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Abstract 

An empirical research study was performed to identify potential relationships be-

tween five student characteristics and online learner readiness (as measured by the 

SmarterMeasureä Learner Readiness Indicator survey instrument) among a population of 

current and prospective online students of a post-secondary degree program in AgRicul-

ture at Auburn University. A population of 720 individuals were invited to participate in 

the study and a total of 223 individuals out of the 729 (30.6%) were included in the final 

voluntary sample for the study. There were 212 valid survey respondents, for a final re-

sponse rate of 29.1%. Five independent variables representing student characteristics of 

gender, age group, whiteness, first generation status and previous experience in online 

courses status were analyzed against five scales of dependent variables representing valid 

online learner readiness constructs. Four steps of statistical analysis were performed in 

order to detect statistically significant relationships, specifically, the effect of the inde-

pendent variables on both the groups of dependent variables as well as each individual 

category (seventeen in all); descriptive statistics, partial correlations, MANOVA and Uni-

variate Analyses of Variance, and Mann Whitney U tests. The mean scores and standard 

deviations for each of the five scales, seventeen subscales, and seven learning styles are 

presented. In addition, statistically significant results from the parametric and non-para-

metric analyses are presented. The summary of findings, implications, and the author’s 

recommendations for research and program administration conclude the work. 
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Chapter 1: Introduction to the Study 

Introduction 

Economic and social factors serve as drivers influencing changes in adult educa-

tion in both formal academic settings as well as workforce and professional settings. The 

global COVID-19 pandemic (World Health Organization, 2020) is perhaps the strongest 

driving force that has pushed higher education and professional teams to function partly or 

fully through web-based interfaces. Online teaching, learning and working has taken the 

stage and is rising to meet urgent needs, thus effecting learners from all sects of life. Other 

social and economic drivers in the world of adult education are also impacting the move to-

wards online teaching and learning include: an aging and increasingly diverse population; 

the rapid pace of technological change; and the constantly shifting demands of the work-

place in this era of a global economy (Ross-Gordon, 2011). The evolving global economy 

has made national competition a major priority and the competitiveness of a nation de-

pends heavily upon its workforce. A couple of social constructs under focus in our modern 

society as we know it today are (self-identified) gender and race, specifically as it relates to 

biases, privilege and social justice in society.  

All of these factors point towards an increase in education and professional devel-

opment programs that are not only accessible, but also equitable. Online learning pro-

grams at post-secondary institutions of higher education offer a solution to the demand 

for training workers to advance professionally across many disciplines. Institutions offer-

ing highly experiential and field-based disciplines, like agriculture, may have been more 
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reluctant in the past to adopt the idea of offering fully online degree programs. However, 

today, with innovations in instructional design and technology, the market is opening up 

and these programs are becoming more commonplace in the online education market-

place. In addition, post-secondary agriculture education, like all other academic areas 

during the COVID-19 pandemic, are now required to develop online learning program-

ming as a strategy for contingency planning.  

For over twenty years, post-secondary agricultural education programs have been 

moving towards the utilization of online delivery of their content. Murphy and Terry pre-

dicted in 1998 that post-secondary agricultural education would likely focus on net-

worked applications and computer-based telecommunication technologies (Murphy & 

Terry, 1998); that day has arrived. Agriculture professionals are seeking online profes-

sional development opportunities in the form of post-secondary degrees through formal 

undergraduate and graduate academic programs. At Auburn University, the College of 

Agriculture has been formally receiving requests for information regarding their online 

course and degree offerings since June of 2015 (Grill & Beasley, 2020). Over a period of 

approximately five years (June 2015 – November 2020), 1,418 unique and valid entries 

were submitted to this single program, signaling a very real demand for online courses 

and degree options in agriculture. 

Williamson and Williams (2017) found that beginning farmers are more likely 

than established farmers to have at least a 4-year college degree (34.3 percent compared 

to 23.5 percent, respectively). The southern United States is home to 47 percent of begin-

ning farms, the largest percentage in the country (Williamson & Williams, 2017). A focus 
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group analysis of the programming needs and preferences of young farmers revealed bar-

riers as distance, time and lack of awareness to attending educational events (N. E. Bailey 

et al., 2014). Although beginning farmers are likely to be younger than established farm-

ers, 35 percent of beginning farmers are over age 55 and nearly 13 percent are 65 or 

older. Not all new farmers are young, however. Although beginning farmers are likely to 

be younger than established farmers, 35 percent of beginning farmers are over age 55 and 

nearly 13 percent are 65 or older. Bailey, Arnold, and Igo (2014) recommend that agri-

cultural educators need to decrease barriers and online learning is one way to do so in or-

der to provide learning opportunities that develop knowledge and competencies among 

farmers.    

The supply of opportunities to earn a formal degree fully online in a diversity of 

disciplines is steadily increasing. In a report from 2010, nearly three quarters of academic 

institutions surveyed reported that the economic downturn increased demand for online 

courses and programs (Allen & Seaman, 2010). Seaman, Allen, and Seaman (2018) also 

reported that growth of distance education has steadily increased since 2012 despite the 

trend towards a decline in overall enrollments. Further, they report that: “each one-year 

period (2012 to 2013, 2013 to 2014, 2014 to 2015, and 2015 to 2016), the largest numeric 

increase in the number of distance students occurred at public institutions, compared to 

private non-profit and for-profit schools and for-profit institutions have seen a decrease in 

total distance education enrollments”. This pattern is noteworthy because it coincides 

with the overall loss of students from for-profit enrollment seen during this same time pe-

riod, leaving a net effect of an increase every year in the overall number of students tak-

ing at least one distance education course. As the online education marketplace expands, 
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post-secondary institutions look for ways to open more opportunities for stepping up to 

the demand as well as ways to develop and improve existing programs.  

Problem Statement 

Parallel with the increase in demand in a range of popular and niche markets in 

online education, is the growing body of science, which is equally diverse. There are a 

number of areas that have been studied in an effort to better understand the great, big 

world of online learning. However, one issue is that smaller, less recognized and lower 

enrollment programs can be overlooked in the larger, more prominent online educational 

research studies. According to the Online Report Card (Online Report Card - Tracking 

Online Education in the United States, 2015, n.d.), the decisions of a relatively small 

number of academic leaders have a strong impact on the distance education world. This is 

so because the top 10% (481) of institutions represent 64.5% of all distance education en-

rollments, a very high degree of concentration. The concern is that the marketing and de-

velopment of programs at the top institutions will impact the majority of distance educa-

tion students. Online degree-granting programs with smaller enrollments and the students 

they serve may not be represented at the big table.  

  In order to combat attrition and low retention rates, many institutions have 

adopted the use of tools that reportedly measure Online Learner Readiness (OLR) of pro-

spective students (see Table 7). Such tools are purported to decrease attrition by helping 

the prospective online learner to self-evaluate on factors associated with readiness to 

learn in a computer/mobile based learning environment. In a study looking at e-learning 

readiness as a predictor of academic achievement, structural equation modeling con-

firmed that e-readiness is a statistically significant predictor of academic achievement in 
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online learning (Torun, 2020). Some OLR measurement instruments have been devel-

oped and validated technically and others only in practice or not at all. For those that 

have achieved some sort of validity, it is widely accepted, both in educational research as 

well as in administrative practice, that these tools may predict readiness and/or satisfac-

tion for online learning. Individuals interested in advancing professionally in agriculture 

through participation in online learning have more opportunities to do so now than in the 

past, but the opportunity alone may not equate to academic success or satisfaction of 

learners. In addition, little examination has been done looking at characteristics of stu-

dents specifically in agriculture programs, as they relate to online learner readiness. 

Joosten and Cusatis (2020) highlight the need for research examining student 

characteristics and their relationship with student outcomes for underrepresented students 

(minority students). Identifying areas of potential privilege based on whiteness, gender, 

age group, prior experience in online learning, and family will remove the assumption 

that there is not an effect of these characteristics on the final outcome of success in online 

learning, whether due to perception or structure. An analysis of the effect of student char-

acteristics on online learner readiness measures (scores) is important to ensure that any 

inherent biases associated with implementing the OLR tools are highlighted and that ar-

eas of need for student and program development can be strategically targeted.  

Purpose of the Study 

Both adult education and online student retention models stress the importance of 

developing online programs based on a student-centered perspective. The purpose of this 

study was to collect and analyze empirical data on student characteristics and their rela-
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tionships to online learner readiness, measured by scores on an OLR instrument. Specifi-

cally, it aimed to identify the effect of non-cognitive student characteristics on online 

learner readiness. Providers, designers and administrators of online degree programs in 

agriculture benefit from understanding prospective and current student characteristics in 

order to develop student services, courses and recruitment efforts that take into account 

not only the traditional cognitive attributes of the learner, but also non-cognitive attrib-

utes like demographics, experience in online courses and family college history (i.e., 

first-generation college students) that may be correlated or have an effect on them. Since 

agriculture degree programs tend to be small in nature compared to the typically high-en-

rollment online courses that get most of the academic research attention, small scale, em-

pirical studies such as this could benefit program development, improvement, and student 

recruiting/retention efforts. The small and specialized nature of agriculture academic pro-

grams may suffer from less focus on the specific needs and characteristics of interest in 

the broad scope of online education research. Moolman and Blignaut (2008) stress that, 

before implementing online learning environments, students’ characteristics should be 

carefully investigated in order to avoid a pedagogic mismatch (Hermanus B. Moolman & 

Seugnet Blignaut, 2008).  

The purpose of this study was to gather empirical data to describe and identify 

student characteristics that may correlate with or effect measures of online learner readi-

ness within a population of online learners who expressed interest in a post-secondary de-

gree program in agriculture. The study population included prospects and current students 

of a fully online degree program at a land grant university in Auburn, Alabama (Auburn 

University). According to adult education as well as online student retention models, it is 
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critical to develop online programs from a student-centered perspective. Post-secondary, 

online degree programs offering online courses for course credit typically serve adult 

populations and it therefore stands to reason that concepts in andragogy like learner-cen-

tered program development and implementation are useful to for advancing agriculture 

professionalism through online degree programs. 

Research Questions 

The study focused on the following research questions:  

1. What are the descriptive statistics for student characteristics and online learner 

readiness?  

2. Is there a statistically significant relationship between gender and online 

learner readiness?  

3. Is there a statistically significant relationship between age group and online 

learner readiness?  

4. Is there a statistically significant relationship between whiteness and online 

learner readiness?  

5. Is there a statistically significant relationship between first generation college 

students and online learner readiness? 

Significance of the Study 

Results of this study can aid in better understanding of online agriculture students 

in order to guide future development of programming. The small and unique nature of the 

agriculture academic community may result in less focus on the specific needs and char-

acteristics of interest in the broader scope of online education research. It is important 

that designers and administrators of online degree programs in agriculture understand 
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prospective and current student characteristics in order to develop student services, 

courses and recruitment efforts that take into account not only the traditional cognitive 

attributes of the learner, but also non-cognitive attributes like demographics, experience 

in online courses and family college history (being a first-generation college student) that 

may be correlated or have an effect on them. Since agriculture degree programs tend to 

be small in nature compared to the typically high-enrollment online courses that get most 

of the academic research attention, empirical studies such as this could benefit program 

development, improvement, and student recruiting/retention efforts, last but not least, fill 

a gap in research for an underserved academic community.  

Joosten and Cusatis (2020) bring attention to the lack of research examining 

underrepresented students in online education and how the attributes and perceptions of 

those students relate to student outcomes. This may be of particular importance because it 

has been reported that these students have significant barriers in enrolling and completing 

online courses (T. Bailey et al., 2010; Joosten & Cusatis, 2020). Hung et al. (2010) write, 

“Since online learning has become highly popular in educational institutions… there has 

been and will continue to be a need for faculty and students to re-examine students’ read-

iness and to redevelop a more comprehensive measure of students’ readiness. By under-

taking this task, teachers can design better online courses and guide students toward suc-

cessful and fruitful online learning experiences.”  

There was a time in the history of online learning where administrators had the 

luxury of accepting that some adult learners just may not be ready for online learning, but 

these days, in light of pandemic-related contingency plans in higher education and the 

workforce, it has become an equity issue. The question is no longer, “Is the student ready 
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for online learning?”. Now, the question is, “What is needed to ensure that all students 

have equal opportunity to achieve and be satisfied in online learning courses and 

programs; and what are the areas most in need of targeting to ensure equity in online 

learning?”. 

The findings of this study contribute to the broad base of online teaching and 

learning research that has been mounting over the past three decades. Although this study 

was small in scale, it contributes by providing one piece of the puzzle that is laying the 

foundations for the future of increased quality in online education across all disciplines 

and sizes of institutions/programs. This study provides a unique lens into the small, niche 

population of prospective and current online agriculture students at a post-secondary in-

stitution. Typically, low enrollment online programs do not have the resources to conduct 

research for program development and improvement and the broader research may not be 

relevant to the population that they serve. This research contributes to an area of need for 

small online degree programs in agriculture.  

Theoretical Background 

In order to explore the problem and research questions at hand, a few theories, 

concepts and frameworks have been examined. The concept of Online Learner Readiness 

is grounded in multiple constructs related to the psychology and social concepts in 

general learning theories (Behaviorism, Cognitivism, and Constructivism) and newer 

learning theories related to learning in web-based environments (Connectivism and 

Collaborativism). The theoretical framework of Andragogy and the concepts of Adult 

Education are also explored as their constructs line up well with online learner readiness 

considering the emphasis on self-directedness, social roles, life experience and other life 
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factors. Lastly, an effort has been made to avoid the destructive ideology of “color-

blindness” in educational research the concept of “whiteness”, privilege other issues 

related to social equity (part of Critical Race Theory). 

Study Limitations 

This study had a set of limitations which will be briefly described here. First, the 

sample size was limited to those willing to participate, as participation in the study was 

completely voluntary and offered to a pool of 727 individuals who expressed interest in 

becoming an online student in a fully online distance education program in agriculture 

between June of 2015 and July of 2017 (N=229, 31.4% response rate, 17.3% completed 

the questionnaire in entirety). The survey response rate in the study was less than ex-

pected for the overall population who filled out the inquiry form about Auburn Agricul-

ture Online. In addition, due to the empirical focus of this project, the findings of the 

sample will not be able to be extrapolated to all online students or even all online agricul-

ture students. However, these limitations do not render the data useless to these other 

populations. The study results can serve online agriculture degree programs in tackling 

specific and potential areas of inequity related to online learner readiness at the points of 

program and course design as well as for recruitment efforts. This investigation was also 

limited by age as all participants were required to be over the legal age of 19 in the state 

of Alabama. This limitation does not affect the overall goals of the study, however, since 

the focus is on adult populations.  

One limitation to the potential study participant’s willingness to participate in the 

study may have been caused by a perception that the questionnaire results and scores may 

have an effect on admission decisions of Auburn Agriculture Online. Efforts to minimize 



26    

this potential limitation were made by ensuring study participants that their participation 

and results in the study would play no role in the admissions process. Of the participants 

who were willing to answer the SMLRIÔ questionnaire, there were limited responses 

from non-white (self-identified as non-Caucasian) and males outnumbered females two to 

one. Although the designers of the SMLRI™ took into consideration the potential effects 

of common method variance due to measurement error, it is possible that issues related to 

self-reporting such as social desirability may have had an impact on the overall results.  

The SMLRIÔ questionnaire is a proprietary survey instrument (owned by 

SmarterServices, LLC) and this placed some limitations on this study due to the availabil-

ity of the item-specific data from the survey results. However, the critical information for 

answering the research questions of this study was provided by the scale and subscale 

level online learner readiness scores. The use of email as the only mode of study partici-

pation may also have presented a limitation on this study. In addition, the invitation to an-

swer the survey questions was administered in Qualtrics which offers limited information 

on email bounce details and other email analytics.  

Assumptions 

The following assumptions were made: 

1. the construct of online learner readiness has been developed and validated suf-

ficiently and is the best way, currently available, way to identify potential 

strengths and weaknesses that may affect online learning outcomes, achieve-

ment, and/or satisfaction. It will present empirical data of a small, specialized 

online program in agriculture. Study participants answered questions accu-

rately and honestly; 
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2. All study participants were adults (age 19 or older in this study); 

3. Study participants understood the vocabulary and terminology used in the 

SMLRI™ questionnaire and were therefore able to complete it; 

4. The sample of study participants are representative of the overall population 

surveyed (adults who expressed interest in becoming or became an online 

learner in an online course or program in agriculture). 

Definition of Terms 

Adult Education - any activity for adults designed to bring about learning. 

Andragogy - a system of program design centrally based on the nature, wishes, and partic-

ipation of the learners, particularly those who are adults (C. O. Houle, 1996); core princi-

ples of adult learning that in turn enable those designing and conducting adult learning to 

build more effective learning processes for adults (M. S. S. Knowles et al., 2012). 

Credit Course - A course that, if successfully completed, can be applied toward the num-

ber of courses required for achieving a postsecondary degree, diploma, certificate, or 

other formal award, irrespective of the activity's unit of measurement (IPEDS Survey Ma-

terial: Instructions, n.d.) . 

Distance Education - Education that uses one or more technologies to deliver instruction 

to students who are separated from the instructor and to support regular and substantive 

interaction between the students and the instructor synchronously or asynchronously. 

Technologies used for instruction may include the following: Internet; one-way and two-

way transmissions through open broadcasts, closed circuit, cable, microwave, broadband 

lines, fiber optics, satellite or wireless communication devices; audio conferencing; and 

video cassette, DVDs, and CD-ROMs, if the cassette, DVDs, and CD-ROMs are used in 
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a course in conjunction with the technologies listed above. (IPEDS Survey Material: In-

structions, n.d.) 

Distance Education Course - A course in which the instructional content is delivered ex-

clusively via distance education.  Requirements for coming to campus for orientation, 

testing, or academic support services do not exclude a course from being classified as dis-

tance education. (IPEDS Survey Material: Instructions, n.d.) 

Distance Education Program - A program for which all the required coursework for pro-

gram completion is able to be completed via distance education courses. (IPEDS Survey 

Material: Instructions, n.d.) 

Online Course – a course in which at least 80% of the course content is delivered online. 

(Online Report Card - Tracking Online Education in the United States, 2015, n.d.) 

Online Learning - teaching and planned learning in which teaching normally occurs in a 

different place than learning, requiring communication through technologies as well as 

special institutional organization. 

Online Learner Readiness - a student’s likelihood to succeed in and/or receive satisfac-

tion from learning in a technology rich environment, typically a fully online or hybrid 

course. 

Self-directed Learning - body of work referring to that learning in which the learner 

chooses to assume the primary responsibility for planning, carrying out, and evaluating 

those learning experiences (S. B. Merriam & Brockett, 2007). 

SmarterMeasureä Online Learner Readiness Indicator (SMLRIÔ) – a survey instrument 

designed to predict a student’s readiness for online learning based on constructs found to 

have increased the likelihood for success in an online course or program. 
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Learning Styles - cognitive, affective, physiological behaviors that serve as relatively sta-

ble indicators of how learners perceive, interact with, and respond to a learning environ-

ment (Keefe, 1985).  The learning styles inventory on the SMLRIÔ is based on the mul-

tiple intelligences model which measures the following seven learning styles: visual, ver-

bal, social, solitary, physical, logical, and aural. There are 21 items on the instrument for 

this section. 

Individual Attributes - The scale of SMLRIÔ which measures individual attributes is an 

original. It represents individual attributes which are significant predictors of success in 

an online learning environment such as motivation, procrastination, time availability, and 

willingness to seek help, self-management, learning skills, organization, health, and com-

mitment. 

Life Factors - The life factors section of SMLRIÔ quantifies variables in five areas: time, 

place, reason, resources, and skills. The Life Factors section asks questions about other 

elements in their life that may impact their ability to continue their education. 

On-Screen Reading Rate and Recall - The on-screen reading rate and recall section of 

SMLRIÔ consists of passages which are selected by the institution based on the appro-

priate Flesch-Kincaid Grade Level (Flesch, 2007) for the participants. The on-screen 

reading rate and recall assessment contains eleven items which are each measured by a 

multiple-choice item containing three choices. 

Technical Competency - The technical competency section of SMLRIÔ measures the de-

gree to which the participant possesses basic instructional technology skills through ten 

technology related tasks. The tasks are identifying a properly formatted email address, 
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following a link on a web page, opening a file, identifying an appropriate software appli-

cation for a specific task, downloading and listening to an audio file, working within a 

file structure, identifying an email attachment, saving a file, printing a file, and using a 

search engine. 

Technical Knowledge - The technical knowledge section of SMLRIÔ measures the de-

gree to which the participant possesses knowledge of items related to instructional tech-

nology and includes seven technology usage items which measure the degree to which 

the participant uses specified instructional technologies. 

Place to Study – The degree to which the student has availability of an appropriate place 

that is conducive to study. 

Reason for Education – The degree to which the student has a strong reason for continu-

ing their education. 

Support Resources – The degree to which the student has access to support resources 

from family, friends, and employers. 

Perception of Academic Skills – The degree to which the student has a strong perception 

of their own academic/study skills. 

Time to Study – The degree to which the student has ample time to engage in study and 

academic tasks.   

Academic Attributes - Measures a person’s level of prior academic success, comfort and 

skill levels with reading and writing, and specific motivations for engaging in higher edu-

cation. 

Help Seeking – Measures the degree to which the student is willing to ask for help when 

needed.   
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Locus of Control – Measures the degree to which the student feels that they are in control 

over their own academic success based on the degree of effort they exhibit.   

Persistence – Measures a person’s tendencies toward task completion and deadline utili-

zation as well as past completion of academic goals and their level of confidence that 

they will continue to completion of their current academic goals.   

Control Over Procrastination –Measures a person’s habits regarding delaying working, 

continuing working, and completing academic assignments in a timely manner.  

Time Management – Measures the student’s habits toward managing the time that they 

have available to work on academic tasks.   

Visual – Learners who think in terms of physical space, as do architects and sailors. They 

are very aware of their environments. They like to draw, do jigsaw puzzles, read maps, 

daydream. They can be taught through drawings, verbal and physical imagery. Beneficial 

tools include models, graphics, charts, photographs, drawings, 3-D modeling, video, vid-

eoconferencing, television, multimedia, and texts with pictures/charts/graphs. 

Physical – Learners who use the body effectively, like a dancer or a surgeon. They pos-

sess a keen sense of body awareness. They like movement, making things, touching. 

They communicate well through body language and can be taught through physical activ-

ity, hands-on learning, acting out, role playing. Beneficial tools include equipment and 

real objects. 

Aural – Learners who show sensitivity to rhythm and sound. They love music, but they 

are also sensitive to sounds in their environments. They may study better with music in 

the background. They can be taught by turning lessons into lyrics, speaking rhythmically, 
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tapping out time. Beneficial tools include musical instruments, music, radio, stereo, CD-

ROM, and multimedia. 

Social – Learners who appreciate understanding and interacting with others. These stu-

dents learn through interaction. They have many friends, empathy for others, street 

smarts. They can be taught through group activities, seminars, dialogues. Beneficial tools 

include the telephone, audio conferencing, time and attention from the instructor, video 

conferencing, writing, computer conferencing, and E-mail. 

Solitary – Learners who appreciate understanding one's own interests, goals. These learn-

ers tend to shy away from others. They're in tune with their inner feelings; they have wis-

dom, intuition and motivation, as well as a strong will, confidence and opinions. They 

can be taught through independent study and introspection. Beneficial tools include 

books, creative materials, diaries, privacy and time. They are the most independent of the 

learners. 

Verbal – Learners who appreciate using words effectively. These learners have highly de-

veloped auditory skills and often think in words. They like reading, playing word games, 

making up poetry or stories. They can be taught by encouraging them to say and see 

words, read books together. Tools include computers, games, multimedia, books, tape re-

corders, and lecture. 

Logical – Learners who prefer reasoning and calculating. They think conceptually, ab-

stractly and are able to see and explore patterns and relationships. They like to experi-

ment, solve puzzles, ask cosmic questions. They can be taught through logic games, in-

vestigations, mysteries. They need to learn and form concepts before they can deal with 

details. 
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Reading Rate – The number of words per minute at which a learner can read unfamiliar 

academic content when reading for comprehension. 

Reading Recall – The degree to which a learner can recall information based on five cate-

gories of comprehension: sequencing, factual information, inferential information, cloze 

process and the main idea of the passage. 

Technology Usage – The degree to which a learner possesses the knowledge and skills 

necessary to utilize common instructional technology. 

Technology in Your Life – The degree to which an individual integrates technology into 

common life tasks.  The more comfortable a person is with using technology for non-aca-

demic tasks (shopping, social media, entertainment) the more comfortable they are likely 

to be using technology for academic tasks. 

Technology Vocabulary – The degree to which a learner comprehends the definitions and 

usage of common technical terms used in education. 

Personal Computer / Internet Specifications – Information about the devices which the 

learner will be using to complete academic tasks.   

Computer Competency – The degree to which a learner possesses basic computing skills. 

Internet Competency – The degree to which a learner possesses basic skills for utilizing 

online learning resources.  

Race - Categories developed in 1997 by the Office of Management and Budget (OMB) 

that are used to describe groups to which individuals belong, identify with, or belong in 

the eyes of the community. The categories do not denote scientific definitions of anthro-

pological origins. The designations are used to categorize U.S. citizens, resident aliens, 
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and other eligible non-citizens. Individuals are asked to first designate ethnicity as His-

panic or Latino or Not Hispanic or Latino. Second, individuals are asked to indicate all 

races that apply among the following: American Indian or Alaska Native, Asian, Black or 

African American, Native Hawaiian or Other Pacific Islander, or White. 

White – A person having self-identified as Caucasian (typically with origins in any of the 

original peoples of Europe, the Middle East, or North Africa). 

Not White – The category used to report online learners who did not self-identify as pri-

marily White or Caucasian. 

Whiteness (in terms of the social construct of race) – term used as a shorthand (in Critical 

Race Theory) for the privileges and power that people who appear white receive because 

they are not subjected to the racism faced by people of color and Indigenous people 

(Whiteness, 2021). 

Hispanic/Latino Origin – describes a person who self-identifies as Cuban, Mexican, 

Puerto Rican, south or Central American or other Spanish Culture or origin regardless of 

race. Hispanic origin can be viewed as the heritage, nationality group, lineage, or country 

of birth of the person or the person’s parents or ancestors before their arrival in the 

United States. People who identify their origin as Hispanic, Latino, or Spanish may be 

any race. (Overview of Race and Hispanic Origin, 2011) 

Advantage – a factor or circumstance of benefit to its possessor. (“Advantage,” 2021) 
 

Organization of the Study 

 This study will be presented in the following chapters and organized in the tradi-

tional style of the department of Educational, Foundations, Leadership and Technology in 

the College of Education at Auburn University. The current chapter, Chapter 1, presented 



35    

an introduction, theoretical background, a review of the problem and purpose of the 

study, the research questions explored, defined assumptions and limitations and offered 

definition of terms. The following chapter, Chapter 2, will present the literature review, 

further discuss theories, concepts and frameworks and investigate online learner readi-

ness throughout its brief history. Chapter 3 will describe the methods used to answer the 

research questions including the survey instrument, study population and sample. Chapter 

4 will present the results which will be further discussed in the conclusion in Chapter 5, 

along with implications and recommendations for future research and practical admin-

istration. 
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Chapter 2: Literature Review 

Overview 

Economic and social factors serve as drivers influencing changes in adult educa-

tion in both formal academic settings as well as workforce and professional settings. The 

global COVID-19 pandemic (World Health Organization, 2020) is perhaps the strongest 

driving force that has pushed higher education and professional teams to function partly or 

fully through web-based interfaces. Online teaching, learning and working has taken the 

stage and is rising to meet urgent needs, thus effecting learners from all sects of life. Other 

social and economic drivers in the world of adult education are also impacting the move to-

wards online teaching and learning include: an aging and increasingly diverse population; 

the rapid pace of technological change; and the constantly shifting demands of the work-

place in this era of a global economy (Ross-Gordon, 2011). The evolving global economy 

has made national competition a major priority and the competitiveness of a nation de-

pends heavily upon its workforce. A couple of social constructs under focus in our modern 

society as we know it today are (self-identified) gender and race, specifically as it relates to 

biases, privilege and social justice in society.  

All of these factors point towards an increase in education and professional devel-

opment programs that are not only accessible, but also equitable. Online learning pro-

grams at post-secondary institutions of higher education offer a solution to the demand 

for training workers to advance professionally across many disciplines. Institutions offer-

ing highly experiential and field-based disciplines, like agriculture, may have been more 



 37 

reluctant in the past to adopt the idea of offering fully online degree programs. However, 

today, with innovations in instructional design and technology, the market is opening up 

and these programs are becoming more commonplace in the online education market-

place. In addition, post-secondary agriculture education, like all other academic areas 

during the COVID-19 pandemic, are now required to develop online learning program-

ming as a strategy for contingency planning.  

For over twenty years, post-secondary agricultural education programs have been 

moving towards the utilization of online delivery of their content. Murphy and Terry pre-

dicted in 1998 that post-secondary agricultural education would likely focus on net-

worked applications and computer-based telecommunication technologies (Murphy & 

Terry, 1998); that day has arrived. Agriculture professionals are seeking online profes-

sional development opportunities in the form of post-secondary degrees through formal 

undergraduate and graduate academic programs. At Auburn University, the College of 

Agriculture has been formally receiving requests for information regarding their online 

course and degree offerings since June of 2015 (Grill & Beasley, 2020). Over a period of 

approximately five years (June 2015 – November 2020), 1,418 unique and valid entries 

were submitted to this single program, signaling a very real demand for online courses 

and degree options in agriculture. 

Williamson and Williams (2017) found that beginning farmers are more likely 

than established farmers to have at least a 4-year college degree (34.3 percent compared 

to 23.5 percent, respectively). The southern United States is home to 47 percent of begin-

ning farms, the largest percentage in the country (Williamson & Williams, 2017). A focus 
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group analysis of the programming needs and preferences of young farmers revealed bar-

riers as distance, time and lack of awareness to attending educational events (N. E. Bailey 

et al., 2014). Although beginning farmers are likely to be younger than established farm-

ers, 35 percent of beginning farmers are over age 55 and nearly 13 percent are 65 or 

older. Not all new farmers are young, however. Although beginning farmers are likely to 

be younger than established farmers, 35 percent of beginning farmers are over age 55 and 

nearly 13 percent are 65 or older. Bailey, Arnold, and Igo (2014) recommend that agri-

cultural educators need to decrease barriers and online learning is one way to do so in or-

der to provide learning opportunities that develop knowledge and competencies among 

farmers.    

The supply of opportunities to earn a formal degree fully online in a diversity of 

disciplines is steadily increasing. In a report from 2010, nearly three quarters of academic 

institutions surveyed reported that the economic downturn increased demand for online 

courses and programs (Allen & Seaman, 2010). Seaman, Allen, and Seaman (2018) also 

reported that growth of distance education has steadily increased since 2012 despite the 

trend towards a decline in overall enrollments. Further, they report that: “each one-year 

period (2012 to 2013, 2013 to 2014, 2014 to 2015, and 2015 to 2016), the largest numeric 

increase in the number of distance students occurred at public institutions, compared to 

private non-profit and for-profit schools and for-profit institutions have seen a decrease in 

total distance education enrollments”. This pattern is noteworthy because it coincides 

with the overall loss of students from for-profit enrollment seen during this same time pe-

riod, leaving a net effect of an increase every year in the overall number of students tak-

ing at least one distance education course. As the online education marketplace expands, 
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post-secondary institutions look for ways to open more opportunities for stepping up to 

the demand as well as ways to develop and improve existing programs.  

Problem Statement 

Parallel with the increase in demand in a range of popular and niche markets in 

online education, is the growing body of science, which is equally diverse. There are a 

number of areas that have been studied in an effort to better understand the great, big 

world of online learning. However, one issue is that smaller, less recognized and lower 

enrollment programs can be overlooked in the larger, more prominent online educational 

research studies. According to the Online Report Card (Online Report Card - Tracking 

Online Education in the United States, 2015, n.d.), the decisions of a relatively small 

number of academic leaders have a strong impact on the distance education world. This is 

so because the top 10% (481) of institutions represent 64.5% of all distance education en-

rollments, a very high degree of concentration. The concern is that the marketing and de-

velopment of programs at the top institutions will impact the majority of distance educa-

tion students. Online degree-granting programs with smaller enrollments and the students 

they serve may not be represented at the big table.  

  In order to combat attrition and low retention rates, many institutions have 

adopted the use of tools that reportedly measure Online Learner Readiness (OLR) of pro-

spective students (see Table 7). Such tools are purported to decrease attrition by helping 

the prospective online learner to self-evaluate on factors associated with readiness to 

learn in a computer/mobile based learning environment. In a study looking at e-learning 

readiness as a predictor of academic achievement, structural equation modeling con-

firmed that e-readiness is a statistically significant predictor of academic achievement in 
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online learning (Torun, 2020). Some OLR measurement instruments have been devel-

oped and validated technically and others only in practice or not at all. For those that 

have achieved some sort of validity, it is widely accepted, both in educational research as 

well as in administrative practice, that these tools may predict readiness and/or satisfac-

tion for online learning. Individuals interested in advancing professionally in agriculture 

through participation in online learning have more opportunities to do so now than in the 

past, but the opportunity alone may not equate to academic success or satisfaction of 

learners. In addition, little examination has been done looking at characteristics of stu-

dents specifically in agriculture programs, as they relate to online learner readiness. 

Joosten and Cusatis (2020) highlight the need for research examining student 

characteristics and their relationship with student outcomes for underrepresented students 

(minority students). Identifying areas of potential privilege based on whiteness, gender, 

age group, prior experience in online learning, and family will remove the assumption 

that there is not an effect of these characteristics on the final outcome of success in online 

learning, whether due to perception or structure. An analysis of the effect of student char-

acteristics on online learner readiness measures (scores) is important to ensure that any 

inherent biases associated with implementing the OLR tools are highlighted and that ar-

eas of need for student and program development can be strategically targeted.  

Purpose of the Study 

Both adult education and online student retention models stress the importance of 

developing online programs based on a student-centered perspective. The purpose of this 

study was to collect and analyze empirical data on student characteristics and their rela-
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tionships to online learner readiness, measured by scores on an OLR instrument. Specifi-

cally, it aimed to identify the effect of non-cognitive student characteristics on online 

learner readiness. Providers, designers and administrators of online degree programs in 

agriculture benefit from understanding prospective and current student characteristics in 

order to develop student services, courses and recruitment efforts that take into account 

not only the traditional cognitive attributes of the learner, but also non-cognitive attrib-

utes like demographics, experience in online courses and family college history (i.e., 

first-generation college students) that may be correlated or have an effect on them. Since 

agriculture degree programs tend to be small in nature compared to the typically high-en-

rollment online courses that get most of the academic research attention, small scale, em-

pirical studies such as this could benefit program development, improvement, and student 

recruiting/retention efforts. The small and specialized nature of agriculture academic pro-

grams may suffer from less focus on the specific needs and characteristics of interest in 

the broad scope of online education research. Moolman and Blignaut (2008) stress that, 

before implementing online learning environments, students’ characteristics should be 

carefully investigated in order to avoid a pedagogic mismatch (Hermanus B. Moolman & 

Seugnet Blignaut, 2008).  

The purpose of this study was to gather empirical data to describe and identify 

student characteristics that may correlate with or effect measures of online learner readi-

ness within a population of online learners who expressed interest in a post-secondary de-

gree program in agriculture. The study population included prospects and current students 

of a fully online degree program at a land grant university in Auburn, Alabama (Auburn 

University). According to adult education as well as online student retention models, it is 
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critical to develop online programs from a student-centered perspective. Post-secondary, 

online degree programs offering online courses for course credit typically serve adult 

populations and it therefore stands to reason that concepts in andragogy like learner-cen-

tered program development and implementation are useful to for advancing agriculture 

professionalism through online degree programs. 

Research Questions 

The study focused on the following research questions:  

1. What are the descriptive statistics for student characteristics and online learner 

readiness?  

2. Is there a statistically significant relationship between gender and online 

learner readiness?  

3. Is there a statistically significant relationship between age group and online 

learner readiness?  

4. Is there a statistically significant relationship between whiteness and online 

learner readiness?  

5. Is there a statistically significant relationship between first generation college 

students and online learner readiness? 

Significance of the Study 

Results of this study can aid in better understanding of online agriculture students 

in order to guide future development of programming. The small and unique nature of the 

agriculture academic community may result in less focus on the specific needs and char-

acteristics of interest in the broader scope of online education research. It is important 

that designers and administrators of online degree programs in agriculture understand 
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prospective and current student characteristics in order to develop student services, 

courses and recruitment efforts that take into account not only the traditional cognitive 

attributes of the learner, but also non-cognitive attributes like demographics, experience 

in online courses and family college history (being a first-generation college student) that 

may be correlated or have an effect on them. Since agriculture degree programs tend to 

be small in nature compared to the typically high-enrollment online courses that get most 

of the academic research attention, empirical studies such as this could benefit program 

development, improvement, and student recruiting/retention efforts, last but not least, fill 

a gap in research for an underserved academic community.  

Joosten and Cusatis (2020) bring attention to the lack of research examining 

underrepresented students in online education and how the attributes and perceptions of 

those students relate to student outcomes. This may be of particular importance because it 

has been reported that these students have significant barriers in enrolling and completing 

online courses (T. Bailey et al., 2010; Joosten & Cusatis, 2020). Hung et al. (2010) write, 

“Since online learning has become highly popular in educational institutions… there has 

been and will continue to be a need for faculty and students to re-examine students’ read-

iness and to redevelop a more comprehensive measure of students’ readiness. By under-

taking this task, teachers can design better online courses and guide students toward suc-

cessful and fruitful online learning experiences.”  

There was a time in the history of online learning where administrators had the 

luxury of accepting that some adult learners just may not be ready for online learning, but 

these days, in light of pandemic-related contingency plans in higher education and the 

workforce, it has become an equity issue. The question is no longer, “Is the student ready 
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for online learning?”. Now, the question is, “What is needed to ensure that all students 

have equal opportunity to achieve and be satisfied in online learning courses and 

programs; and what are the areas most in need of targeting to ensure equity in online 

learning?”. 

The findings of this study contribute to the broad base of online teaching and 

learning research that has been mounting over the past three decades. Although this study 

was small in scale, it contributes by providing one piece of the puzzle that is laying the 

foundations for the future of increased quality in online education across all disciplines 

and sizes of institutions/programs. This study provides a unique lens into the small, niche 

population of prospective and current online agriculture students at a post-secondary in-

stitution. Typically, low enrollment online programs do not have the resources to conduct 

research for program development and improvement and the broader research may not be 

relevant to the population that they serve. This research contributes to an area of need for 

small online degree programs in agriculture.  

Theoretical Framework 

In order to explore the problem and research questions at hand, a few theories, 

concepts and frameworks have been examined. The concept of Online Learner Readiness 

is grounded in multiple constructs related to the psychology and social concepts in 

general learning theories (Behaviorism, Cognitivism, and Constructivism) and newer 

learning theories related to learning in web-based environments (Connectivism and 

Collaborativism). The theoretical framework of Andragogy and the concepts of Adult 

Education are also explored as their constructs line up well with online learner readiness 

considering the emphasis on self-directedness, social roles, life experience and other life 
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factors. Lastly, an effort has been made to avoid the destructive ideology of “color-

blindness” in educational research by including the concept of “whiteness”, privilege, and 

other issues related to social equity (as discussed in Critical Race Theory). 

Learning Theory, Concepts, and Frameworks 

Behaviorism, cognitivism, and constructivism are the three broad learning theo-

ries most often utilized in the creation of instructional environments (Siemens, 2014). 

Learning theories in general are all derived from psychology and continue to evolve par-

ticularly with the focus of learning environment (a broad example that applies to this 

study is face to face versus a computer-based learning environment). Andragogy has been 

described as a set of guidelines, a philosophy, a set of assumptions, and a theory, dealing 

specifically with the art and science of teaching adults – it is utilized in this study as the 

concepts offer a useful framework that aligns well with online learner readiness including 

the concepts of self-directed learning, learning orientations and styles and the integration 

of other aspects of the learner’s life including experience and other life factors. In addi-

tion, two theories that have emerged as a result of computer-based learning environments 

- Connectivism and Collaborativism – are discussed. An effort has been made to 

acknowledge the importance of social equity in educational research by integrating a gen-

eral integration of critical race theory (including the concept of white identity). The au-

thor aims to directly counteract the commonplace ideology of “color-blindness” in the ac-

ademic institution. 

Behaviorism 

Behaviorism holds that learning is an outcome of an observable, measurable, and 

controllable objectives set by an instructor who wishes to elicit a response to a given 
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stimuli (Leonard, 2002, p. 16). Harasim (2017, Kindle Locations 435-437) stated that be-

haviorism provides a theory of learning that is empirical, observable and measurable be-

cause the focus is on how people behave and how to change those behaviors; in other 

words, the focus is on the observable. 

Cognitivism 

Cognitivism was the next step in learning theory evolution. Winch (2002, p.38) 

writes that “modern cognitivism holds that individual brains, acting as solitary units from 

birth, possessed of representational structures and transformation rules, and receiving ‘in-

put’ from the exterior, can account for the way in which we learn”. It is recognized that 

the computer impacted cognitive theory as evidenced by phrases like “mind as computer 

and “human information processing” came into use; these metaphors soon became promi-

nent in research in cognitivism and educational practice (Harasim, 2017, Kindle Loca-

tions 1348-1351).  

Constructivism 

The Constructivist theory of learning explains that people are active creators of 

their own knowledge and use new experiences and information to reconcile previously 

held ideas: in other words, people learn by “constructing their own understanding and 

knowledge of the world through experience and reflecting upon that experience” (Hara-

sim, 2017, Kindle Locations 485-488). According to Amineh and Asl (2015), construc-

tivism is a synthesis of multiple theories diffused in to one form; it is the assimilation of 

both behaviorist and cognitive ideals.  

Connectivism 



 47 

Connectivism was postulated in 2005 (Siemens, 2005). Siemens claimed that the 

learning theories of behaviorism, cognitivism, and constructivism were limited in light of 

the introduction of online learning. The main principles of connectivism according to this 

author are: “learning and knowledge rests in diversity of opinions; learning is a process of 

connecting specialized nodes or information sources; learning may reside in non-human 

appliances; capacity to know more is more critical than what is currently known; nurtur-

ing and maintaining connections is needed to facilitate continual learning; the ability to 

see connections between fields, ideas, and concepts is a core skill; currency (accurate, up-

to-date knowledge) is the intent of all connectivist learning activities; and decision-mak-

ing is itself a learning process – choosing what to learn and the meaning of incoming in-

formation is seen through the lens of a shifting reality – while there is a right answer now, 

it may be wrong tomorrow due to alterations in the information climate affecting the de-

cision” (Siemens, 2005).  

Harasim (2017, Kindle Locations 2279-2280) argues that the founders of connec-

tivism misinterpret the historical role of learning and technology and fail to empirically 

demonstrate and define connectivism in practice. In a study by Clarà and Barberà (2014), 

authors identified three issues with Connectivism: 1) the lack of a solution to the learning 

paradox, 2) the under conceptualization of interaction and 3) the inability to explain con-

cept development. They propose that these perceived deficiencies in question could ex-

plain certain learning problems experienced by participants in MOOCs (Clarà & Barberà, 

2014). 

Collaborativism 
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Collaborativism is based on three key learning processes or stages that lead from 

divergent thinking to intellectual convergence: Idea Generating, Idea Organizing and In-

tellectual Convergence (Harasim, 2017). Harasim (2017), writes that “Collaborativism: 

1. focuses on approaches and techniques that use the internet to facilitate col-

laborative learning and knowledge building as a means to reshape formal, 

non-formal and informal education for the Knowledge Age, and to do so 

in a manner that demonstrably enhances human learning;  

2. It recognizes and accommodates 21st-century Knowledge Age require-

ments and provides a theoretical framework to guide the necessary trans-

formations in instructional design; 

3. emphasizes the augmentation of human agency and knowledge, rather 

than its reduction or replacement by artificial intelligence; 

4. environments are characterized by discourse with the following five attrib-

utes: place-independent discourse; time-independent (as well as synchro-

nous) discourse; many-to-many discourse (as well as one-to-many and 

one-to-one communication); text-based (with multimedia) discourse; inter-

net-mediated discourse.” 

According to Harasim (2017, Kindle Locations 3661-3663), “we need theories 

and pedagogies such as collaborativism to offset the drive towards the automation of edu-

cation, and to instead support effective and powerful learning and knowledge-building 

capabilities in which technology enhances and amplifies but does not replace human cre-

ativity, autonomy, and control”. 
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Andragogy and Adult Education Frameworks 

Alexander Knapp first used the term Andragogy in 1833 and it was popularized in 

the United States by Malcolm Knowles. Knowles et al.  explain that, “in the United 

States, andragogy is best identified as one perspective or theory on how adults learn, how-

ever it is not synonymous with the field of adult learning or adult education”. Andragogy 

has been described as a set of guidelines, a philosophy, a set of assumptions, and a theory. 

Malcolm Knowles’ concept of andragogy is based on four assumptions about the 

learner’s need to know (Cross, 1981), discussed further ahead.  

According to Houle (1996), andragogy is a system of program design centrally 

based on the nature, wishes, and participation of the learners, particularly those who are 

adults. Knowles et al. (2012) write that “andragogy presents core principles of adult 

learning that in turn enable those designing and conducting adult learning to build more 

effective learning processes for adults’. They claim that the following adult learning prin-

ciples apply to all adult learning situation: the learner’s need to know, self-concept of the 

learner, prior experience of the learner, readiness to learn, orientation to learning, and mo-

tivation to learn situations (M. S. S. Knowles et al., 2012). Knowles (1984) also outlined 

andragogic process design elements that influence the learning experience for adults: they 

are preparing the learners, climate setting, mutual planning, diagnosis of learning needs, 

formulation of learning objectives, learning plan design, and evaluation. Holton, Wilson, 

and Bates (2009) claim that the design and execution of adult education has been chal-

lenged by andragogy.  

In 1972, Malcolm Knowles wrote that andragogy and pedagogy were two points 

on a continuum instead of two dichotomous systems (Henry, 2009). That is to say, that 
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pedagogy and andragogy are not opposites of each other. On the contrary, they are 

merely different sets of concepts, theories, and principles. The same individual may bene-

fit from both models for different subjects and learning purposes, regardless of their age. 

Pedagogy can be viewed as a practice of teaching that involves the creative and the scien-

tific where andragogy is more like a set of guidelines for adult educators aiming to design 

adult instruction.  

Adult Education 

Merriam and Brockett recommend a broad-based perspective of adult education: 

“it is virtually any activity for adults designed to bring about learning”. According to An 

International Dictionary of Adult and Continuing Education (Jarvis, 2012), the term Adult 

Education was first used in Thomas Pole’s History and Origins and Progress of Adult 

Schools (Pole, 1969). In the U.K., it refers more to liberal education for adults and in the 

U.S., it has a broader connotation which includes vocational education among other things 

(Jarvis, 2012). Adult Education is both culturally and historically relative; contemporary 

programs like industry training and open universities overlap traditional views of only for-

mal, non-formal, and informal education. Brookfield (1995) stated that despite the fact that 

learning often occurs in an adult educational program, it isn’t a given that it is a result of the 

program. He also observed that many writers address adult learning systems when they are 

actually referring to adult educational programs. Issues related to whether or not to profes-

sionalize the field of Adult Education have skewed contributions to the field and there re-

mains a lack of clear definitions. 

Economic and social drivers influence the discipline of adult education across dis-

ciplines. Examples include an aging and increasingly diverse population; the rapid pace of 
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technological change; and the constantly shifting demands of the workplace in this era of 

a global economy (Ross-Gordon, 2011).The rapidly evolving global economy has made 

international competition a major priority. Innovation is of critical importance and a 

trained and advanced workforce in the United States is required to keep up. This requires 

investment in Adult Education programs. Worth and Stephens (2011) suggest that efforts 

must be made to attract displaced and underemployed adult workers in order to transform 

them into returning adult learners.  

As for the aging population, Rao (2004) wrote that adult education can play an im-

portant role in helping older people to remain independent, to keep up with societal 

changes, and to make their lives more fulfilling. This author called for demarginalization 

of older generations, and a direction of efforts away from supporting an image of older 

adults as ‘different’, rather than seeing them as a part of society (Rao, 2004 p.252). In ad-

dition, there are more and more immigrants entering into the United States. Kong (2010) 

proposes that “a citizenship course at a school or community site can provide the motiva-

tion to learn about U.S. civics, and about American history, including the struggles of Af-

rican Americans, the right to vote and be counted, labor history and civil rights, and con-

stitutional rights in the United States”. He suggests that community-based organizations 

such as nonprofits, churches, community associations, and citizenship programs are at the 

forefront in encouraging involvement and education among immigrants. As the field of 

adult education advances, there will likely be more opportunities to serve previously un-

derserved populations such as disadvantaged adults. Morgan and Moni (2008) recom-

mend that by “adapting existing texts, or creating original texts, teachers can ensure that 

the literacy needs and interests of adolescents and adults with intellectual disabilities are 
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being met, thus overcoming the limitations of literacy resources for this group”. The rapid 

rate of technology advancement also has an effect on the practice of adult education. 

Ginsburg (1998) rightfully predicted that approaches to integrating technology into adult 

education would have an impact on the dynamics of many classes, the role of the learner, 

and the role of the teacher.  

Cyril O. Houle was Professor of Education at the University of Chicago, Senior 

Program Consultant with the Kellogg Foundation, and author of a number of books on 

adult education, adult learning, and professional education (C. O. Houle, 1996; Cyril Or-

vin Houle, 1961; Jarvis & Wilson, 2002). His most influential book was The Inquiring 

Mind (Cyril Orvin Houle, 1961). In this book, he described three types of learning orien-

tations: activity, goal, and learning orientation. Houle was influenced by the ideals of pro-

gressivism and was a major contributor to the concept of self-directed learning, along 

with Tough and Knowles who followed him (Merriam & Brockett, 2007, p. 16). By iden-

tifying three learning orientations, he pioneered the idea that the motives underlying adult 

learning vary considerably. He also identified a code of ethics as an essential element of 

the professionalizing process. 

Malcom Knowles was the former Director of the Association of Adult Education 

of the United States of America and professor of adult education. Jarvis and Wilson 

(2002) describe him as one of the best-known humanistic adult educators in the United 

States. He is author of the first major history of adult education in the United States as 

well as many other books. Knowles made five assumptions about the characteristics of 

adult learners (M. S. Knowles, 1984; Sharan B Merriam, 2001).  
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1. Adults move from a dependent personality to an increasingly self-directed human 

being; 

2. As adults mature, they accumulate a growing body of experience that serves as an 

increasingly important resource and foundation on which to base new learning; 

3. As adults age, motivation for learning is increasingly focused on life tasks, issues, 

and challenges; 

4. As a person ages, focus changes from postponed application of knowledge to cur-

rent application; and 

5. Adult learning is problem centered rather than content centered. 

 

Allen Tough wrote the seminal work, The Adult’s Learning Projects in 1979 and 

was a “pioneering scholar in adult learning and self-directed learning was instrumental in 

catalyzing the movement from research focused primarily on who participates in orga-

nized adult education to one which embraces the entire range of intentional adult learn-

ing” (S. B. Merriam & Brockett, 2007). Tough continued Houle’s research at the Ontario 

Institute for Studies in Education (Lenz, 1982, p.16). Allen Tough was concerned not 

only with what and why adults learn, but how they learn and what help they obtain for 

learning (M. S. S. Knowles et al., 2012). He found that his study subjects organized their 

learning efforts around projects, defined as a series of related episodes, adding up to at 

least seven hours. (Knowles et al., 2012, #1098). He concluded that adult learners pro-

ceed through several phases in the process of engaging in a learning project and specu-

lated that helping them gain increased competence in dealing with each phase might be 

one of the most effective ways of improving their learning effectiveness: 1) deciding to 
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begin, 2) choosing the planner, and 3) engage in the learning planned.  It is critical that 

resources are diverse, accessible, and they are able to make use of them (#1122) 

(Knowles, Holton et al. 2011).   

Havighurst highlighted the importance of social roles on the developmental pro-

gress of adults (Manning, 2002) and identified a total of 16 distinct social roles in a series 

of studies. According to a revisit to the topic of his ‘social roles’ idea (James et al., 2006), 

it was found that Havighurst’s findings and the evolution of his research are relevant to 

adult development and adult education. He proposed that all individuals from infancy to 

old age progress through a series of developmental stages, each comprising a series of de-

velopmental tasks [a task which arises at or about a certain time in the life of an individ-

ual – success leads to happiness, failure to unhappiness.  James et al. (2006) extended his 

research to include socioeconomic status, age, and gender. 

Paulo Freire was leader of a Brazilian adult literacy movement in the 1950’s. He 

pioneered new approaches to literacy and stimulated thought in the philosophy and soci-

ology of adult education.  He introduced the term ‘talking book’ to refer to a book con-

taining a record of a dialogue (Jarvis & Wilson, 2002). Freire developed the idea of con-

scientization to describe the process whereby people come to understand that the way 

they view the world, and their place in it, has been shaped by social forces in their life 

space which may or may not be in their own best interests (M. C. Smith & DeFrates-

Densch, 2008). Cultural action is an aspect of radical adult education following the ideas 

and methods of Freire, in which oppressed people are helped to understand their own po-

sition in the socio-political world through a dialogic process of teaching and learning; this 

process then allows them to take social or political action to improve their social situation 
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(Jarvis, 2012). Lack of education is a form of oppression, and learning ‘sets free’ or em-

powers the learner.  

Merriam and Brockett (2007) highlight the fact that middle class white males lead 

Adult Education as a field of study. There is a lack of women, African Americans, Native 

Americans, Hispanics, people with disabilities, gays and lesbians, older adults, and work-

ing class adults (Merriam & Brockett, 2007, p.241).  It also excludes those who are ac-

tively practicing adult education as health educators, librarians, prison educators, reli-

gious educators, community developers, distance educators, etc. (Merriam & Brockett, 

2007, p.246). They say that the defining of adult education as a profession has not been 

broad enough to include these adult educators and that there is no single, unified vision of 

adult education.   

One of Knowles assumptions underlying andragogy is that an adult’s readiness to 

learn is closely tied to the developmental tasks and social roles of adult life (Clark & Caf-

farella, 2011). A construct referring to a pattern of behaviors and attitudes related to a 

specific function or position as defined and expected by society; they are societal conven-

tions to which adults are expected to conform (James et al., 2006). Robert J. Havighurst 

and his research associates identified a total of 16 distinct social roles. Social roles identi-

fied in that study can serve as a framework for developing curriculum, improving faculty 

and student services, and enhancing the community college institution. Understanding not 

only where the adult learner is coming from, but also what they are currently involved in 

is an important characteristic to consider in adult learning because readiness to learn is 

oriented to the developmental tasks of a learner’s social role. 

Self-Directedness 
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Merriam and Brockett (2011) describe self-directed learning as the “body of work 

referring to that learning in which the learner chooses to assume the primary responsibil-

ity for planning, carrying out, and evaluating those learning experiences.” The emphasis 

in adult education on self-directed learning is traced back to Allen Tough in the 1960s 

and 70s. Since then, there have been many important developments in adult education re-

lated to this topic. In self-directed learning, the instructor designs and manages the learn-

ing process and provides a diversity of content resources. They release control to the 

learner as self-directed learning is client centered. As a result, the educator becomes a 

learner; there is active participation and mutual responsibility.  

Self-directed learning is a contrast to traditional cognitive learning where the in-

structor decides what is learned, how it is learned, when it should be learned, and whether 

or not learning has taken place. Allen Tough looked at the frequency and nature of self-

planned learning activities among a sample of sixty-six adults and found that over two 

thirds of all learning activities were planned, implemented, and evaluated primarily by the 

learners themselves (S. B. Merriam & Brockett, 2007). According to Allen Tough, a 

learning project takes a period of at least seven hours of deliberate and sustained effort to 

acquire new knowledge or skill, although it does not have to occur during a single period 

or within any specified period of time (Jarvis, 2012). 

There is a particular interest in the idea that self-directedness is actually a person-

ality trait. One study looked at construct validity of the personality trait of self-directed 

learning (Lounsbury et al., 2009) – results were discussed in terms of personality charac-

teristics of self-directed learners. Kirwan et al. (2010) explored The Big Five and Narrow 

Personality Traits in relation to self-direction in learning. Phares and Guglielmone (2010) 
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write about the role of self-directed learning in the work of community leaders. One 

group of scholars developed a theoretical framework on the perception of a web-based 

self-directed learning environment (Lu et al., 2012). Fournier and Kop (2010) explored 

new dimensions of self-directed learning in an open-networked learning environment. 

Loyens et al. (2008) looked at self-directed learning in problem-based learning and its re-

lationships with self-regulated learning. Their results suggest that self-directed learning 

and self-regulated learning are developmental processes that the “self” aspect is crucial, 

and that problem-based learning can foster self-directed learning.  

Learning Styles and Orientations 

Keefe (1985) wrote that learning styles include cognitive, affective, physiological 

behaviors that serve as relatively stable indicators of how learners perceive, interact with, 

and respond to a learning environment.  Cognitive learning styles are focused on how we 

think and how we order information and affective learning styles are concerned with how 

we respond to others and how we regard others. Perceptual modalities (print, aural inter-

active, visual, haptic, kinesthetic, and olfactory) are how the five senses are used in learn-

ing. A consideration of which learning style(s) being catered to can lead to an enriched 

training experience.   

Cyril O.  Houle described three types of learning orientations in The Inquiring 

Mind: activity, goal, and learning (Cyril Orvin Houle, 1961). Houle was a major contrib-

utor to the concept of self- directed learning, along with Tough and Knowles who fol-

lowed him (S. B. Merriam & Brockett, 2007). By identifying the three learning orienta-

tions, he initiated the idea that the motives underlying adult learning vary considerably 
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(Merriam & Brockett, 2007, p.132) and he identified a code of ethics as an essential ele-

ment of the professionalizing process (Merriam & Brockett, 2007, p.281). The learning 

orientations are (Lenz, 1982, pp. 13–14): 

1. Goal-oriented Learner: characterized by discontinuity. Learning takes place in 

response to a perceived need or interest. Individuals in this group apply them-

selves intensively as long as the need or interest is present; when they have 

achieved a specific goal, they tend to discontinue their studies until another 

goal asserts itself. 

2. Activity-oriented Learner: learning is fostered in a social context, through re-

lationships with other learners. Learners in this group are enthusiastic partici-

pators. 

3. Learning-oriented Learner: such a learner seeks knowledge for its own sake. 

As contrasted with the first group, this group tends to pursue learning in a 

steady flow. Learning-oriented learners are highly receptive to conceptual ap-

proaches. 

Whiteness, Privilege and Issues of Equity in Educational Research 

Applebaum (2010) explains that, “Critical whiteness studies has developed as a 

result of a shift in understanding racism as exclusively a matter of overt practices involv-

ing prejudice or antipathy to an understanding of racism as a system in which covert and 

subtle forms of institutional, cultural and individual people, there has been a general con-

sensus about the social construction of race as a category. [Further], to acknowledge that 

race is socially reproduced through social institutions is to underscore how such construc-
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tion is hidden via the processes of normalization.” By including this concept in the cur-

rent research study, the researcher is making an effort to identify evidence of structural or 

systematic differences among students in order to actively combat the ideology of color-

blindness (Bonilla-Silva, 2010) in educational research. Another implication of exploring 

privilege in the current study is the potential to reveal signs of Stereotype Threat. Stereo-

type Threat, according to the Rutgers Department of Philosophy is, “a phenomenon that 

occurs when there is the opportunity or perceived opportunity for an individual to satisfy 

or confirm a negative stereotype of a group of which she is a member, which can inter-

fere with the subject’s performance in a variety of tasks, including but not limited to aca-

demic performance” (Stereotype Threat, 2020). 

Hartmann et al. (2009) write, “that in spite of the fact that whiteness is a compli-

cated theoretical construct, there is a need to continue to assess whiteness studies as an 

aspect of the larger field of race relations” (Hartmann et al., 2009). Critical Race Theo-

rists warn against failing to acknowledge white privilege, resulting in a minimization of 

the impact of racism on decreased opportunities and accomplishments for people of color 

(Cueto & Rios, 2020; Farmer & Farmer, 2020; Hartmann et al., 2009; Taylor et al., 

2016). Examining the concept of whiteness in online learner readiness in the context of 

agriculture education is particularly important in light of research by (Morgan & Moni, 

2008) which examined at the intersectionality of whiteness, racism and homophobia 

among agriculture students. They explain that the unfavorable ideology of color-blind-

ness, the idea that one “does not see race”, actually goes beyond race alone and that other 

identities like gender, class and sexuality can experience intolerance in this way. By look-

ing at factors like whiteness, gender, older student populations, first generation students, 
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and prior experience with online courses, we can identify empirical target areas of privi-

lege that may otherwise go unnoticed.  

In a study looking at diverse characteristics of vocational college students, Cig-

dam and Yildirim (2014), recommended that a target-group analysis should focus on 

characteristics such as age, educational level, prior knowledge related to web based edu-

cation, computer experience, preferences, motivation, reading and writing skills, com-

puter skills, familiarity with differing instructional methods and previous experience with 

online learning (Cigdam & Yildirim, 2014; Khan, 2005). In, The Hidden Curriculum of 

Online Learning: Understanding Social Justice Through Critical Pedagogy, Öztok (2019) 

criticizes that many online education scholars “have been concerned with deciding and 

conveying the academic content and the skills that students are expected to gain but have 

disregarded the social structures of the broader context; that research has addressed stu-

dents as a unified body and argued that learning in online spaces transcends culture, dis-

regarding the struggle over meanings and practices”. Additionally, Öztok (2019) empha-

sizes that online education scholarship has ignored how schools operate as agencies of 

social and cultural reproduction and the ways in which different social, economic and po-

litical interests shape daily applications in the classroom.   

Online Learning (Distance learning via web-based interface) 

 Moore and Kearsley (2011) define distance education as “teaching and planned 

learning in which teaching normally occurs in a different place than learning, requiring 

communication through technologies as well as special institutional organization”. Online 

learning is only one type of distance education involving, in part or in whole, the use of 

web-based technologies for course delivery and engagement. Many terms have been 
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coined for the use of web-based technologies in distance education often depending on 

nationality, principle learning environment, and interactivity or lack thereof with an in-

structor (J. L. Moore et al., 2011). Anderson (2008) writes that “distance education has 

become synonymous with innovative models of program delivery that offer more gener-

ous open and flexible learning opportunities to wider and more diverse audiences than 

did traditional classrooms”, both in definition and through practice. In the text, Measure-

ments in Distance Education, Catalano (2018) categorizes areas of measurement studies 

in online learning into the following five categories: Engagement and Satisfaction; Stu-

dent Readiness to Learn Online and Self-Efficacy; Evaluation of the Distance Education 

Teaching and Learning Environment; Student Learning and Behaviors; and Student 

Achievement, Retention and Attrition. The current study will focus on Student Readiness 

to Learn Online. 

The computer-supported intentional learning environment (CSILE) was devel-

oped by Carl Bereiter and Marlene Scardamalia in 1983 (Harasim, 2017, Kindle Loca-

tions 2050-2052) and the adoption of online courses and learning networks spread 

throughout the 1980s. Organizations involved in distance education began exploring and 

adopting online networks for course delivery in the 1990s (Harasim, 2017, Kindle Loca-

tions 2167-2172). According to Harasim (2017, Kindle Locations 2099-2102): “The need 

for online platforms to support the delivery of online courses or educational activities be-

came recognized and in the 1990s a variety of software began to emerge to address this 

important issue. These platforms were known under various names such as learning man-

agement systems, course management tools, virtual learning environments and computer-

supported collaborative learning software.”  
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 Since the turn of the 21st century, the number of students taking at least one online 

course at degree-granting, post-secondary institutions has been on the rise. Allen and Sea-

man reported in 2013 that online enrollment in the United States as a percent of total en-

rollment is consistently higher each year that passes (Allen & Seaman, 2013). Due to this 

trend, post-secondary institutions have been forced to recognize the role that the online 

system of teaching, learning and credentialing plays for their institutional growth and rel-

evance in the future of higher education. These data were before the SARS-COV2 pan-

demic which has only compounded this trend. Online learning has touched nearly every 

discipline and institution involved in formal academic teaching and learning.  

The supply of opportunities to earn a formal degree fully online in a diversity of 

disciplines is steadily increasing now more than ever. Even pre-pandemic era, nearly 

three quarters of academic institutions surveyed reported that the economic downturn [of 

2008] increased demand for online courses and programs (Allen & Seaman, 2010). 

Seaman, Allen, and Seaman (2018) reported that growth of distance education has stead-

ily increased since 2012 despite the trend towards a decline in overall enrollments. Fur-

ther, they reported that: “each one-year period (2012 to 2013, 2013 to 2014, 2014 to 

2015, and 2015 to 2016), the largest numeric increase in the number of distance students 

occurred at public institutions, compared to private non-profit and for-profit schools and 

for-profit institutions have seen a decrease in total distance education enrollments”.  

This pattern is noteworthy because it coincides with the overall loss of students from for-

profit enrollment seen during this same time period leaving a net effect of an increase 

every year in the overall number of students taking at least one distance education course 

(Seaman et al., 2018). As the online education marketplace expands and post-secondary 
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institutions look to develop their contingency plans for offering quality education in vir-

tual formats, schools will look for ways to offer more opportunities to fulfill the demand 

as well as ways to develop and improve existing programs. Online learning is here to 

stay, not only in academia, but also in the professional world in which the online students 

will graduate into.  

Online Learner Readiness 

Predictors of Achievement, Attrition, and Satisfaction in Online Learning 

Online learner readiness (OLR) is a term referring to a student’s likelihood to suc-

ceed in and/or receive satisfaction from learning in a technology rich environment, typi-

cally a fully online or hybrid course. Some institutions develop their own OLR tools 

while some implement third party tools, but the motivation for doing so is usually the 

same: 1) to help the learner to identify trouble areas so they can make their own decision 

regarding their readiness for online learning before the point of enrollment; and 2) to help 

program administrators identify target areas in need of online course and program devel-

opment. Torun (2020) emphasized the critical nature of e-learning readiness and recom-

mend that it be carefully taken into consideration within this new educational paradigm 

of increased online learning due to the COVID-19 pandemic. Hung et al. (2010) write, 

“Since online learning has become highly popular in educational institutions… there has 

been and will continue to be a need for faculty and students to reexamine students’ readi-

ness and to redevelop a more comprehensive measure of students’ readiness. By under-

taking this task, teachers can design better online courses and guide students toward suc-

cessful and fruitful online learning experiences.” Wladis and Samuels (2016), it was 
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found that student characteristics commonly collected by institutional research depart-

ments were better predictors of differential online versus face-to-face course outcomes 

than predictors on an online learner readiness survey. Additional factors related to spe-

cific student characteristics and online learning will discussed further ahead. 

Having its origins in Australian vocational education, the importance of OLR took 

root around 1998 (Warner et al., 1998) and was primarily focused on three main con-

structs: 1) students’ preferences for the form of delivery; 2) student confidence in using 

electronic communication for learning and, in particular, competence and confidence in 

the use of internet and computer-mediated communication; and 3) the ability to engage in 

autonomous learning. A detailed account of the development of several online learning 

readiness constructs and assessment tools will be discussed in the next section. In an 

analysis of reliability and validity of online learner readiness assessment instruments, 

Wladis and Samuels (2016) report that the validated constructs generally fall into six 

main categories: 1) self-direction/management/control, 2) motivation, 3) beliefs, 4) cog-

nitive strategies, 5) technical competence (e.g. skills, access, self-efficacy), and prefer-

ence for eLearning format.  

The implications for understanding online learner readiness go beyond achieve-

ment in online learning alone. It may not only be affecting whether a student succeeds or 

not, but if they receive satisfaction from an online learning experience. In a study of Tai-

wanese students, study participants computer/internet self-efficacy for online learning 

readiness had a mediated effect on online learning perceptions, online discussion scores, 

and course satisfaction (Wei & Chou, 2020). Wei and Chou (2020) concluded that the re-
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search has shown that readiness for online learning is a multi-faceted concept that in-

cludes factors such as 1) computer-use skill efficacy, 2) self-control efficacy and 3) 

online communication self-efficacy (Hung et al., 2010; Keramati et al., 2011; Maggie 

McVay, 2000; Wei & Chou, 2020). In a study by Demir Kaymak and Horzum (2013), it 

was found that readiness for online learning was important regarding the structure that af-

fects learning results of students and interaction variables; online learning students’ readi-

ness for online learning was positively related with their interactions in learning environ-

ments and negatively related with perceived structure. Students who used computers in 

educational endeavors more frequently were more positive in terms of both “beliefs” and 

“skills” than students who used computers less frequently (Bernard et al., 2004). 

While some online learning studies focus on factors related to success (satisfac-

tory completion or graduation) others focus on factors related to failure (attrition or non-

completion), one consistent theme that arises are all the concepts related to the learner’s 

the ability of the online learner to regulate and direct one’s self and behaviors. Yukselturk 

and Bulut (2007) explored characteristics of online students and factors that contribute to 

their success; they found that self-regulation was a significant factor. Broadbent and Poon 

(2015) conducted a systematic review of 10 years of research on the association between 

self-regulated learning strategies and student academic achievement in higher education 

courses that were taught fully online; they identified that four learning strategies of meta-

cognition, time management, effort regulation, and critical thinking were significantly as-

sociated with academic achievement. They concluded that “students who make good use 

of their time, are conscious of their learning behavior, are critical in their examination of 

content, and persevere in understanding the learning material despite challenges faced 
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are more likely to achieve higher academic grades in online settings” (Broadbent & 

Poon, 2015). McGill, Klobas, and Renzi (2014) identified four categories of factors asso-

ciated with continuance of e-learning initiatives: institutional factors, teacher factors, stu-

dent factors, and technology factors, according to a review of the literature. 

According to van Rooij and Zirkle (2016), attrition and low retention rates in 

online courses versus face-to-face courses is a major concern: attrition rates for classes 

taught through distance education are 10-20% higher than classes taught in a face-to-face 

setting. In a study aimed at identifying factors affecting student retention in online 

courses, a panel of experts reported that student self-discipline, quality of faculty and stu-

dent interaction, and institutional support to students were the top three factors (Gaytan, 

2013). Colleges have looked to identify students at the highest risk of dropping out in the 

online environment even before they enroll (Wladis & Samuels, 2016). Seaman et al. 

(2018) tested 250 community college students enrolled in an online course, taken from a 

larger sample of students who volunteered to take a leaning readiness survey online, and 

found that Verbal Learning Style correlated significantly to online course completion. 

Fair and Wickersham (2012) tested the same survey on 194 students enrolled in a basic 

communication class at a community college, but none of the constructs measured by the 

survey were correlated with final course grade. This discrepancy may highlight the con-

cept that each program offering online courses and programs should look directly at their 

specific populations.  

A case study at one university showed a strong relationship between providing a 

mandatory student success orientation course and students’ persistence in online learning; 

their study concluded that students who did not complete the orientation also scored 
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lower in Individual Attributes and Life Factors on an online learner readiness survey 

(SmarterServices, LLC, n.d.-b). In addition, students who did participate in the orienta-

tion course improved their success rate and grade point averages in an online course. 

Sparkman et al. (2012) found that emotional intelligence scores of self-actualization, so-

cial responsibility and happiness had a positive impact on grade point average and that 

other non-cognitive factors like race, sex, living location, resources and first-generation 

college student status may have an effect on actual likelihood to graduate. Another study 

proports factors that have an effect on online learning that include: student engagement 

online; sound online pedagogy; faculty preparedness for online teaching; student prepar-

edness for online learning; and institutional technology infrastructure and policy gaps 

(van Rooij & Zirkle, 2016).  

Vanslambrouck et al. (2017) found that motivation is seen as a critical variable 

and that teachers and institutions should pay attention to the individual learner character-

istics since these can serve as indicators for learners at risk. Furthermore, their study con-

firms that learners themselves have an important impact on their success. Another finding 

suggests that the most telling indicator of student success in online courses is individual 

attributes such as motivation, procrastination, locus of control, and willingness to ask for 

help (DECADE Consulting, LLC, n.d.). In a study by Eom and Ashill (2016), findings 

indicated course design, instructor, and dialogue are the strongest predictors of user satis-

faction and learning outcomes. They found that instructor-student dialogue, student-stu-

dent dialogue, instructor, and course design significantly affect students’ satisfaction and 

learning outcomes; student-to-student and student-to-instructor interactions were also sig-

nificant contributors to the levels of student learning and satisfaction in an online learning 
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environment. In a study by Bryant and Adkins (2013) student readiness constructs of In-

dividual Attributes and Life Factors as measured by the SmarterMeasureÔ Learner Read-

iness Indicator were statistically significant predictors of online student satisfaction as 

measured by the Priority Survey for Online Learners (PSOL) (Bryant & Adkins, 2013). 

Parker, Maor, and Herrington (2013) concluded that the following variables had 

most significant correlation with completion: locus of control, age, and, number of dis-

tance education courses completed.” Torun (2020) conducted a study yielding results that 

indicated that self-directed learning was the strongest predictor of academic achievement, 

followed by motivation toward e-learning, while internet/online/computer self-efficacy 

and learner control were not found to be among significant predictors of academic 

achievement.  The need for self-direction, or self-management of learning, is emphasized 

clearly throughout the online learning literature.  

The Andragogy framework, described above, has much to contribute to the field 

online learning readiness. Regardless of circumstance and preferences, it is critical to un-

derstand what the adult learner is bringing with them into the learning environment, 

whether that environment is live or virtual (Wang et al., 2013). Ji-Hye Park and Hee Jun 

Choi (2009) suggest that prior to the design online learning environments, instructors 

should pay attention to the fact that each learner is a real person with distinct needs and a 

unique being since culture and society influence each individual differently. However, 

Cercone (2008) asserts that since each learner and his/her context is unique, it may be 

that learner characteristics like culture, life experiences and gender may be more im-

portant to learning than the whether or not the learner is an adult.  
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Online Learning Readiness Measurement Instruments 

Measurement of online learner readiness is approximately a twenty-year-old prac-

tice at this writing of this study, with roots in learner readiness, self-directedness, and re-

tention studies. It is typically measured utilizing one of a variety of self-administered sur-

vey instruments and is not typically used as an assessment for admission to online 

courses or programs. The OLR instruments are generally made up of several different 

factors developed from a collection of studies over approximately the last thirty years. 

They tend to focus on the constructs related to online learner success and achievement. A 

review of the literature was conducted to identify studies and survey instruments that 

have been used and written about. The complete list can be seen in Table 5; it shows 

available studies related to the progression of online learner readiness studies. It can be 

interpreted as a timeline of the various OLR instruments. The OLR constructs that have 

been validated for assessment are: self-direction/ management/ control, motivation, be-

liefs, cognitive strategies, technical competence, and preference for e-learning format 

(Wladis & Samuels, 2016). 

 Some of the more well-known and widely used OLR survey instruments are: the 

Motivated Strategies for Learning Questionnaire (MSLQ) (Pintrich et al., 1993); the Bart-

lett-Kotrlik Inventory of Self-Learning (BISL) (Bartlett & Kotrlik, 1999); Readiness for 

Education At a Distance Indicator (READI), now called the SmarterMeasureÔ Learner 

Readiness Indicator (SMLRI™) (Elam, 2012; Hukle, 2009; SmarterMeasure Learning 

Readiness Indicator, n.d.); the Self-Directed Learning Readiness Scale (SDLR) (Fisher et 

al., 2001); the Management Education by Internet Readiness (MEBIR) scale (Parnell & 

Carraher, 2005); the Test Of Online Learning Success (TOOLS) (Kerr et al., 2006), the 
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Tertiary Students' Readiness for Online Learning (TSROL) (H. Pillay et al., 2007); the 

Online Learning Readiness Survey (OLRS) (Dray et al., 2011); the Readiness for Online 

Learning questionnaire (ROL) (Heo & Han, 2018), the Readiness for Online Learning 

Questionnaire (Bernard et al., 2004; Marguerita McVay, 2000); the Online Learning 

Readiness Scale (OLRS) (Hung et al., 2010); and an assessment for readiness for eLearn-

ing (Watkins et al., 2004). A complete list of online learner readiness survey instruments 

as well as other surveys related to learner readiness, success, retention, attrition, satisfac-

tion, self-efficacy, motivation, and technical competence, as they related to the student’s 

role in the online learning environments 

A systematic review of online learner readiness instruments from 1990-2010 

showed that, at that time, only 10 instruments had been developed and formally or infor-

mally validated to assess OLR (Farid, 2014). Farid (2014) concluded that there was a lack 

of good psychometric qualities; many were unpublished and “home-made” internally by 

universities; and many OLR tolls were published in journals that are not in high use by 

developers of online courses. Wladis and Samuel (2016) also warn that survey constructs 

may correlate with course outcomes, but it may be because those constructs are good pre-

dictors of academic outcomes in general, and not specifically with respect to the online 

environment. The constructs that have been validated are: self-direction/ management/ 

control, motivation, beliefs, cognitive strategies, technical competence, and preference 

for e-learning format (Wladis & Samuels, 2016).  

McVay (2000) developed a 13-item instrument for measuring readiness for online 

learning which focused on student behavior and attitudes as the predictors. Smith (2005) 
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conducted a survey study with 314 Australian undergraduate university students. He con-

cluded that: “the McVay Readiness for Online Learning questionnaire may have useful 

applicability to research and practice in the area of student dispositions and preferences 

associated with online learning” (Hung et al., 2010; P. J. Smith, 2005). Hung et al. 

(2010) called attention to the need for more work on McVay’s instrument around predic-

tive validity and the need for additional dimensions like technical computer use skills, in-

ternet navigation skills and learner control. 

Although many institutions have found OLR assessment instruments very valua-

ble in a myriad of ways, Wladis and Samuels (2016) recommend using extreme caution 

when utilizing online learner readiness tools for predicting online (or face to face) learner 

outcomes. This is due to their finding in one study that showed online learner readiness 

survey score was inversely related to subsequent online enrollment rates. This may raise 

concern among school administrators that the use of OLR surveys might discourage en-

rollment by some students in online courses or programs, particularly if there is any type 

of structural or systematic differences in OLR scores between any groups. 

Whiteness, Privilege and Equity in Online Learning Readiness Measurement 

In a study looking at diverse characteristics of vocational college students, Cig-

dam and Yildirim (2014), recommended that a target-group analysis should focus on 

characteristics such as age, educational level, prior knowledge related to web based edu-

cation, computer experience, preferences, motivation, reading and writing skills, com-

puter skills, familiarity with differing instructional methods and previous experience with 

online learning (Cigdam & Yildirim, 2014; Khan, 2005). In, The Hidden Curriculum of 

Online Learning: Understanding Social Justice Through Critical Pedagogy, Öztok (2019) 
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criticizes that many online education scholars “have been concerned with deciding and 

conveying the academic content and the skills that students are expected to gain but have 

disregarded the social structures of the broader context; that research has addressed stu-

dents as a unified body and argued that learning in online spaces transcends culture, dis-

regarding the struggle over meanings and practices”. Additionally, Öztok (2019) empha-

sizes that online education scholarship has ignored how schools operate as agencies of 

social and cultural reproduction and the ways in which different social, economic and po-

litical interests shape daily applications in the classroom.   

Yeboah and Smith (2016) suggest that “greater attention should be devoted to lay-

ing the groundwork for developing online courses that take into account cultural diversity 

and allow instructors, educators, and students to build relationships that lead to better ac-

ademic performance from minority students”. Results from their data show that the num-

ber of online courses taken by minority students was highly related to minority students’ 

academic performance; they postulate that this is due to their familiarity and experiences 

gained from student-instructor interactions and support in online courses as well as LMS 

and CMS use that may have served to improve their self-regulated online learning skills 

(Yeboah & Smith, 2016). Nearly all of the students in their study expressed they had few 

or no skills in how to manage and regulate course management systems and because they 

needed additional support from their instructors. Additionally, many reported that they 

lacked self- regulated learning skills for online learning. They explained that they had is-

sues such as time management, the ability to submit discussion posts, projects, assign-

ments, and the ability to regulate the time around course completion efficiently.  
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 Farid (2014) found a statistically significant difference between white and non-

white student respondents on the perception of importance of online readiness competen-

cies and confidence in their readiness for online learning. Additionally, white respondents 

rated their competencies in online student attributes and technology higher than non-

white respondents, but non-white respondents rated the importance of communication 

higher than white respondents did. A study that examined student readiness for online 

learning through, the dimensions of importance placed by the student on online learning 

and the student’s confidence in their ability as measures of readiness, revealed that online 

student attributes, time management, and technical competencies were rated high for im-

portance compared to communication competencies; in addition the study showed signifi-

cant differences based on the race (white and nonwhite) of the students and course format 

(asynchronous, synchronous, and blended) on their perceptions of online learning compe-

tencies (F. Martin et al., 2020a). In a study of African-American pharmacy students, 

study participants rated themselves lower on communication apprehension compared to 

white and Asian students (LaRochelle & Karpinski, 2016; F. Martin et al., 2020b). 

Other student characteristics like age, gender, experience in online learning, and 

family experience in college may also present areas where privilege may exist in regard 

to scores on an online learner readiness assessment, and thus, will also be analyzed. One 

study revealed that older students had lower technical skills and computer self‐efficacy 

than younger students (Hitendra Pillay et al., 2007). However, Wojciechowski and 

Palmer (2005) asserted, based on their studies, that mature college students possessed 

greater readiness for enrollment in online courses and would thus achieve better learning 
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performance than younger students. Wladis and Samuels (2016), found that student char-

acteristics commonly collected by institutional research departments were better predic-

tors of differential online versus face-to-face course outcomes than predictors on an 

online learner readiness survey. Parker, Maor, and Herrington (2013) concluded that the 

following variables had most significant correlation with completion: locus of control, 

age, and number of distance education courses completed.” 

In one study, gender made no statistical differences in the five online learner 

readiness survey dimensions, but higher grade (junior and senior) students exhibited 

significantly greater readiness in the dimensions of self-directed learning, online 

communication self-efficacy, motivation for learning, and learner control than did lower 

grade (freshman and sophomore) students (Hung et al., 2010). Students who used com-

puters in educational endeavors more frequently were more positive in terms of both “be-

liefs” and “skills” than students who used computers less frequently and students who 

had previously taken at least one online course had more positive “beliefs” about online 

learning than students who had never taken an online course (Bernard et al., 2004). Bry-

ant and Adkins, 2013 found that, as students’ experience with online courses increases, 

the degree to which their individual attributes are a good match for distance learning also 

increased [as measured on the SmarterMeasureÔ Learning Readiness Indicator]. In the 

Indicators Report of 2019 (Cahalan et al., 2019; Student Speak 2020: Student Voices In-

forming Educational Strategies, 2020), it was reported that students who are both low in-

come and First Gen [first generation college student]. Experience in college (or family 

experience in college) and with technology may benefit online learners regardless of 

other factors.  
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When examining issues of equity, research should be framed in terms of bene-

fit/advantage (race, age, or gender, experience) versus highlighting only the deficiency of 

the disadvantaged population. Martin and Hartmann (2020) made three important conclu-

sions in their research on whiteness in the context of agriculture and agricultural educa-

tion: 1) “research on whiteness is relatively unexamined, but an important feature among 

people involved with agriculture; 2) although the connections between rural communities 

and racism have been explored, further explanation is needed to understand how these 

connections play out in educational settings; and 3) there is a need to unpack differing in-

tersectionalities of whiteness which will enable and encourage researchers and practition-

ers in other contexts and fields to also explore intersectionalities of whiteness they en-

counter.” Developing enough empirical research for online learner readiness in different 

scenarios, disciplines, and student characteristics will be critical for the concept more 

completely. The different survey instruments have proven useful in different scenarios 

and student/administrator populations, but very little examination has been done around 

the relationship between student characteristics and online learner readiness scores.  

SmarterMeasure™ Learning Readiness Indicator (SMLRI™) 

The SmarterMeasureÔ Learning Readiness Indicator (SMLRIÔ; formerly 

READIÔ (see Appendix 1: SmarterMeasure Learning Readiness Indicator Survey Instru-

ment was developed by the educational technology company, SmarterServices, LLC, 

based in Prattville, Alabama. At the time of this writing the company is headed by Dr. 

Mac Adkins and Jason Fill. Dr. Adkins holds an Ed.D. from Auburn University in Educa-

tional Leadership with an emphasis on instructional technology and served as the main 

contact for this research study. Dr. Adkins was one of the authors of the Alabama Course 
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of Study in Technology used by all public schools in Alabama. He was also a participat-

ing writer for the National Education Technology Standards (NETS) for Teachers docu-

ment published by the International Society for Technology in Education and has also 

taught Administration and Leadership of Distance Learning Programs online for Capella 

University. Since its inception in 2002 the SmarterMeasureÔ Learning Readiness Indica-

tor has been used by over 1000 higher education institutions and taken by over 5.6 mil-

lion students (M. Adkins, PhD, personal communication, November 20, 2020). It is de-

signed as a self-administered, online survey tool and has historically assessed seven con-

structs for learner readiness in technology rich environments like an online course or pro-

gram; an eighth construct was later added to assess Learning Management Competency 

(this was not relevant to the current study but is an important aspect of the most current 

version of the instrument.  

As reported in Bryant and Adkins (2013), the purpose of the “SmarterMeasureÔ 

Learning Readiness Indicator is: “to inform students concerning their strengths and op-

portunities for improvement relative to learning in an online environment. It allows the 

learner to understand their traits, attributes, and skills, as well as the realities of online 

learning. A school can identify students who might not be a good fi t for online learning, 

helping to inform course selection decisions and/or provide resources for remediation and 

support.” The eight constructs measured on the SMLRIÔ are: Life Factors, Individual 

Attributes, Learning Styles, Technical Competency, Technical Knowledge, Typing Speed 

and Accuracy, On-Screen Reading Rate and Recall. It’s use in this study was based on 

the fact that it covers the main constructs that have been validated in the literature: self-
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direction/ management/ control, motivation, beliefs, cognitive strategies, technical com-

petence, and preference for e-learning format (Wladis & Samuels, 2016). This survey in-

strument will be discussed further in the Chapter 3, Methods.  

Summary 

The concept of analyzing specific characteristics of students against varying as-

pects of the educational system in which serves them is not a new concept. However, 

many smaller programs like those in online professional development and formal aca-

demic agricultural training programs may lack the tools, resources or expertise to fully 

explore areas like readiness for learning of current or prospective students or areas related 

to equity. Before the COVID-19 pandemic of 2020, a student’s readiness for online learn-

ing may have seemed like a luxury that afforded them an additional option to choose 

from for their modality of learning. However, in the midst of this global crisis, online 

learning for adults in higher education across all disciplines is often not an option at all, 

rather a necessity. Therefore, fully understanding online learner readiness and implement-

ing programming and policies based on that understanding is now, more than ever, an in-

creasing issue of equity, rather than luxury. Students that are not identified and assisted in 

their struggles with online learning are less likely to achieve their goals, not only in the 

classroom, but into their future working lives.   

Joosten and Cusatis (2020) highlighted the need for research examining student 

characteristics and their relationship with student outcomes for underrepresented students 

(minority students). Identifying areas of potential privilege based on whiteness, gender, 

age group, prior experience in online learning, and family will remove the assumption 

that there is not an effect of these characteristics on the final outcome of success in online 
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learning, whether due to perception or structure. Educational researchers have an ethical 

duty to actively engage in the dismantling of structures and processes that contribute to 

inequity in any of its overt or covert manifestations in higher education.  

The literature is full of studies related to online learning, online learner readiness, and 

online learner readiness measurement tools as they relate to success, attrition and satis-

faction in online courses (see Table 5). However, there is not much research looking at 

the effect of student characteristics on the measures of online learner readiness.  

Making the attempt to understand the relationship between student characteristics 

and learner readiness at the beginning of an online student’s course of study is important 

for two main reasons: 1) if OLR and student characteristics are unanalyzed, structural or 

systematic barriers, whether actual or perceived, may go unnoticed altogether or at-

tributed to some other factor (affecting future achievements of some sectors of the stu-

dent population including non-white, first generation and novice online students among 

other special adult population groups); and 2) if OLR and student characteristics are ana-

lyzed together, the information revealed can be used to inform the direction and the de-

velopment of the online course or program and intervene to deter any potential negative 

effects. Kauffman (2015) notes that students perceive online courses differently than tra-

ditional courses and negative perceptions can lead to unfavorable learning outcomes in-

cluding decreased motivation and persistence.  

In one study, students who used computers in educational endeavors more fre-

quently were more positive in terms of both “beliefs” and “skills” than students who used 

computers less frequently and students who had previously taken at least one online 

course had more positive “beliefs” about online learning than students who had never 
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taken an online course (Bernard et al., 2004).  Accessibility of online courses for students 

with disabilities is also a major concern (van Rooij & Zirkle, 2016). 

In the Indicators Report of 2019 (Cahalan et al., 2019; Student Speak 2020: Stu-

dent Voices Informing Educational Strategies, 2020), it was reported that students who 

are both low income and First Gen [first generation college student] only have a 21% col-

lege completion rate. Experience in college (or family experience in college) and with 

technology may benefit online learners regardless of other factors. These are problems 

that can be identified and resolved. Hall (2011) encourages the use of an instrument to 

measure student readiness for online learning and student orientations in order to improve 

retention in online courses. It has been shown that such orientation sessions or courses 

are related to course outcome (Hall, 2008; Wojciechowski & Palmer, 2005). For exam-

ple, through online courses, minority students had ample time and flexibility to prepare 

and submit their assignments. Flexibility and learner-centeredness help students to de-

velop more self-regulatory skills to facilitate their academic success (Artino, 2008, 2009; 

Cho & Jonassen, 2009; King et al., 2019). These findings are in line with the eight andra-

gogic process design elements that Malcom Knowles (1984) theorized influence the 

learning experience: 1) preparing the learner, 2) climate setting, 3) mutual planning, 4) 

diagnosis of learning needs, 5) formulation of learning objectives, 6) learning plan de-

sign, and 7) evaluation.   

When examining issues of equity, research should be framed in terms of bene-

fit/advantage (race, age, or gender, experience) versus highlighting only the deficiency of 

the disadvantaged population. Martin and Hartmann (2020) made three important conclu-
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sions in their research on whiteness in the context of agriculture and agricultural educa-

tion: 1) “research on whiteness is relatively unexamined, but an important feature among 

people involved with agriculture; 2) although the connections between rural communities 

and racism have been explored, further explanation is needed to understand how these 

connections play out in educational settings; and 3) there is a need to unpack differing in-

tersectionalities of whiteness which will enable and encourage researchers and practition-

ers in other contexts and fields to also explore intersectionalities of whiteness they en-

counter.” Developing enough empirical research for online learner readiness in different 

scenarios, disciplines, and student characteristics will be critical for the concept more 

completely. The different survey instruments have proven useful in different scenarios 

and student/administrator populations, but very little examination has been done around 

student characteristics as they relate to online learner readiness measures.  

Today, there are several measurement tools available for assessing online learner 

readiness, many with validated constructs. Logic would lend to the theory that, if they are 

measuring what they are intended to measure, they may now be helpful in the identifica-

tion of areas of equity concern. If any statistically significant differences exist in OLR 

scores among any group of students based on shared characteristic(s), that will highlight 

areas of potential benefit/advantage or disadvantage. Most importantly, based on this 

analysis, program administrators can target student services and course or program prepa-

ration to eliminate any possible inequity. Current research on the predictive factors ef-

fecting success in online learning supports adult learning concepts and andragogical the-

ory of self-directedness and the value of prior experience. If the scores on the SMLRI™ 

are predictors of learner readiness and online learner readiness is a predictor of success, 
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then it is critical that we examine if any student characteristics show an effect on OLR 

scores or potential success?  

The next chapter will outline the methods used to explore the relationship be-

tween student characteristics and online learner readiness scores among a sample of cur-

rent and prospective online learners in agriculture at Auburn University. After that, re-

sults, discussions and conclusions will be presented.  
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Chapter 3: Methods  

Overview 

Economic and social factors serve as drivers influencing changes in adult educa-

tion in both formal academic settings as well as workforce and professional settings. The 

global COVID-19 pandemic (World Health Organization, 2020) is perhaps the strongest 

driving force that has pushed higher education and professional teams to function partly or 

fully through web-based interfaces. Online teaching, learning and working has taken the 

stage and is rising to meet urgent needs, thus effecting learners from all sects of life. Other 

social and economic drivers in the world of adult education are also impacting the move to-

wards online teaching and learning include: an aging and increasingly diverse population; 

the rapid pace of technological change; and the constantly shifting demands of the work-

place in this era of a global economy (Ross-Gordon, 2011). The evolving global economy 

has made national competition a major priority and the competitiveness of a nation de-

pends heavily upon its workforce. A couple of social constructs under focus in our modern 

society as we know it today are (self-identified) gender and race, specifically as it relates to 

biases, privilege and social justice in society.  

All of these factors point towards an increase in education and professional devel-

opment programs that are not only accessible, but also equitable. Online learning pro-

grams at post-secondary institutions of higher education offer a solution to the demand 

for training workers to advance professionally across many disciplines. Institutions offer-

ing highly experiential and field-based disciplines, like agriculture, may have been more 
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reluctant in the past to adopt the idea of offering fully online degree programs. However, 

today, with innovations in instructional design and technology, the market is opening up 

and these programs are becoming more commonplace in the online education market-

place. In addition, post-secondary agriculture education, like all other academic areas 

during the COVID-19 pandemic, are now required to develop online learning program-

ming as a strategy for contingency planning.  

For over twenty years, post-secondary agricultural education programs have been 

moving towards the utilization of online delivery of their content. Murphy and Terry pre-

dicted in 1998 that post-secondary agricultural education would likely focus on net-

worked applications and computer-based telecommunication technologies (Murphy & 

Terry, 1998); that day has arrived. Agriculture professionals are seeking online profes-

sional development opportunities in the form of post-secondary degrees through formal 

undergraduate and graduate academic programs. At Auburn University, the College of 

Agriculture has been formally receiving requests for information regarding their online 

course and degree offerings since June of 2015 (Grill & Beasley, 2020). Over a period of 

approximately five years (June 2015 – November 2020), 1,418 unique and valid entries 

were submitted to this single program, signaling a very real demand for online courses 

and degree options in agriculture. 

Williamson and Williams (2017) found that beginning farmers are more likely 

than established farmers to have at least a 4-year college degree (34.3 percent compared 

to 23.5 percent, respectively). The southern United States is home to 47 percent of begin-

ning farms, the largest percentage in the country (Williamson & Williams, 2017). A focus 
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group analysis of the programming needs and preferences of young farmers revealed bar-

riers as distance, time and lack of awareness to attending educational events (N. E. Bailey 

et al., 2014). Although beginning farmers are likely to be younger than established farm-

ers, 35 percent of beginning farmers are over age 55 and nearly 13 percent are 65 or 

older. Not all new farmers are young, however. Although beginning farmers are likely to 

be younger than established farmers, 35 percent of beginning farmers are over age 55 and 

nearly 13 percent are 65 or older. Bailey, Arnold, and Igo (2014) recommend that agri-

cultural educators need to decrease barriers and online learning is one way to do so in or-

der to provide learning opportunities that develop knowledge and competencies among 

farmers.    

The supply of opportunities to earn a formal degree fully online in a diversity of 

disciplines is steadily increasing. In a report from 2010, nearly three quarters of academic 

institutions surveyed reported that the economic downturn increased demand for online 

courses and programs (Allen & Seaman, 2010). Seaman, Allen, and Seaman (2018) also 

reported that growth of distance education has steadily increased since 2012 despite the 

trend towards a decline in overall enrollments. Further, they report that: “each one-year 

period (2012 to 2013, 2013 to 2014, 2014 to 2015, and 2015 to 2016), the largest numeric 

increase in the number of distance students occurred at public institutions, compared to 

private non-profit and for-profit schools and for-profit institutions have seen a decrease in 

total distance education enrollments”. This pattern is noteworthy because it coincides 

with the overall loss of students from for-profit enrollment seen during this same time pe-

riod, leaving a net effect of an increase every year in the overall number of students tak-

ing at least one distance education course. As the online education marketplace expands, 
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post-secondary institutions look for ways to open more opportunities for stepping up to 

the demand as well as ways to develop and improve existing programs.  

Problem Statement 

Parallel with the increase in demand in a range of popular and niche markets in 

online education, is the growing body of science, which is equally diverse. There are a 

number of areas that have been studied in an effort to better understand the great, big 

world of online learning. However, one issue is that smaller, less recognized and lower 

enrollment programs can be overlooked in the larger, more prominent online educational 

research studies. According to the Online Report Card (Online Report Card - Tracking 

Online Education in the United States, 2015, n.d.), the decisions of a relatively small 

number of academic leaders have a strong impact on the distance education world. This is 

so because the top 10% (481) of institutions represent 64.5% of all distance education en-

rollments, a very high degree of concentration. The concern is that the marketing and de-

velopment of programs at the top institutions will impact the majority of distance educa-

tion students. Online degree-granting programs with smaller enrollments and the students 

they serve may not be represented at the big table.  

  In order to combat attrition and low retention rates, many institutions have 

adopted the use of tools that reportedly measure Online Learner Readiness (OLR) of pro-

spective students (see Table 7). Such tools are purported to decrease attrition by helping 

the prospective online learner to self-evaluate on factors associated with readiness to 

learn in a computer/mobile based learning environment. In a study looking at e-learning 

readiness as a predictor of academic achievement, structural equation modeling con-

firmed that e-readiness is a statistically significant predictor of academic achievement in 
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online learning (Torun, 2020). Some OLR measurement instruments have been devel-

oped and validated technically and others only in practice or not at all. For those that 

have achieved some sort of validity, it is widely accepted, both in educational research as 

well as in administrative practice, that these tools may predict readiness and/or satisfac-

tion for online learning. Individuals interested in advancing professionally in agriculture 

through participation in online learning have more opportunities to do so now than in the 

past, but the opportunity alone may not equate to academic success or satisfaction of 

learners. In addition, little examination has been done looking at characteristics of stu-

dents specifically in agriculture programs, as they relate to online learner readiness. 

Joosten and Cusatis (2020) highlight the need for research examining student 

characteristics and their relationship with student outcomes for underrepresented students 

(minority students). Identifying areas of potential privilege based on whiteness, gender, 

age group, prior experience in online learning, and family will remove the assumption 

that there is not an effect of these characteristics on the final outcome of success in online 

learning, whether due to perception or structure. An analysis of the effect of student char-

acteristics on online learner readiness measures (scores) is important to ensure that any 

inherent biases associated with implementing the OLR tools are highlighted and that ar-

eas of need for student and program development can be strategically targeted.  

Purpose of the Study 

Both adult education and online student retention models stress the importance of 

developing online programs based on a student-centered perspective. The purpose of this 

study was to collect and analyze empirical data on student characteristics and their rela-
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tionships to online learner readiness, measured by scores on an OLR instrument. Specifi-

cally, it aimed to identify the effect of non-cognitive student characteristics on online 

learner readiness. Providers, designers and administrators of online degree programs in 

agriculture benefit from understanding prospective and current student characteristics in 

order to develop student services, courses and recruitment efforts that take into account 

not only the traditional cognitive attributes of the learner, but also non-cognitive attrib-

utes like demographics, experience in online courses and family college history (i.e., 

first-generation college students) that may be correlated or have an effect on them. Since 

agriculture degree programs tend to be small in nature compared to the typically high-en-

rollment online courses that get most of the academic research attention, small scale, em-

pirical studies such as this could benefit program development, improvement, and student 

recruiting/retention efforts. The small and specialized nature of agriculture academic pro-

grams may suffer from less focus on the specific needs and characteristics of interest in 

the broad scope of online education research. Moolman and Blignaut (2008) stress that, 

before implementing online learning environments, students’ characteristics should be 

carefully investigated in order to avoid a pedagogic mismatch (Hermanus B. Moolman & 

Seugnet Blignaut, 2008).  

The purpose of this study was to gather empirical data to describe and identify 

student characteristics that may correlate with or effect measures of online learner readi-

ness within a population of online learners who expressed interest in a post-secondary de-

gree program in agriculture. The study population included prospects and current students 

of a fully online degree program at a land grant university in Auburn, Alabama (Auburn 

University). According to adult education as well as online student retention models, it is 
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critical to develop online programs from a student-centered perspective. Post-secondary, 

online degree programs offering online courses for course credit typically serve adult 

populations and it therefore stands to reason that concepts in andragogy like learner-cen-

tered program development and implementation are useful to for advancing agriculture 

professionalism through online degree programs. 

Research Questions 

The study focused on the following research questions:  

1. What are the descriptive statistics for student characteristics and online learner 

readiness?  

2. Is there a statistically significant relationship between gender and online 

learner readiness?  

3. Is there a statistically significant relationship between age group and online 

learner readiness?  

4. Is there a statistically significant relationship between whiteness and online 

learner readiness?  

5. Is there a statistically significant relationship between first generation college 

students and online learner readiness? 

Significance of the Study 

Results of this study can aid in better understanding of online agriculture students 

in order to guide future development of programming. The small and unique nature of the 

agriculture academic community may result in less focus on the specific needs and char-

acteristics of interest in the broader scope of online education research. It is important 

that designers and administrators of online degree programs in agriculture understand 



 89 

prospective and current student characteristics in order to develop student services, 

courses and recruitment efforts that take into account not only the traditional cognitive 

attributes of the learner, but also non-cognitive attributes like demographics, experience 

in online courses and family college history (being a first-generation college student) that 

may be correlated or have an effect on them. Since agriculture degree programs tend to 

be small in nature compared to the typically high-enrollment online courses that get most 

of the academic research attention, empirical studies such as this could benefit program 

development, improvement, and student recruiting/retention efforts, last but not least, fill 

a gap in research for an underserved academic community.  

Joosten and Cusatis (2020) bring attention to the lack of research examining 

underrepresented students in online education and how the attributes and perceptions of 

those students relate to student outcomes. This may be of particular importance because it 

has been reported that these students have significant barriers in enrolling and completing 

online courses (T. Bailey et al., 2010; Joosten & Cusatis, 2020). Hung et al. (2010) write, 

“Since online learning has become highly popular in educational institutions… there has 

been and will continue to be a need for faculty and students to re-examine students’ read-

iness and to redevelop a more comprehensive measure of students’ readiness. By under-

taking this task, teachers can design better online courses and guide students toward suc-

cessful and fruitful online learning experiences.”  

There was a time in the history of online learning where administrators had the 

luxury of accepting that some adult learners just may not be ready for online learning, but 

these days, in light of pandemic-related contingency plans in higher education and the 

workforce, it has become an equity issue. The question is no longer, “Is the student ready 
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for online learning?”. Now, the question is, “What is needed to ensure that all students 

have equal opportunity to achieve and be satisfied in online learning courses and 

programs; and what are the areas most in need of targeting to ensure equity in online 

learning?”. 

The findings of this study contribute to the broad base of online teaching and 

learning research that has been mounting over the past three decades. Although this study 

was small in scale, it contributes by providing one piece of the puzzle that is laying the 

foundations for the future of increased quality in online education across all disciplines 

and sizes of institutions/programs. This study provides a unique lens into the small, niche 

population of prospective and current online agriculture students at a post-secondary in-

stitution. Typically, low enrollment online programs do not have the resources to conduct 

research for program development and improvement and the broader research may not be 

relevant to the population that they serve. This research contributes to an area of need for 

small online degree programs in agriculture.  

Research Design 

In order to explore the relationship between student characteristics and online 

learner readiness, this study implemented a correlational/non-experimental research de-

sign using a quantitative survey instrument to operationalize the concept of Online 

Leaner Readiness. Correlational/non-experimental research designs aim to measure the di-

rection of a potential relationship between variables and how strongly a given pair of varia-

bles is related. These relationships may be positive or negative and may have strong or weak 

correlations. While correlational designs are very useful and make for good pre-experimental 
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research, they are limited because of the inability to control for other variables and also be-

cause it provides no basis for comparing the results with other observations – an important 

component in making scientific inferences Singleton and Straits (2005). They warn that there 

are increased threats to the internal validity of any study that is based on a one-shot case 

study design. Due to the fine grain focus, the empirical nature of the study, and the salient 

population, it was determined that a correlational/non-experimental design was sufficient for 

answering the research questions of the study. An overview of the variables and data types 

used in the study can be seen in Table 13 Research questions of the study with correspond-

ing variables, data types, and control  

variables. 

Type 1 and 2 Errors 

In order to infer a statistical conclusion from the research, validity Type I and 

Type II errors must be minimized (Rubin, 2012). Meyers et al. (2006) explain that a Type 

I error is the chance of making a false rejection of the null hypothesis. According to (Ru-

bin, 2012), an option to minimize Type I error is to reduce the alpha level (probability of 

statistical significance). However, this author also warns that lowering the alpha level 

does not imply a stronger or more important relationship since weaker relationships can 

become significant due to a decrease in sampling error when sample size increases. Mey-

ers et al. (2006) suggest that using multivariate analysis of variance can also minimize 

this type of error. A Type II error is when there is a failure to find an effect that truly ex-

ists. They suggest that increasing the statistical power will reduce the chance of this type 

of error. This can be done by increasing both the alpha level and the sample size (Rubin, 

2012). 
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It is important to understand Type I and Type II errors because the researcher will 

plan during the research design process on which one he/she prefers to minimize the most 

(Shrader-Frechette, 1994). Shrader-Frechette (1994) discuss scientific ethics and explain 

that there are consequences of attempting to control between these two types of errors 

and they suggest that Type II risks should be minimized over Type I errors in applied sit-

uations that are characterized by uncertainty (like where public health or ecological 

health are affected by the research outcomes). 

Population 

A population is a group of interest to a researcher (Holcomb, 2016). The popula-

tion under study was a group of individuals seeking information about an online learning 

program in agriculture at a land grant university, Auburn University, located in Auburn, 

Alabama. The population consisted of a total of 720 individuals. Demographic infor-

mation was not available for this population, but descriptive information was collected 

about residential state of prospect (see Table 8), main objective for seeking information 

about online learning in agriculture (see Table 9), and agricultural programs of interest of 

the population (see Figure 4 and Table 10).  

The top five states represented in the population are Alabama (n=166), Georgia 

(n=72), Texas (n=40), California (n=38), and Tennessee (n=29). Over six hundred indi-

viduals in the population had the main objective to obtain a degree, with twice as many 

seeking to earn a graduate degree (n=440) as those seeking to earn an undergraduate de-

gree (n=201). Other main objectives for seeking information about online learning in ag-

riculture were: to participate in professional and continuing education course/certification 
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(n=40), to take academic graduate courses not towards a degree (n=9), and to take aca-

demic undergraduate courses not towards a degree (n=30).  

On the online inquiry form from which the population list was derived, individu-

als were asked to choose up to five program areas in which they were most interested in 

taking online courses or programs. The most frequently chosen programs were Agron-

omy/Crops and Soils (n=453), Environmental Sciences (n=340), Agriculture Economics 

(n=276), Plant Pathology (n=240), Horticulture (n=240), Animal Science (n=199), and 

Entomology (n=134). Less frequently selected program areas were Turfgrass Manage-

ment (n=99), Biosystems Engineering (n=98), Aquaculture (n=82), Food Science (n=81), 

Fisheries (n=80), Poultry Science (n=74), Aquatic Science (n=71), Rural Sociology 

(n=63), and Other (n=46).  

Sampling Design 

This study implemented a single stage sampling design with access to a list of 

prospective students of Auburn Agriculture Online provided by the administration of the 

College of Agriculture at Auburn University. Permission to access and use the list was 

granted by the Department of Crops, Soil and Environmental Sciences and a formal letter 

was obtained from Department Head, Dr. John Beasley. This letter was included in the 

application for approval from the Institutional Review Board at Auburn University (see 

Appendix 5: Permission Letters for use of Email List and Survey Instrument). The email 

list provided was the sampling frame used and initially contained 1700 entries. These 

were cleaned to remove entries outside of the two-year time period from June 2015 

through June 2017, entries with duplicate emails, entries with duplicate IP addresses and 

incomplete entries. The final sampling frame list consisted of 721 individuals who would 
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receive the invitation and reminder emails (discussed ahead in Data Collection) to partici-

pate in the study. The original list was developed utilizing an online form (see, 

http://info-agriculture.auburn.edu/online-distance-student-form) designed to collect infor-

mation from individuals seeking to receive information about Auburn Agriculture Online. 

Auburn Agriculture Online is a formal academic program with program offerings availa-

ble fully and partially online.  

The yes/no equation for sampling error was used as suggested by Dillman, Smyth, 

and Christian (2009) to determine representativeness for our primary binary research 

questions: is there a relationship between Online Learner Readiness and each independ-

ent variable. Since the study focused on individuals of a generally homogenous, salient 

population of individuals interested in online learning in agriculture, a large sample was 

not necessary. The Sampling Method utilized was non-random, convenience sampling. 

The desired precision for sampling error was calculated based on N=721. A desired preci-

sion of 10% required that 96 subjects participate in the study. This conclusion was based 

on the following formula as recommended in Dillman, Smyth, and Christian (2009): 

 

 

Where, 
Ns 

 
= 

 
the completed sample size needed for the desired 
level of precision. 

Np = the size of the population. 
p = the proportion of the population expected to 

choose one of the two response categories. 
B = margin of error (i.e., half of the desired confidence 

interval 
width):.03 = ± 3% . 

C = Z score associated with the confidence level 
(1.96 corresponds to 
the 95% level). 
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The final sample consisted of members of the population who voluntarily agreed 

to participate in the study after receiving an email invitation (which included an infor-

mation and consent letter and access to the web-based survey followed by two official re-

minder emails from the study (see Appendix 7: Informed Consent Letter, Email Invita-

tion, and Email Reminders 

Two internal reminders from departmental administration were also sent as part of 

routine marketing communication to the prospective students. These two reminder events 

were not an official part of this study design, but due to their effect on response rates, 

they have been included in the table showing response frequencies, organized by the 

dates that the invitation and reminders were sent (see Table 11). 

 Individuals from the population were confirmed as an official part of the sample in the 

study after confirming that they were at least 19 years of age or older, a legal adult in the 

state of Alabama, and completed the survey instrument, either partially or in entirety. 

Survey Instrument 

Several factors were considered when choosing a survey instrument to implement 

in the current study: it needed to be based on validated constructs; it needed to be highly 

utilized by higher education institutions in the United States; permission needed to be 

available for use in the study; and it needed to be easy and feasible to implement. The in-

strument selected was the SmarterMeasureÔ Learning Readiness Indicator 

(SMLRIÔ - formerly READIÔ). The SMLRIÔ was developed by SmarterServices, 

LLC and permission was granted by Dr. Mac Adkins, CEO (see Appendix 5: Permission 
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Letters for use of Email List and Survey Instrument). The explanation of construct valid-

ity specific to this survey instrument can be seen in Appendix 3: Construct Validity of 

SmarterMeasure Learning Readiness Assessment. Case studies highlighting its ‘real-

world’ implementation can be seen in Appendix 4: Case Studies using SmarterMeasure 

Learning Readiness Indicator Survey Instrument. 

The SmarterMeasureÔ Learning Readiness Indicator (SMLRIÔ, formerly 

READIÔ) was developed by the educational technology company SmarterServices, 

LLC, based in Prattville, Alabama. The company is headed by Dr. Mac Adkins, CEO.  

Dr. Adkins holds an Ed.D. from Auburn University in Educational Leadership with an 

emphasis on instructional technology. Dr. Adkins was one of the authors of the Alabama 

Course of Study in Technology used by all public schools in Alabama. He was also a par-

ticipating writer for the National Education Technology Standards (NETS) for Teachers 

document published by the International Society for Technology in Education and has 

also taught Administration and Leadership of Distance Learning Programs online for Ca-

pella University. Since its inception in 2002 the SmarterMeasureÔ Learning Readiness 

Indicator has been used by over 1000 higher education institutions and taken by over 5.6 

million students (M. Adkins, PhD, personal communication, November 20, 2020). It is 

designed as a self-administered, online survey tool and has historically assessed seven 

constructs for learner readiness in technology rich environments like an online course or 

program. An eighth construct was later added to assess Learning Management System 

Competency (this was not relevant to the current study but is an important aspect of the 

instrument to mention).  
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As reported in Bryant and Adkins (2013), the purpose of the “SmarterMeasureÔ 

Learning Readiness Indicator is: “to inform students concerning their strengths and op-

portunities for improvement relative to learning in an online environment. It allows the 

learner to understand their traits, attributes, and skills, as well as the realities of online 

learning. A school can identify students who might not be a good fit for online learning, 

helping to inform course selection decisions and/or provide resources for remediation and 

support.” The six constructs measured in this study using the SMLRIÔ are: Life Factors, 

Individual Attributes, Learning Styles, Technical Competency, Technical Knowledge, 

and On-Screen Reading Rate and Recall. The SMLRI™ includes main constructs that 

have been validated in the literature: self-direction/management/control, motivation, be-

liefs, cognitive strategies, technical competence, and preference for e-learning format 

(Wladis & Samuels, 2016). The SmarterServices website describes the constructs of the 

SmarterMeasureÔ assessment (SmarterMeasure Learning Readiness Indicator, n.d.): 

1. Learning Styles. The learning styles section of SMLRIÔ identifies the pre-

ferred learning style(s) of the student. The learning styles inventory is based 

on the multiple intelligences model which measures the following seven learn-

ing styles: visual, verbal, social, solitary, physical, logical, and aural. There 

are 21 items on the instrument for this section. 

2. Life Factors. The life factors section of SMLRIÔ quantifies variables in five 

areas: time, place, reason, resources, and skills. The Life Factors section asks 

questions about other elements in their life that may impact their ability to 

continue their education. There are 20 items in this section with each of the 

five factors being measured by four items. The Life Factors scale in SMLRIÔ 
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is an original, proprietary assessment that was designed based on formal and 

informal feedback which was submitted by faculty and administrators of sev-

eral schools which use SMLRIÔ. 

3. Individual Attributes. The scale of SMLRIÔ which measures individual at-

tributes is an original, proprietary assessment based on the dissertation re-

search of Dr. Julia Hartman. In her dissertation she identified the individual 

attributes which are significant predictors of success in an online learning en-

vironment. These are variables such as motivation, procrastination, time avail-

ability, and willingness to seek help. The individual attributes section of 

SMLRIÔ measures variables which are indicators of success in an online 

course environment: self-management, learning skills, Organization, Health, 

and Commitment. 

4. Technical Competency. The technical competency section of SMLRIÔ  

measures the degree to which the participant possesses basic instructional 

technology skills. In this section students demonstrate mastery of the technol-

ogy skills through ten technology related tasks. The tasks are identifying a 

properly formatted email address, following a link on a web page, opening a 

file, identifying an appropriate software application for a specific task, down-

loading and listening to an audio file, working within a file structure, identify-

ing an email attachment, saving a file, printing a file, and using a search en-

gine. Mastery of the tasks are indicated through ten multiple choice and fill-

in-the-blank questions. The technical knowledge and technical competency 

(and typing scales) of SMLRIÔ are original, proprietary assessments and 
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were initially developed by Dr. Mac Adkins. Since the initial iteration of these 

scales, they have been revised numerous times by input from schools which 

are using the assessment. The premise of the technical competency section is 

that if students do not possess basic technical competencies, they will quickly 

become frustrated and may drop out of the online course. The tasks measured 

in the technical competency section are basic technology skills which a 

learner should possess to begin studying online. 

5. Technical Knowledge. The technical knowledge section of SMLRIÔ  

measures the degree to which the participant possesses knowledge of items re-

lated to instructional technology. In this section there are seven technology us-

age items which measure the degree to which the participant uses specified in-

structional technologies. This item is measured through multiple choice items 

containing four choices. The technology in your life section contains two 

items through which the participant indicates the level at which they integrate 

technology into other areas of their life. This section is measured through a 

dropdown menu of numerical choices which indicate the appropriate fre-

quency of the technology integration. The technology vocabulary section con-

tains ten items which are measured by four-choice multiple choice questions. 

The personal computer / Internet specification section contains four items and 

allows the student to report facts about the primary computer and Internet con-

nection which they will be using to participate in their courses. 
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6. Onscreen Reading Rate and Recall. The intention of this component of 

SMLRIÔ is to measure the degree to which a person can read academic infor-

mation on-screen and then recall that information on a quiz. This is a task that 

is frequently replicated in online and technology rich courses. It should be 

noted that the reading rate and recall section of SMLRIÔ should not be used 

as an exhaustive reading skills inventory. Rather, it should be used as a 

screening device to identify learners who may be having difficulty recalling 

what they have read on-screen. If a learner is identified as having opportuni-

ties for growth in this area, the school can then inform the student about the 

resources for remediation and support which they provide. Communicating 

these resources can be automated through the feedback mechanisms of 

SMLRIÔ. The on-screen reading rate and recall section of SMLRIÔ consists 

of passages which are selected by the institution based on the appropriate 

Flesch-Kincaid Grade Level (Flesch, 2007) for the participants. The section 

begins with an instruction screen which informs the student that they are about 

to read a passage and then be quizzed on their recall of the passage. Partici-

pants are notified that they will not be able to view the passage during the as-

sessment and that their reading is being timed. The on-screen reading rate and 

recall assessment contains eleven items which are each measured by a multi-

ple-choice item containing three choices. SMLRIÔ contains multiple reading 

passages at grade levels 8 through 12. Recall of these passages is measured by 
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ten items which based on the following five categories of comprehension: se-

quencing, factual information, inferential information, cloze process and the 

main idea of the passage.  

Once the assessment has been completed by the current or prospective online stu-

dent, three categories of reporting are curated and made available. According to Smarter-

Services, LLC (SmarterMeasure Learning Readiness Indicator, n.d.), they are: 

1. Student Report.  Immediately upon completion of SMLRIÔ students are pro-

vided a score report and a guide to interpreting the scores. Scores for each of 

the scales and sub-scales measured by SmarterMeasureÔ are presented 

through color-coded graphics and explanatory text. Students are provided their 

composite scores through a color-coded chart ranking their performance on a 

four-point scale of opportunity for improvement through strength. The stu-

dent's individual SMLRIÔ scores can be compared to the national averages 

through a color-coded scatter plot. SMLRIÔ scores are presented through vis-

ually appealing graphics resembling speedometers, radars, and dart boards. 

Explanatory text is provided for each item scored in SmarterMeasureÔ. The 

report concludes with over thirty links to additional resources for remediation 

and support. Schools may also customize the resources for remediation sec-

tion by adding their own resources if applicable. 

2. Educator Report.  The Educator Report is designed to present relevant, indi-

vidual student information to educators such as advisors, guidance counselors, 

success coaches, faculty members, and other administrators. The Educator Re-

port provides an executive summary of the student’s scores and the educator 
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can click from the Educator Report to the full Student Report. The Educator 

Report contains three sections: Readiness Ranges, Grit Grid and Readiness 

Resources: The Readiness Ranges section indicates the student’s placement 

into low, medium or high levels of readiness.  The cut points for determining 

these classifications can be adjusted by the school for each assessment 

group. The Grit Grid section graphically presents the student’s quantitative re-

sults on each of the sub-scales measured. The Grid allows the educator to 

graphically view the student’s strengths and opportunities for improve-

ment.  A definition of each of the constructs measured is provided within the 

Grid. The Readiness Resources section provides a link to a recommended, 

free, web-based resource for the three items on which the student scored the 

lowest. The Educator Report is designed to equip an educator with the most 

relevant information about the student’s scores to facilitate a conversation 

with the student about their readiness to learn. 

3. Administrative Reports.  Persons with appropriate levels of access to 

SMLRIÔ data can log into the Administrative Panel and generate individual 

and aggregate reports.  These reports include individual student reports, data 

at-a-glance for a group of students, descriptive and demographic analytics 

across a population of students, and aggregate readiness ranges. Through the 

Administrative Panel data at the sub-scale level can be exported into an Excel 

or delimited data file for additional statistical analysis. 
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The SMLRI™ survey instrument was hosted by SmarterServices, LLC. A cus-

tomized research portal was developed for both the front-end and the back end of the sur-

vey operation. On the front end, study participants were able to enter the survey via a 

weblink https://olr.smartermeasure.com. Upon entering, a page title, “Online Learner 

Readiness Research” can be seen at the top to let them know they were in the correct web 

location. The name of the study appears below that, “STUDY: Non-cognitive learner 

readiness among current and prospective students of an online degree program in agricul-

ture”, followed by a welcome letter and instructions from the Principal Investigator, 

Leslie Anne Grill. The letter thanked the study participants and provided an introduction 

the researcher, the study, and the survey instrument. Next, it gave instructions for logging 

in including a notice that no personal email address is required in order to participate in 

the study or enter the survey. Finally, a downloadable link of the IRB approved infor-

mation letter was provided (see, https://auburn.qualtrics.com/Con-

trolPanel/File.php?F=F_ePyLfbBciD44aDX),  followed by contact information and a link 

to an online form for submitting questions or comments: https://auburn.qual-

trics.com/jfe/form/SV_5vDXZojob1kuBkV. At the bottom of the research portal home 

page are resources made available by SmarterServices including information on Tech-

nical Requirements, Smarter Measure Help Desk, and about the SmarterMeasureÔ in-

strument. Lastly, a link to Privacy Information opens a pop-up box with privacy infor-

mation from SmarterServices, LLC (see Error! Reference source not found. for com-

plete information). On the right hand of the SMLRI™ Research page appears three but-

tons: 1) Questions about how to login? 2) Login as First Time User, and 3) Login as Re-

turning User.  
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The back-end research portal was located at http://administrator.olr.smartermeas-

ure.com and accessible by a username and password provided only to the Principal Inves-

tigator. From the back-end portal, the researcher could access account information, ac-

count settings, subscription details, administrative logins, assessment groups, contacts, 

develop account requested data (like fields for access code, main goal for online learning, 

and age requirement confirmation), resources for support, and interface custom text 

(where the welcome and instruction letter were programmed in addition to the other in-

formation links at the bottom of the front-end page).  

Data Collection 

Best survey practices for online survey administration were implemented in this 

study according to the guide by Dillman, Smyth, and Christian (2014) and approved by 

the Institutional Review Board (IRB) of Auburn University. All contact events with the 

sampling frame members was made via email using the Qualtrics survey software suite, a 

subscription as a service (SAAS) (hosted by Auburn University). The single contact 

method was considered sufficient given the salient nature of the population. Since every 

record in the sampling frame was obtained through voluntary completion of an online in-

quiry form in which “Email Address”, an assumption was made that the population con-

sisted of individuals that had a verified email address and the ability to complete an 

online form. The data collection process began with the acquisition of the sampling frame 

list as described above. The list was imported into the messaging feature of Qualtrics as 

an electronic mailing list with 729 unique entries. The official study information letter 

and email invitations can be seen in Appendix 7: Informed Consent Letter, Email Invita-

tion, and Email Reminders. 
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Three invitation emails were sent from the researcher in order to recruit popula-

tion members to participate in the study: an initial invitation, a reminder, and a final re-

minder. A total of 241 responses were received, but 29 were removed due to appearing as 

duplicated records (matching IP addresses) or nearly empty records for a remainder of 

223 study participants recruited. Study Email #1 was an email invitation to participate in 

the study and was sent on June 25, 2017 and a total of 66 (30.7% of total response) par-

ticipants joined the study that day. This email included a copy of the Information Letter 

that was part of the approved IRB Protocol. The information letter was also made availa-

ble on the front-end of the research portal described above. Email #1 introduced the study 

and provided login instructions for entering and completing the SMLRI™ survey instru-

ment. Study Email #2 was a reminder email and was sent twelve days later on July 7, 

2017 with additional 35 participants joining (14.2% of total response). Study Email #3 

was the final reminder from the researcher and was sent on September 13, 2017 and 

gained 39 new participants (17.5% of total response). Both reminder emails included 

login information as well as the Information Letter attached. 

Due to a vested interest in the information provided from this study, the admin-

istration of the Auburn Agriculture Online program sent emails to their prospects list on 

two occasions informing them of the legitimacy of the current study (as part of routine 

marketing emails). Although these contact events were not an official part of this study, 

they are included in the response information due to the effect they had on survey re-

sponse. The first contact event from administration was on July 14, 2017, eliciting 24 

(11.3%) more survey responses. The second was made on August 18, 2019, nearly one 

year after the official final reminder was sent from the researcher, adding 59 participants 
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to the study (26.4% of total responses). A list of all contact event dates and corresponding 

response frequencies (with percent of total response) can be seen in Table 11. 

A total of 223 individuals out of the 729 (30.6%) members of the population were 

included in the final sample for the study. Not all survey respondents completed the 

SMLRI™ in its entirety, however. Eleven of the respondents accessed the survey with 

their login information, but did not complete any portion of the survey, leaving 212 valid 

survey respondents, a response rate of 29.1%. The 212 study participants completed vary-

ing proportions of the SMLRI™ survey instrument with the following completion rate by 

response frequency: 25 (11.2%) completed 17%, 11 (4.9%) completed 33%, 8 (3.6%) 

completed 50%, 18 (8.1%) completed 67%, 25 (11.2%) completed 83%, and 125 (56.1%) 

completed 100% of the SMLRI™ instrument. The response rate of participants who com-

pleted 100% of the SMLRI™ was 17.1% of the total population (125/729). No external 

incentive was offered to the potential study participants, however, the detailed student re-

port provided upon completion of the survey was considered an incentive for entering 

and completing the survey. The monetary value of self-administering the SMLRI™ and 

securing the full report is $29.95 (see Figure 3 Advertisement on SmarterServices, LLC 

SmarterMeasureÔ website showing individual cost of $29.95 to take survey and receive a 

customized student report.).  

The study accepted survey responses through the expiration of the IRB protocol 

documents (valid from June of 2017 to June of 2020). Once this phase of the study was 

completed, the principal investigator obtained the primary data (the survey responses) 

from the back-end research portal, a secured data management area. The download was a 

spreadsheet in CSV format (.csv) and did not include any identifiable data, rather unique 
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record codes and access codes provided to the study participants to verify that respond-

ents were indeed a part of the intended population. The spreadsheet was saved in a se-

cure, dual authenticated account on Microsoft Office OneDrive, under the Auburn Uni-

versity subscription. The final, cleaned spreadsheet was imported into IBM SPSS Statis-

tics Software, Version 26 (Release 26.0.0.0, 64-bit edition) as a data sheet for data analy-

sis, discussed in the following section. 

Data Analysis 

Descriptive, correlational and inferential (parametric and non-parametric where 

required) statistical analyses were applied to explore and identify statistically significant 

relationships between student characteristics and online learner readiness. The scores on 

the scales/subscales and learning styles sections were represented by continuous data. 

These scores are the dependent variables in the study. Student characteristics were repre-

sented by categorical data across the five variables presented in the research questions: 

gender, age group, whiteness, first generation status, and previous experience in online 

courses. All variables, data types and analysis performed can be seen in Table 13.  

The first step in the data analysis was to recode the independent variables (cate-

gorical data) in order to produce only two groups for each variable. This was to en-

sure that there are sufficient numbers in each group in order to perform meaningful 

inferential statistical analyses. The variables of gender and first generation were al-

ready binary (male/female and yes/no) so they were simply recoded so that: 0=fe-

male, 1=male and 0=First Gen, 1=Not First Gen. For Age Group, the nine age group 

categories were consolidated to two age groups where: 0=Over 42, 1=19-42. This 
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grouping was based on the 48 years between legal adulthood (age 19) and the aver-

age retirement age of 67. The midpoint is considered the dividing line at 43, thus the 

first group is everyone 43 and older, representing an older adult population and the 

second group is made up of study participants ages 19-42, representing younger 

adult populations. For Whiteness, the eight race categories were recoded into two 

groups where: 0=Not White, 1=White. For Previous Experience in Online Courses, 

the two groups were based on consolidating the six options into showing the effect 

of at least ONE course on online learner readiness. The recoding of this variable, 

therefore, was: 0=No Previous Online Course Experience, 1=At Least One Previous 

Online Course Taken.  Next, descriptive statistics including means and frequencies 

were performed for all of the dependent and independent variables including the 

original narrower categories for the independent variable as well as the consolidated 

variables that were recoded. After the data was described, Partial Correlation Analy-

sis was performed. Preliminary analyses were performed to ensure no violation of 

the assumptions of normality, linearity and homoscedasticity prior to Multivariate 

Analyses of Variance being analyzed.  

Descriptive Statistics 

 Descriptive statistics are tools that help to organize and summarize data. Descrip-

tive statistics were calculated for some aspects of the population as well as a more com-

plete profile of the sample. Descriptive statistics measured were sample population fre-

quencies overall for each independent variable as well as by binary group. Measures of 

central tendencies including means and standard deviation were also calculated for each 

dependent variable (scale, subscale, and learning style scores) were also calculated. 
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Partial Correlations 

 The first step in examining the relationships between the independent and depend-

ent variables was to perform a correlational analysis. Correlation analyses look specifi-

cally at the linear relationship between two variables. Although a relationship can be de-

termined using correlational statistics, it does not represent an effect or cause of one vari-

able or the other. Pallant (2005, p.116) write that examining statistical significance is not 

the only important result of correlation, it is also important to examine the amount of 

shared variance among two variables which can be assessed by Pearson’s Zero Order 

Correlation, r. While examining correlations for each independent variable, the other in-

dependent variables were controlled for by using a Partial Correlation technique. The 

Partial Correlation analysis allows the exploration of the relationship between two varia-

bles, while statistically controlling for the effect of another variable (Pallant, 2005). 

Multivariate Analysis of Variance (MANOVA) 

Multiple Analysis of Variance Analyses tells us if the mean difference between 

groups on a combination of dependent variables is likely to have occurred by chance 

(Pallant, 2005). It was relevant to use in this study because of the conceptual relationship 

between the dependent variable constructs. In addition, it allowed for the control multiple 

independent variables. The use of the MANOVA, rather than a series of One-Way 

ANOVA analyses, also can reduce the risk of error. MANOVA analyses were performed 

for the Main Scales (percentages, continuous, dependent variables) and the set of Learn-

ing Styles for each student characteristic (categorical, independent variable). Next, in or-

der to drill down to a finer scale in the analysis, each set of subscales (continuous, de-

pendent variables) were analyzed. Five separate MANOVA analyses were performed 
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with each analyzing the multiple dependent variables against each independent variable 

while controlling for the other independent variables (student characteristics). For each 

MANOVA, between-subjects, univariate results were examined in order to identify main 

and interaction effects.  

The five MANOVA analyses looked to explore: 

1. The effect of each independent variable on the set of overall scale scores; 

2. The effect of each independent variable on the set of Individual Attributes 

subscale scores; 

3. The effect of each independent variable on the set of Technical Knowledge 

and Competence subscale scores (two subscales were combined); 

4. The effect of each independent variable on the set of Life Factors subscale 

scores; and  

5. The effect of each independent variable on the set of Learning Styles scores.  

Summary 

 This chapter reviewed the aspects of the methods used in this study. The research 

design, the population and sampling frame, the sample, the instrument, data collection 

and data analyses were all discussed. In the next Chapter, the results of the study will be 

presented. 
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Chapter 4: Results  

Overview 

Economic and social factors serve as drivers influencing changes in adult educa-

tion in both formal academic settings as well as workforce and professional settings. The 

global COVID-19 pandemic (World Health Organization, 2020) is perhaps the strongest 

driving force that has pushed higher education and professional teams to function partly or 

fully through web-based interfaces. Online teaching, learning and working has taken the 

stage and is rising to meet urgent needs, thus effecting learners from all sects of life. Other 

social and economic drivers in the world of adult education are also impacting the move to-

wards online teaching and learning include: an aging and increasingly diverse population; 

the rapid pace of technological change; and the constantly shifting demands of the work-

place in this era of a global economy (Ross-Gordon, 2011). The evolving global economy 

has made national competition a major priority and the competitiveness of a nation de-

pends heavily upon its workforce. A couple of social constructs under focus in our modern 

society as we know it today are (self-identified) gender and race, specifically as it relates to 

biases, privilege and social justice in society.  

All of these factors point towards an increase in education and professional devel-

opment programs that are not only accessible, but also equitable. Online learning pro-

grams at post-secondary institutions of higher education offer a solution to the demand 

for training workers to advance professionally across many disciplines. Institutions offer-

ing highly experiential and field-based disciplines, like agriculture, may have been more 
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reluctant in the past to adopt the idea of offering fully online degree programs. However, 

today, with innovations in instructional design and technology, the market is opening up 

and these programs are becoming more commonplace in the online education market-

place. In addition, post-secondary agriculture education, like all other academic areas 

during the COVID-19 pandemic, are now required to develop online learning program-

ming as a strategy for contingency planning.  

For over twenty years, post-secondary agricultural education programs have been 

moving towards the utilization of online delivery of their content. Murphy and Terry pre-

dicted in 1998 that post-secondary agricultural education would likely focus on net-

worked applications and computer-based telecommunication technologies (Murphy & 

Terry, 1998); that day has arrived. Agriculture professionals are seeking online profes-

sional development opportunities in the form of post-secondary degrees through formal 

undergraduate and graduate academic programs. At Auburn University, the College of 

Agriculture has been formally receiving requests for information regarding their online 

course and degree offerings since June of 2015 (Grill & Beasley, 2020). Over a period of 

approximately five years (June 2015 – November 2020), 1,418 unique and valid entries 

were submitted to this single program, signaling a very real demand for online courses 

and degree options in agriculture. 

Williamson and Williams (2017) found that beginning farmers are more likely 

than established farmers to have at least a 4-year college degree (34.3 percent compared 

to 23.5 percent, respectively). The southern United States is home to 47 percent of begin-

ning farms, the largest percentage in the country (Williamson & Williams, 2017). A focus 
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group analysis of the programming needs and preferences of young farmers revealed bar-

riers as distance, time and lack of awareness to attending educational events (N. E. Bailey 

et al., 2014). Although beginning farmers are likely to be younger than established farm-

ers, 35 percent of beginning farmers are over age 55 and nearly 13 percent are 65 or 

older. Not all new farmers are young, however. Although beginning farmers are likely to 

be younger than established farmers, 35 percent of beginning farmers are over age 55 and 

nearly 13 percent are 65 or older. Bailey, Arnold, and Igo (2014) recommend that agri-

cultural educators need to decrease barriers and online learning is one way to do so in or-

der to provide learning opportunities that develop knowledge and competencies among 

farmers.    

The supply of opportunities to earn a formal degree fully online in a diversity of 

disciplines is steadily increasing. In a report from 2010, nearly three quarters of academic 

institutions surveyed reported that the economic downturn increased demand for online 

courses and programs (Allen & Seaman, 2010). Seaman, Allen, and Seaman (2018) also 

reported that growth of distance education has steadily increased since 2012 despite the 

trend towards a decline in overall enrollments. Further, they report that: “each one-year 

period (2012 to 2013, 2013 to 2014, 2014 to 2015, and 2015 to 2016), the largest numeric 

increase in the number of distance students occurred at public institutions, compared to 

private non-profit and for-profit schools and for-profit institutions have seen a decrease in 

total distance education enrollments”. This pattern is noteworthy because it coincides 

with the overall loss of students from for-profit enrollment seen during this same time pe-

riod, leaving a net effect of an increase every year in the overall number of students tak-

ing at least one distance education course. As the online education marketplace expands, 
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post-secondary institutions look for ways to open more opportunities for stepping up to 

the demand as well as ways to develop and improve existing programs.  

Problem Statement 

Parallel with the increase in demand in a range of popular and niche markets in 

online education, is the growing body of science, which is equally diverse. There are a 

number of areas that have been studied in an effort to better understand the great, big 

world of online learning. However, one issue is that smaller, less recognized and lower 

enrollment programs can be overlooked in the larger, more prominent online educational 

research studies. According to the Online Report Card (Online Report Card - Tracking 

Online Education in the United States, 2015, n.d.), the decisions of a relatively small 

number of academic leaders have a strong impact on the distance education world. This is 

so because the top 10% (481) of institutions represent 64.5% of all distance education en-

rollments, a very high degree of concentration. The concern is that the marketing and de-

velopment of programs at the top institutions will impact the majority of distance educa-

tion students. Online degree-granting programs with smaller enrollments and the students 

they serve may not be represented at the big table.  

  In order to combat attrition and low retention rates, many institutions have 

adopted the use of tools that reportedly measure Online Learner Readiness (OLR) of pro-

spective students (see Table 7). Such tools are purported to decrease attrition by helping 

the prospective online learner to self-evaluate on factors associated with readiness to 

learn in a computer/mobile based learning environment. In a study looking at e-learning 

readiness as a predictor of academic achievement, structural equation modeling con-

firmed that e-readiness is a statistically significant predictor of academic achievement in 
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online learning (Torun, 2020). Some OLR measurement instruments have been devel-

oped and validated technically and others only in practice or not at all. For those that 

have achieved some sort of validity, it is widely accepted, both in educational research as 

well as in administrative practice, that these tools may predict readiness and/or satisfac-

tion for online learning. Individuals interested in advancing professionally in agriculture 

through participation in online learning have more opportunities to do so now than in the 

past, but the opportunity alone may not equate to academic success or satisfaction of 

learners. In addition, little examination has been done looking at characteristics of stu-

dents specifically in agriculture programs, as they relate to online learner readiness. 

Joosten and Cusatis (2020) highlight the need for research examining student 

characteristics and their relationship with student outcomes for underrepresented students 

(minority students). Identifying areas of potential privilege based on whiteness, gender, 

age group, prior experience in online learning, and family will remove the assumption 

that there is not an effect of these characteristics on the final outcome of success in online 

learning, whether due to perception or structure. An analysis of the effect of student char-

acteristics on online learner readiness measures (scores) is important to ensure that any 

inherent biases associated with implementing the OLR tools are highlighted and that ar-

eas of need for student and program development can be strategically targeted.  

Purpose of the Study 

Both adult education and online student retention models stress the importance of 

developing online programs based on a student-centered perspective. The purpose of this 

study was to collect and analyze empirical data on student characteristics and their rela-
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tionships to online learner readiness, measured by scores on an OLR instrument. Specifi-

cally, it aimed to identify the effect of non-cognitive student characteristics on online 

learner readiness. Providers, designers and administrators of online degree programs in 

agriculture benefit from understanding prospective and current student characteristics in 

order to develop student services, courses and recruitment efforts that take into account 

not only the traditional cognitive attributes of the learner, but also non-cognitive attrib-

utes like demographics, experience in online courses and family college history (i.e., 

first-generation college students) that may be correlated or have an effect on them. Since 

agriculture degree programs tend to be small in nature compared to the typically high-en-

rollment online courses that get most of the academic research attention, small scale, em-

pirical studies such as this could benefit program development, improvement, and student 

recruiting/retention efforts. The small and specialized nature of agriculture academic pro-

grams may suffer from less focus on the specific needs and characteristics of interest in 

the broad scope of online education research. Moolman and Blignaut (2008) stress that, 

before implementing online learning environments, students’ characteristics should be 

carefully investigated in order to avoid a pedagogic mismatch (Hermanus B. Moolman & 

Seugnet Blignaut, 2008).  

The purpose of this study was to gather empirical data to describe and identify 

student characteristics that may correlate with or effect measures of online learner readi-

ness within a population of online learners who expressed interest in a post-secondary de-

gree program in agriculture. The study population included prospects and current students 

of a fully online degree program at a land grant university in Auburn, Alabama (Auburn 

University). According to adult education as well as online student retention models, it is 
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critical to develop online programs from a student-centered perspective. Post-secondary, 

online degree programs offering online courses for course credit typically serve adult 

populations and it therefore stands to reason that concepts in andragogy like learner-cen-

tered program development and implementation are useful to for advancing agriculture 

professionalism through online degree programs. 

Research Questions 

The study focused on the following research questions:  

1. What are the descriptive statistics for student characteristics and online learner 

readiness?  

2. Is there a statistically significant relationship between gender and online 

learner readiness?  

3. Is there a statistically significant relationship between age group and online 

learner readiness?  

4. Is there a statistically significant relationship between whiteness and online 

learner readiness?  

5. Is there a statistically significant relationship between first generation college 

students and online learner readiness? 

Significance of the Study 

Results of this study can aid in better understanding of online agriculture students 

in order to guide future development of programming. The small and unique nature of the 

agriculture academic community may result in less focus on the specific needs and char-

acteristics of interest in the broader scope of online education research. It is important 

that designers and administrators of online degree programs in agriculture understand 
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prospective and current student characteristics in order to develop student services, 

courses and recruitment efforts that take into account not only the traditional cognitive 

attributes of the learner, but also non-cognitive attributes like demographics, experience 

in online courses and family college history (being a first-generation college student) that 

may be correlated or have an effect on them. Since agriculture degree programs tend to 

be small in nature compared to the typically high-enrollment online courses that get most 

of the academic research attention, empirical studies such as this could benefit program 

development, improvement, and student recruiting/retention efforts, last but not least, fill 

a gap in research for an underserved academic community.  

Joosten and Cusatis (2020) bring attention to the lack of research examining 

underrepresented students in online education and how the attributes and perceptions of 

those students relate to student outcomes. This may be of particular importance because it 

has been reported that these students have significant barriers in enrolling and completing 

online courses (T. Bailey et al., 2010; Joosten & Cusatis, 2020). Hung et al. (2010) write, 

“Since online learning has become highly popular in educational institutions… there has 

been and will continue to be a need for faculty and students to re-examine students’ read-

iness and to redevelop a more comprehensive measure of students’ readiness. By under-

taking this task, teachers can design better online courses and guide students toward suc-

cessful and fruitful online learning experiences.”  

There was a time in the history of online learning where administrators had the 

luxury of accepting that some adult learners just may not be ready for online learning, but 

these days, in light of pandemic-related contingency plans in higher education and the 

workforce, it has become an equity issue. The question is no longer, “Is the student ready 
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for online learning?”. Now, the question is, “What is needed to ensure that all students 

have equal opportunity to achieve and be satisfied in online learning courses and 

programs; and what are the areas most in need of targeting to ensure equity in online 

learning?”. 

The findings of this study contribute to the broad base of online teaching and 

learning research that has been mounting over the past three decades. Although this study 

was small in scale, it contributes by providing one piece of the puzzle that is laying the 

foundations for the future of increased quality in online education across all disciplines 

and sizes of institutions/programs. This study provides a unique lens into the small, niche 

population of prospective and current online agriculture students at a post-secondary in-

stitution. Typically, low enrollment online programs do not have the resources to conduct 

research for program development and improvement and the broader research may not be 

relevant to the population that they serve. This research contributes to an area of need for 

small online degree programs in agriculture.  

Organization of Data Analysis 

The analysis of SMLRI™ data involved five stages which are described here. 

Next, statistically significant results are presented, organized by the research questions in 

which they aimed to answer. The first stage was to analyze the Descriptive statistics to 

understand the Population, Sample, Survey Response, and Overall Online Learner Readi-

ness Scores. Next, Partial Correlations between the dependent and independent variables 

(see summary in Table 17). The third stage was to run the multivariate tests in a series of 

five Multiple Analysis of Variance (MANOVA) tests. Since all but one of the five 
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MANOVA models did not pass the Box’s test, the decision was made to run all depend-

ent variables and independent variables in a non-parametric analysis of mean ranks. Be-

fore the non-parametric tests were run, the fourth stage involved analyzing the results of 

the between-subjects, univariate analyses of variance. Finally, in the fifth stage, the non-

parametric tests were run. The test chosen was Mann Whitney U and it served to discover 

any statistically significant relationships not detected by the inferential tests (that have 

more stringent variance-covariance homogeneity assumption requirements). Although the 

additional, non-parametric test was included, the MANOVA results were still considered. 

Stage five served to confirm relationships identified in other stages of the analysis.  

Five stages of Data Analysis 

The analysis of SMLRI™ data involved five stages which are described here. 

Next, statistically significant results are presented, organized by the research questions in 

which they aimed to answer. The first stage was to analyze the Partial Correlations be-

tween the dependent and independent variables (see summary in Table 17). The second 

stage was to run the multivariate tests in a series of five Multiple Analysis of Variance 

(MANOVA) tests. Since all but one of the five MANOVA models did not pass the Box’s 

test, the decision was made to run all dependent variables and independent variables in a 

non-parametric analysis of mean ranks. The test chosen was Mann Whitney U and this 

test was the fourth stage and served to discover any statistically significant relationships 

not detected by the inferential tests (that have more stringent variance-covariance homo-

geneity assumption requirements). Although the additional, non-parametric test was in-

cluded, the MANOVA results were still considered. It also served to confirm relation-

ships identified in other stages of the analysis. Prior to that, however, in the third stage, 
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the Univariate between-subjects relationships produced as part of the MANOVA analysis 

were analyzed. Where individual variables did not pass the Levene’s Test of Equality of 

Error of Variances, a lower, the acceptable alpha level was lowered to .025 rather than 

.05.  

In summary:  

1. Stage 1 – Descriptive Statistics. The first step in the data analysis was to ex-

plore descriptive statistics which looked at both means, mean ranks, and fre-

quencies. Information explored was about the Population, the sample, the sur-

vey response, demographic data and SMLRI™ scores including group break-

downs by Independent Variable. 

2. Stage 2 - Partial Correlation (COR) Results. Each independent variable was 

analyzed with the dependent variables while controlling for the remaining in-

dependent variables. The Independent Variable that had the most statistically 

significant correlations with the Dependent Variables was Whiteness and the 

least correlations were present for Previous Experience in Online Courses. Re-

sults of the Partial Correlation analysis that were statistically significant (at 

the p=.05 and p=.01 levels) are summarized in Table 17.  

3. Stage 3 - MANOVA (Parametric tests) MANOVA (MAN) Results: Five sepa-

rate MANOVA Analyses were performed all using the same five independent 

variables: Gender, Age Group, Whiteness, First Gen and Previous Online Ex-

perience. The five one-way, between groups multivariate analysis of variance 

were performed to investigate the independent variables and online learner 

readiness scale, subscale and learning style scores. Results of the MANOVA 
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analyses that were statistically significant (at the p=.05 and p=.01 levels) are 

summarized in the tables section. Preliminary assumption testing was con-

ducted to check for normality, linearity, univariate and multivariate outliers, 

homogeneity of variance-covariance matrices, and multicollinearity for each 

MANOVA: 

a. In MANOVA #1, five dependent variables were used, the scale level 

categories of: Individual Attributes Overall Percent, Technical 

Knowledge Overall Percent, Technical Competency Overall Percent, 

Life Factors Overall Percent and Reading (RPM). Reading (WPM) 

was determined to be the variable causing issues and preventing the 

passing of the Box’s test. Therefore, this variable was removed from 

the multivariate model and the analysis continued with no serious or 

meaningful violations noted.  

b. In MANOVA #2, six dependent variables were used, the subscales of 

Individual Attributes: Academic Attributes, Help Seeking, Locus of 

Control, Persistence, Procrastination, and Time Management. The 

multivariate test did not pass the test of assumption of homogeneity of 

variance-covariance matrices: F(210,5499.96)=1.317, df=, p=0.002. 

Therefore, the decision was made to backup and confirm all 

MANOVA findings with a comparison of potential mean rank differ-

ences in a non-parametric test, Mann Whitney U. The MANOVA anal-

ysis was still interpreted given that there may be some relevant infor-

mation confirmed or revealed. 
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c. In MANOVA #3, six dependent variables were used, the subscales of 

Technology Knowledge and Technology Competence. The multivari-

ate test did not pass the test of assumption of homogeneity of variance-

covariance matrices: F(147,3883.54)=1.54, p=0.000. Therefore, the 

decision was made to backup and confirm all MANOVA findings with 

a comparison of potential mean rank differences in a non-parametric 

test, Mann Whitney U. The MANOVA analysis was still interpreted 

given that there may be some relevant information confirmed or re-

vealed. 

d. In MANOVA #4, five dependent variables were used, the subscales of 

Life Factors: Place, Reason, Resources, Skills, and Time. The multi-

variate test did not pass the test of assumption of homogeneity of vari-

ance-covariance matrices: F(195,5593.25)=1.21, p=0.024. Therefore, 

the decision was made to backup and confirm all MANOVA findings 

with a comparison of mean rank differences among groups in a non-

parametric test, Mann Whitney U. The MANOVA analysis was still 

interpreted given that there may be some relevant information con-

firmed or revealed. 

e. In MANOVA #5, the seven learning styles were analyzed as depend-

ent variables: Aural, Logical, Physical, Social, Solitary, Verbal, and 

Visual. The multivariate test did not pass the test of assumption of ho-

mogeneity of variance-covariance matrices: F(196,5709.49)=1.23, 

p=0.016. Therefore, the decision was made to backup and confirm all 



 124 

MANOVA findings with a comparison of potential mean rank differ-

ences in a non-parametric test, Mann Whitney U. The MANOVA anal-

ysis was still interpreted given that there may be some relevant infor-

mation confirmed or revealed. 

4. Stage 4 - Between-Subjects, Univariate (UNI) Results (Parametric tests): For 

each dependent variable analyzed in the MANOVA analyses, between-sub-

ject, univariate analysis of variance tests were also conducted. Since, the 

Reading (WPM) dependent variable was removed from MANOVA#1, it was 

analyzed separately in a One-Way ANOVA. Summaries of the univariate re-

sults can be seen in Table 18, Table 19, Table 20, Table 21, Table 22, and Ta-

ble 27.   

5. Stage 5: Mann Whitney U (MWU) (Non-parametric tests): All dependent var-

iables were analyzed in the Mann Whitney U analysis to compare mean ranks 

across independent variable groups. Statistically significant results from the 

analyses are summarized in the Tables section. 

Descriptive Statistics: Population, Sample, Survey Response, and SMLRI™ Scores 

Population. The population consisted of a total of 720 individuals. Demographic 

information was not available for this population, but descriptive information was col-

lected about residential state of prospect (see Table 8), main objective for seeking infor-

mation about online learning in agriculture (see Table 9), and agricultural programs of in-

terest of the population (see Figure 4 and Table 10).  
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The top five states represented in the population are Alabama (n=166), Georgia 

(n=72), Texas (n=40), California (n=38), and Tennessee (n=29). Over six hundred indi-

viduals in the population had the main objective to obtain a degree, with twice as many 

seeking to earn a graduate degree (n=440) as those seeking to earn an undergraduate de-

gree (n=201). Other main objectives for seeking information about online learning in ag-

riculture were: to participate in professional and continuing education course/certification 

(n=40), to take academic graduate courses not towards a degree (n=9), and to take aca-

demic undergraduate courses not towards a degree (n=30). On the online inquiry form 

from which the population list was derived, individuals were asked to choose up to five 

program areas in which they were most interested in taking online courses or programs. 

The most frequently chosen programs were Agronomy/Crops and Soils (n=453), Envi-

ronmental Sciences (n=340), Agriculture Economics (n=276), Plant Pathology (n=240), 

Horticulture (n=240), Animal Science (n=199), and Entomology (n=134). Less fre-

quently selected program areas were Turfgrass Management (n=99), Biosystems Engi-

neering (n=98), Aquaculture (n=82), Food Science (n=81), Fisheries (n=80), Poultry Sci-

ence (n=74), Aquatic Science (n=71), Rural Sociology (n=63), and Other (n=46).  

Sample. Descriptive statistics of survey respondents (representing the sample) 

and results of a Chi-Square test (revealing statistically significant difference in response 

frequency among groups) are presented in this section. There were 212 (29.1%) individu-

als from the population who completed at least some portion of the SMLRI™ survey in-

strument as part of this study. The frequency of responses for each category of the inde-

pendent variables is summarized in Table 14.  
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Independent Variable #1 was Gender, divided into two categories, male and fe-

male, with 133 (62.7%) males and 79 (37.3%) females responding. Independent Variable 

#2 was Age Group with the highest response frequency among the 23-27 age range and 

the lowest among those over 60. The binary recoding of this variable divided the age 

groups into two categories: 19-42 and Over 42. Response frequency was highest for the 

19-42 group at (74.5%) and lowest for the Over 42 group at 53 (25.0%).  Independent 

Variable #3 was Whiteness with respondents who self-identified as Caucasian numbering 

161 (75.9%) and the remaining groups were combined to represent the Not White group, 

with 51 (24.1%) respondents. Independent Variable #4 was First Generation and resulted 

in 137 (64.6%) respondents who were not First Generation college students and 75 who 

were First Generation (35.4%). Lastly, Independent Variable #5 was Previous Experience 

in Online Courses. Most of the respondents had at least some previous experience in 

online courses at 163 (76.9%) with only 49 (23.1%) respondents having had no previous 

experience at all. Chi-Square tests on the response frequency data revealed that all five 

binary categories (IVs) showed statistically significant differences between expected re-

sponse frequencies and observed response frequencies (see Table 14). 

SMLRI™ Scores. The mean scores and standard deviations for each of the five 

scales, seventeen subscales, and seven learning styles were summarized in Table 16, 

listed in descending order from highest to lowest means by percent for each category. For 

scale data, the section with the highest mean score compared to the other main scales, 

was Technical Competency with an overall mean score for the sample of 92.72 (n=164, 

SD=9.62), followed by: Individual Attributes at 78.81 (n=185, SD=7.25), Technical 
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Knowledge at 77.79 (n=150, SD=10.23), and lastly, Life Factors at 73.34 (n=212, 

SD=9.89). For the Reading (WPM) test, the mean was 210.34 (n=112, SD=75.56). 

 The Subscales for each Scale were also recorded, in order to look closer into each 

scale category. The first subscale under analysis was for Individual Attributes which had 

six factors. Ranked from highest to lowest ranked mean scores, they were: Time Manage-

ment (n=185, M=14.32, SD=1.96), Academic Attributes (n=185, M=14.06, SD=1.90), 

Procrastination (n=185, M=12.13, SD=2.33), Persistence (n=185, M=11.82, SD=1.64), 

Help Seeking (n=185, M=11.81, SD=1.50), and lastly, Locus of Control (n=185, 

M=11.51, SD=1.93). The next subscale was Technology Knowledge. Personal Com-

puter/Internet (n=150, M=11.99, SD=1.16) had the highest mean score in the subscale, 

followed by: Technology Vocabulary (n=150, M=9.01, SD=1.38), Technology Usage 

(n=150, M=15.05, SD=3.25), and, lastly, Technology in Your Life (n=150, M=13.73, 

SD=3.47). For the Technical Competency subscale, there were only two categories: Inter-

net Competency (n=164, M=47.07, SD=5.65) had the highest mean and Computer Com-

petency (n=164, M=45.12, SD=6.69) had the lowest. The next subscale was Life Factors 

which was led by Reason (n=212, M=16.63, SD=2.94), followed by Place (n=212, 

M=16.03, SD=2.36), Skills (n=212, M=14.66, SD=2.52), Resources (n=212, M=14.51, 

SD=3.39) and Time (n=212, M=11.51, SD=2.83). The last set of scores were the Learn-

ing Styles. The Learning Style with the highest mean was Physical (n=175, M=7.35, 

SD=1.45) and the lowest mean was for Aural (n=175, M=5.75, SD=2.32). Ranked be-

tween were Solitary (n=175, M=7.26, SD=1.58), Social (n=175, M=6.95, SD=1.51), Ver-

bal (n=175, M=6.90, SD=1.71), Logical (n=175, M=6.86, SD=1.68), and Visual (n=175, 

M=6.79, SD=1.61). 



 128 

Parametric and Non-Parametric Statistical Analyses Results by Independent 

Variable 

Independent Variable #1: Gender (Male/Female)  

The Partial Correlations analysis revealed statistically significant correlations be-

tween gender and five different learning styles: Aural (r=-0.177, n=169, p<0.021), Logi-

cal (r=-0.182, n=169, p<0.017), Physical (r=-0.199, n=169, p<0.009), Social (r=-0.195, 

n=169, p<0.011), and Solitary (r=-0.199, n=169, p<0.009).  

There were no statistically significant effects across five MANOVA tests for the 

combined dependent variables or for univariate, between subjects analyses for Gender. 

However, the Mann Whitney U test confirmed statistical significance of the mean rank 

differences of the same five learning styles identified in the partial correlations: Aural 

(z=-2.729, p<0.006; Female ranked higher), Logical (z=-2.343, p<0.019; Female ranked 

higher), Physical (z=-2.632, p<0.008; Female ranked higher), Social (z=-2.447, p<0.014; 

Female ranked higher), and Solitary (z=-2.455, p<0.014; Female ranked higher). 

Independent Variable #2: Age Group (Over 42/19-42) 

The Partial Correlations analysis revealed statistically significant correlations be-

tween age group and the Individual Attributes Scale Percent (r=-0.166, n=179, p<0.026), 

IA-Help Seeking (r=-0.204, n=179, p<0.006), IA-Locus of Control (r=-0.193, n=179, 

p<0.010), LF-Place (r=-0.160, n=206, p<0.021), and Verbal Learning Style (r=-0.184, 

n=169, p<0.016).  

There were no statistically significant MANOVA multivariate results across the 

five analyses for Age Group or on the univariate tests. For MANOVA #2 (Subscales: In-
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dividual Attribute), there were some dependent variables that were close to statistical sig-

nificance, but with the adjusted alpha level to account for the assumption violations, they 

did not make the adjusted significance cut-off of alpha=.025.  

The Mann Whitney U test confirmed statistical significance of the mean rank dif-

ferences among groups for the same dependent variables as identified in the partial corre-

lation: Individual Attributes Scale (z=-2.228, p<0.026; Over 42 ranked higher), IA-Help 

Seeking (z=-.284, p<.005; Over 42 ranked higher), IA-Locus of Control (z=-2.418, 

p<.016; Over 42 ranked higher), LF-Place (z=2.292, p<.022; Over 42 ranked higher), and 

Verbal Learning Style (z=-2.106, p<0.035; Over 42 ranked higher).  

Independent Variable #3: Whiteness (Not White/White)  

The Partial Correlations analysis revealed statistically significant correlations be-

tween Whiteness and IA-Locus of Control (r=0.155, n=179, p<0.038), TK-Personal 

Computer/Internet (r=0.195, n=144, p<0.018), TK-Technology Vocabulary (r=0.234, 

n=144, p<0.005), LF-Reason (r=-0.213, n=206, p<0.002), LF-Time (r=-0.163, n=206, 

p<0.019), and Reading (WPM) (r=0.204, n=107, p<0.034).  

All DV groups except for the Learning Styles group (analyzed in MANOVA #5) 

showed multivariate effects of Whiteness, however only one, MANOVA #1 (Main Scale 

Percentages) passed the assumption of homogeneity of variance-covariance matrices. 

There were statistically significant main effects detected for Whiteness on the combined 

dependent variables in the following MANOVA analyses:  

1. MANOVA #1 (Main Scale Percentages), where F(4, 120)=3.26, p=.014; 

Wilks’ Lambda=.902; partial eta squared=.098;  
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2. MANOVA #2 (Subscales: Individual Attributes), where F(6,153)=2.43, 

p=.028; Wilk’s Lambda=.913; partial eta squared=.087;  

3. MANOVA #3 (Subscales: Technology Knowledge and Competence), 

where F(6,118)=2.176, p=.050; Wilk’s Lambda=.900; partial eta 

squared=.100, with a statistically significant interaction effect revealed for 

IV3:Whiteness*IV4:FirstGeneration, where: F(6,118)=3.27, p=.005; par-

tial eta squared=.142. A further analysis of the interaction showed that the 

effect of IV3White is not the same on these combined variables for First 

Generation and Not First Generation and the graphical analysis revealed 

the effect of Whiteness is mainly on First Generation for this DV group. 

4. MANOVA #4 (Subscales: Life Factors), where F(5,181)=4.13, p=.001; 

Wilk’s Lambda=.898; partial eta squared=.102.  

The following DVs showed statistically significant between-subjects results, de-

tecting main and interaction effects of Whiteness: for Individual Attributes Percent, Not 

White (M=81.43) had a statistically significant higher mean than White (M=78.37), where 

F (1,246.13)=5.08, p=.026 (partial eta squared=.040); IA-Academic Attributes, Not White 

(M=14.73) had a statistically significant higher mean than White (M=13.46), where  

F(1,23.9)=7.16, p=.008 (partial eta squared=.043) and an interaction effect was detected 

for IV3White*IV5PrevExp, where F(1,16.55), p=.027 (partial eta squared=.030). Graph-

ical analysis of the interaction showed that the main effect of IV3White on IA-Academic 

Attributes was slightly offset by the interaction of the Previous Experience. Whiteness 

only had more of an effect on this DV for the No Previous Experience group, White 

group than the Previous Experience, White group; IA-Persistence, Not White (M=12.61) 
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had a statistically significant higher mean than White (M=11.80), where F(1,29.93)=8.44, 

p=.004 (partial eta squared=.051) and an interaction effect was detected for IV2Age 

Group*IV3White, where F(1,13.40)=5.15, p=.025 (partial eta squared=.032). Graphical 

analysis of the interaction showed that the effect of Age Group on this variable was not 

the same for White and Not White, where the 19-42 group showed little difference in 

mean scores between White and Not White, but the Over 42 group scores on this variable 

were statistically affected by Whiteness. The Over 42, Not White group showed higher 

IA-Persistence scores than the Over 42, White Group; IA-Time Management, Not White 

(M=14.75) had a statistically significant higher mean than White (M=14.03), where 

F(1,17.91)=5.28, p=.023 (partial eta squared=.032); TK-Technology Vocabulary, White 

(M=9.30) had a statistically significant higher mean than Not White (M=8.32), and a sta-

tistically significant interaction effect was detected. The interaction was 

IV3White*IV4FirstGen, where F(1,9.54)=4.99, p=.025 (partial eta squared=.039). A 

graphical analysis was performed to better understand the interaction effect. It was re-

vealed that Whiteness was only having the effect for Not White, First Generation groups. 

The Not White, First Generation group scored lower on the TK-Technology Vocabulary 

subscale than did the Not White, Not First-Generation group; and Reading (WPM), White 

(M=219.23) had a statistically significant higher mean than Not White (M=180.92).   

The Mann Whitney U tests confirmed statistical significance of differences (be-

tween White and Not White groups) for all of the dependent variables identified in the 

Partial Correlations except for TK-Personal Computer/Internet. The significantly signifi-

cant mean rank difference results on the MWU tests were for: IA-Locus of Control, where 

z=-2.318, p<.020 and White ranked higher than Not White; TK-Technology Vocabulary, 
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where z=-.2889, p<.004 and White ranked higher than Not White; LF-Reason, where z=-

2.889, z=-3.608, p<.000 and Not White ranked higher than White; LF-Time, where z=-

2.288, p<.008, and Not White ranked higher; and Reading (WPM), where z=-2.106, 

p<0.035, and White ranked higher. 

Independent Variable #4: First Generation (First Gen/Not First Gen)  

The Partial Correlations analysis revealed statistically significant correlations be-

tween First Generation and IA-Time Management (r=-0.210, n=179, p<0.005), IA-Persis-

tence (r=-0.168, n=179, p<0.024), LF-Reason (r=-0.195, n=206, p<0.005), and LF-Time 

(r=-0.175, n=206, p<0.012). 

On the multivariate analyses, statistically significant main effects were detected 

for First Generation on the combined dependent variables in two of the MANOVA anal-

yses:  

1. MANOVA #2 (Subscales: Individual Attributes), where F(6,153)=2.30, 

p=.037; Wilk’s Lambda=.917; partial eta squared=.083 with a statistically 

significant interaction effect detected for IV4FirstGen*IV5PrevExp, 

where F(6,153)=2.61, p=.019; Wilk’s Lambda=.907; partial eta 

squared=.093. A graphical analysis was performed to further explore the 

interaction.  

2. MANOVA #4 (Subscales: Life Factors), where F(5,181)=2.32, p=.045; 

Wilk’s Lambda=.940; partial eta squared=.060.  

The following dependent variables showed statistically significant Univariate 

analysis of variance results for the effect of First Generation: for Individual Attributes 

Percent (Main Scale), First Generation (M=80.64) had a statistically significant higher 
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mean than Not First Generation (M= 78.95), where F(1,205.11)=4.232, p=.042 (partial 

eta squared=.033); for IA-Persistence, First Generation (M=12.44) had a statistically sig-

nificant higher mean than Not First Generation (M=11.92), where F(1,19.73)=7.59, 

p=.007 (partial eta squared=.046); for LF-Time, First Generation (M=12.43) had statisti-

cally significant higher mean scores than Not First Generation (M=11.17), where 

F(1,30.90)=4.36, p=.038 (partial eta squared=.023); and for LS-Logical, First Generation 

(M=7.32) had a statistically significant higher mean than Not First Generation (M=6.81), 

where F(1,13.53), p=.029 (partial eta squared=(.032).  

The Mann Whitney U tests confirmed statistical significance of mean rank differ-

ences for all of the same dependent variables identified in the Partial Correlation tests: 

IA-Time Management, where  z=-3.041, p<.002 and First Generation ranked higher than 

Not First Generation; IA-Persistence, where z=-2.318, p<.020, and First Generation 

ranked higher than Not first Generation; LF-Reason, where z=-2.515, p<.002, and First 

Generation ranked higher than Not First Generation; and LF-Time, where z=-2.228, 

p<.022, and First Generation ranked higher than Not First Generation.  

Independent Variable #5: Previous Experience in Online Courses (No Prev Exp/Some 

Prev Exp) 

The Partial Correlations analysis revealed statistically significant correlations be-

tween Previous Experience in Online Courses and IA-Time Management (r=.184, n=179, 

p<0.013). The Mann Whitney U tests confirmed statistical significance of mean rank dif-

ferences for the same dependent variable identified in the Partial Correlation tests, IA-

Time Management (z=-2.245, p<.025), where Previous Experience ranked higher. 

Dependent Variables with No Statistically Significant Univariate Results 
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 There were eleven dependent variables that can be interpreted “the same” across 

the five dependent variables due to the fact that they had no statistically significant uni-

variate results on the parametric and non-parametric tests. On the Main Scales, Technical 

Knowledge, Technical Competency, and Life Factors Percentages were not statistically 

different. In addition, the following eight subscales items did not offer statistically signif-

icant univariate results: IA-Procrastination, TK-Technology in Your Life, TK-Technol-

ogy Usage, TC-Computer Competency, TC-Internet Competency, LF-Resources, LF-

Skills, and LS-Visual.  

Overview of Statistically Significant Findings by Research Questions 

 Is there a statistically significant relationship between gender and online learner 

readiness? The analyses performed suggest that no statistically significant relationship 

exists between gender (as measured by male and female) and any of the online learner 

readiness scales or subscales. However, in the non-parametric analyses for learning 

styles, females were shown to rank statistically higher on five of the seven categories: 

Aural, Logical, Physical, Social, Solitary and Solitary.  

Is there a statistically significant relationship between Age Group and online 

learner readiness? For the two age groups analyzed in the statistical tests performed 

(Over 42/19-42), there were no statistically significant relationships identified in the para-

metric tests, however, the non-parametric tests did detect relationships between Age 

Group and one main scale, three subscale items and one learning style category. The 

Over 42 group ranked statistically higher in each of the following categories: Individual 

Attributes Percent Scale, IA-Help Seeking, IA-Locus of Control, LF-Place, LF-Time, and 

LS-Verbal. In addition, there was a statistically significant interaction effect of Age 
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Group and Whiteness on IA-Persistence which showed that while Age Group may affect 

this variable, the greater effect that of Whiteness. 

Is there a statistically significant relationship between Whiteness and online 

learner readiness? Whiteness showed more significant effects than all five independent 

variables measured on the combined dependent variable groups analyzed in the 

MANOVA tests. All four of the dependent variable groups that were used to measure 

online learner readiness showed a statistically significant effect by Whiteness. In addi-

tion, six of the dependent variables had statistically significant results on the effect of 

Whiteness when examine separately on the parametric tests. For the non-parametric tests, 

five different dependent variables showed statistically significant results for detecting the 

relationship, in addition to confirming the significant effect of Whiteness on one depend-

ent variable identified in the parametric test. Specifically, the parametric test showed that 

the Not White group had statistically significant higher means on the Individual Attributes 

Percent Scale, IA-Academic Attributes, IA-persistence, and IA-Time Management, while 

the White group had a statistically significant higher mean on the TK-Technology Vocab-

ulary category and Reading (WPM).  

If analyzed alone, without the statistically significant interaction effects, the main 

effects may be misleading, thus a deeper analysis was required. Upon inspection, it was 

revealed that while White exhibited a main effect on TK-Technology Vocabulary scores, 

the effect was only evident in the Not White group for those that were First Generation in 

their effect. The Not White group that was also First Generation had lower mean scores 

than the Not White, Not First-Generation group. However, for the Not First-Generation 
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group, White and Not White did not score much differently. First Generation is having an 

effect on Not Whites more than Whites for this DV.  

The non-parametric tests confirmed the relationship between Whiteness and TK-

Technology Vocabulary, where the White group mean rank was statistically higher than 

the Not White group. It also revealed that White ranked statistically higher in Reading 

(WPM) and IA-Locus of Control; and that Not White ranked statistically higher in the two 

Life Factors categories of LF-Reason and LF-Time. Whiteness was shown to have a sta-

tistically significant effect on at least three of four stages of the data analyses (three of 

four tests applied) for the following five dependent variables: IA-Locus of Control, TK-

Technology Vocabulary, LF-Reason, LF-Time, and Reading (WPM). 

Is there a statistically significant relationship between First Generation college 

student status and online learner readiness? First Generation showed to have statistically 

significant main effects on the combined dependent variables on two of the multivariate 

analyses: Individual Attributes Subscale and Life Factors Subscale. For the Individual At-

tributes Subscale, although First Generation had a main effect on the combined depend-

ent variables, Previous Experience interacted in a variety of ways across the Individual 

Attribute categories, such that the conclusion was made that the main effect of First Gen-

eration should only be analyzed overall for this subscale if taking Previous Experience 

into account and inspecting the individual dependent variables further.  

Further, the parametric tests revealed statistically significant effects of First Gen-

eration on the following five dependent variables on between-subjects analyses: Individ-

ual Attributes Percent, IA-Persistence, IA-Time Management, LF-Reason, LF-Time, and 

LS-Logical. For each of these dependent variables, First Generation had a statistically 
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higher mean score than Not First Generation. These results were confirmed in the non-

parametric analyses for all of the same dependent variables, with First Generation having 

statistically significant higher mean rank scores than Not First Generation; with the ex-

ception the LS-Logical variable, which showed no relationship on the non-parametric 

tests. 

First Generation interacted with Whiteness on the Technology Knowledge and 

Competence Subscale multivariate analysis, showing that First Generation is only affect-

ing the Not White group and not the White group on mean scores on the combined de-

pendent variables for this subscale.  

Is there a statistically significant relationship between previous experience in 

online courses and online learner readiness? Previous Experience showed the least num-

ber of statistically significant effects on the combined and univariate dependent variables 

used to measure online learner readiness. As for Gender and Age Group, there were no 

statistically significant multivariate or univariate relationships detected for Previous Ex-

perience. However, the non-parametric tests detected one dependent variable, IA-Time 

Management, that Previous Experience demonstrated a statistically significant relation-

ship with, where the Previous Experience group was associated with higher mean rank 

scores than the No Previous Experience group. 

Summary 

 The statistically significant results for all parametric and non-parametric tests per-

formed in this study have been presented in this chapter. First, the descriptive statistics 

looked to explore specific aspects of the population and sample, survey response data and 

overall mean scores with standard deviations. Next, results from Partial Correlations, 
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Multivariate and Univariate (Between-Subjects) Analyses of Variance tests, and Mann 

Whitney U tests were presented organized by Independent Variable. The last section 

summarized all of the statistically significant results as they related to the research ques-

tions posed at the beginning of the study. The next chapter will discuss the results, study 

conclusions, and make recommendations for program administration as well as for future 

research. 
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Chapter 5: Conclusion  

Overview 

Economic and social factors serve as drivers influencing changes in adult educa-

tion in both formal academic settings as well as workforce and professional settings. The 

global COVID-19 pandemic (World Health Organization, 2020) is perhaps the strongest 

driving force that has pushed higher education and professional teams to function partly or 

fully through web-based interfaces. Online teaching, learning and working has taken the 

stage and is rising to meet urgent needs, thus effecting learners from all sects of life. Other 

social and economic drivers in the world of adult education are also impacting the move to-

wards online teaching and learning include: an aging and increasingly diverse population; 

the rapid pace of technological change; and the constantly shifting demands of the work-

place in this era of a global economy (Ross-Gordon, 2011). The evolving global economy 

has made national competition a major priority and the competitiveness of a nation de-

pends heavily upon its workforce. A couple of social constructs under focus in our modern 

society as we know it today are (self-identified) gender and race, specifically as it relates to 

biases, privilege and social justice in society.  

All of these factors point towards an increase in education and professional devel-

opment programs that are not only accessible, but also equitable. Online learning pro-

grams at post-secondary institutions of higher education offer a solution to the demand 

for training workers to advance professionally across many disciplines. Institutions offer-

ing highly experiential and field-based disciplines, like agriculture, may have been more 



 140 

reluctant in the past to adopt the idea of offering fully online degree programs. However, 

today, with innovations in instructional design and technology, the market is opening up 

and these programs are becoming more commonplace in the online education market-

place. In addition, post-secondary agriculture education, like all other academic areas 

during the COVID-19 pandemic, are now required to develop online learning program-

ming as a strategy for contingency planning.  

For over twenty years, post-secondary agricultural education programs have been 

moving towards the utilization of online delivery of their content. Murphy and Terry pre-

dicted in 1998 that post-secondary agricultural education would likely focus on net-

worked applications and computer-based telecommunication technologies (Murphy & 

Terry, 1998); that day has arrived. Agriculture professionals are seeking online profes-

sional development opportunities in the form of post-secondary degrees through formal 

undergraduate and graduate academic programs. At Auburn University, the College of 

Agriculture has been formally receiving requests for information regarding their online 

course and degree offerings since June of 2015 (Grill & Beasley, 2020). Over a period of 

approximately five years (June 2015 – November 2020), 1,418 unique and valid entries 

were submitted to this single program, signaling a very real demand for online courses 

and degree options in agriculture. 

Williamson and Williams (2017) found that beginning farmers are more likely 

than established farmers to have at least a 4-year college degree (34.3 percent compared 

to 23.5 percent, respectively). The southern United States is home to 47 percent of begin-

ning farms, the largest percentage in the country (Williamson & Williams, 2017). A focus 
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group analysis of the programming needs and preferences of young farmers revealed bar-

riers as distance, time and lack of awareness to attending educational events (N. E. Bailey 

et al., 2014). Although beginning farmers are likely to be younger than established farm-

ers, 35 percent of beginning farmers are over age 55 and nearly 13 percent are 65 or 

older. Not all new farmers are young, however. Although beginning farmers are likely to 

be younger than established farmers, 35 percent of beginning farmers are over age 55 and 

nearly 13 percent are 65 or older. Bailey, Arnold, and Igo (2014) recommend that agri-

cultural educators need to decrease barriers and online learning is one way to do so in or-

der to provide learning opportunities that develop knowledge and competencies among 

farmers.    

The supply of opportunities to earn a formal degree fully online in a diversity of 

disciplines is steadily increasing. In a report from 2010, nearly three quarters of academic 

institutions surveyed reported that the economic downturn increased demand for online 

courses and programs (Allen & Seaman, 2010). Seaman, Allen, and Seaman (2018) also 

reported that growth of distance education has steadily increased since 2012 despite the 

trend towards a decline in overall enrollments. Further, they report that: “each one-year 

period (2012 to 2013, 2013 to 2014, 2014 to 2015, and 2015 to 2016), the largest numeric 

increase in the number of distance students occurred at public institutions, compared to 

private non-profit and for-profit schools and for-profit institutions have seen a decrease in 

total distance education enrollments”. This pattern is noteworthy because it coincides 

with the overall loss of students from for-profit enrollment seen during this same time pe-

riod, leaving a net effect of an increase every year in the overall number of students tak-

ing at least one distance education course. As the online education marketplace expands, 
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post-secondary institutions look for ways to open more opportunities for stepping up to 

the demand as well as ways to develop and improve existing programs.  

Problem Statement 

Parallel with the increase in demand in a range of popular and niche markets in 

online education, is the growing body of science, which is equally diverse. There are a 

number of areas that have been studied in an effort to better understand the great, big 

world of online learning. However, one issue is that smaller, less recognized and lower 

enrollment programs can be overlooked in the larger, more prominent online educational 

research studies. According to the Online Report Card (Online Report Card - Tracking 

Online Education in the United States, 2015, n.d.), the decisions of a relatively small 

number of academic leaders have a strong impact on the distance education world. This is 

so because the top 10% (481) of institutions represent 64.5% of all distance education en-

rollments, a very high degree of concentration. The concern is that the marketing and de-

velopment of programs at the top institutions will impact the majority of distance educa-

tion students. Online degree-granting programs with smaller enrollments and the students 

they serve may not be represented at the big table.  

  In order to combat attrition and low retention rates, many institutions have 

adopted the use of tools that reportedly measure Online Learner Readiness (OLR) of pro-

spective students (see Table 7). Such tools are purported to decrease attrition by helping 

the prospective online learner to self-evaluate on factors associated with readiness to 

learn in a computer/mobile based learning environment. In a study looking at e-learning 

readiness as a predictor of academic achievement, structural equation modeling con-

firmed that e-readiness is a statistically significant predictor of academic achievement in 
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online learning (Torun, 2020). Some OLR measurement instruments have been devel-

oped and validated technically and others only in practice or not at all. For those that 

have achieved some sort of validity, it is widely accepted, both in educational research as 

well as in administrative practice, that these tools may predict readiness and/or satisfac-

tion for online learning. Individuals interested in advancing professionally in agriculture 

through participation in online learning have more opportunities to do so now than in the 

past, but the opportunity alone may not equate to academic success or satisfaction of 

learners. In addition, little examination has been done looking at characteristics of stu-

dents specifically in agriculture programs, as they relate to online learner readiness. 

Joosten and Cusatis (2020) highlight the need for research examining student 

characteristics and their relationship with student outcomes for underrepresented students 

(minority students). Identifying areas of potential privilege based on whiteness, gender, 

age group, prior experience in online learning, and family will remove the assumption 

that there is not an effect of these characteristics on the final outcome of success in online 

learning, whether due to perception or structure. An analysis of the effect of student char-

acteristics on online learner readiness measures (scores) is important to ensure that any 

inherent biases associated with implementing the OLR tools are highlighted and that ar-

eas of need for student and program development can be strategically targeted.  

Purpose of the Study 

Both adult education and online student retention models stress the importance of 

developing online programs based on a student-centered perspective. The purpose of this 

study was to collect and analyze empirical data on student characteristics and their rela-
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tionships to online learner readiness, measured by scores on an OLR instrument. Specifi-

cally, it aimed to identify the effect of non-cognitive student characteristics on online 

learner readiness. Providers, designers and administrators of online degree programs in 

agriculture benefit from understanding prospective and current student characteristics in 

order to develop student services, courses and recruitment efforts that take into account 

not only the traditional cognitive attributes of the learner, but also non-cognitive attrib-

utes like demographics, experience in online courses and family college history (i.e., 

first-generation college students) that may be correlated or have an effect on them. Since 

agriculture degree programs tend to be small in nature compared to the typically high-en-

rollment online courses that get most of the academic research attention, small scale, em-

pirical studies such as this could benefit program development, improvement, and student 

recruiting/retention efforts. The small and specialized nature of agriculture academic pro-

grams may suffer from less focus on the specific needs and characteristics of interest in 

the broad scope of online education research. Moolman and Blignaut (2008) stress that, 

before implementing online learning environments, students’ characteristics should be 

carefully investigated in order to avoid a pedagogic mismatch (Hermanus B. Moolman & 

Seugnet Blignaut, 2008).  

The purpose of this study was to gather empirical data to describe and identify 

student characteristics that may correlate with or effect measures of online learner readi-

ness within a population of online learners who expressed interest in a post-secondary de-

gree program in agriculture. The study population included prospects and current students 

of a fully online degree program at a land grant university in Auburn, Alabama (Auburn 

University). According to adult education as well as online student retention models, it is 
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critical to develop online programs from a student-centered perspective. Post-secondary, 

online degree programs offering online courses for course credit typically serve adult 

populations and it therefore stands to reason that concepts in andragogy like learner-cen-

tered program development and implementation are useful to for advancing agriculture 

professionalism through online degree programs. 

Research Questions 

The study focused on the following research questions:  

1. What are the descriptive statistics for student characteristics and online learner 

readiness?  

2. Is there a statistically significant relationship between gender and online 

learner readiness?  

3. Is there a statistically significant relationship between age group and online 

learner readiness?  

4. Is there a statistically significant relationship between whiteness and online 

learner readiness?  

5. Is there a statistically significant relationship between first generation college 

students and online learner readiness? 

Significance of the Study 

Results of this study can aid in better understanding of online agriculture students 

in order to guide future development of programming. The small and unique nature of the 

agriculture academic community may result in less focus on the specific needs and char-

acteristics of interest in the broader scope of online education research. It is important 

that designers and administrators of online degree programs in agriculture understand 
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prospective and current student characteristics in order to develop student services, 

courses and recruitment efforts that take into account not only the traditional cognitive 

attributes of the learner, but also non-cognitive attributes like demographics, experience 

in online courses and family college history (being a first-generation college student) that 

may be correlated or have an effect on them. Since agriculture degree programs tend to 

be small in nature compared to the typically high-enrollment online courses that get most 

of the academic research attention, empirical studies such as this could benefit program 

development, improvement, and student recruiting/retention efforts, last but not least, fill 

a gap in research for an underserved academic community.  

Joosten and Cusatis (2020) bring attention to the lack of research examining 

underrepresented students in online education and how the attributes and perceptions of 

those students relate to student outcomes. This may be of particular importance because it 

has been reported that these students have significant barriers in enrolling and completing 

online courses (T. Bailey et al., 2010; Joosten & Cusatis, 2020). Hung et al. (2010) write, 

“Since online learning has become highly popular in educational institutions… there has 

been and will continue to be a need for faculty and students to re-examine students’ read-

iness and to redevelop a more comprehensive measure of students’ readiness. By under-

taking this task, teachers can design better online courses and guide students toward suc-

cessful and fruitful online learning experiences.”  

There was a time in the history of online learning where administrators had the 

luxury of accepting that some adult learners just may not be ready for online learning, but 

these days, in light of pandemic-related contingency plans in higher education and the 

workforce, it has become an equity issue. The question is no longer, “Is the student ready 
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for online learning?”. Now, the question is, “What is needed to ensure that all students 

have equal opportunity to achieve and be satisfied in online learning courses and 

programs; and what are the areas most in need of targeting to ensure equity in online 

learning?”. 

The findings of this study contribute to the broad base of online teaching and 

learning research that has been mounting over the past three decades. Although this study 

was small in scale, it contributes by providing one piece of the puzzle that is laying the 

foundations for the future of increased quality in online education across all disciplines 

and sizes of institutions/programs. This study provides a unique lens into the small, niche 

population of prospective and current online agriculture students at a post-secondary in-

stitution. Typically, low enrollment online programs do not have the resources to conduct 

research for program development and improvement and the broader research may not be 

relevant to the population that they serve. This research contributes to an area of need for 

small online degree programs in agriculture.  

There was a time in the history of online learning where administrators and 

students themselves had the luxury of accepting that some adult learners just may not be 

ready for online learning, but these days, in light of pandemic-related contingency plans 

in higher education and the workforce, it is now and will henceforth be an equity issue. 

The question is no longer (and perhaps never should have been), “Is the student ready for 

online learning?”. Now, the question is, “What is needed to ensure that all students have 

equal opportunity to achieve and receive satisfaction from online learning courses and 

programs; and what are the areas most in need of targeting to ensure equity in online 

learning?”. 
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Summary of Findings 

 An empirical research study was performed to identify potential relationships be-

tween five student characteristics and measures of online learner readiness among a pop-

ulation of current and prospective online students of a post-secondary degree program in 

Agriculture. A population of 720 individuals were invited to participate in the study. 

They were invited to submit an online survey instrument called the SmarterMeasureÔ 

Learner Readiness Indicator. The SMLRI™ measures a set of constructs intended to 

measure a student’s degree of readiness for learning in a technology rich environment. 

Three invitations were sent from the researcher to recruit population members to partici-

pate in the study: an initial invitation, a reminder, and a final reminder.  

A total of 241 responses were received, but 29 were removed due to appearing as 

duplicated records (matching IP addresses). A total of 223 individuals out of the 729 

(30.6%) members of the population were included in the final sample for the study. Not 

all survey respondents completed the SMLRI™ in its entirety, however. Eleven of the re-

spondents accessed the survey with the login information provided but did not complete 

any portion of the survey. There were then 212 valid survey respondents, for a final re-

sponse rate of 29.1%. The 212 study participants completed varying proportions of the 

SMLRI™ survey instrument.  

Five independent variables representing student characteristics of gender, age 

group, whiteness, first generation status and previous experience in online courses status 

were analyzed with five groups of dependent variables representing online learner readi-

ness. The dependent variable groups were: Main Scale Percent, Individual Attributes 

Subscale, Technology Knowledge and Competency Subscales, Life Factors Subscale, and 
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the Learning Styles group. The independent variables were all binary, representing two 

groups each. The dependent variables were mean scores measured as continuous numeric 

values. Four steps of statistical analysis were performed in order to detect statistically sig-

nificant relationships, specifically, the effect of the independent variables on both the 

groups of dependent variables as well as each individual category (seventeen in all). In 

addition, dependent variables were listed in descending order to show the areas of overall 

strengths and weaknesses for the population as a whole.  

Overall, the sample scored highest on the Internet Competency construct and the 

Technical Knowledge subconstructs of Personal Computer/Internet and Technology Vo-

cabulary. The lowest means were for Reading (WPM), the Life Factor of Time, the Aural 

Learning Style and the Technology Knowledge subconstructs of Technology in Your 

Life and Technology Usage. The parametric and non-parametric statistical analyses per-

formed detected some statistically significant relationships between student characteris-

tics and varying constructs and subconstructs of online learner readiness. In general, 

Whiteness showed the most main effects on the OLR of the sample, however, First Gen-

eration was a close second. Five dependent variables had statistically significant effects 

from one or more of the independent variables on both the parametric and non-parametric 

tests; they were: IA-Locus of Control, IA-Time Management, TK-Technology Vocabulary, 

LF-Time and Reading (WPM). The most interesting part of the data analysis was the sta-

tistically significant interaction effects detected among the independent variables which 

helped to explain the surface data and main effects on a deeper, more meaningful level.  

The analyses performed suggested that for the population sampled, there was no 

statistically significant relationship between binary gender categories (male and female) 
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and any of the online learner readiness scale or subscale categories. However, in the non-

parametric analyses for Learning Styles, females were shown to rank statistically higher 

on five of the seven categories: Aural, Logical, Physical, Social, Solitary and Solitary.  

For the two age groups analyzed in the statistical tests performed (Over 42 and 

19-42), there were no statistically significant relationships identified in the parametric 

tests, however, the non-parametric tests detected relationships between Age Group and 

one main scale, three subscale categories and one learning style category. The Over 42 

group ranked statistically higher in each of the following categories: Individual Attributes 

Percent Scale, IA-Help Seeking, IA-Locus of Control, LF-Place, LF-Time, and LS-Ver-

bal. In addition, there was a statistically significant interaction effect of Age Group and 

Whiteness on IA-Persistence which showed that while Age Group may have an effect on 

this dependent variable, the greater effect is that of Whiteness. 

Whiteness showed more significant effects than the other four independent varia-

bles measured on the combined dependent variable groups analyzed in the MANOVA 

tests. All four of the dependent variable groups used to measure online learner readiness 

showed a statistically significant main effect of Whiteness. In addition, five dependent 

variables also had statistically significant effects of Whiteness on the univariate, paramet-

ric tests. On the non-parametric tests, six dependent variables showed statistically signifi-

cant results; detecting a relationship. Specifically, the parametric tests showed that the 

Not White group had statistically significant higher means on the Individual Attributes 

Percent Scale, IA-Academic Attributes, IA-persistence, and IA-Time Management; while 

the White group had a statistically significant higher mean on the TK-Technology Vocab-

ulary and Reading (WPM) categories.  
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If analyzed alone, without the statistically significant interaction effect, the effect 

of IV3White may be misleading, thus a deeper analysis was required. Upon inspection, it 

was revealed that while White exhibited a main effect on TK-Technology Vocabulary 

scores, the effect was only evident in First Generation group, signaling that First Gener-

ation is not affecting the White group, but it is affecting the Not White group. The non-

parametric tests confirmed the relationship between Whiteness and TK-Technology Vo-

cabulary, where the White group mean rank was statistically higher than the Not White 

group. It also revealed that White ranked statistically higher in Reading (WPM) and IA-

Locus of Control; and that Not White ranked statistically higher in the two Life Factors 

categories of LF-Reason and LF-Time. Whiteness was shown to have a statistically sig-

nificant effect on both parametric and non-parametric stages of the data analyses for the 

following four dependent variables: IA-Locus of Control, TK-Technology Vocabulary, 

and Reading (WPM). 

First Generation had statistically significant main effects on the combined de-

pendent variables in two of the multivariate analyses: Individual Attributes Subscale and 

Life Factors Subscale. The parametric tests revealed statistically significant effects of 

First Generation on the following five dependent variables on the between-subject anal-

yses: Individual Attributes Percent, IA-Persistence, IA-Time Management, LF-Reason, 

LF-Time, and LS-Logical. For each of these dependent variables, First Generation had a 

statistically higher mean score than Not First Generation. These results were confirmed 

in the non-parametric analyses for all of the same dependent variables, with First Gener-

ation having statistically significant higher mean rank scores than Not First Generation; 
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with the exception the LS-Logical variable, which showed no relationship on the non-par-

ametric tests. First Generation interacted with Whiteness on the Technology Knowledge 

and Competence Subscale multivariate analysis, showing that First Generation is only 

affecting the Not White group and not the White group on mean scores on the combined 

dependent variables for this subscale.  

Previous Experience showed no statistically significant results on the combined 

dependent variables and the fewest results on the univariate dependent variables tested in 

the parametric analysis. There were not any statistically significant multivariate or uni-

variate relationships detected for Previous Experience on the parametric tests. However, 

the non-parametric tests detected one dependent variable, IA-Time Management, that Pre-

vious Experience demonstrated a statistically significant effect on; the Previous Experi-

ence group was associated with higher mean rank scores than the No Previous Experi-

ence group.  

The mean scores and standard deviations for each of the five scales, seventeen 

subscales, and seven learning styles were summarized in Table 16. For scale data, the 

section with the highest mean score by percent compared to the other scales, was Tech-

nical Competency, followed by: Individual Attributes, Technical Knowledge, and lastly, 

Life Factors.  The lowest mean scores by percent were Reading (WPM), LF-Time, LS-

Aural, TK-Technology in Your Life, TK-Technology Usage and IA-Locus of Control.  

Discussion and Research Implications 

This study was developed from the need to better understand student characteris-

tics of a group of online agriculture students related to their learner readiness. It was in-
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formed by the overlap of the theoretical areas of learning theory, the andragogical frame-

work and critical race theory. This study followed the recommendation of Cigdam and 

Yildirim (2014), who recommended that a target-group analysis should focus on charac-

teristics such as age, educational level, prior knowledge related to web based education, 

computer experience, preferences, motivation, reading and writing skills, computer skills, 

familiarity with differing instructional methods and previous experience with online 

learning (Cigdam & Yildirim, 2014; Khan, 2005).  

This study supported findings from Hung et al. (2010) which reported that gender 

had no effect on online learner readiness survey dimensions. While gender did show 

some effect on mean scores for learning styles in the non-parametric tests, the parametric 

analyses scale and subscales analyses showed no relationship between gender and online 

learner readiness. A curious outcome of the current study was that females had statisti-

cally significant higher mean rank scores for six of the seven learning styles. This may 

highlight a different issue altogether. The learning style measures utilized in survey in-

strument were not exhaustive or complete and there may be some error associated with 

deriving meaning from the more simplistic measures implemented here. These results do 

not lead the researcher to believe that women are indeed more diverse in their strengths in 

terms of adapting to different learning styles, though, that could be the case. Another pos-

sible explanation is that women simply observed their strengths or perceived strengths 

more frequently than men in the population studied.  

 With regards to the relationship between OLR and Age in this study, the Over 42 

group scored statistically higher than their younger counterparts on locus of control, help 

seeking, individual attributes overall percent, verbal learning style, and life factors of 
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place and time. This supported findings of Parker et al. (2013) who concluded that locus 

of control, age, and number of distance education courses completed had the most signif-

icant correlation with online course completion. Also supported was the finding by Sea-

man et al. (2018) that stated Verbal Learning Style was correlated with course comple-

tion. Together, these results suggest that the Older online students in agriculture programs 

are at an advantage.  

The Andragogy framework would suggest that this may be due to some basic as-

sumptions about adult learners (M. S. Knowles, 1984; Sharan B Merriam, 2001). Adults 

move from a dependent personality to an increasingly self-directed human being, becom-

ing problem centered rather than content centered. This can help explain the older age 

group’s higher mean rank in locus of control and individual attributes. Also, as adults 

age, motivation for learning is increasingly focused on life tasks, issues, and challenges 

and the focus changes from postponed application of knowledge to current application; 

this could help to explain higher help seeking and a verbal learning style mean ranks, 

both which are needed to accomplish educational goals in a more timely fashion and in 

alignment with their social roles. Torun (2020), however, wrote that internet/online/com-

puter self-efficacy and learner control were not found to be among significant predictors 

of academic achievement. It could be that these factors were more relevant for course 

completion, but not as much for academic achievement. Pillay et al. (2007) found that 

older students had lower technical skills and computer self-efficacy, however, in this 

study there was no effect of age on Technology Knowledge or Competence mean scores. 

Regarding Whiteness, the researcher of the current study agreed with Martin and 

Hartmann (2020) that research on whiteness is important, that it is relatively unexamined 
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in rural and agriculture education settings and that there is a need to unpack the intersec-

tionalities of Whiteness. The research design and data collected in this study through the 

SMLRI™ survey instrument allowed the researcher to follow up on some of those recom-

mendations. There were three areas where the interaction effects highlighted intersection-

ality in Whiteness: Technology Vocabulary, Academic Attributes and Persistence.   

An area where it may seem that Whites have some privilege in is Technology Vo-

cabulary; however, upon deeper analysis, it was revealed that it the real effect was actu-

ally coming from the First Generation, Not White group. Scores were not different for 

Whites and Not Whites, but for those groups according to whether or not they were First 

Generation college students. The Not White group that was NOT First Generation did not 

show significant mean difference with their White counterparts. This interaction between 

Whiteness and First Generation also occurred at the multivariate level for the Technology 

Knowledge and Competency dependent variable group and while the effect size was 

small for the single dependent variable, the effect size at the multivariate level was large. 

This lends to the conclusion that given adequate opportunity, any given person has the 

opportunity to break the cycle in certain areas. It can take an entire generation at least to 

remove this barrier; therefore, this area should be explored further to identify instruc-

tional and programmatic strategies that could lessen the effect of some constraints of 

first-generation students. 

On the other hand, the Not White group in the sample were at an advantage for 

Academic Attributes and Persistence as evidenced by higher mean scores, but a deeper 

analysis revealed that there was more to the story. For Academic Attributes, the benefit 

for the Not White group was only among those who had Previous Experience. In other 
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words, it was the lack of previous experience in online courses that had more of an effect 

on the White group for this section. Especially for online students coming from rural ar-

eas, andragogical principles hint that gaining some kind of experience in online learning 

may help to increase the adult learner’s readiness for future online learning. Lastly, the 

area of Persistence. The data showed that Persistence was not lower for Whites in gen-

eral, rather, only for the Over 42, White group. These findings are important in light of 

research highlighted in a systematic review by Broadbent and Poon (2015) which identi-

fied four  self-regulation strategies which had an effect on academic achievement in 

online courses in higher education; they were metacognition, time management, effort 

regulation, and critical thinking. The Not White group had statistically significant higher 

means than their counterparts for Persistence, Time Management, and the Individual At-

tributes scale (and specifically, Academic Attributes).  This suggests that the Not White 

group may be representing more benefit/advantage with regards to learning strategies that 

positively affect achievement via Online Learner Readiness among online students in Ag-

riculture. 

Where Yeboah and Smith (2016) observed that minority students reported lack of 

self-regulation and time management, the current study found that the Not White group 

had a statistically higher mean than White for Time Management and ranked significantly 

higher on LF-Time as well. The only factor having an effect on Time Management was 

Previous Experience, discussed further ahead. The White group did show benefit/ad-

vantage with statistically higher mean rank scores for Locus of Control which may sup-

port their findings that minority students perceive less control over their learning experi-
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ence. In their study, many of the minorities surveyed reported that they lacked self-regu-

lated learning skills for online learning and explained that they had issues such as time 

management, the ability to submit discussion posts, projects, assignments, and the ability 

to regulate the time around course completion efficiently (Yeboah & Smith, 2016). In a 

study of African-American pharmacy students, study participants rated themselves lower 

on communication apprehension compared to white and Asian students (LaRochelle & 

Karpinski, 2016; F. Martin et al., 2020b). Since it is not clear if intersectionality of the 

minority students had an effect in these studies, it is not known if other factors such as 

first generation or previous experience interacted to affect the report from minority stu-

dents. 

In the Indicators Report of 2019 (Cahalan et al., 2019; Student Speak 2020: Stu-

dent Voices Informing Educational Strategies, 2020), it was reported that students who 

are both low income and first generation only have a 21% college completion rate. 

Experience in college (or family experience in college) and with technology may benefit 

online learners regardless of other factors. These are problems that can be identified and 

resolved. The First-Generation group in the current study benefit in the constructs related 

to their individual attributes and life factors (persistence, time management, reason, and 

Time). Therefore, while it is possible that there are some intersectionalities of First Gen-

eration (Whiteness and Previous Experience) that are disadvantaging the First-Generation 

group, another part of the story is that this factor may be benefiting this group as well.  

There was a medium effect size for the interaction between First Generation and 

Previous Experience on the multivariate test for Individual Attributes. This finding sug-
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gests that the benefit/advantage gap between the First-Generation group (having statisti-

cally higher means for the Individual Attributes of Persistence and Time Management) 

and their counterparts could be lessened with more experience in online learning. It is 

worth mentioning that the effect size of First Generation on Time Management was me-

dium and larger than any of the other factors with statistical significance. First generation 

students also scored higher mean ranks for the Life Factors of Reason and Time. These 

findings support the andragogical assumption from Malcom Knowles which states that, in 

adulthood, “motivation (reason) for learning is increasingly focused on life tasks, issues, 

and challenges”.  

As adults mature, they accumulate a growing body of experience that serves as an 

increasingly important resource and foundation on which to base new learning. Parker, 

Maor, and Herrington (2013) concluded that number of distance education courses com-

pleted was an important factor and correlated with online course completion. While Pre-

vious Experience in online courses only effected the dependent variable of Time Manage-

ment in the current study, it also served to interact significantly with First Generation on 

the Individual Attributes multivariate subscale. Time Management was shown to be an 

important strategy in academic achievement among students in fully online courses in 

higher education in another study (Broadbent & Poon, 2015). Another study showed that 

students who used computers in educational endeavors more frequently were more posi-

tive in terms of both “beliefs” and “skills” than students who used computers less fre-

quently (Bernard et al., 2004). Further, students who had previously taken at least one 

online course had more positive “beliefs” about online learning than students who had 
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never taken an online course. However, there is no evidence available from the current 

study to support those findings. 

Recommendations 

 The results from this observational, empirical study and the discussion of their 

implications have been presented. Based on this evidence, along with the literature re-

search performed, the following recommendations have been developed by the re-

searcher. They are divided into two parts: 1) Recommendations for Educational and 

Online Learner Readiness Research and Theory and 2) Recommendations for Program 

Administration. An attempt is made to join the Andragogy framework more closely with 

the Online Learner Readiness.  

 

Educational/Institutional Research and Online Learner Readiness 

This study may offer some confirmation for the importance of the call from other 

authors to explore the intersectionalities or Whiteness in rural and agricultural education 

settings. In this case, Online Learner Readiness as measured by the SmarterMeasureÔ 

Learner Readiness Indicator was used to dial in the microscope on an online agriculture 

student population. When educational research and program administration do not make 

the concerted effort to look at such complexity, the information revealed by basic de-

scriptive statistics and inferential main effects only, this can create massive errors in re-

porting, an also can increase the potential for Stereotype Threat. Even if this is an unin-

tended consequence, researchers and administration have the choice from the beginning 

of the planning process to incorporate critical race theory into analysis and decision-mak-
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ing processes. If institutional online programs get too far down the rabbit hole of imple-

menting survey instruments to measure online learner readiness without the proper deep 

analysis and action based on that data, then the risk increases that there will be a disbene-

fit to the students.  

Staying on the topic of Stereotype Threat, another potential area of concern is 

how research is designed and reported. It is the recommendation of the author that re-

search around social equity in education be framed in terms of benefit/advantage, rather 

than “disbenefit”. This can help to communicate the same exact findings and message, 

but through a lens of highlighting the strengths of groups. For example, in this study, the 

Not White group scored statistically higher in areas like Academic Attributes, Persis-

tence, and Time Management and lower in only two categories, Technology Vocabulary 

(later discovered to actually be First Generation having an interaction effect, not White-

ness alone) and Reading (which did not get much analysis in this study due to too much 

variation in the situations of the readers when they took the survey). It is appropriate to 

say that the Not White group is more advantaged in more of the important areas than the 

White group. This allows for a different direction of subsequent research to take place. 

The follow up to this research might say, “What can be learned from Not White groups to 

help the White group in these areas.” If framed only as disbenefits, then the implications 

and subsequent actions taken may take a drastically different turn. Institutional research 

should be very intentional about the use of SMLRI™ and other instruments designed to 

measure learner readiness, particularly online learner readiness. The culture around use of 

these surveys should be that they are a tool in equity and understanding the students indi-

vidually and as a population as adult online learners.  
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Hartmann et al. (2009) wrote, “that in spite of the fact that whiteness is a compli-

cated theoretical construct, there is a need to continue to assess whiteness studies as an 

aspect of the larger field of race relations”. The same is true in fields of Adult Education, 

Andragogy, and Online Teaching and Learning. As the professionals and experts in these 

fields continue to diversify, it is expected by the author of the current study that some of 

the effects of “color blindness” throughout research history will become more evident. 

Merriam and Brockett (2007) highlight the fact that middle class white males lead Adult 

Education as a field of study. There is a lack of women, African Americans, Native 

Americans, Hispanics, people with disabilities, gays and lesbians, older adults, and work-

ing-class adults; further, they say it also excludes those who are actively practicing adult 

education as health educators, librarians, prison educators, religious educators, commu-

nity developers, distance educators, etc. (Merriam & Brockett, 2007, p.241; p.246). All 

three of the fields mentioned will benefit from diversification in professionalism and in-

creased representation in research and practice. According to outcome of the current 

study, Whiteness and First Generation are specific factors that should be more closely an-

alyzed. 

One of the issues outlined in the in the problem statement of this study is that of-

ten times smaller, niche programs are overlooked and under analyzed. This may be be-

cause institutional research is often a top-down operation with larger enrollment pro-

grams taking priority. However, the populations of each academic program may be dras-

tically different in terms of student characteristics. For example, the sample representing 

the population of interest in the current study had statistically fewer women, people over 
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42 years old, people who self-identified as a race besides White/Caucasian, first genera-

tion college students, and people with no previous online course experience. Other pro-

grams may have entirely different types of populations.  

Andragogical concepts require that smaller, less represented programs and popu-

lations not be overlooked, and that student characteristics and student-centered feedback 

be at the center of institutional research and development. The Andragogy framework can 

get a misguided reputation for a hyper focus on self-directedness and independence in 

learning. In reality, the field offers much more, especially to the world of online learning 

in these modern times. Both concepts of independence as well as interdependence are 

housed in the framework. A self-directed learner will seek help when needed, an element 

of the interdependence of the concepts. However, whether or not the student will receive 

the help needed could depend, not only the willingness to ask, but the response received. 

Therefore, andragogy is really a balance between the interplay of learner and educator in 

exchanging experience, knowledge, resources, and the development of higher-level think-

ing and action for all involved. The author of this study recommends that future research 

in andragogy and adult education (as it relates to online learning and in general) be fo-

cused on the flow and balance of independence and interdependence in the learning pro-

cess.  

Regarding the SmarterMeasureÔ Learner Readiness Indicator, the author makes 

the following recommendations. First, the researcher noticed that the SMLRI™ instru-

ment had the “Latino/Hispanic” category lumped in with the other race categories with 

no multiple selection option available. The researcher contacted the owner of the instru-

ment and made the recommendation that this option be removed from the same survey 
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item as Race/Ethnicity and that a new survey item be created. This will pull the instru-

ment into alignment with this widely accepted practice and other important educational 

and social science instruments. The SmarterServices, LLC company will be making this 

change according to personal communication from Dr. Mac Adkins. The next recommen-

dation for the survey owners is in light of the changing times and the fact that for many 

students, online learning is no longer an option, rather a contingency solution for tradi-

tional learning altogether, mostly due to the COVID-19 pandemic. The recommended 

change is not to the survey itself, rather in the messaging around the survey. Currently, 

the message is that the survey instrument would be good to use so that “a school can 

identify students who might not be a good fit for online learning”. The recommendation 

change is as follows: “a school can inform course selection and orientation decisions 

and/or provide more focused resources for support. In addition, it is recommended that 

the word “remediation” be replaced with “preparation”.  

 

 

Program Administration and Andragogy 

 The overall descriptive and inferential statistics for combined and individual vari-

ables suggest some areas of recommendation for program development and administra-

tion for online academic programs serving agriculture and environmental science stu-

dents. Although these data are representative of only one population, the methods used 

here could be replicated and expanded among other programs in order to explore more 

specific, fine-grain solutions to agriculture education departments. Program administra-
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tion recommendations presented here will focus on overall descriptive data findings in-

cluding wholistic social representation and areas of strengths and weaknesses of the pop-

ulation sampled; the application of andragogical principles in the development of online 

programs in agriculture; and the concept of interdependence and independence being crit-

ical in equal balance for both online learner readiness and ultimate online success and sat-

isfaction.  

 The first recommendation is that administrators of online learning programs in ag-

riculture should focus on increasing recruitment efforts for groups that were statistically 

less represented in the sample of the population surveyed. These included online students 

over 42 years of age, women and people who self-identify as a gender other than male, 

individuals who do not self-identify as Caucasian, first-generation college students, and 

students with little or no previous online course experience. Next, it is recommended that 

administrators utilize data gained from learner readiness surveys as well as student char-

acteristics that may not be included in those survey instruments in order to evaluate and 

better understand the prospective and current online student body specific to their indi-

vidual programs. Administrators should assign education specialists and researchers to 

properly analyze the data collected in order to develop a deep understanding of the data 

and the results. Where the results from educational research suggest differences or main 

effects between groups of any independent variable, those data should be inspected 

deeply in order to identify any potential interaction effects that painting an incomplete 

picture.  
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Further, statistically significant results should be presented in terms of advantage 

or benefit rather than underprivileged, deficiency or disbenefit. Reframing the interpreta-

tion and discussion of results in this manner may help to decrease the effect of Stereotype 

Threat and increase positive perceptions where they are due. For example, in the current 

study, the Not White group scored statistically higher than the White group in Academic 

Attributes, Persistence, and Time Management. These results were presented as areas 

where the Not White group may be advantaged over the White group. Conversely, the 

White group scored higher in Technology Vocabulary and thus, may experience more ad-

vantage in this area. The idea behind collecting this information to begin with is to find 

ways to close the gap of advantage by identifying areas where statistically significant dif-

ferences in success or readiness measures exist by implementing the information learned 

into program development.  

Examining the concept of whiteness in online learner readiness in the context of 

agriculture education is particularly important in light of research by (Morgan & Moni, 

2008) which examined at the intersectionality of whiteness, racism and homophobia 

among agriculture students. They explain that the unfavorable ideology of color-blind-

ness, the idea that one “does not see race”, actually goes beyond race alone and that other 

identities like gender, class and sexuality can experience intolerance in this way. By look-

ing at factors like whiteness, gender, older student populations, first generation students, 

and prior experience with online courses, we can identify empirical target areas of privi-

lege that may otherwise go unnoticed. Making conscientious efforts to decrease Stereo-

type Threat will set a program apart and is particularly important in a region like the 
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Southeastern United States that has held a history of social injustice, including educa-

tional injustice.  

 Technical Competency was the least issue for the students in the population stud-

ied, and that Technical Knowledge was a quite a bit lower. This means that the online stu-

dents may need specific and descriptive resources regarding any technology utilized in 

online learning in agriculture. For example, specific vocabulary associated with the learn-

ing management system should be clearly defined prior to the student’s use of this tech-

nology. This kind of simple programmatic strategy can aid in overcoming the differences 

between the First Generation, Not White students and the First Generation, White stu-

dents. In a previous study, students who used computers in educational endeavors more 

frequently were more positive in terms of both “beliefs” and “skills” than students who 

used computers less frequently and students who had previously taken at least one online 

course had more positive “beliefs” about online learning than students who had never 

taken an online course (Bernard et al., 2004). These findings make the case for program 

administrators to offer an introductory course that helps to get all students started out on 

the right foot, rather than throwing them in online courses and expecting them to just ‘get 

it’. This is particularly important for programs where there is little or no student support 

from one or more live human beings. 

It is recommended that program administrators advise faculty and instructional 

designers to increase practice around reading and aural comprehension. For the students 

in this study, Academic Attributes and Time Management were less of a concern, but ar-

eas like Time and Reading (WPM) were. In addition, the learning style of Aural had the 
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lowest mean score. This may cause some concern for program administrators since read-

ing and listening are two important components of all learning and especially online 

learning. Reading and listening comprehension are areas that can be improved upon with 

intervention.  

Other areas of concern (on the low end of the mean scores from this study) were 

Locus of Control, Help Seeking, Persistence and the ability to control Procrastination. 

Kauffman (2015) notes that students perceive online courses differently than traditional 

courses and negative perceptions can lead to unfavorable learning outcomes including de-

creased motivation and persistence. It is recommended that the perceptions of this student 

population be examined in order to explore whether it may be having an effect on their 

Persistence and Locus of Control. Perceptions, whether justified or not, could have an ef-

fect on more than just lower motivation and persistence. In addition, exploring percep-

tions of the students about their online learning experience will offer direction for pro-

gram improvement.  

Given that Help Seeking was on the low end of the scores, it is recommended that 

program administrators develop a clear strategy around how to communicate to online 

students the modes of action for seeking help in their online learning. For First Genera-

tion students especially, the requirement of hyper independence can unintentionally un-

dermine their sense of fit and the performance in online learning. According to a study by 

Stephens et al. (2012), one first-generation student who participated in an initial focus 

group described it like this: “Neither of my parents went to college so they never told me 

what to do in college because they didn’t really know how to interact with teachers, speak 

up in class, and develop my own opinions. These are the types of things I didn’t know.”  
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Another first-generation student described a frustrating interaction aid this of her advisor: 

“She wants me to be independent and to figure out what I want to do on my own, but I 

went to her for guidance and support.” It almost seems that there is an expectation of self-

directedness and independence from the student in order to compensate for the lack of 

programmatic development on the part of the purveyors of online programs. Program de-

signers and developers should take this into account and provide additional opportunities 

to those who may need more guidance on how and where to seek help when needed. 

While the student should be developing self-directedness in order to improve 

learning overall, the program should be designing online courses and programs with in-

terdependence in mind and strategies on how to help students develop more self-regula-

tion. Flexibility and learner-centeredness can help students to develop more self-regula-

tory skills to facilitate their academic success: this can be accomplished in online learning 

by giving students ample time and flexibility to prepare and submit their assignments 

(Artino, 2008, 2009; Cho & Jonassen, 2009; King et al., 2019). Adopting teaching strate-

gies that combat procrastination is also recommended. Some online students simply need 

a more interdependent experience in order to get past the invisible hump that may exist 

(perceived or real), like those with less experience, less developed self-directedness or a 

lower sense of self-confidence in education in general. The end goal should be to assist 

the student develop this self-directedness as a part of their online learning experience at 

the institutional level. This is perhaps what differentiates formal online learning from ran-

dom self-education based on online resources. It is this guidance, both at the program-

matic level as well as the course level that has the potential to offer the added benefit of 

developing self-directedness.  
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One of Knowles assumptions underlying andragogy is that an adult’s readiness to 

learn is closely tied to the developmental tasks and social roles of adult life (Clark & Raf-

faella, 2011). A construct referring to a pattern of behaviors and attitudes related to a 

specific function or position as defined and expected by society; they are societal conven-

tions to which adults are expected to conform (James et al., 2006). Robert J. Havighurst 

and his research associates identified a total of 16 distinct social roles. Social roles identi-

fied in that study can serve as a framework for developing curriculum, improving faculty 

and student services, and enhancing the community college institution. Understanding not 

only where the adult learner is coming from, but also what they are currently involved in 

is an important characteristic to consider in adult learning because readiness to learn is 

oriented to the developmental tasks of a learner’s social role. It is recommended that  

It is not recommended to simply give the student an opportunity to take the survey 

and then leave them to an assumed independence for figuring the rest out. Even auto-

mated help resource feedback like in the case of the SMLRI™, is not sufficient. There is 

a gap between taking the survey and managing next steps. Doing this may increase the 

potential for a prospective online student to misperceive the results and be discouraged or 

receive some type of cognitive burden that may interfere with the “productive” intention 

of the survey to begin with. If the survey is implemented as part of institutional protocol, 

there should be a concerted effort to follow up with a person-to-person consultation to 

understand how to use the results to increase their readiness for online learning. It is rec-

ommended to use as internal research and evaluation tool rather than alluding that OLR 

measures should determine if a student should enroll or not at any point in time. 
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If played right, an institution who invests in student services and programmatic 

development including instructional design, sets itself apart from those who do not. 

Learner Readiness does not necessarily need to be a prerequisite for success in online 

learning.  However, the intentional development of the constructs of OLR at the student 

and institutional levels, in addition to the application of andragogical/student-centered 

principles, could help the student develop at a quicker pace. This could help some stu-

dents by avoiding waiting an entire generation, for example, to benefit from what we al-

ready know about succeeding in the future of education, academic, professional, face to 

face, and online modes alike. Kauffman (2015) noted that students perceive online 

courses differently than traditional courses and negative perceptions can lead to unfavora-

ble learning outcomes including decreased motivation and persistence.  

Allen Tough concluded that adult learners proceed through several phases in the 

process of engaging in a learning project and speculated that helping them gain increased 

competence in dealing with each phase might be one of the most effective ways of im-

proving their learning effectiveness: 1) deciding to begin, 2) choosing the planner, and 3) 

engage in the learning planned.  It is critical that learning resources are diverse, accessi-

ble, and that online students are able to make use of them. Results of Loyens et al. (2008) 

suggest that self-directed learning and self-regulated learning are developmental pro-

cesses that the “self” aspect is crucial, and that problem-based learning can foster self-di-

rected learning. For developing online courses, in line with recommendations from Adult 

Education teaching theory, it is recommended to implement the seven steps in the learn-

ing design process offered by Malcom Knowles: 1) prepare the learner, 2) climate setting, 

3) mutual planning, 4) diagnosis of learning needs, 5) formulation of learning objectives, 
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6) learning plan design, and 7) evaluation. The author of this study recommends adding 

an additional step after the diagnosis of learning needs: “address learning needs” before 

the next step, formulation of learning objectives. Evaluate if needs present barriers that 

need overcoming at the group or individual level and address them accordingly. Also, be 

able to identify both main and interaction effects of student characteristics on evaluative 

criteria. It is recommended that small, online programs in agriculture should use this re-

search study as a model for evaluating their own students’ characteristics and learner 

readiness needs. It is recommended to evaluate prospective and current students within a 

two- or three-year window in order to ensure that you are approaching a salient popula-

tion from which to invite your sample. Educational research should always be current and 

relevant.  

Program administrators are encouraged to take a student-centered approach and 

attempt to understand what students feel about certain topics in addition to what they 

know. Open up more opportunities to measure and address issues related to psychology 

like self-efficacy, perception and motivation. This might be accomplished through per-

sonalized assessments or student counseling sessions. Oztok (2019) wrote that online ed-

ucation scholarship has ignored how schools operate as agencies of social and cultural re-

production and the ways in which different social, economic and political interests shape 

daily applications in the classroom. We have the responsibility to make an attempt to un-

derstand the specific student population in which we serve. We owe it students, clients 

and customers, to take the analysis to a deep enough level to bust superficial conclusions 

which can lead to stereotype threat. There are so many interacting variables that a more 

appropriate analysis might be structural equation modeling.  
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Wladis and Smith (2016) warned against the use of online learner readiness in-

struments to predict outcomes in learning. Dr. Mac Adkins (2020) further stressed this 

point and stressed that the SMLRI™ was not designed to predict outcomes, rather, to 

measure readiness for learning in a technology rich environment. It should be further 

noted that this readiness is based on online learning as it exists today. In other words, just 

because an online student may score low on any given construct measuring learner readi-

ness, it does not mean that the student is deficient. It means that those are areas where 

program administration should focus on developing their online courses and programs. It 

is simply and evaluative measure and should be interpreted as such. Online program ad-

ministrators and student services personnel are highly discouraged from discussing the 

results in terms of deficiency, which could act to discourage students who would other-

wise take the risk to succeed in online learning, particularly in agriculture. The name of 

the game now is radical acceptance and modification of program structure such that ALL 

students are served, regardless of advantage or deficiency. Bernard et al. (2004) reported 

that more frequent use of technology gives students more confidence. Program adminis-

trators can decrease cognitive burden on those who already may be dealing with real and 

perceived limitations or constraints, perhaps in part due to actual lower opportunity or 

stereotype threat. The literature suggests that rather than actual knowledge, capacity or 

competence, the real factor for some students is perceived ability, lack of confidence and 

locus of control. A study that examined student readiness for online learning through the 

dimensions of importance placed by the student on online learning and the student’s con-

fidence in their ability as measures of readiness, revealed significant differences based on 

Whiteness on their perceptions of online learning competencies (F. Martin et al., 2020a). 
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Giving online students some experience with the learning platforms ahead of grading 

could be a simple fix to increase social equity within the population. 

Conclusion 

Online learning is here to stay in all fields of study and in all sectors of the work-

force. It is no longer a luxury to accept that some students are “ready or not ready” or are 

just “good or not good at online learning”. In agriculture and other fields, student popula-

tions are represented by a diversity of student characteristics including demographic 

(self-identity), non-cognitive abilities, academic achievements, social roles, experience 

and many other factors that make up an individual. This study set out to identify a small 

set of student characteristics suspected to have some level of relationship with online 

learner readiness constructs, as measured by the SMLRI™ survey instrument. The results 

helped to identify the statistically significant effects of those student characteristics, both 

alone and together on the learner readiness measures. This analysis offered focused effort 

at understanding the specific student population being served by the Auburn Agriculture 

Online program at Auburn University in Alabama. It should be interpreted more as an 

evaluative, empirical study which offers a fine grain look at the niche field of profes-

sional and academic agriculture education offered fully or part online. While the results 

cannot be extrapolated to the general population, the information presented may be useful 

for other agriculture, environmental or earth sciences programs. In addition, it offers a 

clear model for replication.  

This research should not only be replicated at the educational research and pro-

gram management levels, but it should also be expanded. One area for expansion is to in-

clude agriculture programs across the United States who may have suddenly adopted 
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online educational models as a contingency for the pandemic. In addition, a larger sample 

should be included in future research in order to further explore the nuances in the more 

complex interaction effects. Attempting to recruit a sample with a larger representation of 

underrepresented groups could help to understand these groups better.  

If not for this dissertation research, this analysis may have never happened, and 

the information developed may have never been revealed about the online student popu-

lation under study. This is important because it is not a rare scenario. Often time, smaller, 

niche programs do not receive the benefit of educational or social equity research that 

could help to better direct program development. Even the very important andragogical 

learning design process step of Evaluation is too often skipped over. Then, students are 

measured on their success in online learning. Less often is the program itself measured 

for online teaching. Therefore, implementing empirical, observational and evaluative 

studies at the smaller scale is integral for increasing the effectiveness of online teaching 

and learning. This study offers one way to evaluate student characteristics in relation to 

their learner readiness in general within a given student population. However, the results 

are not for the purposes of student development only, rather and mostly, they are for pro-

gram administrators to take the information and implement it to offer online programs 

that are satisfying and effective to their student customers. Harasim said, “we need theo-

ries and pedagogies such as collaborativism to offset the drive towards the automation of 

education and to instead support effective and powerful learning and knowledge-building 

capabilities in which technology enhances and amplifies but does not replace human cre-

ativity, autonomy and control.” Implementing strategies from Collaborativism may help 

to improve the learning environment where there are effects related to time and place.  
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Deeper analysis offers program and institution officials an opportunity to examine 

and evaluate social equity deeply enough so that the threat of stereotype threat is mini-

mized for any group that may be affected. The ultimate goal should be to release the im-

pact of this cognitive burden on student learning. Interaction effects should thoroughly be 

examined when student characteristics are analyzed in order to paint a complete picture. 

This study revealed interaction effects that significantly changed the interpretation of the 

main effects. Since online learning is still in its relative infancy, and definitely not going 

away in light of pandemic shift, if we don’t make an attempt to identify stereo type threat 

in education and its direct relationship to educational research, then that will certainly be 

problematic.  

In the future, most learning will involve some online component. It is better to 

think about OLR as more simply, learner readiness in a technology environment. While 

we are in the learning phase as an industry in online learning, tools like SMLRI™ are 

most useful for program development and evaluation. It is the opinion of the author of 

this study that it is responsibility of purveyors of online programs to get up to speed with 

online learning and teaching, andragogical and pedagogical principals before expecting 

students to be left to their own devices to succeed or not. Paulo Freire says that the lack 

of education is a form of oppression, and learning ‘sets free’ or empowers the learner. 

Failing to make an effort to understand ways in which the educational system intention-

ally or unintentionally, itself, may oppress or disempower some learners over others, 

could be considered the same type of “lack”. Delving into understanding the specific stu-

dent population being served is simply “not an option” if education aims to stay clear of 

oppressive patterns of behavior. 
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There are several measurement tools available for assessing online learner readi-

ness and learner readiness in general, many with validated constructs. Logic would lend 

to the theory that, if they are measuring what they are intended to measure, they may now 

also be helpful in the identification of areas of social equity concern. If any statistically 

significant differences exist in OLR scores among any group of students based on shared 

characteristic(s), it will highlight areas of potential advantage or disadvantage. Most im-

portantly, based on this analysis, program administrators can target student services and 

course or program preparation to eliminate areas of potential inequity. Current research 

on the predictive factors effecting success in online learning supports adult learning con-

cepts and andragogical theory of self-directedness and the value of prior experience. If 

the scores on the SMLRI™ are predictors of learner readiness and online learner readi-

ness is a predictor of success, then it is critical that we examine if any student characteris-

tics show an effect on OLR scores or potential success. 

The concept of analyzing specific characteristics of students against varying as-

pects of the educational system in which serves them is not a new concept. However, 

many smaller programs like those in online professional development and formal aca-

demic agricultural training programs may lack the tools, resources or expertise to fully 

explore areas like readiness for learning of current or prospective students or areas related 

to equity. Before the COVID-19 pandemic of 2020, a student’s readiness for online learn-

ing may have seemed like a luxury that afforded them an additional option to choose 

from for their modality of learning. However, in the midst of this global crisis, online 

learning for adults in higher education across all disciplines is often not an option at all, 
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rather a necessity. Therefore, fully understanding online learner readiness and implement-

ing programming and policies based on that understanding is now, more than ever, an in-

creasing issue of equity, rather than luxury. Students that are not identified and assisted in 

their struggles with online learning are less likely to achieve their goals, not only in the 

classroom, but into their future working lives.   

Joosten and Cusatis (2020) highlighted the need for research examining student 

characteristics and their relationship with student outcomes for underrepresented students 

(minority students). Identifying areas of potential privilege based on whiteness, gender, 

age group, prior experience in online learning, and family will remove the assumption 

that there is not an effect of these characteristics on the final outcome of success in online 

learning, whether due to perception or structure. Educational researchers have an ethical 

duty to actively engage in the dismantling of structures and processes that contribute to 

inequity in any of its overt or covert manifestations in higher education. The literature is 

full of studies related to online learning, online learner readiness, and online learner read-

iness measurement tools as they relate to success, attrition and satisfaction in online 

courses (see Table 5). However, there is not much research looking at the effect of stu-

dent characteristics on the measures of online learner readiness.  

Making the attempt to understand the relationship between student characteristics 

and learner readiness at the beginning of an online student’s course of study is important 

for two main reasons: 1) if OLR and student characteristics are unanalyzed, structural or 

systematic barriers, whether actual or perceived, may go unnoticed altogether or at-

tributed to some other factor (affecting future achievements of some sectors of the stu-

dent population including non-white, first generation and novice online students among 
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other special adult population groups); and 2) if OLR and student characteristics are ana-

lyzed together, the information revealed can be used to inform the direction and the de-

velopment of the online course or program and intervene to deter any potential negative 

effects. Kauffman (2015) notes that students perceive online courses differently than tra-

ditional courses and negative perceptions can lead to unfavorable learning outcomes in-

cluding decreased motivation and persistence.  

Flexibility and learner-centeredness help students to develop more self-regulatory 

skills to facilitate their academic success (Artino, 2008, 2009; Cho & Jonassen, 2009; 

King et al., 2019). Developing enough empirical research for online learner readiness in 

different scenarios, disciplines, and across student characteristics will be critical for the 

concept more completely. The different survey instruments have proven useful in differ-

ent scenarios and student/administrator populations, but very little examination has been 

done around student characteristics as they relate to online learner readiness measures. It 

is the aim of this author that this study will encourage further research and program eval-

uation in this area. 
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Table 1 Total and Online Enrollment in Degree-granting Postsecondary Institutions – Fall 2002 
through Fall 2011 (Seaman et al., 2018) 

 

 
 
 
Table 2 Percentage of students taking distance courses – 2012-2016 (Seaman et al., 2018) 

 

 
 
 
Table 3 Proportion of exclusively distance students located outside of institution: 2016 (Seaman et 
al., 2018) 

 

 
 
 
 
Table 4 Students taking distance courses by level – 2012-2016 (Seaman et al., 2018) 
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Table 5 Summary of literature review showing list of survey instruments related to online learning from 1993-2017 (Developed by Leslie Anne Grill, 
2020) 

Year Survey Instrument Name Research Studies for Reference 
1993 Motivated Strategies for Learn-

ing Questionnaire (MSLQ), 
Pintrich, P. R., Smith, D. A., Garcia, T., & McKeachie, W. J. (1993). Reliability and predictive va-

lidity of the Motivated Strategies for Learning Questionnaire (MSLQ). Educational and Psy-
chological Measurement, 53(3), 801–813. 

1999 Distance Education Student Pro-
gress (DESP) Inventory 

Thompson, E. (1999). Can the Distance Education Student Progress (DESP) Inventory be Used as a 
Tool to Predict Attrition in Distance Education? Higher Education Research & Development, 
18(1), 77–84 

1999 Bartlett-Kotrlik Inventory of 
Self-Learning (BISL) 

Bartlett, J. E., & Kotrlik, J. W. (1999). Development of a self-directed learning instrument for use in 
work environments. Journal of Vocational Education 

2000 Online Constructivist Learning 
Environment Survey (OCLES 
[20]) with Demographic Data 

Johnson, B., & McClure, R. (2000). How are our graduates teaching? Looking at the learning envi-
ronments of our graduates’ classrooms. A paper presented at the annual meeting of the Asso-
ciation for the Education of Teachers in Science.; McClure, R., & Gatlin, L. (2007). Assess-
ment of online learning environments using the OCLES (20). National Social Science Jour-
nal, 28(2), 127–132.;  

DeVaney, T. A., Adams, N. B., & Elliott, C. B. (2008). Assessment of online learning environments: 
Using the OCLES (20) with graduate level online classes. Journal of Interactive Online 
Learning, 7(3), 165–174. 

2000 Online Technologies Self-Effi-
cacy Scale (OTSES)  

Miltiadou, M., & Yu, C. H. (2000). Validation of the Online Technologies Self-Efficacy Scale 
(OTSES); Lee, C.-Y. (2015). Changes in self-efficacy and task value in online learning. Dis-
tance Education, 36(1), 59–79. 

2000 Constructivist On-Line Learning 
Environment Survey (COLLES) 

Taylor, P., & Maor, D. (2000). Assessing the efficacy of online teaching with the Constructivist 
Online Learning Environment Survey. 

2000 Readiness for Online Learning 
Questionnaire (ROLQ) 

McVay, M. (2000). How to be a successful distance learning student: Learning on the Internet. Pear-
son Custom Pub.; McVay, M. (2000). Developing a web-based distance student orientation 
to enhance student success in an online bachelor’s degree completion program. Unpublished 
Practicum Report Presented to the Ed. D. Program, Nova Southeastern University, Florida. 
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2001 Social Presence Scale Gunawardena, C. N., & Duphorne, P. L. (2001). Which Learner Readiness Factors, Online Features, 
and CMC Related Learning Approaches Are Associated with Learner Satisfaction in Com-
puter Conferences?. 

2001 Self-Directed Learning Readi-
ness Scale 

Fisher, M., King, J., & Tague, G. (2001). Development of a self-directed learning readiness scale for 
nursing education. Nurse Education Today, 21(7), 516–525. 

2001 SmarterMeasureÔ Learner 
Readiness Indicator (formerly 
Readiness for Education at a 
Distance Indicator [READI] 

SmarterMeasure. (2017). SmarterMeasure: Learning readiness indicator. Retrieved from 
http://www.smartermeasure.com 

2002 Identifying At-Risk Students Osborn, V., & Turner, P. (2002). Identifying At-Risk Students in LIS Distributed Learning Courses. 
Journal of Education for Library and Information Science, 43(3), 205–213. 

2002 Social Presence and Privacy 
Questionnaire (SPPQ) 

Tu, C.-H. (2002). The measurement of social presence in an online learning environment. Interna-
tional Journal on E-Learning, 1(2), 34–45. 

2002 Computer-Mediated Communi-
cation (CMC) Questionnaire 
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Table 6 Samples of Online Readiness Survey Instruments (Waugh & Su-Searle, 2014)  
 

 

 
 
Table 7 Summary of Studies Using Readiness Survey Instruments (Waugh & Su-Searle, 2014) 
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Table 8 Frequency of response to information request email list for  
Auburn Agriculture Online by residential state of response (N=685) 

State 
Frequency  
Reported (n) State 

Frequency 
Reported (n) 

Alabama 166 Iowa 7 
Georgia 72 Washington  6 
Texas 40 Colorado 5 
California 38 Hawaii 5 
Tennessee 29 Louisiana 5 
Florida 24 West Virginia 5 
North Carolina 24 Connecticut 3 
Virginia 19 Idaho 3 
South Carolina 17 Nevada 3 
New York 16 Oregon 3 
Maryland 14 Utah 3 
Missouri 14 Washington, D.C. 2 
Ohio 14 Delaware 2 
Mississippi 13 Louisiana 2 
Arizona 12 New Hampshire 2 
Michigan 11 North Dakota 2 
Kentucky 10 Oklahoma 2 
Wisconsin 10 Rhode Island 2 
Illinois 9 Montana 1 
Kansas 9 Nebraska 1 
Pennsylvania 9 New Hampshire 1 
Arkansas 8 New Mexico 1 
Iowa 7 Vermont 1 
Maine 7 Indiana 6 
Minnesota 7 Washington  6 
New Jersey 7   
 
Table 9 Main Objective for wanting to enroll in an online course or program in agriculture  
for the sampling frame and the final sample, with representation percentages 
Main Objective for Wanting to 
Enroll in an Online Course or  
Program in Agriculture at  
Auburn University 

Frequency 
from  

Population 
List (N) 

Frequency 
 from SMLRI™ 

Study  
Participants (n) 

Percent of  
Population  

Represented by  
Sample  

Obtaining a graduate degree 440 122 27.7% 
Obtaining an undergraduate  

degree 201 35 17.4% 

Participating in professional and 
continuing education courses/ 
certification 

40 27 67.5% 

Taking academic graduate 
courses (not towards a degree) 9 9 100.0% 

Taking academic undergraduate 
courses (not towards a degree) 30 6 20.0% 

Total 720 199 27.6% 
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Table 10 List of fields of interest by the prospective online student 
population of Auburn Agriculture Online. Prospective students  
were asked to select up to five fields of interest that they had  
some interest in. 

Field of Interest Frequency Selected 
Agronomy (Crops & Soils) 453 

Environmental Sciences 340 

Agriculture Economics 276 

Plant Pathology 240 

Horticulture 240 

Animal Science 199 

Entomology 134 

Turfgrass Management 99 

Biosystems Engineering 98 

Aquaculture 82 

Food Science 81 

Fisheries 80 

Poultry Science 74 

Aquatic Science 71 

Rural Sociology 63 

Other 46 

 
 
 
 
Table 11 Record of email invitations sent with date and frequency data. One email invitation and 
two email reminders were sent directly from the study. The department administration also re-
minded the students in a marketing email for their programs; therefore, those dates were included 
with response frequencies as well.  

Study Invitation Description Date Sent 
Frequency of 

Valid  
Response (N) 

% of Total Re-
sponse 

Study Email #1:  
Initial Invitation to  
Participate in Study 

6/25/17 66 30.7% 

Study Email #2: Reminder 7/7/17 35 14.2% 
Reminder from Administration 7/14/17 24 11.3% 
Study Email #3: Final Reminder 9/13/17 39 17.5% 
Reminder from Administration 8/18/19 59 26.4% 
Total Response (N) 6/25/2017-9/9/2019 223/729 30.58% 
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Table 12 Frequency of response for each category of completion rate on the SMLRI™ survey 
instrument. 

SMLRI™ Completion Rate Frequency of  
Response (N) 

% of Total  
Response 

Completed SMLRI™ 0% 11 4.9% 
Completed SMLRI™ 17% 25 11.2% 
Completed SMLRI™ 33% 11 4.9% 
Completed SMLRI™ 50% 8 3.6% 
Completed SMLRI™ 67% 18 8.1% 
Completed SMLRI™ 83% 25 11.2% 
Completed SMLRI™ in entirety 100% 125 56.1% 

Total N 223/729 30.58% 
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Table 13 Research questions of the study with corresponding variables, data types, and control  
variables. 

Research Question Statistical  
Analysis 

Independ. 
Variables, 
Types and 
Codes 

Dependent  
Variables* 

Control 
Variables 

Is there a statistically  
significant relationship  
between gender and online 
learner readiness?  

Descriptive Stats 
Partial Corr. 
MANOVA 
Mann Whitney U 

Categorical 
Gender 
0=Female  
1=Male 

Continuous 
Domain Scores (5) 
Subdomain Scores 
(17) 
Learning Styles (7) 

Age 
Group 
Whiteness 
First Gen 
Prev Exp 

Is there a statistically  
significant relationship  
between age group and 
online learner readiness?  
 

Descriptive Stats 
Partial Corr. 
MANOVA 
Mann Whitney U 

Categorical  
Age Group  
0=Over 42  
1=19-42 

Continuous 
Domain Scores (5) 
Subdomain Scores 
(17) 
Learning Styles (7) 

Gender 
Whiteness 
First Gen 
Prev Exp 

Is there a statistically  
significant relationship  
between whiteness and 
online learner readiness?  

Descriptive Stats 
Partial Corr. 
MANOVA 
Mann Whitney U 

Categorical 
Whiteness  
0=Not White 
1=White 

Continuous 
Domain Scores (5) 
Subdomain Scores 
(17) 
Learning Styles (7) 

Age 
Group 
Gender 
First Gen 
Prev Exp 

Is there a statistically  
significant relationship  
between first generation  
college students and online 
learner readiness? 
 

Descriptive Stats 
Partial Corr. 
MANOVA 
Mann Whitney U 

Categorical  
First Gen  
0=First Gen 
1=Not First 
Gen 

Continuous 
Domain Scores (5) 
Subdomain Scores 
(17) 
Learning Styles (7) 

Age 
Group 
Whiteness 
Gender 
Prev Exp 

Is there a statistically  
significant relationship  
between previous experi-
ence in online courses and 
online learner readiness? 
 

Descriptive Stats 
Partial Corr. 
MANOVA 
Mann Whitney U 

Categorical  
Previous Exp 
0=No Prev 
Exp  
1= Prev Exp 

Continuous 
Domain Scores (5) 
Subdomain Scores 
(17) 
Learning Styles (7) 

Age 
Group 
Whiteness 
First Gen 
Gender 

What do the descriptive  
statistics representing online 
learner readiness of the  
sample reveal about areas of 
strength and weakness for 
the population?  

Descriptive Stats 
 

Categorical 
Each IV x 
Each DV 

Continuous 
Domain Scores (5) 
Subdomain Scores 
(17) 
Learning Styles (7) 

 

*Scale DVs: Individual Attributes Percent, Technical Knowledge Percent, Technical Competency, Life Factors, 

Reading WPM, Learning Style Categories. Subscale DVs: Individual Attributes (Time Management, Academic At-

tributes, Procrastination, Persistence, Help Seeking, Locus of Control), Technical Knowledge (Technology Usage, 

Technology in Your Life, Personal Computer/Internet, Technology Vocabulary), Technical Competence (Internet 

Competency, Computer Competency), Life Factors (Reason, Place, Skills, Resources, Time). 
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Table 14 Frequency of response to the SMLRI survey instrument by each independent variable. 
Chi-Square results show statistically significant differences between group responses for each 
independent variable. 

 Independent  
Variables N 

Ex-
pected 

N 

Chi-
Squar

e 

P-
value 

IV1 Gender (N=212)     
Female 79 106 13.7a 0.00 Male 133 106 

RQ2 Age Group (N=211)     
Over 42 53 105.5 52.3b 0.00 19-42 158 105.5 

RQ3 Whiteness (N=212)     
Not White  51 106 57.1a 0.00 White  161 106 

RQ4 First Generation (N=212) 212    

First Generation 75 106 18.1a 0.00 Not First Generation 137 106 
RQ5 Previous Online Course Experience (N=212)     

No Previous Online Courses Taken 49 106 61.3a 0.00 At Least One Previous Online Taken 163 106 
0 cells (0.0%) had expected frequencies less than 5. The minimum expected cell frequency is 106.0.  
b. 0 cells (0.0%) had expected frequencies less than 5. The minimum expected cell frequency is 105.5. 
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Table 15 Frequency of survey respondents by independent variables (IV): Gender, Age Group, 
Whiteness, First Generation and Previous Online Course Experience. 

Dependent Variables Freq Percent Valid  
Percent 

IV 1: Gender (N=212)    

Male 133 62.7 62.7 

Female 79 37.3 37.3 
    

Age Group (N=211)    

18-22 years old 5 2.8 2.8 

23-27 years old 50 23.6 23.6 

28-32 years old 34 16.0 16.0 

33-37 years old 41 19.3 19.3 

38-42 years old 27 12.7 12.7 

43-47 years old 25 11.8 11.8 

48-52 years old 8 3.8 3.8 

53-59 years old 13 6.1 6.1 

60+ years old 7 3.3 3.3 

IV2: Age Group-Two Groups (N=211) 
   

19-42 158 74.5 74.9 

Over 42 53 25.0 25.1 
    

Race (N=212)    

African American 15 7.1 7.1 

American Indian 3 1.4 1.4 

Asian or Pacific Islander 2 0.9 0.9 

Caucasian/White 161 75.9 75.9 

Latino/Hispanic 7 3.3 3.3 

Other 14 6.6 6.6 

Prefer not to respond 4 1.9 1.9 

Two or more races 6 2.8 2.8 

IV3: White/Not White-Two Groups (N=212)    

White (Self-reported as Caucasian) 161 75.9 75.9 

Not White (Did not self-report  

as Caucasian) 
51 24.1 24.1 

IV4: First Generation (N=212) 
   

Not First Generation 137 64.6 64.6 

First Generation 75 35.4 35.4 

Number of Online Courses Previously Taken 
(N=212) 

   

No Previous Online Courses Taken 49 23.1 23.1 

One Online Course Previously Taken 22 10.4 10.4 

Two Online Courses Previously Taken 28 13.2 13.2 

Three Online Courses Previously Taken 18 8.5 8.5 

Four Online Courses Previously Taken 11 5.2 5.2 

Five or more Online Courses Previously Taken 84 39.6 39.6 

IV5: Previous Experience in Online Courses-Two 
Groups (N=212)    

One or More Online Course Taken 163 76.9 76.9 

No Previous Online Courses Taken 49 23.1 23.1 
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Table 16 Summary of overall descriptive statistics for each main category and  
subcategory (listed from highest to lowest mean by percent for each section in  
order to show overall strengths and weaknesses. 

Categories and Subcategories N Mean Percent Std.  
Deviation 

TC-Technical Competency Percent 164 92.72 92.72% 9.62 

IA-Individual Attributes Percent 185 78.81 78.81% 7.25 

TK-Technical Knowledge Percent 150 77.79 77.79% 10.23 

LF-Life Factors Percent 212 73.34 73.34% 9.89 

TC-Internet Competency 164 47.07 94.14% 5.65 

TK-Personal Computer Internet 150 11.99 92.23% 1.16 

TC-Computer Competency 164 45.12 90.24% 6.69 

TK-Technology Vocabulary 150 9.01 90.10% 1.38 

IA-Time Management 185 14.32 89.50% 1.95 

IA-Academic Attributes 185 14.06 87.88% 1.90 

LF-Reason 212 16.63 83.15% 2.94 

LS-Physical 175 7.35 81.67% 1.45 

LS-Solitary 175 7.26 80.67% 1.58 

LF-Place 212 16.03 80.15% 2.36 

LS-Social 175 6.95 77.22% 1.51 

LF-Skills 212 14.66 77.16% 2.52 

LS-Verbal 175 6.9 76.67% 1.71 

LS-Logical 175 6.86 76.22% 1.68 

IA-Procrastination 185 12.13 75.81% 2.33 

LS-Visual 175 6.79 75.44% 1.61 

IA-Persistence 185 11.82 73.88% 1.64 

IA-Help Seeking 185 11.81 73.81% 1.50 

LF-Resources 212 14.51 72.55% 3.39 

IA-Locus of Control 185 11.51 71.94% 1.93 

TK-Technology Usage 150 15.05 71.67% 3.25 

TK-Technology in Your Life 150 13.73 68.65% 3.47 

LS-Aural 175 5.75 63.89% 2.32 

LF-Time 212 11.51 57.55% 2.83 

RD-Reading WPM 112 210.3 50.81% 75.56 
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Table 17 Statistically significant results from Partial Correlation tests performed. Each independent variable (columns) was compared with each  
dependent variable while controlling for the four remaining independent variables. 
Scales and  

   Subscales 

IV1: Gender 

0=Female  

1=Male 

IV2: Age Group  

0=Over 42  

1=19-42 

IV3: Whiteness  

0=Not White  

1=White 

IV4: First Generation 

0=First Gen  

1=Not First Gen 

IV5: Previous Experience  

0=No Prev Exp  

1= Prev Exp 

Individual Attributes Scale % ----- r=-0.166, n=179, p<0.026 ----- ----- ----- 

Time Management ----- ----- ----- r=-0.210, n=179, p<0.005 r=.184, n=179, p<0.013 
Academic Attributes ----- ----- ----- ----- ----- 

Procrastination ----- ----- ----- ----- ----- 

Persistence ----- ----- ----- r=-0.168, n=179, p<0.024 ----- 

Help Seeking ----- r=-0.204, n=179, p<0.006 ----- ----- ----- 

Locus of Control ----- r=-0.193, n=179, p<0.010 r=0.155, n=179, p<0.038 ----- ----- 

Technical Knowledge Scale % ----- ----- ----- ----- ----- 

Technology Usage ----- ----- ----- ----- ----- 

Technology in Your Life ----- ----- ----- ----- ----- 

Personal Computer  
Internet ----- 

----- 

r=0.195, n=144, p<0.018 

----- ----- 

Technology Vocabulary ----- ----- r=0.234, n=144, p<0.005 ----- ----- 

Technical Competency Scale % ----- ----- ----- ----- ----- 

Internet Competency ----- ----- ----- ----- ----- 

Computer Competency ----- ----- ----- ----- ----- 

Life Factors Scale % ----- ----- ----- ----- ----- 

Reason ----- ----- r=-0.213, n=206, p<0.002 (r=-0.195, n=206, p<0.005) ----- 
Place ----- r=-0.160, n=206, p<0.021 ----- ----- ----- 

Skills ----- ----- ----- ----- ----- 

Resources ----- ----- ----- ----- ----- 

Time ----- ----- r=-0.163, n=206, p<0.019 (r=-0.175, n=206, p<0.012) ----- 
Reading WPM ----- ----- r=0.204, n=107, p<0.034 ----- ----- 

Aural Learning Style r=-0.177, n=169, p<0.021 ----- ----- ----- ----- 

Logical Learning Style r=-0.182, n=169, p<0.017 ----- ----- ----- ----- 

Physical Learning Style r=-0.199, n=169, p<0.009 ----- ----- ----- ----- 

Social Learning Style r=-0.195, n=169, p<0.011 ----- ----- ----- ----- 

Solitary Learning Style r=-0.199, n=169, p<0.009 ----- ----- ----- ----- 

Verbal Learning Style ----- r=-0.184, n=169, p<0.016 ----- ----- ----- 

Visual Learning Style ----- ----- ----- ----- ----- 

*=p<.05, **=p<.01 
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Table 18 Summary of statistically significant results from MANOVA #1 and Univariate ANOVA tests. Independent variables of gender, age group, 
whiteness, first generation and previous experience) were the factors and dependent variables were the main scale categories. Reading (WPM was 
omitted from the multivariate model because it prevented the model from passing the Box’s Test. It was analyzed in the non-parametric tests per-
formed. 
MANOVA #1:  
OVERALL SCALES:  
MULTIVARIATE RESULTS 

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects  

p=.014 
partial eta 

squared=.098 

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects  

      IV1: Gender IV2: Age Group IV3: Whiteness IV4: First  
Generation 

IV5: Prev  
Experience 

MANOVA #1:  
UNIVARIATE 
TEST RESULTS 

Over-
all 

Mean 

Std. 
Dev. 

Female 
Mean 

Male 
Mean 

Over 42 
Mean 

19-42 
Mean 

Not 
White 
Mean 

White 
Mean 

First 
Gen 

Mean 

Not First 
Gen 

Mean 

No Prev 
Exp 

Mean 

Prev  
Exp 

Mean 

IA-Individual  
Attributes Percent + 
(n=185) 

78.81 7.25 79.85 79.53 79.69 79.65 81.43* 78.37 80.64* 78.95 79.03 80.13 

      
p=.026 

partial eta 
squared=.040 

p=.042 
partial eta 

squared=.033 
  

TK-Technical 
Knowledge Percent + 
(n=150) 

77.79 10.23 78.05 77.13 76.92 77.96 75.83 78.76 77.73 77.37 78.83 76.56 

            

TC-Technical  
Competency Percent + 
(n=164) 

92.72 9.62 91.50 91.50 90.86 91.96 89.65 92.86 90.56 92.18 91.56 91.46 

            

LF-Life Factors  
Percent + 
(n=212) 

73.34 9.89 71.82 73.61 73.07 72.70 71.38 73.93 74.36 71.75 71.98 73.50 

            

*=p<.05, **=p<.01 
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Table 19 Summary of statistically significant results from MANOVA #2 and Univariate ANOVA tests. Independent variables of gender, age group, 
whiteness, first generation and previous experience were the factors and dependent variables were the items on the Individual Attribute Scale. 
MANOVA #2:  
SUBSCALES:  
INDIVIDUAL ATTRIBUTES:   
MULTIVARIATE RESULTS 

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects  

F(6,153)=2.43, p=.028 
(partial eta 

squared=.087) 

F(6,153)=2.30, p=.037 
(partial eta 

squared=.083) 

No Statistically  
Significant  

Multivariate Effects 

      IV1  
Gender 

IV2  
Age Group 

IV3 
Whiteness 

IV4 
First Generation 

IV5 
Prev Experience 

MANOVA #2:  
UNIVARIATE  
RESULTS 

Over-
all 

Mean 

Std. 
Dev. 

Female 
Mean 

Male 
Mean 

Over 42 
Mean 

19-42 
Mean 

Not 
White 
Mean 

White 
Mean 

First Gen 
Mean 

Not First 
Gen Mean 

No Prev 
Exp Mean 

Prev  
Exp Mean 

IA-Academic  
Attributes + 
(n=185) 

14.06 1.90 14.05 13.96 13.62 14.27 14.73** 13.46 14.06 13.95 13.67 14.23 

      
p=.008 

partial eta 
squared=.043 

    

IA-Help Seeking 
(n=185) 

11.81 1.50 12.18 11.82 12.12 11.87 12.13 11.86 12.00 11.95 12.13 11.86 
            

IA-Locus of  
Control + 
(n=185) 

11.51 1.93 11.47 11.42 11.78 11.19 10.93 11.81 11.28 11.56 11.76 11.21 

         

IA-Persistence + 
(n=185) 

11.82 1.64 12.38 11.96 12.30 12.02 12.61** 11.80 12.44** 11.92 12.14 12.14 

      
p=.004  

partial eta 
squared=.051 

p=.007  
partial eta 

squared=.046 
  

IA-Procrastination  
(n=185) 

12.13 2.33 12.03 12.41 12.39 12.15 12.46 12.09 12.57 12.02 12.14 12.33 
          

IA-Time  
Management + 
(n=185) 

14.32 1.95 14.51 14.20 14.26 14.39 14.75* 14.03 14.90** 13.92 13.77 14.74 

      
p=.023 

partial eta 
squared=.032 

p=.001 
partial eta 

squared=.062 
  

*=p<.05, **=p<.01 
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Table 20 Summary of statistically significant results from MANOVA #3 and Univariate ANOVA tests. Independent variables of gender, age group, 
white-ness, first generation and previous experience were the factors and dependent variables were the items on the Technology Knowledge and Com-
petency Subscales. 
MANOVA #3: SUBSCALES: TECH-
NOLOGY KNOWLEDGE  
& COMPETENCE:  
MULTIVARIATE RESULTS 

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects  

 F(6,118)=2.177, 
p=.050 (partial eta 

squared=.100) 

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects  

      IV1:Gender IV2: Age Group IV3: Whiteness 
IV4: First  

Generation 
IV5: Prev  

Experience 

MANOVA #3: UNI-
VARIATE  
RESULTS 

Over-
all 

Mean 

Std. 
Dev. 

Female 
Mean 

Male 
Mean 

Over 42 
Mean 

19-42 
Mean 

Not White 
Mean 

White 
Mean 

First Gen 
Mean 

Not First 
Gen Mean 

No Prev 
Exp Mean 

Prev  
Exp Mean 

TK-Personal  
Computer Internet + 
(n=150) 

11.99 1.16 11.95 11.73 11.95 11.73 11.41 12.12 11.54 12.02 11.88 11.78 

            

TK-Technology  
In Your Life + 
(n=150) 

13.73 3.47 13.82 13.74 13.36 14.08 13.96 13.64 14.38 13.33 13.77 13.78 

            

TK-Technology  
Usage + 
(n=150) 

15.05 3.25 14.96 15.27 14.62 15.51 14.84 15.35 15.27 15.04 15.96 14.53 

            
TK-Technology  
Vocabulary + 
(n=150) 

9.01 1.38 9.23 8.63 9.30 8.58 8.32 9.30* 8.56 9.12 8.85 8.91 

      p=.022 
partial eta squared=.042     

TC-Computer  
Competency + 
(n=150) 

45.12 6.69 43.49 45.01 43.77 44.81 43.66 44.89 44.16 44.52 43.88 44.73 

            

TC-Internet  
Competency + 
(n=150) 

47.07 5.65 47.70 45.35 45.93 46.65 44.82 47.46 46.15 46.49 46.74 46.06 

            

*=p<.05, **=p<.01 
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Table 21 Summary of statistically significant results from MANOVA #4 and Univariate ANOVA tests. Independent variables of gender, age group, 
white-ness, first generation and previous experience were the factors and dependent variables were the items on the Life Factors Subscale. 
MANOVA #4:  
SUBSCALES:  
LIFE FACTORS:  
MULTIVARIATE RESULTS 

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects  

F(5,181)=4.13, 
p=.001 (partial eta 

squared=.102) 

F(5,181)=2.32, 
p=.045 (partial eta 

squared=.060) 

No Statistically  
Significant  

Multivariate Effects  

      IV1: Gender IV2: Age Group IV3: Whiteness IV4: First  
Generation 

IV5: Prev  
Experience 

MANOVA #4: 
UNIVARIATE  
RESULTS 

Over-
all 

Mean 

Std. 
Dev. 

Female 
Mean 

Male 
Mean 

Over 42 
Mean 

19-42 
Mean 

Not 
White 
Mean 

White 
Mean 

First 
Gen 

Mean 

Not First 
Gen 

Mean 

No Prev 
Exp 

Mean 

Prev  
Exp 

Mean 
LF-Place +  
(n=212) 

16.03 2.36 15.61 16.08 16.27 15.60 15.34 16.28 16.19 15.66 15.59 16.09 
            

LF-Reason 
(n=212) 

16.63 2.94 16.82 16.87 16.29 17.25 17.70 16.22 17.47 16.39 16.87 16.83 
            

LF-Resources + 
(n=212) 

14.51 3.39 13.95 14.09 14.14 13.95 13.01 14.79 13.71 14.27 13.93 14.11 
            

LF-Skills 
(n=212) 

14.66 2.52 14.91 14.85 15.63 14.32 14.74 14.97 14.84 14.90 14.74 14.97 
            

LF-Time + 
(n=212) 

11.51 2.83 11.58 11.79 11.82 11.61 11.73 11.68 12.43* 11.17 11.53 11.83 

        
p=.038 

partial eta 
squared=.024 

  

*=p<.05, **=p<.01 
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Table 22 Summary of statistically significant results from MANOVA #5 and Univariate ANOVA tests. Independent variables of gender, age group, 
white-ness, first generation and previous experience were the factors and dependent variables were the scores on the different Learning Styles. 
MANOVA #5:  
SUBSCALES:  
LEARNING STYLES:  
MULTIVARIATE RESULTS 

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects  

No Statistically  
Significant  

Multivariate Effects 
for 

      IV1:Gender IV2: Age Group IV3:Whiteness IV4:First  
Generation 

IV5: Prev  
Experience 

MANOVA #5: 
UNIVARIATE  
RESULTS 

Over-
all 

Mean 

Std. 
Dev. 

Female 
Mean 

Male 
Mean 

Over 42 
Mean 

19-42 
Mean 

Not 
White 
Mean 

White 
Mean 

First 
Gen 

Mean 

Not First 
Gen 

Mean 

No Prev 
Exp 

Mean 

Prev  
Exp 

Mean 
LS-Aural 
(n=175) 

5.75 2.32 6.32 5.32 5.31 6.06 5.48 5.93 5.98 5.57 5.86 5.66 
            

LS-Logical + 
(n=175) 

6.86 1.68 7.30 6.82 7.12 6.95 7.27 6.85 7.32* 6.81 6.90 7.11 

       
p=.029  

partial eta 
squared=.032 

  

LS-Physical 
(n=175) 

7.35 1.45 7.60 7.29 7.32 7.50 7.41 7.43 7.76 7.17 7.36 7.47 
            

LS-Social 
(n=175) 

6.95 1.51 7.38 6.84 7.11 7.04 7.16 7.00 7.19 6.97 6.78 7.28 
            

LS-Solitary + 
(n=175) 

7.26 1.58 7.56 7.28 7.47 7.34 7.50 7.32 7.58 7.26 7.65 7.21 
            

LS-Verbal 
(n=175) 

6.90 1.71 7.52 6.81 7.50 6.83 7.03 7.17 7.00 7.20 7.09 7.13 
            

LS-Visual 
(n=175) 

6.79 2.32 7.01 6.80 6.91 6.88 6.96 6.85 6.80 6.96 7.07 6.76 
            

*=p<.05, **=p<.01 
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Table 23 Statistically significant results from multivariate analysis of variance tests. Each of five sets of dependent variables and the  
five dependent variables were analyzed in five separate MANOVA analyses. 

  
IV1 

Gender 
IV2 

Age Group 
IV3 

Whiteness 
IV4 

First Gen 
IV5 

Prev Exp 
      

MANOVA 1: MAIN SCALE 
% 
Box Test PASSED 

None None F(4, 120)=3.26, p=.014  
partial eta sqd =.098* None None 

MANOVA 2:  
SUBSCALES  
Individual Attributes 
Box Test Not Passed 

None None F(6,153)=2.43, p=.028  
partial eta sqd =.087* 

F(6,153)=2.30, p=.037  
partial eta sqd =.083* None 

MANOVA 3:  
SUBSCALES  
Technology Knowledge  
& Competence 
Box Test Not Passed 

None None 

MAIN EFECT:  
F(6,118)=2.177, p=.050  
partial eta sqd =.100*  

 
INTERACTION  

EFFECT: 
IV3White*IV4FirstGen:  
F(6,118)=3.27, p=.005  
partial eta sqd=.142** 

INTERACTION  
EFFECT: 

IV3White*IV4FirstGen: 
F(6,118)=3.27, p=.005  
partial eta sqd =.142** 

None 

MANOVA 4:  
SUBSCALES 
Life Factors 
Box Test Not Passed 

None None F(5,181)=4.13,p=.001  
partial eta sqd =.102* 

F(5,181)=2.32, p=.045  
partial eta sqd =.060* None 

MANOVA 5: Learning Styles 
Box Test Not Passed None None None None None 

*=Medium Effect Size, **=Large Effect Size 
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Table 24 Statistically significant results from Mann Whitney U non-parametric tests for main Scales, Reading (WPM), and Learning Styles. This test 
detects differences in mean ranks between independent variable groups and does not require normal distribution of data. The group with the higher 
mean rank is listed under the statistically significant z-score. 
Main Scales, Reading,  
and Learning Styles N IV1: Gender IV2: Age Group IV3: Whiteness IV4: First Generation 

IV5:  
Previous Experience 

       
IA-Individual Attributes Scale 184 ---------- 

z=-2.228, p<0.026; 
Over 42 ---------- ---------- ---------- 

TK-Technical Knowledge Scale 150 ---------- ---------- ---------- ---------- ---------- 

TC-Technical Competency Scale 164 ---------- ---------- ---------- ---------- ---------- 

LF-Life Factors Scale 212 ---------- ---------- ---------- ---------- ---------- 

RD-Reading WPM 114 ---------- ---------- 
z=-2.106, p<0.035; 

White ---------- ---------- 

LS-Aural 175 z=-2.729, p<0.006;  
Female ---------- ---------- ---------- ---------- 

LS-Logical 175 z=-2.343, p<0.019;  
Female ---------- ---------- ---------- ---------- 

LS-Physical 175 z=-2.632, p<0.008; 
 Female ---------- ---------- ---------- ---------- 

LS-Social 175 z=-2.447, p<0.014;  
Female ---------- ---------- ---------- ---------- 

LS-Solitary 175 z=-2.455, p<0.014,  
Female ---------- ---------- ---------- ---------- 

LS-Verbal 174 ---------- 
z=-2.106, p<0.035; 

Over 42 ---------- ---------- ---------- 

LS-Visual 175 ---------- ---------- ---------- ---------- ---------- 

*=p<.05, **=p<.01 
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Table 25 Statistically significant results from Mann Whitney U non-parametric tests for Subscales. This test detects differences in mean ranks between 
independent variable groups and does not require normal distribution of data. 

Subscales N IV1: Gender IV2: Age Group IV3: Whiteness IV4: First Generation 
IV5:  

Previous Experience 

IA-Time Management 185 ---------- ---------- ---------- 
z=-3.041, p<.002;  

First Gen 
z=-2.245, p<.025;  

Prev Exp 
IA-Academic Attributes 185 ---------- ---------- ---------- ---------- ---------- 

IA-Procrastination 185 ---------- ---------- ---------- ---------- ---------- 

IA-Persistence 185 ---------- ---------- ---------- 
z=-2.318, p<.020;  

First Gen ---------- 

IA-Help Seeking 185 ---------- 
z=-.284, p<.005;  

Over 42 ---------- ---------- ---------- 

IA-Locus of Control 185 ---------- 
z=-2.418, p<.016;  

Over 42 
z=-2.071, p<.038; 

White ---------- ---------- 

TK-Technology Usage 150 ---------- ---------- ---------- ---------- ---------- 

TK-Technology in Your Life 150 ---------- ---------- ---------- ---------- ---------- 

TK-Personal Computer Internet 150 ---------- ---------- ---------- ---------- ---------- 

TK-Technology Vocabulary 150 ---------- ---------- 
z=-2.889, p<.004; 

White ---------- ---------- 

TC-Internet Competency 164 ---------- ---------- ---------- ---------- ---------- 

TC-Computer Competency 164 ---------- ---------- ---------- ---------- ---------- 

LF-Reason 212 ---------- ---------- 
z=-3.608, p<.000;  

Not White 
z=-2.515, p<.002;  

First Gen ---------- 

LF-Place 212 ---------- 
z=-2.292, p<.022;  

Over 42 ---------- ---------- ---------- 

LF-Skills 212 ---------- ---------- ---------- ---------- ---------- 

LF-Resources 212 ---------- ---------- ---------- ---------- ---------- 

LF-Time 212 ---------- 
z=-2.130, p<.033;  

Over 42 
z=-2.288, p<.008;  

Not White 
z=-2.228, p<.022;  

First Gen ---------- 

*=p<.05, **=p<.01 
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Table 26 Mean rank values for the Main Scale items. These values were used in the Mann Whitney U analysis which detects statistically significant 
mean rank differences and does not require the data set to assume normality. 
 RQ1-Gender RQ2-Age Group RQ3-Whiteness RQ4-First Generation 

RQ5-Previous Experience in 
Online Courses 

 Group N Mean 
Rank Group N Mean 

Rank Group N Mean 
Rank Group N Mean 

Rank Group N Mean 
Rank 

Individ-
ual At-
tributes 
Percent 

Female 69 96.89 Over 
42 

49 107.00 Not White 45 99.18 First Gen 70 100.85 No Prev Exp 44 88.64 

Male 116 90.69 19-42 135 87.24 White 140 91.01 Not First Gen 115 88.22 Some Prev 
Exp 141 94.36 

N 185   N 184   N 185   N 185   N 185   
Tech-
nical 
Knowle
dge Per-
cent 

Female 58 77.26 Over 
42 42 74.52 Not White 37 61.69 First Gen 56 81.81 No Prev Exp 38 76.83 

Male 92 74.39 19-42 107 75.19 White 113 80.02 Not First Gen 94 71.74 Some Prev 
Exp 112 75.05 

N 150   N 149   N 150   N 150   N 150   
Tech-
nical 
Compe-
tency 
Percent 

Female 62 79.11 Over 
42 45 72.38 Not White 44 81.57 First Gen 61 78.85 No Prev Exp 40 77.31 

Male 102 84.56 19-42 118 85.67 White 120 82.84 Not First Gen 103 84.66 Some Prev 
Exp 124 84.17 

N 164   N 163   N 164   N 164   N 164   

Life 
Factors 
Percent 

Female 79 102.53 Over 
42 53 116.78 Not White 51 111.89 First Gen 75 113.03 No Prev Exp 49 100.36 

Male 133 108.86 19-42 158 102.38 White 161 104.79 Not First Gen 137 102.92 Some Prev 
Exp 163 108.35 

N 212   N 211   N 212   N 212   N 212   

Read-
ing 
WPM 

Female 48 62.05 Over 
42 33 63.88 Not White 26 43.56 First Gen 38 52.24 No Prev Exp 33 55.80 

Male 66 54.19 19-42 81 54.90 White 88 61.62 Not First Gen 76 60.13 Some Prev 
Exp 81 58.19 

N 114   Total 114   N 114   N 114   N 114   
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Table 27 Mean rank values for the Individual Attributes Subscale items. These values were used in the Mann Whitney U analysis which detects statis-
tically significant mean rank differences and does not require the data set to assume normality. 

 RQ1-
Gender N Mean 

Rank 

RQ2-
Age 

Group 
N Mean 

Rank 

RQ3-
White-

ness 
N Mean 

Rank 
RQ4-First 
Generation N Mean 

Rank 
IV5: Prev 

Exp N Mean 
Rank 

IA-Aca-
demic At-
tributes 

Female 69 101.57 Over 42 49 91.33 Not 
White 45 104.23 First Gen 70 91.18 No Prev Exp 44 88.09 

Male 116 87.91 19-42 135 92.93 White 140 89.39 Not First Gen  115 94.11 Prev Exp 141 94.53 
N 185   N 184   N 185   N 185   N 185   

IA-Help 
Seeking 

Female 69 96.57 Over 42 49 110.55 Not 
White 45 95.14 First Gen 70 94.02 No Prev Exp 44 96.74 

Male 116 90.88 19-42 135 85.95 White 140 92.31 Not First Gen  115 92.38 Prev Exp 141 91.83 
N 185   N 184 0.005 N 185   N 185   N 185   

IA-Locus of 
Control 

Female 69 90.50 Over 
42* 49 108.05 Not 

White 45 78.81 First Gen 70 95.94 No Prev Exp 44 95.95 

Male 116 94.49 19-42 135 86.86 White* 140 97.56 Not First Gen  115 91.21 Prev Exp 141 92.08 
N 185   N 184 0.016 N 185 0.038 N 185   N 185   

IA-Persis-
tence 

Female 69 99.36 Over 42 49 99.30 Not 
White 45 100.16 First Gen* 70 104.44 No Prev Exp 44 93.10 

Male 116 89.22 19-42 135 90.03 White 140 90.70 Not First Gen  115 86.03 Prev Exp 141 92.97 
N 185   N 184   N 185   N 185 0.020 N 185   

IA-Procras-
tination 

Female 69 92.54 Over 42 49 96.55 Not 
White 45 101.56 First Gen 70 97.59 No Prev Exp 44 92.38 

Male 116 93.27 19-42 135 91.03 White 140 90.25 Not First Gen  115 90.20 Prev Exp 141 93.20 
N 185   N 184   N 185   N 185   N 185   

IA-Time 
Manage-
ment 

Female 69 98.12 Over 42 49 102.16 Not 
White 45 100.80 First Gen* 70 107.79 No Prev Exp 44 77.75 

Male 116 89.96 19-42 135 88.99 White 140 90.49 Not First Gen  115 84.00 Prev Exp* 141 97.76 
N 185   N 184   N 185   N 185 0.002 N 185 0.025 
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Table 28 Mean rank values for the Technology Knowledge and Competence Subscale items. These values were used in the Mann Whitney U analysis 
which detects statistically significant mean rank differences and does not require the data set to assume normality. 
 RQ1-

Gender N Mean 
Rank 

Age 
Group N Mean 

Rank 
White-
ness N Mean 

Rank 
RQ4-First 
Generation N Mean 

Rank 
IV5: Prev 
Exp N Mean 

Rank 
TK-Per-
sonal Com-
puter Inter-
net 

Female 58 72.03 Over 42 42 75.67 Not 
White 37 68.41 First Gen 56 76.10 No Prev Exp 38 75.01 

Male 92 77.68 19-42 107 74.74 White 113 77.82 Not First Gen  94 75.14 Prev Exp 112 75.67 
N 150   N 149   N 150   N 150   N 150   

TK-Tech-
nology in 
Your Life 

Female 58 73.82 Over 42 42 75.44 Not 
White 37 70.36 First Gen 56 80.99 No Prev Exp 38 76.50 

Male 92 76.56 19-42 107 74.83 White 113 77.18 Not First Gen  94 72.23 Prev Exp 112 75.16 
N 150   N 149   N 150   N 150   N 150   

TK-Tech-
nology Us-
age 

Female 58 79.09 Over 42 42 73.67 Not 
White 37 67.50 First Gen 56 83.33 No Prev Exp 38 76.78 

Male 92 73.23 19-42 107 75.52 White 113 78.12 Not First Gen  94 70.84 Prev Exp 112 75.07 
Total 150   N 149   N 150   N 150   N 150   

TK-Tech-
nology Vo-
cabulary 

Female 58 81.58 Over 42 42 81.56 Not 
White 37 58.99 First Gen 56 74.78 No Prev Exp 38 77.43 

Male 92 71.67 19-42 107 72.43 White* 113 80.91 Not First Gen  94 75.93 Prev Exp 112 74.84 
N 150   N 149   N 150 0.004 N 150   N 150   

TC-Com-
puter Com-
petency 

Female 62 76.32 Over 42 45 76.64 Not 
White 44 79.84 First Gen 61 79.26 No Prev Exp 40 80.05 

Male 102 86.25 19-42 118 84.04 White 120 83.48 Not First Gen  103 84.42 Prev Exp 124 83.29 
Total 164   N 163   N 164   N 164   N 164   

TC-Internet 
Compe-
tency 

Female 62 85.41 Over 42 45 78.12 Not 
White 44 77.45 First Gen 61 81.92 No Prev Exp 40 79.85 

Male 102 80.73 19-42 118 83.48 White 120 84.35 Not First Gen  103 82.84 Prev Exp 124 83.35 
N 164   Total 163   N 164   N 164   N 164   
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Table 29 Mean rank values for the Life Factor Subscale items. These values were used in the Mann Whitney U analysis which detects statistically sig-
nificant mean rank differences and does not require the data set to assume normality. 

 RQ1-
Gender 

N 
Mean 
Rank 

RQ2-Age 
Group 

N 
Mean 
Rank 

RQ3-
White-
ness 

N 
Mean 
Rank 

RQ4-First 
Generation 

N 
Mean 
Rank 

RQ5-Previ-
ous Online 
Course Ex-
perience 

N 
Mean 
Rank 

LF-Place 
Female 79 107.08 Over 42* 53 122.32 Not White 51 105.64 First Gen 75 113.82 No Prev Exp 49 106.45 
Male 133 106.16 19-42 158 100.53 White 161 106.77 Not First Gen  137 102.49 Prev Exp 163 106.52 
N 212   N 211 0.022 N 212   N 212   N 212   

LF-Reason 
Female 79 102.75 Over 42 53 102.75 Not 

White* 
51 133.29 First Gen* 75 120.71 No Prev Exp 49 106.60 

Male 133 108.73 19-42 158 107.09 White 161 98.01 Not First Gen  137 98.72 Prev Exp 163 106.47 
N 212   N 211   N 212 0.000 N 212 0.002 N 212   

LF-Re-
sources 

Female 79 99.68 Over 42 53 107.65 Not White 51 96.01 First Gen 75 97.02 No Prev Exp 49 98.86 
Male 133 110.55 19-42 158 105.45 White 161 109.82 Not First Gen  137 111.69 Prev Exp 163 108.80 
N 212   N 211   N 212   N 212   N 212   

LF-Skills 
Female 79 112.16 Over 42 53 117.01 Not White 51 101.35 First Gen 75 105.99 No Prev Exp 49 100.09 
Male 133 103.14 19-42 158 102.31 White 161 108.13 Not First Gen  137 106.78 Prev Exp 163 108.43 
N 212   N 211   N 212   N 212   N 212   

LF-Time 
Female 79 101.32 Over 42* 53 121.36 

Not 
White* 

51 126.08 First Gen* 75 119.45 No Prev Exp 49 106.32 

Male 133 109.58 19-42 158 100.85 White 161 100.30 Not First Gen  137 99.41 Prev Exp 163 106.56 
N 212   N 211 0.033 N 212 0.008 N 212 0.022 N 212   
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Table 30 Mean rank values for the Learning Style items. These values were used in the Mann Whitney U analysis which detects statistically significant 
mean rank differences and does not require the data set to assume normality. 
 RQ1-Gender RQ2-Age Group RQ3-Whiteness RQ4-First Generation 

RQ5-Previous Experience 
in Online Courses 

LS-Aural 
Female 68 100.97 Over 42 47 78.02 Not White 45 76.26 First Gen 68 92.48 No Prev Exp 43 86.58 
Male 107 79.76 19-42 127 91.01 White 130 92.07 Not First Gen 107 85.15 Prev Exp 132 88.46 
N 174   N 175   N 175   N 175   N 175   

LS-Logical 
Female 68 99.05 Over 42 47 95.45 Not White 45 99.10 First Gen 68 94.64 No Prev Exp 43 82.51 
Male 107 80.98 19-42 127 84.56 White 130 84.16 Not First Gen 107 83.78 Prev Exp 132 89.79 
N 175   N 174   N 175   N 175   N 175   

LS-Physical 
Female 68 100.29 Over 42 47 84.90 Not White 45 83.60 First Gen 68 95.38 No Prev Exp 43 85.42 
Male 107 80.19 19-42 127 88.46 White 130 89.52 Not First Gen 107 83.31  Prev Exp 132 88.84 
N 175   N 174   N 175   N 175   N 175   

LS-Social 
Female 68 99.51 Over 42 47 88.72 Not White 45 95.08 First Gen 68 91.30 No Prev Exp 43 86.55 
Male 107 80.68 19-42 127 87.05 White 130 85.55 Not First Gen 107 85.90 Prev Exp 132 88.47 
N 175   N 174   N 175   N 175   N 175   

LS-Solitary 
Female 68 99.51 Over 42 47 91.02 Not White 45 89.43 First Gen 68 90.50 No Prev Exp 43 88.78 
Male 107 80.69 19-42 127 86.20 White 130 87.50 Not First Gen 107 86.41 Prev Exp 132 87.75 
N 175   N 174   N 175   N 175   N 175   

LS-Verbal 
Female 68 94.90 Over 42 47 100.48 Not White 45 90.39 First Gen 68 86.67 No Prev Exp 43 92.98 
Male 107 83.62 19-42 127 82.70 White 130 87.17 Not First Gen 107 88.85 Prev Exp 132 86.38 
N 175   N 174   N 175   N 175   N 175   

LS-Visual 
Female 68 94.47 Over 42 47 84.79 Not White 45 86.83 First Gen 68 85.38 No Prev Exp 43 87.16 
Male 107 83.89 19-42 127 88.50 White 130 88.40 Not First Gen 107 89.66 Prev Exp 132 88.27 
N 175   N 174   N 175   N 175   N 175   
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Table 31 Summary of all statistically significant (SS) results from Partial Correlations, Mann Whitney U, Univariate and Multivariate ANOVA tests. 
 IV1: Gender IV2: Age Group IV3: Whiteness IV4: First Gen IV5: Previous Exp 
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Main Scale** (Box=Yes, Passed)                     
IA-Individual Attributes Percent       

 

*  *     
  
  
  

    * 

** 

    *   
  
  
  

        
  
  
  

TK-Technical Knowledge Percent                               
TC-Technical Competency Percent                               
LF-Life Factors Percent                               
Individual Attribute Subscale* (Box=No)                                      
IA-Academic Attributes       

 

        
  
  
  
  
  

    ** 

* 

      

* 

        
  
  
  
  
  

IA-Help Seeking       ** **                     
IA-Locus of Control       ** *   * *               
IA-Persistence                ** * * **       
IA-Procrastination                               
IA-Time Management                 * ** ** ** ** *   
Technology Knowledge and Competence (Box=NO)                                       
TK-Personal Computer Internet       

 

        
  
  
  
  
  

*     

* 

        
  
  
  
  
  

        
  
  
  
  
  

TK-Technology in Your Life                               
TK-Technology Usage                               
TK-Technology Vocabulary             ** ** *             
TC-Computer Competency                               
TC-Internet Competency                               
Life Factors** (Box=No)                                      
LF-Place       

 

* *     
  
  
  
  

      

** 

      

* 

        
  
  
  
  

LF-Reason             ** **   ** **         
LF-Resources                               
LF-Skills                               
LF-Time         *   * **   ** * *       
Learning Styles (Box=No)                                       
LS-Aural * **   

 

        
  
  
  
  
  
  

      

 

        
  
  
  
  
  
  

        
  
  
  
  
  
  

LS-Logical * *                   *       
LS-Physical ** **                           
LS-Social ** **                           
LS-Solitary ** **                           
LS-Verbal       * *                     
LS-Visual                               
Reading WPM                * *  *                    

 *=p<05, **=p<.01; COR=Partial Correlation Test; MWU=Mann Whitney U Test; UNI=Univariate ANOVA; MAN=Multivariate ANOVA (MANOVA) 
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Table 32 Summary of steps taken and statistically significant results indicating relationships between independent and dependent variables. 
   IV1 

Gender 
IV2 
Age Group 

IV3 
Whiteness 

IV4 
First Gen 

IV5 
Prev Exp 

Partial  
Correlation 

LS-Aural (F) 
LS-Logical (F) 
LS-Physical (F) 
LS-Social (F) 
LS-Solitary (F) 

IA-Ind. Attributes % (O42)    
IA-Help Seeking (O42)    
IA-Locus of Control (O42)    
LF-Place (O42)    
LS-Verbal (O42) 

LF-Reason (NW)    
LF-Time (NW) 
IA-Locus of Control (W)    
TK-Pers Comp/Int (W)    
TK-Tech Vocabulary (W)    
Reading (WPM) (W) 

IA-Persistence (FG)    
IA-Time Mgmt. (FG) 
LF-Reason (FG)    
LF-Time (FG) 

IA-Time Mgmt. 
(FG) 

MANOVA  
Main Effects NONE NONE 

Overall Scale %*     
IA-Ind. Attributes Subscale*     
TK/TC Subscales*  
Life Factors*  

IA-Ind. Attributes Subscale*     
Life Factors*  NONE 

Multivariate Interaction Ef-
fects NONE NONE TK/TC Subscale (WxFG)** TK/TC Subscale (WxFG)** 

IA-Ind. Attributes (FGxPE)* 
IA-Ind. Attributes 
(FGxPE)* 

Univariate  
Main Effects NONE NONE 

IA-Ind. Attributes % (NW)  
IA-Acad. Attributes (NW)  
IA-Persistence (NW)  
IA-Time Mgmt. (NW)  
TK-Tech Vocabulary (W)  
Reading (WPM) (W) 

IA-Ind. Attributes % (FG) 
IA-Persistence (FG)  
IA-Time Mgmt. (FG)    
LF-Time (FG)  
LS-Logical (FG)  

NONE 

Univariate 
Interaction Effects NONE IA-Persistence (AGxW)  

TK-Tech Vocabulary (WxFG)  
IA-Acad. Attributes (WxPE)  
IA-Persistence (AGxW)  

TK-Tech Vocabulary (WxFG)  IA-Acad. Attributes 
(WxPE)  

Mann  
Whitney U 

LS-Aural (F) 
LS-Logical (F) 
LS-Physical (F) 
LS-Social (F) 
LS-Solitary (F) 

IA-Ind. Attributes % (O42)    
IA-Help Seeking (O42)    
IA-Locus of Control (O42)    
LF-Place (O42)    
LS-Verbal (O42)    
LF-Time (O42) 

LF-Reason (NW)    
LF-Time (NW) 
IA-Locus of Control (W)    
TK-Tech Vocabulary (W)    
Reading (WPM) (W) 

IA-Persistence (FG)    
IA-Time Mgmt. (FG) 
LF-Reason (FG)    
LF-Time (FG) 

IA-Time Mgmt. 
(FG) 

Parametric AND Non-para-
metric Tests NONE NONE 

LF-Reason (NW)    
LF-Time (NW)    
IA-Locus of Control (W)    
TK-Tech Vocabulary (W) 
Reading (WPM) (W)    

IA-Persistence (FG)    
IA-Time Mgmt. (FG)    
LF-Reason (FG)    
LF-Time (FG)    

        NONE 

Statistical Power Effect Size: - = Small Effect Size, * = Medium Effect Size, ** = Large Effect Size 



 213 

 
 
 
 

Figures 

 



 214 

 

 
Figure 1 Percentage of students taking distance courses (Seaman et al., 2018) 

 

 

 

Figure 2 Year-to-year Percentage Change in Distance Enrollments-Degree-Granting  
Institutions - 2012-2016 (Seaman et al., 2018). 
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Figure 3 Advertisement on SmarterServices, LLC SmarterMeasureÔ website showing individual 
cost of $29.95 to take survey and receive a customized student report. 

 

 
Figure 4 Fields of interest by the prospective online student population of Auburn Agriculture 
Online. Prospective students were asked to select up to five fields of interest that they had some  
interest in. 
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Figure 5 Graphical analysis of statistically significant interaction effect detected in the between- 
subject part of the MANOVA analysis for TK-Technology Vocabulary. Although Whiteness is  
having a main effect on this dependent variable, it is not the same for First Generation and Not  
first Generation groups. Technology Vocabulary mean scores were statistically lower for Not White, 
First Generation students than for their White, First Generation counterparts indicating more of an 
issue for this group. 

 

 

 

Figure 6 Graphical analysis of statistically significant interaction effect detected in the between- 
subject part of the MANOVA analysis for IA-Academic Attributes. Although Whiteness is having  
a main effect on this dependent variable, it is not the same for No Previous Experience and Previous 
Experience groups. Academic Attributes mean scores were statistically lower for White, no  
Previous Experience students than for their White, Previous Experience counterparts indicating 
more of an issue for this group.  
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Figure 7 Graphical analysis of statistically significant interaction effect detected in the between- 
subject part of the MANOVA analysis for IA-Persistence. Although Age is having a main effect  
on this dependent variable, it was not the same for White and Not White groups. IA-Persistence 
scores were statistically lower for the Over 42, White group than for their Over 42, Not White  
counterparts indicating more of an issue with persistence for this group. 

  



 218 

 

 

References 

 

Adkins, M. (2017, March). Construct Validity: SmarterMeasure Learning Readiness In-

dicator. Construct Validity. 

Adkins, PhD, M. (2020, November 20). Personal Communication with Dr. Mac Adkins, 

CEO of SmarterServices, LLC regarding SmarterMeasure Online Learner Readi-

ness Survey Instrument [Personal communication]. 

Advantage. (2021). In Merriam-Webster.com Dictionary. Merriam-Webster. 

https://www.merriam-webster.com/dictionary/advantage 

Allen, I. E., & Seaman, J. (2010). Class Differences: Online Education in the United 

States, 2010. Sloan Consortium (NJ1). 

Allen, I. E., & Seaman, J. (2013). Changing course: Ten years of tracking online educa-

tion in the United States. Nursing Standard (Royal College of Nursing (Great 

Britain) : 1987), 26, 47. https://doi.org/10.1177/0165551508095781 

Amineh, R. J., & Asl, H. D. (2015). Review of constructivism and social constructivism. 

Journal of Social Sciences, Literature and Languages, 1(1), 9–16. 

Anderson, T. (2008). The Theory and Practice of Online Learning. AU Press. 

https://books.google.com/books?id=RifNwzU3HR4C 

Applebaum, B. (2010). Being White, Being Good: White Complicity, White Moral Re-

sponsibility, and Social Justice Pedagogy. Lexington Books. 

https://books.google.com/books?id=eJMZ0RxltAcC 



 219 

Artino, A. R. (2008). Promoting academic motivation and self-regulation: Practical 

guidelines for online instructors. TechTrends, 52(3), 37–45. 

Artino, A. R. (2009). Online learning: Are subjective perceptions of instructional context 

related to academic success? Internet and Higher Education, 12(3–4), 117–125. 

Bailey, N. E., Arnold, S. K., & Igo, C. G. (2014). Educating the Future of Agriculture: A 

Focus Group Analysis of the Programming Needs and Preferences of Montana 

Young and Beginning Farmers and Ranchers. 55(2), 167–183. 

https://files.eric.ed.gov/fulltext/EJ1122315.pdf 

Bailey, T., Edgecombe, N., Jaggers, S. S., Jenkins, D., Karp, M. M., Scott-Clayton, J., & 

Belfield, C. (2010). Guidance from the Research Literature for the Bill and 

Melinda Gates Foundation’s Postsecondary Success Initiative. 

Bartlett, J. E., & Kotrlik, J. W. (1999). Development of a Self-Directed Learning Instru-

ment for Use in Work Environments. Journal of Vocational Education Research, 

24(4), 185–208. 

Bernard, R. M., Brauer, A., Abrami, P. C., & Surkes, M. (2004). The development of a 

questionnaire for predicting online learning achievement. Distance Education, 

25(1), 31–47. 

Bonilla-Silva, E. (2010). Racism without racists: Color-blind racism and racial inequal-

ity in contemporary America. Rowman & Littlefield. 

Bonner, M., Koch, T., & Langmeyer, D. (2004). Organizational Theory Applied to 

School Reform. School Psychology International, 25, 455–471. 

https://doi.org/10.1177/0143034304048779 



 220 

Broadbent, J., & Poon, W. L. (2015). Self-regulated learning strategies & academic 

achievement in online higher education learning environments: A systematic re-

view. The Internet and Higher Education, 27, 1–13. 

https://doi.org/10.1016/j.iheduc.2015.04.007 

Brookfield, S. (1995). Adult learning: An overview. International Encyclopedia of Edu-

cation, 10, 375–380. 

Bryant, J., & Adkins, M. (2013). Online student readiness and satisfaction within sub-

populations. 

Cahalan, M., Perna, L., Wright-Kim, J., & Jiang, N. (2019). 2019 Indicators of Higher 

Education Equity in the United States: Historical Trend Report. 

Catalano, A. J. (2018). Measurements in Distance Education: A Compendium of Instru-

ments, Scales, and Measures for Evaluating Online Learning. Routledge. 

Cercone, K. (2008). Characteristics of adult learners with implications for online learning 

design. AACE Journal, 16(2), 137–159. 

Cho, M., & Jonassen, D. (2009). Development of the human interaction dimension of the 

Self‐Regulated Learning Questionnaire in asynchronous online learning environ-

ments. Educational Psychology, 29(1), 117–138. 

Cigdam, H., & Yildirim, O. G. (2014). Effects of Students’ Characteristics on Online 

Learning Readiness: A Vocational College Example. Turkish Online Journal of 

Distance Education, 15(3), 80–93. https://eric.ed.gov/?q=EFFECTS+OF+STU-

DENTS%e2%80%99+CHARACTERISTICS+ON+ONLINE+LEARN-

ING+READINESS&id=EJ1043667 



 221 

Clarà, M., & Barberà, E. (2014). Three problems with the connectivist conception of 

learning. Journal of Computer Assisted Learning, 30(3), 197–206. 

Clark, M. C., & Caffarella, R. S. (2011). An Update on Adult Development Theory: New 

Ways of Thinking About the Life Course: New Directions for Adult and Continu-

ing Education, Number 84 (Vol. 47). John Wiley & Sons. 

Cross, K. P. (1981). Adults as learners. Jossey-Bass. 

http://books.google.com/books?id=Ia8OAQAAMAAJ 

Cueto, D., & Rios, F. (2020). MULTICULTURAL EDUCATION AND CRITICAL 

RACE THEORY IN THE ACADEMY. In Vernon Lee Farmer & E. S. W. 

Farmer (Eds.), Critical Race Theory in the Academy. IAP. 

DECADE Consulting, LLC. (n.d.). READI Correlational Study: Are there statistically 

significant correlations between student success variables measured by the Readi-

ness for Education At a Distance Indicator (READI) and variables of academic 

success and reported levels of goodness of fit for distance education? [Independ-

ent Study]. Retrieved November 22, 2017, from http://www.smartermeas-

ure.com/smartermeasure/assets/File/READI_Correlational_Study.pdf 

Demir Kaymak, Z., & Horzum, M. B. (2013). Relationship between online learning read-

iness and structure and interaction of online learning students. Educational Sci-

ences: Theory and Practice, 13(3), 1792–1797. 

Dillman, D.A., Smyth, J. D., & Christian, L. M. (2009). Internet, Mail, and Mixed-Mode 

Surveys: The Tailored Design Method. Wiley. 

https://books.google.com/books?id=s1naAAAAMAAJ 



 222 

Dillman, Don A, Smyth, J. D., & Christian, L. M. (2014). Internet, phone, mail, and 

mixed-mode surveys: The tailored design method. John Wiley & Sons. 

Dray, B. J., Lowenthal, P. R., Miszkiewicz, M. J., Ruiz‐Primo, M. A., & Marczynski, K. 

(2011). Developing an instrument to assess student readiness for online learning: 

A validation study. Distance Education, 32(1), 29–47. 

https://doi.org/10.1080/01587919.2011.565496 

Elam, E. (2012). A quantitative inquiry into the factors that influence success in online 

classes. University of Virginia. 

Eom, S. B., & Ashill, N. (2016). The determinants of students’ perceived learning out-

comes and satisfaction in university online education: An update. Decision Sci-

ences Journal of Innovative Education, 14(2), 185–215. 

Farid, A. (2014). Student Online Readiness Assessment Tools: A Systematic Review Ap-

proach. Electronic Journal of E-Learning, 12(4), 375–382. 

Farmer, V.L., & Farmer, E. S. W. (2020). Critical Race Theory in the Academy. Infor-

mation Age Publishing, Incorporated. 

https://books.google.com/books?id=0CcDEAAAQBAJ 

Fisher, M., King, J., & Tague, G. (2001). Development of a self-directed learning readi-

ness scale for nursing education. Nurse Education Today, 21(7), 516–525. 

Flesch, R. (2007). Flesch-Kincaid readability test. Retrieved October, 26(2007), 3. 

Fournier, H., & Kop, R. (2010). Researching the design and development of a Personal 

Learning Environment. 2010 PLE Conference. 

Gaytan, J. (2013). Factors affecting student retention in online courses: Overcoming this 

critical problem. Career and Technical Education Research, 38(2), 145–155. 



 223 

Ginsburg, L. (1998). Integrating technology into adult learning. Technology, Basic Skills, 

and Adult Education: Getting Ready and Moving Forward (Information Series 

No. 372, Pp. 37-45). Columbus, OH: Center on Education and Training for Em-

ployment.(ERIC Document Reproduction Service No. ED 423 420). 

Grill, L. A., & Beasley, J. (2020). Auburn Agriculture Online Distance Education Online 

Request Form Data. Auburn Univeresity College of Agriculture. 

Hall, M. (2011). A Predictive Validity Study of The Revised Mcvay Readiness for Online 

Learning Questionaire. Online Journal of Distance Learning Administration, 

14(3). 

Harasim, L. (2017). Learning theory and online technologies. Taylor & Francis. 

Hartmann, D., Gerteis, J., & Croll, P. R. (2009). An empirical assessment of whiteness 

theory: Hidden from how many? Social Problems, 56(3), 403–424. 

Henry, G. (2009). An Historical Analysis of the Development of Thinking in the Principal 

Writings of Malcolm Knowles. George Henry. 

http://books.google.com/books?id=1KWgG0k81bIC 

Heo, J., & Han, S. (2018). Effects of motivation, academic stress and age in predicting 

self-directed learning readiness (SDLR): Focused on online college students. Edu-

cation and Information Technologies, 23(1), 61–71. 

Hermanus B. Moolman & Seugnet Blignaut. (2008). Get set! E-Ready, … e-Learn! The 

e-Readiness of Warehouse Workers. Journal of Educational Technology & Soci-

ety, 11(1), 168–182. http://www.jstor.org/stable/jeductechsoci.11.1.168 

Holcomb, Z. C. (2016). Fundamentals of Descriptive Statistics. Taylor & Francis. 

https://books.google.com/books?id=X18PDQAAQBAJ 



 224 

Holton, E. F., Wilson, L. S., & Bates, R. A. (2009). Toward development of a generalized 

instrument to measure andragogy. Human Resource Development Quarterly, 

20(2), 169–193. 

Houle, C. O. (1996). The design of education. Jossey-Bass Publishers. 

Houle, Cyril Orvin. (1961). The inquiring mind. Oklahoma Research Center for Continu-

ing Professional and Higher Education, University of Oklahoma. 

Hukle, D. R. L. (2009). An evaluation of readiness factors for online education. Missis-

sippi State University. 

Hung, M.-L. L., Chou, C., Chen, C.-H. H., & Own, Z.-Y. Y. (2010). Learner readiness 

for online learning: Scale development and student perceptions. Computers and 

Education, 55(3), 1080–1090. https://doi.org/10.1016/j.compedu.2010.05.004 

IPEDS Survey Material: Instructions. (n.d.). Retrieved December 3, 2017, from 

https://surveys.nces.ed.gov/ipeds/VisInstructions.aspx?sur-

vey=6&id=30077&show=all 

James, W. B., Witte, J. E., & Galbraith, M. W. (2006). Havighurst’s Social Roles Revis-

ited. Journal of Adult Development, 13, 52–60. https://doi.org/10.1007/s10804-

006-9007-y 

Jarvis, P. (2012). International Dictionary of Adult and Continuing Education. Taylor & 

Francis. 

Jarvis, P., & Wilson, A. L. (2002). International Dictionary of Adult and Continuing Ed-

ucation. Kogan Page. https://books.google.com/books?id=REE9AAAAIAAJ 



 225 

Ji-Hye Park & Hee Jun Choi. (2009). Factors Influencing Adult Learners’ Decision to 

Drop Out or Persist in Online Learning. Journal of Educational Technology & So-

ciety, 12(4), 207–217. http://www.jstor.org/stable/jeductechsoci.12.4.207 

Joosten, T., & Cusatis, R. (2020). Online Learning Readiness. American Journal of Dis-

tance Education, 1–14. 

Kauffman, H. (2015). A review of predictive factors of student success in and satisfaction 

with online learning. Research in Learning Technology, 23. 

Keefe, J. W. (1985). Assessment of learning style variables: The NASSP task force 

model. Theory into Practice, 24(2), 138–144. 

Keramati, A., Afshari-Mofrad, M., & Kamrani, A. (2011). The role of readiness factors in 

E-learning outcomes: An empirical study. Computers & Education, 57(3), 1919–

1929. 

Kerr, M. S., Rynearson, K., & Kerr, M. C. (2006). Student characteristics for online 

learning success. The Internet and Higher Education, 9(2), 91–105. 

King, B., Dinsmore, C., Thornton, A., Beyer, W., Akiva, K., & Dalton, C. J. (2019). Mul-

tidisciplinary Team-Based Model for Faculty Supports in Online Learning. Col-

lected Essays on Learning and Teaching, 12, 127–138. eric. http://spot.lib.au-

burn.edu/login?url=https://search.ebscohost.com/login.aspx?di-

rect=true&db=eric&AN=EJ1218744&site=eds-live&scope=site 

Kirwan, J. R., Lounsbury, J. W., & Gibson, L. W. (2010). Self-direction in learning and 

personality: The big five and narrow personality traits in relation to learner self-

direction. International Journal of Self-Directed Learning, 7, 21–34. 

Knowles, M. S. (1984). Andragogy in action. Jossey-Bass San Francisco. 



 226 

Knowles, M. S. S., Holton, E. F. F., & Swanson, R. A. A. (2012). The Adult Learner. 

Taylor & Francis. 

Kong, L. J. (2010). Immigration, racial profiling, and white privilege: Community-based 

challenges and practices for adult educators. New Directions for Adult and Con-

tinuing Education, 2010, 65–77. https://doi.org/10.1002/ace.363 

LaRochelle, J. M., & Karpinski, A. C. (2016). Racial differences in communication ap-

prehension and interprofessional socialization in fourth-year doctor of pharmacy 

students. American Journal of Pharmaceutical Education, 80(1). 

Lenz, E. (1982). The Art of Teaching Adults. Holt McDougal. 

Leonard, D. C. (2002). Learning Theories, A to Z. Greenwood Press. 

https://books.google.com/books?id=nNcoAO5Za9YC 

Lounsbury, J. W., Levy, J. J., Park, S.-H., Gibson, L. W., & Smith, R. (2009). An investi-

gation of the construct validity of the personality trait of self-directed learning. 

Learning and Individual Differences, 19(4), 411–418. 

Loyens, S. M., Magda, J., & Rikers, R. J. P. (2008). Self-Directed Learning in Problem-

Based Learning and its Relationships with Self-Regulated Learning. Educational 

Psychology Review, 20(4), 411–427. https://doi.org/10.1007/s10648-008-9082-7 

Lu, C.-W., LEE, C., TSAI, H., & Fang, R.-J. (2012). Theoretical framework on the per-

ception of web-based self-directed learning environment. 171–176. 

Martin, F., Stamper, B., & Flowers, C. (2020a). Examining Student Perception of Readi-

ness for Online Learning: Importance and Confidence. Online Learning, 24(2), 

38–58. 



 227 

Martin, F., Stamper, B., & Flowers, C. (2020b). Examining Student Perception of Readi-

ness for Online Learning: Importance and Confidence. Online Learning, 24(2), 

38–58. 

Martin, M. J., & Hartmann, K. (2020). Intersectionality of whiteness, racism, and homo-

phobia among agriculture students. Whiteness and Education, 1–15. 

McGill, T. J., Klobas, J. E., & Renzi, S. (2014). Critical success factors for the continua-

tion of e-learning initiatives. The Internet and Higher Education, 22, 24–36. 

McVay, Maggie. (2000). Developing a web-based distance student orientation to enhance 

student success in an online bachelor’s degree completion program. Unpublished 

Practicum Report Presented to the Ed. D. Program, Nova Southeastern Univer-

sity, Florida. 

McVay, Marguerita. (2000). How to be a successful distance learning student: Learning 

on the Internet. Pearson Custom Pub. 

Merriam, S. B., & Brockett, R. G. (2007). The Profession and Practice of Adult Educa-

tion: An Introduction. Wiley. 

Merriam, S. B., & Brockett, R. G. (2011). The Profession and Practice of Adult Educa-

tion: An Introduction. Wiley. 

Merriam, Sharan B. (2001). Andragogy and self‐directed learning: Pillars of adult learn-

ing theory. New Directions for Adult and Continuing Education, 2001(89), 3–14. 

Meyers, L. S., Gamst, G., & Guarino, A. J. (2006). Applied multivariate research: Design 

and interpretation: Vol. null (null, Ed.). 



 228 

Moore, J. L., Dickson-Deane, C., & Galyen, K. (2011). E-Learning, online learning, and 

distance learning environments: Are they the same? Internet and Higher Educa-

tion, 14(2), 129–135. 

Moore, M. G., & Kearsley, G. (2011). Distance Education: A Systems View of Online 

Learning. Cengage Learning. 

https://books.google.com/books?id=dU8KAAAAQBAJ 

Morgan, M. F., & Moni, K. B. (2008). LITERACY: Meeting the challenge of limited lit-

eracy resources for adolescents and adults with intellectual disabilities. British 

Journal of Special Education, 35(2), 92–101. 

Murphy, T. H., & Terry, H. R. (1998). Opportunities and obstacles for distance education 

in agricultural education. Journal of Agricultural Education, 39, 28–36. 

Online Report Card—Tracking Online Education in the United States, 2015. (n.d.). OLC. 

Retrieved December 3, 2017, from https://onlinelearningconsor-

tium.org/read/online-report-card-tracking-online-education-united-states-2015/ 

Overview of Race and Hispanic Origin: 2010 - 2010 Census Briefs (p. 23). (2011). US 

Census Bureau. https://www.census.gov/content/dam/Census/library/publica-

tions/2011/dec/c2010br-02.pdf 

Öztok, M. (2019). The Hidden Curriculum of Online Learning: Understanding Social 

Justice through Critical Pedagogy. Taylor & Francis. 

https://books.google.com/books?id=YjKoDwAAQBAJ 

Pallant, J. (2005). SPSS survival guide. Crow’s Nest, NSW: Allen & Unwin. 



 229 

Parker, J., Maor, D., & Herrington, J. (2013). Authentic online learning: Aligning learner 

needs, pedagogy and technology. Issues in Educational Research, 23(2 SPL), 

227–241. 

Parnell, J. A., & Carraher, S. (2005). Validating the Management Education by Internet 

Readiness (MEBIR) scale with samples of American, Chinese, and Mexican stu-

dents. Journal of Education for Business, 81(1), 47–54. 

Phares, L. T., & Guglielmino, L. M. (2010). THE ROLE OF SELF-DIRECTED LEARN-

ING IN THE WORK OF COMMUNITY LEADERS. International Journal of 

Self-Directed Learning®, 35. 

Pillay, H., Irving, K., & Tones, M. (2007). Validation of the Diagnostic Tool for As-

sessing Tertiary Students’ Readiness for Online Learning. Higher Education Re-

search and Development, 26(2), 217–234. 

https://doi.org/10.1080/07294360701310821 

Pillay, Hitendra, Irving, K., & Tones, M. (2007). Validation of the diagnostic tool for as-

sessing Tertiary students’ readiness for online learning. Higher Education Re-

search & Development, 26(2), 217–234. 

https://doi.org/10.1080/07294360701310821 

Pintrich, P. R., Smith, D. A., Garcia, T., & McKeachie, W. J. (1993). Reliability and pre-

dictive validity of the Motivated Strategies for Learning Questionnaire (MSLQ). 

Educational and Psychological Measurement, 53(3), 801–813. 

Pole, T. (1969). A history of the origin and progress of adult schools. Psychology Press. 

Rao, D. B. (2004). Adult Learning In The 21St Century. Discovery Publishing House Pvt. 

Limited. 



 230 

Ross-Gordon, J. M. (2011). Research on adult learners: Supporting the needs of a student 

population that is no longer nontraditional. Peer Review, 13(1), 26. 

Rubin, A. (2012). Statistics for Evidence-Based Practice and Evaluation. Brooks/Cole. 

Seaman, J. E., Allen, I. E., & Seaman, J. (2018). Grade Increase: Tracking Distance Ed-

ucation in the United States [Industry Research]. Babson Survey Research Group. 

https://onlinelearningsurvey.com/reports/gradeincrease.pdf 

Shrader-Frechette, K. S. (1994). Ethics of Scientific Research. Rowman & Littlefield Pub 

Incorporated. 

Siemens, G. (2005). Connectivism: A learning theory for the digital age. International 

Journal of Instructional Technology and Distance Learning, 2(1), 3–10. 

http://www.itdl.org/journal/jan_05/article01.htm 

Siemens, G. (2014). Connectivism: A learning theory for the digital age. 

Singleton, R., & Straits, B. C. (2005). Approaches To Soc.Research 4E. Oxford Univer-

sity Press. 

SmarterMeasure Learning Readiness Indicator. (n.d.). SmarterServices, LLC. Retrieved 

December 26, 2017, from http://www.smartermeasure.com/about/assessment-

overview/ 

SmarterServices, LLC. (n.d.-a). Case Study of Anne Arundel Community College and 

SmarterMeasure [Case Study]. http://bear.smarterservices.com/documents/cas-

estudies/anne-arundel-community-college.pdf 

SmarterServices, LLC. (n.d.-b). Case Study of Ashford University and SmarterMeasure 

[Case Study]. http://bear.smarterservices.com/documents/casestudies/ashford-uni-

versity.pdf 



 231 

SmarterServices, LLC. (n.d.-c). Case Study of Middlesex Community College and 

SmarterMeasure [Case Study]. http://bear.smarterservices.com/documents/cas-

estudies/middlesex-community-college.pdf 

SmarterServices, LLC. (n.d.-d). Case Study of National University College and Smarter-

Measure [Case Study]. http://bear.smarterservices.com/documents/cas-

estudies/anne-arundel-community-college.pdf 

SmarterServices, LLC. (n.d.-e). Case Study of Odessa College Global and SmarterMeas-

ure [Case Study]. http://bear.smarterservices.com/documents/casestudies/odessa-

college-global.pdf 

SmarterServices, LLC. (n.d.-f). Case Study of SmarterMeasure & Temple College [Case 

Study]. http://bear.smarterservices.com/documents/casestudies/temple-college.pdf 

Smith, M. C., & DeFrates-Densch, N. (2008). Handbook of research on adult learning 

and development. Routledge. 

Smith, P. J. (2005). Educational Psychology, 25((1)), 3. 

Sparkman, L., Maulding, W., & Roberts, J. (2012). Non-cognitive predictors of student 

success in college. College Student Journal, 46(3), 642–652. 

Stephens, N. M., Fryberg, S. A., Markus, H. R., Johnson, C. S., & Covarrubias, R. 

(2012). Unseen disadvantage: How American universities’ focus on independence 

undermines the academic performance of first-generation college students. Jour-

nal of Personality and Social Psychology, 102(6), 1178. 

Stereotype Threat. (2020, November 20). Rutgers Department of Philosophy. https://phi-

losophy.rutgers.edu/climate-v2/climate-issues-in-academic-philosophy/stereo-

type-threat 



 232 

Student Speak 2020: Student Voices Informing Educational Strategies (pp. 1–33). (2020). 

GlobalMindED in partnership with Every Learner Everywhere and The Equity 

Project. 

Taylor, E., Gillborn, D., & Ladson-Billings, G. (2016). Foundations of Critical Race 

Theory in Education. Routledge. https://books.google.com/books?id=dPkRrgEA-

CAAJ 

Torun, E. D. (2020). Online distance learning in higher education: E-learning readiness as 

a predictor of academic achievement. Open Praxis, 12(2), 191. 

van Rooij, S. W., & Zirkle, K. (2016). Balancing pedagogy, student readiness and acces-

sibility: A case study in collaborative online course development. The Internet 

and Higher Education, 28, 1–7. 

Vanslambrouck, S., Zhu, C., Lombaerts, K., Pynoo, B., & Tondeur, J. (2017). Adult 

Learner Characteristics as Predictors of Performance, Satisfaction and Intent-to-

Persist in Online and Blended Environments. 221. 

Wang, C.-H., Shannon, D. M., & Ross, M. E. (2013). Students’ characteristics, self-regu-

lated learning, technology self-efficacy, and course outcomes in online learning. 

Distance Education, 34(3), 302–323. 

Warner, D., Christie, G., & Choy, S. (1998). Readiness of VET clients for flexible deliv-

ery including on-line learning. Brisbane: Australian National Training Authority. 

Watkins, R., Leigh, D., & Triner, D. (2004). Assessing readiness for e‐learning. Perfor-

mance Improvement Quarterly, 17(4), 66–79. 



 233 

Waugh, M., & Su-Searle, J. (2014). Student persistence and attrition in an online MS pro-

gram: Implications for program design. International Journal on E-Learning, 

13(1), 101–121. 

Wei, H.-C., & Chou, C. (2020). Online learning performance and satisfaction: Do percep-

tions and readiness matter? Distance Education, 41(1), 48–69. 

Whiteness. (2021). Alberta Civil Liberties Center. http://www.aclrc.com/whiteness 

Williamson, J., & Williams, R. (2017). Beginning Farmers and Age Distribution of 

Farmers. https://www.ers.usda.gov/topics/farm-economy/beginning-disadvan-

taged-farmers/beginning-farmers-and-age-distribution-of-farmers/ 

Winch, C. (2002). The Philosophy of Human Learning. Taylor & Francis. 

https://books.google.com/books?id=ODOEAgAAQBAJ 

Wladis, C., & Samuels, J. (2016). Do online readiness surveys do what they claim? Va-

lidity, reliability, and subsequent student enrollment decisions. Computers & Edu-

cation, 98, 39–56. 

Wojciechowski, A., & Palmer, L. B. (2005). Individual student characteristics: Can any 

be predictors of success in online classes. Online Journal of Distance Learning 

Administration, 8(2), 13. https://www.researchgate.net/profile/L_Palmer/publica-

tion/228433849_Individual_student_characteristics_Can_any_be_predic-

tors_of_success_in_online_classes/links/5527c6360cf29b22c9b94399/Individual-

student-characteristics-Can-any-be-predictors-of-success-in-online-classes.pdf 

World Health Organization. (2020). Coronavirus disease 2019 (COVID-19): Situation 

report, 72. 



 234 

Worth, J., & Stephens, C. J. (2011). Adult students: Meeting the challenge of a growing 

student population. Peer Review, 13(1), 23. 

Yeboah, A. K., & Smith, P. (2016). Relationships between Minority Students Online 

Learning Experiences and Academic Performance. Online Learning, 20(4), n4. 

Yukselturk, E., & Bulut, S. (2007). Predictors for student success in an online course. 

Journal of Educational Technology & Society, 10(2), 71–83. 

 



 235 

 

 

Appendices 

 

 

 

 

 

 

 

 

 

 

 



 236 

Appendix 1: SmarterMeasure Learning Readiness Indicator Survey Instrument 
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Appendix 2: Explanation of Construct Validity of the SmarterMeasure Learning 

Readiness Indicator Survey Instrument 

 
In 2011 a major for-profit university conducted an extensive validity study to determine if Smarter-
Measure was being an accurate indicator of the student success variables of academic achievement, 
engagement, satisfaction and retention. Statistically significant relationships were found between 
SmarterMeasure scores and each of these four constructs. A summary of these findings is provided 
below you can read a copy of the final report of Phase One and Phase Two of this study. 
 
Academic Achievement and Retention were compared to SmarterMeasure scores using grade and en-
rollment data. 

• The measures of Individual Attributes, Technical Knowledge, and Life Factors had statisti-
cally significant mean differences with the measures of GPA. 

• The measure of Learning Styles had a statistically significant mean difference between stu-
dents who were retained and those who left. A 73% classification accuracy of this retention 
measure was achieved. 

• The measures of Individual Attributes and Technical Knowledge were statistically significant 
predictors of retention as measured by the number of courses taken per term. Satisfaction and 
Engagement were compared to SmarterMeasure scores using students' Responses to an online 
survey. 

• The measures of Individual Attributes and Life Factors had statistically significant mean dif-
ferences on six of the seven survey items. Reading Rate, Technical Knowledge, and Tech-
nical Competency had significant differences on four of the seven items. 

• The measures of Individual Attributes and Technical Competency had statistically significant 
relationships with the four survey items related to Engagement. The items of hours per week 
spent on course related activities; number of times per week logging into course; length of 
discussion board postings; and number of times contacting technical support can be predicted 
given knowledge of Individual Attributes, and more specifically the subscales listed. 

• The measures of Life Factors, Individual Attributes, Technical Competency, Technical 
Knowledge, and Learning Styles were used to correctly classify responses to the survey ques-
tions related to engagement and satisfaction with up to 93% classification accuracy. 

• Structural equation modeling was used to create a hypothesized theoretical model to deter-
mine if SmarterMeasure scores would predict satisfaction as measured by the survey. Results 
indicated that prior to taking online courses, student responses to the readiness variables were 
important indicators of later student satisfaction/retention. The structural coefficient for 
Ready predicting Satisfy, = .36, was statistically significant (z = 6.01, p = .0001). There-
fore, the multiple SmarterMeasure assessment scores are a statistically significant positive 
predictor of the survey responses. 

 
Further analysis revealed that the predictive nature of SmarterMeasure scores as classified by the 
Readiness Ranges can be improved using recommended adjustments to the grading thresholds. 
The majority of survey participants (90%) either somewhat or definitely remembered taking the as-
sessment. The majority of survey participants (89%) found the assessment somewhat useful, useful, or 
very useful, while only 11% did not find it useful at all as a student service. 
 
Phase two of the study drilled down into the data at the sub-scale level Statistically significant rela-
tionship were found between SmarterMeasure data and student success categories related to academic 
success and retention. The table below indicates which sub-scales had statistically significant relation-
ships with these key performance indicators. 
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SmarterMeasure Scale Readiness Domain Sub-
scales 

  RETENTION 
Positive vs. Negative 

ACADEMIC SUCCESS 
Pass Vs. Fail 

Life Factors Place, Reason, and Skills Place 
Learning Styles Social and Logical N/A 
Personal Attributes Academic, Help Seeking, 

Procrastination, Time 
Management, and Locus 

of Control 

Time Management 

Technical Competency Internet Competency Internet Competency and 
Computer Competency 

Technical Knowledge Technology Usage and 
Technical Vocabulary 

Technical Vocabulary 

 
A predictive model using multiple regression was created to measure the degree to which Smarter-
Measure sub-scales are predictors of academic success as measured by GPA. Each set of subscales for 
the Readiness Domains were considered a theoretical set of independent predictor variables, therefore 
separate regression analyses were conducted on each. The table below illustrates that GPA was signif-
icantly predicted by Place, Skills, Verbal, Logical, Help Seeking, Time Management, Locus of Con-
trol, Computer Competency, Internet Competency, and Technology Vocabulary. 
 

Readiness Do-
main GPA F P 

Life Factors Place and Skills 12.35 .0001 
Learning Styles Verbal and Logical 3.95 .02 
Personal Attributes Help Seeking, 

Time Management, 
and Locus of Con-

trol 

22.11 .0001 

Technical Compe-
tency 

Computer and In-
ternet Competency 

22.75 .0001 

Technical 
Knowledge 

Technology Vo-
cabulary 

38.76 .0001 

 
In 2007 an external research firm (Atanda Research, Alexandria, VA) was commissioned to analyze 
the data gathered during a study concerning the relationship of SmarterMeasure scores and measures 
of academic success and goodness of fit of distance education as a measure of construct validity. The 
major findings of this report were that there were forty-two statistically significant correlations be-
tween SmarterMeasure variables and measures of academic success and goodness of fit. Of the five 
constructs measured by SmarterMeasure, the construct with the most correlation to academic success 
and goodness of fit was Individual Attributes. The variable of the participant's individual attributes 
scores were statistically significant at the .001 level with all measures of academic success and good-
ness of fit. The variable with the strongest correlation in the study was relationship between Grade 
Point Average and Reading Comprehension.   
 
In 2008 the study conducted by Atanda Research was replicated as a part of a learner's dissertation re-
search which involved 2,622 students who had taken SmarterMeasure representing over 300 schools. 
This replication yielded even stronger results than the original study. Of the possible 105 correlations 
measured, 74 were found to be statistically significant. The factor measured by SmarterMeasure that 
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had the strongest correlations to measures of goodness of fit and academic success was individual at-
tributes which yielded correlations in each of the seven categories which were statistically significant 
at the .01 level. This finding mirrored the finding from the 2007 study which also indicated that indi-
vidual attributes were the strongest indicator of goodness of fit of distance education. 
 
The following correlation matrix presents the results of the statistical analysis from this study: 

Smarter-
Measure 
Scores 

Measures of Goodness of Fit 

Meas-
ure of 
Aca-
demic 
Suc-
cess 

  Read-
ing 
Re-
quired 

Find 
Time 

Com-
puter 
Skills 

Inter-
net 
Ac-
cess 

Good 
Choice 

Take 
An-
other 

GPA 

Individual At-
tributes 

.200** .203** .147** .147** .228** .176** .218** 

Overall Tech 
Competency 

.013 -.014 .170** .154** .114** .109** .144** 

Computer 
Competency 

.011 -.016 .089** .079** .065** .068** .095** 

Internet Com-
petency 

.007 -.009 .162** .146** .108** .098** .119** 

Tech. 
Knowledge 

.080** .04 .307** .242** .200** .173** .149** 

Reading Com-
prehension 

-.007 -.052 .128** .101** .074** .083** .194** 

Typing 
W.P.M. 

.043* .04 .236** .210** .159** .167** .188** 

Typing Accu-
racy 

.059** .025 .083** .073** .055** .056** .093** 

Visual Learn-
ing Style 

0 -.007 .041* .008 .013 -.012 .014 

Social Learn-
ing Style 

.082** .061** .095** .067** .047* .039 .003 

Physical 
Learning Style 

-.007 .005 -.003 .001 -.004 -.016 -.038 

Aural Learn-
ing Style 

.037 .04 .103** .081** .033 .022 -.011 

Verbal Learn-
ing Style 

.162** .101** .143** .119** .131** .102** .073** 

Solitary 
Learning Style 

.091** .072** .089** .076** .085** .074** .067** 

Logical 
Learning Style 

.115** .079** .157** .144** .126** .108** .071** 

*  Correlation is significant at the .05 level 
** Correlation is significant at the 0.01 level 
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Appendix 3: Construct Validity of SmarterMeasure Learning Readiness Assessment 

 
From the SmarterServices, LLC Website (Adkins, 2017) 
http://www.smartermeasure.com/research/construct-validity/ 
 
CONSTRUCT VALIDITY 
Construct validity refers to whether an assessment measures a theorized psychological 
construct. In the case of SmarterMeasure, construct validity is a measurement of the de-
gree to which SmarterMeasure is an indicator of a learner's level of readiness for studying 
in an online or technology rich environment. Results from the three studies described be-
low indicate that SmarterMeasure has strong construct validity in that it is an indicator of 
the goodness of fit for distance learning as is evidenced by multiple correlations that are 
statistically significant at the .01 level. 
 
In 2011 a major for-profit university conducted an extensive validity study to determine 
if SmarterMeasure was being an accurate indicator of the student success variables of ac-
ademic achievement, engagement, satisfaction and retention. Statistically significant rela-
tionships were found between SmarterMeasure scores and each of these four constructs. 
A summary of these findings is provided below you can read a copy of the final report 
of Phase One and Phase Two of this study. Academic Achievement and Retention were 
compared to SmarterMeasure scores using grade and enrollment data. The measures of 
Individual Attributes, Technical Knowledge, and Life Factors had statistically significant 
mean differences with the measures of GPA. 
 
The measure of Learning Styles had a statistically significant mean difference between 
students who were retained and those who left. A 73% classification accuracy of this re-
tention measure was achieved. The measures of Individual Attributes and Technical 
Knowledge were statistically significant predictors of retention as measured by the num-
ber of courses taken per term. 
 
Satisfaction and Engagement were compared to SmarterMeasure scores using students' 
responses to an online survey. The measures of Individual Attributes and Life Factors had 
statistically significant mean differences on six of the seven survey items. Reading Rate, 
Technical Knowledge, and Technical Competency had significant differences on four of 
the seven items. The measures of Individual Attributes and Technical Competency had 
statistically significant relationships with the four survey items related to Engagement. 
The items of hours per week spent on course related activities; number of times per week 
logging into course; length of discussion board postings; and number of times contacting 
technical support can be predicted given knowledge of Individual Attributes, and more 
specifically the subscales listed. The measures of Life Factors, Individual Attributes, 
Technical Competency, Technical Knowledge, and Learning Styles were used to cor-
rectly classify responses to the survey questions related to engagement and satisfaction 
with up to 93% classification accuracy. 
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Structural equation modeling was used to create a hypothesized theoretical model to de-
termine if SmarterMeasure scores would predict satisfaction as measured by the survey. 
Results indicated that prior to taking online courses, student responses to the readiness 
variables were important indicators of later student satisfaction/retention. The structural 
coefficient for READI predicting Satisfy, = .36, was statistically significant (z = 6.01, 
p = .0001). Therefore, the multiple SmarterMeasure assessment scores are a statistically 
significant positive predictor of the survey responses. 
Further analysis revealed that the predictive nature of SmarterMeasure scores as classi-
fied by the Readiness Ranges can be improved using recommended adjustments to the 
grading thresholds. The majority of survey participants (90%) either somewhat or defi-
nitely remembered taking the assessment. The majority of survey participants (89%) 
found the assessment somewhat useful, useful, or very useful, while only 11% did not 
find it useful at all as a student service. Phase two of the study drilled down into the data 
at the sub-scale level Statistically significant relationship were found between Smarter-
Measure data and student success categories related to academic success and retention. 
The table below indicates which sub-scales had statistically significant relationships with 
these key performance indicators. 
 

SmarterMeasure Scale Readiness Domain Subscales 
  RETENTION 

Positive vs. Negative 
ACADEMIC SUCCESS 
Pass Vs. Fail 

Life Factors Place, Reason, and Skills Place 
Learning Styles Social and Logical N/A 
Personal Attributes Academic, Help Seeking, Pro-

crastination, Time Manage-
ment, and Locus of Control 

Time Management 

Technical Competency Internet Competency Internet Competency and 
Computer Competency 

Technical Knowledge Technology Usage and Tech-
nical Vocabulary 

Technical Vocabulary 

 
A predictive model using multiple regression was created to measure the degree to which 
SmarterMeasure sub-scales are predictors of academic success as measured by GPA. 
Each set of subscales for the Readiness Domains were considered a theoretical set of in-
dependent predictor variables, therefore separate regression analyses were conducted on 
each. The table below illustrates that GPA was significantly predicted by Place, Skills, 
Verbal, Logical, Help Seeking, Time Management, Locus of Control, Computer Compe-
tency, Internet Competency, and Technology Vocabulary. 
 

Readiness Domain GPA F P 
Life Factors Place and Skills 12.35 .0001 
Learning Styles Verbal and Logical 3.95 .02 
Personal Attributes Help Seeking, Time Management, and 

Locus of Control 
22.11 .0001 

Technical Competency Computer and Internet Competency 22.75 .0001 
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Readiness Domain GPA F P 
Technical Knowledge Technology Vocabulary 38.76 .0001 

 
In 2007 an external research firm (Atanda Research, Alexandria, VA) was commissioned 
to analyze the data gathered during a study concerning the relationship of SmarterMeas-
ure scores and measures of academic success and goodness of fit of distance education as 
a measure of construct validity. The major findings of this report were that there were 
forty-two statistically significant correlations between SmarterMeasure variables and 
measures of academic success and goodness of fit. Of the five constructs measured by 
SmarterMeasure, the construct with the most correlation to academic success and good-
ness of fit was Individual Attributes. The variable of the participant's individual attributes 
scores were statistically significant at the .001 level with all measures of academic suc-
cess and goodness of fit. The variable with the strongest correlation in the study was rela-
tionship between Grade Point Average and Reading Comprehension.   
 
In 2008 the study conducted by Atanda Research was replicated as a part of a learner's 
dissertation research which involved 2,622 students who had taken SmarterMeasure rep-
resenting over 300 schools. This replication yielded even stronger results than the origi-
nal study. Of the possible 105 correlations measured, 74 were found to be statistically 
significant. The factor measured by SmarterMeasure that had the strongest correlations to 
measures of goodness of fit and academic success was individual attributes which yielded 
correlations in each of the seven categories which were statistically significant at the .01 
level. This finding mirrored the finding from the 2007 study which also indicated that in-
dividual attributes were the strongest indicator of goodness of fit of distance education. 
 
The following correlation matrix presents the results of the statistical analysis from this 
study: 
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SmarterMeasure Scores Measures of Goodness of 
Fit 

Measure of Academic 
Success 

  Read-
ing Re-
quired 

Find 
Time 

Com-
puter 
Skills 

Internet 
Access 

Good 
Choice 

Take 
An-
other 

GPA 

Individual 
Attributes 

.200** .203** .147** .147** .228** .176** .218** 

Overall Tech 
Competency 

.013 -.014 .170** .154** .114** .109** .144** 

Computer 
Competency 

.011 -.016 .089** .079** .065** .068** .095** 

Internet 
Competency 

.007 -.009 .162** .146** .108** .098** .119** 

Tech. 
Knowledge 

.080** .04 .307** .242** .200** .173** .149** 

Reading 
Comprehen-
sion 

-.007 -.052 .128** .101** .074** .083** .194** 

Typing 
W.P.M. 

.043* .04 .236** .210** .159** .167** .188** 

Typing Ac-
curacy 

.059** .025 .083** .073** .055** .056** .093** 

Visual Learn-
ing Style 

0 -.007 .041* .008 .013 -.012 .014 

Social Learn-
ing Style 

.082** .061** .095** .067** .047* .039 .003 

Physical 
Learning 
Style 

-.007 .005 -.003 .001 -.004 -.016 -.038 

Aural Learn-
ing Style 

.037 .04 .103** .081** .033 .022 -.011 

Verbal 
Learning 
Style 

.162** .101** .143** .119** .131** .102** .073** 

Solitary 
Learning 
Style 

.091** .072** .089** .076** .085** .074** .067** 

Logical 
Learning 
Style 

.115** .079** .157** .144** .126** .108** .071** 

*  Correlation is significant at the .05 level.    ** Correlation is significant at the 0.01 level 
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Appendix 4: Case Studies using SmarterMeasure Learning Readiness Indicator 

Survey Instrument 

 
1. Case Study of National University College and SmarterMeasure (SmarterServ-

ices, LLC, n.d.-d) 
In 2007, National University College (NUC) located in San Juan, Puerto Rico began 
offering online courses. The distance education department was formed in 2009, of-
fering its first online degree pro- gram. In the process, NUC felt it was essential to 
have a diagnostic tool that would provide both the potential online student and its dis-
tance education department with feedback regarding the basic skills required to be a 
successful online student. Although students were offered a self-evaluation question-
naire about their readiness for online learning, this self-assessment provided no real 
student data, and could not possibly diagnose student readiness for online learning.  
NUC began utilizing SmarterMeasure in early 2009, to address their need for a com-
prehensive online learning readiness tool. Prospective students are introduced to the 
learning readiness indicator when they attend an informational appointment set up by 
an admissions counselor. Although the diagnostic is administered during this meeting, 
it is not an admissions requirement. “We feel that getting this done at the student’s 
first meeting is crucial to help administrators guide the student in making an informed 
decision about conducting their studies online,” says Julio A. Lopez, Director of Dis-
tance Education at NUC.  
 
The SmarterMeasure learning readiness indicator is an academic di- agnostic require-
ment for prospects and current students who wish to study online at NUC. The analyt-
ics that the administrative panel pro- vides a clear picture of the skill level of NUC 
students in relation to distance learning. In addition, the student receives a report that 
defined areas of strengths and opportunities for improvement. With a relatively new 
online program, NUC is consistently looking for ways to make their program unique 
and provide the students with a complete experience. Establishing guidelines of how 
to help the student from the beginning is one of NUC’s strengths. They recognize the 
importance of establishing a relationship based on needs met.  
 
SmarterMeasure provides that information which students aren’t always willing to 
share about themselves or may not even be aware of. “SmarterMeasure helps to bring 
a quantifiable perspective to a student’s decision to study online and helps our institu-
tion capture data that is crucial in defining who our online student is as well as how 
our offerings and programs should be structured,” Mr. Lopez adds. Whether it is to 
confirm their strengths or point out opportunities for improvement, students agree the 
feedback SmarterMeasure gives is very helpful. Students generally learn something 
new about themselves which has a direct impact on their ability to do well in an 
online environment. Over 1000 students have taken SmarterMeasure and NUC says it 
has most definitely helped to impact retention because it allows them to identify and 
quantify the basic skills that an online learner is required to have to be successful in 
online learning.” 
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2. Case Study of Anne Arundel Community College and SmarterMeasure (Smarter-
Services, LLC, n.d.-a) 

On December 1, 2009, in an event that included students, faculty, staff, and friends 
from the community, Anne Arundel Community College President Martha A. Smith, 
Ph.D., announced plans to help its students be more successful in reaching their edu-
cational goals – including doubling the number of AACC students who earn degrees, 
certificates, and work- force credentials by the year 2020. Included in the announce-
ment was a commitment to:  
 

1. Help all students identify meaningful educational goals. 
2. Build systems and programs to track, monitor, and support students’ 

progress in achieving their goals. 
3. Involve faculty and staff in examining current practices to identify po-

tential vulnerabilities to students’ completing their goals. 4. Make 
changes necessary to increase students’ success.  

 
According to the Alfred P. Sloan Foundation’s “Learning on Demand: Online Educa-
tion in the United States, 2009” report, online enrollments across the nation are grow-
ing at about 17 percent annually, much faster than the 1.2 percent overall growth of 
the higher education population. At Anne Arundel Community College (AACC), the 
percent of the total student body enrolling in at least one online course is even higher. 
In fall 2009, 30.6 percent – 5,108 students – took at least one online course, a 26.4 
percent increase over the fall 2008 online enrollment.  
 
In collaboration with the college community, AACC’s Virtual Campus has created a 
comprehensive, first-semester experience for first-time elearners. As part of this first-
semester experience, they chose to adopt SmarterMeasure learning readiness indicator 
to help elearners make in- formed decisions about whether online learning is a good 
fit for them. Students have access to SmarterMeasure through the Virtual Campus 
website. In addition, it is integrated in two optional online orientations: one for pro-
spective elearners and one for first-time online students. Students receive a postcard 
that provides information about the “Meet the Virtual Campus” orientation and the 
learning readiness indicator; the postcards are distributed at on-campus orientations 
and distributed by academic advisors. Information about the assessment is available 
in the college’s schedule of classes and promote on the local cable station. Some in-
structors require students to take the SmarterMeasure assessment.  
 
The Virtual Campus at Anne Arundel Community College is always looking for ways 
to increase student success and retention in their elearning courses. One means to this 
end is to help students make an informed decision if online education is right for them 
prior to signing up for a class.  
Prior to using SmarterMeasure, AACC students had access to a readiness sur- vey 
(available on the Internet and free to users). Based on the final score, the student 
would receive an automated response with suggestions as to whether online education 
would be a good fit. Unlike SmarterMeasure, this survey did not offer a personalized, 
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detailed interpretation of the student’s scores and recommendations. Nor did it pro-
vide an administrative panel with customizable reporting functions.  
 
In describing how AACC students use SmarterMeasure, Patty McCarthy-O’Neill, Co-
ordinator of Distance Learning reports, “We use an abbreviated version of the 
SmarterMeasure assessment, since it is not required. Students have access to the 
Technical Competency, Technical Knowledge, and Personal Attribute components. 
Recently, we have added the learning styles component as a separate assessment. The 
learning styles assessment is targeted to first-time online students to help them dis-
cover strategies to learn course content more easily based on their preferred learning 
styles.”  

 
3. Case Study of Middlesex Community College and SmarterMeasure (Smarter-

Services, LLC, n.d.-c) 
 

The SmarterMeasureTM learning readiness indicator was first introduced in Fall 2008 
during academic advising for Spring 2009 students. Since then, the assessment has 
been used continuously every semester when fully online courses are offered—a total 
of seven semesters up to Spring 2011. More than 2200 students have taken the assess-
ment in the past seven semesters with over 60% of students benefitting from it. To 
promote use of the SmarterMeasureTM assessment, the following strategies have 
been used:  

• A web page was developed with the information on what SmarterMeasureTM 
is, how to log on, and how to interpret test results. 
http://www.mxcc.commnet.edu/Content/READI.asp.  

• In the video on online learning, a section about the assessment (formerly 
called READI) was added, specifically indicating how students can evaluate 
whether they are a good fit for online learning—
http://www.mxcc.commnet.edu/ContentOnline_Classes.asp.  

• The video and the SmarterMeasureTM page were linked from the Distance 
Learning web site. In college publications such as the college catalogs, semes-
ter schedules, brochures for distance learning, and Quick Reference packages, 
the self-assessment page and the video were introduced to students interested 
in taking online courses.  

• Distance Learning staff developed flyers and information cards about 
SmarterMeasureTM and distributed them to the department offices, campus 
information shelves, and academic support services - admissions, counseling 
center, and college library. Letters and flyers about the assessment were sent 
to the academic advisors, asking them to recommend that potential students 
take the test before registering for an online course.  

• Director of Distance Learning made a presentation on a faculty professional 
day, sharing information about the assessment and recruiting faculty to adopt 
it as a class assignment.  

• All online courses added an icon linked to the college SmarterMeasureTM 
page, in which some professors (Psychology, English, and Education) chose 
to require students to complete the assessment with points awarded.  
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• Taking the SmarterMeasureTM assessment was integrated to the first step of 
the Online Orientation at http:// www.mxcc.commnet.edu/Con-
tent/Online_Orientation.asp.  

• All registered online students received an email or “snail” mail from the Dis-
tance Learning department, recommending they go through the online orienta-
tion before starting an online course. The email also suggested that new online 
students attend a campus orientation in which the assessment would be intro-
duced to the participants.  

• A distance learning staff was assigned to monitor the test results regularly. 
Three forms of emails were designed and sent to students who did not com-
plete the test, failed at least one area, or received a questionable score. The 
emails directed students to look for additional resources listed in the test re-
port for improvement and referred students to go over online orientation or at-
tend a campus orientation.  

• Distance Learning staff ran orientations for new online students on campus 
every semester. During the orientation, students were recommended to take 
the assessment to identify their weaknesses and, if any, seek resources for im-
provement.  

• Distance Learning staff were available to answer the questions about the as-
sessment such as how to interpret the results and where to look for resources 
to help students improve when a weak area was shown.  

 
In essence, with various strategies implemented to promote SmarterMeasureTM, a 
“culture” was created during advising and registration for students, faculty, and sup-
port staff to know that there is a way for students to see if they are a good fit for 
learning online. In addition, the same assessment is recommended to registered online 
students to identify their strengths and weaknesses. After analyzing the test results, 
students are alerted to their weak areas so that they are able to find ways to 
improve.  
 
To answer whether SmarterMeasureTM scores affect students’ grades in online learn-
ing, a correlation study was conducted to see the relationships between the scores of 
SmarterMeasureTM and the students’ grades. The preliminary study done in Spring 
2009 and Summer 2009 on 750 cases showed a significant correlation between the 
score of personal attributes and grades. They were significantly correlated with a pos-
itive coefficient, meaning that the higher a score of personal attributes, the higher 
grade a student would receive. This result implies that personal attributes, represented 
by self-motivation, self-discipline, and time management, plays a very important role 
in student success of online learning.  
 
Based on this finding, in Fall of 2009, a web page titled as “Success Tips” was devel-
oped and linked to the distance learning web site. The success tips were added to one 
section, Step 3, in the online orientation at http://www.mxcc.commnet.edu/Con-
tent/Success_Tips.asp. The page of “Success Tips” was added to the Quick Refer-
ence, which was accessible by students in the Records’ Office, Library, Communica-
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tion Center, and campus buildings. The Quick Reference was mailed to online stu-
dents with no personal emails in the college system. It was also downloadable from 
the distance learning web site. In the beginning of a semester, we sent the success tips 
in the email to all online students and posted them on the distance learning Facebook 
page.  
 
During the campus orientation sessions, the success tips were introduced after show-
ing students how to use basic tools in online courses. The research finding was shared 
with academic advisors 
and online professors in the distance learning newsletters as well as with students in 
the student newspaper articles. During advising, registration, and orientation, students 
were advised that self-motivation, self-discipline, and time management were major 
factors affecting their success. It was highly emphasized to students that distance 
learning staff was able to help navigate a course, use tools, and troubleshoot technical 
problems, but it was the student’s responsibility to complete all course works on time 
to receive a good grade.  
 
Ultimately, the correlation study was conducted between the SmarterMeasureTM 
scores and students’ grades on 3228 cases collected from six semesters, Spring 2009 
to Fall 2010. The result showed a significant correlation between the score of per-
sonal attributes and students’ grades. This finding reconfirms the new approach we 
used in supporting online students: providing technical assistance to online students 
while stressing the students’ self-driven responsibilities in studying to ensure success.  
 
Before SmarterMeasureTM was implemented, 6% to 13% more students failed online 
courses than students taking on-ground courses. After the implementation, the gaps 
were narrowed; 1.3% to 5.8% more online students failed than on-ground students. 
The table in Figure 2 shows the percentage of failed students in online courses before 
and after the SmarterMeasureTM implementation. In the corresponding semesters, 
less percentage of students failed online courses after the implementation, decreased 
by about 5%. The finding implies that SmarterMeasureTM assessment helps “at-risk” 
students to do better in online learning. In other words, the use of the Smarter-
MeasureTM assessment has contributed to better success in online learning particu-
larly for students who are more likely to fail.  
 
In summary, the implementation of SmarterMeasureTM has helped students to 
achieve better academic success by identifying their strengths and weaknesses in 
online learning. When test results show a weak area, students are alerted to their 
shortcomings and therefore strive for improvement by seeking help. Additionally, 
based on the results of data analyses, personnel such as distance learning staff, faculty 
advisors, and academic counselors are able to pinpoint the key element contributing 
to student success: students’ self-driven force including self-motivation, self-disci-
pline, and time management. This finding has moved the distance learning support 
beyond technical assistance to inspiring students to be highly motivated and disci-
plined, accompanied with using appropriate study strategies to ensure greater success.  
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4. Case Study of Odessa College Global and SmarterMeasure (SmarterServices, 
LLC, n.d.-e) 
In the past, OC has provided courses with traditional starts of Fall and Spring semes-
ters. Noticing high withdrawal rates, school officials looked at the reasons for the 
poor attrition and began to pay close attention to the patterns which corresponded to 
the boom-and-bust times in the oil field. Administrators immediately began creating a 
new system that would allow for shorter or longer class terms and more flexibility on 
start dates. This allowed students to complete course work with 4 terms through- out 
the year which were more compatible with their unusual work schedules.  
In like manner, OC realized changing their scheduling was only part of the problem. 
OC was very interested in student readiness and whether students were prepared to do 
well in online classes through OC Global. With a population of mostly adult minority 
students, OC needed to know how to help their students based on their needs. Corey 
Davis, director of OC Global stated, “We were no longer content to use the GAG 
(good as guess) system. It was time to be proactive and precise”.  
 
In the summer and fall of 2011, OC Global implemented SmarterMeasureTM learn-
ing readiness indicator to help them understand their student population and increase 
retention and enrollment in online and hybrid classed. Prospective students are en-
couraged to take an abridged version of the assessment located on OC Global’s 
homepage www.myocglobal.com. The assessment was rolled out to students enrolled 
in the OC Global courses, which offer accelerated and self-paced online courses. Stu-
dents enrolled in programs funded by a Title V Grant that focuses on educational ac-
cess and improving quality of distance learning for rural place-bound students. En-
rolled students are required to take the entire assessment as their first assignment in 
an OC Global courses. School administrators are then able to view results and take 
note of specific risk and success factors. These include demo- graphic data as well as 
positive and negative skill areas.  
 
OC Global began using the SmarterMeasure data immediately to learn more about 
their students. Insight into students’ weak skill areas including life factors, technical 
competency, on-screen reading, learning styles, and individual attributes (time man-
agement, procrastination, etc.) empowered faculty to provide remedial help im- medi-
ately to those students whose results indicated that they may need extra help. In addi-
tion to looking for signs in low scoring areas, administrators looked at data to watch 
for trends in high scoring areas as well. They are working on resources to support and 
encourage their at-risk and high scoring students. The student data has also resulted in 
curriculum and instructional design adjustments as well as re- view of delivery meth-
ods of courses.  
OC believes strongly that every student should take at least one online course as a 
means of developing technology literacy. However, feedback from SmarterMeasure 
indicated many were afraid based on their perceptions of online learning. As part of 
OC Global’s commitment to helping students succeed, they implemented the OC 
Guarantee. The guarantee removes the risk of taking an online class and gives OC the 
opportunity to prove their desire to help students do well. The guarantee encourages 



 250 

all students to take an online course making a good faith effort to complete all course-
work and to participate. In doing so, if the student fails the course, they are free to 
take it over again tuition free. OC Global is that confident about their practices to sup-
port their students. Corey Davis, OC Global’s director stated, “Using the data in 
SmarterMeasure is a crucial component in our understanding of how to help our stu-
dents achieve their educational goals and ensure they not only successfully complete 
our online classes, but also have a great experience while taking them. This helps 
grow our program, strengthen our retention rate, and most importantly increase stu-
dent success.”  
 
One final component OC Global uses is requiring students to continuously reflect on 
their SmarterMeasure score report and provide a written reflection, which is posted 
on “The Yard” – a discussion board and social media platform created by Connect 
YardTM. Connected through their LMS, the students are required to create a profile 
while incorporating the results of their SmarterMeasure assessment. While most stu-
dents only take SmarterMeasure once, they are required to reflect on those results at 
the beginning of each online class, which provides continual opportunities for im-
provement and self-assessment. School officials report getting positive feed- back 
from students saying SmarterMeasure has given them confidence and increased their 
awareness about their responsibility and capability in taking online classes.  

5. Case Study of Temple College and SmarterMeasure (SmarterServices, LLC, n.d.-
f) 

Like many colleges and universities, Temple College has experienced tremendous 
growth over the past three years. With a student population that has increased from 
2800 students to over 6000, the past three years have been a challenge to meet the 
needs of a diverse population of students. Initially, the school experienced scheduling 
and space issues, and being able to provide classroom space on campus for the influx 
of new enrollees. So, Temple worked hard to increase the number of online offerings 
which grew from 275 to 950 course sections. That allowed them to serve over 4800 of 
those 6000 as students who participate in some form of eLearning, including web-en-
hanced, hybrid, and fully online courses. In addition to logistics, the growing popula-
tion of elearners created some new challenges– the need to assess student skills, set 
expectations of course work, clarify requirements, and bridge the gap between the tra-
ditional classroom and the online environment. Students struggled with misconcep-
tions about elearning, not only what skills set were needed but also the commitment 
required to be successful. Administrators were pleased with the increase in enroll-
ments but recognized the importance of keeping the students enrolled and completing 
their course work. 
  
To combat the challenge, Temple College implemented a one-week session student 
orientation initiative that includes 8-10 sessions. The sessions focus on various areas 
of eLearning including tutorials on using their LMS, technical skills, and faculty 
presentations about support services. The students are sent to their URL—
http://www.templejc.edu/elearn/ elearn.htm. As an assignment in the orientation, 
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Temple College added SmarterMeasureTM learning readiness indicator. Students are 
encouraged to take the assessment as part of Temple’s “continuous orientation” 
model. Many faculty require students to take it as either a week one orientation exer-
cise or an extra credit assignment to help them be successful online learners. Smarter-
Measure is highlighted as students log in to the LMS for the first time as a news item. 
Faculty are also encouraged to take the assessment to have a better understanding of 
the feedback the students receive.  
 
Brian St. Amour, Director of eLearning at Temple states, “Our enrollment has drasti-
cally increased. Implementing our orientation initiatives and SmarterMeasure have 
contributed to student success and retention”. The feedback provided to the students 
gives them valuable insight to help them overcome challenges and remain enrolled in 
our elearning courses”. In addition to empowering students, SmarterMeasure has also 
given faculty insight about how to help their students succeed.  
 

6. Case Study of Ashford University and SmarterMeasure (SmarterServices, LLC, 
n.d.-b) 
Ashford University has implemented a variety of initiatives to support student success 
and provide students an opportunity to experience the online learning environment 
prior to provisional admission:  

1. Ashford expanded its Student Success Orientation (SSO). The orientation is 
de- signed to provide students with a complete overview of the Ashford Uni-
versity experience, prepare them for success in their courses, and help them to 
self-evaluate their readiness to succeed in an online classroom setting. Stu-
dents are instructed on Ashford University policies and the learner resources 
that are available to them through interactive videos and assessments.  

2. Ashford also implemented the Ashford Promise, which provides degree-seek-
ing online students with a no-cost, risk-free opportunity to explore the online 
learning environment for the first three weeks of their first course.  

 
Beginning in Fall 2011, Ashford began using the SmarterMeasure Learning Readi-
ness Indicator as one component of the Student Success Orientation. As the primary 
assessment and reflection tool, SmarterMeasure provides the students with personal-
ized feedback about their strengths and weaknesses. The tool measures student readi-
ness in six areas including Life Factors (external to the learner; time, place, re-
sources), Individual At- tributes (motivation, procrastination, etc.), Learning Styles, 
Technical Skills & Competency, On-Screen Reading Rate & Recall, and Typing 
Speed & Accuracy. In addition to feedback provided by SmarterMeasure, a faculty-
led discussion on the results occurs in a discussion board and provides students an op-
portunity to reflect on their results with the instructor and fellow classmates.  
 
Additional discussions in the course are meant to build community and make students 
aware of academic resources such as the Ashford Library and Ashford Writing Cen-
ter. A reflective assignment is the final activity in the course and asks students to re-
flect on what they have learned and identify areas for improvement to help ensure ac-
ademic success. The question remains, is there a strong relationship between having a 
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mandatory Student Success Orientation course and the persistence of online students? 
According to the results of Ashford’s study, the clear answer is yes. Dr. Jeff Hall, 
lead faculty, along with Morgan Johnson, Director of Instructional Services, who con-
ducted the study, stated, “Creating an orientation was an excellent step in improving 
student retention. We were very interested in studying the future academic success of 
students who had successfully completed the Orientation course while developing a 
profile of students who struggled and did not complete Orientation.” The first finding 
showed students who did not complete the SSO scored lower in Individual Attributes 
and Life Factors. Individual Attributes measures factors that are internal to the learner 
like procrastination, time management, and willingness to ask for help. Life Factors 
measures factors that are external to the learner including time and place to study, 
work/family responsibilities, and motivation to obtain college credit. These two sec-
tions were most indicative of a student’s ability to progress through and complete the 
orientation course. Following the SSO, students enroll in their first credit bearing 
course: EXP105. The Smarter- Measure scores were compared to EXP105 student 
success rates and engagement analytics. Based on the results, Life Factors and Indi-
vidual Attributes were indicative of EXP105 engagement. Further analysis revealed 
that Technical Competency & Knowledge and On-Screen Reading & Recall were 
predictors of a student’s overall success. To determine the impact the SSO course had 
on student success in EXP105, Ashford compared three cohort groups that did not 
participate in the Orientation course versus one group that did take the Orientation 
course (see chart A).  
 
The results showed that the students who participated in the Orientation course im-
proved their success rate (earning a C- or better) in EXP105 by an average of 17%. In 
addition, the study showed students who completed the SSO had higher grade point 
averages in EXP105 than the three cohort groups who did not complete the orienta-
tion. Another factor that made the SSO a success was a network of dedicated faculty 
and support staff including Instructional specialists who support faculty, monitor per-
formance, and facilitate academic issues. When asked about future plans for the Stu-
dent Success Orientation, Ashford’s Dr. Jeff Hall, professor and lead faculty, stated 
“Our orientation is continually under evaluation and we work hard to continue to im-
prove the content and increase student engagement.” 
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Appendix 5: Permission Letters for use of Email List and Survey Instrument  

 

2 August 2016 

To Whom It May Concern 

AUBURN UNIVERSITY 
C R OP, SOi i. AN D ENV I RONMENTAL SCIE SC.1'S 

COLLE GE OF AGRICULTURE 

By authority of my position as Head of the Department of Crop, Soil and Environmental 
Sciences in the College of Agriculture at Auburn University, I grant full permission to Leslie 
Grill to use the records from the prospective student database of Auburn Agriculture Online as a 
part of her research on her graduate program and her research through the Institutional Review 
Board. These records are for prospective students in the Distance Education program in our 
department and will be an important part of her dissertation research. 

J<J; Jr. / / 
Professor and Head 

201 Funchess Hall, Auburn, AL 36849-5412; Telephone: 334-844-4100; Fax: 334-844-3945 

http: //cses.auburn.edu 
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September	1,	2016	

To	whom	it	may	concern,	

Leslie	Anne	Grill	has	been	given	permission	to	utilize	our	survey	instrument,	the	SmarterMeasure	Learning	Readiness	

Indicator,	for	dissertation	research	through	Auburn	University	(Auburn,	Alabama).		The	title	of	her	research	project	is	

“Online	learner	readiness	of	prospective	online	students	of	a	post-secondary	agriculture	college:	an	examination.”			Leslie	

will	have	access	to	the	completed	survey	data	through	a	secure	administrative	portal.	SmarterServices,	LLC	will	not	retain	or	

utilize	any	identifiable	information	from	the	dissertation	study	participants.	

If	you	have	any	questions	about	the	data	set	which	she	will	be	granted	access	to	please	let	me	know.	

Dr. Mac Adkins 
CEO and Founder 
SmarterServices.com   
334-491-0416 (Direct) 
Toll Free: 1-877-499-SMARTER (7627) Ext. 102 
Fax: 646-365-5390 
mac@SmarterServices.com  
Education Makes Life Better.   
We eliminate gaps between learners, lecturers and leaders.	

2005 Cobbs Ford Road, Suite 301A, Prat tvi l le ,  AL 36066 ~ 877.499.SMARTER (7627) 
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Appendix 6: IRB Approval Document  
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Appendix 7: Informed Consent Letter, Email Invitation, and Email Reminders 
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Appendix 8: Front-End of the SMLRI Research Portal 
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Appendix 9: Privacy Information provided by SmarterServices, LLC for SMLRI 

 

 

 

 

 

 

 

 

Last Updated: August 2016 I acknowledge that by continuing with the SmarterMeasure assessment that I am allowing my scores to be 
viewed by selected staff of my educational institution. I understand that this information will only be used to assist me in evaluating my read-
iness to succeed in my courses. I also understand that the data may be used in aggregate to measure student success. I recognize that my con-
tact information, including my email address, will never be released to third party for any reason. At SmarterServices, LLC, the provider of 
SmarterMeasure, we are committed to respecting your privacy. While we collect some information from you, it is our committed policy to 
ensure that all of your personal information remains private and secure. As part of our privacy policy, we: (1) provide a privacy notice and/or 
link to this Privacy Policy statement on all pages that ask for personal information; (2) will not sell or release personal identifying infor-
mation about you to any other party without first obtaining your consent; and (3) will not knowingly collect or use personal identifying infor-
mation for children younger than 13 without obtaining verified parental or guardianship consent. 

1. What Information We Collect. When you are a non-logged in user visiting our public web site, SmarterMeasure.com collects basic 
information that may identify individuals and/or organizations. This includes which pages are visited, IP address and any feedback from our 
visitors. We may generate information about your actual location or information that can be used to approximate a location. We then aggre-
gate this information with volumes of other pieces of information to improve our site and services for you. When you logged into our web 
site, SmarterMeasure.com may collect basic information including first name, last name, email address, click-stream data, HTTP protocol 
elements, IP address, and an active user list. This includes which pages are visited and browser being used. The data is used for the following 
purposes: completion and support of the current activity and web site/system administration. Please note that any identifying information 
collected is NOT distributed to any third party. This identifying information is used only for your current session. We may also aggregate the 
non-identifying information with volumes of other pieces of information to improve our site for you. We may generate information about 
your actual location or information that can be used to approximate a location. We may assign your computer browser a small piece of text, 
called a "cookie." These provide a secure way for use to verify your identity, personalize your experience on our Web site, speed navigation, 
track your web page visits, and make your visit to our site more convenient. Your privacy and security are not compromised when you accept 
a cookie from our Web site, and we don't use cookies to collect specific personal information. We also use cookies to remember information 
you gave us so you don't have to reenter that data every time you visit our site. By showing us how and when users use our web site, cookies 
also help us see which areas are popular and which are not. Many improvements and updates to our site are based on data such as the total 
number of visitors and pages viewed. Most browsers are initially set to accept cookies. If you would prefer, you can set yours to refuse cook-
ies, but that also can disrupt some of the functions when you use our site. When you create an account with us, you provide to us such per-
sonal information such as: first and last names, address, and e-mail address. We collect this information on the pages where you create your 
account and at other pages where you sign up for our services.When you send email or other communications to SmarterMeasure, we may 
retain those communications in order to process your inquiries, respond to your requests and improve our services. If we use this information 
in a manner different than the purpose for which it was collected, then we will ask for your consent prior to such use. SmarterMeasure pro-
cesses all information on hosted servers in the United States of America. 

2. How We Use It. Based on this information given on your account or usage session, SmarterMeasure.com may provide you with in-
formation about your order (i.e., whether your order has been received and processed). We may ask you for your phone number in the event 
that our service representative can't reach you by e-mail. Credit card information is used to bill you for products you have ordered and to 
track sales. We may use information about web site visitors to identify educational institutions which could benefit from our services. We 
reserve the right to contact by email and/or phone individuals at these organizations to provider further information about our services. We 
take appropriate security measures to protect against unauthorized access to or unauthorized alteration, disclosure or destruction of data. 
These include internal reviews of our data collection, storage and processing practices and security measures, including appropriate encryp-
tion and physical security measures to guard against unauthorized access to systems where we store personal data. We restrict access to ac-
count information to SmarterMeasure employees, contractors and agents who need to know that information in order to process it on our 
behalf. These individuals are bound by confidentiality obligations and may be subject to discipline, including termination and criminal prose-
cution, if they fail to meet these obligations. 

3. Whom We Share that Information With: Credit Card Processing and Security: You don't have to worry about credit-card safety 
when you do business at our web site. SmarterMeasure.com guarantees that each purchase you make is protected and safe. If fraudulent 
charges are ever made, you will not have to pay for them. We use the latest encryption technology to keep your personal information safe-
guarded. All your order information (i.e., your name, address, and credit card number) is encrypted using a secure server for maximum secu-
rity. Your credit card information cannot be read as it travels to our ordering system. Credit card transactions are handed by a third-party 
financial institution, which receives the credit card number and other personal identifying information only to verify the credit card numbers 
and process transactions. If you feel more comfortable doing so, you are welcome to call in your credit card information and complete your 
purchase by phone. Or you can pay by check, and the service will be activated once your check has cleared. 

4. Links to Other Sites We want you to be aware that when you click links and/or banners that take you to third-party Web sites, you 
will be subject to those parties' privacy polices. While we support the protection of privacy on the Internet, we cannot be responsible for the 
actions of third parties. We encourage you to read the posted privacy statement whenever you are interacting with any Web site.  

5. Legal Disclaimer SmarterMeasure.com fully cooperates with law enforcement agencies in identifying those who use our services for 
illegal activities. We reserve the right to release information about members who we believe are in violation of our content guidelines. We 
also reserve the right to report to law enforcement agencies any activities that we reasonably believe to be unlawful.  

6. Changes in this Privacy Statement SmarterMeasure.com may update this policy from time to time; please check this page periodi-
cally for changes. By using this site, you signify your acceptance of agreement to SmarterMeasure.com Privacy Policy.  

7. Other By using our web site, you consent to the collection and use of information by us, as described in this policy. We will not mon-
itor, edit, or disclose the contents of e-mail, correspondence, orders, or any other electronic communications received from you, unless re-
quired in the course of normal maintenance of this Web site or we're required to do so by law or in the good-faith belief that such an action is 
necessary to: (1) comply with the law or legal process served on us; (2) protect and defend our rights or property; or (3) act in an emergency 
to protect the personal safety or our user or the public.  

Contact Us If you feel that any personal information about you that has been collected and stored by SmarterMeasure might be wrong, or 
you would like for us to remove you from our systems, please notify us at support@SmarterMeasure.com so that we may correct or delete the 
information. Before deleting information we reserve the right to contact the educational institution associated with your account to verify the 
deletion request. If you have any questions or suggestions regarding our privacy policy, please contact us at:  https://olr.smartermeas-
ure.com/assessmentpublic.helpdesk, 877-499-SMARTER, support@SmarterMeasure.com, PO Box 220111 Deatsville, AL 36022. 
 


