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ABSTRACT
Effectively Implementing an Online Homework and Testing Management System to Increase
Student AchievementA Student Tailored Pedagogical Approach

Dale M. Dawes

Turning to online educational technology is a growing trend in our society. In particular,
many community college Mathematics Departments have adopted online preparation and
rigorous enhancement platform (OPREP) such as WebAssign. Natiedatigtors are
attempting to address the low passingsatedevelopmental mathematidSevelopmental
mathematicgourses are the gatekeepers to hgher education. Slow progresson thraigh these
coursesscan adverselyaffeda st udent 6 s agmdudtiont whichtindurnpngacts ans t
individual 6s empl oyment Thelpemture shows that ®©RR&ERen d
typically employed to replace the tedious andettonsuming task of gradimquaperbased
homework. Ignoring the testing management features of an OPREP and limiting it to a web
based homework tool is a reflection on implementation strat&€gg. purpose of this research is
to develop a grounded theory about effectively implemgr@PREP, which is informed by the
perspectives and beliefs of the developmental mathensatidents whaise them.This mixed
method study critically analyzed the student comment sheets, student evaluations, and the
responses from 129 Elementary Algehitadents who completed a questionnaire about their
experiences using WebAssign. Analysis through an adult learning theory lens revealed the
central phenomenaoof the studerbneed for immediate feedback and the role that feedback

plays in facilitating sk-regulated learning.
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The findings reveal thahé nature of the feedtlaextended beyond correctness.

Students preferred to use interactive digystep tutorials, practicing different versions of the
problem and watching lectures more than any otamning tool.

The instructor 6s itoferpbasieforkey studentblulyplas a poi n
repeaters of elementary algebra stressed the importance of the OPREP implementation strategy
on their achievement. Comments range from differences in the availability and strategic
deployment of the learning tools to proper instruction on hotu@est should use the OPREP.
Although this study confirms a significant and relative large correlation between homework and
an exit examination, it also shows that OPREP assessmentassjushzes and practice
examinations have stronger positive corielz. Results showed that OPREP quiz average was
the best sole predictor of student achievement. OPREP quiz average was also the only OPREP
assignment category included as a predictor of student achievement in the best multiple linear

regression model.
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CHAPTER |
INTRODUCTION

Societal Issue: Developmental Mathematics Passing Rates

Low passing rates in developmental mathematics have plagued educational institutions
(especially community colleges) in the United States for years and the need for pedagogical
change is evidentAs of the fall 2000 semester 12% of the mathematics clas$esryear
colleges and 57%t twoyear colleges were remedial cour@gcGowen 2006) In the United
St ates, the DWF (a grade of @ADoO, AWO -80% AFO)
and in some populations has been reported &sas@®0% (Benford & Gessewsome, 2006;
Herriott, 2006). These remedial courses are the gatekeepers to higher education, and repeated
failure of these courses can often result in stagnant students who give up on their education or
burn through their finasial aid in vain. The call for innovation when revamping existing
curricula has increased due to President Obam
community colleges through the American Graduation Initiative (Brandon, 20&8jonally,
manyeducators have turned to online preparation and rigorous enhancement platform (OPREP)
as part of the strategy of addressing this crisis. These include instifetiefoped software
(e.g., Virginia Techodés Mat he maegi WeBW&knpor i um) ,
DRILL), commercial products (e.g., WebAssign, MapleTA, MyMathLab) and adaptive learning
systems (e.g., ALEKS, HAWKES).

Though many institutions are incorporating OPREP, the American Mathematical
Societybds (AMS) r e p o SdftwaserSurteynshdws thellagklodcondemsue wo r k
about the extent and nature oftechrmgy 6 s r ol e ilnthe tagt decadeyseveralc u |l u m.

schol ar s hav éasedoverquapapbréa si@we ho mewor ko with inco



Effective Online-PREP Implementation 2

(Clarke, 2011, p. 85)These quantitative comparative studies used a traditional classroom

control group versus a treatment group using an OPREP. Their results were inconsistent and
sometimes contradictory, ranging from no statistically significant results to a possibly positive

effect or negative impact on student achievem@&mio apparent gaps in the research arise from

the failure to examine t héntamswidheinpreferdede x per i en
OPREP functionality)and the lack of information about effective detailed and institution

specific implementation strategies.

All OPREP mentioned above have the followinguetteristics or functionalityAn
OPREP requirgstudents to log in to a website to access trssigaments and enter their
answers. The systems typically have different question types (e.g., numerical, multiple choice,
fill in the blank, multiple select) and accepimerical answers as well as algebraic expressions.
Instructors can typically choosgiestions (or pools of questions) from question banks, which
may be associated with textbooks. Algorithmically generated questions can individualize
assignments by providing similar questions with that same level of difficulty but different
numbers. SomOPRERallow instructors to control the number of submissions permitted per
guestion as well as the studentsd access to f
tools (e.g., electronic textbook, video lectures, step by step tutorials).

The AMSO6 report on their @8e6s6sthdexpeciemeesdf Soft
departments using homework software, and explains the concerns of departments that were
considering such softwaref the 467 responding departments (out of 1230 surve26é4@),
departments had used such software and 98 dep
Current users were more positive about the benefits of homework software than prospective

users and much less concerned aboaivbacks than prospective useThe primary benefit of
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using the systems was better student learning, the primary drawback being students not showing
their work. Initial faculty resistance to using homework software occurred in most departments.
Students and netenuretrack faculy were more receptive to the software than tenured/tenure
track faculty. Shelton (2013) wrote, fALongsta
combined with inadequate training and support, has also thwarted the widespread adoption and
useofeducattk t echnologyo (p. 9).
Conceptualand MethodologicalFrameworks

One promising avenue to understanding the student experiences is a qualitative method
called grounded theg, where the central phenomenithe student experience agounded in
the data and revealed through triangulation of several data sources. Grounded theory uses the
viewpoints of the participants (in this case, anonymous students) to develop theory about a
process or action. In 1967, systematic grounded theasyintroduced by Glaser and Strauss.
They introduced the method as a contrast to a priori theoretical orientations in sociology; Glaser
and Straus hel d t hat theories should be 6grounded?d
actions, interactong@ nd soci al pr ditlee & Salkisd, 2002 p.A%).0Ptl readu s(s 6
systematic approach to grounded theory is stringent because it consists of prescribed categories
when coding data. ThisstudysselChar maz 6és (2005) conasdedthearyt i vi st
because it affords more flexibility during open coding, axial coding and selective coding phases
of analysis. Grounded theory is both a qualitative approach and a method of dgtis apnahe
implications arggroundel i n t h e senaesleisappiicabledoxoatlequalitative and
guantitative research studies.

The poorpassing rates in developmental mathematics cannot be ignored and critically

analyzing the commonalities in the student experiences as well as student perfomances
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hold the keys to changestates aaoss the ation have begun to hdd higher learning irtgutions
acountablefor their ability to graduate students.Insttutions fave turned theirfocus on
searching for effective ways toincrease student gsistence toward graduation. Improving
support srvices, developing learning communities, imgemening early intervention processes,
revamping the curriculum and using innovationsa pedagogy are among someof the emerging
trends. Spedficdly, developmental courses (e.g., Elementary Algebraje the gatekeepers to
higher education and slow pogresson thraugh thesecourses can adversely affed graduation
raessEarning a college degree has i mmense i mplic
opportunities and quality of life.

The researcher is using a social constructivism framework with a philosophical/

theoretical lens of adult learning theor&dult learnergarticipate in many types of formal and

informal education activities that they hope
world around themo (Taylor, Marienau,,p& Fiddl
15) . 0 For wachievingpsomepersoraal sense of fulfillment, for bringing about

i mprovement in their |ives6éo (MpilH, 2000 as c

Purpose of Study
The purpose of this research is to develop a grounded theory, informed by the
perspectives and beliefs of the students, about how to effectively implement an OPREP to
increase student achievement. This study preadgetailed example of an effective
implementation oinonline preparation and rigorous enhancement platform (OPREP)
consistently producing high passingratesnd expl ore t he studentsd ex
environment. Through the qualitative analysis of student experiences, significant caliies

and difference werisolated. Quantitatively, student f@mance data will be analyzed to
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determine early indicators @PREPto identify Developmental Mathematics students who can
benefit from intervention to improve student achievement.

WebAssign is an OPREP developed by Aaron Titus (North Carolina Staterklty)
and Larry Martin (North Park University); it has been commercially available since January
1998. It streamlines the grading process by grading the assignments for instructors and
providing students with instant feedback on their answers (car@uatorrect). Students have
access to learning todlssources(Read It, Watch It, Practice It, Master It, and Practice Another
Version) and WebAssign features (Grades, Personal Study Plan, Assignment Extensions,
Announcements, Calendar, Resourcesjfidations). Learning tools are defined as
functionalities existing within OPREP assignments; they differ from OPREP features because
OPREP features exist outside OPREP assignméihis. study will focus on the following

research questions.

Research Quesons

1. What online preparation and rigorous enhancement platform (OPREP) features did
students find most useful? Why? How often did they use these features?

2. What OPREP learning tools did students find most useful? Why? How often did they use
these learningools?

3.ls there a statistically significant diffe
assignments betweatudents whass the course astudents whdail the course?

4. Can studentsdé grades on different tfgpes of

student achievement?
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CHAPTER I
LITERATURE REVIEW

This literature review provides the context and the need for a study about effectively
implementing aronline homework and testing management system in developmental
mathematics. The first section discusses the scope of thealaoredial mathematics
problem,including how mathematics departments and college administrations are turning to an
online preparation and rigorous enhancement platform (OPREP) to combat low passing rates.
The second section summarizes the U.S. Department of Educg#spective omcorporating
technology into the curriculum. It is followed by statements on incorporating technology into a
mathematics course by the National Council of Teachers of Mathematics (NCTM) and national
perspectives about incorporating an OPREP from the ikamreMathematical Society survey.
Details in the ensuing section address quantitative and qualitative studies compariapeddb
to paperbased homeworkThe subsequent section talks about the importance etioemiee
feedback for student OPREP uset#e literature revievends with a description of the
conceptual framework for the study, followed by the qualitative approach, Grounded Theory,

and the theoretical lens, i.e., Adult Learning Theory.

Improving Developmental Mathematics Passing Rates thragh Online Technology

Poor passing rates in developmental mathematics have plagued educational institutions
(especially community colleges) in the United States for years and the need for pedagogical
change is evident. Merseth (2011) noted that 60 % désts taking a mathematics placement
examinatiomeed at least one remedial course. The developmental mathematics path may have
3-5 courses. With more than 1100 institutions, community colleges account for over 44 % of

higher edeation studentg( 2). According to McGowen (2006), as of the fall 2000 semester,
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12% of the mathematics classes at fge@r colleges and 57% at twear colleges were
remedial courses. Enrollment in developmental mathematics courses has increased by 73% since
1980 (Brewer, 2009 Hoyt and Sorensen (2001), report that in many institutior@030 of all
incoming freshmen need mathematical remediation. These remedial courses are the gatekeepers
to higher education and repeated failure to succeed in courses like elementarycdtgabra
result in stagnant students who give on their education or burn through their financial aid in
vain.
I n the United States, students taking coll
an alarming rate. The DWF rate is betweerb8d andn some populations has been reported
as 90% (Benford & Gegdewsome, 2006; Herriott, 2006). Brewer (2006) stated,
Largescale efforts to reform college algebra may not be possible in universities and
colleges that base their programs on certain theatetnd practical considerations.
Therefore, efforts to solve the problem of helping students succeed need to focus on
interventions that can be implemented within fiftsenework of existing programép. 3)
One such intervention is revamping existingrimula by usingonline homework and testing
management systemalith the potential to reach students throughout the country, this is a
growing trend among college administrato@urrently the implementation of online preparation
and rigorous enhancement platforms (OPRERs)part of the strategy for addressing this crisis
These include institutiedeveloped softwarée e . g. , Virginia Techdés Math
freely availablesystems (e.g., WeBWorK, DRILL), commercial products (e.g., WebAssign,
MapleTA, MyMathLab) and adaptive learning systems (e.g., ALEKS, HAWKES).
An OPREP typically has the following characteristics or functionality. OPREPS require

students to log in to aebsite to access their assignments and enter their answers. The systems
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typically have different question types (e.g., numerical, multiple choice, fill in the blank,

multiple select) and acceptimerical answers as well as algebraic expressions. [BsHwen

typically choose questions (or pools of questions) from question banks, which may be associated

with textbooks. Algorithmically generated questions can individualize assignments by providing
similar questions with that same level of difficulty lolifferent numbers. Some OPREPs allow
instructors to control the number of submissi
access to feedback (i.e., answer key, solution key) and learning tools (e.g., electronic textbook,

video lectures, steipy step tutorials). Though many institutions are incorporating an OPREP,

the American Mat hematical Societyds (AMS) rep

shows the | ack of consensus about the extent

Incorporating Technology in Mathematics Courses
Uu. S. Department of Educat i@niriébruarpld, r@lp damesi ve O
Shelto® the Assistant Deputy Secretary for Innovation and Improvemeit.forDepartment
of Educatiod testified befoe theU . S . House of Representativesodo
Wor kforce. S h e | Rasingdhe B4r: HOwIE8ucatidn énsolvation €any
Improve Student Achievemefticused on:
First, the potential of technology to fundamentally transfeducation, dramatically
altering the levels and pace atouvphopleh we d
And second, the vital role of technology in ensuring our international leadership and
affirming Americabds gl ob anhicallyforduucei ng educat
generations. (p. 1)
Shelton emphasized the need to effectively implement the (recently affordable) technological

solutions to address the inadequacies and failures of our current educational system.
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Shelton provide@&xamples to Congresd instructors and administrators effectively
leveraging educational technology.
Mooresville Graded School District in North Carolinavhich provides a laptop for
every 4th through 12th grade student using primarily digital curricular matenusiss
techrology as a catalyst to make learning more interesting, build better relationships
among students, teachers and parents, and ultimately improve student and school
performance on almost every metric. The dis®rione of the lowest funded districts in
the stéed has become the second highest performing district in the state, with graduation
rates over 90 percent and millions of dollars per year in new college scholarships
(Shelton, 2013, p. 6)
The Mooresville Graded School District refers to this approacheaBigital Conversation
Initiative and used the access to theeinet and multimedia tools through to supplement
information presented by the teacher or textbook. Their conversation Digital Conversation
Initiative extends to all their courses, not jusithematics courselhis example is promising
but yields little detail about effectively implementing OPREP in mathematics (specifically
developmental).
Shelton (2013) emphasizes that dAreal trans
processes usingew technology. Real innovation emerges when technology is leveraged to
change and improve products or processes in ways that were impossible or impractical without
the technologyo (p. 4). These sentiments we
technology in mathematics education by the National Council of Teachers of Mathematics
(NCTM). NCTM states that teacher education and professional development programs must

~

train practitioners to develop Amaywrbhe matics |
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environments and the integration of digital tools in daily instruction, instilling an appreciation for
the power of technology and its potential 1 mp
ma t h e m&rehbiel 2011, p. 2).

National CouncilofTeac her s of Mat he e Natianal Gouncieof spect i
Teachers of Mathematics (NCTM) places the onus on teachers and the school administration to
strategically use technology. ASi mply having
and curiculum developers must be knowledgeable decision makers, skilled in determining when
and how technology can enhance st uKlebhiet s6 | ear
2011, p. 1). Welinformed decision making and providing the proper infrastmaec(and by
extension utility of that infrastructure) maximizes the effective use of the technology available.

NCTM declare it was the responsibility of the mathematics program and school to ensure that

their students and teachers have access to agdatédraining mathematics for instructional
technology. According to NCTM, heffective te
develop studentsodé understanding, stimulate th
mat h e m&rehbie| 2@1, g. 1). The question becomes, how does an instructor or

Mathematics Department optimia@ OPREP and properly leverag#oiincrease student

learning?

Online Preparation and Rigorous Enhancement Platform

Ameri can Mat he maNS) voméworlssofoware suryey.ghough many
institutions are incorporating OPREP, the AMS report on their 2009 Homework Software Survey
shows a |l ack of consensus about the extent an
The AMS6 2009 HoSuweysseskes Beexpgenenaces of departments using

homework software, and explains the concerns of departments that were considering such
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software. Of the 467 responding departments (out of 1230 surveyed), 260 departments had used
such softwareand® depart ments identified themselves a
more positive about the benefits of homework software than prospective users and much less
concerned about drawbacks than prospective users. The primary benefit of using thevggstems

better student learninghe primary drawback being students were not showing their work.

According to the AMS Homework Survewitial faculty resistance to using homework
software occurred in most depar t keptiniimot Shelt
technology in education, combined with inadequate training and support, has also thwarted the
wi despread adoption and use of e danoarack on tech
faculty were more receptive to the software than tenteedretrack faculty. This commentary
about student receptiveness comes from the pe
solicit information about studies measuring the effectiveness of homework software. For
example, questions about the betsedind drawbacks of homework software are answered solely
in terms of facultyds beliefs c@ufrorengr auspee st) iov
Notices, 2009p.754760). Two apparent gaps in the research arise from not examining the
s t u d expetiemos using OPREP, and the lack of information about effective detailed and
institution specific implementation strategies.

Web-based versus papebased homework. In the last decade, several mathematics
and science scholars conducted studies compgari ftbasedhversus pappras ed ho mewor k¢
with inconsistent results (Clarke, 2011, p. 85). Allain and Williams (2006), used WebAssign in
introductory astronomy, and concluded that there were no significant differences in conceptual
understanding or testores. Several authérsBonham, Beichner, and Deardof#001),

Brewer (2009)Hauk, Powers and Sega(2015) and Demirci (2010) concur with the
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generalization that there is no statistically significant difference. LaRose (2010) found that
s t u d eho tisshomework orline do no worse in a course than those with peanaitpaper
homework, and in some cases may do bettarcontrast, Moosavi (2009) said,
Regardless of whether achievement is measured in terms of a single semester test,
comprehensivéinal exam, course average, or test performance across the semester the
results presented here indicate that students perform better in traditional classes than in
CAI (computer aided instruction) classes regardlesseoCAl curriculum usedp. ii)
Moosavi used two OPREPSs, which he referred to as Thinkwell CAl and MyMathLabTGége
comparative studies are detailed in the following three subsections.
Students in OPREP sections perform better than those in traditional sectiblirsch
and Weibel 2003) compared approximately 1175 calculus students at Rutgers University in fall
2001. Two thirds of the sections adopted WeBWorK, the remaining third was unable to use
WeBWorK due to software limitations. WeBWorK is an OPREP developed at the Urnyiarsit
Rochester by mathematics Professors, Arnold Pizer and Michael Gage in 1995. The students in
traditional sections were used as a control group. All Calculus students were required to submit
paperbased homework. Inthe WeBWorK sections, 11 probkaiswere assigned to study
groups in the papdrased section were replaced with assignments on WeBWorK. Hirsch and
Weibel found small but significant differences in the performances of the two groups on the final
examination. One realization is thatmgastudents did not attempt the homework problems
assigned on WeBWorK. They found if they eliminated students who were assigned WeBWorK
problems, but attempted fewer than half the problems, the WeBWorK sections did a half letter
better than the control gup. The average grade rose from C+ to B. The students in WeBWorK

sections who dishot attempt half the problems averaged no more than Bl@eoverHirsch
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and Weibel found a strong correlation between WeBWorK scores and the final examination for
freshman (over 50 % of the population) and no correlation for multiple repeaters (7 % of the
population).

LaRose ( 2 QhatGtudentsavarking onfhomework-tme appear to do no worse
in the course than those with peraildpaper homework, and maydobet r 6 (TFhe 66 4)
LaRose study used data from 665 students enrolled in calculus Il at the University of Michigan
in fall 2007. There were 24 sections with approximately 30 students each. These sections were
randomly selected and divided into threeug® of eight sections corresponding to type of
homewor k given and whet her the homewor k was
grade (5%). The penedndpaper homework group consisted of 225 students; the instructors
encouraged students to compléteir individual homework assignment but it was not collected
nor graded. Online homework was used in the two remaining groups through WeBWorK. Like
other OPREPs, WeBWorK provided the students with immediate feedback on the correctness of
their answers.Instructors in the online homework groups assigned an online version of the same
problems assigned by instructors in gencitandpaper homework group. The OPREP sections
were subdivided into two groups based on if their WeBWorK homework assignmenteatou
towards their overall grade. When using departmental examinations as measure of effectiveness,
LaRose found that both groups using WeBWorK performed better than the aiethptper
homework group. The WeBWorK group where the homework was not gpadfestmed
statistically significantly better than the peraildpaper group on the second of three
examinations. The statistically significance difference in examination scores was not consistent

across exams or between groups.

g



Effective Online-PREP Implementation 14

Students in traditional setions perform better than those in OPREP sectiohs.
contrast, Moosavi (2009) concluded that students perform better in traditional classes than in
CAl (computer aided instruction). Moosavi 0s
precalculus corse in a public university located in Alabama in 2002. The students attended
class three times a week (Monday, Wednesday and Friday) for 50 minutes or twice a week
(Tuesday and Thursday) for 75 minutes. His study used-postfacto design, the studen
were not randomly assigned to a precalculus section; however, students were unaware of the
instructional method during registration. There were two different instructional methods,
traditional and CAl. The CAI treatment was subdivided into two categtased on the OPREP
being used, Thinkwell CAl and MyMathLab CAIl. Moosavi reported that Thinkwell is designed
to appeal to students with a preference for visual learning styles, while MyMathLab is designed
to provide students with a sgificed interacte experience. There was no mention of instructors
in the CAl precalculus sections. The students in the Thinkwell CAIl sections were required to
attend class in a computer laboratory and their attendance was a part of their final grade. The
researcheused two exams that were consistent across all students as well their final course
grade as dependent variables representing student achievement. Moosavi found that students
receiving traditional instructions perform better than those who received THirGkMeor
MyMathLab CAI.

No significant difference when students use an OPRB#&nham, Beichner, and
Deardorff (2001) compared students using WebAssign to students withljzegser homework
for two semesters at North Carolina State University. Thesi@stester consisted of students
enrolled in large sections, approximately 110 students, of a caloatesl physics course;

however, the second semester students were enrolled in smaller sections, approximately 60
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students, of algebrbased physics coursghe instructor, class meeting days, lecture and
assignment were consistent across sections. After comparing homework, quiz and @@minat
grades, Bonham et dbund that the method of collecting and grading homework made very
little difference in studet performance. The WebAssign sections had higher test and homework
averages but differences were not statistically significant. Boimahcolleaguesited
di fferences in the studentodés ability (higher
averages in the WebAssign sections. The researchers noted that the underlying pedagogy is the
critical issue in effective learning, while technology itself does not improve or harm student
learning.

Demirci (2010) compared 168 students enrolled in awdiictory Physics course in
Bal ékesir University (Turkey) over two semest
(Physics 2). Thewebased homework used was called Aonl i
institution developed OPREP. The Wkased homework system that Demirci used was
developed by.inux basedhp extension html environment using the MySQL database system
and had two main module#\ two-group, prete$posttest quasexperimental design was used
with standardized test scores representing student achievement. The instruments included the
Force Concept Inventory and Conceptual Survey of Electricity and Magnetism. There were no
significant differences in the performance on the standardized test between thbgssaer
homework group and the wddased group.

Hauk, Powers and Segalla (2015) compared 439 students enrolled in 19 moderately sized
college algebra courses at a large publiversity in the United Stateg/eBWorK was used by
12 sections and the remaining seven sections had-paped homework. Four of the 15

instructors were Graduate Teaching Assistants and they lacked teaching experience. The



Effective Online-PREP Implementation 16

majority of instructors (14wt of 15) made homework count forl% % of the overall grade.
Student achievement was measured by-ae2h, multiplechoice, papebased examination with
established face and content validity as well as a Cronbach alpha reliability of 0.82. This
examinaion was used as prand postest. Hauk et al. reported that a comparison of mean post
test scores by homework group (wetbpaperbased), controlling for preest score, indicated a
slightly higher gain for the webased group, however the differenceswmat statistically
significant.

College algebra student perceptions of WeBWoHkauk and Segalla (2005) surveyed
11 instructors and 358 students enrolled in 12 moderately sized college algebra courses about
their perceptions of WeBWorK. The sevié@m sudent survey was designed to measure their
comfort with and their views on WeBWorK. It contained six Likert scale questions with five
choices and one open response question that asked the students to comment about WeBWorK.
The instructors were interviewend received a similar survey. The researchers used the
gualitative constartomparative coding methods to analyze data. Students felt that accessing the
Internet was fairly easy and they were pretty comfortable using a computer. They felt that they
studied about the same as they would with pdy@ered homework. It should be noted that
students received instant feedback in terms of correctness and had the ability to contact their
instructor through WeBWorK. There was no mention of additional learnwlg &vailable on
WeBWorK such as lecture videos or stepstep interactive tutorials. Students expressed
concerns about some of the systembés idiosyncr
because it was incorrectly formatted due to difficuliytvh t he i nt elttbok c e . Som

longer to input [an] answer than the time it took to actually solverthe p |I. Eempercent of
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students also mentioned the urge to Oput off
WebWor ko (Hauk40pt al ., 2005, p

The studentsd opinions about the OPREP wer
perspectives of its usefulness as an educational tool. All instructors were of the opinion that the
system saved time because grading was automated. Three instructors Sawsiittle value in
web-based homework and the majority of their students hated WeBWorK, and thought it was
useless or a waste of time. Four instructors saw value in the system but had reservations based
limited feedback (correct or incorrect) provided bgBWWorK. The majority of their students
reflected these sentiments by commenting positively on WeBWorK helpfulness but preferring
the detailed feedback received from their instructor. The remaining four instructors felt that
WeBWorK was a valuable tool driheir students shared their opinion. These students suggested
changes to the system that would improve their interaction.

|l nstructorsoé opinions were also reflected
improvement from the preest to postest. Students whose instructors thought that WeBWorK
was a value tool had larger increases in their learning than those with instructors who were less
favorable. The highest increases were achieved by students of instructors whose opinion fell in
the ueful, but with reservations group. The highest pogoosttest gains occurred when the
instructor recognized what the WeBWorK tool could be used for and provided supplemental
feedback (e.g., comments on mildly Aarutine problems in from a papandpercil homework
assignment) when intervention was deemed nece
support the conjecture that even a narrow use of WeBWorK, as a substitute for handwritten
homework, is at least as effective as traditionally graded @aqepencil homework for student

l earning in college algebrao (p. 229).
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Improvement in mathematics sefficacy and achievement not significantly different.

Brewer (2009) compared 145 students enrolled in a College Algebra course in Salt Lake
Community Cdlege during the fall 2008 semester. There 65 students in thdassul

homework group and 80 in the control group. He did not provide the name of the OPREP but by
his description of it is similar to MyMathLab. There were four sections using the OPRE&EP w
functioned as the treatment group. The five sections that used traditionalgrehuaper

homework (referred to as textbook homework) were the control group. Brewer used a quasi
experimental, posttest design that was intended to determine if cagmitlifference in

mathematical achievement, measured by a departmental final examination, existed between the
groups. The OPREP group generally had higher final examination scores but they were not
significantly different than the penaindpaper homewd group.

Brewer also compared the OPREPOG-sfficacy,f ect on
measured by the Mathematics Sefficacy Scale, using a pretgspsttest design. There was
significant improvement in mathematics sefficacy in the treatn@ and control group when
compared to the beginning of the semester; however, the increase in mathematitis aejfin
the OPREP group was not significantly different than the pamcHpaper homework group.

Brewer suggested that an OPREP may be meneficial to students with inadequate

prerequisite mathematics ability or multiple repeaters. Among other results, the author reported

that more students with low incoming skill levels and more repeating students received a passing
grade when using onknhomework than did their highskilled, firsttime counterparts,

although the differences were not significant
homework is just as effective as textbook homework in helping students learn collega algeb

and in improving stfiflectsdoméphemadics self
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Impact of OPREP on student learning and strategiétodge, Richardson and York
(2009) surveyed 1333 college algebtadents whaised the welbased homework system, iLrn,
focusing on their mtivations and perceptions on learning related to the OPREP. They used the
Motivated Strategies for Learning Questionnaire (MSLQ) (Pintrich, Smith, Garcia, &
McKeachie, 1991), which is based on a general cognitive view of motivation and learning
strategis. The MSLQ framework embraces setfficacy, value and emotional response of
student to the task. Multiple regression and correlation were used to analyze student
perspectives of the factors that influenced their mathematical learning. The depaniddhe
was student soé6 per clapet homework vinald incnease theg matheneatical e b
understanding more than traditional paper/pencil methods. The potential predictors/ independent
variables are expected course grade, previous useQPREP in mathematics, ease of
navigation of the OPREP, frequency with which homework was completed, and demographic
variables. The only significant predictors were expected course grade (grade = B), previous use
of an OPREP, students were motivated to@ebte more homework when using the OPREP, and
the ease of navigating the OPREP. This model accounted for 47% of the variance in the
increased mathematics understanding from using the OPREP. The partial correlation
coefficients showed two major effectofy:that students were motivated to complete more
homework when using the OPREP, and 2) the importance of the ease of navigating the OPREP;
they accounted for 13% and 5% of the variance, respectively.

Hodge et al(2009)usedPeer LearningandHelp Seekingsubscales to assess learning
strategies and th@éontrol of Learning Beliefexpectancy scale, assessing motivation, to compare
student responses. Correlation analysis was used to determine if a relationship existed between

t he st ud e mhess subssate®as wedl asdhkeir motivation to complete more homework
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using webbased homework. THeeer LearningandHelp Seekingubscales had a significant

strong positive correlation of 0.54 as they both measure learning strategies. All threeesubscal
had significant positive correlations with A
webbased homewor ko; however, the correlation
0.23. The highest correlation, 0.23, of the three subscales @@sttkrol of Learning Beliefs
expectancy scale and the lowest wasReer Learningsubscale. Thelelp Seekingubscale had

a correlation of O0.13 with Astudent-bagsedt i vat i
homewor k &c.oncHaudgd , suggdshtieat studestsuwerte sotivated to complete

more homework using the wddased tool than with traditional papera s ed met hods o (
Approximately onethird of the students felt that OPREP increased their mathematical

understanding more than theywuld learn with papebased homwork. According to Hodge

Astudents who felt more moti vat ebdsedsgstemo mpl et
owere also more |ikely to acknowledge the ne
(p. 618).

The majority of the reviewed studies compared control group versus treatment (required
to use artOPREP)group to measure effect of using an OPREP on student achievement or student
beliefs. An apparent gap in the research is the lack of detailed and insti#pioific
implementation strategieand this gap leaves many question unaddresBee .students in the
treatment group were required to do homework online, but it is of interest to know further if
results would differ if the implementation strategy elifd? Were students given an
introductory assignment to teach them how to enter different answer types itoardegate
potential frustration and minimize problems concerning input format errors? Was there a brief

introduction to navigating the systein order to point out resources and promote optimal use?

D
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Were students given weekly deadlines on the homework assignments or were students required
to complete all the assignments before the end of the semester? Did an instructor encourage or
even chek if the students were keeping pace with the hard or soft deadlines? Were students
provided opportunities to request an extension after the deadline? Did the department use the
OPREP for other types of assignments such as OPRERss assignments, OPRIuizzes or
OPREP practice examinations? If so, were these different type of assignments (e.g., OPREP quiz
inside or outside of the classroom) required? Did the department use the OPREP to provide the
students with additional resources such as powet [gmtures? In addition to the immediate
feedback in terms of correctness, did the student have access to additional feedback such as
video lectures, stef-step interactive tutorials and solution keys when applicable? Can the
format, delivery and usef the online homework and testing management system make a
difference?

One-on-one tutoring/ feedback. Benjamin Bloom (1984) discussed the tgigma
problem, in which students in a traditional classroom were outperformed by two standard
deviations whermompared to studentshe received on@n-one tutoring. Shelton (2013)
provides further insight by noting that a student in the 50th percentile would instead be in the
98th percentile and provides further evidence that we have been unable to closebétevgap
the traditional classroom and the individualized instruction that might solve theigma
probl em. More particularly, Shelton notes @AOu
eachchildih i s o p p @.dx Withiadventof affordde OPREP and Internet access, the
guestion becomes can OPREP be leveraged to replicate this individualized instruction so

i nstructors c assigmaproem? Bl oomds t wo
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With individualized instruction, a student receives immediate feedback fram the
instructor and can incorporate that feedback when attempting future questions. In a traditional
class, this on@n-one feedback is hampered because instructors have to be economical with their
time management due to the need to pay attention to all stindents. Zerr (2007) emphasized
the i mportance of the teacherds i mmediate fee
engagement (measured by higher levels of participation when retrying questions) and success
(measured by performance on assessner) . i S u-teddbaakreattanpt seqmegmde of
events is arguably a crucial aspect of gaining a thorough understanding of a given topic.
Unfortunately, this type of studemistructor interaction is not always present outside of class
when studentare working on traditional penegindp a per homewor k assi gnmen
used a mixed method approach to analyze the effects of an OPREP on mathematics achievement
of 27 calculus | students. He found that students who completed a higher peroéthage
online homework assignments achieved higher examination and quiz grades.

Zerr (2007) recognized learning management systems (i.e., Blackboard, Angel, WebCT)
as well as OPREPs could provide #teemptfeedbackreattempt sequence outside the
classroom. Suppose Jane Doe attempts to work through a possible solution for a homework
guestion on OPREP assignment. Once she submits her answer the OPREP provides immediate
feedback in the form of correct or incorrect. If she answers incorrectly, tteasgsovides
learning tools in the form of lecture videos, electronic textbooks anebgtsfep tutorials that
she can use to guide her to a correct solution. If she chooses the lecture video she can fast
forward to relevant portions or rewind when shedwethe instructor to repeat a statement. Jane
can pause the video to apply what she absorbed in the context of her question. When she is

ready she reattempts the homework question and submits her revamped answer on the OPREP.
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This attemptfeedbackreatempt sequence can take many forms, and involve severahlgarn
tools when the student deems it necessary.
constructivism (Davis, Maher, & Noddings, 1990) and social cognitive theory (Schunk, Pintrich,
& Meece, 2008), state that student practice needs to be followed by instructor feedback in order
for students to verify their understandingo
Eventhoughsever@ PREPs coul d attemptfeedbaakteatenpte r r 6 s
sequence, inconsistent resutmong investigators that use the same system still patsiak
and Sequalla (2015) and Hirsch (2003) reported contradicting results when using WeBWorK
(supported by the MAA and the NSF) to measure the effectiveness of online homework
assignments. Eactudy compared a traditional section to a section using WeBWorK; however,
Hirch (2003) reported that students in the WeBWorK section achieved on average, final
examinatiorgrades that were 4% higher than their peers in themeBWorK sections Hauk
(200B) found no statically significant difference. Z€2007)remarked that in both of these
studies, when a student answered a question, they were only told if they were correct or incorrect
making it difficult to adjust behavior because no detailed feédwas provided to students
answering questions incorrectly. In response to this situation, Zerr developed his own system
using Blackboard and provided detailed solutions as a part of the feedback. His results were
statistically significant. Thus, we aled to ask: Does the type of feedback provided by OPREP
have an impact on its effectiveness?
Previous quantitative studies were comparative in nature with a traditional classroom
control group versus a treatment group using an OPREP. As cited abaesuitefrom
various studies were inconsistent and sometimes contradictory; ranging from no statistically

significant results to a possibly positive effect or negative impact on student achievement. The
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AMSOG qualitative sur ve ynts{Kkehod, 2009 iE of Mtarést) leecaase i ¢ D
it did not solicit information about studies measuring the effectiveness of homework software.
For example, questions about the benefits and drawbacks of homework software are answered
sol el y 1 n t beliefsgfor prdspettisecusets)agdsservations (for current users).
Two apparent gaps in the research arise from
OPRERP (in terms of their preferred OPREP functionality), and the lack of information about
effective detailed and institution specific implementation strategies.
Conceptual Framework

Grounded Theory. One promising avenue to understanding the student experiences is a
gualitative method called grounded theory, where the central phenometienstddent
experience igrounded in the data and revealed through triangulation of several data sources.
Grounded theory uses the viewpoints of the participants (in this case, anonymous students) to
develop theory about a process or action. In 19&fematic grounded theory was introduced
by Glaser and Strauss. They introduced the method as a contrast to a priori theoretical
orientations in sociolog\/Gl aser and Strauss fAheld that theor
from the field, especiallyih he acti ons, interactiomMiler& and soc
Salkind, 2002p. 153. St r auss6 systematic approach to gr ot
consists of prescribed categories when coding
constructivist approach to grounded theory because it affords more flexibility during open
coding, axial coding and selective coding phases of analysis. Grounded theory is both a
gualitative approach and a method of data analysis so the implicatioh® \gibunded in the

student s6é experiences.



Effective Online-PREP Implementation 25

Adult Learning Theory. The researcher is using a social constructivism framework with
a philosophical/ theoretical lens of adult learning theory. Mer(2001)states,
The central question of how adults le&as occupied the attention of scholars and
practitioners since the founding of adult education as a professional field of practice in
the 1920s. Some eighty years later, we have no single answer, no one theory or model of
adult learning that explains @lat we know abowdult learners(p. 3)
Il n the 19700s ,0 alhaedrist andhpratitianav bf adult educatios credited
with pioneering andragogy as model and theory. Knowles defined Andragogy as "the art and
science of hgling adults leen" (Fidishun 2000). Knowles suggested the principles of andragogy
in 1984:
Adults need to be involved in the planning and evaluation of their instruction.
Experience (including mistakes) provides the basis for the learning activities. Adults are
mostinterested in learning subjects that have immediate relevance and impact to their job
or personal life. Adult learning is problecentered rather than contesiented
(Kearsley, 2010)
From 1980 through 1990, Knowles provided six assumptionsdsatept, adult learner
experience, readiness to learn, orientation to learning, motivation to learn and the need to know)
about the characteristics of adult learners. The six assumptions were listed"Iretfigos of
the Adut Learner: A Neglected Species
The participants in this study were required to know and demonstrate mastery of the
concepts otlementary algebra to satisfy one educational requiremeneldpmental courses
(e.g., elementary algebraje the gatekeepers to hgher education and slowprogresson thraigh

thesecourses can adversely affed graduation rates. Earning a college degree has immense
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i mplications for an individual 6s empl oyment o
recognize that their education is a vehicle to change their lives. This realization facilitates the
experience of a tangible need to complete their coursewollding their developmental
mathematics requirements. Adult students become ready to learn when "they experience a need
to learn in order to cope more satisfyingly with rii@ tasks or problems" (Knowles, 1980 p 44,
as cited irnFidishun 2000). Giverthat participants need to learn; the lens of andragogyéddcus
on seltdirected learning that was facilitated through the incorporation of an OPREP in their
cl ass. Al n 1 tsdibrrecca deaeds tl emma ann inmgg, désselrsfi bes a
take the initiative, with or without the assistance of others, in diagnosing their learning needs,
formulating learning goals, identify human and material resources for learning, choosing and
implement appropriate learning strategies, and evaluatinglearg out comes o ( Knowl
18).
Summary

Due to the autonomy an instructor exercises in the classroom, the vast spectrum of their
opinions about educational technology, and the continual education that faculty need to
effectively use the technology, more relevant research is necessary. Amagpara the
research arise from not examining the student
students interact with the available features and learning tools as well their impact on student
learning. The existing research focuses on thmmahof OPREP homework assignments but this
is just one of several categories OPREP assignment that impact student achievement on a
summative assessment. Existing research often refers to OPREPs as online homework or web
based homework systems, but tréserely limits the use and thus implementation of these

online homework and testing management system. OPREP quizzes, OPREP practice
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examinations, OPREP-lass assignments may also have an impact student achievement.
Developing OPREP implementatiotnagegies informed by student usage experiences and
student performance on relevant OPREP assignments can improve effectiveness of integrating an
OPREP in a mathematics course.

Building from the existing qualitative and quantitative stuckesiixed metods approach
would give administrators and faculty a firm basis to make better decisions when adopting and
implementing an OPREP. The desired increase in student achievement through use of an

OPREP depends on mat hemat i cegiesi Onl;é¢ educationalr s & 1 mp

technology 1s a tool meant to enhance the stu
tool is Ilimited by how the instructor i mpl eme
interview.

So 10 years after startintige Bill and Melinda Gates Foundat@®mand deciding to put
billions into improving education in Ameridahe knows that access to technology is no
longer the issue. How we use that technology in the classroom, and whom we hire to
teach are. (p. 83)
This stugy seeks to add to the literature by providing a detailed example of an effective
(consistently producing relatively high passing rate) implentiemtaf an OPREP (see
AppendixA) . The researcher hopes that exmloring t
environment will better prepare faculty for developing or refining OPREP implementation

strategies.
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CHAPTER IlI
METHODOLOGY

This chapter describes the study's setting and participants, the types of data collected
and the sources of the data;luding a qualitative online questionnaire and student artifacts.
The nature and purpose of the quantitative data will be presented to provide context for the
generalizability of the studyobs resul tlke. The
given. A description of the OPREP, WebAssign, assignments and how the OPREP is
implemented will be providedThe researcher will expound on the statistical methods used to
analyze the data in order to answer the following research questions:
1. What orine preparation and rigorous enhancement platform (OPREP) features did
students find most useful? Why? How often did they use these features?
2. What OPREP learning tools did students find most useful? Why? How often did they
use these learning tools?
3. Isthe e a statistically significant differer
assignments betweatudents wheass the course astudents whdail the course?
4. Can studentsdé grades on different types o

for studentachievement?

Setting and Participants

This study focuses on adult students enrolled in an urban community college within a
university system. The university enrolls 96,500 students in its community colleges. From 2009
through 2015, on average approxiglgt37.4% of those students were Hispanic, 28.9% Black,
17.6% White, 15.8% Asian/ Pacific Islander and 0.3% Alaska Native / Native American.

Approximately 90% of the students, within the highlighted community college, have at least one
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developmental neeg@ind 85% are financial aid eligible. The student population in this community
college consist of 42.3% male, 57.2% female, 31.9% African American/ Black, 0.2 % Alaska
Native / Native American, 14.9 % Asian/ Pacific Islander, 14.9 % Caucasian / White 8ri 38.
Hispanic. This urban college seeks to improve both its developmental mathematics passing rates
and graduation rate of 47.4% and 15% respectively. The relevance and need to develop strategies
are dire; hence the importance of this study as a directeansvwhe call for innovative

pedagogical techniques to increase both the developmental courses passing rate and thus the
graduation rate.

Qualitative researchquestions:data collection and analysis The first two research
guestions are qualitative mature and utilize data collected through an online questionnaire as
well as artifacts (hand written student comment sh&efom student evaluatiorés and online
student comments) from 2009 through 2015. Through the qualitative analysis of student
expeiences, significant commonalities and difference were isolated.

This study explores the experiences of Developmental Mathematics students in the
researcher 6s EI| e métink @ thg onlihe questionnai® thmugh s e s .
Qualtricsd was emaild to former students and their participation was informed and voluntary.
The questionnaire was specifically about stud
with WebAssign (an OPREP). It included opamded interviewype questions, Likert scale
(frequency and satisfaction) questions, and demographic questions, as well as others.
Descriptive statistics were calculated for the Likert scale questions. The researcher used a
grounded theory approach to analyze data by using the three data mpexinégy(the
guestionnaire, student evaluation and student online comments) to triangulate common themes

and subthemes in the studentsd responses. Th
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(2005) constructivist approach, the investigator used ttzetdadentify the central phenomenon
and generate a grounded theory about effective teaching with an OPREP. The researcher used a
social constructivism framework with a philosophical/ theoretical lens of adult learning theory.

The operended responsedout student learning were rated by three coders including
the researcher. The researcher analyzed the studereonged responses from the
guestionnaire and started open coding. Stud
comments were sl to refine the coding and make more connection in order identify the
emergent themes. Once these initial themes were established, the researcher used a spreadsheet
to categorized each comment in order to quantify the volume of comments under each theme.
Comments were |isted in the rows and emerging
under the appropriate column and adjacent to the relevant comment signaled classification.
Raters could classify comments under multiple categories. While ratinggpenses, coders
discussed the meanings of theme and refined the categories when necessary. Coders were able
to create their own category if they felt a response eakbeme not accounted for in the initial
categories. If a comment expressed a theateencompassed by the existing categories, then a
coder added an additional theme. For example, two coders added a category for convenience

and the researchers revisited all comments looking through this lens.

Cohenés kappa, i n enteet,aveds used to pakeulate értetera ge agr e
agreement, also knownasinterat er r el iability. According to I
is not established, the data and interpretat:.

Cohenos skisepgs the preerred measure because it accounts for the amount of
agreement that can occur by chance. Kappa was proposed by Cohen in 1960 and extended by

A

Fleiss to include multiple ratersC o h e n 6 s0.7k,eap qalaulated according Fleiss ( 2 0 0 3 )
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specificationsThe strength of agreemeistconsidered fair to god@®.411 0.75)according to
Fleissand substantial agreemeft61i 0.80)according td_andis and Koch

Artifacts such as the hand written student comment sBedtsm hand written student
evaluation® as well as online student commehtsom online student evaluations and
www.ratemyprofessor.coinwere anongnous. The OPREP student experiences questionnaire
was also anonymous for students who chose not tadseifify; however, the instrument
provided demographic information from the 129 participants. Tables 1 through 5 show the
ethnicity, age, gender,stent status and employment status of the OPREP student experiences
guestionnaire participants. Hispanic (55) and Black (25) students represent a combined 62% of
the population. Fifteen out of the 129 of the participants (approximately 12%) prefer@d to n

disclose their ethnicity.

Table3.1

Questionnaire: Seldentified ethnic origin
# | Answer Response | %
1 | | Prefer Not to Disclose et 15 12%
2 | Black, Afro-Caribbean, or African American S 25 19%
3 | East Asian or Asian American = 8 6%
4 | Latino or Hispanic American " 55 43%
5 | Middle Eastern or Arab American I 2 2%
6 | Native American or Alaskan Native 0 0%
7 | Non-Hispanic White or Euro-American ] 10 8%
8 | South Asian or Indian American ] 4 3%
9 | Other | 10 8%

Total 129 100%

The majority of the OPREP student experiences questionnaire participants (46%) are

between the ages of 20 and 25.


http://www.ratemyprofessor.com/
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Table3.2

Questionnaire: Student Age range

#  Answer Response %
1 | Under 20 years old | 45 35%
2 | 20-25 years old 59 46%
3 | 25-30 years old 17 13%
4 | 30-35 years old 2 2%
5 | 35-40 years old 6 5%
6 | 40 years or older 0 0%
Total 129 100%

Women represent more than half of the 116 participants that identified their gender.

Table 33

Questionnaire: Participant gender

# | Answer Response %

Male

2 | Female 64 55%
3 | | Prefer Not to Disclose 2 2%
Total 116 100%

Approximately 74% of the participants were enrolled astfaie students by registering

for at least 12 credit hours during the semester they took Elementary Algebra.
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Table34

Questionnaire Studentenrollmentstatus

Response %

Part time student

Full time student

Total

In terms of employmerdtatus, 74% of the participants worked at leastjuat

including home care providers.

Table35

Questionnaire: Participant seffentified employment status

#  Answer Response %

1 | Part time job ————— 52 40%

2 | Full time job — 41 32%

3 | Home Care Provider | 2 2%

4 | Nojob [ 34 26%
Total 129 100%

Quantitative research questions: data collection andralysis. The last two research
guestions are quantitative in nature and utilize tg@Bges cross sectional data (panel data) from a
high OPREP usage instructor, where student scores on different typeR&Passignments are
compared to the change in student azbment. Specifically, delentified data available from
previous WebAssign users are analyzed. To address question-{83t ddétermined the
statistically significant differencesClagsn t he

Assignmentsverage, Homework assignments average, Practice Final examination average,
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Practice Midterm average, Quiz average) between students who passed the course and students

who failed the course. Question (4)somsked

OPREP assignments and student achievement (e.g., score on the Midterm examination, score on

the Final examination, and score on CBT Final examination/exit examination) through
correlation. A correlation matrix was used to identify the highly caedlégreater than 0.4 in
absolute value) variables. Once identified, the investigator used regression to determine what
category of student grades on OPREP assignments could be used as predictors for student
achievement. Multiple regression data analy&is used to determine the most relevant possible
independent variables (studentsd grades on
dependent variables (student achievement measured by their performance on an exit
examination). The purpose @& use the relevant predictors as early indicators on WebAssign
to identify developmental mathematics students who can benefit from intervention. Important
factors such as student demographics were considered when identifying possible patterns in
subses$ of the population.

De-identified OPREP data (grades, time and system activity) from 261 former
Elementary Algebra students from 2012 through 2015 served as the raw material for this
analysis. The Institutional Review Board provided demographia@ saoinomic and other

pertinent data after didentifying the students. Of the 253 students, 74% were eligible for

financial aid as determined by their Pell grant status. For purposes of this discussion, a student

with a Pell grant has a low socio econostatus (LSES) as depicted in Table 6.

ab

OoP
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Table3.6
Student s eligibility for a Pel |l grant
Cumulative Cumulative
Pell Flag Frequency Percent Frequency Percent
No 52 20.55 52 20.55
Unknown 13 514 65 25.69
Yes 188 74.31 253 100.00

Frequency Missing = 8
Cumulative Cumulative

LSES Frequency Percent Frequency Percent
0 52 21.67 52 21.67
1 188  78.33 240 100.00

Frequency Missing = 21

For purposes of possible future generalizability, TaBléshrough3.9 describe the

season, years, time of day and meeting days of the 261 students included in this quantitative

analysis. Students enrolled during the winter semester were excluded from the data set.

Approximately, 54% of the students enrolled during asathester.

Table3.7

Student enrollment by season (n=261)

Cumulative Cumulative

Season Frequency Percent Frequency Percent
Fall 140 53.64 140 53.64
Spring 109 41.76 249 95.40
Summer 12 4.60 261 100.00

Approximately 31% of the students were enrolled in this Elementary Algebra course in

2013.
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Table3.8

Student enroliment by season (n=261)

Cumulative Cumulative

Year Frequency Percent Frequency Percent
2012 74  28.35 74 28.35
2013 80 30.65 154 59.00
2014 73 27.97 227 86.97
2015 34 13.03 261 100.00

The majority (56%) of the faem-facemeetings were in the early afternoon at 12 pm.
Approximately 68% meet faem-face twice a week (for two teaching hours a day); the most

common meeting days were Tuesdays and Thursdays.

Table3.9
Faceto-face meeting data (n=261)
Cumulative Cumulative
Actual Time Frequency Percent Frequency Percent
10:00:00.000 57 21.84 57 21.84
12:00:00.000 145 55.56 202 77.39
14:00:00.000 59 22.61 261 100.00
Cumulative Cumulative
Class Time Frequency Percent Frequency Percent
Afternoon 204 78.16 204 78.16
Morning 57 21.84 261 100.00
Cumulative Cumulative
Day(s) Frequency Percent Frequency Percent
M 13 4.98 13 4.98
MTh 19 7.28 32 12.26
TU 20 7.66 52 19.92
TUTH 171 65.52 223 85.44
TUWE 12 4.60 235 90.04
w 26 9.96 261 100.00
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Tables3.10 throwgh 3.14 show the ethnicity, gender, age, class standing and student
status of the OPREP student experiences questionnaire participants. Hispanic (111) and Black
(89) students represent a combined 79% of the population. Thirteen out of the 253

(approximaely 5%) of the students whose ethnicity was specified were listed as unknown.

Table3.10

Student ethnic origin (n=253)

Cumulative Cumulative

Ethnicity Imputed Group 1 Frequency Percent Frequency Percent
Asian or Pacific Islander 23 9.09 23 9.09
Black 89 35.18 112 44 27
Hispanic 111 43.87 223 88.14
Unknown 13 5.14 236 93.28
White 17 6.72 253 100.00

Frequency Missing = 8

Women represent more than half of the 253 participants that identified their gender. Of

the 261 students, 8 students have rexsgd gender on file.

Table3.11

Student gender (n=253)

Cumulative Cumulative

Gender Frequency Percent Frequency Percent
Men 103  40.71 103 40.71
Women 150 59.29 253 100.00

Frequency Missing = 8

The majority of the OPREP student experiences questionnaire participants (61%) are

between the ages of 18 and 21.
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Table3.12
Distribution of student age (n=253)

Cumulative Cumulative

Age Frequency Percent Frequency Percent
18 35 13.83 35 13.83
19 41 16.21 76 30.04
20 47 18.58 123 48.62
21 32 12.65 155 61.26
22 19 7.51 174 68.77
23 18 7.11 192 75.89
24 14 553 206 81.42
25 10 3.95 216 85.38
26 7 2.77 223 88.14
27 7 2.77 230 90.91
28 4 1.58 234 92.49
29 1 0.40 235 92.89
30 3 1.19 238 94.07
31 4 1.58 242 95.65
32 1 0.40 243 96.05
33 3 1.19 246 97.23
34 1 0.40 247 97.63
35 1 0.40 248 98.02
37 2 0.79 250 98.81
38 1 0.40 251 99.21
42 1 0.40 252 99.60
51 1 0.40 253 100.00

Frequency Missing = 8

Approximately 76% of the students who were enrolled in this course were considered

freshman according to the credits completed before the start of the semester.
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Table3.13

Student class standing (n=253)

Cumulative Cumulative

Class Standing Frequency Percent Frequency Percent
FRESHMAN 193 76.28 193 76.28
SOPHOMORE 60 23.72 253 100.00

Frequency Missing = 8

Approximately 71% of the participants were enrolled astfale students by registering

for at least 12 credit hours during the semester they took Elementary Algebra.

Table3.14

Student enrollment status (n=126)

Cumulative Cumulative

Full Part Type Desc Frequency Percent Frequency Percent
FULL-TIME 89 70.63 89 70.63
PART-TIME 37 29.37 126 100.00

Frequency Missing = 135

Criteria for Passing the Course

Students were placed into Elementary Algebra if they scored less than 40 on the
American College Testing Programdés (ACT) Al gge
The distribution othe ACT Algebra Compass entrance examination scisrdspicted in Table
3.15. The mean and standard deviation on the ACT Algebra Compass of the students was 22 and

6 respectively.
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Table3.15

Distribution of the students on the compubased ACT Algebra Compass entrance

examination scores

15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38

26
30
25
20
13
12

8
12
10

7

o

O =22 NN WOo NN

3

10.92
12.61
10.50
8.40
5.46
5.04
3.36
5.04
4.20
2.94
3.78
2.94
2.94
5.04
252
2.52
1.26
210
2.94
0.84
0.42
0.42
2.52
1.26

Cumulative Cumulative
AlgCompassEntrance Frequency Percent Frequency

26

56

81
101
114
126
134
146
156
163
172
179
186
198
204
210
213
218
225
227
228
229
235
238

Frequency Missing = 23

Percent
10.92
23.53
34.03
42.44
47.90
52.94
56.30
61.34
65.55
68.49
72.27
75.21
78.15
83.19
85.71
88.24
89.50
91.60
94 .54
95.38
95.80
96.22
98.74

100.00

In order to pass this Elementary Algebra course, students must pass a comprehensive

ComputetBased Test

(CBT)

final

examination

department as an exit examination. The comprehensive CBT exit examinationf(8%%6

admini
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student 6s final gr ade) c o whocesquestiors (with2 5 equal |y
distractors) worth four points each. Students without special accommodations have 100 minutes
to attempt to achieve a 60% (15/25) or higher in order to pagx#mination. A university
wide committee of staff and faculty members, including mathematics subject matter experts,
created the CBT exit examination. In addition to the CBT exit examination, the Mathematics
Department also requires each instructaarmElementary Algebra section to administer a paper
delivered departmental final examination before the CBT exit examination. This paper
delivered test (PDT) consists of 10 multialeoice questions and 12 shariswer questions.
The comprehensive depa ment al final examination, created
Mat hematics committee, is graded by the sectdi
final grade. It is important to note that the aforementioned departmental final examisaiodn
the CBT final examinationOnly the CBT final examination functions as an exit examination;
its delivery, grading, administration and weight, in terms of the cumulative average, differ from
the PDT departmental final examination.
Of the 261 stdents who completed the cour86,% (208/ 261) passed akd %
(53/261) of tle students failed the cours&he highest score was 100 and the lowest score was
20. The distribution of CBT final examinatiscores is depicted in Tat8el6. The mean and
standard deviation on the CBT Final examination was 74 and 19 respecfiNeymode was 92

and approximately 50% of the scores were between 60 and 88.
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Table3.16
Distribution of the CBT Final examination scores

Cumulative Cumulative

CBT Final Exam Frequency Percent Frequency Percent

20 2 0.77 2 0.77

24 1 0.38 3 1.15

28 1 0.38 4 1.53

32 3 1.15 7 2.68

36 7 2.68 14 5.36

40 6 2.30 20 7.66

L4 3 1.15 23 8.81

48 7 2.68 30 11.49

52 11 4.21 41 15.71

56 12 4.60 53 20.31

60 15 5.75 68 26.05

64 22 8.43 90 34.48

68 11 4.21 101 38.70

72 16 6.13 117 4483

76 18 6.90 135 51.72

80 22 8.43 157 60.15

84 21 8.05 178 68.20

88 21 8.05 199 76.25

92 29  11.11 228 87.36

96 21 8.05 249 95.40

100 12 4.60 261 100.00
Cumulative Cumulative
CBT Exit Exam Status Frequency Percent Frequency Percent
Fail 53 20.31 53 20.31
Pass 208 79.69 261 100.00

OPREP/WebAssign Assignments
WebAssign is an OPREP developed by Aaron Titus (North Carolina State University)
and Larry Martin (North Park University); it has been commercially available since January

1998. It streamlines the grading process by grading the assignments for instndtor
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providing students with instant feedback (correct or incorrect) on their answer submissions as

depicted in Figur&.1.

Figure3.1

Example of OPREP/WebAssign instant feedb@ckrectness)

Current Score : 1/ 11 Due : Wednesday, February 23, 2011 10:10 AM EST Select

Ask Your Teacher  Extension Requests‘ Lg] Print Assignment

Question 1 2 3 4 5 6 7 8 9 10 M Total
Points 1 01 01 O1 01 01 01 01 01 01 0/1 111 (9.1%)

Assignment Submission

For this assignment, once the total number of submissions for a question reaches the number of allowed submissions, you can no longer subn
answers. The number of submissions remaining changes only if you submit a new or changed answer.

1. + 1/1 points  2/10 submissions : Notes Question: Mel

Solve the following equation.
10(y+2)=9(y+1)=20

y=9 "4

Need Help? Read It Watch It Master It Chat About It

Students have access to the relevant sectiotievfelectronic textbook {book) immediately
and they are afforded a 14 to-8ay grace period before they are required to purchase access.
The ebook used was Elementary Algebfae@lition by Patrick McKeague. FiguBe depicts
some of the learningpols resources (i.e., Read It, Watch It, Practice It, Master It, and Practice

Another Version) that students can access within most assignments.

Figure3.2

OPREP/WebAssign learning tools

Neod el ReadIt ||| Watchit ||| Masterit | || Talk to a Tutor |

Submit Answer Save Progress Practice Another Version
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All questions on OPREP Homework assignments ar@lidss asgnments offer some
combination of learning tools.

The OPREP Homework assignments anflass assignments share the following
characteristics. Each student is typically allowetJ7/submissions per question. One exception
is multiple-choice questionsFor example, given a multiple choice question with five answer
choices students receive a 20% deduction on each submission after the first, to deter guessing
and gaming the system. Recall that each student has the same type of question with a similar
level of difficulty; however, the order of the problems and numbers in each problem are
different. The numbers are algorithmically generated. Students submit one question at a time
and receive immediate feedback (e.g., correct or incorrect). After thdatkiand time, the
system locks the assignment and a student can only continue working by requesting an
extension. Students can accept an automatic extension with a 20% penalty on points earned after
the due date or they can wait for their instructorremgga manual extension. The@tass
assignments contain ) questions based on the current lecture and are usually designed to be
completed before the end of class. Homework assignments cottaigugestions based on the
previous lecture and are dgsed to be completed by the first 15 to 20 minutes of the next class
meeting.

OPREP quizzes, practice examinations and simulated examination assignments usually
remove access to all learning tools. An OPREP Quiz consistd @tiestions and covers
topics from the previous lecture. Once again, each student has the same type of questions with a
similar level of difficulty; however, the order of the problems and algorithmically generated

numbers in each problem are different. Most quizzes are desigbedbmpleted within 10 to
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30 minutes of class. The majority of the quizzes require students to submit the entire assignment
(rather than one question at a time) before WebAssign provides any feedback. After the due date
and time, the system locks thesgsmment and students cannot request extensions. Some OPREP
quizzes are given at the beginning of class and can provide students more incentive to be
punctual.

OPREP practice examinations (i.e., Practice Midterm, Practice Final Exam) usually
consist 0f20-27 questions covering all relevant topics. Students must submit the entire
assignment (rather than one question at a time) before WebAssign provides any feedback. After
submitting the entire assignment, the students can see their grades and cosnpansviers to
the correct answers. If a student is unsatisfied with his/her score, then the practice examination
can be redone through a O0new randomizationd;
student has the same type of questions wiiimdas level of difficulty; however, the order of the
problems and the algorithmically generated numbers in each problem are different. Every
attempt of the assignment has the same type of question with different values every time. In
addition to beinglgorithmically generated, many questions draw from separate pools of items.

There are at least two versions of each practice examination. The Practice Midterm
without help has no learning tools and the entire assignment must be submitted. The Practice
Midterm with help has learning tools and may allow submission by question or by assignment.
For the practice examinations with help that allow submission by question, students can request a
new randomization at the question level instead of the assigievel. From time to time, the
practice examination is used as a simulated examination. Access to the learning tools is
eliminated and no notes or additional help is allowed. Students take the practice examination in

a proctored testing environmeartd may review their performance immediately after submitting
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the entire assignment. Simulated examinations are intended to give students a realistic picture of

their current knowledge and what they need to work on.

OPREP/WebAssign Implementation

Onthe first day of class, the instructor requires that all students sign up for WebAssign,
explore the system and start an assignment. This sets a standard about the role and importance of
WebAssign for a student 0enthauaesseodhernternat becaduse cour
either the class meets in a computer laboratory or the student is using®ehed!laptops/
netbooks. Some students may use other devices such as a tablet or personal laptop. On a typical
day the first 1530 minutes is degnated for homework review. For example, if class starts at 10
am then the homework assignment is generally due between 10:15 and 10:30 am. After this time
the system locks the assignment and a student can only continue working by requesting an
extension Students walk into class and immediately sign onto WebAssign. They work with
their peers to complete their homework assignments and ask the instructor questions. The
instructor encourages the students to work together in learning communities asattes ts
not concerned about cheating on homework eclass assignments because of the design of the
assignments. The student to share ideas and possible solutions. All students have the same types
of problems with a similar level of difficulty; howex, the numbers in each problem are
algorithmically generated and the order of the problems differs.

The transparency of WebAssign allows the 1in

performance on multiple levels. For each assignment the instract@ee the number of
students responding to each questions and the percentage answering correctly via the grade
response summary as depicted FiguB Bhis transparency allows an instructor to see exactly

what problem the class is struggling with by fsitlg on the questions with the lowest number of
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responses and/or highest percentage of incorrect answers. In the example illustrated in Figure
3.3 if a class contained 26 students who normally respond and only 13 submitted an answer then

that may mean #t half the class did not attempt the question or struggled with the problem.

Figure 33

Sample WebAssign grade response summary
Grades Response Summary

Solve the following equation by applying the squaring property of equality. Be sure to check all
(Enter solutions from smallest to largest. If there are any unused answer boxes, enter NONE in

7 76.9% | 10
X 23.1% 3

Number responding: 13

X = _ NONE
none:
2.7% 8
NONE: )
27.3%

Number responding: 11

In addition to the transparency that the system offers on each assignment, WebAssign
also provides transparency on the individual level (for each student) and category level (for each
set of assignments) as depicted in Fig®.dghrough3.6. Figure3.4 displays a snapshot of
WebAssign score screen, which allows the instructor to sort students based on the score on a
specific assignment or sort them by their performance on a particular question within that

assignment. This quickly allows the instructoidentify those students in need of intervention.
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From the score screen, an instructor access individual student responses on a specific assignment

including all answers the student submitted per question juxtaposed with the correct answers.

Figure3.4

Sample WebAssign scores view / student assignment responses

Scores

Chp 1 In Class 1 (1162255) — View" | Edit | Schedule

Show Analysis
Grant Extensions/Submissions | Rescore” | Downloads™ | Summary | Email Selected
Question # 1 2 3 4
QiD Total 714901" 714883 714781" 714791"
Points™ 9 1 1 1 1
Name Total ¥ 714901 714883 714781 714791
Current Students | Dropped | All
Current Students (22)
ND
NS ¥
3 1 0 0 0
4 0 0 0 1
5 0 0 0 1
6 1 0 0 1
7 1 ] 0 1
8 1 1 1 1
8 1 1 1 1
8 1 1 0 1
9 1 1 1 1
+ 6i5 paints | Previous Answers sntercept b ) E(i v Bl Dl )
Find the x- and y-intercepts for the following equation. yintercept  (x,) = ( @ v E' , x )
x-2y=3
. | se the intercepts to graph this equation.
rintercept (x,y)=[‘/ ,@/ Dl ) Use the intercepts to graph this equati ‘
) Tools - | Actions |
yntercept () =( [0l [0 [BE ) :
Use the intercepts to graph this equation.
= . [acion: ] 1
. : _
,/’/” r’/’ :
’/’ ,r’
— T T Pl
. o
A
~ ', e
~ -
7 4 Show Key M
el N )
s
. L WiebAssign graphing tool |
Shaw Ke V] [ Submission Data
R
WWebAssign. graphing toal Tine: (3,00,(0,3/2)
[ submission Data
s
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On the individual level an instructor can also view the students work if he made it
mandatory for the student to submit their work. This Show My Work feaasrdepicted in

Figure3.5, addresses the concern instructors expressed in the AMS homework software (2009)

survey about students not showing their work.

Figure3.5

Sample OPREP/ WebAssign show my work feature

- . )
To solve the equation 2 = 14b, | --Select-- ¥ each side of the equation b A ractangular b has » helght of 5 cm, & volume of 60 cor’, an

Calculate the following measurements:

Show My Work (required) & length: 4cm v width: 3em v surface are;
Demonstrate the steps you went through to find the answer. your unit for spelling, type or dimension.
o 0°0.0: Vi¥0 oo 7 0°fol (D) Edt 7
bawnos DSh tfou ZV @O0 6 A9 7 Bhow My Mok (i ©
| Functions +|| Symbois +|| Operators v|| Calculus v|| Vectors 4[| Greek What steps or reasoning did you use? Your work may add bonus p
Notation Operators BIUSTT Av@R-E=a M-
. @06 X »
Step One: Create a fraction with a over b: |

60=5+w+1)suw

3 5
R=w+1)sw

Since the width cannot be negative, w =3 and | = 4.

Submit Answer  Save Answer [

| calculated the surface area by adding the surface of each side:
(1 w)+ (1 W)+ (1*h)+(1* h) + (w* ) + [

o

For a Saturday matinee, adult tickets cost $5.00 and kids unde

,/ adults
¢ hds

Need Holp? | Resdi | | Practicent | |Chat About )]

Show My Work fequires @
What sleps or reasoning od you use? Your work counts towards your

A K Total
* A K a2
Value 5004 450K 20250
AsK=42 5.00(A+K=42) -5.00
5.00A+4 50K=20250 5,004+4 50K=202.50 .

K=15
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performance and provides instructor with descriptive statistics of each category of assignments.

The gradebook allows the instructor to sort students based on their overaleaweasgignment

category average. An instructor can view descriptive statistics for any subsets of students

selected and recognize patterns in their performance. For example, isolating the subset of

students whare currently failing can allow instructor to identify the most critical assignment

category and develop a plan for intervention. From the gradebook screen, an instructor can

select a student and access a s uudimgatoyof o f
time spent and activities on each assignment.
Figure3.6
Sample WebAssign gradebook
GradeBook Page Tools
_ = ;‘,a:%i‘j ‘\ '
Update Settings  Wizard Averages Last Updated: Dec 30, 2009 06:26 PM EST
Assignment Category [# in Category / M = Manual] Grade Final Homework [8] Test[1] In Class (6] Compass[M] Final Exam [M] Midterm [M]
Weight Toward Final Grade [# dropped] 100 15[2) 5 25 15 2% 15
Class Average (mean) less 83.30 85.33 7432 84.04 9048 8207 7791
median 81.76 2 %% 9444 100 81 7780
standard deviation 11.76 178 2893 1891 2935 139 14.46
min/max 47.90/96.58  4364/100 769100 41.30/100 0100  70.50195.40 47/98
W' WG N R R R RW R
Name Grade Final Homework Test InClass  Compass  FinalExam  Midterm
Dropped | Current Students | Al
Current Students (21
A 96.58 100 100 100 100 89 95.50
A 93.78 100 100 100 100 80.80 90.50
A 93.62 86.60 100 9722 100 86.50 %8
A 93.25 97.56 9348 90.94 100 95.40 8240
A 92.65 a7 9565 83.33 100 93.50 93.30
A 92.02 91.89 100 100 100 86.50 1740
A- 91.57 9459 652 90.35 100 9 91.90
A- 9123 100 66.74 100 100 80.40 85.30
A- 90.41 97.98 100 9524 100 82 76
B+ 88.23 91.36 769 95.45 100 86.50 9
B+ 87.76 89.19 56.52 96.89 100 86.50 [£]
B 86.94 100 91.30 %.97 100 I 5§5.90
B 85.28 2 8% 924 100 17.50 53

t hat
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The instructouses theeattime analytics oan OPREP (Figure3.1, 3.2 and3.4) to improve
student achievement in developmental mathematitailoying pedagogye.g., lecture, class
discussion, group work, one to one tutoring) to the needs of each class and each student based on
reaktime performance on inlass assignments.

Effectively employing the grade response summary and the other észistibd in
Figures3.3 through3.6 can allow the instructor to transform the classroom. After the homework
review, the instructor starts lecturing. To f
utilizes computer laboratory management softwarg.( Vision or Insight) to shut off the
monitor. Throughout the lecture topics are introduced and discussed by the class in a traditional
fashion. Instead of reviewing multiple examples on the board the instructor chooses a few
problems with the approte level of scaffolding for the students to attempt and discuss as a
class. During the lecture after discussing an example, the students are directed to find a similar
example on the kelass assignment on WebAssign. As we have seen,-thesim assigment is
designed to be integrated into the lecture. The instructor can use tools in the score screen to
determine the redlme progress of each individual student and the grade response summary for
progress and pace of the entire class. This allowsmsheictor to intervene at individual level
(with one to one tutoring) or on a class level by blocking screen and discussing difficult question
on the board.

The students can be constantly engaged and gain a sense of satisfaction when correctly
answeringguestions and completing assignments. In order for a student to move to the next
assignment before the designated time, that student may need to complete a prerequisite with a

score of at least 75%. An advance student moves at his or her own pacedsyracfuture
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assignments early because that student adequately completed the prerequisite assignments well
before their peers and sometimes before the relevant lecture through the use of learning tools and
other resources. The advantage of allowing sitgdi® start future assignments is that it can help

the instructor keep students engaged. The advance students read the textbook before the next
lecture and use the learning tools to solve problems that the class has yet to cover, potentially
increasing lhe quality of their class participation. In this environment, where group work is
encouraged, the advance students naturally become tutors to their peers and function as
bellwether students.

The instructor provides feedback to students when requediedb As si gnds | earn
tools link the students to the relevant section of their textbook, grants access to pertinent video
lectures and provides stéy-step tutorials for student utilization. This, along with a group work
environment, affords the instructmore time to provide more attention where needed and one
to-one tutoring to those who are struggling. The instructor need not wait until struggling students
ask questions; he identifies those that are moving at a significantly slower pace than their
clasmates and initiates the attenfpédbackr e at t e mpt conver sati on. A H
fear of being embarrassed prevented a student from asking the teacher to explain a concept for
the second, let alone the third or fourth time? These issues ar€fre&.y | mpact | ear ni
(Shelton, 2013, p. 4). Through this etweone tutoring the struggling students move closer to
the classes pace and eventually initiate the attéeaotbackreattempt conversation like their
peers. The transparency of the OPRE®allthe instructor to reach previously unreachable

students.
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CHAPTER IV
RESULTS

This chapter addresses the four research quedtiotiss gudy. The context of the
guestions is briefly summarized, the questions are restated, followed regtittsand

interpretations completed from thealysis.

Research Question 1: Online Preparation and Rigorous Enhancement Platform Features
1. What OPREP features did students find most useful? Why? How often did they use these

features?

The questionnaire ked 129 former students questions about the frequency and
usefulness of specific features (Grades, Personal Study Plan, Assignment Extensions,
Announcements, Calendar, Resources, Notifications) available on WebAssign. WebAssign
features are defined as fttionalities that exist within the OPREP but exist @lg<OPREP
assignments. Table 4shows the frequency with which students used the features of
WebAssign. A frequency score of locZasnonalidg
and gqiuferng | y o. The WebAssign features most fre
grades on WebAssign and receiving email notifications about assignments. Of the 129 students,
approximately 81% used email notifications and other communication tools frgcaiedt
approximately 84% ewed their grades frequently.

On the other end of the spectrum, only 42% reported using the personal study plan
feature and approximately 47% used assignment extensions. The students were instructed to set
up email notification preferences but they were not required to use anyedhaef The

students were introduced to these functionalities at the beginning of the course and used them at
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their discretion. Student use of and performance on the personal study plan was not factored into

their grades.

Table4.1

Student usage &WVebAssign highlighted features

Standard
Deviation
View your Grades on WA 1.55% 2 13.95% 18 84.50% | 109 129 2.83 0.42
Used the Personal Study
Plan

Request Assignment
Extensions in WA

Read Announcements o
WA /Used links in 3.10% 4 26.36% 34 7054% | 91 129 2.67 0.53
Announcements
Viewed the Calendar for
Assignment due dates | 8.53% 11 18.60% 24 7287% | 94 129 2.64 0.63
and times in WA

Used Resources that yo
instructors posted inthe| 2.33% 3 24.03%| 31 73.64% | 95 129 2.36 0.66
Resource section
Received emalil
Notifications about
Assignments & other
Communications

OPREP Feature Not at All (1) Occasionally (2) Frequently (3) Total | Mean

20.93% 27 37.21% | 48 41.86% | 54 129 221 0.77

10.08% 13 4341%| 56 46.51%| 60 129 2.78 0.49

3.10% 4 16.28% 21 80.62% | 104 129 221 0.77

Examining thestudent comment sheets ad u d e n {ersléd ams\wees mbout the
rationale behind their usage of these feat(@sades, Personal Study Plan, Assignment
Extensions, Announcements, Calendar, Resourcasfjddtions)allowed the researcher to
critically analyze tkb emergent themes. Figure didpicts a word cloud generated by the text
students used to explainthe OPREP features were usefllhe words that appear with higher
frequency iapenéntded responeed aarmore prominent in the word clohe.
majority of the respondents appear to belihat the features were usetie prominent words

weregrades, trackjme andextensios.Anal y z i n g s pelceptioastolttt éeatures
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usefulness and t he s ttowddernhe coftexteveabdthe entergemtn ¢ 0 mme
themes. According to the respondents, the most important featurée wae st udent sd abi

immediately view their overall grades at any instance during thestem

Figure4.1

Word Cloud:Text students used to explain if the WebAssign features were useful

Student viewing their grades functioned as a constant progress report. One student stated,
The ones that | found useful to me were the gragisem and the extension system.
Being able to check your grades at any time is extremely helpful andcetismies be a
good wakeup call(Student 1, Questionnaire, January 23, 2016)

The theme of students tracking their grades also emerged in the stooernt sheets, as

shown in Figure 4.2
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Figure 4.2

Student evaluation artifact: comment sheet

Based on the questions that you have Just onswered, please provide more detolls. Your feedback will help the instructor improve this course

COMMENTS: leuxnind he COwnL S& X 24 e O onnudtr
=) |
Maaqge \T __2ali1&4 foc e 4 Ve 20 ATdcl Ok o1y
-
(151 &,‘ Menis AN A £ %xpLd\" So he <coalungdy A
£0¢ ) Ml e Mdae 1 £ oy QL ¢ 0
QOAPLET A NA (N Slvgaadle 1O ) O ".'\ Ly ’ .
- \ (-n}‘ 2 ~

The following student quotation is representative of most of the questionnaire
respondents.

Great featuresGrades keeps me motivated armavare of my current progredsxcellent.

Extensions relieves stress Announcemenigeat way to get live info from prof

[professor]. The others | used only occasibnd5tudent 2, Questionnaire, January 23,

2016)
Though time extensions on assignneentwer e not wused freqfaueacht |y (or
the extensions were essential because they offered the students a chance to improve their grades
when necessary. Extensions functioned as an outlet for students to reduce their stress concerning
their grade on a particular assignment and its effects on their overall grades in the course.
Tracking their progress in terms of their overall grade at any time was the essential optional
feature (excluding the notification that stateewere instructed to sep). Even students who
preferred the traditional papbra s ed homewor k assignments saw th

immediate feedback on assignments and the ability to track gr@tesstudent stated,
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Very convenient and reliable. Instant feedback grradles were extremely useful. | would

rather complete math problems with a paper and pen but the features that came with

WebAssign such as feedback and checking your current grades far outweigh that

(Student 3, Qestionnaire, January 23, 2016)

Tracking gades and using the learning tools to increase their knowledge impacted adult
student s motivation to | earn. Comments fro
their initial concerns duelwhsanadeathelc@egmtot i cs anx
making me take the course to gradudte. was just so nervous and fel
ma h so | decided not to show up the fiMasth day
has always baemy weakest subject. definitely have math anxiety because | never really
|l earned it when | was younger (Straasg20tbpopwl).mat h i s
Their initial low mathematics seéfficacy changed over the semester through constant progress
reports and learning toolvailable through WebAssign.

0l f you get a probl enme xwacotnlgy twhey syyosiaregno ts hiot

sai d. 61l 6m | i ke o0kayanbesurelréallykniderstabdforew t o f

Imove on to t hitevasreallyeasppm d bd termai ght f or war d, 6

got stuck | would just watch one of the vi

wasnodét tedious or repetitive., Once | saw

going and t qStrang,eqippll@)ar ni ng

(@)

Seeing that their effort lead to a correct answer, a completed assignment or increase in overall
grade resulted in a sense of accomplishment, impacted thedsse¢fm and encouraged
productive persistence to successfully complete the course Fi di s h u nActfiviiteB 0 0) st a

that bui | d -ssteengresensesoBacceneplisfiment through, for example, the



Effective Online-PREP Implementation 58

completon of goals or modules that che checked off in a sequence, may help motivate

completion of a longerlesson ( p. 4)

Research Question 2: OPREP Learning Tools

2. What OPREP learning tools did students find most useful? Why? How often did they use
these learning tools?

The questionnaire asked students about the frequency and usefulness of specific OPREP
learning tools (Realt, Watch It, Practice It, Master It, Practice Another Version) available on
WebAssign. Learning tools are defined as functionalities existing within OPREP assignments;
they differ from OPREP features because OPREP features exist outside OPREP assignment
Table 4.2llustrates the frequency with which students use each highlighted OPREP learning
tools. A frequencycore of 1, 2 and 3 represefitm ot at al | o, Afocc,asionall
respectively

The WebAssign learning tools used most fredlyesy the students were watching video
lectures, using Practice Another Version and Practice It (step by step interactive tutorials). Of
the 129 students, approximately 64%gfiently used the Watch 86% usedPractice Another
Versionfrequently and gproximaely 67% used Practice fiequently. While explaining the
usefulness of the immediate feedback of the learning tools, one student referred to working
out side the classroom. Al f you were by yours
different ways to |l earn how to |l ook at the probler

Questionnaire, January 23, 2016).
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Table 42
Student usage of WebAssign learning tools
OPREP Feature Not at All (1) Occasionally (2) Frequently (3) Total Mean SNl
y q y Deviation
awSFR Liécx
7.75% 10 51.16% 66 41.09% 53 129 2.33 0.62
YouBook
r 2 B SR g
G2 FUOK LUE | gon | g | 2046%| 38 | 6434%| 83 129 | 258 | 061
Lectures
ot N‘]'. O 2 QS L 4.65% 6 27.91% 36 67.44% 87 129 2.63 0.57
Interactive Tutorials
Gal &GSNJ Li¢
Concept Mastery 6.20% 8 34.11% 44 59.69% 77 129 2.53 0.61
Tutorials
Gt N} OGAOS
N 4.65% 29.46% .89% . .
+SNEA2YE 65% 6 9.46% 38 65.89% 85 129 2.61 0.58

On the other end of the spectrum, only 41% reported using the Read Ittbutéawl the
electronic version of the textbook. It is important to recognize that students do not automatically
turn to the textbook for help to answer questions; however, it must be noted that Read It was the
least used learning tool. The students warerequired to use any learning tool. They were
introduced to the learning tools at the beginning of the course and stuskedithem at their
discretion. The students naturally developed tendencies for their preferred learning tools based
on their leaning styles. Sudents recommended specific tools to their peers.
When asked if WebAssign worked well with their learning style, 86% of students
responded affirmatively, 4% responded negatively and the remaining 10% provided responses
that were neutradr not applicable to the question. Of the sewdoty students whoesponded
to this questionthree said that it did not work well with their learning sty unfortunately
only one elaboratedOne studentlsared 7 No . Il am not 0gqoSd uwdietnt bn |
Questionnaire, January 23, 2016) . Anot her s

present in a class is better for meo (Student
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with a neutral r es poand ®. Yey, if| hadedal metivatidn hogass aadh ¢ e .
no if I get lazy and quito (Student 7, Quest:i
context is intrinsic because the ramifications of failing (time, finances and opportunities) and

having to repeathis prerequisite course can be considered external motivators for all students.
Additional extrinsic motivation can come from the instruct@ne student statefl,] | ear ned
more because the software was very easy to use and most importantly my teschenw
spectacular and motivatingo ( StAonaherstuder8, Quest
shared,

WebAssign works well with my learning style because there are multiple resources the

website offers for me to learn from ("read it", "practice’'ttwat ch it o0 et c. ) at

website showing the work on how to solve a problem step by step, helped me visualize

my mistakes and learn from them. (Student 9, Questionnaire, January 23, 2016)

Multiple learning tools are referred to explicitly and implicitlydyn e st udent : Al t
well for my learning style because it gives a lot of options for studying like videos, tutorials, and
practice testso (Student 10, Questionnaire, J

Approximately 12% of students seadfentified as visual learnes mentioned a lecture
video contributing to their |l earning. One st
|l i ke seeing my grades and attendanceo (Studen
respondent mentioned grades deriving frbmdradebook, which is defined as an OPREP
feature because it exists outside OPREP assignments, rather than as an OPREP learning tool,
defined as a functionality that exist within OPREP assignments. When asked about WebAssign
working with their learningtyle, approximately 12% mentioned the importance of feedback.

AHonest | vy, it really does. Say if you got an
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guestion wrong soOo you know next time n
Questionnaire, January 23, 2016).
Figure43d epicts a word cloud gener a-tendead

61

ot

t he

by

answers used to explain the synergy or lack of synergy that using WebAssign had with the

Sstudentsodo | earni styl es.

ng

Figure4.3

Word Cloud:Text students used to explain if WebAssign woskth their learning styles

NT

““““““

The macro level feedback (e.g., cumulative grade) and micro level feedback about

student performance on each question within an assignment and strategiesatufinds to

those problems were important to the r

weak areas in math and thus | learnedua bl d my mat h sQuestiohnsiie,

esponde

(Student

January 23, 2016). Approximately 15% of the students exféor being able to practice through

the stepby-step tutorials available through the Practice It or Master It learning tools that exist
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within the assignments. Alt does [ work with
resources and practicetogorer in order to fully wunderstand
Questionnaire, January 23, 2016).

When asked whether they learned more or learned less in this class compared to other
mat hemat i cs 6 c | mosuseeNebAssiye 8186 oftstndentspahded with more
(or affirmatively), 5% responded with less (or negatively) and the remaining 14% provided
responses that were neutral or not applicable to the question. Of theteigldtyidents who
responded to this question, only four said that thayned less.Unfortunately, only one student
el aborated. One stated: fiLess because | wasn
computero (Student 15, Questionnaire, January
that was condered not applicable to this specific question, echoed the recurring theme of
feedback. AWebAssign is helpful in terms of Kk
able to receive feedback right awayo (Student

Crediting the instructor was a recurring theme as students explained why they learned

moreorlessOne student stated, Al did |l earn a | ot &
teacher present availabl e t @ Qaestisnware, Jaauary23, n g u i
2016). Anothersaidi Not real |l vy, it was mostly because o
assignmentso (Student 18, Questionnaire, Janu

professor s r ol dhe repossesFigwerdaddegictstthe mastpmre\@lent words

in the studentsd text responses.
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Figure 44

Word Cloud: Text students used to explasomparisons on learning Mathematics with
without WebAssign
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Approximately 25% of the students who compared how much they learned mentioned the

importance of their teacher.

I've learned by far the most in this class with the help of my Professor & WebAssign.

Before this math course | was a failing student obtgieixtremely low scores on my

examinations such as 7% out of 100 and 36%. Now [in] this course, | am getting at the

least an 80 or above on all my examinations. | can definitely say YES | learned more

using WebAssign. (Student 19ué€stionnaire, January 23016)

Some student explanations credited solely

was very caring and helped me | earn way mor e
Questionnaire, January 23, 2016). The following response is froudans who repeated
El ement ary Al gebra at | east twice. AYes, Pr

o

first half of the semester than | did through
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Questionnaire, January 23, 2016). Other sitgl@ho stated they learned more credited the
combination of their instructor and WebAssign.

| think [I] learn more in class and on WebAssign because in WebAssign it gave me

guestions to practice on and in mathematics class my prof. would go overearptbht

we were struggling with(Student 22, Qestionnaire, January 23, 2016)

In addition, one student stated learning more with WebAssigMor e because t he
interaction with the professor and the videos in WebAssign helped me more than a regular
proessor would in a regular c¢classo DPBngardent 23,
interview, astudentshared,

The combination of a very supportive professor and Enhanced WebAssign definitely

helped me. If EWA enabled me to pass math even whswught | was doomed, |

believe anyone can succeed with($trang 2015 p.J)

The desired increase in student achievement in developmental mathematics through use
of an online preparation and rigorous enhancement platform may depend on mathematics
instrct or sé6 i mpl ementation strategies and the st
student stated that WebAssign was fAeasy to us
acrosstwo educaterpr oper i nstructions it24, @uestionmairet el y ne.
January 23, 2016). The commesame from a student whwdrepeated this developmental
cours with different instructors. She emphasipedper instruction because the instructors had
different WebAssin implementation strategiegnother multiple repeater stated,

None of my previous professors used it the way [he] did. He used it in such a way that if

you got a problem wrong, the solution would tell you if you got it wrong so you could go

back and check the anssseand see how yogot it wrong.(Strang 2016, p.3
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When using WebAssign, an instructoros i mpl eme
achievement.
Students wrote about the organization of WebAssign being essential to their learning
process. Al & ef WebAssigh becauseeof hbvectea ansl organized jpwas
said one studeriStudent 25, Questhnaire, January 23, 2016).sAt udent excl ai med,
definitely learned more, | had issues learning with time management before but the materials on
the websitalefinitely helped me and madething much easi er and effectiv
Questionnaire, January 23, 2016).
Several students also credited the OPREP learning tools with helping them learn more
compared to theprevious mathematics classe€some implialy referred to the feedback in
terms of strategies to find solutions provide
because there were different explanations giywv
(Student 27, Questionnairéanuary 23, 2016). Other students explicitly statede&rning tools
they relied on, such asRead It" and "Watch It", etc. made it very easy to get through the
courseo (Student 333 2018u Asother studenastatfidearned] favayu a r
mor e, |l 6m an interactive | earner so WebAssign
Questionnaire, January 23, 2016). Student referred to these learning tools and their own
l earning styles without prsodugptdthetgatch it"videos,laz ar ne
| said before | am a visual kind of person and if | did not understand something | would play the
video over and overo (Student 30, Questionnai
Examini ng t hendedtansdezsrabotidrationpleebehind their learning
tool usage allowed the researcher to idgm@mergent themes. Figure 41Bpicts a word cloud

generated by the text students used to exjfléie learning toolwere useful The words that
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appear with higher frequew in the responses are more prominent in the word cl&vaiently

that the majority of the respondents believe the learning tools were tiseful fipr act i c e o,
described what they thought of the Il earning t
Revisiting the data for the context allowed classification of these categories and the discovery of

the central phenomenon.

Figure4.5

Word Cloud: Text students used to explain if WebAs$ginning toolsvere useful
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The central phenomenon was the studentds a
available for each question on each assignment. The feedback went beyond knowing whether
answers were wrong or right. The students used the learning tools to urdlénstaontext of a
problem, learn the approach to solve a problem or identify their own mistakes when attempting
to solve the probl em. Whil e commenting on th
have only part of a problem incorrect and éitternative versions help you to see the process

from the correct perspectiveo (Student 31, Qu
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wrote, #fAlf | cannot go to class or | forgot w
orremd mysel fo (Student 32, Questionnaire, Janu
WebAssign addr esgsapdobldn by mrawvidirgy orevooe individualized

instruction for each student when needed, especially outside the classroom.

Onamicroleve, students use WebAssi@modes | earning
individuali zed instruction. One student captu
presence of your professor wherever |/ wheneve
23, 2016) . Several students express desire
class offers WebAssign, I feel so comfortable
2016). In general, the students find this immediate feedibatkust useful but essential to their
learning process.The immediate feedback provided through WebAssign in concert with
feedback from the professor was highly valued by thdesits, as depicted in Figure 4.6

comment from one student.

Figure4.6

Student evaluation artifact: a hand written comment sheet
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Research Question 3: Grade Differences in OPREP Assignments

3.1ls there a statistically significant diffe
assignments between students who pass the course and students who fail the course?
In order to pass this Elementary Algebra course, students must pass, as an exit
examinatio, a comprehensive Computieased Test (CBT) final examination administered and
scored by the collegeds testing department .
35% of the studentdos final grade.d muliilee examin
choice questions, with distractors, worth four points each. Students without special
accommodations have 100 minutes to attempt to achieve a 60% (15/25) passing grade. A
Universitywide committee of staff and faculty members, including Matdwgcs subject matter
experts, created the CBT exit examination.
In addition to the CBT exit examination, the Mathematics Department also requires each
instructor of an Elementary Algebra section to administer a pidgimered departmental final
examinaion before the CBT exit examination. This papelivered test (PDT) consists of 10
multiple-choice questions and 12 shariswer questions. The comprehensive departmental
final examination was created by t imgeeahdd par t me
is graded by the section instructor and count
adoption of the CBT final examination, the PDT departmental final was used as the exit
examination It remains as a relic that can be usedwake up call before the CBT final
examination. Only the CBT final examination functions as an exit examination; its delivery,
grading, administration and weight in terms of the cumulative average differs from the PDT,

known as the departmental final exaation.
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Performance on final examination. Table 4.3contains descriptive statistics for all the
categories of assignments associated with this Elementary Algebra course, including the two
CBT examinations (exit and Compass Algebra entrance) and Ppar{dental final and
midterm) that exist outside the OPREP assignmeiiitse departmental midterm examination is
worth 15% of the studentodés final grade, t

exit examinations 35%

Table 43

Descriptive statistics of continuous variables: number of observations, arithmetic mean,

standard deviation, sum, minimum and maximum

Simple Descriptive Statistics
Variable N Mean| Std Dev Sum| Minimum|Maximum
Quiz 261 66.27 30.08 17297 0 111
In Class Assignments Average 261 73.85 26.18 19274 0 100
Homework Average 261 72.82 24.38 19007| 3.67647 101
OPREP Assignments |Midterm Practice 249 54.69 35.56 13617 0 100
Cumulative Quiz 163 60.54 32.50 9868 0 100
Practice Final Exam 125 44.39 32.64 5549 0 100
Practice CBT Final 187 59.66 31.48 11156 0 100
Aggregated time spent 261| 2514.00| 1339.00f 656272 175 8712
. ) Aggregated activities 260 491.63 210.26| 127824 44 1334

OPREP &MAez:rt'i‘f/?t;‘” Time [ ggregated log-in days 261] 3179  11.06] 8297 1 68
Number of log-ins 154 37.11 15.42 5715 1 84
Attendance 261 79.70 16.27 20802 25 104
CBT Final Exam (Exit Exam) 261 73.66 18.58 19224 20 100
Departmental Final Exam 249 69.05 24.41 17194 0 100

Exams (non-OPREP) |Departmental Midterm Exam 249 73.57 22.42 18318 0 100

Algebra Compass Entrance Exam |238 21.92 6.28 5217 15 38
Pre-Algebra Compass Placement |240 38.05 18.79 9131 17 97

Analyses of students who passed and who failed the courgestudent who passes the
CBT Final examination passes thEementary Algebra course. Tables 4044.7compare
students who pagke course to students who fail. Thera isolumn headed CBTxi&
Examination StatusTables4.4 to 4.7have two rows corresponding to students who passed as

described above and tt®who failed by scoring below 60. In order to determine statistically

he
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significant differences between the performances of the two groups of students on their OPREP
assignments, the investigator used a-taited ttest and the data was normally distréxulit (The

t-test is appropriate to use for continuous numerical data from an interval scale instrument such
as the results of an examination. It can determine if the means of continuous numerical
variables are statistically significantly different fromcé other beyond chance at a specified

level of confidence.) The null hypothesis is that performance on the OPREP assignments of

failing students and passing students does not differ by more than what is expected by chance.

Table 44

Two-tailed ttestcomparing the OPREP quiz average (n = 261)
Variable: Quiz

CBT Exit Exam Status N Mean Std Dev Std Err Minimum Maximum

Pass 208 72.8320 25.9156 1.7969 0 111.1
Fail 53 40.5331 31.6934 4.3534 0 98.0556
Diff (1-2) 32.2989 27.1744 4.1813
CBT Exit Exam Status Method Mean 95% CL Mean Std Dev 95% CL Std Dev
Pass 72.8320 69.2894 76.3746 25.9156 23.6415 28.6776
Fail 40.5331 31.7973 49.2689 31.6934 26.6019 39.2134
Diff (1-2) Pooled 32.2989 24.0652 40.5325 27.1744 25.0221 29.7348
Diff (1-2) Satterthwaite 32.2989 22.9073 41.6904
Method Variances DF tValue Pr> |t
Pooled Equal 259 7.72<0001 { {AIYATFA C)ll

Satterthwaite Unequal 70.712 6.86 <.0001

Equality of Variances
Method Num DF Den DF F Value Pr>F
Folded F 52 207 1.50 0.0516

b2 i {AayAT1

aJ

The twotailed ttest in Table 4.4ompares average scores on the OPREP quiz
assignmergt(quizzes administered through WebAssign throughout the semekstadents who
passed versus students who fail€h average, students who passed the course had a higher

OPREP quiz average by 32 @3 % compared to 41 %). hE twotailed ttest in Table 4.4
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shows that the means of the two groups are significanfigrdiit at the 5% confidence level (p

value < 0.0001 < 0.05). The probability of no significant difference between the OPREP quiz
average of the students who passed and those who failed is less than 1 in 10,000 (< .0001). They
are significantly differentvhether the groups have equal variaricpsoled ttest or unequal

varianced Satterthwaite-test.

The folded F statistic shows that the variances are not statistically significantly different
(unequal) at the 5% level{gmlue = 0.0516 > 0.05). KE pooled-test statistic and degrees of
freedom were used to calculate thpointeffect siz
di fference in the average score is 0.96. Thi
standard. An approximatefett size of 1.0 indicates that the OPREP quiz average score of the
passing group, 73 %, is at thé"8gercentile of the mean of the failing group, 41 %. The effect
size correlation,i,i s 0. 43 3. For a Cohenés d value of a
variance in the dependent variable, OPREP quiz average, that is accounted by membership in the
independent variable, CBT exit examination status, groups (fail and pass) is 187 %, r

All t-test comparisons for each variable were statistically significant different at the 5%
level except for the Aggregated time spent. Tiwalpe corresponding to the Aggregated time
spent tvalue of 0.92 is 0.3581, which is larger than the 0.05aal@tudents who passed the exit
examination spent on average 189.7 more minutes on WebAssign than students who failed.

This is less than one sixth of a standard deviatiomih Qroups as seen in Table 4 We fail to
reject the null hypothesis thdte means of the aggregate time spent on the OPREP of the group
of students who passed the exit examination is the same as the mean of the group of students

who failed.
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Though the majority of the OPREP assignments and OPREP time and activity metrics
had satistically significantly differences according to thest, only quizzes on WebAssign had
a large #ect size. Al other OPREP assignments (In Class Assignments Average, Homework
Average, Midterm Practice, Cumulative Quiz, Practice Final Examina®i@ttice CBTFinal)
had medium effect sizes (Tabl e THestatisticatyc | udes
significant OPREP time and activity measures (Aggregated activities, Aggregaiedimygs,

Number of logins and Attendance) had small etfszes.

Table 45

Two-tailed ttest comparing the OPREP Aggregated time spent average
Variable: Aggregated time spent

CBT Exit Exam Status N Mean Std Dev Std Err Minimum Maximum

Pass 208 2553.0 1284.7 89.0784 280.0 8712.0
Fail 53 2363.3 1536.1 211.0 175.0 7065.0
Diff (1-2) 189.7 1339.0 206.0
CBT Exit Exam Status Method Mean 95% CL Mean Std Dev 95% CL Std Dev
Pass 2553.0 2377.4 2728.6 1284.7 1172.0 14216
Fail 2363.3 19399 2786.7 1536.1 1289.3 1900.6
Diff (1-2) Pooled 189.7 -216.0 5954 1339.0 12329 14651
Diff (1-2) Satterthwaite 189.7 -266.9 646.3
Method Variances DF tValue Pr> |t
Pooled Equal 259 0.92 0.3581 Not Significant

Satterthwaite Unequal 71.616 0.83 0.4103

Equality of Variances
Method Num DF DenDF FValue Pr>F{ p2§ {A3yAT
Folded F 52 207 1.43 0.0843

The statistically significant OPREP time and activity measures (Aggregated activities,
Aggregated logn days, Number of logns and Attendance) had small effect sizes. -fdists
for the summative assessments (Midterm Examination, Departmental Faralriation,

Algebra Compass entrance examination; Mlggebra Compass entrance examination) were



Effective Online-PREP Implementation 73

statistically significant with | aAlgpma ef fect s
Compass examinations are computerized examinations designed l&mpideExaminations to
evaluate student skills. The Departmental Final and Midterm examinations are paper delivered
tests (PDTs) graded by each El ementary Al gebr
and the Algebra Compass entrance examindiazhthe highestfiect sizes, as seen in Table 4.8

The ttest in Table 4.@ompares average scores on the PDT Midterm examination of

students who passed versus students who failed.

Table 4.6

Two-tailed ttest comparing the ne@PREP midternexamination average
Variable: Midterm Exam

CBT Exit Exam Status N Mean Std Dev Std Err Minimum Maximum

Pass 198 78.1368 19.5487 1.3893 0 100.0
Fail 51 55.8163 24.1323 3.3792 0 94.5000
Diff (1-2) 22.3205 20.5592 3.2284
CBT Exit Exam Status Method Mean 95% CL Mean Std Dev 95% CL Std Dev
Pass 78.1368 75.3971 80.8766 19.5487 17.7942 21.6900
Fail 55.8163 49.0290 62.6036 24.1323 20.1917 29.9984
Diff (1-2) Pooled 22.3205 15.9618 28.6793 20.5592 18.8950 22.5473
Diff (1-2) Satterthwaite 22.3205 15.0295 292.6116
Method Variances DF t Value Pr> ||
Pooled Equal 247 6.91 <.0001

Satterthwaite Unequal 67.839 6.1 <0001 \ { A 3YATAOI

Equality of Variances
Method Num DF Den DF F Value Pr>F {AIYATAOI
Folded F 50 197 1.52 0.0458

On average, students who passed the course score had a higher OPREP Midterm examination
average by 22 % (78 % compared to 56 %d)e Twotailed ttest in Table 4.8hows that the

means of the two groups are statistically significantly different at the 5% confidence level (p
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value < 0.0001 < 0.05). The probability of no significant difference between the OPREP
Midterm examination average of passing students ahdgatudents is less than 1 in 10,000
(<.0001). They are significantly different whether the investigator assumes that the groups have
equal variancek pooled ttes® or unequal variancasSatterthwaite-test. The folded F
statistic shows that theariances are statistically significantly different (unequal) at the 5% level
(p-value = 0.0458 < 0.05). The Satterthwaitedt statistic and degrees of freedom were used to
calculate the effect si z-paintdfferdnemtbesaverthge scbiee e f f
is 1.48. This iIis considered | arge (above 0.8
size of 1.5 indicates that Midterm examination average score of the passing group, 78 %, is at the
93.3%percentile of the mean of thailing group, 56 %. The effect size correlation, is 0.596.
For a Cohendés d value of approximately 1. 48,
Midterm examination, that is accounted by membership in the independent variable, CBT exit
examnation status, groups (fail and pass) is 35.5v%6, r

The number of observations, n = 249, for the-@HREP Departmental Final and
Midterm examinations differs from the number of observations, n = 261, for the OPREP Quiz
because no Departmental FinalaMidterm examinations were given during the shortened
summer semester. If these twelve summer observations are excluded, and the same 249
observations are used for the OPREP Quiz, then the effect size is much larger. The folded F
statistic in Table 23hows that the variances are significantly different (unequal) at the 5% level
(p-value = 0.0484 < 0.05). The Satterthwaitedt statistic and degrees of freedom were used to
calculate the effect si z-paintdiferdice inthesaveldage sdolree e f f
is 1.61. An approximate effect size of 1.6 indicates that the Quiz average score of the passing

group, 73 %, is at the 94"percentile of the mean of the failing group, 40 %. The effect size
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correlation, ¥1,is 0.627. Foradoenos d value of approxi mately
the dependent variable, OPREP quiz, that is accounted by membership in the independent

variable, CBT exit examination status, groups (fail and pass) is 39:3%%, r

Table 4.7

Two-tailedt-test comparing the OPREP quiz average (n = 249): excludes 12 observatio
from the summer semester

Variable: Quiz

CBT Exit Exam Status N Mean Std Dev Std Err Minimum Maximum

Pass 198 72.6325 26.2112 1.8627 0 111.1
Fail 51 40.2380 32.2775 4.5198 0 98.0556
Diff (1-2) 32.3945 27.5473 4.3257
CBT Exit Exam Status Method Mean 95% CL Mean Sid Dev 95% CL Std Dev
Pass 72.6325 68.9590 76.3060 26.2112 23.8588 29.0823
Fail 40.2380 31.1598 49.3162 32.2775 27.0069 40.1235
Diff (1-2) Pooled 32.3945 23.8745 40.9146 27.5473 25.3174 30.2111
Diff (1-2) Satterthwaite 32.3945 22.6394 42.1497
Method Variances DF tValue Pr> |t|
Pooled Equal 247 7.49 <.0001

Satterthwaite Unequal 67.931 6.63 <.0001 {AIYATFAOI

Equality of Variances
Method Num DF Den DF F Value Pr>F {AIYATAOI
Folded F 50 197 1.52 0.0484

Table 4.8summarizes the results of theest that compares average scores on the OPREP
assignments of students who passed versus students who failed the CBT exit examination.
Included in Table 24 are variables related to the time spent and amount of actil@tysig
WebAssign, the OPREP. The last section of includes summative assessments such as a midterm
examination and placement/ entrance examinations that were not delivered through WebAssign.
Overall,most of the resultsin Table4a88r e hi ghly signi ficant (<<
time spento (OPREP Metrics for Time &i Asdi vit

was barely significant (p = 0.045). The large$¢es were for the Quiz and the RG@PREP
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examinatiorvariabke s . A | arge effect size, Cohenbés d,

medium effect size is between 0.8 and 0.5. A small effect size is less than 0.5.

Table 4.8
Summaryoft est results, effect size: Catlorsno
T-test Results, Effect Size: Cohen's d , Effect Size Correlation for All Sections Observations ( n= 261)
Degrees G Effect S_ize
Variable of t-value[p-value|Cohen's d Standard Correlation, ryf(%)
Freedom Iy
Quiz (n = 249) Summer Excluded 67.931 | 6.63 |<.0001] 1.609 | Large 0.627 39.29%
Quiz (n = 261) 259 7.72 |<.0001 0.959 | Large 0.433 18.71%
In Class Assignments Average 259 459 |<.0001 0.570 | Medium 0.274 7.52%
OPREP Homework Average 259 5.46 |<.000Y] 0.679 | Medium 0.321 10.32%
Assignments |Midterm Practice 247 5.57 [<.0001 0.709 | Medium 0.334 11.16%
Cumulative Quiz 161 3.59 | 0.0004| 0.566 | Medium 0.272 7.41%
Practice Final Exam 123 3.82 |0.0002| 0.689 | Medium 0.326 10.61%
Practice CBT Final 185 493 |<.0001 0.566 | Medium 0.272 7.41%
Aggregated time spent 259 0.92 | 0.3581 ot Sta a 0 a
OPREP Metrics |Aggregated activities 258 3.02 | 0.0028, 0.376 Small 0.185 3.41%
for Time & |Aggregated log-in days 259 2.43 |10.0159| 0.302 Small 0.149 2.23%
Activity Number of log-ins 152 2.02 {0.0452| 0.328 Small 0.162 2.61%
Attendance 259 3.62 {0.0004| 0.450 Small 0.219 4.82%
Departmental Final Exam 247 8.88 |<.0001] 1.130 | Large 0.492 24.20%
Exams Departmental Midterm Exam 67.839 | 6.11 {<.0001] 1.484 Large 0.596 35.50%
(non-OPREP) |Algebra Compass Entrance Exam 11542 | 6.41 |<.000) 1.193 | Large 0.512 26.25%
Pre-Algebra Compass Placement 114.7 | 5.71 |<.000] 1.066 Large 0.470 22.13%

Comparisons of CBT exit examination results and type of instructionAll students in
the classes receiving the OPREP altered pedagogy technique were taught by the same instructor
in different semesters. One potential significant difference was the type of class: Hybrid e
learning, ASAP (Accelerated Study in Associate IPaats) and traditional. In this context,
ASAP refers to a program designed to increase retention rates and accelerate graduation rates
through financial support (e.g., tuition assistance) and academic support (e.g., intrusive advising)
services. The urlmacommunity college-@earning department defines a course as hybrid if at
least 33%80% of the content is discussed online with the remainder of the content delivered

through traditional fac¢o-face meetings. Regular attendance in both formats is eeljuror
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purposes of this discussion the students in the traditional and ASAP block Elementary Algebra
sections meet faem-face twice a week; however, thgbhid sections meet fage-face once a
week. The majority (52%) of the students were enrolld@daititional sections, as shown in

Table 4.9

Table 49

Elementary Algebra enrollment by class type
Cumulative Cumulative

Class Type Frequency Percent Frequency Percent
ASAP 54  20.69 54 20.69
Hybrid 71 27.20 125 47.89
Traditional 136 52.11 261 100.00

A natural question to consider is whether there sxistgnificant performance
differences on the CBT exit examination between Elementary Algtbdants experiencing
different class types. In order to answer this question an Analysis of Variance (Welch ANOVA)
test was performed with groups determined by class type. A Welch ANOVA was used because
L e v e n e 0 sedurequal vasahcesw Tabled@through 4.1%how the results of the Welch
ANOVA as well as relevant followap tests including a multiple comparison test.  Students in
the ASAP sections averaged the highest scores, 79 %, on the CBT Final examination, followed
by students in the Hyid sections with an average se@f 75%. As seen in Figure 4,1he
students in the traditional sections had the lowest average score, approximately 71%. ANOVA
assumes that all groups have similar if not the same variances. In order to testithigtiagsof
homogeneity of wvariances, efagmed nAséeenirtFgere f or

4.10 the Levene test has avplue of 0.044, whicls less than the critical 0.05 alpha value. This

h

means the null hypot hesis of homogenous varia



Effective Online-PREP Implementation

ANOVA

without the homogeneity of

var.i

78

ances

means of the three groups atatistically significantly different at the 5% confidence level (p

value = 0.0167 < 0.05).

Table 410

Resul

ts of the ANOVA by class type,

Lev

The ANOVA Procedure

Class Level Information
Class Levels Values
Class Type 3 ASAP Hybrid Traditional

Number of Observations Read 261
Number of Observations Used 261

Elementary Algebra CBT Exit Exam ANOVA by Class Type

The ANOVA Procedure

Levene's Test for Homogeneity of CBT Final Exam Variance
ANOVA of Squared Deviations from Group Means

Source DF Sum of Squares Mean Square F Value Pr>F
Class Type 2 1105671 552835 3.16 0.0440
Error 258 45096061 174791

Welch's ANOVA for CBT Final Exam

Source DF FValue Pr>F

Class Type 2.0000 422 0.0167

Error 136.5

From the the Welchdés ANOYV signifidart effecton thes s

average CBT exit examination score at a significance level of 0.05. The SNelentan

Keuls' (SNK) multiplerange test in Table 27 is a multiple comparison test (post hoc) used to

investigte differences in class type groupsrathe ANOVA global test. Note.This test

controls the Type | experimentwise error rate under the complete null hypothesis but not under

the partial null hypothesis.)

as

type
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Table 411

SNK test post hoc ANOVA test comparing difference between the threetgfae groups

Elementary Algebra CBT Exit Exam ANOVA by Class Type
The ANOVA Procedure

Student-Newman-Keuls Test for CBT Final Exam

Alpha 0.05
Error Degrees of Freedom 258
Error Mean Square 339.1276

Harmonic Mean of Cell Sizes 75.08265
Note: Cell sizes are not equal.

Number of Means 2 3
Critical Range 5.9185721 7.0850923

Means with the same letter are not
significantly different.

SNK Grouping Mean N Class Type

A 78.667 54 ASAP
A
B A 74592 71 Hybrid
B
B 71.176 136 Traditional
InTable4.1®s SNK fAigroupingo column, <c¢class types

significantly different. This means that the average CBT Final examination score of the Hybrid
group, approxiamtely 75% , is not signicantly different from the average CBT Final exiamina
score of the ASAP group, approxiamtely 79%. This is because both groups (ASAP and Hybrid)
have the letter A under the SNK grouping column. Similarly, the average CBT Final
examination score of the Hybrid group, approxiamtely 75% , is not siglyichfierent from

the average CBT Final examination score of the Traditional group, approxiamtely 71%. This is
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because both groups (Traditional and Hybrid) have the letter B under the SNK grouping column.
The statistically significant group differemdies between the ASAP group and the Traditional
group, shown by the different letters in the SNK grouping column, A and B respectively. This
result ledthe investigator to revisthe premise of reserch questi@) and the ttest that
followed. Thenull hypothesis of thetest, that the performance on the OPREP assignments of
failing students does not differ from that of passing students by more than what is expected by
chance can be filtered/ evaluated by class type (ASAP, Hybrid and Traditional).

Results for students in the ASAP sectiofable 4.12ummarizes thetest results and
effect size for the 54 students in the ASAP sections. This inclu#ststthat compare averages
(OPREP assignments, OPREP Metrics and@BREP summative assessments) of students
who passed versus students who faileel@BT exit examination. Homework average
comparison and Practice Final examination comparison are not significantly different.
Homework average was almost significant (p = 0.06@ll other OPREP assignments are
significantly different and all hava large effect size. The assignment category with the largest
effect size is the Cumulative Quiz followed by the Quiz and Midterm Practice. No OPREP
metrics for time and activity were statistically significant at the 5% levahmber of logins
was alnost significant (p = 0.068)When compared to thetést resultdor all sections in Table
48 the ACTO6s Al g eAlgela Compags exansinatems dre b rorger
statistically significant. A | arO@eramvef ect si

medium effect size is between 0.8 and 0.5. A small effect size is less than 0.5.
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Table 412
Summaryoft est result s, effect size: Cohenod
T-test Results, Effect Size: Cohen's d, Effect Size Correlation for ASAP Sections Observations (n =54)
Degrees e — Effect Size
Variable of t-value|p-value|Cohen's d Standard Correlation , rle(%)
Freedom vy
Quiz 52 3.56 |0.0008| 0.987 | Large 0.443 19.60%
In Class Assignments Average 52 3.43 {0.0012] 0.951 Large 0.430 18.45%
Homework Average 52 1.92 {0.0599 ot Sta a g a
Asggfﬁzms Midterm Practice 52 | 356 |0.0008] 0987 | Large | 0443 | 19.60%
Cumulative Quiz 32 3.55 |0.0012| 1.255 | Large 0.532 28.26%
Practice Final Exam 18 1.1 | 0.285 ot Sta a g a
Practice CBT Final 32 2.43 |0.0211] 0.859 | Large 0.395 15.58%
Aggregated time spent 52 1.06 [0.2943 ot Sta 3 gnifica
OPREP Metrics [Aggregated activities 52 1.33 | 0.1902 ot Statistically Significa
for Time & |Aggregated log-in days 52 1.36 | 0.1806 ot Sta z gnifica
Activity Number of log-ins 32 1.89 |0.0677 ot Sta a gnitica
Attendance 3.0959 | 0.57 |0.6088 ot Sta a g 8
Departmental Final Exam 52 3.79 |0.0004| 1.051 | Large 0.465 21.64%
Exams Departmental Midterm Exam 52 2.76 | 0.008| 0.765 | Medium| 0.357 12.78%
(non-OPREP) |Algebra Compass Entrance Exam 47 14 |0.1682 ot Sta : gnifica
Pre-Algebra Compass Placement 47 1 10.3235 ot Sta 3 gnifica

The departmental Final and Midterm examinatioregntain their statistical significance but the
effect size of the Midterm examination drops from large to medium. When comparing all
section observations to tR&SAP sections thamount of variance in the dependent variable,
Midterm examination, that sccounted by membership in the independent variable, CBT exit
examination status, groups (fail and pass) drops fkaf+135.5 % to ¥1°= 12.8 %.

Results for students in the Hybrid sectiongable 4.13summarizes thetest results and
effect size fothe 71 students in the Hybrid sections. This includesttthat compares averages
(OPREP assignments, OPREP Metrics and@BREP summative assessments) of students
who passed versus students who failed the CBT exit examination. Quiz average conapaliso
the Midterm Practice examination comparison were the only OPREP assignments that are

statistically significantly different and they have medium effect sizes. A large effect size,
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Cohenbdés d, by Cohenédés st andarbetween).8Gnd85. Ar abov

small effect size is less than 0.5.

Table 413
Summaryoft est results, effect size: Coheno
T-test Results, Effect Size: Cohen's d, Effect Size Correlation for Hybrid Sections Observations (n =71)
Degrees o Effect $ize
Variable of t-value|p-value[Cohen's d Standard Correlation, ryf(%)
Freedom Iyt
Quiz 69 2.3 |0.0247| 0.554 | Medium 0.267 7.12%
In Class Assignments Average 69 1.67 [ 0.0985 ot Sta c g 3
Homework Average (Satterthwaite) | 15,929 | 1.89 | 0.0775 ot Sta a 0 a
OPREP |\idterm Practice 57 | 2.33 |0.0234 0617 |Medium| 0295 | 8.70%
Assignments - -
Cumulative Quiz 31 1.2 |0.2383 ot Sta a g a
Practice Final Exam 24 0.53 |0.6032 ot Sta a g 3
Practice CBT Final 55 1.96 |0.0547 ot Sta 5 g 3
Aggregated time spent 69 0.22 |0.8287 ot Sta 3 gnifica
OPREP Metrics |Aggregated activities 68 2.18 |0.0329 0.529 | Medium 0.256 6.53%
for Time &  [Aggregated log-in days 16.08 | 0.96 | 0.3503 ot Statistica gnifica
Activity Number of log-ins 6.6047 | 0.06 | 0.9514 ot Sta a gnifica
Attendance 69 1.32 {0.1922 ot Sta a g 3
Departmental Final Exam 57 4.75 |<.000) 1.258 | Large 0.533 28.36%
Exams Departmental Midterm Exam 12.348 | 3.49 |0.0043| 1.986 Large 0.705 49.66%
(non-OPREP) [Algebra Compass Entrance Exam 32.732 | 2.95 |0.0059] 1.031 | Large 0.458 21.00%
Pre-Algebra Compass Placement 64 251 {0.0147| 0.628 | Medium 0.299 8.96%

When compared to all sections results, the Quiz category dropped from a large effect size to a
medium effect sizeHomework average (p = 0.078) and Practice CBT Final (p = 0\0&rk

almost significant.Aggregated activities category is the only OPRERrim for time or activity

that is statistically significant at the 5% level and the effect size is medium. All of the
summative nofOPREP examinations are still statistically significant and have large effect sizes
except for the Prélgebra Compass. Vém compared to thetést reslis for all sections in
Table4.8 t he ef f ect-Algebra @mpaés dragpdddrem ldPge o medidrhe
departmental Midterm examination maintains its statistical significance and large effect size

When comparin@ll section observations to thaditional sections themount of variance in the
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dependent variable, Midterm examination, that is accounted by membership in the independent
variable, CBT exit examination status, groups (fail and pass) rises fi6m35.5 % to ¥12=
49.7 %.

For the Homework average category tblded F statistic in Table 4. Bhows that the
variances are significantly different at the 5% levelghue = 0.0356 < 0.05); however, the
Satterthwaite-value is not significant at the 5kvel (pvalue = 0.0775 > 0.05). The means are

not significantly different.

Table 414

Two-tailed ttest comparing the OPREP Homework average (n = 71) of Hybrid sections
Variable: Homework Average

CBT Exit Exam Status N Mean Std Dev Std Err Minimum | Maximum

Pass 57 77.9502 20.0502 2.6557 23.6967 1005
Fail 14 61.9297 30.1744 8.0644 11.5385 98.7500
Diff (1-2) 16.0205 22.3117 6.6552
CBT Exit Exam Status Method Mean 95% CL Mean Std Dev 95% CL Std Dev
Pass 77.9502 72.6302 83.2703 20.0502 16.9275 24.5965
Fail 61.9297 44,5076 79.3519 30.1744 21.8750 48.6122
Diff (1-2) Pooled 16.0205 2.7438 29.2972 22.3117 19.1304 26.7719
Diff (1-2) Satterthwaite 16.0205 -1.9850 34.0260
Method Variances DF tValue Pr > ||
Pooled Equal 69 2.41 0.0188

Satterthwaite Unequal 15.929 1.89 0.0775 b2dG {A3YyAT

Equality of Variances
Method Num DF Den DF F Value Pr> F<

Folded F 13 56 22600356\ [ AIVATAO

Results for students the traditional sectionsTable 4.15ummarizes the effect size
and ttest results that compare averages (OPREP assignments, OPREP Metrics@RdREdN
summative assessments) of students who passed versus students who failed the CBT exit
examination fo the 136 students in the traditional sections of Elementary Algebra. When

compared to all sections results, all other OPREP Assignments comparisons maintain their
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statistical significance but there are some changes in effect size. The Cumulative €ggdrycat
effect size dropped from medium too small while the effect size of Practice Final examination
rose from medium too large. The largest effect size is the Practice Final Examination followed
by the Quiz and Practice CBT Final. Attendance is the waniable OPREP metric for time and
activity categories that is statistically significant at the 5% level and the effect size is medium.
Aggregated activities (p = 0.060) and Aggregateditodays (p = 0.080)verealmost
significant.When compared to thetest resiis for all sections in Table 4.8ll of the summative
nonOPREP examinations are still statistically significant but the effect sizes of tHfddeitaa

Compass and Departmental Midterm examinations dropped from large to medium.

Table 415
Summaryoft est results, Cohends d & effect
T-test Results, Effect Size: Cohen's d, Effect Size Correlation for Traditional Sections Observations ( n= 136)
Degrees i Effect S_ize
Variable of  |t-value[p-value|Cohen's d Standard Correlation,, | 1,2 (%)
Freedom %
Quiz 134 | 658 |<.000] 1137 | Large 0.494 24.42%
In Class Assignments Average 134 3.14 10.0021] 0.543 | Medium 0.262 6.85%
Homework Average 134 3.73 10.0003| 0.644 | Medium| 0.307 9.41%
Asggsnfsms Vidierm Pracice 134 | 35200006 0608 |Medum| 0291 | 8.46%
Cumulative Quiz 94 2.18 10.0319] 0.450 | Small 0.219 4.81%
Practice Final Exam 68.148 | 5.4 [<.0001 1.308 | Large 0.547 29.97%
Practice CBT Final 94 3.99 |0.0001| 0.823 | Large 0.381 14.48%
Aggregated time spent 134 | 0.91 |0.3625 ot Statistica "
OPREP Metrics |Aggregated activities 134 1.9 |0.0594 ot Statistically Sig
for Time & [Aggregated log-in days 134 1.77 10.0793 ot Statistica g
Activity  [Number of log-ins 73 1.64 | 0.1044 ot Statistically Significa
Attendance 134 | 2.78 |0.0061| 0.480 | Small 0.234 5.45%
Departmental Final Exam 134 | 5.88 [<.000] 1016 | Large 0.453 | 20.51%
Exams Departmental Midterm Exam 134 3.88 10.0002| 0.670 | Medium 0.318 10.10%
(non-OPREP) (Algebra Compass Entrance Exam | 81.961 | 4.9 |<.000] 1082 | Large 0476 | 22.66%
Pre-Algebra Compass Placement 79.795 | 3.51{0.0007| 0.786 | Medium| 0.366 13.37%
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When comparing all section observations totthditional sections themount of variance in the
dependent variable, Midterm examination, that is accounted mbership in the independent
variable, CBT exit examination status, groups (fail and pass) dropsiidm35.5 % to ¥12=

10.1 %.

Research Question 4:OPREP Assignmentsas Early Predictors for Student Achievement

4. Can studentsdé average grades on different
predictors for student achievement?
As a result of the significant differences reported in queg8prthis next step examines
statistical significant relationshipstoave en st udent s6 grades on OPREI
achievement (i.e., score on CBT Final examination) through the use of correlation analyses. A
correlation matrix was created to identify any highly correlated (greater than 0.4 in absolute
value) vaiables. Once identified, multiple regression analysis was used to determine whether
student grades on OPREP assignments could be used as predictors for student achievement.
Multiple measures for multiple regression model selection criteria were caatsicbehelp
determine the most relevant possible independ
assignments) and their ability to predict the dependent variables (student achievement measured
by score on CBT Final examination). The purpose is to usgiaditators on WebAssign
assignments to identify Developmental Mathematics students who can benefit from intervention.
Important factors such as student demographics were considered when identifying possible

patterns in subsets of the population.
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Correlation: OPREP assignments and OPREP time/ activity metrics.Table 4.1Gs a
17 x 17 correlation matrix of Pearson correlation coefficients for every combination of OPREP
assignments, OPREP time and activity metrics and summative assessments. Only statistically
significant correlation coefficients greater than 0.3 in absolatue are displayed and duplicated
correlation coefficients below the diagonal are not sho@ince the CBT Final examination
serves as the exit examination and the score represents a measure of student achievement, row
one of the correlation matrix & vital importance. St udent achi evement i s s
.05) correlated with several outcomes; every OPREP assignment, OPREP time and activity
metric, and NorfOPREP assessment, that were included in this study. All correlations were
positive, meaimg that increase in student performance on any of these variables should coincide
with an increase in CBT final examination score.

All OPREP assignments are statistically significantly correlated with the CBT Final
examination at the 1% level and the Rearcorrelation coefficients range from 0.403 to 0.536.
In general, the OPREP assignments had a stronger relationship to the CBT Final examination
than the OPREP time and activity metrics. The placement examinations had higher correlations
thanthe OPRERime and activity metrics but lower than OPREP assignments. The midterm
examinatiorhad correlation coefficients on par with most OPREP assignments except for the
Quiz average. As expected the PDT departmental Final examination had the strongest
correhtion to the CBT Final examination.

Of all the OPREP assignments, the Quiz average has the highest correlation, r = 0.536.
Withr’= 0. 288, the studentsd average score on th

variance in the CBT Final examinai score.
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Table 416

17 x17 Matrix of significant Pearson coragibon coefficients (g@s) of OPREP assignments, metrics & assessments

Exit Exam = CBT Final Exam, Class Type = All Sections (n = 261)
Pearson Correlation Coefficients
Prob > |r| under HO: Rho=0
Number of Observations
. . Algebra
C.BT Departmental | Midterm . m. Gl Homework| Midterm |Cumulative Prgctlce IAELEIEE Aggregated |Aggregated|Aggregated | Number Compass IR
Final . Quiz |Assignments . X Final CBT ; T . .| Attendance Compass
Final Exam Exam Average | Practice Quiz " time spent | activities |log-in days |of log-ins Entrance
Exam Average Exam Final Exam Placement
1 0.59628 0.4863| 0.53625 0.40335 0.43438| 0.44454 0.44549| 0.48028| 0.47731 0.31147 0.3174 0.33935
CBT Final Exam <.0001 <.0001| <.0001 <.0001 <.0001 <.0001 <.0001] <.0001] <.0001 <.0001 <.0001 <.0001
261 249 249 261 261 261 249 163 125 187 261 240 238
Departmental Final 1 0.67668| 0.42711 0.47927 0.52635| 0.43015 0.57031]| 0.44575| 0.38798 0.33146 0.35319 0.30063
- <.0001| <.0001 <.0001 <.0001 <.0001 <.0001| <.0001] <.0001 <.0001 <.0001 <.0001
249 249 249 249 249 249 163 125 175 142 249 227
1| 0.37795 0.4412 0.49925| 0.41624 0.42024| 0.38945| 0.27148 0.33338
Midterm Exam <.0001 <.0001 <.0001 <.0001 <.0001| <.0001] 0.0003 <.0001
249 249 249 249 249 163 125 175 227
1 0.57189 0.61122] 0.58899 0.49307| 0.64766| 0.49167 0.31498 0.39016 0.38752| 0.47533 0.39244
Quiz <.0001 <.0001 <.0001 <.0001] <.0001] <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
261 261 261 249 163 125 187 261 260 261 154 261
In Class 1 0.74171] 0.48448 0.55914| 0.46661| 0.32684 0.34546 0.47173 0.38074| 0.39956 0.37632
Assignments <.0001 <.0001 <.0001| <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
Average 261 261 249 163 125 187 261 260 261 154 261
1] 0.52137 0.6421| 0.44869| 0.41305 0.3758 0.56966 0.45152| 0.46733 0.43647 0.30508
Homework Average <.0001 <.0001] <.0001] <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
261 249 163 125 187 261 260 261 154 261 238
1 0.58653| 0.58171| 0.47125 0.30169| 0.34382 0.32202
Midterm Practice <.0001| <.0001] <.0001 <.0001 <.0001 <.0001
249 163 125 175 249 142 249
1| 0.54707| 0.56599 0.33707 0.47936 0.44208| 0.44997 0.3631
Cumulative Quiz 0.0003] <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
163 39 163 163 163 163 142 163
1| 0.73905 0.41399 0.45306 0.46929| 0.69524 0.30902
Practice Final Exam <.0001 <.0001 <.0001 <.0001| 0.0014| 0.0005
125 51 125 124 125 18 125
1 0.30814 0.35775 0.38943 0.4088 0.36405
Practice CBT Final <.0001 <.0001 <.0001| <.0001 <.0001
187 187 187 187 154 187
Aggregated time 1 0.64244 0.70376| 0.79068
- <.0001 <.0001 <.0001
261 260 261 154
Aggregated 1 0.77981| 0.81757 0.35648
activities <.0001 <.0001 <.0001
260 260 154 260
. 1| 0.98349 0.45051
Agg'e%a:;: og-in <0001 <0001
261 154 261
1 0.40093
Number of log-ins <.0001
154 154
1
Attendance
261
Algebra Compass 1 063038
Entrance Exam <0001
240 238
Pre-Algebra 1
Compass
Placement 238

.8
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Regression analysis of CBT Finaxaminationvs. quiz.Given the significant
correlation between CBT finalxaminatiorscores and the quiz average, a regression analysis
was done to exaine the relationship. Figure 4illustrates a scatter plot with regression line and
regression model of the dependent variable, CBT Final examination, and the independent

variable, Quiz.

Figure 47

Scatter plot with regression line of CBT Fimedaminatiorvs Quiz
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Scatter plot with Regression Line: CBT Final Exam vs Quiz

The REG Procedure
Model: MODEL1
Dependent Variable: CBT Final Exam

Number of Observations Read 261
Number of Observations Used 261

Analysis of Variance

Sum of Mean
Source DF Squares Square F Value Pr>F
Model 1 25808 25808 104.54 <.0001
Error 259 63941 246.87584
Corrected Total 260 89749
Root MSE 15.71228 R-Square 0.2876

Dependent Mean 73.65517 Adj R-Sq 0.2848
Coeff Var 21.33222

Parameter Estimates

Parameter Standard
Variable DF Estimate Error tValue Pr> [t]
Intercept 1 51.70762 2.35663 21.94 <.0001
Quiz 1 0.33117 0.03239 10.22 <.0001
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According to Figure 4,he linear regression modsldpe: M=ha 0 . 4 O-ibtercept:ba y
43.99 predictsthata-poi nt i ncrease in a studgont 6s Qui z
increase in the CBT Final examination score.

OPREP metricorrelation with CBT Final examination scoreAll OPREP time and
activity metrics are significantly correlated with the CBT Final examination at the 5% level and
the Pearson correlation coefficients range from 0.137 to 0.311. Of all the OPREP time and
activity measures, the Attendance average has the highest correlation, r = 0.311. The correlation
coefficient and pvalue of Attendance variable is the only OPREP time anditycietric
displayed in Table 4.1Because it is the only measure (within thibsat) with a Pearson
correlation coefficient greater than |0.3|. Witk 0.097, the students average Attendance score
accounts for approximately 9.7% of the variance in the CBalleixamination score. Figude8
illustrates a scatter plot with regressiline and regression model of the dependent variable,
CBT Final examination, and the independent variable, Attendance.

There is considerable gter of points in the range 60 to ~ 80 for the attendance data

(abscissa). However, there is more tigimgrof the plotted points for the higher attendance

a

rates.I n general, the CBT Final examination scor e

but the relationship is not strong. The broad scatter of the points is not particularly unexpected

because attendance can be affected by a multitude of variables, that are not entirely related to the

student 6s academic ability, motivation, or ot

academic performce (e.g., CBT Final Exam scord)lonethelessa lack of attendance in a

course at some point clearly must compromi se

highly specialized subject content that is not easily obtained from other sources outside of class.
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Figure4.8

Scatter plot with rgression line of CBT Finaxaminatiorvs Attendance

CBT Final Exa

90 600 ©@ oFc o0 @ 00
D 0 000 O OD 0D OO0MO
80 ° 5% o° e, =T
70 o o or(ﬁ@":: a
60 o —@oo o o oo c
50 s ] 0 - O | . O 0 J N : - ‘slNe]
40 o, om0 o
[e o] oo O 2
30 '
20 : -
20 40 60 80 100
Attendance

Scatter plot with Regression Line: CBT Final Exam vs Attendance

The REG Procedure
Model: MODEL1
Dependent Variable: CBT Final Exam

Number of Observations Read 261
Number of Observations Used 261

Analysis of Variance

Sum of Mean

Source DF Squares Square F Value Pr>F
Model 1 8706.84263 8706.84263 27.83 <.0001
Error 259 81042 312.90395
Corrected Total 260 89749

Root MSE 17.68909 R-Square 0.0970

Dependent Mean 73.65517 Adj R-Sq 0.0935

Coeff Var 24.01609

Parameter Estimates

Parameter Standard
Variable DF Estimate Error tValue Pr> |t|
Intercept 1 4531581 5.48280 8.27 <.0001
Attendance 1 0.35557 0.06741 5.28 <.0001

90
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Non-OPREP summative assessments and Compass placement relationgklipson-
OPREP summative assessments including theA\ljesbra and Algebra ACT Compass
placement are significantly correlated with the CBT Final examination at the 1% level and the
Pearson correlation coefficients range from 0.317 to 0.596. Of alDRFHEP summative
assessments, the Departmental Final examination score has the highest correlation coefficient, r
= 0.596. However, Departmental Final examination score is not considered an early indicator
that could be used to predict the CBT Fiaehminaton score because the two examinations are
administered at the end of the semester within two weeks of each other. The Midterm
examination score can be an early indicator and has the second highest correlation coefficient, r
= 0.486, of all theismmative asessments. Figureddepicts a scatter plot with regression line
and regression model of the dependent variable, CBT Final examination, and the independent
variable, Midterm examination. WitR+ 0.237, the student score on the Midterm examination
acounts for approximately 24% of the variance in the CBT Final examination score. It should
be noted that studentsd average score on the
the variance in the CBT Final examination, 29%, than the Midterm ezaiom) 24%.
According to Figure 15, the linear regression model (sldpez ma 0 . 4 O-ibteraeptloba vy
43.95) predictsthata@doi nt i ncrease in a studepointdbs Midt er
increase in the CBT Final examination score.

It is interesting to note, that overall there appears to be a much tighter plot of the points
around the regression line for the prediction of CBT Final Exam scores based on the Midterm
Examination scores compared to the scatter of points in the plot ofattendffects on the CBT

Final Examination score; again likely because the Midterm Examination is a more robust
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predictor for cumulative student achievemerithere is a much stronger positive relationship

between the summative assessments.

Figure 49

Scatter plot with regression line of CBT Fimedaminatiorvs Midterm
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Scatter plot with Regression Line: CBT Final Exam vs Midterm Exam

The REG Procedure
Model: MODEL1
Dependent Variable: CBT Final Exam

Number of Observations Read 261
Number of Observations Used 249
Number of Observations with Missing Values 12

Analysis of Variance

Sum of Mean
Source DF Squares Square F Value Pr>F
Model 1 20069 20069 76.50 <.0001
Error 247 64795 262.32855
Corrected Total 248 84864
Root MSE 16.19656 R-Square 0.2365
Dependent Mean 73.47791 Adj R-Sq 0.2334
Coeff Var 22.04276

Parameter Estimates
Parameter Standard
Variable DF Estimate Error t Value Pr> |t|
Intercept 1 4395466 3.52800 12.46 <.0001
Midterm Exam 1 0.40132 0.04588 8.75 <.0001
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It is important to note that three OPREP assignments and one OPREP time and activity
metric have a significantly reduced number of observations when compared to the maxiimum,
261. Interms of OPREP assignments, the Cumulative Quiz (n = 163), Practice Final
Examination (n = 125) and Practice CBT Examination (n = 187) besabetween 48% to 72%
of the maximum number of observations. The Number ofregn = 154) has at most 59% of
the maximum number of observations. In order to maximize the statistical power of the test of
statistical significance, the remaining quanitatmethods will increase test sensitivity by
maximizing the number of observations used. Therefore, the four variables mentioned above
were dropped from consideration in the remaining analysis. The Cumulative Quiz, Practice
Final examination and Pracé CBT examination are late semester assignments so they
theoretically would not function as early predictors of student achievement. Also, the Number of
log-ins and the Aggregated lag days are highly correlated, r = 0.98349; theoretical the only
difference is that the Number of lags includes muiple log-ins each day. Table 4.1Fa 13 by
13 correlation matrix of Pearson correlation coefficients for every combination of the remaining
OPREP assignments, OPREP time and activity metrics and summasgagsments.

All variables with displayed correlation dfieients in row one of Table 4.1&re
statistically significantly correlated with the CBT Final examination at the 1% level and the
Pearson correlation coefficients range from 0.311 to 0.596. Specifically, OPREP assignments are
statistically significantly correlated with the CBT Final exaation at the 1% level and the
Pearson correlation coefficients range from 0.403 to 0.536. Once afgalithe OPREP
assignments, the Quiz average has the highest correlation, r = 0.5362 3\0tR88, the
student sé average score on the Quiz accounts

Final examination score.
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Table 417

13 x 13 Matrix of significant Pearson coagbn coefficients (g@s) of OPREP assignments, metrics & asseents

Exit Exam = CBT Final Exam, Class Type = All Sections (n = 261)
Pearson Correlation Coefficients
Prob > |r| under HO: Rho=0
Number of Observations
Algebra
C.BT Departmental| Midterm . In. oo Homework| Midterm | Aggregated|Aggregated Aggregated Co?npass Pre-Algebra
Final . Quiz | Assignments| . . T . Attendance Compass
Final Exam Exam Average Practice | time spent | activities | log-in days Entrance
Exam Average E— Placement
1 0.59628 0.4863 0.53625 0.4033%  0.43438 0.44454 0.31147 0.3174 0.33934
CBT Final Exam <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
261 249 249 261 261 261 249 261 240 239
1 0.67668 0.42711 0.47927  0.52635 0.43015 0.35319 0.3006
Departmental Final Exam <.0001] <.0001% <.0001 <.0001 <.0001 <.0001 <.0007%
249 249 249 249 249 249 249 227
1) 0.37795 0.4412  0.49925 0.41624 0.3333
Midterm Exam <.0001 <.0001 <.0001 <.0001 <.0007%
249 249 249 249 249 227
1 0.57189 0.61122 0.58899 0.31498 0.39016 0.38752 0.39244
Quiz <.0001 <.0001 <.0001 <.000% <.0001 <.0001 <.0001
261 261 261 249 261 260 261 261
In Class Assignments 1 0.74171 0.48448 0.34546 0.47173 0.38074 0.37632
Average <.0001 <.0001 <.000% <.0001 <.0001 <.0001
261 261 249 261 260 261 261
1 0.52137 0.3758 0.5696 0.45152 0.43647 0.3050
Homework Average <.0001 <.0001 <.0001 <.0001 <.0001 <.0001
261 249 261 260 261 261 239
1 0.30169 0.32202
Midterm Practice <.0001 <.0001
249 249 249
1 0.64244 0.70376
Aggregated time spent <.0001 <.0001
261 260 261
1 0.77981 0.35648
Aggregated activities <.0001 <.0001
260 260 260
1 0.4505]
Aggregated log-in days <.0001
261 261
1
Attendance
261
Algebra Compass 1 0.6303¢
Entrance Exam =.0001
240 239
Pre-Algebra Compass 1
Placement 23d

¥6
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Multiple Linear Regression Model: All Class Types

Multiple linear regression analysis was used to determine what group of independent
variables served as thest set of predictors for the CBT Final examination, the dependent
variable. The Schwartz Baysian Criterion (SBC), an information criteria measure, was used to
determine the best subset of predictors. The investigator used SAS to calculate the beta
coefiecients as well as the relevant model selection measB&€, Baysian Information
Criterion ( BIC ), Akaike Information Criterion ( AIC ), Root Mean Square Error ( RMSE ),
Mallows CP ( CP ), Rsquared ( R) and Adjusted Rsquared for different substs of
predictors. These different models were sorted by SBC from lowest to highest. The SBC
column of Table 34 depicts the best model based on minimizing SBC.

Like other information criteria measures (i.e., AIC, BIC), the model with the lowest SBC
is consider closest to the true underlying model. It is important to note that models without an
intercept,bo, were excluded from consideration because there was no solid theoretical basis to
conclude that the intercept was 0. The model that minin884i included the following
predictors: Quiz , Midterm Practice examination, Midterm ExamARgebra Compass
Placement examination, Freshman ( Freshman= 1, Sophmore= 0), Hispanic, SeasonF (Fall = 1,
Spring = 0), ClassTypeA (ASAP= 1, Not ASAP = 0). Osily of the eight predictors are
significant at the 5% level. The Freshman variable, which represents class standing, has a p
value of 0.1111 and the ClassTypeA variable, which represents ASAP sections;\aeeaqf
0.0645.

In order to modify théest SBC model into a model with significant predictors, the
investigator employed the heuristic statistical technique of backward eliminatieredtt is

depicted in Table 4.18nder the SBC + Backward column. The multiple linear regresssion
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model sarted with the eight predictors from the minimized SBC model and systematically

removed, one step at a time, the insignificant variables widlyes greater than 0.05.

Table4.18
Best Multiple Linear Regression model by SBC Information Critileesure: All Sections
Dependent Variable: 'CBT Final Exam'n
All Sections
Heuristic Information Criteria
Model Selection Measure p-value SBC p-value _m
Schwartz Baysian Criterion ( SBC) 1225.539 1231.162 1225.539
Baysian Information Criterion ( BIC ): 1203.745 1202.991 1203.745
Akaike Information Criterion ( AIC ): 1201.503 1200.258 1201.503
Root Mean Square Error ( RMSE ): 13.576 13.483 13.576
Mallows CP ( CP): 10.096 9.000 10.096
R-squared (R): 0.451 0.464 0.451
Number of Observation Read 261 261 261
Number of Observation Used| 229 Max Obg 229 229 Max Obsg
Independent Variables / Predictors
Intercept 32.1378 <.0001 | 34.5361 | <.0001 32.1378 <.0001
In Class Assignments Average
Homework Average
Quiz 0.1939 <.0001| 0.1910 | <.0001 0.1939 <.0001
Midterm Practice 0.0731 0.0238 | 0.0706 | 0.0319 0.0731 0.0238
Aggregated time spent
Aggregated activities
Aggregated log-in days
Attendance
Midterm Exam 0.2486 <.0001 | 0.2537 | <.0001 0.2486 <.0001
Algebra Compass Entrance Exam
Pre-Algebra Compass Placement 0.2190 <.0001| 0.2238 | <.0001 0.2190 <.0001
Freshman ( Freshman=1, Sophmore=0) -3-5498 | 04141
Female ( Female =1, Male =0)
Black
Hispanic 5.2856 0.0047 | 5.0872 | 0.0062 5.2856 0.0047
Asian
NHWhite (Non-Hispanic White)
LSES (Low Socioeconomic Status)
SeasonF (Fall = 1, Spring = 0) -7.1805 0.0002 | -8.6770 | <.0001 -7.1805 0.0002
ClassTimeM (Morning = 1, Afternoon = 0)
ClassTypeA (ASAP= 1, Not ASAP = 0) 47052  0.0645
ClassTypeH (Hybrid= 1, Not Hybrid = 0)
Note.Highlighted columns converge to the same model. Independent variables that a|
significant at the 5% level are identified by beta and correpondiraguyes in bold.

The beta and correspondingzalues were recalculated for each step of the backward
elimination. Table 4.1isplays this modified SBC with backward elimination as well as

summary of the insignificant variables removed during the elimination process.
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Table 419

Multiple Linear Regression model by SBC after Backward Elimination: All Sections

Summary of Backward Elimination

Variable Number  Partial Model
Step Removed Vars In R-Square R-Square C(p) F Value Pr>F
1 Freshman 7 0.0062 04573 9.5595 2.56 0.1111
2 ClassTypeA 6 0.0062 0.4511 10.0965 2.52/0.1139

Heuristic Backward CBT Best Model w/ Demo by SBC w/ Midterm All

The REG Procedure
Model: MODEL1
Dependent Variable: CBT Final Exam

Number of Observations Read 261
Number of Observations Used 229
Number of Observations with Missing Values = 32

Analysis of Variance

Sum of Mean
Source DF Squares Square F Value Pr>F
Model 6 33625 5604.12143 30.41 <.0001
Error 222 40918 184.31506
Corrected Total 228 74543
Root MSE 13.57627 R-Square 0.4511
Dependent Mean 73.44978 AdjR-Sq 0.4362
Coeff Var 18.48374
Parameter Estimates
Parameter Standard Standardized
Variable DF Estimate Error tValue Pr> [t| Typell SS Estimate
Intercept 1 3213778 3.81248  8.43 <.0001 13097 0
Midterm Exam 1 0.24856 0.04581 5.43 <.0001 5426.24432 0.30560
Quiz 1 0.19386 0.03611 5.37 <.0001 5313.08244 0.32698
Midterm Practice 1 0.07311 0.03211 2.28 0.0238 955.39846 0.14277
SeasonF 1 -7.18049 1.89020 -3.80 0.0002 2659.82334 -0.19716
Pre-Algebra Compass Placement 1 0.21900 0.05142 4.26 <.0001 3343.84746 0.22047
Hispanic 1 528559 1.85089  2.86 0.0047 1503.09928 0.14530

Table 4.18also shows that when both the heuristc backward elimination and the heuristic
stepwise elimination are used to identify the best model, both methods converge to the same
subset of predictors as the SBC with backward elimination model. The differeheenanhber
of observations (from n = 229 to n = 213)Tiable 4.18s due to the heuristic model procedures
removing observations with missing values for any variable. When the same number of
observations is used, all three models are the same. Oncaedieqs are identified using the
SBC with backward elimination , the stepwise elimination and the backward elimination have

identical beta and-palues as seen in the Max Obs Heuristic and SBC + Backward columns in
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Table 4.18 The forward eliminationasults in a different model with almost all the same

predictors except it includes the Algebra Compass Entrance Exam even though not siginificant at

the 5% level (pvalue 0.3003 > 0.05).

The best model detailed irable 4.19%ccounts for approxiamtely %4 r-squared =
0.4511, of the variance in the dependent variable, CBT Final examination. In order to further
elaborate on the model it is expressed in equation form:

66 WQEGWHOG TH WFED O QAT X &P QQO il @0 WD

0 Q00 W@ A ] pad | Q&OEG N OiLVR Y IO Qi n O XFMPpTEL

YQwi ¢ o® o BY
The two significant demographic predictors were Hispanic and SeasonF. According to this
model, Hispanic students, who accountdpproxiamtely 44% of the observations, score
approximately 5.29 points higher than Adispanic students. The SeasonF variable indicates
that students in the fall semester score approxiamtely 7.18 points lower than students in the
spring. According to thenodel, the most impactful OPREP assignment was the Quiz. A 1 point
increase in Quiz average yields a 0.19 point increase in the CBT Final examination score (total
possible score = 100). The most impactful 4@PREP assignment was the Midterm Exam. A 1
point increase in Midterm examination score yields approxiamtely a 0.25 point increase in the
CBT Final examination score.

Table 4.2Qprovides a snapshot of the predictions made by the model. Of the 261
observationgstudents quantitative informatigr§2 observations were not used because of
missing values. Of the 229 remaining observations, the model correctly predicted the passing

status of 86% (196/229) of the students who took the CBT Final examination. The remaining

14% respresents the 33 incortegt pr edi ct ed studentsd passing

S
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Table 420
Snapshot of Model Predictions: All Sections (n =261)
I Mo@dPeeduda mwed OEUBix ¢p EA OB OA A OmAAY ¢
-EAOKOATI 8 pad OAHI C PAOD Yo EODAKFEWRTEBE AAOT T ¢
o®oxy
Output Statistics
. Std Error Std Error  Student ]
“Veriable  Valus  Mean  Residual Residual Residual Cooksp  piS PO TS
Predict
Obs
1 76 79.4991 | 1.6669 | -3.4991 | 13.474 -0.26 0 Pass Pass
2 92 85.3983 | 2.1098 | 6.6017 | 13.411 | 0.492 0.001 Pass Pass
3 84 75.8894 | 2.4288 | 8.1106 | 13.357 | 0.607 0.002 Pass Pass
4 64 78.8242 | 1.952 |-14.8242 | 13.435 | -1.103 0.004 Pass Pass
5 96 81.0823 | 1.6131 | 14.9177 | 13.48 1.107 0.003 Pass Pass
6 84 86.7827 | 1.881 | -2.7827 | 13.445 | -0.207 0 Pass Pass
7 84 78.6362 | 2.0469 | 5.3638 | 13.421 0.4 0.001 Pass Pass
8 92 68.7157 | 2.3102 | 23.2843 | 13.378 1.74 0.013 Pass Pass
9 72 66.4394 | 1.8629 | 55606 | 13.448 | 0.413 0 Pass Pass
10 68 64.0129 | 2.2597 | 3.9871 | 13.387 | 0.298 0 Pass Pass
14 92 90.0768 | 2.197 | 1.9232 | 13.397 | 0.144 0 Pass Pass
18| 100 94.4154 | 2.8206 | 55846 | 13.28 0.421 0.001 Pass Pass
19 56 51.9307 | 2.7996 | 4.0693 | 13.284 | 0.306 0.001 Fail Fail
20 96 72.2623 | 1.9842 | 23.7377 | 13.43 1.767 0.01 Pass Pass
21 56 61.095 | 2.1037 | -5.095 | 13.412 -0.38 0.001 Fail Pass
22 100 99.9726 | 3.0183 | 0.0274 | 13.237 | 0.002 0 Pass Pass
97 80 80.4374 | 2.1616 | -0.4374 | 13.403 | -0.033 0 Pass Pass
98 92 92.7458 | 2.2757 | -0.7458 | 13.384 | -0.056 0 Pass Pass
99 64 51.4473 | 3.1863 | 12.5527 | 13.197 | 0.951 0.008 Pass Fail
100 84 69.0623 | 2.709 | 14.9377 | 13.303 | 1.123 0.007 Pass Pass
101 92 92.4263 | 25617 | -0.4263 | 13.332 | -0.032 0 Pass Pass
151 84 89.2157 | 2.3231 | -5.2157 | 13.376 -0.39 0.001 Pass Pass
152 88 86.9725 | 2.1801 | 1.0275 13.4 0.077 0 Pass Pass
153 64 64.0207 | 2.6004 | -0.0207 | 13.325 | -0.002 0 Pass Pass
154 88 84.3984 | 2.121 | 3.6016 | 13.41 0.269 0 Pass Pass
155 76 75.3807 | 1.9155 | 0.6193 | 13.44 0.046 0 Pass Pass
241 84 82.3159 | 1.7393 | 1.6841 | 13.464 | 0.125 0 Pass Pass
242 84 76.6076 | 2.1255 | 7.3924 | 13.409 | 0.551 0.001 Pass Pass
243 32 62.0258 | 1.9501 |-30.0258 | 13.435 | -2.235 0.015 Fail Pass
251 76 80.911 | 15906 | -4.911 | 13.483 | -0.364 0 Pass Pass
252 76 75.2267 | 2.398 | 0.7733 | 13.363 | 0.058 0 Pass Pass
253 76 68.1941 | 3.1089 | 7.8059 | 13.216 | 0.591 0.003 Pass Pass
254 36 65.3338 | 2.4441 |-29.3338 | 13.354 | -2.197 0.023 Fail Pass
255 96 94.5624 | 2.4661 | 1.4376 | 13.35 0.108 0 Pass Pass
260 36 49.9984 | 2.6542 |-13.9984 | 13.314 | -1.051 0.006 Fail Fail
261 60 58.1938 | 2.2233 | 1.8062 | 13.393 | 0.135 0 Pass Fail
Sum of Residuals 0
Sum of Squared Residuals 40918
Predicted Residual SS (PRESS) 43733
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Two thirds (22/33) of the incorrect projections predicted that students would pass but they failed
(see observations 21, 243 and 254 in Figure 43). Examples of the remaining one third (11/33) of
the students who were projected to fail but they passedyecaeen in observation 99 and 261 in
Table 4.20 In aggregate, 184 students (approximately 80%) passed the CBT Final examination.
The model overpredicted tmeimberof students passing by projecting 195 (approximately

85%).

Multiple Linear Regression Model: Traditional Sections

Best regression model for different class typAsnatural question to consider is whether
there exist different best multiple linear regression models for different class types. The
ANOVA, LestandWedalcb st ANOV A i nas Wel ds the SN&wltlple-range
testin Table 4.11confirmed that differences in the CBT Final examination performances exist
between different class typesthe SBC column of Table 4.Zepicts the best model based on
minimizing SBC for the traditional clagype. This model included the following predictors:
Quiz , Midterm Exam, Algebra Compass Placement examinatiorilBebra Compass
Placement examination, Freshman ( Freshman= 1, Sophmore= 0), Hispanlidisidanic
Whiteand SeasonF (Fall = 1, Spring = 0). All eight predictors are significant at the 5% level.
Table 37 also shows that when the investigator, in the prior illustration, used the heuristc
approaches to identify the best model, the stepwise eliminatioroamdrél eliminations
converge to the same model and accounted for 58¥yared = 0.581, of the variance in the
CBT Final examination score. However, the backward elimination model accounted for 62%,
r-squared = 0.621, of the variance. With closamgnation, when the same number of

observations (n = 124) are used, then the backward elimination model and the SBC model
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converge to the same subset of predictors with identical betazaldgs as seen in the Max

Obs Heuristic and SBC columns in TaBlg

Table 421

Best Multiple Linear Regression model by SBC Information Criteria Measure: Traditiong

Dependent Variable: 'CBT Final Exam'n
Traditional Sections

Heuristic Information Criteria
p-value | Stepwisg p-value p-value

Model Selection Measure

Schwartz Baysian Criterion ( SBC )] 605.841 607.916 662.217 662.217
Baysian Information Criterion ( BIC ): | 585.363 590.950 640.231 640.231
Akaike Information Criterion (AIC): | 581.137 588.702 636.835 636.835
Root Mean Square Error (RMSE ):f 12.051 12.555 12.591 12.591
Mallows CP (CP){ 5.183 11.994 9.000 9.000
R-squared ( I'f): 0.621 0.581 0.597 0.597
Number of Observation Read| 136 136 136 136
Number of Observation Used} 115 115 124 Max Obs 124 Max Obs
Independent Variables / Predictors
Intercept 24.7656 | <.0001| 31.8623| <.0001 24.4877 <.0001 24.4877| <.0001
In Class Assigments Average
Homework Average
Quiz 0.3421 | <.0001| 0.3261 | <.0001 0.3214 <.0001 0.3214 | <.0001

Midterm Practice
Aggregated time spent
Aggregated activities
Aggregated log-in days

Attendance
Midterm Exam 0.1535 | 0.0050| 0.1625 | 0.0035 0.1748 0.0020 0.1748 | 0.0020
Algebra Compass Entrance Exam 0.6995 | 0.0137| 0.9310 | 0.0002 0.5795 0.0364 0.5795 | 0.0364
Pre-Algebra Compass Placement 0.1875 | 0.0381 0.2576 0.0036 0.2576 | 0.0036
Freshman ( Freshman=1, Sophmore=0) | -8.9278 | 0.0011| -7.2742| 0.0008 -8.0989 0.0036 -8.0989 | 0.0036
Female ( Female =1, Male =0)
Black -6.3514| 0.0139
Hispanic 7.1400 | 0.0041 7.4297 0.0028 7.4297 | 0.0028
Asian
NHWhite (Non-Hispanic White) 14.8570| 0.0010 15.1111 0.0010 15.1111| 0.0010
LSES (Low Socioeconomic Status)
SeasonF (Fall = 1, Spring = 0) -11.0994| <.0001 |-10.3235 <.0001 -12.3963 <.0001 -12.3963 <.0001

ClassTimeM (Morning = 1, Afternoon = 0)

Note.Highlighted columns converge to the same model. Independent variables that a|
significant at the 5% level are identified by beta and correpondiradues in bold.

The best model for traditi@h sections detailed in Table 4.2&counts for approxiamtely
60%, rsquared = 0.597, of the variance in the dependent variable, CBT Final examination.

Table 38 displays the SBC model as well as a summary of model diagnostic measures.
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Table 422

Multiple Linear Regression SBC mod@&laditional Sections

CBT Best Model w/ Demo by SBC w/ Midterm by Type: Traditional

The REG Procedure
Model: MODEL1
Dependent Variable: CBT Final Exam

Number of Observations Read 136
Number of Observations Used 124
Number of Observations with Missing Values 12

Analysis of Variance

Sum of Mean
Source DF Squares Square F Value Pr>F
Model 8 27061 3382.57890 21.34 <.0001
Error 115 18231 15853140
Corrected Total 123 45292
Root MSE 12.59093 R-Square 0.5975
Dependent Mean 71.25806 Adj R-Sq 0.5695
Coeff Var 17.66947
Parameter Estimates
Parameter Standard Standardized
Variable DF Estimate Error tValue Pr>|t| Typell SS Estimate
Intercept 1 2448772 542060 4.52 <.0001 3235.32463 0
Midterm Exam 1 0.17476 0.05528  3.16 0.0020 1584.03071 0.21637
Quiz 1 0.32135 0.03922  8.19 <.0001 10645 0.52960
SeasonF 1 -12.39628 2.39163 -5.18 <.0001 4259.00605 -0.32224
Freshman 1 -8.09889 272054 -2.98 0.0036 1404.93287 -0.19074
Pre-Algebra Compass Placement 1 0.25763 0.08658  2.98 0.0036 1403.63321 0.22034
Algebra Compass Entrance Exam 1 0.57948 0.27372 212 0.0364 710.49397 0.16315
Hispanic 1 7.42967 243529  3.05 0.0028 1475.54841 0.19374
NHWhite 1 1511109 447716  3.38 0.0010 1805.93193 0.21529

In order to further elaborate on the model for traditional sections it is expressed in equation form:
66 WO M ¢ 1l OEU X Y EAOHOAI™ X du
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There are four significant demographic predictors: Freshman, Hispanic, NHWhite and SeasonF.

According to this model, freshman score approximately 8.1 points lower than sophmores.

Freshmenrepresentamé i mat ed 72% of the traditional sect
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who account for an estimated 47% of the tradi
7.4 points higher than nedispanic stidentsas a whole A beta value of 151111 for the

NHWhite indicates that neHispanic White students, who account for an estimated 8% of the
traditional sections6 population, score appro
The SeasonF variable indicates that students in the fall sanseste approxiamtely 12.4 points

lower than students in the spring. According to the model, the only impactful OPREP

assignment was the Quiz. A 1 point increase in Quiz average yields a 0.32 point increase in the
CBT Final examination score. The maspactful nonROPREP assignment was the Midterm

Exam. A 1 point increase in Midterm examination score yields approxiamtely a 0.17 point

increase in the CBT Final examination scoEach additional point on the Algebra Compass

placement examination resuits0.58 point increase in the CBT Final examination score.

Table 4.23provides a snapshot of the predictions made by the model. Of the 136
observations, 12 observations were not used because of missing values. Of the 124 remaining
observations, the model correctly predicted the passing status of 90% (111/124) ofehis stud
who took the CBT Final examination. The remaining 10% respresents the 13 incorrectly
predicted studentsdé passing status. Eight of
would pass when, in fact, they failed (see observations 25 aindT@ble 4.23. Examples of
the remaining five of the 13, students who were projected to fail but passed, can be seen in
observation 136 ifable 4.23 In aggregate, 94 students (approximately 76%) passed the CBT
Final examination. The model slighthyerpredicted the number of students passing by

projecting 97 (approximately 78%).
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Table 423

Snapshot of Model Predictions: Traditional Sections (n =136)

I M2§d0duda ¢ Pl OEU® x Yy EAO%OAI™ X &u
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Output Statistics
?/(;tILLJJZI Predicted SIS . St I.Error Stu}dent
(Dependent  Value Mean  Residual Residual Residual Cook's D '
. Predict Actual Predicted
Variable)
bs Status Status
2 76 76.56 2.6898 -0.56 12.3 -0.046 0 Pass Pass
3 68 73.797 2.0896 -5.797 12.416 -0.467 0.001 Pass Pass
4 92 70.2741 | 4.2334 21.7259 11.858 1.832 0.048 Pass Pass
5 96 98.1098 | 3.5358 -2.1098 12.084 -0.175 0 Pass Pass
6 88 92.4418 | 2.7713 -4.4418 12.282 -0.362 0.001 Pass Pass
18 92 96.1975 | 2.7658 -4.1975 12.283 -0.342 0.001 Pass Pass
19 76 76.4392 | 4.7895 -0.4392 11.644 -0.038 0 Pass Pass
25 52 65.3388 | 2.6836 | -13.3388 | 12.302 -1.084 0.006 Fail Pass
26 84 93.2924 | 3.8599 -9.2924 11.985 -0.775 0.007 Pass Pass
27 88 83.9688 2.597 4.0312 12.32 0.327 0.001 Pass Pass
28 64 63.2214 | 3.1856 0.7786 12.181 0.064 0 Pass Pass
29 88 91.0224 3.1274 -3.0224 12.196 -0.248 0 Pass Pass
32 64 77.9554 | 2.5334 | -13.9554 | 12.333 -1.132 0.006 Pass Pass
33 40 43.6225 | 3.3887 -3.6225 12.126 -0.299 0.001 Fail Fail
60 32 41.3827 | 3.3435 -9.3827 12.139 -0.773 0.005 Fail Fail
61 52 60.6541 3.306 -8.6541 12.149 -0.712 0.004 Fail Pass
62 72 73.6331 | 4.2419 -1.6331 11.855 -0.138 0 Pass Pass
63 80 78.3684 | 3.0072 1.6316 12.227 0.133 0 Pass Pass
72 72 56.0103 | 3.0073 15.9897 12.227 1.308 0.011 Pass Fail
89 56 46.4698 | 3.7927 9.5302 12.006 0.794 0.007 Fail Fail
90 72 72.04 4.5867 -0.04 11.726 -0.003 0 Pass Pass
91 48 50.2563 | 3.1218 -2.2563 12.198 -0.185 0 Fail Fail
92 88 76.1473 | 2.4304 11.8527 12.354 0.959 0.004 Pass Pass
106 28 47.8895 | 3.9309 | -19.8895| 11.962 -1.663 0.033 Fail Fail
107 64 73.7548 | 2.9224 -9.7548 12.247 -0.796 0.004 Pass Pass
108 60 60.3405 | 2.9456 -0.3405 12.242 -0.028 0 Pass Pass
109 44 43.1295 3.6921 0.8705 12.037 0.072 0 Fail Fail
120 64 64.0336 | 2.8079 -0.0336 12.274 -0.003 0 Pass Pass
121 52 50.4787 2.7154 1.5213 12.295 0.124 0 Fail Fail
122 76 80.0072 | 3.5649 -4.0072 12.076 -0.332 0.001 Pass Pass
133 84 80.0396 | 4.8285 3.9604 11.628 0.341 0.002 Pass Pass
134 36 38.4241 | 3.4426 -2.4241 12.111 -0.2 0 Fail Fail
135 36 39.8664 | 3.9181 -3.8664 11.966 -0.323 0.001 Fail Fail
136 60 46.5336 3.539 13.4664 | 12.083 1.114 0.012 Pass Fail
Sum of Residuals 0
Sum of Squared Residuals 18231
Predicted Residual SS (PRESS) 21156
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Multiple Linear Regression Model: Hybrid Sections

The SBC column of Table 4.24epicts the best model based on minimizing SBC for the
hybrid class type. The model that minimized SBC included the following predictors: Quiz ,
Midterm Exam, Algebra Compass Placement examinatiorARebra Compass Placement
examination, Female ( Female =1, Male =0) and Black. Only four of the six prsdacto
significant at the 5% level. The Algebra Compass Placement examination variablevasea p

of 0.3384 and the Black variable has-agtue of 0.1197.

Table 424
Best Multiple Linear Regression model by SBC Information Criteria Meabiytarid
Dependent Variable: 'CBT Final Exam'n
Hybrid Sections
Heuristic Information Criteria
Model Selection Measure p-value| SBC | p-value d p-value
Schwartz Baysian Criterion ( SBC )| 266.313 292.596 293.386 292.596
Baysian Information Criterion ( BIC ): | 261.025, 285.540 283.503 285.540
Akaike Information Criterion ( AIC): | 256.753 282.560 279.463 282.560
Root Mean Square Error (RMSE );| 12.431 12.497 12.521 12.497
Mallows CP (CP )] 0.368 5.000 7.000 5.000
R-squared (R):| 0.573 0.555 0.579 0.555
Number of Observation Read| 71 71 71 71
Number of Observation Used} 50 55 Max Oby 54 55 Max Obs
Independent Variables / Predictors
Intercept 18.2494| 0.0196 17.6743 0.0211 | 21.1493| 0.0123 17.6743 0.0211
In Class Assigments Average
Homework Average
Quiz 0.1443 | 0.0175 0.1751 0.0024 | 0.1899 | 0.0015 0.1751 0.0024
Midterm Practice
Aggregated time spent
Aggregated activities
Aggregated log-in days
Attendance
Midterm Exam 0.3810 | <.0001 0.3737 <.0001 | 0.4143| <.0001 0.3737 <.0001
Algebra Compass Entrance Exam -0:3504| 63384
Pre-Algebra Compass Placement 0.2921 | 0.0049 0.2590 0.0093 | 0.3105| 0.0159 0.2590 0.0093
Freshman ( Freshman=1, Sophmore=0)
Female ( Female =1, Male =0) 10.8660| 0.0087 10.4771 0.0079 | 11.9131] 0.0048 10.4771 0.0079
Black -6.0800 0.1197
Hispanic
Asian
NHWhite (Non-Hispanic White)
LSES (Low Socioeconomic Status)
SeasonF (Fall = 1, Spring = 0)
ClassTimeM (Morning = 1, Afternoon = 0)
Note.Highlighted columns converge to the same model. Independent variables that a
significant at the 5% level are identified by beta and correpondiraduyes in bold.
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In order to modify the best SBC model into a model with only sicamt predictors, the
investigator employed the backward elimination. Tdwult was depicted in Table 4.@4der
the SBC + Backward column. The multiple linear regresssion model started with the six
predictors from the minimized SBC model and systerallyicemoved the insignificant
variables one step at a time wittvalues greater than 0.05. The beta and corresponding p
values were recalculated for each step obimekward elimination. Table 4.2fsplays this
modified SBC with backward eliminatioas well as summary of the insignificant variables
removed during the elimination process.

Table 4.24shows that when the investigator used the heuristic backward, forward and
stepwise eliminations to identify the best model, all converged to the same subset of predictors as
the SBC with backward elimination model. The heuristic models (n = 50) acco&i%, ¢
squared = 0.571, of the variance in the CBT Final examination; however, the SBC with
backward elimination model (n = 55) accounts for 56%guwared = 0.555 . With closer
examination, when the same number of observations (n = 55) are us#utethenristic models
and SBC with backward elimination model have identical beta aradygs as seen in the Max
Obs Heuristic and Max Obs B+ Backward columns in Table 4.24

To elaborate on the model for hybrid sections it is expressed in equation f
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Table 425

Multiple Linear Regression model by SBC after Backward Elimination: Hybrid Sections

Summary of Backward Elimination

Variable Number  Partial Model
Step Removed Vars In R-Square R-Square  C(p) F Value Pr>F
1 Algebra Compass Entrance Exam 5 0.0084 0.5704 59355 0.94 0.3384
2 Black 4 0.0162 0.5542 5.7400 1.81 0.1852

Heuristic Backward CBT Best Model w/ Demo by SBC w/ Midterm by Type: Hybrid

The REG Procedure
Model: MODELA1
Dependent Variable: CBT Final Exam

Number of Observations Read 71
Number of Observations Used 54
Number of Observations with Missing Values 17

Analysis of Variance

Sum of Mean
Source DF  Squares Square F Value Pr>F
Model 4 969534301 2423.83575 15.23 <.0001
Error 49 7797.99032 159.14266
Corrected Total 53 17493
Root MSE 12.61518 R-Square 0.5542
Dependent Mean 73.77778 AdjR-Sq 0.5178
Coeff Var 17.09888
Parameter Estimates
Parameter Standard Standardized
Variable DF Estimate Error t Value Pr>|t| Typell $S Estimate
Intercept 1 17.72161 7.49444 236 0.0221 889.84579 0

0.37121 0.08753  4.24 <.0001 2862.18813 0.43597
017772 0.05615  3.16 0.0027 1594.11923 0.31534
1041281 3.82971  2.72 0.0090 1176.50041 0.27272
0.25803 0.09671  2.67 0.0103 1132.93580 0.28272

Midterm Exam

Quiz

Female

Pre-Algebra Compass Placement

—_ s
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The Female variable is the only significant demographic predictor. According to this
model, women , who account for an estimated
approximately 10.4771 points higher than their male counterparts. Accooding model, the
only impactful OPREP assignment was the Quiz. A 1 point increase in Quiz average yields a
0.32 point increase in the CBT Final examination score. The most impactfQPBEP
assignment was the Midterm Exam. A 1 point increase in Midexamination score yields
approxiamtely a 0.17 point increase in the CBT Final examination score. It is important to note
that each additional point on the Algebra Compass placement examination results in a 0.58 point
increase in the CBT Final examiratiscore.

Table 426 provides a snapshot of the predictions made byybeid model. Of the 71
observations, 16 observations were not used because of missing values. Of the 55 remaining
observations, the model correctly predicted the passing sta29©f(46/55) of the students
who took the CBT Final examination. The remaining 18% respresents the 10 incorrectly
predicted studentsd6 passing status. Si x of
would pass when they failed (see observetidl in Table 42). Examples of the remaining four
students who were projected to fail but passed, can be seen in observations 20 drabk0 in
4.26 In aggregate 44 students (approximately 80%) passed the CBT Final examination. The
model slightly eerpredicted the number of students passing by projecting 46 (approximately

84%).

6



Effective Online-PREP Implementation

109

Table 426

Snapshot of Model Predictions: Hybrid Sections (n =71)

T W omd 00T o
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Output Statistics
/\\/ﬁ? Predicted S IS? . St Error Stu.dent
(Dependent  Value Mean  Residual Residual Residual Cook's D _
. Predict Actual Predicted
Variable)
bs Status Status
1 96 98.647 3.9326 -2.647 11.862 -0.223 0.001 Pass Pass
5 76 76.445 2.6883 -0.445 12.204 -0.036 0 Pass Pass
6 88 75.1668 | 5.0504 12.8332 | 11.431 1.123 0.049 Pass Pass
7 80 77.5048 2.1464 2.4952 12.311 0.203 0 Pass Pass
8 84 87.4095 3.8464 -3.4095 11.89 -0.287 0.002 Pass Pass
9 84 79.3115 3.2167 4.6885 12.076 0.388 0.002 Pass Pass
10 56 54.7832 5.1723 1.2168 11.376 0.107 0 Fail Fail
15 80 73.1743 3.5725 6.8257 11.975 0.57 0.006 Pass Pass
16 88 90.8184 | 4.7372 -2.8184 11.564 -0.244 0.002 Pass Pass
17 88 78.8233 5.2846 9.1767 11.324 0.81 0.029 Pass Pass
20 60 59.5436 3.2119 0.4564 12.077 0.038 0 Pass Fail
33 68 74.0053 | 2.4472 -6.0053 12.255 -0.49 0.002 Pass Pass
34 72 88.0329 2.6201 | -16.0329 | 12.219 -1.312 0.016 Pass Pass
35 52 53.2432 3.9873 -1.2432 11.844 -0.105 0 Fail Fail
36 76 63.5105 3.7852 12.4895 1191 1.049 0.022 Pass Pass
37 80 86.1328 2.501 -6.1328 12.244 -0.501 0.002 Pass Pass
50 92 58.7913 3.677 33.2087 | 11.944 2.78 0.147 Pass Fail
51 84 88.3911 5.2584 -4.3911 11.337 -0.387 0.006 Pass Pass
52 80 76.8734 | 3.2645 3.1266 12.063 0.259 0.001 Pass Pass
57 80 83.2056 | 2.2977 -3.2056 12.284 -0.261 0 Pass Pass
58 100 99.5541 | 4.2707 0.4459 11.744 0.038 0 Pass Pass
59 24 39.3253 5.201 -15.3253 | 11.363 -1.349 0.076 Fail Fail
60 64 69.9428 | 4.2479 -5.9428 11.753 -0.506 0.007 Pass Pass
61 88 88.5387 2.7192 -0.5387 12.197 -0.044 0 Pass Pass
62 92 96.3554 3.6995 -4.3554 11.937 -0.365 0.003 Pass Pass
63 92 87.9101 3.066 4.0899 12.115 0.338 0.001 Pass Pass
70 88 63.862 4.1063 24.138 11.803 2.045 0.101 Pass Pass
71 56 67.4066 | 4.3058 | -11.4066 | 11.732 -0.972 0.025 Fail Pass
Sum of Residuals 0
Sum of Squared Residuals 7808.482
Predicted Residual SS (PRESS) | 9608.947
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Multiple Linear Regression Model: ASAP Sections

The SBC column of Table 4.2iepicts the best model based on minimizing SBC for the

ASAP classtype. The model that minimized SBC included the following predictors: Midterm

110

Practice, Aggregated leig days and Midterm Exam. Only two of the three predictors are

significant at the % level. The Midterm Exam variable has-aglue of 0.1391.

Table 427

Best Multiple Linear Regression model by SBC Information Criteria Measure: ASAP

Dependent Variable: 'CBT Final Exam'n

ASAP Sections

Heuristic Information Criteria
Model Selection Measured pvalue| SBC | p-value p-value
Schwartz Baysian Criterion ( SBC ){ 248.577 278.990 280.593 278.990
Baysian Information Criterion ( BIC ): | 246.487 275.369 275.264 275.369
Akaike Information Criterion ( AIC ): | 242.963 273.023 272.637 273.023
Root Mean Square Error (RMSE ) 12.190 12.195 12.047 12.195
Mallows CP (CP )| -4.506 3.000 4.000 3.000
R-squared (R):| 0.301 0.325 0.354 0.325
Number of Observation Read| 54 54 54 54
Number of Observation Used] 48 54 Max Oby 54 |Max Obg 54 Max Obs
Independent Variables / Predictors
Intercept 51.1598| <.0001 48.7393 <.0001 | 38.9678| 0.0001 48.7393 <.0001
In Class Assigments Average
Homework Average
Quiz
Midterm Practice 0.1938 | 0.0014 0.2094 0.0003 | 0.1678 | 0.0073 0.2094 0.0003
Aggregated time spent
Aggregated activities
Aggregated log-in days 0.4005 | 0.0287 0.4503 0.0106 | 0.4308| 0.0135 0.4503 0.0106
Attendance
Midterm Exam 01635 | 64391
Algebra Compass Entrance Exam
Pre-Algebra Compass Placement
Freshman ( Freshman=1, Sophmore=0)
Female ( Female =1, Male =0)
Black
Hispanic
Asian
NHWhite (Non-Hispanic White)
LSES (Low Socioeconomic Status)
SeasonF (Fall = 1, Spring = 0)

Note.Highlighted columns converge to the same model. Independent variables that a|
significant at the 5% level are identified by beta and correpondiraguyes in bold.
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To modify the best SBC model into a model with only significant predictors, the
investigator employed backward elimination. efesult is depicted in Table 4.8@der the SBC
+ Backward column. The multiple linear regresssion model started with the three predictors
from the minimized SBC model and systematically removed the insigmtificaiables one step
at a time with pvalues greater than 0.05. The beta and correspondiafups were recalculated
for each step of the backward elimination. TabR84lisplays this modified SBC with
backward elimination as well as summary of th&gnificant variable removed during the

elimination process.

Table 428

Multiple Linear Regression model by SBC after Backward Elimination: ASAP Sections

Summary of Backward Elimination

Variable Number Partial Model
Step Removed Vars In R-Square R-Square C(p) F Value Pr>F
1 Midterm Exam 2 0.0292 0.3247 4.2593 2.26 0.1391

Heuristic Backward CBT Best Model w/ Demo by SBC w/ Midterm by Type: ASAP
The REG Procedure

Model: MODEL1
Dependent Variable: CBT Final Exam

Number of Observations Read 54
Number of Observations Used 54

Analysis of Variance
Sum of Mean
Source DF Squares Square F Value Pr>F
Model 2 3647.52363 1823.76181 12.26 <.0001
Error 51 7584.47637 148.71522
Corrected Total 53 11232

Root MSE 12.19489 R-Square 0.3247
Dependent Mean 78.66667 Adj R-Sq 0.2983
Coeff Var 15.50197

Parameter Estimates
Parameter Standard Standardized
Variable DF Estimate Error|t Value Pr> [t| Typell SS Estimate
Intercept 1 48.73931 6.88653 7.08 <.0001 7449.26291 0
Midterm Practice 1 0.20943 0.05383 3.89 0.0003 2251.06777 0.45001
Aggregated log-in days = 1 0.45028 0.16975  2.65 0.0106 1046.47239 0.30683
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Table 4.Z shows that when the investigator used the heuristic backward, forward and stepwise
eliminations to identify the best model, all converge to the same subset of predictors as the SBC
with backward elimination model. The heuristic models (n = 48) accouB0fb, rsquared =
0.301, of the variance in the CBT Final examination; however, the SBC with backward
elimination model (n = 55) accounts for 32%squared = 0.3247 . With closer examination,
when the same number of observations (n = 55) are useththbauristic models and SBC
with backward elimination model have identical beta amvdlpes as seen in the Max Obs
Heuristic and Max Obs SBC + Backward columns in Tali¥&.4

To elaborate on the model for ASAP sections it is expressed in equatian for
0 0 "0Qe@aw &
The are no significant demographic predictors. According to the model, the only impactful
OPREP assignment was the Midterm Practice examination. A 1 paieagecin Midterm
Practice examination average yields a 0.21 point increase in the CBT Final examination score.
There are no impactfulne@P REP assi gnment s. The ASAP secti
with a significant OPREP metric for time and activityA 1-day increase in Aggregated lag
days yields approxiamtely a 0.45 point increase in the CBT Final examination score.

Table 4.2%rovides a snapshot of the predictions made by the model. All 54
observations, were used. The model correctly predicted the passing status of 94% (51/54) the
students who took the CBT Final examination. The remaining 6% respresents the 3 incorrectly
pedi cted studentsdéd passing status. All 3 inci

when they failed (see obwations 19 and 53 in Table24). In aggregate 50 students
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(approximately 91%) passed the CBT Final examination. The modelglayerpredicted the

number of students passing by projecting 53 (approximately 96%).

Table 429
Snapshot of Model Predictions: ASAP Sections (n =54)
1. Moo 0Qe@wda ™ mad QQo Qil wo @dQ o
0 QO Q@ "TNEwWIT & c wo
Output Statistics
?/(:ILLJEI Predicted S (=707 . St I;rror Stu-dent
Mean Residual Residual Residual Ccook's D
(Dependent  Value ) .
Variable) Predict Actual Predicted
bs Status Status
1 76 88.2994 | 2.6103 |-12.2994 | 11.912 -1.033 0.017 Pass Pass
2 92 83.9432 2.3959 8.0568 11.957 0.674 0.006 Pass Pass
6 84 86.3457 2.3159 -2.3457 11.973 -0.196 0 Pass Pass
7 84 78.2043 | 1.9892 | 5.7957 | 12.032 0.482 0.002 Pass Pass
8 92 84.7854 | 2.2366 7.2146 11.988 0.602 0.004 Pass Pass
9 72 71.8936 | 2.2211 | 0.1064 | 11.991 0.009 0 Pass Pass
10 68 73.1485 | 2.9898 | -5.1485 | 11.823 -0.435 0.004 Pass Pass
14 92 92.4986 | 3.5231 | -0.4986 | 11.675 -0.043 0 Pass Pass
15 96 86.1931 | 2.4085 | 9.8069 | 11.955 0.82 0.009 Pass Pass
16 88 83.2178 | 2.7414 | 4.7822 | 11.883 0.402 0.003 Pass Pass
19 56 64.1566 | 3.379 -8.1566 | 11.717 -0.696 0.013 Fail Pass
20 96 87.1012 | 2.4303 | 8.8988 11.95 0.745 0.008 Pass Pass
21 56 57.7405 | 4.5835 | -1.7405 | 11.301 -0.154 0.001 Fail Fail
26 80 84.0255 | 2.0035 | -4.0255 | 12.029 -0.335 0.001 Pass Pass
27 96 88.5956 | 2.603 7.4044 | 11.914 0.621 0.006 Pass Pass
28 92 96.801 | 5.7549 -4.801 10.752 -0.447 0.019 Pass Pass
29 60 60.7698 | 3.9768 | -0.7698 | 11.528 -0.067 0 Pass Pass
40 84 82.3678 | 1.9981 | 1.6322 12.03 0.136 0 Pass Pass
41 60 75.6136 | 2.2116 | -15.6136 | 11.993 -1.302 0.019 Pass Pass
45 80 79.5189 | 2.1014 | 0.4811 | 12.012 0.04 0 Pass Pass
46 80 76.3429 | 2.8759 | 3.6571 | 11.851 0.309 0.002 Pass Pass
47 72 61.3443 | 4.0549 | 10.6557 | 11.501 0.927 0.036 Pass Pass
48 76 76.0908 | 2.2336 | -0.0908 | 11.989 -0.008 0 Pass Pass
49 92 78.886 | 2.8171 | 13.114 | 11.865 1.105 0.023 Pass Pass
50 72 77.865 | 1.7751 -5.865 12.065 -0.486 0.002 Pass Pass
51 72 73.1116 | 4.2269 | -1.1116 | 11.439 -0.097 0 Pass Pass
52 64 77.7746 | 3.0303 | -13.7746 | 11.812 -1.166 0.03 Pass Pass
53 56 71.8116 | 2.2346 | -15.8116 | 11.988 -1.319 0.02 Fail Pass
54 64 75.0967 | 1.8099 | -11.0967 | 12.06 -0.92 0.006 Pass Pass
Sum of Residuals 0
Sum of Squared Residuals 7584.476
Predicted Residual SS (PRESS) | 8634.956
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CHAPTER V
DISCUSSION

Incorporate Student Experiences into Implementation Strategies

Importance of the OPREP gradebooKhe central phenomenon revealed in the results
of the first two research questions was the student need for detailed and relevant feedback when
using aronline preparation and rigorous enhancement platf@RRER suchas WebAssign
On a macro level, this feedback was manifeste
overall grades at any instance during the semester. Of all the features included in the student
experience quest i onswasdtheegstnequentlyiused Severa siglentgr a d e
discussed the importance of being able to track their grade and how this progress report
functioned as a motivating factor. According to Elliott and Dweck (1988), performance goals
(often extrinsic) or lelaing goals (often intrinsic) are generally exhibited by students on the path
to achievementln this context, a good grade or a passing grade can be considered a
performance goal. Some students are motivated to earn good grades while others ar@ motivate
to avoid failing; these are just two options on the spectrum of achievement goals that possibly
affectastudeidts | ear ni ng o Mtiteoneye20@4D @he samificati@ns of failing
(time, finances, emotional toil and opportunities) and haiormgpeat elementary algebra, a
prerequisite course, can be considered external motiviatoai students.

Simoncredited motive and emotion as prominent influences on cognitive behavior
(Simon, 1967. Avoidance of the possible detrimental reperarssf failing provides adult
students with the tangible need to learn that Knowles referred to. Adult stlebgresience a
need to learn in order to cope more satisfyingly with-lieatasks or problems" (Knowles, 1980
p 44). Viewing a perceiveduograde can facilitate seffirected learning by motivating students

to change (or seek help to change) their study habits in order to improve their performance thus
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increasing their gradeTracknggr ades can 1 mpact an amAlt | earn
student s response to viewing their overall g
internal priority such as seisteem.Fi di shun ( Acdbvii€sYhatst awieldd -$it uden:
esteempr sense of accomplishment through, fkeiraple, the completn of goals or modules
that carbe checked off in a sequence, may help motivate completion of a longelesgop . 4)
Seeing that their effort lead to a correct answer, a completed assignmentasenia overall
gradecan result ira sense of accomplishment and possibly posytivepact on studergelf
esteem.

Admi ni strators and f ac uimpoytanee @fnewingsgedes)t uden't
as a firm basis to make better decisions when adopting and implementingecitigational
technology. For example, on WebAssign students can see their grades on individual assignments
but cannot track their overall grades unless an instructor sets up a gradebook. Departments
requiring the implementation of an OPREP should makapanopriate gradebook mandatory.
The word Aappropriateo is used because some O
students a false impression of their progress because the gradebook does not automatically
i nclude missing as s ergllgnde nalcgatians Thatmeanssifta stubdennh t 6 s
averages a 90% on the first three assignments but does not attempt the remaining 10
assignments, the students ovegadide will still appear as 90%, thereby misleadingformed
instructors and studentsowld have a false impression.

Another recommendation involving the gradebook relates to an assignment due date.
Some instructors leave all assignments open until the end of the semester. This policy neglects
the value of setting deadlines and benchsdor students Specifically,students are unaware of

their progress because the gradebook does not (or should not) include an assignment in a
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student 6 s oV er ahbssigngmentddadlinalf the du¢ date k theslast wedk of the
semester, then the student loses the chance for #ea@ldmmediate feedback in terms of
constant progress reports in the form of her/his overall grades. The gradebook is defined as a
feature, but is similar to a learning tool; it promotes studentilegthrough tapping into
extrinsic motivation associated with passing or the fear of failure and its ramifications. If there is
a desire to give students more time and opportunity to complete assignments, then this can be
accomplished with appropriate ddates and enabling automatic extensions with adequate
penalties. Departmental administrators could require faculty members to set appropriate due
dates, thus providing appropriate benchmarks
overallgrades. #/ st udent 6s desire to have i mmediate f
undeniable and should not be igngrespecially when it can be reasonably accommodated.

This recommendation includes adding offline assignments such ashzeeer quizzes,
midterm examinationsand projects into the gradebook. It can be accomplished by creating a
placeholder assignment with the name of the assignment (e.g., Midterm) that can be distributed
to faculty at the beginning of the semester. Student scores caruttedngirectly into the
OPREP or uploaded from a spreadsheet. The students in this study were able toirview the
grades for each assignment category: attendancégss, homework, quiz, midterm, practice
midterm, cumulative quiz, practice final, depagttal final examination and CBT final
examination. They were able to view that <cat
any time during the semester. Their OPREP gradebook included scores for-basauer
midterm, departmental final examtian and CBT final examination as well as a placeholder

assignment to track attendance.
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Importance of the OPREP extensiongiewing a perceived low grade can facilitate self
directed learning by motivating students to change (or seek help to changsjuthginabits in
order to improve their performance thus increasing their grade. Several,shalliesng
Hirsch (2003) have mentioned the problem of students not completing thekbasdéd
homework assignmesit The gradebook informs the instructand the student, of current
progress through the OPREP assignments and raalgmtterns in student effort (or lack of
effort) apparent to both parties before a summative assessment. Through requesting assignment
extensions, students in this study hlagl dpportunity to improve their grades by revisiting
assignmentsOPREPs with extension abilities require an OPREP instructor or departmental
OPREP coordinator to define an extension policy. In this study, the instructor set up an
automatic extension ¢ipn to minimize students explaining the need for an extension and reduce
the time required for an instructor to grant a manual extengiutomatic extensions were not
available for high stakes assessments such as@aass quiz or examination.Theresults show
that the student®tind theextension®ptioninvaluable.

Though extensions were the second least used ORRERe, students mentioned their
importance as a stress reliever and a vehicle to improve their grades. The combination of the
ability to view current grades and request assignment extensions resulted iregsilfory
response. Sellegulation is the generation of actions, feelings and thoughts in pursuit of a
particular goal through reflection (Schunk & Zimmermann, 19®4ring the semester, students
reflected on their current grades, aittkally, set a goal to increase those grades. This reflection
resulted in the act of requesting an extension. The existence of extensions facilitated the
student s6 bel ihanfjesthetrdjeatory of thee semest@tuderd selefficacy

within this context influenced seif e g u | d'heiperaeived uséfulness of a Wadsed tool is
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an outcome expectation, a facet of sdffcacy influencing self e g u | (&iaw, 2002 pas ited
in Hauk 2005, p239)Hauk 6 s wor k focused on the persisten
OPREP homework assignment (e.g., when reworking the assignment based on feedback about its
correctness); however, it can be extended to OPREP features éidebgok and extensions),
which exist outside assignments.
In the current study reported here, it is important to recognize that no students were
required to use these learning tools or features (except notifications) but they voluntarily choose
to usethem to enhance their learning experiencéhe students were exposed to features and
instructed on how to use them at the beginning of the semester.
It is also important that setfirectedness not be confused with saitivation. Although
a student mabe motivated to take a course; they may not bedsed€ted enough to feel
comfortableé cr eat i ng t h envinnmentonlears in a wethasedrceudse.
Encouraging selflirectedness may also take the form of addél instructor contact in
the beginning stages of the clagkidishun,2000, p. 2)
Exposing the students to these features and learning tools in the first meetings set the precedence
of their importance and it was unnecessary to emphasize their use throughout the semester. Once
exposed, students saw their value and used the appropriate features accordingly. Even the
students whereferred papeb ased assignments did not deny th
immediate feedback.
OPREP learning tools as feedback.he central phenomenari the student need for
detailed and relevant feedback when using an OPREP was apparent in the results of the second
research gquestion as wel/l. On a micro |level,

learning tools to receive or@tone individalized instruction/ feedback within an assignment.
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An axiom of webbased homework is that achievement necessitates practice, homework is a
vehicle for practiceand improving the speed of feedback will increase student learning
(Pascarella, 2004)The level of feedback available to students in this study was scarcely referred
to in the literature.Several studiesncluding Hauk (2015) and Hirsch (2008¢ported concerns
that theweb-based homework systgmovided immediate feedbackly in terms of correctness.
Zerr (2007) discussed incorporating detailed feedback in the form of a solutiorl&ey.
emphasized the importance of the attefepdbackreattempt sequence that occurs when
students interact with instructors in a classroom aagbtential for an OPREP to replicate this
sequence through expanded feedback. This stu
tools on WebAssign s esgmaptololemaid.dnprewng peBoimamcend s t w
more than is achieved ingigal, groupbased classrooms instruction. Students in the traditional
learning condition irthis study, through the OPRERave access to ormtone individualized
instruction when needed, especially outside the classroom.

The majority of students fouritie learning tools useful and leveraged them to facilitate
gr owt h. Al n particular, st ude nbasedtooptheirc ept i on
intentions to use it, and their beliefs about a subject are key determinants of motivation to persist
in efforts, in this case to do mathematics, inaWebbs ed environmento (Liaw,
Hauk, 2005, p239). In general, the students find this immediate feedback not just useful but
essential to their learning process. Students distinctly peefeising affordances such as
We b Assi gno6s ystep intéracteve tlitdrial) (adtke Rractice Another Versiotool
aswellasvat ch It (l ecture videos) more than using

preferences were distinct, but mterwhelming. For example, the scaffolding in Master It
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(mastery tutorialsyvas frequently used; however, Read It (electronic textbook) was for the most
part only occasionally used.
Previous studies about wdlased homework systems mentioned studasttsitilizing
the textbook before starting an assignmeAtcording to Khanlarianteachers report that due to
unlimited attempts to get the right answer, students do not read the chapt&harga(ian,
2010. Educators must consider thadultleare r s desire t o know the rea
somet hing or ho wFidighun@Qdoo0, p. 3)b & theegbadl is to com@Eevo  (
homework assignment, then an adult learmayuse their current knowledge to attertyt
answer a questiopefore recognizinghe needo access learning toosuch as the textbook
Forcing students to read the textbook tvempting to control how and whexdult learnersise
these learning toolduring a homework assignment is counterprodudiaeause it aatradicts
an adul t -toacapt Knewled, slolteneahd Swanson (1998) reporteth at fadul t s
resent and resist situationsanrh i ch t hey feel ot hers @®B% | mposi:
When the students needed help to start a probleanaass a higher level of feedback to work
through the problem, thel®ok was the least used option.
It becomes extremely important for those who are designing techrbésgpd adult
learning to use all of the capabilities of the technology including braggcthe ability to
skip sections a student already understands, and multiple forms of presentation of

material which can assist people with various learning st{fégishun,2000, p. 4)

Several students referred to the learning tostsch presenthe material in multiple formss a
substitute for their professor outside the classroom and expressed the desire to use it in future

mathematics courses.
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Synergy between OPREP learning tools and the instructdithough the majority of
students appreated the feedback from the learning tools, no stusiemgested that such
feedback could function as replacement for their instructor. Students generally viewed the
learning tools, whether used during arclass assignment or homework, as supplemental
instruction. They were useful as a tool for feedback and essential as a vehicle to enhance their
learning, especially outsidbe classroom. When asked to compare how much they learned in a
mathematics course using WebAssign versus one with traditionatpaged assignments, most
of the students felt they learned more with WebAssign. Approximately a quarter of the students
mentioned the importance of their teacher/ professor. Carl Rogers, American psychologist and
developer of facilitation theory, belied that learning relied on human relationships and it could
only occur in a nurturing environment for the student (Rogers, 1951). His humanist approach to
learning led historically to more recent strategies of studentered learning. Some students in
this study solely credited their professor and how much he cared with their suOoesstudent
mentioned liking WebAssign but preferred theclass experience. A majority of those that
mentioned their instructor credited a combination of WebAssign (especially the learning tools)
and their instructor for contributing to their growthkimowledge as well as success in the class.

When referencing the importance of the teaatadent relationship, Khanlarigd010)
suggests that communication is the key factor
theory] is true then perhapgechnology allows people to connect on a level that formerly was
reserved for facéo-face communicationPerhaps the important part of fateface
communication is the communication and notthetace a c e 0 ( p . scan@egnerally St ud e n
contact tleir instructor and ask for guidance through an OPREP; however, this form of

communication (outside a classroom) does not often result in instantaneous feedback. The
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immediate feedback from an OPREP in terms of correctnegsrcaiptstudensto engage in
selfregulating activities by seeking help through the learning tools and/or their instructor.
The act of attempting an assignment question and submitting a potential answer initiates
a process through whignecan diagnosie n en@astery of a learningutcome. If a student
struggles (incorrect answer or too many submissions), then it is possible to choose a learning tool
(or set of learning tools) to illuminate errors in thinking or to practice the skills she/he has
acquired. Through an OPREP, instars can also provide more resources suclidisi@nal
lecture videos, PowBoint lectures and hand written solution keys with commentafiyen
deemed necessary, an instructor can create a discussion forum to facilitate communication
between the instraor and the class. Students seeking to gain proficiency in a learning outcome
choose the resource(s) / learning tool(s) that best facilitate the achievement of that goal based on
their learning style For example, a student factoring a trinomial (whbkeeleading coefficient
is an integer greater than one) may click Watch It to access a lecture video on the ACfamethod
factoring trinomials Then that same student can click Practice It to access an interactig-step
step tutorial where the systemaigusly reviews skills (e.g., greatest common factor and
factoring by grouping) required to solve the problem. This student eagageHdirected
learning.
Il n its broaddstemeadi hgarosefbd descri bes a
individuals t&e the initiative, with or without the assistance of others, in diagnosing their
learning needs, formulating learning goals, identifying human and material resources for
learning, choosing and implementing appropriate learning strategies, and evaluating

learning outcomegKnowles, 1975, p. 18)
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When asked if WebAssign worked well with their learning style nth@rity of students
referred taheir favorite learning tools (e.g., visual learners and video lectures) but they also
menti oned t ha#abityts makenheis life @asier. Some thought the system was
easy to use in terms of online access and convenience. Others credited the system with helping
them stay focused and organized because their learning path was streamlined and thdg were ab
to access most of their resources in one place. According to the students, these qualities
facilitated their learning; therefore, the OPREP functioned as an online version of the nurturing
environment that Rogers (195®ferred to Though only 5% othose surveyed reported that
WebAssign did not work well with their learning styles it is important to note why. The only
student who elaborated on a reason referred to low computeffesdicy. According to
Santhanam, Sasidharan and Web&808),computer sefefficacy along with positive feedback
and learning orientation influence learning outcomes. Low computeeffielicy can act as a
barrier for students engaging in sedfyulatory learning and sedfirected learning.

While crediting incresed learning to the combination of their professor and working on
WebAssign, students also provided enlightening comments. They mentioned knowing their
instructor cared about their success. Students valued clear and precise explanations during the
lectr e . When the | earning tools did not facild@
student selfegulated by seeking additional help from the instructor (both inside and outside of
the classroom). Some of the most salient points cameshadens whorepeated elementary
algebra in the same college under different instructors. Several multiple repeaters referred to
role of the pr of es s oSarhanam ebpll(2008esogyestedittmin st r at e
instructional strategy is one tife key cedependent factor®.g., information technology and the

|l earnersd psychological p r o.cOmemsubide)repaatersstatedi ncr e

1
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that she used WebAssign in a class with two successive educators and noted that proper
instruction orusing an OPREP is essential. Another student spoke about the increased level of
immediate feedback she received from WebAssign compared to her previous experience of using
WebAssign with a different elementary algebranmstor. This is an importamerspective that

can mostly be offered by a multiple repediecause elementary algebra is the first course in this
college where the students are exposed to WebAsSiiien using an OPREP, an appropriate
implementation strategy is essential to studehtemement. Future research can explore the
difference in student experience and student performance based on instructors incorporating

different implementation strategies.

Incorporate Student Performance into Implementation Strategies

OPREP assignments related to student achievemeng&tudent achievement, measured
by CBT final examination, is significantly (U
OPREP assignment, OPREP time and activity meind, on-OPREP assessmertiat were
included in tlis study (see Table 4.1@r a list variables). All correlations were positive,
meaning that increase in student performance on any of these variables should coincide with an
increase in CBT final examination score. The strengthetorrelations varied. Only
statistically significant correlation coefficients greater than 0.3 in absolute value are displayed in
Table 4.17 Aggregated time spent, Aggregated activities, Aggregateahldgys, and Number
of log-ins had relatively wak correlations with the CBT final examination. The Pearson
correlation coefficient for Attendance was the only OPREP time and activity measure reported in
Table 4.17but it accounts for just under 10% of the variance in the CBT final examination.

Attendance had the strongest relationship with student achievement of all OPREP time and
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activity measures but the strength of the relationship is weak when compared to any OPREP
assignment.
The OPREP Quiz, Practice Final Exam and Practice CBT Final caoreldb student
achievement were distinctly stronger than the OPREP Homework@ea#s Assignment. This
was not surprising because the OPREP assessments are designed to function like traditional
paperbased summative assessments. An OPREP Homewbrdass Assignment is
designed to facilitate learning through practice and multiple levels of immediate feedback. The
practice examinations, when used correctly, are designed to prepare students for the depth and
breadth of a test. OPREP quizzes hattanger relationship with the CBT final examination
than any other OPREP assignment. The correlation coefficient of the quizzes was higher than
that ofthe papetbased departmental midterm examination and both Compass placement
examinations (algebra ampde-algebra). The only variable that hadtronger relationship with
the CBT final examination was the pajirsed departmental final examination. Neither the
departmental final examination nor the practice finals can serve as early predictorseot stud
achievement becausigey are administered within threeeks of the CBT final examination.
Regression analysis was used to determine the most relevant possible independent
variables (studentsd grades on ORBBPRdcatses i gn me
dependent variables (student achievemelmt}erms of a single assignment (or set of
assignments), student OPREP quiz average is the strongest early predictor for student
achievement. This was supported by thest results becausie difference in the quiz average
of students who passed the exit exaationwas significantly higher than those who failed. The
significant difference was consistent regardless if all class types are considered or individual

class types are considered.he ef fect size of was | arge, by C
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sections, traditional sections and when all sections were considered, but it was medium in the
hybrid sections.

An illustration applying the results of the quiz regression mod€br illustration
purposes, imagine that an instructor wants an early indicator for students who need intervention.
This instructor decides to use a studentds qu
Considering that the student needs a 60o{it5f25) or higher to pass the CBT Final
examination, the instructor may choose to use a higher es€@&(18 out of 25) as a buffer
when projecting student success on the final examination. According to the mbugirs 13
thecutoff Quiz average for atudent is approximately 61. This student would need to average
at least a 61 on the OPREP quizzes to achieve a projected 72 on the CBT Final examination.

It is important to note that this model has limitations. One limitation is the model
includesonly one predictor and the multiple linear regression results from research question (4)
show that better models exist that take into consideration demogrpahic differences. Quiz average
as a sole predictor only accounts for 29% of the variance in the CRBT&éxamination while the
multiple linear regression model account for 45% to 60% of the variance. A benefit of using this
single predictor model is the instructor saves time by avoiding the possible tedious process of
obtaining demographic data and othglevant data. Another limitation is that the model can
over predict based on the value of thmtgrcept, b = 51.7. This is close to 60, the score needed
to pass the CBT Final examination. One suggestion to compensate for this over prediction is to
increase the minimum required value (e.g., from 60 to 72 as discussed above) when using the
model to detemine eut-off score. Instructors should consider making a corrective adjustment

t hat slightly reduces a st ud ehattvafuswiththeosjudentt ed p
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There exists a limitation in applicability because the data included three different class
types. Welchds ANOVA confirmed that the mean
groups (i.e, traditional, hybrid and ASAP) a@ the sameThis suggest that class type specific
models may be more appropriate. The OPREP quiz may, or may not, be the OPREP assignment
with the strongest correlation within the class types. Future research can determine the best
single predictor rmdel for each class type.

The best multiple regression model for predicting student achievemerithe best
model included the following predictors: Quiz , Midterm Practice examination, Midterm Exam,
PreAlgebra Compass Placement examination, Hispanigp@ic = 1, notHispanic = 0) ,

SeasonF (Fall = 1, Spring = OThis modelaccounted for 45% of the variance in the CBT Final
examination.In equation form the model may be expressed as
0 0 "0'QE@xaw &

™ pu) OA&ITI CPAOD YO EODPAKFERTES AAOT 6 & o BY
When every other variable in this model is held constant, Hispanic students outperform their
nonHispanic peers by 5 pointglispanic stdents represent 43% of the population in this
sample and 38% of the population in the college. According to this model, students enrolled the
spring semester outperform their counterparts in the fall semester by 12 points, when all other
predictors are épt constant.

An illustration applying the results of the multiple regression modélor illustration
purposes, imagine that an instructor wants an early indicator for students who need intervention.
This instructor decides to use the mostimpadl# REP assignment, a studert

Considering that the student needs a 60 (1®025) or higher to pass the CBT Final
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examination, he instructor uses a score of 72 (18 ol%)f for projection purposes to provide
the students with a buffem examination day.

Example of application for neHispanic studentsin order to calcwdte the critical value
for theQuiz average of a neHispanic (Hispanic = 0) student during the fall semester (SeasonF
= 1), the instructor uses the means froatle 4.3to represent the performance of an average
student. According to the modelTable 4.20thecut-off Quiz average for a neHispanic
average student during thalFsemester is approximately .83 his student would need to
average at least a 5 the OPREP ujzzes to achieve a projected gi2the CBT Final
examinaibn. A Quiz average less than 8®uld indicate the student is at risk of failing the CBT
Final examination and could benefit from early intervention.

One drawbaclf using this modeds the availability of the demographic data needed to
identify a studer@s ethnicity and the time it takes to acquire it. When applied to all the data, this
model overpredicted the number of students passing by 5% ébée4.20 and correctly
predictal the passing status of 86% of the studefitee CBT Final examination scores cluster
near the top of scatter plot$his over prediction can be a problem when one looks at sudfset
students such as Hispanic students in the spring sentistereragescores fronTable 4.3are
used to represent average student then the model predicts that this subset of students can
preform poorly on the quiz and still marginally pass the CBT Framination One possible
solution is parsing the data and findingptseparate models, one for Hispanic students and
another for norHispanic students. Another approach is to find average scores for Hispanic
students and use those scores to make projects for the Hispanic students, the largest population.
Significant dfferences in class typg@esented a limitation that led the researcher to consider

classtype specific models.



Effective Online-PREP Implementation 129

The best multiple regression model for students in traditional sectionsThe best
model for the traditional classes included the following teds: Quiz , Midterm Exam,
Algebra Compass Placement examination;Agebra Compass Placement examination,
Freshman ( Freshman= 1, Sophmore= 0), Hispanic ;HNspanic White and SeasonF (Fall = 1,
Spring = 0). This modelaccounted for 60% of theariance in the CBT Final examinatiom
eqguation form the model becomes

66 VTN T ¢ L OEU X ZY EAOKHOAI T X du

118l | PAQR v @ OA&IT C PAMOOPROAOE T ¥8ic W)

(ECOPAP®A PP (TEEQM w@B8AAOT § & yBX
When every other variable in this model is held constant, Hispanic students outperform their
nonHispanic peers by 7 points and White students outperform thei\fuote peers by 15
points. According to this model, students enrolled the spring senwegperform their
counterparts in the Fall semester by 12 points when all other predictors are kept constant.
Sophmore students outperform freshman by 8
by the Compass play role. OPREP quiz average is the only OPREP assignment in the model.
According to this model, theut-off Quiz average for a Hispanic freshman student during the
Fall semester is approximately .8This Quizcut-off assumes the average midterm examination
algebra Compass placement examinatod the pe-algebra Compass placement examination
scoredor studentsn the traditional sectionsee Appendix B One limitation of this model is
that NonHispanic White students perform significant better than their counterparts but they only
represent 8% (11 out of 133) of the population. When applied to all the traditional section data,

this model overpredictedeémumber of students passing by 2% (Balele 4.23 and correctly
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predicted the passing status of 90% of the students. This is 4% higher than the all class types
model.

The best multiple regression model for students in hybrid sectionsThe best mode
for the hybrid classes included the following predictors: Quiz , Midterm ExarrAlBedra
Compass Placement examination and Female ( Female =1, Maldhi®model accounted for
55% of the variance in the CBT Final examination

66 VQETEWG TH X P O QAT X FPN QQO Vibd@ amg v BT

01 Q&AED 1) QipiB x XPOQdG &g X BO
When every other variable in this model is held constant, Women outperform their Male
counterparts by 10 pointferformance on the midterexaminatorma nd a st udent 6s i1
ability as measured by the Compass play a role. Once again, OPREP quiz average is the only
OPREP assignment in the modekccording to this model , theut-off Quiz average for an
averagemale student is approximated. This Quizcut-off assumes that average midterm
examinatiorscore and therp-algebra Compass placement examinat@rhybrid studentgsee
Appendix B. When applied to all hybrid section data, this model overpredicted the number of
students passing by 4% (SEable 4.2¢ and correctly predicted the passing status of 82% of the
students. This is 4% lower than the all class types model.

The best multiple regression model for students in ASAP sectiond.he best model
for the ASAPclasses included the predictdigdterm Practice and Aggregated {ogdays. In
order to further elaborate on the model it is expressed in equation form:
66 WRE@Ha T MWD QQO Qi @0 Q6 QO Q "Qodd "W o i

T & 0 w8o
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This model accounted famly 32% of the variace in the CBT Final examinatiowhich is

much less when compared to the other class types. This mayrzBcation that other factors
impact ASAP students, such msindatory tutoring, intrusive advisement and additional financial
aid may. Future research that includes these faattayg reveal more about ASAP students. The
students in the ASAP sections had the highest passing rates and highest average CBT Final
examination score.

There are no significant demographic variables in this model. The OPREP quiz average
is not a signiftant predictor. The midterm practice examinations variable is the only OPREP
assignment in the model. Aggregated login days is the only OPREP time and activity metric to
appear in any modeMhen this model is applieto all ASAP section data, timeodel
overpredicted the number of students passing by 5%Tl@ee 4.29 and correctly predicted the
passing status of 94% of the students. This is 8% higher than the all class types model.
According to this model , to achieve a 72 on the CBT exit exaimmthecut-off midterm
practice examin@ns average is approximately.3%hismidterm practiceut-off assumes that
average number ofygregated login dayer ASAP students35 (seeAppendix B. If the
average midterm practice examination sdoreASAP students (i.e., 67 used, thetthe cut-off
aggregated login days is approximately 21f the OPREP provides the instructor with the
average weekly logns then mulitplying by the number of weeks in the term provides a
projection of the stud#s aggregated loem days. This measure can be used as an early indicator
for ASAP students needing interention. Future research of the effectiveness of such a measure is

suggested.
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Conclusion

Thecentral phenomenon was timeportance of the immediate relevant feedback on
WebAssign to the studer@iearning processncluding their motivation. On a macro level the
constant progress report in the form of the s
assignments impact thatagle was essential. The students valued the ability to track their grades
at any time and request extensions when necessary to improve those grades. Combining the
gradebook with extensions facilitated seifected learning and saiégulated learning ian
online environment where students could control the trajectory of their performance. On a micro
level, the immediate feedback through learning tools inside assignments was essential outside the
classroom. These learning tools also facilitatedregfilation by allowing a student to create a
successful path to achieving a learning outcome. The nature of the feedback extended beyond
correctness. Students preferred to use interactivebstspep tutorials, practice different
versions of the problem, dnvatchlectures more than any other learning tool.

The instructoroés i mplementatioMulipes a poi n
repeaters of elementary algebra stressed the importance of the OPREP implementation strategy
on their achievement. @uments range from differences in the availability and strategic
deployment of the learning tools to proper instruction on how a student should use the OPREP.
The literature shows that OPREPSs are typically employed to replace the tedious and time
consuminggrading of papebased homework. Ignoring the testing management features of an
OPREP, and limiting it to using welimsed homework tool, is a reflection on the importance of
an implementation strategy. Although this study confirms a significant antvedirge
correlation between homewodhd an exit examination, it alsbows that OPREP assessments,

such as quizzes and practice examinations, have stronger positive correlations. Results showed
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that an OPREP quiz average was the best sole predid¢ter imear regression analysis. OPREP
quiz average was also the only OPREP assignment variable that was a significant predictor in the
multiple linear regression. Mathematics Departments using OPREPs should choose an OPREP
with adequate macro and midevel immediate feedbackl he recommendations to improve
OPREP implementation strategies include setting up an appropriate gradebook, providing access
to robust learning tools, using OPRE§sessmen{&.g., quizzes and practice examinaticars)
creatinga studententeredextension policy

When class type was considered, OPREP quiz average remained the only predictor out of
the OPREP assignments for traditional and hybrid classes. The model for both class types
included demographic variables and iditi@athematic ability variables. The multiple regression
model for the ASAP elementary algebra classes uséigtmm practice average (OPREP
assignment) and Aggregated dogdays(OPREP time and activity metric) as its only predictors.
The students in the ASAP sections had highest passing rates and highest average CBT Final
examination score. Future research to improve the class type models are recommended. For
example, an ASAP multiple linear regression model including outside $agtandatory
tutoring and intrusive advisement) impacting ASAP may account for a higher percentage of the
variance for student achievement. Future research that includes these factors may reveal more

about ASAP students.
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APPENDIX A

Table A.1

Results of the ANOVA by Group, Levenebds test and Wel ch

Example of one-way ANOVA CBT Final Passing Rate & Groups
The ANOVA Procedure

Levene's Test for Homogeneity of Passing Rate Variance
ANOVA of Squared Deviations from Group Means

Source DF Sum of Squares Mean Square F Value Pr>F

Group 7 113972 16281.8 6.24 <.0001
Error 42 109631 2610.3

Welch's ANOVA for Passing Rate

Source DF FValue Pr>F

Group 7.0000 137.60 <.0001
Error 15.9153

Note. The CBT Final examinat i otypeswaacomparedstsdiffargnt groaps ia thed umivers

syst em. Leveneds test f o-valudlesstbag €00% whicl is lesk than the dritecal @.05 salpha \als|

This means the null hypothesis of homogenous variances isrejected Wel chdés test perfor ms ¢

of variances assumption. According to Welchdés ANOVA,
significantly different at the 5% confidence level@lue <.0001 < 0.05 At least one group has an average passing rate not

to the others.
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Table A.2

SNK test post hoc ANOVA test comparing difference between eight groups

Example of one-way ANOVA CBT Final Passing Rate & Groups
The ANOVA Procedure

Student-Newman-Keuls Test for Passing Rate

Note: This test controls the Type | experimentwise error rate under the complete null hypothesis but not under partial null hypotheses.

Alpha 0.05
Error Degrees of Freedom 42
Error Mean Square 41.45646

Harmonic Mean of Cell Sizes 5.941645
Note: Cell sizes are not equal.

Number of Means 2 2 4 5 6 7 8
Critical Range 7.5384951 9.0754895 9.9925115 10.645666 11.151575 11.563651 11.910569

Means with the same letter are not significantly different.
SNK Grouping Mean N Group

A 92.013 4 Researcher ASAP Sections

B 83.062 8 Researcher All Sections

g 78.924 5 Researcher Hybrid Sections

g 74.913 5 Researcher Traditional Sections

59.143 7 4-years College

55.000 7 Entire University System

O0000

54.143 7 2-years College

OO0o0o0oo

47.429 7 Community College

A4’
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InTable ADds SNK @ gr o ugpups gith theesanhedettem are not significantly
different. Thi s means that the average CBT Final exa
community college (4%), is not signicantly different from the avergogssing ratef theentire
university systenf55%)or all 2 year college (54%) in the university systenThis is because all
threegroups community college, 2 year colleges, entire university system) have the letter D
under the SNK grouping column. Similarly, the average CBT Final examinatgsing ratef
ther e s e a rybrhl group(89%h is not signicantly different from the avergogssing rate of
the researcher 6s t rtahde trieosneaa r (BB&prufysis petehdd)i conrs a
allthree groupsr(e sear cher gsehigdr ¢ e rgd o utpalald i tt h @ nrad s ga ro
sections) have the letteruhder the SNK grouping columrhe statistically significant group
di fference |lies between the researcherés grou
letters in the SNK grouping columnT he r esearcher déds groups have t
SNK grouping column, while the university (or its subdivisions) have the letters C All e
groups in this study hawaatisticallyhigher average CBT Final examination passing rates than
university (or its subdivisions)On aver age the passing rate of a

(83%) are 28% higher than the entire university system (55%).
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Table A.3

Tradition Sections: Descriptive statistics of continuous variables: number of observation

arithmetic mean, standard deviation, sum, minimum and maximum

Simple Statistics

Variable N Mean| Std Dev Sum| Minimum|Maximum
CBT Final Exam 136 71.18 19.19 9680 20 100
Final Exam 136 64.78 24.61 8810 0 100
Quiz 136 64.68 31.31 8797 0 111
In Class Assignments Average 136 71.27 26.82 9693 0 100
Homework Average 136 67.95 25.71 9241 3.67647 101
Aggregated time spent 136| 2591.00f 1292.00| 352437 346 7395
Aggregated activities 136 513.51 225.80 69838 46 1334
Aggregated log-in days 136 33.41 9.77 4544 14 64
Number of log-ins 75 39.55 14.26 2966 14 81
Cumulative Quiz 96 56.20 31.66 5395 0 100
Practice Final Exam 79 44.81 33.41 3540 0 100
Practice CBT Final 96 57.01 30.01 5473 0 100
Midterm Practice 136 47.15 35.05 6413 0 100
Midterm Exam 136 70.09 23.65 9533 0 98
Attendance 136 77.82 15.48 10583| 33.92857 104
AlgCompassEntrance 124 20.59 5.40 2553 15 37
PreAlgCompassEntrance 125 33.08 16.35 4135 17 84
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Table A4

Hybrid Sections: Descriptive statistics of continusasables: number of observations,

arithmetic mean, standard deviation, sum, minimum and maximum

Simple Statistics

Variable N Mean| Std Dev Sum| Minimum|Maximum
CBT Final Exam 71 74.59 19.48 5296 20 100
Final Exam 59 70.32 2491 4149 0 100
Quiz 71 63.30 31.24 4494 0 102
In Class Assignments Average 71 76.08 25.54 5402| 15.5215 100
Homework Average 71 74.79 23.06 5310| 11.53846 101
Aggregated time spent 71| 2265.00{ 1401.00| 160804 175 7065
Aggregated activities 70 411.86 179.65 28830 44 790
Aggregated log-in days 71 25.92 12.07 1840 1 62
Number of log-ins 45 28.09 15.03 1264 1 76
Cumulative Quiz 33 67.95 36.35 2242 0 100
Practice Final Exam 26 43.87 32.38 1141 0 88
Practice CBT Final 57 62.58 33.13 3567 0 100
Midterm Practice 59 61.03 36.69 3601 0 100
Midterm Exam 59 74.79 22.20 4412 0 98
Attendance 71 79.61 18.78 5652 25 100
AlgCompassEntrance 65 22.89 6.91 1488 15 38
PreAlgCompassEntrance 66 42.00 21.05 2772 17 94
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Table A5

ASAP Sections: Descriptive statistics of continuous variables: number of observations,

arithmetic mean, standard deviation, sum, minimumraagimum

Simple Statistics

Variable N Mean| Std Dev Sum| Minimum|Maximum
CBT Final Exam 54 78.67 14.56 4248 56 100
Final Exam 54 78.44 20.66 4236 0 100
Quiz 54 74.19 23.90 4006| 15.75554 108
In Class Assignments Average 54 77.38 25.12 4179 8.19672 100
Homework Average 54 82.51 19.16 4456| 11.79487 100
Aggregated time spent 54| 2649.00f 1351.00f 143031 647 8712
Aggregated activities 54 539.93 179.28 29156 119 947
Aggregated log-in days 54 35.43 9.92 1913 14 68
Number of log-ins 34 43.68 13.29 1485 17 84
Cumulative Quiz 34 65.60 29.72 2230 0 99
Practice Final Exam 20 43.40 31.46 868 3 94
Practice CBT Final 34 62.25 32.96 2116 0 100
Midterm Practice 54 66.73 31.28 3604 0 100
Midterm Exam 54 80.97 17.27 4373 0 100
Attendance 54 84.56 13.78 4566| 41.07143 100
AlgCompassEntrance 49 24.00 6.78 1176 15 38
PreAlgCompassEntrance 49 45.39 18.07 2224 18 97




APPENDIX C

Student OPREP/ WebAssignExperienceQuestionnaire

Q1.
Did your instructor introduce Enhanced WebAssign (EWA) and explain its use at the beginning of your course?

| Yes. my instructor introduced and explained EWA to the students on the first day of class
| Yes, my instructor introduced and explained EWA to the students during one of the first class meetings
| No, my instructor did not introduce or explain how EWA would be used in the course

| do not know because | missed a few class meetings

Q2.

Did you work on the “Entering Math Answer into EWA” assignment at the beginning of the course?

Yes No Not Applicable

Q3.

Did you use Enhanced WebAssign (EWA) before this course?

Yes No

Q4.

If you did use EWA before this course, was it the same instructor?

Yes. Same Instructor No, Different Instructor N/A, This is my first using EWA

VT



Q5.
In what Mathematics course(s) have you used Enhanced WebAssign (EWA)?

T | MAT 051 (Elermentary Algebra)

MAT 056 (intermediate Algebra and Trigonometry)
MAT 206 (PraCaloulus)
MAT 012 (Basic Arithmetic and Algebra)

| MTH 18 (Finte Mathematics)

| MAT 121 [Caloulus 1)

MAT 122 (Caleulus I1)

| MAT 120 (Pre-Calculus)

: MTH 30 (PreCalculus)

MTH 10 (Intermediate Algebra)

Q6.
The following questions are about your use of the features of Enhanced WebAssign (EWA). How often did you use the following
feature?

Not At All Cocasionally Frequertly

View your Grades on EWA (

Used the Personal Study Plan oy ( {
Request Assignment Extensions in

EWA ",
Read Announcements on EWA [Used =y =
links in Announcements \ i

Viewed the Calendar for Assignment
due dates and times in EWA

Used Rescurees that your instructors = a
postad in the Resource section \ \

Recelved emall Metifications about = 5 N
Assignmerts & other Communications

Q7
Were the teature(s) of Enhanced WebAssign (Grades, Extensions, Announcements, Calendar, Resources, Notifications, Personal

Study Plan, other) useful to you? Why?

14




Q8.
The following questions are about your use of the learning tools of Enhanced WebAssign (EWA). How often did you use the

following learning tools while working on your EWA assignments?

Not At All Occasionally Frequently

‘Read It'f eBook/ YouBook () ) )
“Watch It" / Video Lectures O O -
"Practice It/ Step by Step Interactive ™ 7 )
Tutorials =, i -
“Master It'/ Additional Concept Mastery =Y &) )
Tutorials W, o/ N
“Practice Another Version® () ) ()
Q9.

Were the leaming tools (“Read It” , “Watch It”, “Practice It”, “Master It”, “FPractice Another Version”) in your Enhanced
WebAssign assignments useful to you? Why?

Q10.

For this question, please consider how often you have read/used your paperback textbooks in past Mathematics courses. In
Enhanced WebAssign, you can use “Read It” to take you to the relevant sections of the eBook/Youbook (electronic version of
your textbook). Did you read/use the eBook/ YouBook more often than a traditional paperback textbook?

More Often Less Often Neither

N /
/ ) )

Q11.
Did you read eBook/YouBook more or less often than a traditional paperback textbook?
How likely are you to purchase an eBook instead of a paperback textbook? What factors contribute to your decision?

6T



Q12.

To what degree do you agree the following statements about using Enhanced WebAssign (EWA)?

Stromgly disagree

EWA was easy to use.

EVWA was easy to access,

EVVA helped me to better manage my
assignments,

EWA immediate feedback was -~
essential to my lzaming. -

The assignments and leaming tools on
EVWA prepared me for my exams.

Usirg BEWA improved my chances of =
passing my Mathematics course. LS

EVVA helpad me to improve my
krewledge and understanding of
Mathematical concepts.

| would recormmend EWA to other .
students, N

EVWA is a valuable purchass,

Q13.

How did you communicate with vour instructor outside of the class room?

' Email

Phone Call

Text Message

WebAssign Private Message

| WebAssign Ask My Teacher

Cffice Haours

Q14,
Where do you typically use Enhanced WebAssign (EWA)?
On Campus: Computer Lab
| Home

Work

Cther

Disagres

Meithar agrse nor
disagree Agree

Strongly agree

0ST



Q17. Did your class meet in a Computer Lab?
(") Only ina Computer Lab

[ Computer Lab and a Classroom with Laptops

/7 Only in Classroom with Laptops

( = ) Qnly in a Classroom without Laptops

Q18. Was it essential to meet in a Computer Lab or have access to Laptops during class? Why or Why not?

Q19. Did vour mstructor answer questions about your EWA assignment during class?

Yes MNa
O B

Q20. Did your instructor encourage you to complete your EWA assignments?
Yes No

/

Q21. How did use you Enhanced WebAssign’s “Show My Work” feature?

I Typed work directly inte WebAssign

|: Uploaded Pictures

I: Uploaded some type of Word document

TGT



Q24.
On average, how much time a week did you spend completing EWA assignments outside the classroom?
( & } 0-2 hours
() 24 hours
(") 46 hours
(") 6-8 hours

() 8+hours

Q25. What was your overall grade on WebAssign?
3 : 95+
() 90-95
() 8590

() 80-85

() Lessthan 70

Q26. Did you or will you pass this Mathematics course?
Passed Failed Not sure yet

{ } ]
/

Q27. While enrolled in this Mathematics course, were you a full time (12 or more credits) or part time student?

(") Parttime stucent

() Fulltime student

[A%])
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