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The purpose of this study is to demonstrate how instructional technology 

impacts teaching and learning. Specifically, in this study I show how learning 

analytics could be implemented to encourage student responsibility for learning and 

identify effective faculty course designs that help. Typically, learning analytics 

focuses on data mining student use of an online learning management system (LMS), 

the most widely used instructional technology in higher education. However, key 

challenges include a relative lack of empirical studies, the field’s predisposition 

toward prediction vs. intervention, and a lack of understanding about the role of 

faculty LMS course design on student usage. Accordingly, I explore how system-

generated feedback to students about their LMS use compared to peers can serve as a 

metacognitive “nudge” toward improved responsibility for learning and academic 

performance. I also explore how this approach might shine light on effective faculty 



  

LMS course designs. I show how analytics provides both a theoretical and 

methodological foundation for implementing interventions based on the learning 

sciences, including self-efficacy, self-regulated learning and instructional technology. 

Finally, my findings contribute to the dialogue about scalable institutional approaches 

to improving student retention, persistence and success. Learning analytics is made 

possible through the technology of data mining, but I believe it also serves as a mirror 

to reflect (if not assess) the impact of instructional technology on teaching and 

learning. 
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Chapter 1: Introduction 

Motivation for the Study 

In 2003, then-Provost Arthur Johnson asked me a simple question I could not 

answer: Is Blackboard making a difference? The University of Maryland, Baltimore 

County (UMBC) had been using the Blackboard (Bb) online learning management 

system (LMS) since Spring 2000, and our adoption had grown by about 10 to 15 

percent each year. In fact, as UMBC’s Blackboard system administrator, I proudly 

told Dr. Johnson our usage had increased from 600 to 750 active courses over the 

previous year. As soon as I did so, however, my answer just fell flat – to both of us. 

Of course Dr. Johnson was polite, but even without him saying so, I felt like T.S. 

Eliot’s Prufrock, whose feeble communication elicited a telling reply: “That’s not 

what I meant at all” (1934, p. 7). 

In hindsight, Dr. Johnson’s question, more than my answer, began to weigh on 

me. Why would an institution’s chief academic officer ask an IT system administrator 

if faculty use of technology made a difference in student learning? More importantly, 

how could one possibly sort out all these variables and perspectives? While my bird’s 

eye view of our Bb LMS gave me a rudimentary sense of its adoption, I had no 

control over the quality of its use by faculty let alone insight into how this impacted 

students. I did not even have access to final grades in the student information system 

(SIS), the official academic system of record. Unless instructors posted grades in Bb’s 

online grade book, I could only begin to explore this through a painstaking, manual 

investigation of one course at a time. The delivered system administrator reports from 
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Bb only showed me how many students and faculty used the system, not its 

relationship to final grades.  

 A year earlier, after attending an innovative instructional technology 

conference presentation, my supervisor, Jack Suess, UMBC’s Vice President for 

Information Technology and Chief Information Officer (CIO), said something that 

surprised me: “You know, John, the faculty aren’t exactly beating down my door to 

innovate more with technology,” confided Suess, who is an ardent supporter of 

information technology, both on campus and nationally. “I struggle to keep up with 

demands about the campus network, research computing and security, but when I’ve 

tried to promote instructional technology, it hasn’t always felt like the faculty were 

particularly interested or ready.” 

At the time, Suess was not alone in his perception, judging by two highly 

regarded, annual surveys of higher education CIOs and IT leaders. In 2002, the 

Campus Computing Project’s summary of findings did not even mention the word 

teaching, though campus web portals, illegal music downloads and budget cuts were 

big news (Green, 2002). Even six years later, the 2008 Educause Top-10 IT Issues 

only ranked teaching and learning at 9th place (Allison & Deblois, 2008). By contrast, 

the 2013 version of both surveys ranked teaching and learning very highly. The 

Campus Computing Project ranked instructional technology support 1st overall 

(Green, 2013) and Educause even devoted two spots, ranking “improving student 

outcomes” as the 2nd IT issue and online learning as 7th (Grajek, 2013). 

A few years after UMBC’s Provost and CIO made me question mere adoption 

of technology as evidence of its impact on teaching and learning, I was working on 
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our 2007-08 strategic plan for teaching, learning and technology, when I re-

discovered David Noble’s (1999) damning “Digital Diploma Mills” essays on the 

efficacy and ethics of instructional technology generally, and distance learning 

specifically. Noble critiqued higher education’s infatuation with, and heavy 

investment in online learning, and made a convincing comparison of online learning 

to 19th century distance education by correspondence programs. Specifically, Noble 

described similarities between old and new instructional technologies, which I have 

summarized below: 

• Using part-time instructors instead of full-time faculty for distance education. 

• Paying instructors on a piece-rate basis for course modules or enrollments. 

• Not integrating distance education into the culture (and budget) of the 

university. 

• Admitting students under minimal or no academic standards, unlike traditional 

courses. 

• Underestimating the time it takes to provide quality distance learning. 

• Intentionally pursuing “dropout” money: non-refundable, up-front tuition 

payments from a student body with dropout rates in excess of 80 percent. 

Some may understandably view Noble as an articulate, but annoying crank or 

Luddite. It is difficult, however, to simply dismiss his impressive scholarship and 

persuasive argument. Similarly, Cuban (2014, 2001) has questioned the effectiveness 

and expense of instructional technology, but IT leaders would do well to learn from 

those who do not necessarily share our enthusiasm. 
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Given the demands on higher education to be accessible, affordable and 

accountable, why is it so difficult to implement, let alone assess, an effective 

approach to the use and support of instructional technology? Indeed, many have 

turned to technology as a potential solution to improve student learning. But as Dr. 

Johnson’s question challenged me, how do we distinguish the mere adoption and use 

of instructional technology from its effectiveness? Part of the problem is the lure of 

technology’s potential that can mask the rigor required to assess its impact. Also, we 

do not fully understand how people learn, which is both a wonderful mystery and a 

complicated variable in assessing teaching, let alone technologies that purport to 

improve both. 

Study Purpose and Research Questions 

The primary purpose of my study, therefore, is to explore how instructional 

technology impacts teaching and learning. Specifically, I propose to look at how 

learning analytics could be implemented to encourage student responsibility for 

learning and identify effective faculty course designs that help. To do so, I will 

analyze student activity in a learning management system (LMS), the most widely 

used instructional technology in higher education (Green, 2013; Hill, 2013; Lang & 

Arroway, 2013), as well as a homegrown UMBC feedback tool about student LMS 

usage that we have called Check My Activity (CMA). I want to see if automatically 

collected user activity data from these two IT systems – Bb Learn and UMBC’s CMA 

feedback tool – are correlated with student academic outcomes that can be leveraged 

to inform scalable, institutional interventions as well as effective LMS course 

designs.  
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Essentially, can the LMS be viewed as more than the content delivery tool it 

has become? Can feedback about LMS data generated by students also serve as a 

reflective nudge about their learning? To find out, my research questions are briefly 

described as follows (I will address each in more detail in Chapter 3): 

1. How prevalent is LMS use at UMBC? 

2. How does LMS use relate to academic performance? 

3. How does feedback to students about their LMS use relate to academic 

performance? 

4. How does LMS course design relate to student use of the LMS and feedback 

tools? 

5. How does LMS course design relate to student academic performance? 

For the purpose of this study, usage of the Bb Learn LMS is minimally defined 

as faculty intentionally making a Bb course available for use by students, which 

system logs record as accesses (or logins), interactions (hits or clicks) and minutes 

(duration) in any part of the course site, which current research literature has typically 

and broadly categorized as content, tools and assessments. In addition, while 

instructors do not control the Check My Activity (CMA) feedback tool to students, I 

focus on student use of it to compare their activity in a course with peers, including 

those who earn the same, higher or lower grade on any assignment – provided the 

instructor posts grades in the course grade book (about 70 percent do so any given 

semester).  

Conceptually, it is also important to distinguish between two Blackboard 

products, to which I refer frequently, but not interchangeably:  
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1. Bb Learn (often referred to simply as Blackboard or Bb) is a password-

protected Learning Management System (LMS) used for teaching and 

learning. Among other things, faculty and students use Bb Learn to post 

documents, interact via discussions or assess learning via homework or 

quizzes. As such, Bb Learn is a key object of my analysis, as is the Check My 

Activity (CMA) tool, developed by UMBC to provide students with feedback 

about their Bb Learn activity compared to peers.  

2. By contrast, Bb Analytics for Learn (or simply A4L for short) is a recently 

developed, companion tool that some (not all) Bb clients have purchased to 

collect and analyze Bb Learn activity data. UMBC’s own homegrown Bb 

reporting1 actually influenced the development of A4L, which is now part of 

Bb’s larger analytics infrastructure (often referred to as a data warehouse) that 

is also in place at UMBC.  

As such, I will use A4L to analyze user activity as a proxy for engagement in the Bb 

Learn LMS and student use of the CMA feedback tool as a proxy for taking 

responsibility for one’s learning. I describe this in more detail below as well as in the 

review of literature, theory and practice (chapter 2) and discussion of my findings 

(chapter 5). 

How Learning Analytics Can Help 

Typically associated with business, marketing, healthcare or even actuarial 

science, the basic value proposition of any analytics initiative rests on two key 

                                                
 
1 Though no longer maintained since we adopted A4L in 2012, see www.umbc.edu/blackboard/reports.  
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assumptions: First, statistical analysis of prior human behavior data can inform or 

even predict future performance; and secondly, if the analysis is robust and sound, a 

related intervention should have a reasonable likelihood of success in changing the 

predicted outcome. John Campbell (2007) defined this as “actionable intelligence” (p. 

42), which is also reflected in another, frequently-cited definition of learning 

analytics (Brown, 2011): 

At its core, learning analytics (LA) is the collection and analysis of usage data 
associated with student learning. The purpose of LA is to observe and 
understand learning behaviors in order to enable appropriate interventions 
[my emphasis added]. (p. 1) 
 
Basically, analysis without action is not analytics, or one could even say 

analytics without action is just analysis. No matter how one says it, my goal is to 

simply apply the most common conceptual definitions of learning analytics in the 

form of practical, scalable interventions we can analyze and (hopefully) disseminate 

and replicate if found to be effective. Campbell and his former colleague Matt Pistilli 

(2013) at Purdue University, one of the leading institutions associated with learning 

analytics, eventually refined the field’s action-oriented, data mining methodology 

even more succinctly in a five-step, iterative process: 1) Gather, 2) Predict, 3) Act, 4) 

Monitor and 5) Refine (pp. 1-5). 

Typically, learning analytics has focused on student use of the learning 

management system (LMS). While the role of faculty LMS course design is a 

variable that has not been fully explored, one key question is whether student LMS 

activity can serve as a proxy for student engagement.  Generally, the learning 

analytics community has accepted this to be true, perhaps in an attempt to move 

beyond mere analysis toward plausible interventions that can be evaluated, replicated, 
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and scaled. Like learning itself, however, student engagement or its proxy can be 

challenging to define. Accordingly, for the purposes of this study, I will focus on 

student responsibility for learning by observing what students actually do in Bb LMS 

courses and in response to system-generated, comparative peer-based feedback about 

their LMS usage through the CMA feedback tool. 

Learning Analytics at UMBC 

I am an IT system administrator with a bird’s eye view of a particular 

technology at a particular university with a particular interest in student success. I am 

more practitioner than researcher, but in trying to scale effective uses of the learning 

management system (LMS), I have become a scholar of effective practice. I rely on 

others like myself who carve out time to reflect on what does or does not work and 

graciously write up their experiences attempting to identify, support and disseminate 

evidence of instructional technology’s impact on teaching and learning. 

For example, in 2006, I attended a conference presentation on predictive 

analytics by John Campbell from Purdue University. Apart from his results, I was 

amazed by the audacity of his approach: statistically comparing students’ pre-college 

attributes and preparation as well as post-admission behaviors and performance 

correlated by final grades. I had never heard of analytics being used to shine light on 

an instructional technology like the LMS, and it planted a seed for how I might 

answer Dr. Johnson’s question from three years earlier. 

While I was convinced Campbell and his colleagues were on to something 

important, I also knew we simply did not have similar technical or statistical 

resources at UMBC. That bothered me for two reasons: 1) how could any institution 
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replicate Purdue’s impressive, but complex approach, and 2) how could it be 

validated, let alone scaled, if it was not replicated elsewhere? Rightly or wrongly, I 

decided that Purdue’s approach had to be simplified, if there was any hope of more 

institutions, including our own, ever following the intriguing path they had forged.  

As UMBC’s former Webmaster, I knew that some campus websites generated 

more traffic than others. Like my colleagues at other institutions, we typically 

measured web site “traffic” in terms of hits or clicks to any part of a web page, which 

can also be referred to as a page view. I wondered if the same could work with our 

Blackboard LMS, but I did not know how to account for differences in student 

enrollment in a class that generated it. I decided to simply divide the total number of 

hits or clicks in a Bb course by the total number students enrolled. Admittedly, 

average hits per student in an LMS course site are a crude, simplistic measure, but in 

this way, a low-enrollment course could be reasonably compared to a high-enrollment 

course. 

Since Blackboard did not have such a report, I asked our graduate assistant, 

Jeffrey Berman, if he could write one. To do so, he would have to query the Bb 

production database directly, but this would violate the terms of our license. 

According to Blackboard, this could bring our system down, which we eventually 

found to be true – twice. Understandably, the company could not and would not be 

held responsible. So, Jeffrey proposed cloning our production Bb system, and 

querying the clone, to which both Blackboard and UMBC’s server administrators 

surprisingly agreed. Sure enough, we found there was a wide variety in overall course 

activity based on average hits per students enrolled in a course. 
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While interesting to me because I knew many of the faculty who taught the 

courses, this still did not feel like a satisfying answer to Dr. Johnson’s question: does 

Blackboard make a difference? By now, this was Spring 2007, a year after I had 

attended Purdue’s conference presentation about predictive analytics, which had cast 

results in terms of final course grade distribution. I asked Jeffrey if we could look at 

the average hits per student by final grade of a completed semester, but there was a 

problem: we did not have access to final grades in the PeopleSoft student information 

system, and not all instructors used the Bb grade book in the same way, if at all. If, 

however, faculty would add a column to their Bb grade book called “FINAL,” Jeffrey 

said he could write a script to correlate average hits per student by final grade in the 

cloned Bb reporting server.  

In Fall 2007, I asked Karin Readel, one of our most savvy Bb instructors, if 

she would add the “FINAL” column to the Bb grade book for the Summer 2007 

version of her course, Science 100 “Water: An Interdisciplinary Study,” and let 

Jeffrey run his query. It did not hurt that Readel had recommended Jeffrey to me, 

based on his excellent work as an undergraduate teaching assistant for SCI 100, 

which normally enrolls about 40 students in summer and about 200 students each in 

fall and spring. When we all saw the results, we saw a clear distinction in Bb use by 

final grade: A, B and even C students used Bb much more than D or F students.   

Eventually, over the next three academic years, we worked with other willing 

instructors who placed the “FINAL” column in their Bb grade books. Based on this 

convenience sample of 131 courses and 8,250 enrollments since 2007 (average course 

enrollment = 63 students), we found that students earning a D or F tended to use the 
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Blackboard LMS about 40% percent less than students earning a C or higher (Fritz, 

2011). 

Admittedly, I should have studied a larger sample, which I would have done if 

I had been able to do so. We published announcements and news articles asking 

faculty to place the “FINAL” column in their Bb grade book. However, even based 

on our small sample of courses, the C or better correlation with Bb activity intrigued 

me. Did this pattern hold true throughout a semester? If so, what would happen if 

students could know this during a semester, not after it ended?  

To find out, in 2008, I designed and Jeffrey implemented a simple student 

feedback tool we called “Check My Activity” (CMA) that allowed students to 

compare their own Bb LMS activity to an anonymous summary of course peers. Also, 

if instructors used Bb’s online grade book, students could compare their own activity 

with course peers earning the same, lower or higher grade for any assignment. While 

we have tweaked the CMA over the years, we found that students using it in Spring 

2012 were nearly twice as likely to earn a C or higher than students who did not 

(Fritz, 2013). Also, I have heard several anecdotal reports that students value the 

CMA2, and we receive numerous complaints when it is down for maintenance.  

It should be noted that UMBC considered investing further in our homegrown 

approach to learning analytics before adopting Bb Analytics for Learn (A4L). We 

even released our code at the 2009 BbWorld users conference, which a handful of 

                                                
 
2 After I spoke about the CMA for a Chief Information Officer (CIO) roundtable at EDUCAUSE 
2011, one CIO stood up and said: “John doesn’t know this, but my son recently transferred to UMBC. 
He’d struggled at his previous institution and is not always on top of things as much as I would like. 
But he told me that when he logs into Blackboard he can see how active he is compared to other 
students and that it really helps him: ‘Yeah, I can see that I need to log in more and get active on the 
discussion board.’ As a parent, I can tell you it’s working with my son.”  
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other schools have downloaded and implemented,3 and The Chronicle of Higher 

Education even featured our work (Young, 2009). It made more sense, however, to 

help influence Bb’s approach than try to fund more resources to continue developing 

our own. Bb was amenable and the partnership resulted in us being able to analyze all 

UMBC Bb courses, which we started doing in 2010. In fact, we found the correlation 

of aggregate D/F rate to Bb usage in 131 courses since 2007 had held true for all 

1,400+ courses each semester since 2010 (Fritz, 2013). 

If we are willing to accept LMS activity as a proxy for student engagement, 

then learning analytics might be used to identify effective LMS course design 

practices and practitioners that help students take responsibility for learning. For 

example, in 2010 we used our homegrown Bb reporting tool to identify and promote 

an adjunct instructor’s novel use of a little known, but powerful Blackboard (Bb) tool 

called adaptive release (AR), which allows an instructor to set conditions students 

must meet to access course content. For example, using AR, instructors can create a 

syllabus quiz that students must take and pass before they can even see, let alone 

submit, the first assignment for credit. 

After redesigning his entire course to use AR, Economics adjunct instructor 

Tim Hardy’s student Bb course activity skyrocketed, which caught my eye. I asked 

Tim what he was doing and why. Apart from wanting students to take more 

responsibility for learning (the problem), he used AR to automate the feedback and 

self-paced learning tailored to each student that he could not scale himself (the 

solution). After implementing AR, Hardy’s students began scoring 20 percent higher 

                                                
 
3 See http://www.umbc.edu/oit/newmedia/blackboard/stats/getthecode.php  
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on the department’s common final exam compared to other sections of the same 

course. This led to a deeper analysis that showed his students also earned a half-letter 

grade higher in the next course he did not teach and for which his own course served 

as a prerequisite (Fritz, 2013). 

Having used analytics to identify one faculty member’s effective use of 

adaptive release, I then looked for other faculty with high LMS activity, to see if they 

were doing the same. Indeed, I found adaptive release (AR) use by faculty was 

common to many of the most active Bb courses across the institution. This led to a 

recorded brown-bag panel with three faculty members (Birger, Hardy, Peterson, 

Readel, & Fritz, 2012), and a 13-minute screencast video tutorial on the use of AR to 

create video game-like “achievements” in another Bb course (Enszer, 2012). 

The use of adaptive release (AR) is now one of several “effective practices” 

that we routinely recommend to faculty who are considering redesigning their courses 

for hybrid or blended delivery.4 Since 2005, more than 60 instructors have 

participated in the Alternate Delivery Program (ADP) hybrid/blended course redesign 

initiative, and use of Bb Analytics for Learn (A4L) has shown that all of their 

subsequent courses (not just the ones they redesigned for the program) are 

considerably more active than all other university courses (Readel, 2013). This 

includes other hybrid/blended courses taught by instructors who did not go through 

the ADP hybrid-training program. Also, our own unpublished research has shown a 

statistically significant increase in student final grades for ADP-redesigned hybrid 

                                                
 
4 See http://doit.umbc.edu/itnm/practices/  
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courses compared to non-ADP hybrid courses.5 

In short, the quantitative methodology of learning analytics was used to 

identify a high LMS activity outlier instructor and effective practice. Qualitative 

methodology was then used to try and understand why, which was then shared with 

other faculty through informal presentations, an online screencast and a more formal 

case study. Now, learning analytics is being used to identify and interview other high 

LMS activity outliers, and to evaluate the effectiveness and scalability of a program 

that trained faculty how to increase their students’ activity and (hopefully) their 

responsibility for learning. 

Theoretical Foundations: Student Responsibility for Learning 

For the purposes of this study, I am characterizing student responsibility for 

learning as both an ability and obligation to act on gaps in what we know, understand 

or can do, particularly when compared to peers or subject matter experts with greater 

demonstrable abilities we desire for ourselves. However we become aware of such a 

discrepancy, a self-regulated and self-directed learner is one who can self-judge and 

takes responsibility for doing all he or she can to close the gap. This is a key point: 

teachers cannot learn for students. They can, however, design the student learning 

goals, outcomes, assignments, activities and context, including leveraging online 

course sites, where learning might occur. The actual responsibility for doing so, 

however, rests with the student.  

As such, my research into how LMS activity may encourage student 

responsibility for learning and identify faculty course designs that help is informed by 
                                                
 
5 Presented at the 2015 Educause Annual Conference. 
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complementary theoretical perspectives from the fields of student success, cognitive 

psychology and instructional technology.  

First, I am clearly influenced by Vincent Tinto’s (1993) admonition that 

“students cannot be absolved of their responsibility for learning” (p. 144), which 

others have affirmed as well (Astin, 1993; Davis & Murrell, 1994; Fink, 2003; 

Pascarella & Terenzini, 2005; Weimer, 2002), but sometimes pales in comparison 

with conventional wisdom about what institutions can and should do for students. On 

a basic level, focusing on student responsibility for learning resonates with me for the 

simple reason of scalability. Even if institutions are blessed with the most 

conscientious and proactive of instructors and advisors, how can this approach ever 

hope to scale? At many institutions, there are simply more struggling students than 

faculty and staff who can monitor their progress, let alone intervene. Tinto and others 

remind us there are two sides of the student success equation – what the student can 

and should do, and what the institution can and should do – that must be worked 

simultaneously. I see my own research on LMS usage feedback to students as 

complementary to (not competing with) existing, institutional advising efforts to 

monitor and intervene with struggling students. 

Second, if we believe students share at least partial responsibility for learning, 

then how might we leverage this capability? Indeed, from a cognitive psychology 

perspective, the research of Carol Dweck (2007) on the implications of a growth vs. 

fixed mindset suggests that intelligence is not fixed at birth, but can be developed 

through hard work and effort. Similarly, the work of Albert Bandura (1986, 1997) on 

self-efficacy shows how belief in one’s ability and actions to affect change can 
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inspire or sustain such effort, while Barry Zimmerman’s (2013; 2001; 1992) research 

on self-regulated learning shows how the discrepancy between successful and 

struggling peers might model necessary and very specific changes in behavior. I see 

our Check My Activity (CMA) feedback tool as a scalable, IT system-generated form 

of discrepancy (i.e., peer pressure) that may nudge struggling students into awareness 

that their behavior differs from that of more successful peers. Of course, what 

students do with this information is up to them, but I am intrigued that the LMS might 

serve as a scalable way to raise student awareness that could lead to a change in 

motivation, behavior and performance. 

Finally, I wish to explore learning analytics as a form of instructional 

technology that provides both a theoretical and methodological foundation for 

implementing scalable interventions based on the learning sciences. I am particularly 

influenced by the learning analytics research of John Campbell (2013, 2007, 2007), 

Shane Dawson (2012, 2010, 2008), Leah Macfadyen (2012, 2010) and John Whitmer 

(2012, 2012), all of whose work I will describe and critique more fully in the next 

chapter.  

For now, let me suggest that technology systems, like classrooms, campus 

facilities or the library, can be digital learning environments that institutions have 

some control over, in terms of how students and faculty experience them. In addition, 

we can study this digital learning environment experience of users by the data trail 

they leave behind, which is why learning management systems are worthy of study 

using the methodology of analytics. 
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Significance of This Study 

My dissertation is significant for three reasons. First, I attempt to clarify, not 

only replicate, findings using similar quantitative methods employed by others who 

have studied learning analytics, particularly the use of learning management systems 

(LMS). While I believe the learning analytics field is still too preoccupied with 

prediction over intervention, I am willing to extend this tendency to hopefully serve 

as foundation for moving beyond prediction alone. 

Second, in addition to Purdue University’s Course Signals program, I believe 

UMBC’s Check My Activity (CMA) feedback tool to students is one of the few 

LMS-based interventions in the learning analytics field that, by its own common 

definitions, is concerned with actionable intelligence. I mean to use this study to 

rigorously evaluate the CMA, and offer it as a good faith attempt at a scalable 

intervention others are free to critique or adapt as they see fit.  

The learning analytics field needs more empirical examples of interventions 

so that we can collectively advance beyond merely perfecting predictions that inform 

no actual interventions and thus make no real impact. If we think we can predict 

student performance, what can we do or say to change it? As Campbell (2007) has 

rightly asked, what is an institution’s “ethical obligation” (p. 42) of knowing 

something about its students, and acting on this knowledge? Perhaps more 

importantly, why are there so few examples of attempts we can all learn from and 

implement? 

Finally, I believe my dissertation offers a reasonable framework for exploring 

the relationship of faculty LMS course design to student activity within it. Research 
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by Campbell, Dawson, Macfadyen, Whitmer and others has suggested that student 

and faculty LMS usage can be more or less categorized into three large areas: content, 

tools, and assessments. After a comprehensive review of the literature, however, no 

one has actually studied the relationship between these course usage categories as 

implicit course design decisions that influence and are informed by student LMS 

activity and academic performance, which I am defining as final grades in a course 

and term grade point average (GPA). 

Ultimately, I hope my findings may contribute to the dialogue about 

institutional approaches to improving student success, perhaps by focusing more on 

what students should be doing, and how institutions can use technology to help. If so, 

how are we using instructional technologies to complement pedagogical innovation 

designed to encourage them to become self-regulated and self-directed learners? 

What feedback do we provide students in the learning environments we create, 

including online digital environments? In turn, how might evidence of increased 

student responsibility for learning inform future course designs and teaching 

practices? I hope to show how learning analytics is made possible through the 

technology of data mining, but also could serve as a means to assess instructional 

technology’s impact on teaching and learning. 
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Chapter 2: Review of Theory, Literature and Practice 

Introduction 

To review, my research focuses on how activity in an online learning 

management system (LMS) reveals student attention that can be leveraged by 

institutions to encourage responsibility for learning and identify faculty course 

designs that help. As such, in this chapter, I review complementary theoretical 

perspectives from fields such as student success, cognitive psychology, instructional 

technology generally, and online learning specifically. Also, I define learning 

analytics (LA) and review key findings from its still evolving literature and practice. 

Specific themes from complementary theoretical perspectives include the 

following: Institutional interventions to improve student success could include a more 

overt focus on students’ responsibility for learning; Cognitive and social learning 

theories suggest a thoughtful, but intentional highlighting of discrepancies between 

successful and struggling peers may raise awareness to nudge a change in behavior; 

and online learning can serve as both an environment to reveal and lever to inform 

student engagement. 

Similarly, while the field of learning analytics (LA) is still maturing, key 

themes include the following: Ideally, LA should involve predictive analysis of prior 

student behavior that informs future interventions designed to improve academic 

performance; LA is frequently associated with analysis of learning management 

systems, which are used by most colleges and universities; and LA is defined more by 

examples from a few institutions conducting empirical studies than it is by broad 

consensus on theory or even methodological practice. 
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Complementary Theories to Support Scalable Interventions 

I cannot teach anybody anything. I can only make them think. —Socrates 

 Before I focus on learning analytics and its related literature and practice, I review 

selected theoretical perspectives that inform my own assumptions about student 

success, learning, teaching and how technology might help foster student success. 

Student Success and Responsibility for Learning 

In his seminal work, Leaving college: Rethinking the causes and cures of 

student attrition, Vincent Tinto (1993) says institutions cannot “absolve” students 

from “at least partial responsibility for their own education.” 

To do so denies both the right of the individual to refuse education and the 
right of the institution to be selective in its judgments as to who should be 
further educated. More importantly, it runs counter to the essential notion that 
effective education requires that individuals take responsibility for their own 
learning. (p. 144) 
 
While others affirm that students should be responsible for their learning 

(Astin, 1993; Davis & Murrell, 1994; Fink, 2003; Pascarella & Terenzini, 2005; 

Weimer, 2002), the implications for pedagogical practice of course hinge on whether 

we believe students are capable and motivated to do so. For example, Weimer (2002) 

is unequivocal that student responsibility is “theirs alone” (p. 104) and even devotes 

an entire chapter to the subject. However, she convincingly urges faculty to resist the 

temptation to impose extensive (excessive?) classroom rules, rewards and structures 

that may only activate students’ extrinsic motivation, and instead practice not so 

random acts of pedagogical subversion to motivate students’ intrinsic curiosity or 

self-interest. Recalling a colleague’s twist on the old “lead a horse to water” adage – 

saying “it was the teacher’s job to put salt in the oats” – Weimer says “it is clear our 
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responsibility is to take explicit actions that will motivate student learning. The horse 

who has had salt put in his oats does not have to be forced to drink. He is thirsty, 

knows he is thirsty, and is looking for water.” (p. 103).  

Fink (2003) affirms Weimer’s “explicit actions” as part of an integrated 

approach to course design that helps students move beyond simple know and 

remember approaches to learning during a semester, and to become individuals who 

“learn how to learn,” which he breaks down into three main ideas from the literature’s 

use of this phrase (p. 50):  

1. Learning how to be a better student; 

2. Learning how to inquire and construct knowledge; and 

3. Learning how to be a self-directing learner. 

It is Fink’s last focus on self-directed learning that I think is most applicable 

to my own study. He traces the roots of self-directed learning back to a common 

thread: the ability to self-judge one’s own efforts through critical reflection, which 

one recent study (Stefano, Giada, Gino, Pisano, & Staats, 2015) has found to be more 

effective than the accumulation of more experience alone. If so, how do we create 

more “salt in the oats” opportunities for students to critically reflect on their own 

performance? 

In his only technology reference to “computerized student tracking programs,” 

Tinto foreshadows the kind of integrated student feedback infrastructure I wish to 

explore in this study:  

However constructed, the principle of early warning systems is the same, 
namely that treatment of student needs and problems should occur as early as 
possible in the student career [my emphasis], and should be approached in an 



 

 22 
 

integrated fashion. (Tinto, 1993, p. 171) 
 
Essentially, I would argue that feedback to students about their LMS activity 

adds a real-time dimension about their attention (if not engagement) that institutions 

could leverage further to raise awareness – through reflection – that encourages 

student responsibility for learning. Also, apart from the time and effort constraints on 

faculty or advisors to monitor struggling students, I believe that encouraging students’ 

own responsibility for learning is perhaps the only way for institutional interventions 

to ever scale.  

Admittedly, student success could be defined as narrowly as passing a class or 

as broadly as becoming a life-long learner. For the purposes of this study, however, I 

am focusing on student success as completing an institution’s graduation 

requirements, which typically includes acquiring a minimum number of course 

credits with a minimum cumulative grade point average (GPA). However student 

success is defined, my preference in this review of complementary theory is to focus 

on institutional interventions that help students take more responsibility for their own 

learning, perhaps by raising awareness through feedback. Whether or not the student 

seeks or accepts such feedback, Tinto reminds us of their role in their own success, 

which raises interesting possibilities for institutional interventions.  

Toward this end, Whitmer (2012) makes a useful distinction between student 

and institutional roles in success by focusing on “persistence” and “retention,” two 

terms that are often used interchangeably in theories about student success. 

Specifically, he describes persistence as an indicator of student engagement and 

effort, as well as the academic preparation and socio-economic factors that students 
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bring with them to the institution. By contrast, he defines retention as more of an 

institutional indicator of student success as determined by enrollment, grades, 

graduation rates, etc. It is the combination of persistence and retention that Whitmer 

ascribes to Tinto’s “interaction” model which suggests there are key actions and 

supports that institutions can pursue to increase student persistence. Yes, these 

include creating more interactions with faculty, but they also include nurturing “social 

communities” (Whitmer, 2012, p. 26) that can increase the student’s commitment to 

the institution. I believe course peers can be part of a student’s “social communities” 

and that feedback about one’s technology usage could help to identify them. 

Similarly, in Astin’s (1993) student development model consisting of inputs, 

environment, and outcomes, the only variable institutions can really influence is 

environment, the place or experiences in which teaching and learning are situated. For 

the most part, students bring their own “inputs” (academic, socio-economic), and at a 

minimum, “outcomes” (grades, graduation) are a shared responsibility between the 

institution and student. However, the environment where learning takes place is 

largely owned and influenced by the institution. Could an online learning 

management system (LMS) be considered a digital “environment” where teaching 

and learning take place and are situated? If so, how might institutions use learning 

analytics to leverage the LMS environment and encourage student responsibility for 

learning? 

While it is understandable to focus primarily on the role faculty play to help 

retain students, there are scalability challenges to this approach if one hopes to foster 

student persistence. For example, as an institution’s primary intervention strategy, 
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how are instructors to increase their feedback to students, given their existing 

workloads? To be sure, they could assign and grade more student homework, but at 

what cost to their own time and effort to also pursue research and service? Also, most 

instructors can only intervene with students based on what they observe students 

doing in their own courses. They cannot easily discern a pattern of issues that may cut 

across many if not all of a student’s courses. By contrast, academic advisors could 

perhaps see this larger pattern of engagement across all of a student’s courses, but 

they are not in a pedagogical position to provide detailed feedback, instruction or 

remediation in any course. 

Basically, if student success depends on institutional agents to intervene with 

students, perhaps even armed with predictive insights from learning analytics, how 

can this scale? Nationally, less than 38 percent of all students who start college 

graduate in four years and only 58 percent do so in six (National Center for 

Education Statistics, 2012). Even if some institutions enjoy higher graduation rates, 

there likely will always be more struggling students than faculty and advisors to 

monitor and intervene with them. However, even if one-on-one intrusive advising 

capacity were not an issue, what can one say or do to improve the odds that students 

will overcome, that has not been said or done already? How do we light the fire 

within that is required of students to persist, by taking responsibility for their 

learning, including seeking help for that which they do not know, understand or can 

do? 

If we are willing to explore scalable interventions with a focus on student 

responsibility, what might they look like?  First, we would have to assume students 
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have the capability to learn to become responsible. If so, then we need to understand 

student awareness, motivation and self-regulated learning. Second, we should explore 

how faculty teaching and course design can facilitate individual and social learning. 

Finally, we may then be in a position to explore how technology itself can facilitate 

this process, both through learning analytics-based prediction and intervention and 

through the design and delivery of an instructor’s course in a learning management 

system. I will now review each of these perspectives in turn. 

Student Awareness, Motivation and Self-Regulated Learning 

As we think about a more student-centered approach to learning analytics-

based interventions, it may be useful to consider a few key concepts from educational 

psychology—self-efficacy, learning goal motivation, and self-regulated learning. 

Typically, self-efficacy refers to the belief in one's ability or likelihood to complete a 

task (Bandura, 1997; Choi, 2005; Hsieh, Sullivan, & Guerra, 2007; Miller, 2002; 

Tinto, 1993). Learning goal motivation refers to how one initially perceives the act of 

learning: as an intrinsically interesting and worthwhile goal in its own right, or as an 

externally defined performance benchmark one either can or cannot achieve (Hsieh et 

al., 2007; Tinto, 1993). If students view their own engagement in education as a 

performance that must be attained, then their perception of how wide the gap is 

between their current and desired goal could influence their sense of self-efficacy.  

Encompassing both concepts of learning goal motivation and self-efficacy is 

the theory of self-regulated learning that leading proponent Barry Zimmerman (2001) 

defines as “an activity that students do for themselves in a proactive way, rather than 

as a covert event that happens to them reactively as a result of teaching experiences” 
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(p.1). While there are several theories of self- regulated learning, ranging from 

behavioral, social cognitive to constructivist, Zimmerman says self-regulated students 

are “meta-cognitively, motivationally, and behaviorally active participants in their 

own learning process” (p. 5). He admits students vary in their abilities to self-

regulate, and that capacity doesn't grow automatically as we get older. But his own 

experience with developmental math and reading instruction at the City University of 

New York (CUNY), and replicated studies at other schools (Glenn, 2010), suggests 

they can indeed learn to become self- regulated.  

It may be tempting to view self-regulated learning as isolated or asocial, or 

perhaps even wishful thinking on the part of administrators and faculty looking for a 

scalable way to break through with underperforming students. In reviewing the social 

cognitive theory of self-regulated learning, however, Zimmerman shows that social 

context is critical to developing one's ability to self-regulate, through the initial 

awareness and reflection we gain when we compare our own performance with a 

mentor or model who is more successful than we are. This development typically 

follows four stages:  

1. Observational: students learn to distinguish the major features of a model's 

skill or strategy. 

2. Emulative: a learner's performance enactive approximates the general form of 

a model's skill or strategy. 

3. Self-control: students can perform a skill or strategy based on mental 

representations of a model's performance. 

4. Self-regulation: learners can adapt their skills and strategies systematically as 
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personal and contextual conditions change.  

“Thus, from a social cognitive perspective, a learner's acquisition and development of 

skill or strategy develops initially from social sources and shifts subsequently to self-

sources in a series of levels” (Zimmerman & Schunk, 2001, p. 22).  

 A useful way to visualize these four stages of evolving mastery is through a 

simple task we all learn to do: tying our shoes. In the first stage, we learn that shoes 

should be tied, usually by observing someone who can do so. Perhaps we observe an 

older sibling, who is even all too willing and eager to point out that we cannot. Either 

way, peer comparison has made us aware of a discrepancy in how we see ourselves 

vs. how we see others.  In the second stage, we try to emulate the role model’s 

proficient shoe-tying prowess. Here, we are not just observing – we may begin to 

make initial clumsy and laborious efforts to replicate the model’s skill that we lack. In 

the third stage, we actively begin to self-regulate or self-judge our own shoe-tying 

efforts and can adjust accordingly without direct feedback or instruction from the 

model. In the final stage, we begin to exercise self-control so that we can tie shoes on 

demand or even without much conscious thought or effort, and certainly without the 

need for a model to emulate or compare our efforts to or with.  

Indeed, James Adams (1986) illustrates this evolving state of mastery as we 

begin with the “unconscious incompetence” of a novice (depicted in the lower right 

box) and eventually achieve the “unconscious competence” of an expert (depicted in 

the lower left box): 
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This state of discrepancy—between what we think, feel, believe and 

understand about ourselves compared to what we observe or believe to be true of 

others we wish to emulate—is a key principal of Albert Bandura's social cognitive 

research in self-efficacy. Initially, Bandura was focused on helping patients overcome 

debilitating fears like handling snakes or quitting difficult habits such as smoking or 

overeating. Through repeated observation of successful models engaging in behaviors 

that might initially seem unimaginable, patients would not just learn to ignore their 

fears or addictions, but would actually begin to develop and apply self-confidence 

they saw modeled by others—and eventually themselves. As one might imagine, 

Bandura's work has been very influential in many fields, including clinical therapy for 

several types of addictive behavior (Miller, 2002). 

Figure 1: Adams' Evolution of Mastery, my adaption of his diagram. 
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Bandura's (1986) theories have also been useful in understanding how 

“discrepancy” might support students. Consider the following statements from his 

Social foundations of thought and action: A social-cognitive theory, and how they 

might be applied in the context of an academic intervention that allows students to 

compare their own online activity (engagement?) with peers:  

• Students judge how well they might do in a chemistry course from knowing 

how peers, who performed comparably to them in physics, fared in chemistry 

(p. 404). 

• People judge their capabilities partly by comparing their performances with 

those of others (p. 403).  

• The performances of others are often selected as standards for self-

improvement of abilities (p. 405).  

• People judge their capabilities partly through social comparison with the 

performances of others (p. 421).  

• The adequacy of performance attainments depends upon the personal 

standards against which they are judged (p. 447).  

Why is this important to my research? Consistent with Tinto's views on 

student responsibilities for their own learning, focusing on students' self-efficacy and 

self-regulated learning may be key to an institutional use of technology that applies 

the insights of learning analytics into a non-intrusive, LMS-based feedback 

intervention. Truly scalable interventions should be about facilitating and leveraging 

students' own motivations into an “evidence-based” intervention that raises their self-
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awareness to seek or accept help the institution may be all too ready, willing and able 

to provide. 

Finally, it is worth noting that, like Astin, Bandura (1986) saw “environment” 

as a key role in his social cognitive theory of learning. Specifically, in his concept of 

“triadic reciprocal determinism,” he viewed a person’s behavior (actions and 

decisions) as influencing and influenced by one’s external environment (social and 

physical) as well as one’s internal personal traits (cognitive and emotional).  

 

 

 

 

 

 

 

 

 

As discussed earlier, institutions cannot really control the personal 

characteristics students bring to college, but combined with the external social 

environment they help to create, these might influence the ultimate outcomes that are 

students’ actions and decisions. For this reason, we will now take a closer look at 

social structures as part of the institutional environment for teaching and learning. 

Figure 2: Bandura's Triadic Reciprocal Determinism 
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Social Learning Theory  

In her excellent distillation of the brain science of attention, Cathy N. 

Davidson (2012), shows how we are literally trained from birth to pay attention to 

things that matter and filter out those that do not. As humans, we need this filtering to 

prevent sensory overload and to promote mastery, but we can become so adept at 

selective attention that we also develop “attention blindness” (p. 1), missing things 

that are simply not expected from our usual routines and frame of reference.  For 

example, Davidson recounts a now classic experiment she actually participated in: 

asked to count how many times a group of people bounces a basketball across an 

auditorium stage, several hundred college students completely miss a person dressed 

in a gorilla suit on stage. Not until they are shown a video replay of the experiment do 

they clearly see the gorilla.  

 Assuming we all have attention blindness, one of Davidson’s key concepts is 

“collaboration by difference” (p. 20), which assumes we all have attention blindness, 

but we are not all blind to the same things. As a result, working collaboratively helps 

teams be more productive than individuals precisely because a team has more 

intellectual assets to draw upon, to collectively see what individuals might routinely 

overlook. “We don’t see the rules of our culture until something startling makes an 

impression on us and forces us to reconsider,” says Davidson. “Seeing our own blind 

spots in real life often requires disruption” (p. 213). In other words, sticking to what 

we know limits discovery of what we do not, which is Bandura’s first stage of 

learning: self-awareness. Similarly, could Zimmerman’s discrepancy between a 

novice and expert be a form of Davidson’s “disruption” that raises awareness of what 
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an individual sees compared to what the group sees collectively? 

 Why is this important to my research? This idea of strength through diversity 

is not new, but social learning theory provides an intriguing theoretical context for 

imagining a scalable intervention through the LMS. For example, if self-regulated 

learning begins (in part) by comparing ourselves with others who are not like us, then 

this raises interesting questions about how learning environments (including digital 

ones afforded by LMS courses) might be designed to optimize student opportunities 

for social comparison. To be sure, students can compare themselves with the 

instructor, who is an expert or even “unconsciously competent” model in how one 

might think about or apply discipline-specific concepts. But could course designs – 

and related interventions – do more with peer-to-peer comparisons, too? Can learning 

analytics be used to help shine light on peer use of the LMS environment, to perhaps 

trigger a sobering, but not fatal, jolt or nudge of self-awareness and reflection through 

peer-based discrepancy? In short, can the LMS help to do more than deliver content 

and assignments? Can it shine light on relative peer-to-peer journeys toward mastery? 

Can LMS usage serve as a proxy for student attention that helps provide context to 

any one user about his or her engagement in course concepts? To do so, we need to 

better understand the role of peer influence in social relationships. 

One of the most influential social learning theories was espoused by Mark 

Granovetter in his seminal journal article, “The strength of weak ties” (1973), the 

premise of which is that beliefs, ideas or behaviors are spread more widely by 

diverse, but loosely connected social networks. Once adopted, influence may be 

reinforced (or “embedded”) among “strong ties,” but transfer – if not transformation – 
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of new ideas scales best across certain individuals who bridge or span multiple 

groups. Because few members in any one group share these same ties, they are 

considered “weak,” but the key is they are not absent. Like natural selection, the 

network effect of diverse, but loosely connected populations exposes all groups to a 

wider population of possibilities to learn from and to influence. 

Similarly, the popular writer Malcolm Gladwell (2000) used social 

networking to explain trends in marketing, politics and even urban crime rates. In The 

tipping point, he identified three types of social entrepreneurs: “mavens” (those who 

enjoy sharing what they know with others), “connectors” (those whose social 

connections far exceed the average of 300 for most people), and finally “sales people” 

(those who observe the first signs of a trend and can scale it). In this way, small 

changes, ideas or innovations appear to suddenly spread from trends into movements 

or even paradigm shifts. 

If diffusion of influence occurs naturally among diverse social groups, how 

does the use of information technology affect this dynamic? It is difficult to ignore 

the wide and rapid diffusion of social trends or even political movements through the 

use of social media. In fact, Manuel Castells (2004) argued that the rise of 

information and communication technologies (ICT) has transformed society’s power 

and culture paradigms from top-down, one-way, command and control dynamics. 

Like the ICT tools we use, Castells describes society as mimicking a computer 

network itself, complete with hubs, nodes, switches and circuits. Most importantly, 

there is no “top” or “head” or “center” to the network, as component parts can 
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recombine and redirect network “traffic” (i.e., communication) with ease, which is 

one of the hallmarks of networks.  

Each member may play different roles or even be oblivious to the larger 

network context they exist in, but the value of communicating and connecting is often 

more important than what is communicated. 

The culture of the global network society is a culture of protocols of 
communication enabling communication between different cultures on the 
basis, not necessarily of shared values, but of sharing the value of 
communication. This is to say: the new culture is not made of content but of 
process. (Castells, 2004, p. 39) 
 

 To be sure, programmers of the physical network are in high demand, but 

“switchers” (those who can leverage the network to redirect traffic and recombine) 

may be more so. Like Granovetter’s “weak tie” stewards between disparate groups, 

the ones who play a portal-like role between groups precisely because they can serve 

as bridges – the “switchers” in Castells “networked society” or the “connectors” in 

Gladwell’s – determine how influence is diffused and eventually becomes embedded 

in a culture. While it may be difficult to put our finger on what specifically defines a 

culture, the point is that technology’s diffusion of culture keeps us in constant contact 

with it, too. Like dolphin sonar that is projected and returned from distant objects, we 

are constantly gauging our social position relative to where we see others and 

ourselves. Why should teaching and learning be any different?  

Nobody wants to look silly, but what happens when we do not know or 

understand something, or maybe worse, cannot do it? Yes, we may need role models 

to perhaps guide us initially, to show us how to tie our shoes, but at some point we 
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have to consciously strive for competence by doing something that just does not come 

naturally. In short, we have to earn mastery through effort and hard work.   

In Mindset: The new psychology of success, Stanford psychologist Carol 

Dweck (2007) distills years of clinical research to convincingly describe two 

approaches to failure and learning: a “fixed” mindset vs. a “growth” mindset.  In the 

fixed mindset, natural talent reigns. If we are not successful in school, sports, work 

and even relationships, it is probably because we lack the talent or capabilities to do 

so. By contrast, the growth mindset views talent as relative, maybe even temporal or 

overrated, but the one constant to success in any endeavor is a willingness to accept 

one’s limitations, and seek opportunities to work hard and master what we lack in 

talent. Dweck’s “Mindset” research has been referenced by many of the best-selling 

authors in motivational literature including Malcolm Gladwell (2008), Daniel Pink 

(2009), Cathy N. Davidson (2012) and Salman Khan (2012).  

In fact, it was Gladwell who popularized the notion, supported by Dweck’s 

research, that it takes 10,000 hours of practice and effort to achieve mastery in any 

chosen pursuit. However, his key point in Outliers (2008) was that throughout 

history, certain key innovators who we assume were just more talented than others 

(e.g., Bill Gates, the Beatles, Bill Joy, etc.) were actually people who took advantage 

of opportunities to work hard.  

These are . . . people who were given a special opportunity to work really hard 
and seized it, and who happened to come of age at a time when that 
extraordinary effort was rewarded by the rest of society. Their success was not 
just of their own making. It was a product of the world in which they grew up. 
(Gladwell, 2008, p. 67) 
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Why is this important to my research? When instructors design a course, what 

kind of world or learning environment do they create, either in a face-to-face 

classroom or in an online learning management system? What opportunities do we 

design for students to work hard and take responsibility for their learning? And how 

do we model the pursuit of mastery through hard work? To explore these questions, 

we will now look at one of the more interesting innovations in instructional 

technology generally, and online learning specifically. 

Instructional Technology 

When he built Khan Academy6, Sal Khan (2012) says he wanted to “build a 

free virtual school for the world, one with instruction, practice and feedback” (p. 

156). Like the recent fascination with Massively Online Open Courses (MOOCs), 

Khan Academy was initially known for its use of online lecture videos over 

YouTube, which Khan used to tutor his cousins in New Orleans while he lived and 

worked in Boston. Unlike most MOOCs, however, Khan Academy has evolved into a 

rich learning environment of practice exercises with learning analytics-based 

feedback to students, who must get 10 problems in a row correct to be considered 

proficient in a foundational concept. If they get an answer wrong, students can get a 

hint – and the streak starts over – or they can watch a related video while the streak is 

suspended, and then try again to demonstrate mastery of the concept the video 

illustrates. In addition, students can select a “coach” (e.g., a teacher, parent, mentor, 

etc.) who can access learning analytics-based dashboards and reports to see where 

                                                
 
6 See www.khanacademy.org 
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students are specifically struggling. If used in a classroom, a teacher can even match a 

struggling student with a more successful peer, and the two often strengthen each 

other through informal, one-on-one teaching and learning among equals.  

By many accounts, Khan Academy (KA) is leading the way in reimagining 

what online learning is and can become. Rather than a passive, primarily text-based 

online document repository, or even a current fascination with hours-long video 

lectures few will ever watch, KA is beginning to realize what many have long-hoped 

for with instructional technology: personalized learning, differentiated instruction and 

adaptive learning. In short, KA may be doing for online learning what “active 

learning” teaching pedagogies did for the traditional, face-to-face classroom – helping 

students learn by requiring them to take more responsibility for it, by design:  

I believe that personal responsibility is not only undervalued but actually 
discouraged by the standard classroom model, with its enforced passivity and 
rigid boundaries of curriculum and time. Denied the opportunity to make even 
the most basic decisions about how and what they will learn, students stop 
short of full commitment. (Khan, 2012, p. 43) 
 
Indeed, some studies (Prince, 2004; Springer, Stanne, & Donovan, 1999) have 

shown that students do indeed learn better with active learning pedagogies such as 

team-based learning, peer instruction, just-in-time-teaching, and problem-based 

learning. What is also interesting is how active learning pedagogies nearly always 

leverage peer-to-peer interactions. Similarly, could a learning analytics-based LMS 

intervention leverage peer-to-peer interactions to raise awareness, perhaps through 

student dashboards and feedback tools that display discrepancies in performance and 

assessment data compared to one’s peers?  
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One key to leveraging peer pressure in a learning management system (LMS) 

would be evidence of some kind of a positive relationship between online student 

activity and academic performance. In Minds online: Teaching effectively with 

technology, Miller (2014) shares her own findings and summarizes others that support 

the notion of LMS activity (particularly discussion posts) as a proxy for student 

engagement that can impact student success as defined by final grades: 

In another online class (Cognitive Psychology), research collaborators and I 
found that the number of discussion posts students made were the number one 
predictor of their overall course grade, even though these made up only a tiny 
fraction of course points. 
(p. 41). 

 
In a study of participation patterns conducted with my colleague Linda Neff of 
the NAU E-Learning Center, we found that the single best predictor of final 
course grade was the number of discussion posts made over the course of the 
semester— even though these posts made up only a small proportion of the 
course points. (p. 144). 

 
One research team uncovered a somewhat surprising role of discussion forums 
in mediating the relationship between procrastination and success in an online 
course. They found that procrastinators are particularly unlikely to participate 
in online discussion forums, and this reduced participation, in turn, is 
correlated with worse grades. (p. 180).  
 
Despite the potential transformation technology is often claimed to bring to 

education, increasingly, there is a growing impatience and skepticism that leads to a 

“so what?” question asked by Williams (2004) and other historians of technology. 

One reason for this is that the rapid pace of technological change breeds a 

predisposition toward viewing that which is new as innovation, which Castells says is 

“at the root of economic productivity, cultural creativity, and political power-making” 

(p. 11). When change is so rapid, how does one keep up? Clearly, we do so by 

innovating or changing, but at what cost to the time, effort and judgment that mastery 
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requires? In addition, the rapid change of IT culture, with very few incremental steps 

and bridges, is vastly different from the deliberate and considered pace of academic 

culture. 

Indeed, questions about the impact of instructional technology are really a 

critique about the loss of reflection in a network society that must keep moving to 

innovate. Williams (2004) points to the dangers of “presentism,” in which “the past is 

simply ignored: the present is taken as it appears, as a self-contained reality, as if 

there were no past realities that have shaped it” (p. 435). In the field of instructional 

technology generally, and online learning specifically, there is a literature of critique 

aimed at the loss of reflection and evaluation, not to mention rigorous evidence of 

effectiveness (Cuban, 2001; Noble, 1999).  

As such, this backdrop of technology’s predisposition toward “presentism” 

informs my interest in trying to understand if and how technology makes a difference 

in teaching and learning. The challenge is that there are few analog, face-to-face 

(F2F) models of what this “difference” looks like, with the possible exception of 

active learning, which most definitions highlight as “learning by doing.”  

For many students and instructors who use online course sites, however, an 

active, robust discussion board can be just as active and engaging as any face-to-face 

classroom. So, how do we extend assessment of learning when technology is 

introduced into the equation? Though early learning analytics initiatives may be 

simplistic, we need to pursue them in the hope that meaningful criteria can be 

established (and replicated) for answering the “so what?” question about technology’s 

impact.  
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Why is this important to my research? Essentially, Dr. Johnson was asking me 

a “so what?” question about the impact of Blackboard at UMBC. In hindsight, my 

own instinct would be that the real transformative value of technology is the critical 

self-reflection it engenders, in teachers as well as students, by recasting how to do 

something familiar in new ways or new environments. What does it mean to teach 

and learn in an online environment? If we will conceptualize and embrace technology 

as a lab experiment for a new way of thinking – as well as a tool – then we might be 

able to design learning environments that help students become more self-aware, self-

regulated and self-directed. Indeed, if this can be achieved, scaled and sustained, it 

would even be transformational. 

Learning Analytics Overview 

Though learning analytics (LA) is a relatively new field, an overview of key 

developmental milestones in the literature will help provide context for my own use 

of it in this study. Typically associated with business, marketing, healthcare or even 

actuarial science, Goldstein (2005) was the first to study the crossover application of 

analytics (sometimes referred to as “business intelligence”) in an academic context. 

Based on surveys of 380 institutions and interviews with 27 leaders, he summarized 

five stages of academic analytics that focused primarily on improving administrative 

efficiency at colleges and universities: 

Stage 1: Extraction and reporting of transaction-level data (key for 70% of 

respondents) 

Stage 2: Analysis and monitoring of operational performance 

Stage 3: “What-if” decision support (such as scenario building) 
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Stage 4: Predictive modeling & simulation 

Stage 5: Automatic triggers and alerts (interventions) 

A key finding was that learning analytics flourished at institutions where leadership 

valued it, enough to train staff and invest in the infrastructure required to implement 

it. 

Two years later, the focus of analytics shifted from academics to student 

learning, primarily through the dissertation of John Campbell (2007) and his resulting 

Educause Review article on learning analytics in practice at several institutions, 

including at his own institution, Purdue, as well as at Northern Arizona and others. 

Given growing concerns about American competitiveness, low graduation rates, and 

mountains of virtually unanalyzed student data from higher education’s growing use 

of learning management systems (LMS), Campbell and others focused on LMS-based 

analytics as a theoretical model for prediction and possible interventions with 

underperforming students. At Purdue, Campbell and his colleagues did so by 

developing a sophisticated risk algorithm based on two different types of student data: 

1) pre-college preparation in the form of high school GPA, standardized test scores 

and socioeconomic status; and 2) post-admission performance in the form of grades, 

advising visits and use of the LMS.  

By examining 597 courses in the Fall 2005 semester, Campbell’s dissertation 

remains the largest such sample to be studied to date. Campbell actually found 

student use of the LMS to be a relatively weak predictor of student final grades, a 

result that he found to be “disappointing” (2007, p. 125). However, in his related 

Educause Review article, Campbell’s call for “actionable intelligence” (p.42) helped 
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shift the focus of analytics from mere analysis to action. Basically, if analysis does 

not lead to action, we cannot affect change, but if we act without analysis, the 

intervention may not be targeted or efficient, let alone effective. 

Unfortunately, moving from predictions to interventions was still proving to 

be difficult. Four years after Goldstein’s initial study of academic analytics, Yanosky 

(2009) surveyed another 305 institutions using Goldstein’s same five stages cited 

earlier and found a modest maturation: 58% of respondents reported being at Stage 1 

(data extraction), but now 20% reported being at Stage 2 (analysis). However, few 

institutions were actually using predictive analytics to intervene with students 

(Goldstein’s “Stage 5 Alerts”) and only Purdue had published results.  

Then, Macfadyen and Dawson (2010) published compelling findings that 

LMS usage data were predictive of student success in a sample of five online courses, 

especially through student use of discussion forums and online assessments, which 

they analyzed and visualized through a software tool called Social Network Adapting 

Pedagogical Practice (SNAPP).  They found that the course design itself, especially 

activities that facilitated peer-to-peer interaction and “social learning,” was the most 

significant factor leading to student success as defined by final grades. Finally, they 

suggested predictive analytics and social networking maps of student-to-student 

interactions could combine to be a powerful early warning system for instructors. 

Given the variability in “pedagogical intent” by instructors, however, 

Macfadyen and Dawson suggested that LMS usage tracking could never be 

considered an institutional solution, which Campbell’s model attempted to create.  

Campbell sought to predict student overall success across an entire academic 
program, and consequently was unable to consider the differential intentions 



 

 43 
 

and differential tool implementation of individual instructors within individual 
courses. Our findings suggest that for the purposes of monitoring student 
activity and achievement, predictive models must be developed at the course 
level . . . . A 'one size fits all' dashboard tool will not accurately reflect both 
pedagogical intention and the subsequent observed online behaviour in a 
manner that affords instructors the capacity to predict student success. (2010, 
p. 598) 
 
Two points in the work of Macfadyen and Dawson are worth highlighting: 1) 

they found that course activities designed to enhance peer-to-peer student interaction 

were most significant to student success; and 2) their primary audience for a “proof of 

concept” early warning system dashboard was instructors (not students), despite 

variability in the “pedagogical intention” of instructors to use the LMS. I will return 

to both points shortly. 

In 2011, as part of the first annual Learning Analytics and Knowledge (LAK) 

conference, the planning committee defined LA as “the measurement, collection, 

analysis and reporting of data about learners and their contexts, for purposes of 

understanding and optimizing learning and the environments in which it occurs” 

(Long & Siemens, 2011, p. 3). Though “purposes of understanding and optimizing 

learning” is not a clarion call for more interventions, the LAK definition recognized 

the need for learning analytics to push beyond mere analysis (insight) and change 

outcomes (act) if it was to become a valuable higher education initiative.  

Similarly, the Educause Learning Initiative (ELI) offered its own definition 

that reflected the field’s growing interest in actually applying learning analytics: 

At its core, learning analytics (LA) is the collection and analysis of usage data 
associated with student learning. The purpose of LA is to observe and 
understand learning behaviors in order to enable appropriate interventions 
[my emphasis added]. The reports that an LA application generates can be 
very helpful for instructors (about student activities and progress), for students 
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(feedback on their progress), and for administrators (e.g., aggregations of 
course and degree completion data). (Brown, 2011, p. 1) 

 

As one might imagine, interest in learning analytics was very high, if judging 

only by its frequency as an IT conference theme or presentation title. However, some 

critics would eventually begin to raise questions about what LA could actually 

measure and the validity of final course grades, let alone correlating them with LMS 

activity data or “clicks” (Bass et al, 2012; Buckingham Shum, 2012; Campbell & 

Lynch, 2012). 

In addition, sometimes definitions (and discussions) of LA vacillated between 

“learning analytics” vs. “learner analytics.” Even the once promising role of the LMS 

that motivated Campbell’s pioneering work was changing, as more institutional IT 

organizations began reviewing their legacy commitments to any one LMS. More 

often than not, this meant a review of Blackboard, as reported by the annual Campus 

Computing project, which estimated Blackboard’s own market share had dropped 

from 71 percent in 2006 to 45 percent in 2012 (Azevedo, 2012).  

While it remains to be seen how the LMS market fragmentation will play out, 

one obvious implication could be a slowing down of learning analytics based on the 

lack of a ubiquitous technology platform to analyze, if not a single vendor to produce 

it. As Goldstein and Yanosky showed, it is very challenging to carve out the time, 

effort and resources necessary to paint a holistic picture of students’ technology 

usage, especially when that “technology” consists of several subsystems administered 

by IT staff members who may not be fully aware of or even minimally conversant in 

these other systems – or each other. 
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In 2012, the Educause Center for Applied Research (ECAR), which had 

published the Goldstein (2005) and Yanosky (2009) analytics reports, published yet 

another report on the state of analytics in higher education. The ECAR report also 

solidified the need for interventions through a new definition of analytics as “the use 

of data, statistical analysis, and explanatory and predictive models to gain insights 

and act on complex issues” (Bichsel, 2012a). Based on focus groups and surveys 

from 221 Educause Institutional members, interest in analytics remained high, but the 

report acknowledged many institutions had still yet to make progress beyond basic 

reporting. Unfortunately, ECAR abandoned Goldstein’s five stages in favor of an 

analytics maturity model (albeit with five new components as well), so a longitudinal 

comparison of institutional adoption was no longer possible after Yanosky’s 2009 

study. However, the new ECAR analytics maturity model did provide an interactive 

survey that allows institutional team members to compare notes on the five key 

components of culture, data & tools, investment, expertise and infrastructure (Bichsel, 

2012a). 

Notable Analytics Interventions 

While there have been very few peer-reviewed studies on predictive analytics 

using a learning management system (LMS), the field has virtually ignored empirical 

study of LMS-based analytics interventions altogether. Beyond the dwarfing example 

of Purdue’s Course Signals, there really are not very many notable analytics 

interventions to study. Why is this? Is it that Purdue’s example requires more effort 

and resources than institutions are willing to muster? Or is LMS market volatility a 

contributing factor? After attending the 2014 Learning Analytics and Knowledge 
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conference, my own sense is that the LA field recognizes the need to live up to its 

own definitions and move beyond prediction to implement and evaluate interventions, 

an assessment shared by Fiaidhi (2014). Toward this end, I offer a brief review of 

four notable interventions that focus on student attention to – if not responsibility for 

– their own learning. 

Course Signals (Purdue University) 

A year after John Campbell completed his dissertation and published findings 

in Educause Review, The Chronicle of Higher Education rightly focused on Purdue’s 

innovative Course Signals intervention that could alert faculty of at risk students, who 

in turn could alert these students by issuing a green (stay the course), yellow (caution) 

or red (jeopardy) traffic light signal when they logged into their Blackboard LMS 

course site (Rampell, 2008). In this same article, The Chronicle also reported on a 

2005 study by the University of Georgia that showed student use of the LMS alone 

was statistically significant in predicting student success in three online English, 

Geography and History courses (Morris, Finnegan, & Wu, 2005). Together, the 

Purdue and Georgia research established the LMS as a viable platform worthy of 

study for predictive analytics, but because it found that online LMS activity alone was 

highly predictive, the Georgia study was particularly promising for schools that might 

not have been able – like Purdue – to integrate LMS and student information system 

(SIS) data for predictive analysis. 

A few years later, Kimberly Arnold (2010), who was then Campbell’s 

colleague at Purdue, also published further evidence that Purdue’s “Course Signals” 

was effective at not only predicting students in need of help, but also intervening to 
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improve student success and institutional retention.7 Arnold acknowledged one 

concern: a lack of consistent, effective practice among faculty about if, when and how 

to flip the signal alerting students they are in jeopardy. This is a key point: Signals 

does not alert students – it alerts the faculty member who then decides whether to 

display a red, yellow or green alert. Despite Purdue’s sophisticated predictive risk 

algorithm, how and when faculty flip the Signals intervention switch has varied at 

Purdue, as it most likely would at any other institution fortunate enough to have it. 

However, Purdue’s Course Signals raised the bar of LA practice by implementing a 

plausible intervention. 

Check My Activity (UMBC) 

Inspired by Purdue’s Course Signals, but with a twist of directly alerting 

students, not faculty, Fritz (2011) published an initial summary about UMBC’s 

fledgling analytics efforts. Based on a convenience sample of 131 courses since 2007, 

students earning a D or F tended to use the Blackboard LMS about 40% percent less 

than students earning a C or higher. Fritz also described a simple student feedback 

tool called Check My Activity (CMA) that allowed students to compare their own 

activity to course peers, which many students did early and often. If instructors used 

the online grade book, students could also compare their own activity with an 

anonymous summary of course peers earning the same, lower or higher grade for any 

assignment. Two years later, Fritz (2013) reported that the aggregate D/F rate 

                                                
 
7 Recently, Purdue has drawn criticism about the validity of its year-to-year retention claims. However, 
these same critics do not contest grade improvements of Signals vs. non-Signals courses during a 
semester. For more information, see Michael Feldstein’s summary at http://mfeldstein.com/npr-
missed-course-signals/.  
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correlation with student Bb usage had held true for all 1,400+ courses each semester 

since 2007, and that students using the CMA feedback tool in Spring 2012 were 

nearly twice as likely to earn a C or higher than students who did not. 

E2Coach (University of Michigan)  

Developed at the University of Michigan, Electronic Expert (E2) Coach is a 

recommendation engine designed to help current students pass difficult courses by 

providing feedback and advice from peers who performed “better than expected” in a 

prior version of the same course (McKay, Miller, & Tritz, 2012). Specifically, 

E2Coach is based on a proven tailoring and targeted communication model developed 

by the Centers for Disease Control and used by public health professionals to match 

people who need to change their behavior by sharing messaging from peers who did. 

Advice is collected through interviews with students who have done well in a course, 

particularly if they did "better than expected" (based on analysis of pre-college 

demographics, GPA, SAT, etc.). Faculty members are interviewed as well, but the 

focus is based more on the value of authentic peer-to-peer feedback. Once gathered, 

E2Coach presents prior successful students' habits and strategies in the form of opt-in, 

on-demand and tailored advice to currently struggling students in the same course. By 

matching student demographics and key course milestones (e.g., assignments, 

quizzes, exams), the currently enrolled struggling students can opt in to get advice 

and tips from successful peers who look like them demographically, and at key times 

in the semester when they may be facing challenges understanding or applying course 

concepts.  
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As one might expect, many of the "better than expected" students ended up 

using the support resources the University is all too ready and willing to provide. By 

contrast, weaker or "worse than expected" students don't always do this and getting 

authentic advice from peers to do so is more likely to be effective. E2Coach was 

initially developed to help students pass Introductory Physics, but has recently been 

expanded to many STEM courses. 

Degree Compass (Austin Peay State University) 

Developed by Austin Peay State University, Degree Compass has been shown 

to be an effective intervention for the problem of inefficient student course 

registration and (potentially) “time-to-degree” completion (Denley, 2012, 2013). 

Specifically, by studying the demographics, academic preparation, final grades and 

course registration choices of past students, Degree Compass helps current students 

by recommending courses in which they are more likely to succeed. A customized 

“Reverse Degree Audit” algorithm generates a five-star recommendation based on 

general education requirements, major requirements and a student’s predicted grade, 

which has been shown to be 92 percent accurate in terms of predicting actual passing 

grades of C or better. Degree Compass does not take into account the faculty course 

design or student effort in the LMS course per se, but given the accuracy of grade 

prediction, and a recent push to redesign key gateway courses, Austin Peay is in a 

better position to identify and support students who are likely to struggle from the 

start.8 

 
                                                
 
8 Note: Degree Compass was acquired by the Desire2Learn LMS software company (New, 2013). 
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Learning Analytics Methodology 

To date, the primary methodological approach of learning analytics (LA) has 

been quantitative analysis, especially student use of the learning management system 

(LMS), which adds a near real-time dimension to otherwise static learner 

characteristics (Barber & Sharkey, 2012; J. Campbell, 2007; Macfadyen & Dawson, 

2010; Morris et al., 2005; Whitmer, 2012). This has occurred despite considerable 

challenges institutions face just to gather, integrate and analyze student demographic, 

academic and behavioral LMS data (Bichsel, 2012a; P. Goldstein & Katz, 2005; 

Yanosky, 2009). 

Most current definitions of learning analytics recognize the need to intervene, 

that is if one hopes to change predicted outcomes and add value for the effort to do so 

(Brown, 2011; Campbell & Pistilli, 2013; Society for Learning Analytics Research 

(SoLAR), 2013). Rightly or wrongly, the example interventions we briefly described 

above reflect a particular assumption about how student learning might be improved 

and particular institutions. However, given the claims about the potential of learning 

analytics, why are there so few interventions? Is it just the field is still maturing? Is it 

simply a matter of time, infrastructure and expertise before more institutions leverage 

learning analytics and report findings? Or is there something about predictive 

analytics in particular that makes it challenging to actually intervene with students?  

Minimally, the lack of LMS intervention examples or a consensus approach 

suggests a degree of uncertainty or immaturity in the learning analytics field. For 

example, Barber and Sharkey (2012) eliminated theoretical student engagement 
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factors such as self-discipline, motivation, locus of control and self-efficacy because 

they were “not available” (e.g., quantifiable) in the LMS data set, which was their 

primary object of analysis. However, even though their predictive model was 90 

percent accurate of final student pass rates within the first week of a semester, they 

acknowledge that a pilot program to alert academic advisors who can then alert and 

intervene with targeted “at risk” students is yet to be evaluated or fully implemented. 

“Statistical validity alone is insufficient; the model must provide actionable 

information to front-line advisors in a form that can increase student success in order 

for it to be seen as truly valid” (p. 4). 

Perhaps more poignantly, consider Macfadyen’s and Dawson’s (2012) 

somewhat pessimistic journal article: “Numbers are not enough: Why e-learning 

analytics failed to inform an institutional strategic plan.” Though the authors observed 

and contributed to a compelling and predictive analysis of an institution’s student and 

instructor LMS usage, they found the results did not move the “heart and head” 

[original emphasis] of institutional leaders to do anything about it. They even 

speculated about the “accessibility and presentation of learning analytics discoveries” 

to “surprise and compel” (p. 161). 

Accordingly, a review of LA literature and practice should include an 

overview of the most common quantitative techniques and issues for predictive 

modeling. In doing so, however, it should not be underestimated just how challenging 

it can be to access, integrate and analyze all of the data necessary to pursue 

quantitative analysis. As Goldstein (2005) concluded, apart from needing leadership 

that values this exploration, and trained staff who can do so, many institutions simply 
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do not have the necessary technical infrastructure. In addition, the variety of 

commercial, open-source or homegrown systems makes it even more challenging for 

consensus approaches, let alone effective practices, to emerge and be replicated.  

However, for those who have made traction with learning analytics, some 

common initial steps include the following. First, static demographic and academic 

data from a student information system (SIS) is combined with dynamic usage data 

from the campus learning management system (LMS). The challenge is the word 

“combined.” On their own, none of these systems are designed to store or integrate 

data from any other system. Even if one could do so, trying to query such a 

production system that is so large can easily crash or hang it.  

As a result, most institutions that have pursued analytics have built or bought 

what is commonly known as a data warehouse, a parallel storage and reporting 

system where transactional data from disparate production systems can be co-located 

and minimally summarized or aggregated, typically through a common userID or 

course ID that may be contained in one or all systems. The process for doing all of 

this is typically called ETL, which stands for “extract, transform and load.” The ETL 

process takes data from sub-systems, standardizes it, and then populates the data 

warehouse as a staging area for more robust querying and analysis. Typically, the 

sub-systems, like an LMS or student information system (SIS) are integrated into the 

data warehouse so that data in the warehouse is “refreshed” on a regular basis. 

Finally, after gathering a variety of data from different systems and sources, 

one can begin the process of quantitative analysis. At a minimum, this involves 

descriptive statistics about samples or populations from which they are drawn. For 
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example, even though some LMSs may not contain demographic information about 

students, nearly all of the learning analytics-based predictive studies to date have 

manually or automatically integrated their SIS data to at least consider, if not report 

on, the following:  

• Gender 

• Race/ethnicity 

• Academic preparation (e.g., SAT scores, HS grade point average) 

• Socio-economic status (e.g., Pell grant eligibility) 

• First in family to attend college 

• Current class standing (e.g., freshmen, sophomore, etc.) 

• Current major 

• Cumulative and semester grade point average (GPA). 

Except for enrollment data, this information is static and does not change, but 

the literature (Astin, 1993; Tinto, 1993) and common sense warrants inclusion of 

student “inputs” in any attempt to predict their academic outcomes. 

Methodological Issues 

Where methodological issues emerge, and learning analytics practice varies, is 

the approach to course sampling, variable use of the LMS by instructors and students, 

and final grades in multiple LMS courses by distinct students. As such, I will look at 

each issue separately. 
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Course Sampling 

Whitmer (2012) provides a useful summary of the empirical studies that 

predated his own, including sample size and results: 

 

 As Whitmer notes, each of these studies employs a similar methodology of 1) 

including certain variables deemed important by available literature or the researcher, 

2) correlating each variable with student course grade, and then 3) combining 

significant variables into an overall regression model to determine the relationship 

with student final grade. Whitmer’s own study focused on the use of student 

characteristics in an LMS model, especially under-represented minority (URM) 

status, which he showed to be a gap in the LMS-based learning analytics literature. 

His regression model had an adjusted R2 coefficient of .33, which would be 

considered a moderately good estimation of explained variance in his model, based 

Table 1: LMS predictive studies (Whitmer, 2012, p. 46) 
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on a scale between 0 (no variance is explained) and 1 (all variance is explained). 

Whitmer found LMS usage accounted for four times the variance in his model than 

did URM (p. 98). Like Macfadyen and Dawson, he studied a single course (n=373 

students), which he says Campbell recommended in his own dissertation to account 

for variations in LMS use across courses (Campbell, 2007, pp. 135–136; Whitmer, 

2012, p. 48).  

Interestingly, Campbell (2007) eliminated courses with low LMS use as 

defined by time in the system or low/no use across certain tools (e.g., discussions, 

calendar, etc.). While this research design decision and the sheer scope of his sample 

may have contributed to the relatively low predictive value of individual LMS usage 

activity variables, Campbell did find that overall LMS use by students among 

included courses was one of four key factors in his model, which also consisted of 

standardized test scores, current college GPA and course level (e.g., upper/lower 

division) (p. 79). 

How is it then that Whitmer’s and similar, relatively small course sample 

studies found student LMS use to be highly predictive of final course grade, but 

Campbell’s much larger sample study did not? Campbell himself called his findings 

“disappointing” (2007, p. 125), and Macfadyen and Dawson (2010) cited Campbell’s 

findings as well as their own as a reason why the LMS could never be considered a 

“one size fits all” student monitoring and prediction tool (p. 598).  

This variation in findings is probably the single biggest reason why the 

learning analytics field continues to be oriented more toward predictions instead of 

interventions. Coupled with the considerable effort it still takes just to gather, 
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correlate and analyze student LMS usage data, and it is no wonder the learning 

analytics field is struggling to validate findings through replication, let alone move 

past them to implement, evaluate and disseminate findings about effective 

interventions.  

There is, however, another relevant variable that has not been fully explored 

by the learning analytics field: faculty design of LMS courses. All of the empirical 

studies to date acknowledge this limitation, but it is essentially conceded as being 

impossible to quantify, not unlike Barber and Sharkey’s decision to eliminate student 

engagement from their predictive model because it could not be quantified. In 

addition, Whitmer as well as Macfadyen and Dawson essentially looked at only one 

course, so it was impossible (by study design) to even consider faculty variation in 

LMS course design as a variable: they were looking at too few courses, while 

Campbell may have been looking at too many, perhaps so much so that he did not 

feel he could account for course design variation. Either way, course sampling will 

remain an issue in a primarily quantitative learning analytics methodology as long as 

faculty LMS course design is not operationalized as a variable for future studies. 

Toward this end, we will now look at some approaches that may collectively help to 

do so. 

LMS Usage Activity Types 

Admittedly, one cannot divine an instructor’s pedagogical intent, but can we 

view student use of his or her LMS course as an indicator of its implementation 

design? For example, based on how students actually use LMS course tools and 

functions, can we retroactively characterize this as an LMS course design type? In 



 

 57 
 

fact, the literature (J. Campbell, 2007; Dawson et al., 2008; Fritz, 2013; Macfadyen & 

Dawson, 2012; Whitmer, 2012) supports just such a characterization of LMS course 

design that can be roughly broken down into three distinct types: 

1. User & Content Management (e.g., enrollment, notes, syllabi, handouts, 

presentations)9 

2. Interactive Tools (e.g., forums, chats, blogs, wikis, announcements) 

3. Assessment (e.g., practice quizzes, exams, electronic assignments, grade 

center use)  

For example, if students in one course appear to use the online discussion 

board more than students in another course, could one reasonably assume that the two 

instructors varied at least in their conceptual value and effective use of this tool? 

Perhaps this is evident by how instructors differ in their weighting or reward for the 

discussion board’s use in the course’s grading scheme, or model and facilitate its use, 

or simply enable it as a tool in the LMS course’s configuration. Admittedly, the 

challenge is determining how much difference in student LMS course usage is 

statistically significant, and thus indicative of broad course designs. But at least these 

three broad LMS course design types provide a theoretical way to operationalize 

variability in faculty LMS usage that can help determine the impact of technology on 

student responsibility for learning. 

To be sure, there may be a default LMS course configuration that most 

instructors blindly accept. But in trying to explain why one tool or function is used 

                                                
 
9 Dawson et al (2008) proposed a 4th type of LMS use called “administration” that roughly equates to 
course logistics of enrollment, file management, etc. For convenience, I have combined this into a 
single “user & content management” category. 
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more in one course vs. another, it seems one should at least be able to consider the 

pedagogical design choices of the instructor as an environmental factor that may 

impact student awareness, activity and engagement in an LMS. True, this may shine 

light on the instructor’s capability or capacity to implement his or her course design 

choices, but to simply ignore the possible impact of LMS course design on student 

engagement seems un-necessary and disingenuous if we want to use learning 

analytics to predict and hopefully intervene with students based on their LMS usage 

data. If students who perform well use the LMS more, do we not want to know what 

tools, functions and practices may facilitate this dynamic?  

In addition, there have been some variations in methodological practice that 

could complement an attempt to categorize (if not standardize) LMS course usage. 

For example, it was precisely because he did not want to control for student or 

instructor variation in an LMS course, that Campbell (2007) converted all LMS usage 

variables into Z-scores, a statistical analysis technique for standardizing variables 

with very different data ranges (p. 49). In this way, Campbell could compare and 

analyze discussion board use, which might have a mean of 400 accesses per student 

against student use of the calendar, which might have a mean of 50. A Z-score would 

not necessarily flatten or inflate one tool’s use vs. another, but it would allow one to 

more easily relate them for comparative purposes, especially in multivariate 

regression analysis. 

Though it is not often explicitly stated in the literature, use of an LMS may 

say as much about how faculty conceptualize what can be done in them pedagogically 
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(Steel, 2009), as it does about students’ engagement with the content, concepts and 

assignments that faculty design and deploy. 

Final Grades in Multiple LMS Courses by Distinct Students  

One advantage of smaller learning analytics-based LMS studies like Morris 

(2005), Macfadyen and Dawson (2010) and Whitmer (2012) is that it is easier to 

analyze a one-to-one relationship between student LMS use and final course grade. 

Presumably, if no individual student in one course also enrolled as a student in 

another course in the study sample, then the impact of independent variables on the 

dependent variable (e.g., final course grade) could be viewed by distinct or unique 

student. Similarly, if one student takes five courses (three using the LMS, and two 

that do not) and earns a final grade in each, then there should be five grades for this 

one student, and we should be able to at least correlate the student’s LMS activity as 

an independent variable in three courses and compare these grades to the two in 

which there was no LMS activity. So, if a study contained 1,000 unique students who 

each enrolled in four courses, there should be 4,000 “grade” or enrollment records 

that can be tracked back to the 1,000 distinct students. Admittedly, there might likely 

be a smaller number of courses representing the 1,000 students, if some students took 

the same course as others in the sample.  

 If learning analytics is to consider LMS activity as evidence of students taking 

responsibility for learning, however, we must be able to look beyond the individual 

course level, to address the one-to-many relationship between individual students and 

their final grades in multiple courses, perhaps by major or degree program. By 

definition, this would also seem to imply the need to account for different faculty 
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LMS course designs on student activity, engagement and academic performance 

across one or more of courses. As we have seen, there is a concern about trying to 

measure “pedagogical intent,” but at a minimum, we should be able to retroactively 

determine an LMS course design based on the type of student LMS usage that is 

observed. This point is not always fully addressed or clear in the available studies 

mentioned above.  

For example, in Campbell’s large learning analytics-based LMS study, he says 

the sample “consisted of 71,794 course management tracking records representing 

27,276 unique students enrolled in 608 courses representing 75 departments and 9 

colleges” (2007, p. 31). Given his large sample, he was able to cleverly split the 

records into two groups, one to develop his predictive model, and one to validate it, a 

practice Barber and Sharkey replicated (2012). 

After dividing the sample, however, it then becomes a little challenging to 

follow Campbell’s process. He says the predictive model sample “consisted of 27,276 

course management tracking records representing 27,276 unique students enrolled in 

597 courses” (p. 33) while the model verification sample “consisted of 21,870 course 

management tracking records representing 21,870 unique students enrolled in 587 

courses” (p. 34). Clearly, there were more “course management tracking records” 

(71,794) than students (27,276), but it is not clear what Campbell did to reduce or 

filter the records to a one-to-one match with students in the predictive model sample 

or verification model sample. Did his “records” consist of individual students? 

Individual grades? Both? How many unique students earned multiple course grades? 

He did not specify in his dissertation, but did so in a follow up email reply when I 
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asked him to clarify: 

Due to multiple grades for a given student, my committee wanted to make 
sure a given student was not represented more than once in the test or 
verification groups. So those that were in two courses, one record was 
assigned to the model development data set, the other to the verification data 
set (done randomly). For those students with more than two records – one was 
assigned to model, one to verification, and the rest were thrown out (again 
randomly).10 
 
Another way to address the issue of distinct students would be to aggregate 

specific course grades earned by students into a mean, current semester GPA for 

courses (distinct from the student’s cumulative GPA to date). Then, one could use a 

simple “primary indicator” count for each unique occurrence of the student’s campus 

userID to filter the data for each variable being analyzed. While this perhaps has the 

effect of flattening the analysis of final course grades in specific courses, it associates 

the aggregated dependent variable (mean current semester GPA) back to distinct 

students for analysis with independent variables across courses.  

Another approach might be to use hierarchical linear modeling (HLM) to 

account for the “nested” or one-to-many structure of the student to final grades data. 

Importantly, SPSS (the statistical package used for most of the empirical studies in 

this review) does not support HLM. In addition, none of the learning analytics studies 

to date ever report having used HLM as a statistical method.  

Instead, all of the current learning analytics-based, LMS studies use binary 

logistic regression as the primary method for predicting student success. As the name 

suggests, binary logistic regression converts the dependent variable into two states: 

condition met vs. condition not met, which is frequently coded as either 1 or 0, 

                                                
 
10 Email correspondence, 11/6/2013 
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respectively. In the case of student success, the literature typically defines success as 

“passing” (earning a C or higher, which would be coded as “1”) or “not passing” 

(which would be coded as “0”). One can still use multiple (multivariate) independent 

variables to build a predictive model, but instead of looking at specific course grades 

A through F, binary logistic regression will report the likelihood or “odds ratio” of 

students earning a C or higher.  

 

Implications of Learning Analytics Research  

The purpose of this review has not been to poke holes at the hard work of 

analysis, but to perhaps shift the LA field’s focus more toward implementation, 

evaluation and dissemination of effective, scalable interventions. Admittedly, there 

are few empirical studies, but the evidence is compelling that LMS activity data can 

be considered as a proxy for attention, if not engagement (Campbell, 2007; Campbell 

et al., 2007; Macfadyen & Dawson, 2010; Whitmer, 2012). However, prediction is 

only a necessary, not sufficient condition for learning analytics to be transformative, 

as the shifting definitions of the field attest. What is needed is more focus on 

interventions as an essential aspect of learning analytics theory and methodology. 

Toward this end, perhaps the best definition is one that Campbell and his colleagues 

at Purdue developed, and that shows interventions as a key, defining activity of a 

five-step iterative process (Campbell & Pistilli, 2013; Pistilli & Campbell, 2012): 
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It cannot be overstated just how much the learning analytics field owes to the 

pioneering leadership of Purdue University. Campbell and his colleagues blazed a 

trail few others could. However, the lack or delay of replicating and evaluating 

interventions at other institutions necessarily raises questions about the feasibility and 

value of learning analytics, let alone its scalability. Given higher education’s modest 

traction reported by ECAR (Bichsel, 2012b; Goldstein & Katz, 2005; Yanosky, 

2009), one has to wonder if the basic expertise and technical infrastructure required to 

pursue LA is more than most institutions can muster. Indeed, Rogers (2014) 

convincingly argues that linear regression may be too high a methodological bar for 

most analytics practitioners to overcome. Do institutions themselves vary too much to 

develop and scale common solutions from which we all can learn? Can we measure 

student success, let alone learning? Or faculty pedagogy and course design? What is 

the best way to present feedback to students who we predict will struggle? These are 

questions the field must still address if the value of LA is to be realized. 

Figure 3: Purdue's 5 Component Analytic Model 
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In his 2007 dissertation, Campbell noted that student retention and success 

have been researched for well over 60 years, but that the 50 percent college 

completion rate has changed very little (2007, p. 6). If learning analytics is to impact 

how students learn, let alone if they are retained and graduate, how and when might it 

occur? Perhaps more importantly, what are the implications if it does not? 

As we have seen, Macfadyen and Dawson (2012) essentially found that the predictive 

insights of LMS-based learning analytics did not move the “heart and head” [original 

emphasis] of university leaders toward a deeper investigation, let alone an 

intervention that could change LA’s predicted outcomes. 

We propose that greater attention is needed to the accessibility and 
presentation of analytics processes and findings so that learning analytics 
discoveries also have the capacity to surprise and compel, and thus motivate 
behavioural change. (p. 161) 
 
Though they never develop the point further, Macfadyen and Dawson close 

with an intriguing recommendation that “research must also delve into the socio-

technical sphere [my emphasis added] to ensure that learning analytics data are 

presented to those involved in strategic institutional planning in ways that have the 

power to motivate organizational adoption and cultural change” (p. 161). Indeed, if 

quantitative analysis is the primary methodology for learning analytics, but the field 

itself has produced very few interventions, then at what point do the ends justify a 

new (perhaps qualitative) means for realizing LA’s potential to impact student 

learning, persistence, retention and eventual success as measured by graduation? 

As we consider how LA-based interventions might be reimagined, implemented, 

assessed and scaled by more institutions, it is important to review assumptions of 

what we think LA can do. Generally, the literature appears to support student LMS 



 

 65 
 

activity data as a real-time indicator of student engagement (Campbell, 2007; 

Macfadyen & Dawson, 2010; Whitmer, 2012). Also, while there have been few 

empirical studies of analytics-based interventions besides Purdue’s (Arnold & Pistilli, 

2012), a number of theoretical or initial approaches tend to focus on the faculty 

member’s role to intervene with students who – learning analytics might “predict” – 

will struggle or appear to do so (Campbell, 2007; Macfadyen & Dawson, 2010; 

Whitmer, 2012). A few exceptions focus more on student interpretation of 

comparative peer data (Fritz, 2011, 2013) or algorithmically derived recommendation 

engines (Denley, 2013; McKay et al., 2012). 

Why is this important to my research? Basically, nobody learns from a 

position of comfort.  It is not until we realize we cannot see, know, understand or do 

something—perhaps compared to someone else—that our attention turns toward what 

(if anything) we can or want to do about it. If so, could institutions and faculty use 

instructional technology to create learning environments that provide a “healthy 

discomfort” about what students do or don’t know? Can the technologies or systems 

we use actually help scale peer-based feedback to students and raise their self-

awareness, enough to motivate a change in behavior and sustain the effort needed to 

improve performance? And can analytics about how we use technology to do these 

things actually shine light on whether we’re successful?  

To me, the LMS can be an ecosystem where all organisms interact with others 

in ways they cannot easily see with the naked eye or ground level, precisely because 

they are too close to or too far from a given dynamic. However, learning analytics-

based feedback and personalized dashboards may be able to provide a “bird’s eye” 
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view of the LMS that can help all users of it, certainly students and probably faculty, 

both by zeroing in and stepping back, to see not only their own activity, but also 

perhaps the context in which it occurs, either at the course or institutional level. 
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Chapter 3: Methodology 

Introduction 

In this chapter, I describe the research questions and hypotheses that have 

guided my interest in student success as it relates to use of Blackboard (Bb), and the 

methodology utilized to address them. I also describe the different Bb and UMBC-

developed tools, to which I refer frequently, but not interchangeably. For example:  

1. Bb Learn is a Learning Management System (LMS) used for teaching and 

learning. It was developed by Blackboard and is a key object of my analysis. 

2. The Check My Activity (CMA) feedback tool was developed by UMBC and 

allows students to see how active they are in Bb compared to course peers 

who earn the same, higher or lower grade on any assignment – provided the 

instructor posts grades in Bb. 

3. Bb Analytics for Learn (A4L) is a companion tool recently developed by 

Blackboard that some (not all) Bb clients have purchased to combine Bb 

Learn activity data (e.g., logins, hits, minutes, etc.) with limited demographic 

and academic data (e.g., race, gender, SAT, HS GPA, etc.) from the Student 

Information System (SIS).11 I used A4L to analyze user activity in both the 

Bb Learn LMS and CMA feedback tool. 

Finally, I describe my research framework, research design, data and methods 

including dependent, independent and control variables, as well as data preparation 

and statistical analyses. 

                                                
 
11 UMBC’s “home-grown” Bb reporting influenced the development of A4L, which is now part of 
Bb’s larger analytics infrastructure also in place at UMBC. 
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Research Question and Hypotheses 

The purpose of my study is to determine whether automatically collected 

student activity data in a learning management system (LMS) is correlated to student 

academic outcomes.  The goal of my study is to use the findings to inform scalable, 

institutional interventions as well as effective LMS course designs. Essentially, I will 

look at how LMS data generated by students and faculty for the primary purpose of 

teaching and learning also can serve as a secondary, reflective “nudge” about these 

activities to the participants themselves. To find out, my research questions and 

related hypotheses are briefly described as follows: 

How Prevalent is LMS Use at UMBC? 

This question is mostly descriptive to examine how much UMBC uses the Bb 

Learn LMS. The data collected compared the students and courses using the LMS vs. 

students and courses that did not. Also, for context, I reported findings by all UMBC 

undergraduates as well as my sample of FT freshmen and transfer students.  

For the purposes of this study, LMS usage is defined as 1) faculty 

intentionally making a UMBC Bb Learn LMS course site available to students, and 2) 

subsequent student activity in any part of the course (e.g., content, tools, assessments, 

etc.) that is recorded by the LMS. I describe this in more detail in research question 

four, but minimally student usage activity data includes the following:  

1. Course accesses after initially logging into the LMS; 

2. Interactions with any part of the course itself, equivalent to “hits” or “clicks”; 

3. Minutes using a particular course (duration tracking ends after 5 minutes of 

inactivity); 
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While faculty use of the course site is also recorded, I am more interested in 

how students use the course site as a result of the instructor deliberately making it 

available and designing – by choosing – what students can and should do in it. Again, 

I address this in more detail in research question 4 (below), but I am inferring faculty 

intent from the implemented LMS course design that students experience and use, 

which leaves a digital trail of their activity. 

It is important to note there are very few consensus definitions or studies on 

what constitutes a significant institutional adoption of an LMS. While Blackboard 

considers usage by 50-60 percent of all courses to be “high” adoption among its 2,500 

worldwide institutional clients,12 this could be misleading if one does not also look at 

total student enrollment. For example, if some high enrollment courses use Bb, but 

many small enrollment courses do not, course adoption alone may not reflect actual 

impact on students enrolled in one or more Bb courses. The same is true of instructors 

in high enrollment vs. low enrollment Bb courses, though it is difficult to find a 

consensus benchmark of LMS impact on instructors. That said, based on a recent 

survey with 113,035 student participants at 251 U.S. colleges and universities, 

Dahlstrom et al (2013) estimate that 91% of college students have used an LMS in the 

past year. 

Hypothesis 1: LMS utilization at UMBC is substantial, defined by 90% of all 

undergraduates, 60% of all instructors and 50% of all courses using the Bb Learn 

LMS during Fall 2013 and Spring 2014. The same is true of my sample of 2,696 FT 

freshmen & transfer students during the same period. 

                                                
 
12 Company email shared with me on 8/11/14. 
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How Does LMS Use Relate to Academic Performance? 

As described in Chapter 2, a few researchers have studied this question 

extensively, but because their methods and findings have varied, I think it is still 

relevant to my own study. Specifically, I collected and analyzed data about students’ 

LMS usage (as defined in research question 1), a final grade of C or better, and a 

semester GPA of 2.0 or better. For the purposes of this study, I will use a C or better 

to focus on final grades in courses, but also relate this to earning a 2.0 or better 

semester grade point average (GPA), since maintaining a 2.0 or better cumulative 

GPA is required for students to graduate at UMBC. I discuss this “threshold” 

approach to final grades as a dependent variable in section 3.6 “Variables and 

Measures,” but for this study I will be focusing on full-time undergraduate freshmen 

and transfer students. 

Hypothesis 2: On average, as use of the LMS increases so do students’ grades. 

In other words, for my sample of full-time freshmen and transfer students, the 

probability of obtaining a C or better final grade and a semester GPA of 2.0 or better 

is higher for students who use the LMS more than similar peers who do not.  

Hypothesis 2a: In terms of the probability of my sample earning C or better 

final grades or a 2.0 or better term GPA, a combined, converted LMS activity 

measure using Z-scores is no worse than using each of the three LMS activity 

measures independently. 

How Does Feedback About LMS Use Relate to Academic Performance?  

This question gets at the heart of my study: what impact, if any, does 

comparative, peer-based feedback about LMS usage through UMBC’s proprietary 
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Check My Activity (CMA) tool have on FT freshmen and transfer students earning a 

final grade of C or better and a semester GPA of 2.0 or better? The CMA is based on 

a simple average hits per user in any part of the Bb Learn LMS course site.13 As such, 

for the purposes of this study, use of the CMA is defined by 1) comparing one’s LMS 

course activity ranking with an anonymous summary of peers in the same course, 

and/or 2) comparing the LMS activity of course peers earning the same, lower or 

higher grade on any assignment, assuming the instructor posts grades in the LMS 

course site.14 

It is important to note that even before clicking into either of these course-

specific links, as seen in Figure 4, the CMA provides a student with a summary of all 

Bb course activity and grades that might raise awareness about his or her 

performance. This cannot be measured per se because the mere act of hovering over 

the myUMBC portal link to display and possibly access one’s Bb Learn courses will 

also display the CMA’s summary of activity and grades that a student has accrued or 

earned to date in all courses. This is a limitation of my study design because of the 

way our feedback intervention tool has been designed and deployed. 

                                                
 
13 FYI: This is equivalent to the “interactions” measure used by Bb’s A4L analytics tool. 
14 Typically, about 45-50% of all UMBC Bb courses use the grade center. 
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 Hypothesis 3: Giving students early and frequent access to their own LMS 

activity compared to similar peer data positively influences their academic 

performance. In other words, students who use the Check My Activity (CMA) 

feedback tool are more likely to earn a course final grade of C or better and a 

semester GPA of 2.0 or better than similar peers who do not. 

How Does Course Design Relate to Student Use of the LMS and CMA?  

Since not all instructors use LMS courses in the same way, I want to 

understand how their course design choices may relate to student use of the LMS or a 

student feedback tool like the CMA. To do so, I examined the relationship between 

two summary measures: 1) the course design quartile ranking that is pre-calculated in 

Bb Analytics for Learn (A4L), and 2) a student activity indicator I calculated from 

existing A4L measures that includes accesses (or logins), interactions (or hits) and 

Figure 4: UMBC Check My Activity (CMA) 
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duration (or minutes). In section 3.6 “Variables and Measures” I describe how the 

course design quartiles and student activity indicator are calculated, but I essentially 

used each as a summary variable to more easily correlate faculty course design with 

subsequent student activity. I also used the course design quartile rank to correlate 

with each student’s overall and course-level use of the Check My Activity (CMA) 

feedback tool.  

In some ways, the validity of this research question depends on the findings of 

the previous two questions: Do students who perform well academically use the LMS 

(RQ2) and CMA (RQ3) more than students who do not perform well academically? If 

true, then it may follow that reverse engineering high student LMS activity is a 

potentially efficient way of identifying effective LMS course designs that help. In 

fact, it is worth noting that prior observation of several semesters has shown a 

dramatic difference in student use of the LMS based on a very specific course design 

practice: whether the instructor uses the online grade book (Fritz, 2013).  

Hypothesis 4: As defined by Bb Analytics for Learn (A4L), courses that have 

a high institutional course design quartile ranking are significantly correlated with 

students who have high Bb Learn course activity and CMA usage. The same is true of 

Bb courses that use the online grade center (i.e., “grade book”). 

How Does Course Design Relate to Academic Performance? 

Finally, this research question rounds out my study by focusing on the 

relationship between faculty design of Bb LMS course sites and the student success 

measures defined above. I also use this question to examine a very specific course 

design decision: faculty use of the grade center. Admittedly, this question depends – 
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at least indirectly – on an assumption that 1) there is a relationship between student 

use of Bb and academic performance, and 2) that there is a relationship between 

faculty design of LMS courses and students’ use of them.  

Hypothesis 5: After controlling for other factors, C or better final grades and 

2.0 or better term GPA are significantly correlated with courses having high 

institutional course design quartile rank. The same is true of courses using the online 

grade center (i.e., “grade book”). 

Research Framework and Design 

My research framework is informed by pragmatism, a philosophical 

worldview proposed by Dewey and others that “arises out of actions, situations, and 

consequences” (Creswell, 2009, p. 10). As such, my research is motivated by a desire 

to find out what works to solve a problem: how technology might be used to identify 

and scale efficient and effective practices that help students take responsibility for 

their own learning? As such, I am drawn to the research of others that informs my 

real-world problem and my role as a practitioner. Also, I want to share UMBC’s 

experiences using a learning management system (LMS), to have them vetted and 

critiqued by others, so that I can sharpen our analysis, refine our approach, and 

enhance its potential impact. 

My research design is observational, relying on quantitative analysis of 

activity data generated by UMBC students in our Bb Learn LMS. While observation 

alone limits what one can infer about user motivation or intent, the advantage is that 

analysis is not clouded by what users say they would do vs. observing what they 

actually do from the data trail they leave behind. This is important in trying to 
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determine the impact of a particular instructional technology: what do students do 

within the Blackboard LMS when nobody is visibly watching or asking them? 

Essentially, it is what webmasters do when they use log files or site traffic patterns to 

deduce user behavior and infer motivation or intent.  

Finally, as my review of theory, literature and practice suggests, I am pursuing 

a quantitative study of learning analytics because there have been relatively few such 

studies to date. Those studies that have been conducted have used varying methods. 

Therefore, findings are difficult to compare, as the field still seems unduly focused on 

prediction vs. intervention. I wish to nudge the field’s conceptual dialogue toward 

application by using a familiar research methodology to assess a particular 

intervention and encourage more practitioners like me to do the same and share their 

results. 

Setting and Participants 

UMBC 

In less than 50 years, the University of Maryland, Baltimore County (UMBC) 

has become one of the most celebrated institutions in American public higher 

education, renowned for its commitment to access, affordability and excellence 

leading to student success.15 Founded in 1966, UMBC is the leading predominantly 

white institution producing minority undergraduates who go on to earn doctorates in 

science, technology, engineering and math (STEM) disciplines (Expanding 

                                                
 
15 In addition to being highlighted as a case study at the annual Harvard Seminar for New Presidents, 
see http://president.umbc.edu/publications and http://about.umbc.edu/what-others-say for an 
impressive array of scholarly and popular articles about UMBC’s success. 
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Underrepresented Minority Participation, 2011). For this and many other reasons, 

U.S. News and World Report has even named UMBC the nation’s #1 “up and 

coming” school for six straight years (2009-14), eventually retiring the category in 

2015. 

As noted in the previous chapter, Goldstein (2005) concluded in his analysis 

of 380 colleges and universities that strong leadership was common to institutions 

reporting success with analytics. Indeed, much has been made of the dynamic 

leadership of UMBC President Freeman A. Hrabowski, III,16 who Time Magazine 

named as one of the “10 best college presidents” in 2009 and one of the “100 most 

influential people in the world” in 2012.  While Hrabowski (2011) is always quick to 

share credit for UMBC’s success with faculty, staff and students, he has also modeled 

institutional use of analytics, by using data to change the culture of a predominantly 

white institution and “move away from conclusions based on anecdotal information” 

(p.4). Describing how lessons learned from supporting minority students also helped 

advance women teaching in STEM, Hrabowski (2011) says “It was only through the 

systematic analysis of data that we were able to make progress in this area” (p.4).  

Indeed, UMBC’s commitment to data-driven decision-making and student 

success serve as an important context for my own research, which even includes 

collaborations with UMBC’s President (Hrabowski III, Suess, & Fritz, 2011). 

Without UMBC’s culture that values analytics, I would never have conceived it as 

possible to pursue, a point that is driven home every time I present at a conference or 

host visitors from other institutions who are interested in our approach. 

                                                
 
16 See Dr. Hrabowski’s bio at www.umbc.edu/president  
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Located on 500 acres 8 miles south of Baltimore and 34 miles north of 

Washington DC, UMBC is a mid-sized, public research university accredited by the 

Middle States Association of Colleges and Secondary Schools, and is one of the 11 

campuses comprising the University System of Maryland. The Carnegie Foundation 

ranks UMBC as a “Research University – High Activity” institution, with $71.2M in 

FY13 research expenditures.17 At the graduate level, UMBC offers 37 master’s 

degree programs, 24 doctoral degree programs and 21 graduate certificate programs.18 

At the undergraduate level, UMBC offers 44 majors, 41 minors and 20 certificate 

programs. 19 

In Fall 2013, UMBC enrolled 13,098 students (11,136 undergraduate, 2,772 

graduate) with 54% male and 46% female. Minority enrollment was 42% (16% 

African American, 20% Asian American, 6% Hispanic). Total freshmen enrollment 

was 1,657 with an average high school GPA of 3.76, an average SAT score of 1,216 

(2 part) and 1,800 (3 part). The six-year graduation rate was 60.5% and the freshmen-

to-sophomore retention rate was 87.3%.20  

 

Sample 

The participants for my study were all first-time, full-time, degree-seeking, 

undergraduate freshmen or transfer students starting their enrollment in Fall 2013. 

According to the UMBC Office of Institutional Research and Decision Support 

(IRADS), this includes 2,696 distinct students (1,650 freshmen and 1,047 transfers) 

                                                
 
17 http://research.umbc.edu/fast-facts/  
18 http://www.umbc.edu/gradschool/programs/all_programs.html  
19 http://www.umbc.edu/undergraduate/quicklinks/fastfacts.html  
20 http://oir.umbc.edu/files/2014/07/CDS_2013-2014.pdf  
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or 24.48% of all 11,012 degree-seeking undergraduates.21 The gender and 

racial/ethnic distribution of the sample is as follows: 

 

    Freshmen Transfer Total  

Gender         
  Male 57 48 54 
  Female 43 52 46 
  Subtotal 100 100 100 
Race/Ethnicity         
  Asian 24 11 19 
  Black 11 20 15 
  Hispanic 5 10 7 
  White 45 41 43 
  Other22 9 9 9 
  Unknown 6 10 8 
  Subtotal 100 100 100 

Table 2: Study Sample, Percentage of 2013-14 FT Freshmen & Transfers 
 

For Fall 2013, the sample of 2,696 full time first-time undergraduates (1,650 

freshmen and 1,046 transfers) generated 11,972 cases or rows of course enrollments 

(average of 4.43 courses per student). By Spring 2014, this Fall 2013 entering cohort 

had been reduced to 2,548 full time students (1,578 freshmen and 970 transfers) and 

generated 11,845 cases or rows of course enrollments (average of 4.6 courses per 

student). Like many institutions, UMBC’s transfer student retention rate is typically 

lower than the freshmen retention rate, which was reflected in the Fall to Spring 

semester retention for academic year 2013-14: 92.73% transfer vs. 95.63% freshmen. 

Transfers also attempted fewer courses than freshmen peers, particularly in their 

second term. 
                                                
 
21 http://oir.umbc.edu/files/2013/11/CDS_2013-2014-.pdf  
22 The “Other” category is my combination of relatively small numbers for “International,” “Native 
American,” “Pacific Islander,” and “Two or More” UMBC Census Data categories. 
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  Freshmen Transfer Total  

 FA2013       
N 1,650 1,046 2,696 

Final Grades 7,369 4,603 11,972 
Avg.  4.46 4.40 4.43 

 SP2014       
N 1,578 970 2,548 

Final Grades 7,554 4,291 11,845 
Avg. 4.78 4.42 4.6 

Table 3: Count of final grades by study sample, AY13-14 

Data Sources 

I am relying on Blackboard’s learning management system (LMS) and 

analytics architecture as a valid and reliable collection of LMS activity and student 

academic data. In addition to more than 40 percent of U.S. institutions using the Bb 

Learn LMS (Green, 2013), currently about 40 institutional clients use the recently 

developed companion Bb Analytics for Learn (A4L) tool,23 including Ball State 

University, Coppin State University, Drexel University, Indiana State University, 

UMBC and the University of Michigan.  In addition to A4L, the Bb Analytics “suite” 

includes Student and Finance modules for analysis of student information system 

(SIS) and financial data, respectively.24  

It is important to note that I am only using a subset of Bb’s A4L dataset that is 

much larger than the earlier, but proprietary one we developed in 2007.25  With 

permission from Blackboard, I made online, “preview only” links to the A4L data and 

                                                
 
23 Internal Bb correspondence, 4/7/14 
24 For more information, visit www.blackboard.com/analytics.  
25 See www.umbc.edu/blackboard/reports  
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document model that specifically describe all variables, 26 including the ones I will 

use for this study (described below). These online documents are not additional data 

sources for my study, per se, but are instead rich metadata describing Bb Learn LMS 

data collected or combined by Bb A4L. When combined with similar institutional 

demographic and academic data, and refreshed on a regular basis, the resulting 

student LMS activity data becomes much richer. As a result, instead of just seeing 

how much students use the LMS, the data warehouse allows us to see this by specific 

types of courses and students including by gender, race, academic major, final grade 

or GPA. 

Variables and Measures 

To answer my research questions, and control for other factors that might 

explain overall variance in student academic performance or LMS activity, I used a 

fairly typical approach of analyzing certain dependent, independent and control 

variables deemed important by available literature and my own prior observation, and 

available to me via Blackboard Analytics, which is the software that runs UMBC’s 

data warehouse.  

Before describing all my variables, however, I want to point out how two in 

particular – Bb course design and student activity – were operationalized, given their 

importance to my analysis. 

                                                
 
26 This was available only to my committee members and removed in this final version of my 
dissertation, per agreement with Bb and UMBC’s license limitations. 
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A4L Course Design Quartile Rank 

Delivered as part of Bb Analytics for Learn (A4), the course design quartile 

ranking is a statistical comparison of a Bb course’s relative, weighted item count 

compared to all courses in a department and the institution based on three major item 

types: 1) content, 2) tools or 3) assessments. Similar to my review of literature and 

practice in Chapter 2, essentially all items in any Bb course, such as documents or 

files, discussions or chats, and assignments or quizzes, are grouped into these three 

types of usage. As such, this variable is a count of content items using a simple 

algorithm to summarize and categorize an instructor’s course design decisions 

through the following process:  

1. Sum the course items by the Item Type (e.g., Content, Tools, Assessments). 

2. Multiply the group total using a weighting factor (wf): Content (wf = 1), 

Tools (wf = 2) and Assessments (wf = 2). 27 

3. Statistically compare each course to all other courses in the department and all 

other courses across the entire institution. 

4. Tag each course with a quartile designation for both the department and 

institution dimension. 

Again, course design quartile rank is really just a way of categorizing how a 

course is constructed, compared to all courses in the department and across the 

                                                
 
27 Note: When Bb Analytics for Learn (A4L) was being developed in 2012, I urged developers to 
consider giving “assessments” (e.g., quizzes, surveys, assignments, etc.) a higher weighting of 3, 
because assessments are more complex for faculty to develop and potentially more impactful on 
student learning. Bb decided not do to this, but does allow A4L’s “1-2-2” default weighting to be 
“customer configurable.” We are still evaluating Bb’s default weighting, which may be more 
conservative than my own, but either approach seems reasonable. 
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institution – not necessarily if and how it is actually used by students. To understand 

and relate student activity to course design, I will now describe the student activity 

summary and how l calculated it from existing A4L measures. 

A4L Student Activity Summary 

Similarly, Bb Analytics for Learn (A4L) comes delivered with a number of key 

student activity measures that include the following:  

1. Course accesses after initially logging into the LMS; 

2. Interactions with any part of the course itself, equivalent to “hits” or “clicks”; 

3. Minutes using a particular course (duration tracking ends after 5 minutes of 

inactivity); 

4. Submission of assignments, if the instructor uses assignments; 

5. Discussion forum postings, if the instructor uses discussions. 

However, I derived the Student Activity Summary using only the first three 

measures (accesses, interactions and minutes) because ALL courses generate this 

kind of student activity, regardless of design type.28 We have found that not all 

instructors use electronic assignments or discussion forums, but short of simply 

dropping a course, all students generate at least some activity that can be measured. 

                                                
 
28 Bb now provides a free A4L “add on” for clients also running the Bb Analytics Student module that 
analyzes the Student Information System (SIS). Among other things, the A4L add on provides a 
“composite student activity decile” indicator to more easily compare how active students are in Bb, 
even though instructor course design may vary. However, apart from not being fully tested at the time 
of writing this study, I learned that Bb’s “composite” of student activity actually consisted of simply 
using interactions, which is only one of the three activity measures (including accesses and minutes) 
that I have converted into a Student Activity Quartile rank using Z-scores. Based on my own research 
using all of the student activity measures, I’m persuaded Bb’s approach is sound, but I wasn’t at the 
time and wanted to develop my own process. 



 

 83 
 

Similar to Bb’s course design quartile rank delivered in A4L, I calculated the 

student course activity summary through a simple algorithm: converting each of the 

three raw activity measures (accesses, interactions and minutes) to a standardized Z-

score, which shows how many standard deviations and in which direction a particular 

raw score is from the mean of that measure in a normal distribution of cases. Because 

the scale of each activity measure I used varies greatly during a semester (e.g., 

accesses or logins could be under 100, interactions or hits could be in hundreds and 

duration or minutes could be in the thousands), converting these variables to Z-scores 

allowed me to compare and summarize them across measures more efficiently. It also 

allowed me to identify and remove outliers, which I define as scores greater than 

three (3) standard deviations from the mean.  

The formula for converting Z-scores is as follows: 

 

The Z-score is equal to X (value of the independent variable) less  (the value 

of the variable mean for X), divided by  (the variable standard deviation of X). 

Accordingly, the steps took to analyze and summarize student activity in all 

course included the following: 

1. Convert accesses, interactions and duration student Bb activity measures to Z-

scores. 

2. Average the combined student activity scores into a summary measure. 

3. Assess the internal consistency of items using a Cronbach alpha test of 

reliability for the overall measure by comparing converted Z-scores. 
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Dependent Variables – Academic Data  

Variable Description Measure 
>=C course grade letter Calculated dummy variable: >=C grade Discrete, Ordinal 
>=2.0 term GPA Calculated dummy variable: >=2.0 Discrete, Ordinal 

 

Independent Variables – LMS and CMA Activity  

Bb A4L Variable Description Measure 
Course Grade Ctr. Used Yes=1, No=2 Discrete, Nominal 
Student LMS course 
accesses 

Corresponding count of all course access after 
login, per student. 

Discrete, Scale 

Student LMS course 
interactions 

Count of all course interactions per student Discrete, Scale 

Student LMS course 
minutes 

Count (in minutes) of course session duration 
per student. Note: A4L sets a timeout 
inactivity window of 5 minutes. 

Continuous, Scale 

Student CMA accesses 
overall 

A count of student accesses to the myUMBC 
Check My Activity (CMA) feedback tool.  

Discrete, Scale 

Student CMA accesses 
by course 

A count of student accesses to the myUMBC 
CMA tool by course. 

Discrete, Scale 

Student CMA course 
mean 

Average student CMA use by course Discrete, Scale 

Student CMA overall 
mean 

Average student CMA use overall Discrete, Scale 

Inst. Course Design 
Quartile (ICDQ) Rank 

Bb A4L's statistical weighting of all content 
in any course compared with all courses 
across the institution based on the 
deployment of content (1), tools (2) and 
assessments (2).  

Discrete, Ordinal 

Student Course Activity 
Summary Indicator 

A calculated measure of student accesses 
(logins), hits (interactions) and duration 
(minutes) converted to Z-scores and 
combined into one score per course. This is a 
useful measure to see how a course was 
actually used by students vs. how it was 
designed.   

Discrete, Scale 

Student Course Activity 
Z-score Mean 

An aggregated measure of all Student Bb 
Activity Z scores across each of a student’s 
given courses during a term. 

Discrete, Scale 
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Control Variables - Demographic  

Variable Description Measure 
Birth Date Month, Day, Year Continuous, Scale 
Gender Male=1, Female=2 Discrete, Nominal 
Race Unknown=0, Asian=1, Black=2, Hispanic=3, Native 

Amer.=4, White=5, Other=6, Two or more=7  
Discrete, Nominal 

Citizenship U.S.=1, Non-US=2 Discrete, Nominal 
Residency On-campus=1, Off-campus=2 Discrete, Nominal 
Pell Eligible Proxy for economic status, Yes=1, No=2 Discrete, Nominal 
HS GPA Based on a 4.0 scale, if available Continuous, Scale 
SAT Overall If available Discrete, Scale 

 

Control Variables – Educational Context 

Variable Description Measure 
Admit Type Freshmen, Transfer Discrete, Nominal 
Enroll Status FT (>= 12 credits per term) Discrete, Scale 
College College of student’s major  Discrete, Nominal 
Major Student’s plan of study, used only if college is significant Discrete, Nominal 
Semester Either FA2013 or SP2014 Discrete, Nominal 
Course SIS Course ID Discrete, Nominal 

 

Data Analysis 

In this section, I describe my approach for data preparation, including 

accounting for missing data and describing calculated variables. I also describe my 

use of logistic regression using a “C or better” threshold for defining student success. 

Data Preparation 

While I did not use all of the variables that Bb Analytics for Learn (A4L) 

provides, the key to understanding A4L or any data warehouse architecture is a 

process known as extract, transform and load (ETL). Essentially, the raw data of 

student, faculty and course activity are recorded in the LMS, but extracted, 

transformed and loaded into a parallel data repository for more robust and uniform 
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analysis. One reason to do this is that it is very difficult to simultaneously query and 

report on a transactional production system so large and active as UMBC’s Bb Learn 

LMS. In fact, we crashed the campus Bb LMS twice while trying to query it with our 

homegrown reporting efforts, which is one reason why we decided not to continue 

development of our own learning analytics architecture. 

Examples of Bb A4L’s data transformation process include identifying 

duplicate records; identifying contradictory information (e.g., different birth dates for 

same person); and identifying different formats (e.g., “male” vs. “m”). The ETL 

process cleanses all data variables and stages it in a separate reporting instance for 

more efficient analysis. More specific information about A4L’s variable formatting 

can be found in the online data dictionary and model schema described and 

referenced above. 

Missing Data 

All of my student biographic and academic data are taken from the official 

UMBC data warehouse, which has already gone through the ETL process and been 

“frozen” for reporting to such entities as the Maryland Higher Education Commission 

(MHEC) and the Integrated Postsecondary Educational Data System (IPEDS) 

maintained by the National Center for Educational Statistics. Also, the Blackboard 

Analytics for Learn (A4L) tool that UMBC uses – and helped field test – has typically 

not had an issue with missing data.  

However, there are potential problems of missing data regarding control 

variables about student preparation for college. Indeed, in my sample of 2,696 distinct 

students (1,650 freshmen and 1,047 transfers), 853 (or 31.6%) of the students did not 
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have a calculated high school Grade Point Average (GPA). Also, the issue was much 

more pronounced by admit type: 18 (.7%) freshmen vs. 835 (31%) transfers. 

Similarly, 884 (32.5%) of students in the sample lacked an SAT score, with 126 

(4.7%) freshmen and 758 (28.1%) of transfers missing the SAT score.   

While transfer students made up less than 40% of my student sample, I 

decided the best course of action was to control for the missing HS GPA or SAT data 

instead of eliminating the entire student case or record altogether (listwise removal) 

or imputing the mean value. To do so, I created a dummy variable for each score that 

essentially treated missing data as a zero value. However, I also converted all scores 

into Z-scores, which basically determines how many standard deviations a raw score 

is from the mean of the variable itself. In theory, doing so for HS GPA made raw 

scores more comparable across high schools, particularly if some schools exceeded a 

typical 4.0 scale for GPA points possible. Also, since some students had 1600 vs. 

2400 SAT scores, converting both to Z-scores allowed them to be combined into one 

SAT score, which I did. 

Discrete and Aggregate Variables for Distinct Students  

My dataset contained one record (or row) per student per course per term, 

with each row containing multiple dependent, independent and control variables (or 

columns). However, because I operationalized my primary dependent variables as 

binary thresholds of “C or better” final grades and “2.0 or better” term GPA, I 

calculated these and other variables to account for the “one-to-many” nature of the 

data for distinct students.  
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For example, one student may have four rows or cases per term, each 

containing a final grade earned in a given course during a given term. As illustrated in 

table 3 below, while the student’s grade or the instructor’s course design quartile 

(CDQ) rank may vary for each row or case, each student’s demographic variables 

such as race, gender or admit status would remain constant for all rows. 

CampusID Primary Term Seq. Gender Race Grade >=C >=2.0 GPA ICDQ 
AM01234 1 FA13 1 1 3 4 1 1 4 
AM01234 0 FA13 2 1 3 3 1 1 4 
AM01234 0 FA13 3 1 3 2 1 1 2 
AM01234 0 FA13 4 1 3 1 0 1 2 
AM01234 1 SP14 5 1 3 2 1 0 4 
AM01234 0 SP14 6 1 3 2 1 0 3 
AM01234 0 SP14 7 1 3 1 0 0 2 
AM01234 0 SP14 8 1 3 1 0 0 2 

Table 4: Sample data for distinct student earning multiple grades & term GPA 

Since term GPA is an aggregate measure for all of a student’s semester course 

grades (contained in separate rows), I used the “aggregate” function in SPSS to create 

an average for each student based on his or her campus ID, with one case or record 

serving as “primary” record (indicated by a numeric value of “1”) for demographic 

analysis. In this way, I filtered the dataset to identify term GPA for distinct students 

as well as bio demographic data (e.g., gender, race, etc.) and academic data (e.g., HS 

GPA, SAT, admit type, etc.). I also averaged certain independent variables like a 

student’s LMS usage across all courses, use of the CMA feedback tool or the average 

course design quartile rank used by instructors of the student in his or her courses. 

Accordingly, my primary unit of analysis was students, but I was able to calculate 

discrete and aggregate dependent and independent variables. By definition, all control 

variables except full-time enrollment status based on 12 or more credits, were 
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nominal (e.g., no rank order or continuous scale), whether or not I filtered the dataset 

for distinct students. 

Data Analysis – Descriptive Statistics and Logistic Regression  

In terms of statistical methodology, I used IBM’s Statistical Package for the 

Social Sciences (SPSS) to conduct descriptive and inferential analysis of the typical 

student demographic and academic variables, as well as the student and faculty LMS 

activity variables afforded through Bb Analytics for Learn (A4L). If appropriate, I 

displayed descriptives such as frequencies, means, modes, skew, percentages, and 

standard deviations.  

After establishing the prevalence of Bb LMS use at UMBC (RQ #1), I ran 

bivariate correlations for each the remaining four research questions’ dependent and 

independent variables. My primary interest was to understand the relationship 

between Bb LMS usage (RQ #2), feedback (RQ #3) and course design on 

undergraduate Bb activity (RQ #4) and academic performance (RQ #5), as defined by 

C or better final grades and 2.0 or better term GPA. Finally, the constant or reference 

in all regression tables includes white, male and non-Pell eligible control variables. 

Given the dichotomous (binary) nature of my dependent variables of C or 

better final grades and 2.0 or better term GPA, I used binary logistic regression as my 

primary, statistical analysis. My reasons for doing this are two-fold. First, given my 

focus on scalable, institutional interventions that encourage student persistence and 

academic success, I am less interested in distinctions by final grade and more focused 

on passing a course with a C or higher and maintaining a good academic standing, 

defined as a cumulative GPA of 2.0 or above from one semester to the next across all 
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courses. Binary logistic regression allows me to more easily focus on these two 

“passing” vs. “non-passing” states. 

Though some may understandably question final course grades as a direct 

measure of student learning (Pascarella & Terenzini, 2005), others have found that 

student persistence is influenced by course grades (Porter, 1990) and highly related to 

cumulative grade point average (Cabrera, Nora, & Castaneda, 1993). As Whitmer 

(2012) wryly notes: “If graduation or withdrawal from the university was the only 

outcome variable used in persistence studies, only multi-year studies could be 

conducted” (p. 35). 

 While focusing on one academic year precluded me from studying student 

persistence and retention per se, the use of a “C or better” or term GPA of 2.0 or 

better as dependent variables is a common convention for studying student success 

(Keeler & Anson, 1995; Kokkelenberg, Dillon, & Christy, 2008; Patel & Rudd, 2012; 

Wojciechowski & Palmer, 2005). Basically, I was drawn to this “threshold” approach 

for a few practical reasons: 

1. Mitigates (somewhat) the subjective determination of discrete letter grades by 

instructors, by focusing more on passing vs. not passing within disciplines and 

colleges in the institution; 

2. Allows for a broader measure of student success, at least in U.S institutions, as 

typically defined by a) earning 120 credits with b) a 2.0 cumulative grade 

point average or above; 

3. Caters to my use of logistic regression, which simply looks at a "condition 

met" vs. "condition not met" binary form of dependent variable, which has 
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been frequently used in the learning analytics field (Whitmer, 2012; 

Macfadyen & Dawson, 2010; J. Campbell, 2007). 

The second reason I am using logistical regression is that I believe it to be a 

relatively straightforward, but respectable statistical methodology for LMS 

practitioners like myself to implement, as we have access to data that is potentially 

relevant to the institution’s core mission of teaching and learning. Some have even 

proposed simpler, more parsimonious methods than linear regression to help 

practitioners realize the value of learning analytics and pursue it more often (Rogers 

et al., 2014).  

To be sure, there are researchers who can and should analyze this data more 

deeply, but unless or until LMS practitioners see the value of the data they alone can 

access (and may even need to be able to analyze and present), it is unlikely those 

conversations will take place. 
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Chapter 4: Findings 

Introduction 

In this chapter, I report my findings based on my five research questions 

described in Chapter 3. To review, my first research question is more descriptive than 

inferential, in that I am trying to establish how prevalent Blackboard (Bb) LMS usage 

was among all UMBC undergraduates and instructors in Fall 2013 and Spring 2014. 

This is primarily to provide context for related findings by my sample of 2,696 full-

time, undergraduate freshmen and transfer students, which I will also report. All 

remaining research questions relate to my sample only.  

Specifically, research question two is focused on the relationship between Bb 

usage and student success, as defined by final course grades of “C or better” and term 

grade point average of 2.0 or better. Similarly, research question three focuses on how 

my sample’s use of the UMBC Check My Activity (CMA) feedback tool for students 

is associated with the same student success dependent variables defined above. To 

review, UMBC developed the CMA, which is not part of Bb per se, but tells students 

how much they are using Bb compared to peers.  

By contrast, research question four is focused on how faculty design of Bb 

LMS course sites relates to my student sample’s activity usage data in their Bb 

courses, as well as their use of the proprietary CMA feedback tool. Similarly, 

research question five rounds out my study by focusing on the relationship between 

faculty design of Bb LMS course sites and my sample’s student success measures 

defined above, while also exploring one particular course design decision: faculty use 
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of the grade center. 

For convenience, I simply repeat the research questions and related 

hypotheses to organize my findings. 

RQ1: How Prevalent is LMS Use at UMBC? 

Hypothesis 1: LMS utilization at UMBC is substantial, defined by 90% of all 

undergraduates, 60% of all instructors and 50% of all courses using the Bb Learn 

LMS during Fall 2013 and Spring 2014. The same is true of my sample of 2,696 FT 

freshmen & transfer students during the same period. 

As stated in Chapter 3, for the purposes of this study “use” of the Bb LMS is 

defined as 1) faculty actively making a UMBC Bb course site available to students, 

and 2) student usage activity data (e.g., logins, interactions, minutes) recorded in any 

part of the course that the research literature has broadly categorized as content, tools 

and assessments.  

Because this question is more descriptive than inferential, there really is no 

hypothesis to confirm or reject, per se. However, for both Fall 2013 and Spring 2014, 

UMBC’s use of the Blackboard learning management system (LMS) exceeded 

minimal threshold percentages for all undergraduates and my study sample of 2,696 

full-time freshmen and transfer students (defined as 90% in my hypothesis).  

For example, as seen in tables 4 and 5 below, nearly 97% of all undergrads 

used the LMS and nearly 100% of my sample did as well. Perhaps the most 

noticeable finding is the percentage of use by instructors and course sections 

(hypothesized to be at least 60% and 50%, respectively). In fact, for all UMBC 

undergrads, 87% of all instructors and 82% of all course sections used Blackboard. 
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For just my sample of full-time freshmen and transfer students, 87% of all instructors 

and 91% of all courses used the LMS. While there was virtually no difference in 

course or instructor use by freshmen and transfer type within my sample, this is 

difficult to determine exactly since both groups could have taken courses taught by 

the same instructors.  

 FALL 2013 Total Used Bb % 
Undergraduates 11,178 10,786 96.49 

Instructors 29 1,128 986 87.41 
Course Sections 30 2,475 2,038 82.34 

SPRING 2014       
Undergraduates 10,567 10,213 96.65 

Instructors 1,103 957 86.76 
Course Sections 2,427 1,961 80.80 

 
Table 5: UMBC Bb LMS Adoption by Population, AY13-14 

 
 
 

                                                
 
29 The count of all instructors for each semester is higher than the 769 faculty (501 full-time, 268 part 
time) reported on the UMBC website for FA13 by the Office of Institutional Research and Decision 
Support (IRADS). This is because 359 and 334 staff or graduate students also taught courses in Fall 
and Spring, respectively, but do not have the official “faculty” designation as their primary institutional 
role, which is reported on the UMBC website. 
 
30 For FA13 and SP14, respectively, the count and percentage of all UMBC course sections using the 
Bb LMS includes 699 and 677 individual course sections combined into 383 and 373 Blackboard 
course shells taught by the same instructors. This is a common practice among many schools running 
any LMS, to make it more efficient for faculty teaching large, multi-section courses. For example, if I 
am teaching three sections of a course, but want all of my students to see an announcement, download 
a document, participate in a discussion board, turn in an assignment or take a quiz, I only have to do so 
in one combined section Bb shell instead of doing so in one Bb shell per official course section. Since 
students can still be identified by official course section in the Bb grade center, or grouped by section 
within a single, combined Bb course, faculty can tailor content, communications, tools or assessments 
to each official section as appropriate. Combining multi-section courses is a convenience to the 
instructor making it more likely he or she will use Bb or any LMS. Upon request from the official 
instructor of record, we will separate the auto-created and combined, multi-section Bb course sites, but 
typically we get less than 150 such requests a term.  
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 FALL 2013 Total Used Bb % 

Undergraduates 2,696 2,693 99.9 
Instructors 581 508 87.4 

Course Sections 854 771 90.3 
SPRING 2014       

Undergraduates 2,548 2,548 100 
Instructors 580 505 87.1 

Course Sections 821 759 92.4 
 

Table 6: UMBC Bb LMS Adoption by Sample, AY13-14 

The biggest challenge in reporting these findings is establishing a well-

researched benchmark percentage of LMS use by instructors. As stated earlier in 

Chapter 3, Blackboard itself considers 50-60% course utilization to be a “high 

adoption” among its clients (presumably they would know best how their tool is used 

by their clients). Also, the most recent version of the annual “Undergraduates and IT” 

study by the Educause Center for Analysis and Research (ECAR) shows that 90 

percent of all students use the campus LMS for at least one course. However, it is rare 

to find percentage of LMS use by instructors in the related literature and practice.  

Without digressing into the finer points of how different institutions may 

administer their campus LMS, it is fair to say that UMBC’s long history of using Bb 

since Spring 2000 may have contributed to the higher percentage of course adoption 

by instructors, and thus among all undergraduates as well as my sample. Until 

conducting this study, we simply did not know for sure, which is why I may have 

underestimated the percentage of Bb use by instructors, too.  

Finally, it is worth noting the similarity in Bb usage between the UMBC 

population and my study’s sample, and that the same was true of freshmen and 

transfers within my sample 
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RQ2: How Does Student Use Relate to Academic Performance? 

Hypothesis 2: On average, as use of the LMS increases so do students’ 

grades. In other words, for my sample of full-time freshmen and transfer students, the 

probability of obtaining a C or better final grade and a semester GPA of 2.0 or better 

is higher for students who use the LMS more than similar peers who do not. 

Descriptives 

By definition, to answer this and all remaining questions, I have focused only 

on courses in which faculty actually used Bb – by turning it on – which changed the 

number of overall course enrollments for my sample of students. Specifically, 771 

distinct Bb course sections accounted for 9,783 enrollments by full-time freshmen 

and transfers in Fall 2013, and 759 distinct Bb courses accounted for 10,077 

enrollments by the same sample in Spring 2014.  

Also, as described in Chapter 3, student use of the LMS is defined as course 

accesses (logins), interactions within the course (hits or clicks) and duration or time 

spent in the course (minutes). As seen in tables 6 and 7, freshmen were slightly more 

active than transfers across each of these measures for both terms, but the distribution 

for both groups was positively skewed to the right of the mean, suggesting a higher 

concentration data on the lower end of each type of LMS activity.  
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  Median Mean Std. Dev. Skew S.E. 
FRESHMEN           

Accesses 32 42.91 46.52 1.55 0.03 
Interactions 134 298.45 411.27 2.16 0.03 

Minutes 816.97 1686.47 2153.13 1.76 0.03 
TRANSFERS           

Accesses 31 41.56 46.09 2.43 0.03 
Interactions 139 273.672 379.89 2.85 0.03 

Minutes 806.91 1477.82 2046.09 2.88 0.03 
 

Table 7: LMS Activity Descriptives for Study Sample, FA13 

 
  Median Mean Std. Dev. Skew S.E. 
FRESHMEN           

Accesses 35 43.53 44.029 1.24 0.03 
Interactions 139 249.85 343.03 4.44 0.03 

Minutes 451.62 978.1 1339.73 2.31 0.03 
TRANSFERS           

Accesses 33 41.82 41.67 1.57 0.04 
Interactions 137 238.12 307.88 2.59 0.04 

Minutes 402.78 893.38 1309.65 2.8 0.04 
 

Table 8: LMS Activity Descriptives for Study Sample, SP14 

Bivariate Correlations 

The relationship between C or better final grades and student LMS activity 

was investigated using the Pearson correlation coefficient in SPSS. There was a 

relatively small (r = .15 to .21), but positive and statistically significant correlation 

between the dependent variable and all three of the student LMS activity measures for 

all semesters (see tables 8 and 9 below). Interestingly, the strength of the correlation 

was greater among freshmen than it was for transfer students in Fall 2013 and Spring 

2014.  
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Correlations+ 

Admit Type Enrollments >=C Grade Accesses Interactions Minutes 

Freshman 
N=5847 

>=C Grade 1 .209** .157** .149** 
Accesses   1 .691** .790** 
Interactions     1  .770** 
Minutes       1 

Transfer  
N=3936 

>=C Grade 1 .142** .090** .043** 
Accesses   1 .754** .765** 
Interactions     1  .793** 
Minutes       1 

 ** p < .01, * p < .05, + Pearson correlation 
 

Table 9: Bivariate correlation of >=C with LMS student activity, FA13 

 
Correlations+ 

Admit Type Enrollments >=C Grade Accesses Interactions Minutes 

Freshman 
N=6307 

>=C Grade 1 .164** .123** .125** 
Accesses   1 .691** .799** 
Interactions     1  .734** 
Minutes       1 

Transfer  
N=3770 

>=C Grade 1 .150** .120** .105** 
Accesses   1 .823** .807** 
Interactions     1  .802** 
Minutes       1 

 ** p < .01, * p < .05, + Pearson correlation 
 

Table 10: Bivariate correlation of >=C with student LMS activity, SP14 

Using the same Pearson correlation process for C or better final grades above, 

the relationship between 2.0 or better term GPA and student LMS activity measures 

was also relatively small (r = .10 to .29), but positive and statistically significant for 

all semesters (see tables 10 and 11 below). Similar to the C or better bivariate 

correlation with student LMS activity measures, the strength of the relationship was 

greater among freshmen than it was for transfer students in both Fall 2013 and Spring 

2014.  
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Correlations+ 
Admit Type Enrollments >=2.0 Term Accesses Interactions Minutes 

Freshman 
N=5847 

>=2.0 Term 1 .133** .065** .079** 
Accesses   1 .691** .790** 
Interactions     1  .770** 
Minutes       1 

Transfer  
N=3936 

>=2.0 Term 1 .106** .052** .045** 
Accesses   1 .754** .765** 
Interactions     1  .793** 
Minutes       1 

 ** p < .01, * p < .05, + Pearson correlation 
  
Table 11: Bivariate correlation >=2.0 term GPA w/student LMS activity, FA13  
 

Correlations+ 
Admit Type Enrollments >=2.0 Term Accesses Interactions Minutes 

Freshman 
N=6307 

>=2.0 Term 1 .133** .080** .102** 
Accesses   1 .691** .799** 
Interactions     1  .734** 
Minutes       1 

Transfer  
N=3770 

>=2.0 Term 1 .093** .049** .075** 
Accesses   1 .823** .807** 
Interactions     1  .802** 
Minutes       1 

 ** p < .01, * p < .05, + Pearson correlation 
 

Table 12: Bivariate correlation of >=2.0 term GPA w/student LMS activity, SP14 

Hypothesis 2a: In terms of the probability of my sample earning C or better 

final grades or a 2.0 or better term GPA, a combined, converted LMS activity 

measure using Z-scores is no worse than using each of the three LMS activity 

measures independently. 

Binary Logistic Regression Findings 

While the bivariate correlations indicate a positive, significant relationship 

between the C or better and 2.0 or better “threshold” dependent variables and student 
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LMS usage activity independent variables, I used binary logistic regression to assess 

the impact of these and other control variables on the likelihood of student success.  

Specifically, my model development and testing followed the same pattern for 

both dependent variables and semesters: Model 1 simply tested the three primary Bb 

activity independent variables of accesses (logins), interactions (hits) and minutes 

(duration) for the probability of earning a C or better final grade or 2.0 or better term 

GPA; Model 2 combined each of the three measures into a converted measure using 

Z-scores (described in Chapter 3 above)31; Model 3 added bio-demographic control 

variables (e.g., gender, race, age, Pell eligibility); and Model 4 added academic 

control variables (e.g., HS GPA, SAT).32 As stated in Chapter 3, the constant 

included white (Caucasian) and male control variables.  

As seen in tables 13 through 16, in both the Fall 2013 and Spring 2014 

semesters, all models correctly predicted at least 80% of the student outcomes, with a 

high of 91% for freshmen 2.0 or better term GPA in Fall 2013 (table 15). Also, the 

separate regression coefficients for student Bb accesses were statistically significant 

(p < .001) for all models in both C or better final grades and 2.0 or better term GPA 

for both freshmen and transfer students. Somewhat surprisingly, student interactions 

                                                
 
31 Before doing so, I conducted a Cronbach alpha test of reliability, to make sure each of the converted 
Bb activity variables was essentially measuring the same thing. The resulting score of .912 exceeded 
the minimum Cronbach alpha reliability score of .700. Also, since term GPA is an aggregate measure 
of one’s individual course grades, I used the combined LMS activity Z scores mean for the 2.0 or 
better term GPA analysis (tables 18 & 19). 
 
32 While I intended to add a student’s major to the academic control variables, per Chapter 3, I first 
tested with “UMBC college” and found the College of Arts, Humanities and Social Sciences (CAHSS) 
– the largest college by far at UMBC and representing 33% of my sample – was the only one with a 
statistically significant (p < .001) impact on students earning a C or better final grade or 2.0 or greater 
term GPA based on other independent and control variables. Consequently, I added CAHSS to the 
academic controls for model 4, but will explore student major in future research.  
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were significant only for freshmen C or better model 1 in Fall 2013 and transfer 2.0 

or better term GPA model 2 in Spring 2014. Student Bb duration (minutes) were 

always significant for both outcomes and groups in Fall 2013, but not at all for either 

outcome or group in Spring 2014.  

By contrast, the combined LMS activity Z scores were always statistically 

significant across all outcomes, groups and terms. In addition, the combined student 

activity measure was typically more impactful on academic outcomes, particularly for 

freshmen, than were the three individual LMS activity measures. For example, the 

highest Expected (B) logistic regression coefficient or odds ratio (OR) associated 

with combined LMS activity occurred with freshmen in the 2.0 or better term GPA 

model with all controls in Spring 2014 (table 16). With an OR of 2.945, this indicates 

that for every unit increase in a student’s overall, combined Bb activity in all courses, 

he or she was nearly 3 times more likely to earn a 2.0 or better term GPA, after 

controlling for other factors. For the same outcome, term and full model, transfers 

were 2.5 times more likely to earn a 2.0 term GPA.  

In addition, the 2.0 term GPA Spring 2014 model for freshmen with all 

control variables accounted for the highest percentage of variance in the dependent 

variable (Nagelkerke r2 = .245 or 24.5%). The same overall model pattern held true in 

Fall 2013, particularly with freshmen, with combined Bb activity returning a 

statistically significant (p < .001) odds ratio of 2.354 and .229 Nagelkerke r2, after 

controlling for other variables in the model. For the same outcome, term and full 

model, transfers were 2.23 times more likely to earn a 2.0 term GPA, but the model r2 

= .068 (or 6.8%) of the variance in students attaining the academic outcome, a pattern 
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(of lower explained variance) that occurred for transfers compared to freshmen 

throughout all models. 

It should be noted, however, that the best “model fit,” or how observed data 

might predict expected outcomes, occurred in the C or better final grade analysis 

models for both groups and in both terms. For example, as determined by a preferred 

p value (sig) of .05 or higher on the Hosmer & Lemeshow “goodness of fit” test, the 

full transfer model for C or better grades was never lower than .135 (freshmen model 

4 in Fall 2013) and reached a high of .956 (transfer model 4 in Spring 2014). By 

contrast, the only 2.0 or better term GPA model to exceed the preferred p value (sig) 

of .05 was transfers in Spring 2014. In fact, of all the 8 full models with demographic 

and academic controls that I analyzed (2 per admit type per outcome per term), only 5 

exceeded a p value (sig) of .05 and 4 of these were for C or better final grades. As 

such, one could fairly say that LMS activity had a greater, perhaps more dramatic 

impact on term GPA and explained variance than course grade for both groups of 

students, however the more conservative C or better models might be a more reliable 

predictor of student success from term to term. 

Other general patterns, particularly for control variables, were noteworthy: 

Though the odds ratio (OR) was not as high as combined LMS activity, freshmen 

females were typically about 1.5 to 2.3 times more likely than males to achieve the 

desired outcome, which was also statistically significant (typically p < .001); race was 

statistically significant (particularly Asian and Black) but not very impactful as 

determined by Expected (B) coefficients or odds ratio (OR) of less than 1.0 (basically 

a 50/50 chance). Also, in all but 1 of the 8 final, full models with full controls, 
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students in the very large College of Arts, Humanities and Social Sciences (33% of 

my sample of 2,696 distinct students), were 1.5 to 2 times more likely to attain the 

desired outcome, which was also statistically significant (p < .001). Also, the pattern 

was noticeably higher in Fall 2013 than Spring 2014. Finally, high school GPA had a 

similar, statistically significant impact (typically p < .001), particularly for freshmen, 

with an OR of 1.3 to 2.7 (high of 2.7 in Fall 2013 for 2.0 or better term GPA).   

To summarize, after controlling for other factors, and based on their LMS 

usage, students were 1.5 to 2 times more likely to earn a C or better in Fall 2013 and 

Spring 2014, respectively. Similarly, students were 2.4 to 2.8 times more likely to 

earn a 2.0 term GPA in Fall 2013 and Spring 2014, respectively. Therefore, we can 

reject the null hypothesis that there is no relationship between Bb LMS usage and 

academic outcomes in the sample during academic year 2013-14, or that the amount 

of LMS usage was unlikely to change the probability of earning higher academic 

outcomes. In addition, we can reject the null hypothesis that a combined LMS activity 

measure would be less impactful or statistically significant than each of the three 

measures individually. For the sake of parsimony, this last finding was particularly 

helpful in analyzing the three remaining research questions and related hypotheses.  
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Model 1 2 3 4 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Accesses 1.027*** 1.026***             

Interactions  1.000*** 1.000             

Minutes 1.000*** 1.000***             

Combined     1.967*** 1.347*** 2.005*** 1.381*** 1.973*** 1.467*** 

Female         1.307*** 1.284** .970 1.181 

Asian         .731** .574*** .740** .692** 

Black         .870 .704** .996 .803 

Hispanic         .887 .804 .916 .872 

Unspec.         .762 1.202 .823 1.186 

Other         .651** .626** .621** .691* 

Age         .944 .999 .982 .992 

Pell         1.022  .855  1.029 .899 

HS GPA             1.676*** 1.019 

SAT             .713*** 1.221** 

CAHSS +       1.350*** 1.832*** 

Constant 2.321*** 2.382*** 4.958*** 3.982*** 14.246** 4.583*** 7.895* 4.152*** 

Predict % 84.4 80.3 84.4 80.4 84.4 80.4 84.4 80.4 

Model Fit .005 .000 .000 .000 .736 .365 .135 .558 

Nag. R2 .105 .074 .072 .017 .080 .037 .126 .061 

*** = p < .001, ** = p < .01, * = p < .05, + = Col. of Arts, Hum. & Soc. Sci. (33% of sample) 

Table 13: Binary logistic regression: >=C & Bb activity, FA13 
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Model 1 2 3 4 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Accesses 1.014*** 1.015***             

Interactions  1.000 1.000             

Minutes 1.000 1.000             

Combined     1.929*** 1.801*** 1.959*** 1.849*** 2.062*** 2.080*** 

Female         1.763*** 1.244* 1.372*** 1.093 

Asian         .775** .627** .781** .780 

Black         .798 .530*** 1.187 .633*** 

Hispanic         .962 .747 1.041 .811 

Unspec.         1.069 .761 1.190 .772 

Other         .572*** .886 .632** 1.015 

Age         .968 1.003 1.006 .996 

Pell         .872* .947  .965 .984 

HS GPA             1.799*** 1.326*** 

SAT             1.304*** 1.035 

CAHSS +       2.166*** 1.996*** 

Constant 2.831*** 2.666*** 5.293*** 4.824*** 9.094** 5.412*** 3.801 4.840*** 

Predict % 83.7 81.9 83.7 81.9 83.7 81.9 83.9 81.9 

Model Fit .158 .000 .010 .000 .183 .097 .179 .956 

Nag. R2 .053 .044 .046 .036 .070 .053 .160 .084 

*** = p < .001, ** = p < .01, * = p < .05, + = Col. of Arts, Hum. & Soc. Sci. (33% of sample) 

Table 14: Binary logistic regression: >=C & Bb activity, SP14 
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Model 1 2 3 4 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Accesses 1.026*** 1.021***             

Interactions  1.000 1.000             

Minutes 1.000*** 1.000***             

Combined     2.602*** 1.781*** 2.732*** 1.944*** 2.354*** 2.236*** 

Female         2.300*** 1.573*** 1.483*** 1.415** 

Asian         .484*** .547*** .464*** .632** 

Black         .753 .551*** 1.199 .608*** 

Hispanic         .639* .646* .685 .671* 

Unspec.         .741 .968 .822 .943 

Other         .448*** .697 .408*** .774 

Age         .874** .986 .963 .982 

Pell         .717**  .802*  .785* .828 

HS GPA             2.762*** 1.199* 

SAT             .926 1.069 

CAHSS +       1.744*** 1.773*** 

Constant 4.943*** 4.396*** 9.235*** 6.984*** 113.944*** 11.111*** 25.919** 10.042*** 

Predict % 90.4 87.4 90.4 87.4 90.4 87.4 90.6 87.4 

Model Fit .000 .000 .000 .001 .000 .000 .000 .000 

Nag. R2 .058 .040 .044 .020 .095 .051 .229 .068 

*** = p < .001, ** = p < .01, * = p < .05, + = Col. of Arts, Hum. & Soc. Sci. (33% of sample) 

Table 15: Binary logistic regression: >=2.0 & Bb activity, FA13 
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Model 1 2 3 4 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Accesses 1.011*** 1.011***             

Interactions  1.000 .999***             

Minutes 1.000 1.000             

Combined     2.581*** 1.765*** 2.773*** 1.987*** 2.945*** 2.521*** 

Female         2.420*** 1.407*** 1.807*** 1.278* 

Asian         .564*** .553*** .544*** .697* 

Black         .484*** .320*** .794 .375*** 

Hispanic         .905 .634** .995 .719 

Unspec.         .689* 1.128 .771 1.149 

Other         .417*** .554** .452*** .637* 

Age         .948 1.031** 1.004 1.020 

Pell          .750** .840  .905 .880 

HS GPA             2.296*** 1.141 

SAT             1.397*** 1.203** 

CAHSS +       2.442*** 2.023*** 

Constant 3.250*** 3.895*** 5.721*** 5.781*** 16.342*** 4.180*** 5.152* 4.087*** 

Predict % 83.8 84.3 83.8 84.3 83.8 84.3 83.9 84.5 

Model Fit .000 .000 .000 .000 .001 .001 .000 .136 

Nag. R2 .034 .022 .039 .016 .100 .075 .245 .103 

*** = p < .001, ** = p < .01, * = p < .05, + = College of Arts, Hum. & Soc. Sci. (largest at UMBC) 

Table 16: Binary logistic regression: >=2.0 term GPA & Bb activity, SP14 
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RQ3: How Does Feedback About LMS Use Relate to Academic Performance? 

Hypothesis 3: Giving students early and frequent access to their own LMS 

activity compared to similar peer data positively influences their academic 

performance. In other words, students who use the Check My Activity (CMA) 

feedback tool are more likely to earn a course final grade of C or better and a 

semester GPA of 2.0 or better than similar peers who do not.  

 

Descriptives 

Unlike the nearly ubiquitous student use of Blackboard described in research 

questions 1 and 2 above, student use of UMBC’s custom Check My Activity (CMA) 

feedback tool was more modest. For example, as stated above, in Fall 2013, my 

sample of full-time freshmen and transfer students generated 9,783 course 

enrollments, 6,009 of which (61.4%) were associated with CMA use. In these 

courses, the mean CMA usage per student was 2.01 and the range was 104. In Spring 

2014, only 4,574 of the sample’s 10,077 course enrollments (45.39%) were 

associated with CMA use. In these courses, the mean CMA usage per student was 

1.34 and the range was 124. Table 17 below provides descriptive information of 

CMA use by admit type. 
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  Enrollments Used 
CMA? Median Mean Std. Dev. Skew S.E. 

FALL 2013   
     

Freshmen 5,847 57.2% 1.00 2.643 5.66 9.71 .032 
Transfers 3,936 55.1% 1.00 2.189 5.18 8.95 .039 

SPRING 2014        
Freshmen 6,307 47.6% .000 1.646 5.45 14.29 .031 
Transfers 3,770 41.8%  .000 1.498 4.88 12.41 .040 

 
Table 17: Check My Activity (CMA) Descriptives by Admit Type, AY13-14 

Bivariate Correlations 

Similar to research question 2, I used the bivariate Pearson correlation 

function in SPSS to investigate the relationship between C or better final grades or 

2.0 or better term GPA with student use of the Check My Activity (CMA) feedback 

tool. However, as seen in table 18 and 19 below, just using the raw data of just CMA 

hits alone showed a very weak (r = .035), but statistically significant (p < .01), 

positive relationship for freshmen C or better grades in Fall 2013. The correlation was 

not statistically significant for transfers during the same term, and in Spring 2014, the 

relationship was not significant for freshmen or transfers. 

Given these findings, I decided to look at any CMA usage and re-run the same 

bivariate correlations, which yielded only slightly better results. For example, as seen 

in the same tables 18 and 19 below, there was a very small (r = .100), but positive and 

statistically significant correlation between C or better final grade and any CMA 

usage among freshmen in Fall 2013. The same correlation for transfers was not 

significant at all. In Spring 2014, the correlation for both groups was positive, though 

the strength of each was still small (r = .03 and .08, respectively for freshmen and 

transfer students).  
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Admit Type Enrollments >=C Grade CMA Hits Any CMA 

Freshman 
N=5847 

>=C Grade 1 .035** .100** 
CMA Hits   1  .337** 
Any CMA     1 

Transfer  
N=3936 

>=C Grade 1 .014 .009 
CMA Hits   1  .381** 
Any CMA     1 

 
Table 18: Bivariate correlation, >=C grade with CMA use, FA13 

 
Admit Type Enrollments >=C Grade CMA Hits Any CMA 

Freshman 
N=6307 

>=C Grade 1 .006 .019 
CMA Hits   1  .317** 
Any CMA     1 

Transfer  
N=3770 

>=C Grade 1 .020 .061** 
CMA Hits   1  .362** 
Any CMA     1 

 
Table 19: Bivariate correlation, >=C grade with CMA use, FA13 

For the 2.0 term GPA analysis, I followed the same process, but used the 

mean of each student’s CMA usage across all courses since term GPA averages all 

grades earned by students in their courses. Similar to the C or better findings, any 

form of CMA hits as a continuous variable yielded a very small (r = .038), but 

positive and significant (p < .01) relationship for freshmen in Fall 2013 (see table 20). 

There was no significant finding for transfers, nor was there for either group in Spring 

2014 (see table 21). However, except for transfers in Fall 2013, the only consistently 

significant (albeit still small) type of CMA usage was as a dichotomous (yes/no) 

variable.  
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Admit Type Enrollments >=2.0 Term CMA Mean Any CMA 

Freshman 
N=5847 

>=2.0 Term 1 .038** .074** 
CMA Mean   1  .311** 
Any CMA     1 

Transfer  
N=3936 

>=2.0 Term 1 .031 -.007 
CMA Mean   1  .393** 
Any CMA     1 

 
Table 20: Bivariate correlation, >=2.0 term GPA with CMA use, FA13 

 
Admit Type Enrollments >=2.0 Term CMA Mean Any CMA 

Freshman 
N=6307 

>=2.0 Term 1 .008 .042** 
CMA Mean   1  .289** 
Any CMA     1 

Transfer  
N=3770 

>=2.0 Term 1 .007 .045** 
CMA Mean   1  .345** 
Any CMA     1 

 
Table 21: Bivariate correlation, >=2.0 term GPA with CMA use, SP14 

As a reminder from chapter 3, there currently is no way to determine if 

students merely hovered over the main CMA dashboard in the campus portal, which 

does provide an “at a glance” overview (and thus feedback) about their activity in all 

Bb courses compared to peers (see p. 69). Thus, the only recordable CMA usage data 

is related to specific courses, when a student either compares his or her activity with 

course peers and/or checks a grade comparison report showing the Bb activity for an 

anonymous summary of course peers – assuming the instructor has posted assignment 

grades in the Bb LMS. 

Chi Square Findings  

Given the relatively weak bivariate correlation findings, I ran a Chi square test 

of independence between the dependent variables and any CMA usage by students 
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(coded as 1 = any CMA use, 0 = no CMA use). By definition, Chi square tests if 

variables are independent (i.e., no association). Using a simple 2x2 crosstab for one 

dependent and independent variable, one degree of freedom and confidence level (p. 

value) of .05, any Chi square score above 3.841 would mean the variables are not 

independent (i.e., they are related). Similar to the bivariate correlation, the Chi square 

test for freshmen showed that any use of the CMA was significant for both C or better 

final grades and 2.0 or better term GPA, in Fall 2013 and only 2.0 term GPA in 

Spring 2014. For transfers, however, using the CMA was significant for both C or 

better final grades and 2.0 or better term GPA, but only in Spring 2014 (see table 22 

below). 

Outcome by Any 
CMA Usage FA2013 SP2014 

  Freshmen Transfer Freshmen Transfer 
  χ2  p. 

value χ2 p. 
value χ2  p. 

value χ2 p. 
value 

>=C Final Grade 58.92 .000 .340 .560 2.25 .133 14.08 .000 
>=2.0 Term GPA 31.82 .000 .177 .674 11.29 .001 7.80 .005 

 
Table 22: Chi square test of independence for outcomes by any CMA use. 

 While the CMA’s impact for all students was not as strong as I had hoped, the 

difference in its effectiveness by admit type was unexpected, and is more apparent 

using a simple bar chart of the 2x2 cross tab report for the Chi square test results (see 

figure 5 below). What is intriguing is why more transfer students might not have used 

the CMA as much in Fall 2013, but more of them did so in Spring 2014. If 

succeeding cohorts of new transfers did the same, this might warrant a follow up 

survey or sampling of qualitative interviews to learn more. 
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Figure 5: Academic outcome & CMA use, AY13-14 

 

Binary Logistic Regression Findings 

While the Chi square test of independence essentially indicated a positive, 

significant relationship for freshmen in Fall 2013 and for transfers in Spring 2014, I 

used logistic regression to assess the CMA’s impact on the likelihood of student 

success after controlling for other variables. Specifically, I added student CMA usage 

to the same model I used for the logistic regression of the same academic outcomes 

by Bb activity measures in research question 2. This included the same control 

variables, but did not initially include Bb activity since I wanted to look at just CMA 

usage and its relationship to academic performance, while controlling for other 

factors, and then eventually add Bb activity for the sake of comparison. In addition, I 

simply used the raw count of CMA hits in a course, as well as the “has CMA hits” 

categorical variable described in the bivariate correlation and Chi square analysis 

above. In this way, I could compare the amount of CMA usage with any CMA usage 
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for statistical significance, a question that emerged from both the bivariate 

correlations and Chi square test findings. 

As seen in tables 23 and 24, the overall model of student CMA usage with all 

controls was statistically significant for C or better final grades and correctly 

classified at least 80% of the cases, with or without Bb activity. In addition, the 

overall model “goodness of fit” exceeded the Hosmer & Lemeshow test’s preferred p. 

value (sig) of .05 for both groups in both semesters.  

However, none of the >=C and CMA usage models explained more than 16% 

(Nagelkerke R2) of the variance in dependent variable, and the CMA itself 

contributed very little to this as seen in models 1 to 3 for both freshmen and transfers 

across both terms. In addition, the CMA was not statistically significant33 for transfers 

in Fall 2013 or freshmen in Spring 2014, which echoed the bivariate correlation and 

Chi square finding described above. For example, as measured by the Expected (B) 

coefficient or odds ratio (OR), the impact on final grades based on amount of CMA 

usage was slightly less for both freshmen than transfer students (OR = 1.026** and 

1.008 for freshmen and transfers, respectively in Fall 2013) than any CMA usage for 

both groups (OR = 1.746*** and 1.048, respectively). The same pattern generally 

held true in Spring 2014, however, this time there was no statistically significant 

finding for freshmen in the overall model 4 with all independent and control 

variables. Also, adding student Bb activity to the models generally explained more 

variance in the final grades and created a better model fit.  

                                                
 
33 As seen on the regression tables, *** = p < .001, ** p < .01, * p<.05.  
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For the 2.0 or better term GPA analysis, I used the same model and approach, 

but aggregated a student’s CMA hits across all of his or her courses and final grades 

to derive a mean CMA usage. This is similar to the converted and combined mean Bb 

activity measures for accesses (logins), interactions (hits) and minutes (duration) I 

used in research question 2, which I used again to represent each student’s overall Bb 

activity. Like the C or better analysis, using a student’s mean CMA hits allowed me 

to look at its impact (with or without Bb activity), but accounted for the fact that term 

GPA is an aggregate measure of course grades.  

As seen in tables 25 and 26, the CMA’s impact on students earning a 2.0 term 

GPA or higher was not as strong as that of students earning a C or higher final grade. 

While all of the >=2.0 models correctly predicted a higher percentage of students 

earning the desired outcome (high of 90.3% in models 1 and 4 for freshmen in Fall 

2013), the Hosmer & Lemeshow “goodness of fit” test exceeded .05 in only 1 of the 4 

full models (#4 for freshmen in Fall 2013). In addition, the Nagelkerke R2 for 

explained variance by the CMA was moderate for freshmen: .237 (23.7%) and .247 

(24.7%) in Fall and Spring, respectively. By contrast, the full model transfer R2 was 

.070 (7%) and .105 (10.5%) for Fall and Spring, respectively. Lastly, the Expected 

(B) coefficient or odds ratio (OR) of any CMA usage was statistically significant for 

freshmen in both terms, but not at all for transfers.  

Similar to the research question 2 findings about student Bb activity, other 

general patterns were noteworthy about student CMA usage:  

• Student Bb activity continued to be a positive, statistically significant variable in 

all models and both semesters, reaching an odds ratio (OR) of 2.050*** and 
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2.031*** for freshmen and transfers earning a C or higher final grade, 

respectively in Spring 2014 (see table 24). 

• The same was generally true of females, except for model 3 in Fall 2013. 

Interestingly, the greatest impact occurred in model 4 for 2.0 or better term GPA 

for Fall and Spring, reaching an OR of 1.808*** and 1.428*** for freshmen and 

transfer females respectively (see table 26). This means females from both groups 

were 1.8 and 1.4 times more likely to earn a 2.0 or better term GPA. 

• Race was statistically significant, particularly Asian students in all models and 

somewhat for Black students in Spring 2014, but was not very impactful as 

determined by Expected (B) coefficients or odds ratio (OR) of less than 1.0.  

• Also, students in the very large College of Arts, Humanities and Social Sciences 

(33% of the sample of 2,696 distinct students), was significant in all models, but 

particularly for freshmen in Spring 2014, who were 2.1 and 2.4 times more likely 

to earn a C or better final grade or 2.0 or better term GPA, respectively.  

• Finally, high school GPA had a similar, statistically significant impact (typically p 

< .001), particularly for freshmen, with an OR of 2.8 and 2.3 for freshmen C or 

better final grades and 2.0 or better term GPA, respectively in Spring 2014.  

While we can reject a null hypothesis that CMA usage is not statistically 

significant, the odds ratio of any CMA use means there is little more than a 50/50 

chance of students earning a C or better final grade or 2.0 or better term GPA. 

Furthermore, adding students’ Blackboard course activity confirms the findings about 

student Bb usage in research question 2, but weakens the CMA’s overall impact. 
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Doing so, however, also introduces a new variable – design of the Bb course itself – 

that now warrants closer examination. 
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Model 1 2 3 4 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

CMA 
Hits 1.026** 1.008             

Any 
CMA    1.746***  1.048  1.522***  .951  1.588***  .942 

Bb 
Activity       1.951*** 1.387*** 1.923*** 1.475*** 

Female         1.291** 1.289** .954 1.185* 

Asian         .733** .575*** .743** .693** 

Black         .835 .704** .951 .802 

Hispanic         .887 .805 .917 .873 

Unspec.         .728* 1.202 .782 1.185 

Other         .639** .623** .610*** .687* 

Age         .953 1.000 .990 .993 

Pell          1.018 .856  1.036 .900 

HS GPA             1.693*** 1.017 

SAT             .723*** 1.219** 

CAHSS 
+       1.382*** 1.836*** 

Constant 5.082*** 4.031*** 3.845*** 3.994*** 9.492** 4.639*** 5.245* 4.204*** 

Predict 
% 84.4 80.4 84.4 80.4 84.4 80.4 84.5 80.4 

Model 
Fit .000 .017 .000 .000 .665 .775 .675 .530 

Nag. R2 .003 .000 .017 .000 .089 .037 .135 .062 

*** = p < .001, ** = p < .01, * = p < .05, + = Col. of Arts, Hum. & Soc. Sci. (33% of sample) 

Table 23: Binary logistic regression: >=C final grades & CMA use, FA13 
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Model 1 2 3 4 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

CMA 
Hits 1.003 1.014             

Any 
CMA    1.108  1.390***  1.004  1.337**  1.002  1.315**  

Bb 
Activity       1.958*** 1.804*** 2.050*** 2.031*** 

Female         1.763*** 1.247* 1.371*** 1.098 

Asian         .775** .615** .779** .769 

Black         .798 .519*** 1.181 .615 

Hispanic         .962 .750 1.042 .817 

Unspec.         1.070 .769 1.199 .782 

Other         .572*** .892 .631*** 1.025 

Age         .968 1.000 1.055 .993 

Pell          .827* .935  .967 .971 

HS GPA             1.802*** 1.324*** 

SAT             1.306*** 1.045 

CAHSS 
+       2.167*** 1.977*** 

Constant 5.110*** 4.441*** 4.895*** 3.980*** 9.087** 5.137*** 3.719 4.642*** 

Predict 
% 83.7 81.9 83.7 81.9 83.7 81.9 83.9 81.9 

Model 
Fit .476 .012 .000 .000 .208 .041 .304 .141 

Nag. R2 .000 .001 .001 .006 .070 .057 .161 .088 

*** = p < .001, ** = p < .01, * = p < .05, + = Col. of Arts, Hum. & Soc. Sci. (33% of sample) 

Table 24: Binary logistic regression: >=C final grades & CMA use, SP14 
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Model 1 2 3 4 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

CMA 
Hits 1.054** 1.030             

Any 
CMA    1.654***  .960  1.390***  .835  1.635***  .813  

Bb 
Activity       2.617*** 2.009*** 2.237*** 2.33*** 

Female         2.278*** 1.591*** 1.454** 1.428*** 

Asian         .488*** .550*** .468*** .633** 

Black         .732 .550*** 1.133 .606*** 

Hispanic         .641* .652* .680 .675* 

Unspec.         .717 .970 .794 .943 

Other         .440*** .690 .392*** .766 

Age         .880** .988 .967 .984 

Pell          .713** .803*  .792* .829 

HS GPA             2.804*** 1.192* 

SAT             .944 1.064 

CAHSS 
+       1.794*** 1.800*** 

Constant 8.558*** 6.602*** 6.960*** 7.110*** 82.711*** 11.690*** 18.063** 10.553*** 

Predict 
% 90.4 87.4 90.4 87.4 90.4 87.4 90.5 87.4 

Model 
Fit .000 .000 .000 .000 .000 .002 .102 .004 

Nag. R2 .005 .002 .011 .000 .100 .052 .237 .070 

*** = p < .001, ** = p < .01, * = p < .05, + = Col. of Arts, Hum. & Soc. Sci. (33% of sample) 

Table 25: Binary logistic regression: >=2.0 term GPA & CMA use, FA13 
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Model 1 2 3 4 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

CMA 
Hits 1.005 1.005             

Any 
CMA    1.260**  1.295** 1.129 1.273* 1.284** 1.242*  

Bb 
Activity       2.710*** 1.910*** 2.817*** 2.428*** 

Female         2.421*** 1.406*** 1.808*** 1.282** 

Asian         .560*** .545*** .537*** .689* 

Black         .479*** .316*** .781* .371*** 

Hispanic         .909 .635** .997 .722 

Unspec.         .698* 1.140 .794 1.162 

Other         .417*** .559** .447*** .643* 

Age         .946 1.030** 1.003 1.019 

Pell         .751**  .833  .912 .872 

HS GPA             2.319*** 1.135 

SAT             1.404*** 1.215** 

CAHSS 
+       2.433*** 1.999*** 

Constant 5.137*** 5.347*** 4.653*** 4.856*** 15.860*** 3.955*** 4.695 3.924*** 

Predict 
% 83.8 84.3 83.8 84.3 83.8 84.3 84.4 84.6 

Model 
Fit .000 .041 .000 .000 .007 .001 .000 .000 

Nag. R2 .000 .000 .003 .004 .101 .078 .247 .105 

*** = p < .001, ** = p < .01, * = p < .05, + = Col. of Arts, Hum. & Soc. Sci. (33% of sample) 

Table 26: Binary logistic regression: >=2.0 term GPA & CMA use, SP14 
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RQ4: How Does Course Design Relate to Student Use of LMS & CMA? 

Hypothesis 4: As defined by Bb Analytics for Learn (A4L), courses that have a 

high institutional course design quartile ranking are significantly correlated with 

students who have high Bb Learn course activity and CMA usage. The same is true of 

Bb courses that use the online grade center (i.e., “grade book”). 

 Up to this point, all of my research questions have focused on student 

academic performance as a dependent variable, namely the “threshold variables” of C 

or better final grade or 2.0 or better term GPA. However, if there is a relationship 

between student LMS or CMA usage and academic outcomes (questions 2 and 3 

above), then it is worth looking at how faculty design of Blackboard learning 

management system (LMS) course sites may be related to student use of these tools. 

 To review from Chapter 2, others have described three broad categories of 

typical LMS course usage by faculty: 1) content, 2) tools or 3) assessments (J. 

Campbell, 2007; Dawson et al., 2008; Fritz, 2013; Macfadyen & Dawson, 2012; 

Whitmer, 2012). Essentially, Blackboard grouped all items in any Bb course, such as 

documents or files, discussions or chats, and assignments or quizzes, into these three 

broad categories, which Blackboard Analytics for Learn (A4L) converts to a 

departmental and institutional statistical quartile ranking, based on a weighted sum of 

all course items faculty make available to students. For simplicity, I only used A4L’s 

institutional course design quartile ranking. Also, I am interested in faculty use of the 

grade center (i.e., “grade book”), which Educause’s annual “Undergraduates and IT” 

national studies have repeatedly shown that students value more than any LMS 
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function – by far (Dahlstrom, et al., 2013; Smith, Salaway, & Borrenson, 2009; 

Salaway & Caruso, 2008). 

Finally, I am making no inferences or assumptions about instructor quality or 

pedagogical intent, but I am using the course design quartile ranking and grade center 

use as proxies for faculty LMS course design. I merely want to see if there is a 

relationship between course design and student use of the LMS or related feedback 

tool like the CMA. 

Descriptives 

For academic year 2013-14, the distribution of institutional course design 

quartile rankings and grade center use are seen in figures 7 and 8 below:  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 6: Institutional Course Design Quartile Ranking, AY13-14 
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Figure 7: Bb Course Grade Center Usage, AY13-14 

Bivariate Correlations 

As stated earlier, unlike previous questions, I was not focusing on an 

academic outcome for this one. Instead, I wanted to see how course design was 

related to all student activity in or related to the LMS, as defined by their use of 

Blackboard and the available CMA feedback tool. As such, I also did not want to just 

look at any CMA usage but all of it.34  

As seen in tables 27 and 28 below, there was a positive, strong (r = .542) and 

statistically significant relationship between a course’s institutional course design 

quartile (ICDQ) rank and freshmen student use of Bb in Fall 2013. However, the 

relationship was not statistically significant for CMA use. For transfers, there was a 

                                                
 
34 Note: Because institutional course design quartile (ICDQ) is a rank order variable (e.g., quartile cut 
points ascend from 25% to 75%), and grade center use (GC used) is dichotomous or binary (e.g., 
yes/no), I used Spearman Rho correlation of ICDQ with the combined and converted student Bb 
activity Z score established in research question 2 and CMA hits; to correlate course grade center use 
to these same student activity dependent variables, I used Pearson correlation. 
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similarly positive, slightly stronger (r = .574) and statistically significant relationship 

between a course’s institutional course design quartile (ICDQ) rank and student use 

of Bb. Also, there was a much weaker (r = .048) but still positive and statistically 

significant relationship between ICDQ and student use of the CMA. For Spring 2014, 

the same general pattern held true, except the roles reversed by admit type in that 

freshmen ICDQ correlation with student Bb activity was slightly stronger (r = .606) 

than transfers, and their CMA correlation was statistically significant, albeit much 

weaker (r = .048) than Bb use. 

Interestingly, institutional course design quartile (ICDQ) rank and course 

grade center use were remarkably similar, in that they were both moderately strong, 

positive and statistically significant when correlated with either freshmen or transfer 

use of Blackboard in either semester, though ICDQ was typically stronger. However, 

they alternated between freshmen and transfers as a statistically significant, weak but 

positive correlation with CMA hits. The exception was Fall 2013 when grade center 

use and institutional course design quartile for freshmen and transfers was identically 

correlated with CMA hits (r = .048), positive and statistically significant. Since 

institutional course design quartile ranking may be more complex to explain or 

understand, grade center use might be a simpler, but still effective proxy for course 

design, an assumption I explored further in the regression analyses below. 
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Correlations+ 

Admit Type Bb Activity CMA Hits ICDQ GC Used 

Freshman 
N=5847 

Bb Activity 1 .113** .542** .430** 
CMA Hits   1 .016 .029* 
IDQ     1  .595** 
GC Used       1 

Transfer  
N=3936 

Bb Activity 1 .213** .574** 0.396** 
CMA Hits   1 .048** .048** 
IDQ     1  .515** 
GC Used       1 

 ** p < .01, * p < .05, + Spearman Rho for ICDQ, Pearson for GC Used  
Table 27: Bivariate Correlations: Inst. Course Design, Grade Center Use, FA13 

 
 

Correlations+ 
Admit Type Bb Activity CMA Hits ICDQ GC Used 

Freshman 
N=6307 

Bb Activity 1 .087** .606** .474** 
CMA Hits   1 .048** .024 
IDQ     1  .548** 
GC Used       1 

Transfer 
N=3936 

Bb Activity 1 .134** .586** .431** 
CMA Hits   1 .024 .043** 
IDQ     1  .499** 
GC Used       1 

 ** p < .01, * p < .05, + Spearman Rho for ICDQ, Pearson for GC Used 
Table 28: Bivariate Correlations: Inst. Course Design, Grade Center Use, SP14 

Linear Regression Findings 

While the bivariate correlations of Institutional Course Design Quartile 

(ICDQ) and grade center use were strong, I used multiple linear regression to better 

understand the relationship between course design on student Bb and CMA activity, 

before and after controlling for other demographic and academic variables. Similar to 

research question 2, I used the combined Bb student activity measures converted into 

Z scores as my continuous dependent variable, and just used each student’s CMA hits 
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in a course. Again, I used all course enrollments (FA13 = 9,783, SP14 = 10,077). I 

report findings for student Bb activity followed by CMA activity below. 

As seen in tables 29 and 30, both the course design quartile indicator and 

instructor use of the course grade center turned out to be moderately strong in 

accounting for student Blackboard usage. Specifically, each of these independent 

variables was statistically significant (p < .001) in all 8 models (2 each for freshmen 

and transfers in both semesters). Also, as indicated by the R2 change, course design 

and grade center use contributed more than 20% to the overall models, whose 

adjusted R2 of .265 and .239 explained 26.5% and 23.9% of the variance in student 

Bb usage for freshmen and transfers, respectively in Fall 2013, after controlling for 

demographic and academic variables. A similar pattern emerged in Spring 2014, with 

course design and grade center use contributing more than 22% to the overall models’ 

adjusted R2 of .333 and .278, which explained 33.3% and 27.8% of freshmen and 

transfer student use of Bb, respectively.  

With the exception of high school GPA, none of the demographic or control 

variables had Beta coefficients higher than .08. Also, similar to research question 2, 

race (particularly Black and Asian) was statistically significant in all but 1 of the 8 

models that controlled for it (see transfer model 4 in SP14). Academic preparation 

(particularly SAT scores) were statistically significant in all 4 models that controlled 

for it, though high school GPA was significant only for freshmen (Beta coefficients of 

.130 and .128 in Fall and Spring, respectively). Interestingly, unlike question 2, age 

was a significant variable in most models and gender was significant primarily for 

freshmen, but not at all for transfers.  
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Unfortunately, as strong as course design and grade center use were in 

explaining student use of Bb, they were very weak in accounting for student use of 

the Check My Activity (CMA) feedback tool, for both freshmen and transfers, in both 

semesters. In fact, as seen in tables 30 and 31, models that included the institutional 

course design quartile indicator and grade center use, as well as other demographic 

and academic controls, explained no more than 2% of the variance in CMA use and 

this was in only one of the four models across both semesters (transfer model 4 in Fall 

2013). Institutional course design was significant in only 1 of the 12 models that 

included it (freshmen model 1 in Fall 2013), while grade center use was significant in 

6 of 12 models, and nearly always for transfers (except model 4 in Spring 2014).  

Despite these findings about a course design’s impact on student use of Bb 

and the CMA feedback tool, there were similarities and differences in demographic 

and academic preparation control variables worth noting: 

• With an average coefficient above .100, Black freshmen contributed the most to 

the model’s explanation of variance in student CMA use, more so than course 

design or grade center use. 

• In both semesters, age was significant for transfer students, but never for 

freshmen. 

• In Fall 2013, gender was significant for freshmen only, and both groups in Spring 

2014. 

• In all but one model controlling for academic preparation (freshmen model 4 in 

Spring 2014), HS GPA was not significant, whereas SAT was significant for all 

groups except freshmen in Fall 2013. 
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Model 1 2 3 4 
Admit 
Type/ 
Coefficients 

F Beta T Beta  F Beta T Beta F Beta T Beta F Beta T Beta 

Inst. Course 
Dsgn. 

Quartile 

.433*** 
(.001) 

.424*** 
(.001)     .270*** 

(.001)  
.299*** 

(.001)  
.254*** 

(.001)  
.294*** 

(.001)  

Grade 
Center Used    

.430*** 
(.032)  

.396*** 
(.034) 

.265*** 
(.038)  

.241*** 
(.038) 

.259*** 
(.038) 

.230*** 
(.038)  

Female         .028* 
(.024) 

-.002 
(.029) 

.012 
(.025) 

.014 
(.029) 

Asian         .074*** 
(.032) 

.066*** 
(.049) 

.066*** 
(.031) 

.049** 
(.049) 

Black         .039** 
(.041) 

.060*** 
(.040) 

.048*** 
(.040) 

.046** 
(.041) 

Hispanic         .004 
(.055) 

.029 
(.052) 

.007 
(.054) 

.023 
(.052) 

Unspec.         .013 
(.051) 

.029* 
(.049) 

.011 
(.050) 

.028 
(.049) 

Other         .064*** 
(.047) 

.024 
(.054) 

.062*** 
(.047) 

.016 
(.054) 

Age         .021 
(.016) 

.053*** 
(.003) 

.032** 
(.016) 

.060*** 
(.003) 

Pell         -.030* 
(.031)  

.025 
(.031)  

-.031** 
(.030) 

.018 
(.031) 

HS GPA             .130*** 
(.014) 

-.003 
(.027) 

SAT             -.082*** 
(.016) 

-.024 
(.022) 

CAHSS +       -.100*** 
(.027) 

-.095*** 
(.029) 

Constant 
Unstand. 

Beta 

-
1.452*** 

(.051) 

-
1.473*** 

(.058) 

-
.588*** 

(.029) 

-
.492*** 

(.029) 

-
1.951*** 

(.292) 

-
1.737*** 

(.090) 

-
2.043*** 

(.288) 

-
1.636*** 

(.092) 

R2 .187 .179 .185 .157 .242 .233 .267 .242 

Adj. R2 .187 .179 .185 .156 .241 .231 .265 .239 

R2 Change .187*** .179*** .185*** .157*** .225*** .221*** .201*** .203*** 

*** = p < .001, ** = p < .01, * = p < .05, (S.E.), + = Col. of Arts, Hum. & Soc. Sci. (33% sample) 

Table 29: Multiple Linear Regression of Student Bb Activity, FA13 
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Model 1 2 3 4 
Admit 
Type/ 
Coefficients 

F Beta T Beta  F Beta T Beta F Beta T Beta F Beta T Beta 

Inst. Course 
Dsgn. 

Quartile 

.491*** 
(.000) 

.444*** 
(.001)     .329*** 

(.000)  
.306*** 

(.001)  
.324*** 

(.000)  
.300*** 

(.001)  

Grade 
Center Used    

.474*** 
(.021)  

.431*** 
(.026) 

.291*** 
(.024)  

.277*** 
(.029) 

.275*** 
(.024) 

.256*** 
(.029)  

Female         .070*** 
(.018) 

-.022 
(.023) 

.058*** 
(.018) 

-.004 
(.023) 

Asian         .039** 
(.023) 

.030* 
(.038) 

.035** 
(.022) 

.007 
(.039) 

Black         .064*** 
(.029) 

.056*** 
(.031) 

.077*** 
(.029) 

.034* 
(.032) 

Hispanic         .020 
(.041) 

-.009 
(.040) 

.022* 
(.040) 

-.021 
(.040) 

Unspec.         .015 
(.038) 

.020* 
(.039) 

.014 
(.037) 

.015 
(.038) 

Other         .033** 
(.033) 

.028 
(.043) 

.032** 
(.033) 

.013 
(.043) 

Age         .021 
(.012) 

.036* 
(.002) 

.030** 
(.011) 

.048** 
(.002) 

Pell         -.012 
(.022)  

.018 
(.024)  

-.010 
(.022) 

.006 
(.024) 

HS GPA             .128*** 
(.010) 

.016 
(.021) 

SAT             -.061*** 
(.012) 

-.058*** 
(.018) 

CAHSS +       -.090*** 
(.019) 

-.130*** 
(.023) 

Constant 
Unstand. 

Beta 

-
1.313*** 

(.033) 

-
1.232*** 

(.042) 

-
.608*** 

(.019) 

-
.565*** 

(.022) 

-
1.777*** 

(.210) 

-
1.377*** 

(.069) 

-
1.858*** 

(.207) 

-
1.272*** 

(.071) 

R2 .241 .197 .225 .186 .311 .262 .334 .280 

Adj. R2 .241 .197 .225 .186 .310 .260 .333 .278 

R2 Change .241*** .197*** .225*** .186*** .294*** .254*** .266*** .223*** 

*** = p < .001, ** = p < .01, * = p < .05, (S.E.), + = Col. of Arts, Hum. & Soc. Sci. (33% sample) 

Table 30: Multiple Linear Regression of Student Bb Activity, SP14 
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Model 1 2 3 4 
Admit 
Type/ 
Coefficients 

F Beta T Beta  F Beta T Beta F Beta T Beta F Beta T Beta 

Inst. Course 
Dsgn. 

Quartile 

.026* 
(.003) 

.030 
(.004)     .016 

(.004)  
.010 

(.004)  
.008 

(.004)  
.008 

(.004)  

Grade 
Center Used    

.029* 
(.190)  

.048** 
(.188) 

.018 
(.235)  

.045* 
(.217) 

.015 
(.235) 

.038* 
(.218)  

Female         .051*** 
(.149) 

.007 
(.165) 

.056*** 
(.156) 

.010 
(.169) 

Asian         .035* 
(.195) 

.033 
(.280) 

.032* 
(.195) 

.021 
(.285) 

Black         .103*** 
(.248) 

.008 
(.231) 

.110*** 
(.252) 

-.003 
(.236) 

Hispanic         .043** 
(.340) 

-.022 
(.298) 

.044** 
(.339) 

-.029 
(.300) 

Unspec.         .025 
(.312) 

.053** 
(.285) 

.021 
(.313) 

.054** 
(.285) 

Other         .001 
(.290) 

-.013 
(.311) 

.002** 
(.290) 

-.017 
(.312) 

Age         -.010 
(.098) 

.132*** 
(.017) 

-.006 
(.098) 

.140*** 
(.017) 

Pell         -.013 
(.187)  

.029 
(.176)  

-.011 
(.188) 

.023 
(.177) 

HS GPA             .027 
(.087) 

.021 
(.154) 

SAT             .011 
(.100) 

-.053** 
(.129) 

CAHSS +       
-

.058*** 
(.168) 

-.043** 
(.170) 

Constant 
Unstand. 

Beta 

2.063*** 
(.302) 

1.598*** 
(.329) 

2.297*** 
(.171) 

1.763*** 
(.162) 

2.704 
(1.789) 

-
1.748** 

(.516) 

2.544 
(1.790) 

-
1.608** 

(.531) 

R2 .001 .001 .001 .002 .015 .027 .019 .031 

Adj. R2 .000 .001 .001 .002 .013 .024 .017 .027 

R2 Change .001* .001 .001* .002** .001 .003** .000 .002* 

*** = p < .001, ** = p < .01, * = p < .05, (S.E.), + = Col. of Arts, Hum. & Soc. Sci. 

Table 31: Multiple Linear Regression of Student CMA Usage, FA13 
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Model 1 2 3 4 
Admit 
Type/ 
Coefficients 

F Beta T Beta  F Beta T Beta F Beta T Beta F Beta T Beta 

Inst. Course 
Dsgn. 

Quartile 

.024 
 (.000) 

.020 
(.003)     .015 

(.003)  
.004 

(.004) 
.015 

(.003)  
.002 

(.004)  

Grade 
Center Used    

.024 
(.160)  

.043** 
(.179) 

.013 
(.191)  

.043* 
(.206) 

.009 
(.192) 

.036 
(.208)  

Female         .044** 
(.138) 

-.049** 
(.160) 

.058*** 
(.144) 

-.046** 
(.164) 

Asian         .011 
(.180) 

-.009* 
(.272) 

.010 
(.180) 

-.017 
(.277) 

Black         .098*** 
(.228) 

.029*** 
(.223) 

.100*** 
(.231) 

.022 
(.229) 

Hispanic         -.004 
(.325) 

-.027 
(.285) 

-.003 
(.040) 

-.033 
(.287) 

Unspec.         .028* 
(.298) 

.046** 
(.274) 

.024 
(.299) 

.044* 
(.274) 

Other         -.008 
(.264) 

-.028 
(.305) 

-.006 
(.265) 

-.034* 
(.306) 

Age         .012 
(.092) 

.065*** 
(.017) 

.013 
(.092) 

.070*** 
(.017) 

Pell         -.027* 
(.174)  

.048** 
(.172)  

-.025 
(.175) 

.042* 
(.172) 

HS GPA             -.027* 
(.081) 

.029 
(.153) 

SAT             .047** 
(.094) 

-.039* 
(.127) 

CAHSS +       -.032* 
(.155) 

-.045** 
(.166) 

Constant 
Unstand. 

Beta 

1.203*** 
(.247) 

1.154*** 
(.289) 

1.418*** 
(.140) 

1.155*** 
(.153) 

-
.715*** 
(1.656) 

-
.347*** 

(.491) 

-.732 
(1.658) 

-.128 
(.507) 

R2 .001 .000 .001 .002 .013 .018 .016 .021 

Adj. R2 .000 .000 .000 .002 .011 .016 .014 .018 

R2 Change .001 .000 .001 .002** .001 .002* .000 .001 

*** = p < .001, ** = p < .01, * = p < .05, (S.E.), + = Col. of Arts, Hum. & Soc. Sci.  

Table 32: Multiple Linear Regression of Student CMA Usage, SP14 
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RQ5: How Does Course Design Relate to Student Academic Performance? 

Hypothesis 5: After controlling for other factors, C or better final grades and 

2.0 or better term GPA are significantly correlated with courses having high 

institutional course design quartile rank. The same is true of courses using the online 

grade center (i.e., “grade book”).  

 In this final question, I look at the relationship between faculty design of 

Blackboard courses and students earning a C or better final grade in the course and a 

2.0 or better term GPA. Specifically, I used institutional course design quartile 

ranking and grade center use as independent variables, similar to the previous 

research question. 

My findings for research question 4 have already described the distribution of 

institutional course design quartiles and grade center use among the courses taken by 

the sample of freshmen and transfer students (see figures 6 and 7 above). However, 

using a simple crosstab report, the following two figures illustrate the added 

dimension of students earning a C or better final grade or 2.0 or better term GPA by 

institutional course design quartile or grade center use: 



 

 134 
 

 
 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

 

 

 

 

 

 

 

 

 

Figure 8: Outcomes by Inst. Course Design Quartile, AY13-14 

Figure 9: Outcomes by Grade Center Used, AY13-14 
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As one can see, among the students earning a C or higher final grade or 2.0 or 

better term GPA, 75% of their courses used the grade center. Similarly, among these 

same students, 53% of their courses attained the highest (4th) institutional course 

design quartile, which is based on a weighted count of course items broadly 

categorized as content, tools and assessments (including grade center use). This is not 

to say that student outcomes are caused by course design or grade center use, but the 

correlation is worth noting – and exploring further. 

 

Bivariate Correlations 

As seen in tables 33 and 34 below, there was indeed a statistically significant (p < 

.01), albeit weak (r < .1) relationship between the student outcome variables and 

course design or grade center use. However, it was almost always negative, too, 

particularly among the higher institutional course design quartiles and grade center 

use, which was surprising given the simple crosstab report graphs above. Also, there 

were differences (typically by admit type and term) as well as some similarities: 

• The lower two quartiles (1 & 2) were not statistically significant for transfers 

in either term, except >=2.0 term GPA in ICDQ1 for Fall 2013. By contrast, 

the same quartiles were significant and mostly positive for freshmen, except 

ICDQ2 for >=C (Fall 2013) and ICDQ2 for >=2.0 term GPA (Spring 2014). 

• Grade center use was always significant for both groups in Fall 2013, but only 

for >=2.0 term GPA for both groups in Spring 2014. 
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Correlations+ 

Admit Type >=C >=2.0 ICDQ1 ICDQ2 ICDQ3 ICDQ4 All 
ICDQ 

GC Used 

Freshman 
Enrollments 

N=5847 

>=C 1 .477** .054** .001 .042** -.063** -.064** -.040** 

>=2.0   1 .034** .034** -.011 -.025 -.043** -.036* 

ICDQ1     1 -.073** -.143** -.303**  -.682** -.344** 

ICDQ2    1 -.175** -.373** -.491** -.393** 

ICDQ3     1 -.726** -.279** -.136** 

ICDQ4      1 .847** .505** 

All 
ICDQ 

      1 .595** 

GC 
Used 

          1 

Transfer 
Enrollments  
N=3936 

>=C 1 .525** .021 .021 .034* -.054** -.051** -.058** 

>=2.0   1 .040* .018 .017 -.045** -.053** -.043** 

ICDQ1     1 -.082** -.155** -.223**  -.595** -.242** 

ICDQ2    1 -.258** -.373** -.559** -.355** 

ICDQ3     1 -.706** -.239** -.117** 

ICDQ4      1 .839** .443** 

All 
ICDQ 

      1 .515** 

GC 
Used 

          1 

** p < .01, * p < .05, + Spearman Rho for ICDQ, Pearson for GC Used  

Table 33: Bivariate Correlations: Inst. Course Design, Grade Center Use, FA13 
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Correlations+ 

Admit Type >=C >=2.0 ICDQ1 ICDQ2 ICDQ3 ICDQ4 All 
ICDQ 

GC Used 

Freshman 
Enrollments 

N=6387 

>=C 1 .548** -.086** .043** .024 .000 .036** -.013 

>=2.0   1 .037** .024 .015 -.049** -.055** -.046* 

ICDQ1     1 -.102** -.182** -.325**  -.716** -.412** 

ICDQ2    1 -.208** -.372** -.459** -.265** 

ICDQ3     1 -.664** -.177** -.041** 

ICDQ4      1 .833** .426** 

All 
ICDQ 

      1 .548** 

GC 
Used 

          1 

Transfer 
Enrollments 

N=3770 

>=C 1 .514** -.065 .016 .060** -.033** .012 -.029 

>=2.0   1 .024 .016 .010 -.032* -.037 -.053** 

ICDQ1     1 -.105** -.190** -.269**  -.667** -.311** 

ICDQ2    1 -.260** -.368** -.500** -.299** 

ICDQ3     1 -.662** -.159** -.046** 

ICDQ4      1 .825** .402** 

All 
ICDQ 

      1 .499** 

GC 
Used 

          1 

** p < .01, * p < .05, + Spearman Rho for ICDQ, Pearson for GC Used  

Table 34: Bivariate Correlations: Inst. Course Design, Grade Center Use, SP14 

 

Admittedly, the negative direction of the correlation, particularly by course 

design quartiles, was puzzling. One explanation might simply be due to differences in 

the number – and thus percentage – of successful student enrollments within course 

design quartiles compared to across them. For example, as described in research 

question 4, there were 9,783 freshmen enrollments across all courses that used the Bb 

LMS in Fall 2013. Of these, 4,935 (84.4%) earned a C or better final grade. Of these, 

2,928 (59.3%) were earned in courses in the highest (4th) design quartile and 303 
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(6.1%) were earned in courses in the lowest (1st) design quartile, as seen in figure 8 

above.  

However, the percentage of successful vs. unsuccessful student enrollments 

within each of these course design quartiles was actually higher in the lower quartiles 

even though the overall number of enrollments was also lower. For example, 303 of 

328 (92.4%) student enrollments in the 1st quartile resulted in a C or better compared 

to 2,928 of 3,546 (82.6%) in the 4th quartile. As such, the bivariate correlation in 

SPSS defined the direction of this relationship as negative since the percentage of 

freshmen enrollments resulting in a C or better final grade decreased as the quartile 

rank increased.  

A similar, disproportionate number of student enrollments by grade center use 

resulted in a negative bivariate correlation. For example, of the same 4,935 freshmen 

enrollments resulting in a C or better final grade in Fall 2013 above, 3,971 (80%) 

occurred in courses that did use the grade center compared to 962 (20%) that did not. 

However, within these two categories, 83.8% vs. 87.5% of student enrollments 

attained the C or better for course grade center use and non-use, respectively. 

According to Pallant (2010) 35, the number of cases should ideally be 

approximately equal when correlating rank order or dichotomous independent 

variables (e.g., course design quartile rank and grade center use, respectively). 

However, short of perhaps re-weighting the lower quartile enrollment counts and/or 

student success percentages, I am not aware of a way to "correct" for the 

disproportionate enrollment counts in SPSS bivariate correlations with binary 
                                                
 
35 This is an e-book only and as such does not have page numbers. References will be to chapters or 
“locations.” 
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dependent variables like C or better final grade and 2.0 or better term GPA. There are 

likely better ways to disaggregate the data moving forward, but hopefully this study 

lays the groundwork for further analysis of LMS course design with ever-improved 

methodologies. Toward this end, I report below my binary logistic regression findings 

on the relationship between LMS course design and student outcomes, after 

controlling for other factors. 

Binary Logistic Regression Findings 

Given the unexpected negative correlation between student academic outcomes and 

course design variables described above, I wanted to see if a similar pattern emerged 

in my use of binary logistic regression. To do so, I isolated each course design 

quartile rank36, added student Blackboard usage as another independent variable, and 

then followed by adding demographic and academic control variables used in similar 

regression analyses to answer prior research questions above. 

 As seen in tables 35 and 36 below, binary logistic regression showed mixed 

results in terms of significance vs. impact of Bb course design on C or better final 

grades earned by different groups of students over different semesters. For example, 

after controlling for other variables, the Fall 2013 model using institutional design 

quartile as an independent variable was statistically significant and correctly 

classified better than 80% of the 9,783 cases. However, the Hosmer & Lemeshow test 

of model “goodness of fit” had a disappointing p value of .001 for freshmen and .003 

for transfers (ideally, should be > .05). While particular variables may be statistically 

significant, a low Hosmer & Lemeshow test finding means the overall model does not 
                                                
 
36 I added the 4th (and largest) course design quartile to the constant that already included white males. 
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fit the available data points well, which is important in trying to account for variance 

in the dependent variables.  

 By contrast, the Spring 2014 model had a “goodness of fit” score of .406 for 

freshmen and .355 for transfers. Also, the model correctly classified better than 81% 

of the 10,077 cases and explained 17.7% of the variance in C or better final grades of 

freshmen, and 11% of the variance for transfers.  

 In addition to these “model fit” differences by term, other findings were 

notable. First, the lower course design quartiles were particularly impactful for 

freshmen in Fall 2013, but less so in Spring 2014. For example, with an expected (B) 

or “odds ratio” of 7.663, freshmen in Fall courses in the 1st institutional course design 

quartile (ICDQ1), were 7.6 times more likely to earn a C or higher final grade 

compared to 3 times more likely in the 2nd quartile (ICDQ2) and 2.8 times more likely 

in the 3rd quartile (ICDQ3). By contrast, the first design quartile (ICDQ1) was not 

statistically significant at all in Spring 2014, and the highest “odds ratio” (OR) was 

2.358 for the 2nd design quartile (ICDQ2). Generally speaking, the impact of course 

design on student performance fluctuated more among freshmen than transfers, and 

more so in Fall than Spring.  

 Second, as seen in previous research questions, student Blackboard usage was 

statistically significant (p < .001) across all models, groups and terms with an odds 

ratio of better than 2.0 for all but transfers (1.796) in Fall 2013. This became 

important as I noticed a similar “higher impact in lower course design quartiles” 

pattern described in the bivariate correlation above. 
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 Finally, throughout all of the binary logistic regression models for this 

research question, certain patterns among the demographic and academic control 

variables became apparent: 

• Asian and Black control variables were statistically significant, but not 

particularly impactful (OR < 1.000). 

• Significance and impact of female variables were mixed among freshmen and 

transfers and by semesters.  

• High school GPA was statistically significant (p < .001) in all but one of the 

four full models (Fall 2013 transfers) and with an odds ratio of between 1.316 

(Spring 2014 transfers) and 1.815 (Spring 2014 freshmen).  
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Model 1 2 3  4  
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

ICDQ1 2.558*** 1.486 7.928***  2.541***  8.011***  2.472***  7.663***  2.331***  

ICDQ2  1.148 1.326* 3.329*** 2.154*** 3.285***  2.232***  3.008***  2.231***  

ICDQ3 1.410*** 1.292** 2.738***  1.818***  2.781*** 1.857***  2.804***  1.820***  

Bb Use     2.933*** 1.652*** 2.994*** 1.702*** 2.886*** 1.796*** 

Female         1.270** 1.276** .965 1.182 

Asian         .729** .557*** .722** .670** 

Black         .836 .692** .962 .790** 

Hispanic         .847 .797 .863 .867 

Unspec.         .783 1.158 .820 1.148 

Other         .632**  .609** .601*** .671** 

Age         .913* .996 .952 .989 

Pell         1.049  .844  1.067 .884 

HS GPA            1.665*** 1.022 

SAT           .726*** 1.228** 

CAHSS 
+       1.217* 1.783*** 

Constant 4.738*** 3.597*** 3.086*** 2.847*** 16.348** 3.542*** 8.947*** 3.274*** 

Predict 
% 84.4 80.4 84.4 80.4 84.4 80.4 84.7 80.5 

Model 
Fit 1.000 1.000 .000 .000 .000 .000 .001 .003 

Nag. R2 .010 .005 .132 .039 .140 .060 .179 .082 

*** = p < .001, ** = p < .01, * = p < .05, + = College of Arts, Hum. & Soc. Sci. (largest at UMBC) 

Table 35: Binary logistic regression ICDQ models for >=C final grades, FA13 
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Model 1 2 3  4  
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

ICDQ1 .528*** .650** 1.289*  1.364 1.202 1.360 .907  1.382 

ICDQ2  1.472** 1.226 3.089*** 2.292*** 2.912***  2.358***  2.520***  2.247***  

ICDQ3 1.116 1.393** 1.734***  2.110***  1.686*** 2.194***  1.551***  2.222***  

Bb Use     2.455*** 2.322*** 2.421*** 2.404*** 2.333*** 2.694*** 

Female         1.692*** 1.245* 1.341*** 1.097 

Asian         .778** .608** .770** .756 

Black         .799 .500** 1.188 .589*** 

Hispanic         .960 .755 1.028 .824 

Unspec.         1.083 .735 1.210 .745 

Other         .567**  .839 .626*** .964 

Age         .959 1.000 1.000 .993 

Pell         .821*  .944  .956 .979 

HS GPA            1.815*** 1.316*** 

SAT           1.306*** 1.050 

CAHSS 
+       2.044*** 1.981*** 

Constant 5.134*** 4.153*** 4.076*** 3.508*** 8.514** 4.226*** 3.605 3.775*** 

Predict 
% 83.7 81.9 83.7 81.9 83.7 82.0 84.0 81.9 

Model 
Fit 1.000 1.000 .000 .000 .014 .365 .406 .355 

Nag. R2 .014 .011 .070 .061 .091 .081 .177 .110 

*** = p < .001, ** = p < .01, * = p < .05, + = College of Arts, Hum. & Soc. Sci. (largest at UMBC) 

Table 36: Binary logistic regression ICDQ models for >=C final grades, SP14 
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Admittedly, given my findings for prior research questions, the outcome of 

this question’s bivariate correlations and logistic regression (e.g., lower course design 

quartiles = stronger, positive impact on student success) was unexpected. For 

example, if student Blackboard use was significantly correlated with student 

academic outcomes (research question 2) and course design was significantly 

correlated with student Blackboard use (research question 4), how could it now be 

that higher course design quartiles were less impactful on student academic outcomes 

than higher course design quartiles? 

I began to suspect a possible interaction effect between student Blackboard 

use and course design that was not being accounted for in my approach to this final 

research question. As defined by Pallant (2010), “An interaction effect occurs when 

the effect of one independent variable on the dependent variable depends on the level 

of a second independent variable.” (ch. 19, location 4750). As such, I decided to use 

the (a>*b>) “interactions” function in the SPSS logistic regression setup for 

covariates, to understand the relationship between student Bb usage by course design 

quartile and C or better final grades. Also, since the dichotomous (yes/no) grade 

center use had a similarly unexpected negative bivariate correlation with outcomes, I 

used the “interactions” function to understand the impact of student Bb use by grade 

center use on C or better final grades. 37 

                                                
 
37 My own use of student activity and Bb course design quartiles and grade center use to help answer 
research question 5 was directly influenced by a predictive risk model initially developed by Bb for its 
A4L integrated model for clients who have both the Bb analytics Student and A4L modules. Since we 
didn’t have a working instance of the A4L predictive risk algorithm at the time of this study, I had to 
use the a>*b> interactions effect in SPSS to approximate what A4L now does in a much more 
sophisticated way. However, all credit should be given to Bb, which developed and implemented the 
concept. For more information, see my “limitations and future research” section in the next chapter. 
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As seen in tables 37 and 38 below, treating course design and student activity 

as an interaction effect changed the overall models and related characteristics. For 

example, across both semesters, the amount of explained variance decreased between 

.01 and .02 for freshmen and between .02 and .03 for transfers. However, in all but 

two of the eight full models (freshmen models 3 and 4 in Spring 2013), the Hosmer & 

Lemeshow “goodness of fit” test easily exceeded the ideal of .05, ranging from .136 

to .915. 

In addition, the combination of course design quartile and student Bb activity, 

or course grade center use and student Bb activity, was statistically significant (p < 

.001) across both groups and both semesters. However, there was a marked difference 

in the Expected (B) or odds ratio for both groups of students across both terms, 

depending on whether I used institutional course design quartiles (ICDQ) or course 

grade center use as the covariate interaction effect with student Bb activity. For 

example, the ICDQ * Bb activity interaction effect never produced an odds ratio 

higher than 1.009, which translates into little more than 1 times the likelihood of 

earning a C or better final grade (essentially, a 50/50 chance). By contrast, the odds 

ratio for the grade center use * Bb activity interaction effect was no less than a 1.571 

(for transfers in Spring 2014) and reached a high of 2.455 (for freshmen in Spring 

2014). This means that selected subsets of my sample of students had a 1.6 to 2.5 

times chance of earning a C or better after controlling for other demographic and 

academic variables. The combined, full models with all controls are available in table 

39. 



 

 146 
 

Based on these findings, I used the same approach for my binary logistic 

regression of 2.0 or higher term GPA. Specifically, I did not regress each institutional 

course design quartile (ICDQ) or grade center use separately. Instead, I used the 

combined covariates of ICDQ*Bb activity and grade center use*Bb activity, and 

simultaneously controlled for demographic and academic variables. 

As seen in tables 40 and 41, the resulting models for 2.0 or better term GPA 

included a wider range of fluctuations than the C or better final grade models. For 

example, all four of the freshmen models – for both ICDQ*Bb activity and grade 

center use*Bb activity covariate interaction effects, and across both semesters – were 

statistically significant (p < .001) and recorded the highest amount of explained 

variance in 2.0 term GPA attainment: .231 (23.1%) for both models in Fall 2013, and 

.249 (24.9%) and .247 (24.7%) for models 3 and 4, respectively in Spring 2014. Also, 

the expected (B) or odds ratio for freshmen under the grade center * Bb activity 

covariate models was 2.610 and 3.504 for Fall 2013 and Spring 2014, respectively. 

This means freshmen were 2.6 to 3.5 times more likely to earn a 2.0 term GPA in 

their Bb courses that used the grade center. By contrast, the institutional course 

design quartile (ICDQ) * Bb activity covariates model remained essentially the same 

as the C or better findings: 1.010 in all but one of the four models (1.014 in the 

freshmen model 3 for Spring 2014). 

However, only two of the eight full covariate models with all demographic 

and academic controls exceeded the p >.05 ideal for the Hosmer & Lemeshow 

“goodness of fit” test. These were the freshmen model 3 (ICDQ * Bb activity) 

covariates for Fall 2013 with a .082 “model fit” and R2 =.231 (23.1%) of explained 
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variance in student outcome, and the transfer model 4 (grade center * Bb activity) 

covariates for Spring 2014 with a .166 “model fit” and R2 =.166 (16.6%) of explained 

variance in student outcome. Similar to the C or better models, all combined covariate 

interaction effect models for 2.0 or better term GPA are available in table 42 below. 

Based on these results, it would be fair to say that the impact of course design 

on student academic outcome was more consistent and predictable for understanding 

C or better final grades than it was for 2.0 or higher term GPA. The reader may recall 

this was similar to the findings from research question 2, when student Bb activity 

was more impactful on final course grades than term GPA, which may 

understandably depend on many other factors beyond the scope of my current study.  

Finally, certain trends with demographic and academic control variables are 

worth noting: 

• Female freshmen and transfer students were 1.4 times more likely to earn a 2.0 

term GPA in Fall 2013; in Spring 2014, a slight gap emerged between freshmen 

(1.8) vs. transfers (1.3). 

• Similar to the C or better models, controls for Asian were statistically significant 

for both groups across both semesters, but the impact never exceed .713. 

• Controls for Black students were significant only for transfer students across both 

terms, but impact was even smaller than Asian students (OR < .685). 

• HS GPA was significant for both groups of students in Fall 2013, but the impact 

was greatest for freshmen under both of the institutional course design quartile 

(ICDQ) * Bb activity and grade center use * Bb activity covariate interactions 

(OR = 2.751 and 2.774, respectively). In Spring 2014, HS GPA was significant 
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for freshmen only, and had a similar impact under both covariate models (OR 

=2.280 and 2.303, respectively). 

• SAT was not significant at all for freshmen and transfers in Fall 2013, but was so 

for both groups in Spring 2014, with an OR ranging between 1.193 (transfer 

model 4) and 1.398 (freshmen model 3). 

• As has been the case in nearly all regression models in this study, controls for 

students from the College of Arts, Humanities and Social Studies (CAHSS), the 

largest college at UMBC, were statistically significant (p < .001) for both groups 

of students across terms. The odds ratio ranged from 1.634 (transfer model 4 in 

Fall 2013) to 2.362 (freshmen model 3 in Spring 2014). In retrospect, CAHSS 

status should have just been included in the constant. 

• Oddly, the constant (which includes white males) was not statistically significant 

for freshmen under either covariates, interaction model in Spring 2014. 
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Model 1 2 3 (covariate a*c) 4 (covariate b*c) 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

ICDQ (a) .972*** .985***             

GC Used 
(b)    .442***  .486***          

Bb Use 
(c) 2.878*** 1.614*** 2.594***  2.317***          

Covariate       1.008*** 1.008*** 2.425*** 2.336*** 

Female         1.359***  1.098 1.361*** 1.103 

Asian         .806*  .778 .813* .782 

Black         1.208  .631*** 1.209 .622*** 

Hispanic         1.075  .822 1.078 .817 

Unspec.         1.216  .764 1.218 .758 

Other         .640**  1.023 .635*** .999 

Age         1.005 .996 .998 .996 

Pell         .961  .978  .967 .986 

HS GPA         1.780***  1.327***  1.771*** 1.310*** 

SAT         1.297***  1.030  1.298*** 1.032 

CAHSS 
+     2.093*** 1.954*** 2.050*** 1.882*** 

Constant 56.521*** 13.981*** 10.049*** 8.483*** 3.568 4.530*** 3.834 4.381*** 

Predict 
% 84.4 80.4 83.7 81.9 83.9 81.9 83.8 81.9 

Model 
Fit .000 .000 .000 .000 .136 .196 .797 .915 

Nag. R2 .127 .036 .067 .055 .156 .082 .164 .085 

*** = p < .001, ** = p < .01, * = p < .05, + = College of Arts, Hum. & Soc. Sci. (largest at UMBC) 

Table 37: Binary logistic regression: covariate models >=C final grades, FA13 
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Model 1 2 3 (covariate a*c) 4 (covariate b*c) 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

ICDQ (a) .992*** .991***             

GC Used 
(b)    .315***  .487***          

Bb Use 
(c) 2.296*** 2.142*** 2.580***  1.581***          

Covariate       1.009*** 1.004*** 2.455*** 1.571*** 

Female         .972  1.182* .974 1.182* 

Asian         .736**  .693** .753** .692** 

Black         .998  .804 1.008 .802*** 

Hispanic         .921  .881 .899 .882* 

Unspec.         .817  1.179 .795 1.172 

Other         .609***  .694* .589*** .695* 

Age         .977 .993 .981 .993 

Pell         1.042  .895  1.035 .897 

HS GPA         1.663***  1.019  1.654*** 1.026 

SAT         .713***  1.219**  .712*** 1.211** 

CAHSS 
+     1.328*** 1.827*** 1.340*** 1.823*** 

Constant 10.444*** 10.065*** 12.502*** 6.766*** 8.216** 3.981*** 7.182* 3.843*** 

Predict 
% 83.7 81.9 84.5 80.4 84.5 80.4 84.6 80.4 

Model 
Fit .000 .000 .000 .000 .004 .397 .003 .721 

Nag. R2 .053 .043 .107 .037 .137 .063 .143 .064 

*** = p < .001, ** = p < .01, * = p < .05, + = College of Arts, Hum. & Soc. Sci. (largest at UMBC) 

Table 38: Binary logistic regression covariate models >=C final grades, SP14 
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Model 1 (covariate a*c) 

FA2013 
2 (covariate b*c) 

FA2013 
3 (covariate a*c) 

SP2014 
4 (covariate b*c) 

SP2014 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr.  
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

ICDQ (a)                 

GC Used 
(b)                  

Bb Use 
(c)                 

Covariate 1.008*** 1.008*** 2.425*** 2.336*** 1.009*** 1.004*** 2.455*** 1.571*** 

Female 1.359***  1.098 1.361*** 1.103 .972  1.182* .974 1.182* 

Asian .806*  .778 .813* .782 .736**  .693** .753** .692** 

Black 1.208  .631*** 1.209 .622*** .998  .804 1.008 .802*** 

Hispanic 1.075  .822 1.078 .817 .921  .881 .899 .882* 

Unspec. 1.216  .764 1.218 .758 .817  1.179 .795 1.172 

Other .640**  1.023 .635*** .999 .609***  .694* .589*** .695* 

Age 1.005 .996 .998 .996 .977 .993 .981 .993 

Pell .961  .978  .967 .986 1.042  .895  1.035 .897 

HS GPA 1.780***  1.327***  1.771*** 1.310*** 1.663***  1.019  1.654*** 1.026 

SAT 1.297***  1.030  1.298*** 1.032 .713***  1.219**  .712*** 1.211** 

CAHSS 
+ 2.093*** 1.954*** 2.050*** 1.882*** 1.328*** 1.827*** 1.340*** 1.823*** 

Constant 3.568 4.530*** 3.834 4.381*** 8.216** 3.981*** 7.182* 3.843*** 

Predict 
% 83.9 81.9 83.8 81.9 84.5 80.4 84.6 80.4 

Model 
Fit .136 .196 .797 .915 .004 .397 .003 .721 

Nag. R2 .156 .082 .164 .085 .137 .063 .143 .064 

*** = p < .001, ** = p < .01, * = p < .05, + = College of Arts, Hum. & Soc. Sci. (largest at UMBC) 

Table 39: Binary logistic regression covariate models >=C final grades, AY13-14 
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Model 1 2 3 (covariate a*c) 4 (covariate b*c) 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

ICDQ (a) .985*** .988***             

GC Used 
(b)    .498***  .609***          

Bb Use 
(c) 3.161*** 2.011*** 2.992***  1.956***          

Covariate       1.010*** 1.010*** 2.610*** 2.286*** 

Female         1.497***  1.419** 1.494*** 1.417*** 

Asian         .464***  .637** .474*** .655** 

Black         1.209  .613*** 1.262 .616*** 

Hispanic         .683  .683* .673 .685* 

Unspec.         .828  .929 .828 .927 

Other         .407***  .776 .406*** .776 

Age         .957 .982* .963 .983 

Pell         .791* .823  .779* .831 

HS GPA         2.751***  1.192*  2.774*** 1.199* 

SAT         .929 1.072  .923 1.054 

CAHSS 
+     1.677*** 1.746*** 1.634*** 1.683*** 

Constant 34.486*** 19.664*** 16.445*** 10.193*** 28.420*** 9.854*** 25.211*** 9.407*** 

Predict 
% 90.4 87.4 90.4 87.4 90.6 87.4 90.6 87.4 

Model 
Fit .000 .006 .000 .001 .082 .000 .009 .042 

Nag. R2 .060 .032 .055 .028 .231 .069 .231 .063 

*** = p < .001, ** = p < .01, * = p < .05, + = College of Arts, Hum. & Soc. Sci. (largest at UMBC) 

Table 40: Binary logistic regression covariate models >=2.0 term GPA, FA13 
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Model 1 2 3 (covariate a*c) 4 (covariate b*c) 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

ICDQ (a) .988*** .992***             

GC Used 
(b)    .537***  .594***          

Bb Use 
(c) 3.132*** 1.949*** 3.085***  1.986***          

Covariate       1.014*** 1.010*** 3.504*** 2.467*** 

Female         1.803***  1.288** 1.835*** 1.291*** 

Asian         .552***  .703* .572*** .713** 

Black         .800  .377*** .836 .379*** 

Hispanic         1.011  .730 1.020 .726 

Unspec.         .776 1.143 .809 1.143 

Other         .455***  .645* .468*** .643* 

Age         1.006 1.022 1.004 1.022* 

Pell         .906 .874  .905 .871 

HS GPA         2.280***  1.128  2.303*** 1.119 

SAT         1.398*** 1.200** 1.389*** 1.193* 

CAHSS 
+     2.362*** 1.746*** 2.212*** 1.847*** 

Constant 16.573*** 11.136*** 9.476** 8.684*** 4.796 3.838*** 4.578 3.725*** 

Predict 
% 83.8 84.3 83.8 84.3 84.3 84.5 84.3 84.3 

Model 
Fit .005 .000 .000 .000 .001 .017 .000 .166 

Nag. R2 .055 .023 .053 .026 .249 .099 .247 .096 

*** = p < .001, ** = p < .01, * = p < .05, + = College of Arts, Hum. & Soc. Sci. (largest at UMBC) 

Table 41: Binary logistic regression covariate models >=2.0 term GPA, SP14 
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Model 1 (covariate a*c) 

FA2013 
2 (covariate b*c) 

FA2013 
3 (covariate a*c) 

SP2014 
4 (covariate b*c) 

SP2014 
Admit 
Type 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr.  
Exp(B) 

Fr.  
Exp(B) 

Tr. 
Exp(B) 

Fr. 
Exp(B) 

Tr. 
Exp(B) 

ICDQ (a)                 

GC Used 
(b)                  

Bb Use 
(c)                 

Covariate 1.010*** 1.010*** 2.610*** 2.286*** 1.014*** 1.010*** 3.504*** 2.467*** 

Female 1.497***  1.419** 1.494*** 1.417*** 1.803***  1.288** 1.835*** 1.291*** 

Asian .464***  .637** .474*** .655** .552***  .703* .572*** .713** 

Black 1.209  .613*** 1.262 .616*** .800  .377*** .836 .379*** 

Hispanic .683  .683* .673 .685* 1.011  .730 1.020 .726 

Unspec. .828  .929 .828 .927 .776 1.143 .809 1.143 

Other .407***  .776 .406*** .776 .455***  .645* .468*** .643* 

Age .957 .982* .963 .983 1.006 1.022 1.004 1.022* 

Pell .791* .823  .779* .831 .906 .874  .905 .871 

HS GPA 2.751***  1.192*  2.774*** 1.199* 2.280***  1.128  2.303*** 1.119 

SAT .929 1.072  .923 1.054 1.398*** 1.200** 1.389*** 1.193* 

CAHSS 
+ 1.677*** 1.746*** 1.634*** 1.683*** 2.362*** 1.746*** 2.212*** 1.847*** 

Constant 28.420*** 9.854*** 25.211*** 9.407*** 4.796 3.838*** 4.578 3.725*** 

Predict 
% 90.6 87.4 90.6 87.4 84.3 84.5 84.3 84.3 

Model 
Fit .082 .000 .009 .042 .001 .017 .000 .166 

Nag. R2 .231 .069 .231 .063 .249 .099 .247 .096 

*** = p < .001, ** = p < .01, * = p < .05, + = College of Arts, Hum. & Soc. Sci. (largest at UMBC) 

Table 42: Binary logistic regression covariate models >=2.0 term GPA, AY13-14 
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Chapter 5:  Discussion 

Introduction 

I began this dissertation by framing it as a simple question I could not answer 

more than a decade ago: does Blackboard make a difference? After 15 years of using 

Bb at UMBC, including the last seven reflecting on and researching an answer for 

this study, I believe it does, but perhaps in ways we might not see or leverage without 

the benefit of analytics. While others may debate if there is a significant difference 

between online and face-to-face learning, the fact is one leaves an observable data 

trail we can study, making “classroom walls that talk” about who’s engaged during a 

given term, when there is time to intervene with students who are not.  

What might such interventions look like? While the data trail of online 

learning might lead us to disengaged students, I believe the online interface itself can 

also help serve as the basis of a scalable intervention, by showing students their own 

activity data trail compared to an anonymous summary of course peers. This is an 

online manifestation of the discrepancy between how we see ourselves compared to 

others that Zimmerman says is key to self-regulated learning: we may become aware 

that someone else appears to know, understand or be able to do something we cannot. 

Motivation to learn occurs if we decide we want to close that gap. Or perhaps our 

position of role model is affirmed. Regardless, the plausibility of a model or exemplar 

is also key to Bandura’s path toward self-efficacy, by identifying a standard and – if 

we are observant – a process we can emulate to achieve it. Of course, this all depends 

on a growth mindset, as described by Dweck, that intelligence is not fixed, but can be 

developed with hard work and mastery learning, if we are willing to try.   
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Additionally, if we are willing to accept online activity as a proxy for student 

engagement, I believe we can identify, assess, support, promote and reverse-engineer 

effective course designs that help. Online student activity is not a measure of course 

quality, per se, but identifying variations in the average student activity across LMS 

courses could be a first, narrowing step toward a more focused, qualitative 

examination of course design and instructor pedagogy. We might even be able to 

apply effective pedagogical practices to redesign other courses, and compare student-

learning outcomes before and after the changes in practice in one course or many. 

Finally, it is important to clarify a key term in my dissertation title: Using 

analytics to encourage student responsibility for learning is different than claiming to 

improve it.  Originally, I had wanted to use Thaler and Sunstein’s (2008) use of the 

term “nudge” (after their book of the same name) in place of “encourage,” but 

thought this might raise more questions than it answered. As operational definitions, 

however, both “nudge” and “encourage” reflect a key distinction that “improving” 

does not: using analytics might fail to bring about the desired effect of students taking 

responsibility for learning. 

Indeed, this potential “failure” of analytics is key to understanding my use of 

the term “student responsibility for learning,” which is intentionally taken from 

Tinto’s own work that informed my own (see p. 20 of my dissertation): 

In his seminal work, Leaving college: Rethinking the causes and cures of student 
attrition, Vincent Tinto (1993) says institutions cannot “absolve” students from 
“at least partial responsibility for their own education.” 
 

To do so denies both the right of the individual to refuse education and the 
right of the institution to be selective in its judgments as to who should be 
further educated. More importantly, it runs counter to the essential notion that 
effective education requires that individuals take responsibility for their own 
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learning. (p. 144) 
 
In short, responsibility for learning is what makes a person a student and not a 

customer, but I believe “failure” is a viable outcome in Tinto’s view. How else can 

one interpret his assertion of an individual’s right to “refuse education” or an 

institution “to be selective in its judgments as to who should be further educated”?  

Apart from the invaluable lessons learned from failure, any operational definition of 

education – or methodology proposed to improve it – that does not conceptualize 

failure as a viable outcome, is not really being true to the scientific method. If we 

cannot conceive of a null hypothesis (e.g., students failing to learn or take 

responsibility for doing so), then we certainly will not operationalize or test for it.  

Fundamentally, part of what it means to be educated is receiving or (better 

yet) seeking out an accurate understanding of what we currently know, understand or 

can do. This is a clarifying or judgment role that the institution plays through its 

agents such as instructors, courses and (I would argue) digital learning environments 

like an online LMS inhabited by peers, who can also shine light on what we lack. 

Once a gap in our abilities is apparent, however, I believe responsibility for closing it 

lies primarily with the student. In short, student responsibility for learning implies 

both an ability to self-judge and an obligation to act on what we find wanting about 

ourselves, particularly if compared to a peer or subject matter expert with greater 

demonstrable abilities we desire for ourselves. 

With this in mind, I offer the following summary of my research findings, 

suggest possible implications and recommendations, identify the limitations to my 
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research warranting further study, and conclude by proposing how this work makes a 

significant contribution to the literature and evolving practice of learning analytics. 

 

Summary of Findings 

Based on the results presented in Chapter 4, a reasonable summary would 

include the following, which I have organized by my research questions: 

RQ1: How prevalent is Blackboard use at UMBC? 

For the purposes of this study, Blackboard usage was minimally defined as 1) 

faculty intentionally making a course available to students who 2) accrue logged 

activity such as accesses (logins), interactions (hits) and duration (minutes) across 

three broad course design categories of content, tools and assessments. As such, 

during academic year 2013-14, Blackboard was widely used by UMBC students 

generally, and by my sample of 2,696 full-time freshmen and transfer students, 

specifically. The campus-wide trend for all Bb usage for both Fall 2013 and Spring 

2014 was 96% of all students, 87% of all faculty and 82% of all course sections used 

Blackboard. A similar pattern emerged from my sample as 99% of students, 87% of 

all their instructors and 91% of all their course sections used at least one Bb LMS 

site. 

 

RQ2: How does student LMS use relate to academic performance? 

Students who perform well academically in courses and a given term overall, 

show a higher, statistically significant (p < .001) use of Bb compared to peers who do 

not perform as well. Specifically, after controlling for other factors such as gender, 
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race, age, Pell eligibility, academic preparation and admit type, students were 1.5 to 2 

times more likely to earn a C or better in Fall 2013 and Spring 2014, respectively. 

Similarly, students were 2.4 to 2.9 times more likely to earn a 2.0 term GPA in Fall 

2013 and Spring 2014, respectively.  Also, while the 2.0 or better term GPA 

regression models explained as much as 25% of the variance in student outcome, it 

should be noted that more of C or better final grade models for both groups across 

both terms exceeded the ideal model fit of .05 or higher. 

 

RQ3: How does feedback about LMS use relate to academic performance? 

While used by about 54% of the 2,696 students in my study sample, UMBC’s 

homegrown Check My Activity (CMA) feedback tool was positively correlated with 

students earning a C or better final grade or 2.0 or higher term GPA. However, while 

CMA usage was statistically significant (p <.001), it was not particularly impactful 

after controlling for other variables. Specifically, students using the CMA were about 

1.5 times more likely to earn a C or better final grade or 2.0 or better term GPA 

compared to peers who did not use the CMA. In addition, there was no significant 

difference in the likelihood of earning a C or better final grade or 2.0 term GPA based 

on the amount of CMA usage. 

  

RQ4: How does course design relate to student use of the LMS and feedback tools? 

Generally, students were much more active in Bb courses intentionally 

designed to use a wider array of Bb functionality. Specifically, after controlling for 

demographic and academic factors, about 25% of student variation in Bb use could be 
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explained by a weighted, quartile ranking of Bb course design across three broad 

categories of content, tools and assessments. Also, instructor use of the course grade 

center alone accounted for about 30% of the variation in student Bb activity. 

However, results were not as strong for student use of the CMA feedback tool based 

on the same Bb course design quartile ranking or instructor grade center use. 

Specifically, models that included the institutional course design quartile indicator 

and grade center use, as well as other demographic and academic controls, explained 

no more than 2% of the variance in CMA. In fact, institutional course design was 

significant in only 1 of the 12 models that included it, while grade center use was 

significant in 6 of 12 models, and nearly always for transfers. Note: Students can see 

a general pattern of their activity in all courses, without clicking on any of them, 

simply by hovering over the main Bb login icon in the campus portal, before actually 

logging in. However, at the time of this study, there was no way to track the data for 

this act of hovering vs. clicking, let alone how long students might spend on the CMA 

dashboard doing anything besides clicking a link to log into their Bb courses. 

 

RQ5: How does course design relate to student academic performance? 

Generally, there was a statistically significant relationship between course 

design quartile ranking or grade center use and students who perform well in a course 

and during a given term. However, both bivariate correlations and logistic regression 

suggested the impact was greater for lower course design quartiles or non-use of the 

grade center, which was not expected given findings for the prior research question 

findings summarized above. For example, if student Blackboard use was significantly 
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correlated with student academic outcomes (RQ2) and course design was 

significantly correlated with student Blackboard use (RQ4), how could higher course 

design quartiles be less impactful on student academic outcomes?  

Suspecting an interaction effect, I looked at academic outcome based on an 

interaction effect between student Bb activity and course design or grade center use. 

After controlling for other demographic and academic factors, the combined Bb 

activity and course design covariate was statistically significant, helped account for 

about 15% of the variance C or better final grades for freshmen and about 7% for 

transfers, and resulted in both groups being about 1 times more likely in achieving the 

desired outcome. Grade center use alone was 2 times more impactful on final grades, 

but more so for freshmen than transfers. Essentially, the combined covariate had the 

same impact on students earning a 2.0 or better term GPA, and even explained up to 

25% of the variance in student attainment of the outcome, but the model fit was 

significant in only two of the four models. Interestingly, in terms of student final 

grades and term GPA, faculty use of the grade center was no worse – and sometimes 

even better – than the institutional course design quartile ranking.  

 

Differences in Outcome by Student Admit Type, Gender and Race 

 Across all of my research findings, it is worth noting consistent differences in 

outcome based on student admit type, gender and race. Specifically, freshmen were 

nearly always more likely than transfer students to achieve the desired outcome of C 

or better final grade or 2.0 or better term GPA. And within each of these admit types, 

females were typically more successful than males. In fact, other than students from 
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the College of Arts, Humanities and Social Sciences (CAHSS), which was always 

significant and impactful for all outcomes, and thus could have been added to the 

constant, the greatest impact of the CMA feedback tool occurred among females 

earning a 2.0 term GPA, reaching an Expected (B) coefficient or odds ratio (OR) of 

1.808** and 1.428*** for freshmen and transfer students respectively. This means 

females from both groups were at least 1.4 times more likely than males to earn a 2.0 

or better term GPA. A similar odds ratio of 1.4 emerged among females for the 

interaction effect of LMS activity and course design on 2.0 or better term GPA. Like 

admit type and gender, race was often statistically significant (typically p < .001), but 

not particularly impactful as determined by an odds ratio (OR) of less than 1.0 

(basically a 50/50 chance).  Finally, across all of these groups of students, outcomes 

were often, but not always, stronger in Fall 2013 than Spring 2014. 

Implications & Recommendations 

While there are several implications that come to mind as a result of this 

study, three stand out with related recommendations: 1) The LMS can be a real-time 

indicator of student effort, if not engagement; 2) Refining interventions requires as 

much effort as predictions, and 3) course redesign may be the most scalable form 

intervention. I will address each of these in the sections that follow. 

 

LMS as Proxy for Student Effort AND Engagement 

Initially, I was reluctant to attempt replicating prior quantitative studies of the 

learning management system (LMS) because others had done so already. Also, I felt 

the effort would reinforce a tendency in the field generally: focusing more on 
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perfecting predictions perhaps at the expense of implementing and refining 

reasonably good interventions. If I wanted to answer Dr. Johnson’s “does Bb make a 

difference?” question to me in 2003, I needed to find a way to study the impact of 

technology as intervention (not just prediction). That turned out to be easier said than 

done. Finally, I see myself more as a practitioner supporting faculty use of 

instructional technology than as an educational researcher or analyst. As such, I 

needed to not only use quantitative methods, but also be willing to share my results 

with others whose experience, expertise and likely day-to-day existence is much 

different than my own. 

Despite my initial concerns about a quantitative-only study and based on the 

results of my own attempt, I am persuaded that a statistically significant relationship 

does exist between student success as defined by grades and student effort as defined 

by activity in the campus learning management system (LMS). I would even go so far 

as to say that the LMS can and should be viewed – by both faculty and students – as 

at least a proxy for effort, if not attention and actual engagement. In fact, among 

many examples, the Oxford English Dictionary defines proxy as “the action of a 

substitute or deputy” or “agency of another” and from science and economics “a 

variable that can be used as an indirect estimate of another variable with which it is 

correlated; (more generally) a property used as an estimate or indicator of another 

with which it is associated” (“proxy, n.,” n.d.) 

Yet, why does using the LMS as a proxy for student engagement make us so 

uncomfortable? If I were to say that students going to a face-to-face class perform 

better academically than students who do not, nobody would bat an eye. Some would 
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even call attending and/or participating in class a proxy for student engagement. But 

why do we blanche at viewing online course access, interaction or duration in the 

same way? Whether attending a face-to-face (F2F) class or attending to assignment 

links or participating in an online discussion, each of these activities reflect student 

attention, which has as its root the word “attend.” If classroom walls could talk, they 

would tell us who shows up, who engages and who does not. Why should 

interrogating the data trail from an online classroom environment be viewed any 

differently? If the argument against the LMS as proxy is that faculty use online tools 

in very different ways, is this not also true of a primarily F2F classroom and 

instructional pedagogy? 

If the field of learning analytics is to mature into something that adds value to 

the challenge of designing scalable institutional interventions to improve student 

awareness, motivation, performance and eventual success, then it needs to move 

beyond an obsessive perfecting of predictions merely to establish the LMS (or any 

instructional technology) as a variable worthy of consideration. 

As a result, given how widespread LMS use is in higher education, if colleges 

and universities are not also treating the LMS as a proxy for student effort, they are at 

risk of missing an opportunity to use and view the tool as more than the content 

distribution tool it has become and the real-time indicator of student engagement it 

can be. If schools are not persuaded of this “reflector” relationship between online 

tools and student use of them, then they should pursue their own analysis to contest 

the growing evidence suggesting otherwise. If they are, then they should find ways to 

reflect this back to users, minimally to instructors, but ideally also to students who 
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might then be encouraged or nudged to take more responsibility for their own 

learning. In this way, we can also begin to rebalance our finite resources and energy 

for analysis more toward evaluating and disseminating the actual evidence of an 

intervention’s impact. 

Refining Scalable Interventions Deserves as Much Effort as Predictions 

Despite my conviction that LMS activity can be a proxy for student 

engagement, based on my own results, it is fair to question if feedback to students 

about their LMS activity alone – through the Check My Activity (CMA) feedback 

tool – is an effective intervention. If only to address the need for scalable 

interventions that nudge students to take more responsibility for their own learning, I 

had hoped the CMA might be more impactful than turned out to be the case.  

However, if I were testing a predictive model, getting poor initial results 

would simply motivate me to adjust the model until I was persuaded it had reached 

optimal refinement and effectiveness. The same should be true for evaluating 

interventions. No matter how confident I might be in a prediction, the real challenge 

is figuring out how best to present it to struggling students in a way that motivates 

them to seek or accept the finite resources for help that most schools are all too 

willing to provide, if only they can be targeted to the students most likely to benefit. 

To get to this stage, however, students have to take ownership of their weaknesses 

and believe that focused, concerted effort will lead to a change in their proficiency 

with concepts or procedures that demonstrate mastery. This is self-efficacy, a belief in 

one's ability or likelihood to complete a task (Bandura, 1997; Choi, 2005; Hsieh et al., 

2007; Miller, 2002; Tinto, 1993). 
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Toward this end, I think the UMBC Check My Activity (CMA) feedback tool 

to students currently lacks enough specificity to motivate a change in behavior. To be 

sure, some students (like faculty) may simply not be persuaded that there is a 

relationship between LMS effort and academic performance. I would like to work 

more on disseminating this insight in a way that resonates with students. However, 

one thing that would help is to have more instructors use the grade center so students 

can compare their effort with peers earning the same, higher or lower grade on any 

assignment. With only 70 percent of courses typically using the grade center during 

any semester, this becomes a proverbial chicken and the egg problem.  

While my current findings do not yet support that feedback about LMS 

activity can lead to a change in student performance, I have seen nothing to suggest 

that doing so causes any harm. As such, I would like to see other schools refine or 

extend the idea of sharing student data with students themselves as they conceptualize 

and implement analytics-based interventions. 

 

Course Design as Scalable Institutional Intervention 

Based on my findings thus far, if one is willing to accept that there is a 

quantifiable, statistically significant relationship between higher grades and higher 

LMS usage, and that higher LMS usage is related to effective course design based on 

an LMS course design ranking scheme, then it stands to reason that course redesign 

may be the most scalable form of institutional intervention. If so, one way to facilitate 

this awareness among faculty may be through leveraging the same peer feedback 

mechanism we have attempted in the Check My Activity (CMA) feedback tool to 

students. 
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For example, in academic year 2014-15 (the year after the period of time for 

this current study), we essentially gave faculty access to the CMA, but showed them a 

ranking or status bar of how active their own courses were in overall student activity 

compared to other courses in the same discipline or department. Students have always 

been able to see this, to help provide context. But by showing it to faculty as well, we 

have tried to leverage a single interface in a simple, clean and parsimonious way that 

helps both parties understand the relationship between their individual effort and a 

course’s overall use of the LMS itself.  

Anecdotally, I have heard from a handful of faculty who noticed when we 

added their course’s overall student activity ranking to their view of the CMA. They 

were intrigued and did not have a problem with it, but I also have not followed up to 

probe their use and promote the faculty CMA further. However, I can say that this 

initial, albeit small sample of interest mirrors the interest I saw in our homegrown 

ranking of Bb courses by discipline that we used to maintain before switching to 

Blackboard’s own Analytics for Learn (A4L) in 2012. On more than one occasion, 

faculty would tell me that they relayed (bragged about?) their ranking in departmental 

meetings, especially if they scored the top ranking in their department or for all Bb 

courses across the institution – or both. In short, a little good-natured competition 

among peers may have done more to uncover effective course design practices than I 

could ever do as an IT administrator. 

For example, in 2007, not long after we developed our homegrown ranking of 

Blackboard courses based on student activity – not course quality or instructor 

delivery – I used the Blackboard activity data to identify and promote potentially 
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effective course design practices. On one memorable occasion, I interviewed two 

instructors from the same department for a short screencast demo and podcast I sent 

out to all faculty as part of our back to school preparations. The first faculty member 

had a novel approach to managing discussions: Instead of hunting, gathering and 

grading evidence of student participation in the online discussion board, she turned 

this into a participation portfolio that required students to do so. Based on a simple 

rubric she developed that defined a good post and reply, students copied and pasted 3 

to 5 examples of their best online discussion citizenship over several 2-3 week 

periods during the semester. As a result, students quickly realized that in order to 

capture a good reply from others, they had to give a good one first. In other words, 

they began to implement and self-regulate the “you scratch my back and I’ll scratch 

yours” adage. Consequently, the online discussion board activity skyrocketed which 

is what caught my attention when I first noticed her course’s activity compared to 

others in the same department. 38 

Interestingly, when we completed the recorded interview and screencast of how 

she used the online discussion portfolio in Blackboard, her departmental colleague 

turned to her and said: “I had no idea you were doing this. Can we have lunch to 

discuss further?” That’s when I realized shining light on faculty LMS usage could 

help broker and facilitate a discussion among colleagues. Why can’t a faculty version 

of the CMA help do the same thing?  

Finally, in summer of 2015, when our myUMBC campus portal developed a 

“profile sharing” function, and the ability to login with Facebook or Google, we 
                                                
 
38 We now promote the online discussion “participation portfolio” as one of our effective hybrid 
learning practices. See http://doit.umbc.edu/itnm/managing-discussions/  
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included the CMA so that students could share their CMA profile with parents or 

anyone with a valid portal login. To be clear, the student always controls if and how 

much of their profile they want to allow others to see, including the CMA, but early 

reviews from parent orientation meetings have been overwhelmingly positive. It has 

not hurt that UMBC’s vice provost for enrollment management – and mother of an 

incoming UMBC freshmen – runs these parent orientations and has shared her 

experiences: “Accessing my son’s CMA is better than grades, which are final and 

can’t change,” says Yvette Mozie-Ross. “But with the CMA, it allows us to have an 

informed discussion of how engaged he is in his classes, and discuss changes he 

might need to make or how and where to get help. As a parent, I appreciate the 

insight the CMA affords as he takes these initial steps on his own.”  

While some may understandably question if the CMA should be expanded to 

faculty and parents when its effectiveness for students is still to be determined, this is 

an iterative luxury I have as a practitioner to follow my instincts for developing or 

improving a digital environment that gives students better insight into and support of 

their own efforts. I realize many researchers and practitioners may not have such an 

intervention laboratory with which to experiment, but my hope is that by risking and 

sharing lessons learned, others may be inspired to initiate their own interventions or 

constructively critique ours, so that collectively we can evolve our own practice of 

what constitutes good IT support of teaching and learning. 

Limitations & Future Research 

In this section I describe the limitations to my current study that might warrant 

future research. These include 1) adjusting my quantitative methodology, 2) exploring 
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the role faculty development can play in motivating a change in course design and 3) 

adding a complementary qualitative analysis. 

Changes to Current Quantitative Methodology 

First, as mentioned previously, the Check My Activity (CMA) feedback tool 

for students was not as impactful on student academic performance as I had hoped. 

While I’ve described some recent and future changes in functionality, one change that 

is needed is measurement of the CMA usage data itself. For example, while students 

can compare their activity to peers in courses, and even click on grade comparison 

reports – if the instructor posts grades online – I was not able to measure the mere act 

of viewing or hovering over the main CMA dashboard just before students log into 

their Blackboard courses. In web design terms, merely viewing a page or hovering 

over embedded links to related pages (or course links in the CMA) does not generate 

a record in the CMA usage log files. Consequently, the quantitative methodology 

used in this study had no data to assess the impact, if any, of the CMA’s homepage 

itself that provides a big picture or “at a glance” view of all courses and a student’s 

activity in them. My assumption is that seeing the big picture of grades and activity in 

all courses may nudge students into a deeper investigation of one or both in a single 

course. However, this current study could not test this hypothesis because I lacked the 

“big picture” data to pursue it. 

 After identifying this limitation, I have worked with the myUMBC campus 

portal architect to first develop an anonymous record of where any user’s mouse 

hovers, stops or proceeds on the CMA dashboard, including how much time the user 

spends on the CMA overall. Doing so anonymously reduces some of the technical 
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challenges of tying such usage data to distinct, named users, but also provides a way 

to test my assumption that users are in fact scanning (if not studying) the CMA 

dashboard before clicking further. If they are, then we can invest the time and effort 

to instrument the CMA dashboard usage and add this data to the existing data about 

user clicks on course-specific links on which I have based my current quantitative 

methodology to correlate with final grades and term GPA. 

 Second, as mentioned in my methodology Chapter 3, hierarchical linear 

modeling (HLM) might have complemented my use of logistic regression, by making 

it easier to uncover and assess the nested or one-to-many structure of my data, such as 

distinct students earning grades in multiple courses in multiple departments and 

colleges during a semester. Indeed, my aggregation of course grades and LMS 

activity data, and use of a campus ID as unique identifier for a break variable, 

required some nimble manipulation in SPSS, the statistical software I used for my 

analysis.  While no other LMS-based analytics studies I found used HLM – they all 

used logistic regression – given my inconclusive findings for the CMA in particular 

and my operationalization of course design as an independent variable, I am intrigued 

that deeper insights might be found using HLM. My only practical limitation for 

doing so in the current study was that SPSS does not currently provide a way to use 

HLM, and given my day job as an IT administrator, I was not in a position to learn 

another statistical package such as SAS or STATA to do so. 

 I am also intrigued with a potentially simpler quantitative method I 

encountered after already committing to logistic regression for the current study. 

During the 2014 Learning Analytics and Knowledge (LAK) conference, I met Tim 
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Rogers from the University of South Australia, who presented an interesting talk and 

short paper called “Modest analytics: Using the index method to identify students at 

risk of failure” (2014). In short, Rogers describes how the Index method is derived 

from "unit weight" analysis and financial forecasting in which you might weight 

certain variables known or expected to predict an outcome and then compare this with 

the actual results. He cites one study that predicted the outcome of U.S. presidential 

elections from 1896 to 2008 based on a weighting of 60 biographical variables for 

candidates and found “the index method fared better than all 3 well-established 

regression approaches it was pitted against. In terms of predicting the vote share of 

the candidates, the index method outperformed all but one regression study, and here 

the difference was marginal” (2014, p. 2)  

Rogers’ main argument, which I find compelling, is that the complexity of 

OLS regression is holding back the learning analytics field (particularly practitioners) 

from implementing interventions based on predictive analytics. Again, I was not able 

to incorporate the index method in the current study, but I think it touches a nerve I've 

sensed in the field: practitioners don't have the statistical expertise to rigorously 

pursue regression, but researchers also don't have easy access to the data practitioners 

do, to study it, let alone do anything with it in terms of designing, implementing and 

evaluating a scalable intervention. 

Finally, my current study would benefit from more of a longitudinal analysis 

beyond one academic year. Recently, some have renewed criticism of the student 

retention and persistence claims of Purdue University’s Course Signals program 

(Feldstein, 2015), which is arguably one of the most innovative, well-known and 
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mature learning analytics-based interventions in higher education. If we really want to 

understand the impact of instructional technology on student learning, the frame of 

reference has to be more than student success defined by grades or term GPA. We 

have to look at student retention, persistence and graduation over multiple semesters 

and academic years. That will require a longer-term cohort analysis than is usually 

found in empirical studies of the LMS or related interventions, my own included. 

Toward this end, we have also been working with Blackboard on an 

“integrated” model of their Analytics for Learn (A4L) product that provides a richer 

data set for analysis for schools that also have their Student analytics module, which 

UMBC does. At the time of this study, we were in the middle of implementing Bb’s 

A4L integrated model. Also, we were shifting from hosting our own instance of the 

Blackboard Learn LMS, to having Blackboard do so on our behalf – and exploring 

how to still be able to extract the data for our analytics research.  

Using a combination of activity and course design to derive a student 

“engagement” indicator, the A4L “integrated model” adds Bb grade center 

performance to create a predictive risk algorithm that is actually reflected in UMBC’s 

full-time freshmen and transfer retention status from Fall 2013 (see figures 10 and 11 

below). Admittedly, one must accept the assumption that student activity in the LMS 

can serve as a proxy for engagement, which I did not feel was sufficiently established 

using Blackboard’s products specifically. 
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 Moving forward, I can see the Bb integrated model becoming a valuable tool 

in studying the long-term impact of an LMS on student retention, persistence and 

graduation. If so, it might also reinforce the value of using the LMS as a real-time 

Figure 10: Bb AFL’s FT Freshmen Predictive Risk Model, FA13 

Figure 11: Bb A4L’s FT Transfer Predictive Risk Model, SP14 
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indicator of student engagement, and tools like the Check My Activity as a scalable, 

student-centered intervention designed to raise their awareness, motivation and 

behavior. 

Faculty Development & Course Design 

In describing self-directed learning, Ambrose et al (2010) suggest that 

“students must learn to assess the demands of a task, evaluate their own knowledge 

and skills, plan their approach, monitor their progress, and adjust their strategies as 

needed” (p. 191). However, instructors also need to be pedagogically ready and 

secure in their own roles as teachers to desire this kind of empowerment for their 

students, let alone seek it out by design.  

For example, Robertson (1999) proposed what is now considered a classic 

model for how faculty beliefs about teaching influence their evolving pedagogical 

practice that includes the following stages: 

• Egocentrism – focusing mainly on their role as teachers; 

• Aliocentrism –focusing mainly on the role of learners; and  

• Systemocentrism – focusing on the shared role of teachers and learners in a 

community. 

If this evolution of thought and practice occurs at all among teachers, 

Robertson identifies telltale signs of the transformation. First, as faculty move from 

one stage to the next, they bring the benefits and biases of the previous stage. Second, 

they typically change their beliefs and practices only when confronted by the 

limitations of a current stage, which is brought about by teaching failures. Finally, the 

desire for certainty, stability and confidence either keeps faculty frozen in a current, 
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status quo framework or drives their progression to the next one in an effort to avoid a 

potentially paralyzing neutral zone: “a familiar teaching routine that they have 

deemed inappropriate and with nothing to replace it” (Robertson, 1999, p. 279). 

Just as Robertson showed how faculty beliefs about teaching influenced their 

practice, Steel (2009) showed how teaching beliefs influenced their perceptions about 

what they believe various instructional technologies will allow them to do. For 

example, using detailed case studies about faculty use of online discussions in an 

LMS, Steel illustrates the creative tensions between how faculty conceptualize 

teaching and how they perceive the affordances of web-based technologies like an 

LMS.  

The velocity of change in the affordances offered by learning technologies 
presents a significant challenge as does the minimal incentives available to 
university teachers to use technologies effectively in their teaching practices. 
(Steel, 2009, p. 417) 
 
Whether faculty like it or not, when they teach online or use online tools as 

supplements in their traditional classrooms, they also become webmasters. As such, 

they need to understand the potential affordances and limitations of web technologies 

as they attempt to express and implement their pedagogical preferences. Steel argues 

that this “reconciliation process” between pedagogical beliefs and rapidly changing 

technology affordances “needs to be incorporated more fully into informal teacher 

development approaches as well as formal programs” (p. 417). 

To me, faculty who are in Robertson’s “neutral zone” between “teaching 

failures” and “nothing to replace [them]” may be ripe for a course design intervention 

based on learning analytics, but only if they are aware of peers who they believe have 

a more effective approach. This is why and how learning analytics may be able to 
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help identify, support, promote and evaluate effective practices and practitioners, to 

serve as a standard by which faculty not only measure themselves, but also point to a 

way forward, by ideally helping students take responsibility for learning. Yes, 

technology may help, but based on the research of Robertson and Steel, it might only 

be able to do so if faculty first believe that it can, enough so as to try or look for peers 

who have done so. Just a students taking responsibility for their learning is the only 

scalable form of learning, so too must faculty take responsibility for “teaching 

failures.” This includes being open to other pedagogical examples and working hard 

to master and implement them, which requires a “growth” mindset that is willing to 

explore, practice, refine and self-assess. 

Complementary Qualitative Research  

Finally, the methodology of this study could be complemented by qualitative 

interviews with students who have improved grades and appear to have used the 

Check My Activity (CMA) feedback tool extensively. The field of human centered 

computing even provides a complementary method known as a “think aloud” 

protocol, in which users are asked to complete a task on a web site and “think out 

loud” while they do so. The main idea, pioneered by Jakob Nielsen (1999), is that a 

handful of users can usually identify a majority of the problems on any web site, so it 

is worth the time and effort to identify and interview them early in the web design 

process. This is called user-centered design. 

In the past, I have wanted to interview students, but have found it difficult to 

identify the ones who might benefit the most let alone assure they would describe 

what they actually do instead of what they think I want to hear. For example, on the 
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Check My Activity (CMA) “more info” page is an optional survey with prominent 

disclaimer that use of the CMA is being tracked so that the tool can be improved for 

current and future students, as afforded to educational administrators like me under 

the Family Educational Rights and Privacy Act (FERPA).39 

 

To be sure, the summary results displayed in figure 13 have been intriguing – 

40% have been surprised by the CMA – and more than 60% of all 170+ respondents 

are female, echoing my own findings about CMA use described above. However, my 

attempts to conduct follow up interviews have been challenging. First, only 30 

students have provided an email address for my follow up interview requests, and 

only three have responded when I do so. In addition, the vast majority of all survey 

respondents self-report their GPA as 3.0 or above. Apart from not being able to easily 

validate student GPAs without them volunteering a unique identifier like a UMBC 

                                                
 
39 See UMBC’s FERPA notification at 
http://www.umbc.edu/ogc/docs/2011%20FERPA%20Notification.pdf  

Figure 12: Check My Activity Opt-In Feedback Survey & FERPA Disclaimer 
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email address, this is not the target audience I want to interview, if I want to 

understand how the CMA helps struggling students. 

 

 

 

Second, even if I have enough evidence to support my selection of such 

potential subjects for follow up interviews, would these struggling students be 

confident enough to tell me if I am wrong – that technology played no role in their 

success – or will they tell me what they think I want to hear?  

To date, however, I have simply not been able to conduct interviews with 

enough struggling students to complement quantitative evidence of the CMA’s 

potential effectiveness. Hence, I have used this quantitative study to begin the 

investigation, but also focused on how the CMA can inform and complement a larger, 

scalable learning analytics intervention such as faculty course re-design.  

Finally, and perhaps more importantly, how might disclosing my knowledge 

of students’ prior academic struggles influence their decision to talk with me about 

their subsequent successes? My Institutional Review Board (IRB) protocol allows for 

Figure 13: Student Perceptions of the CMA 
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the use of deception by omission, by not disclosing to students that I know their 

current grade point average (GPA) or prior grades (see Appendix A). Since students 

know their CMA usage is being tracked to improve the tool, there is justification for 

me to say they have been selected – albeit not randomly – for an interview. However, 

they can still decline, and given the lack of responsiveness from most students 

generally, my prospects for interviews have seemed limited. 

For these reasons, I decided to focus my observation on quantitative data 

alone – for now. While learning analytics could likely help me identify potential 

students for follow up interviews, my primary goal and scope for this study was to 

observe and understand what students have done in the LMS or with related feedback 

tools like the CMA, and not just tell me what they would do if and when I ask them. 

Going forward, I would like to refine and pursue a qualitative approach to 

better understand how and why struggling students in particular do or do not use the 

Blackboard LMS generally and our proprietary Check My Activity (CMA) feedback 

tool specifically. One approach may be to work with trusted advisors or instructors 

who can “vouch” for or at least introduce me to students whose LMS or CMA data 

trail suggests a relationship between their use of these technologies and changes in 

online behavior or academic performance.  

Additionally, if we accept that the CMA has been useful to different types of 

students based on admit type, gender and (to some extent) race, per my summary of 

findings above, then it might be that lack of CMA use could be an early indicator 

about student awareness of their role in the learning process. Just as Bb use may be a 

proxy for engagement, CMA use may be a proxy for student responsibility for 
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learning. I am not willing to make such a claim based on the evidence presented in 

this study, but if we can improve the instrumentation, data collection, analysis and 

qualitative insight described above, I could imagine exploring how the CMA could 

help male, African-American transfer students in particular, a group the university 

has previously identified in our efforts to close the achievement gap.40 This group 

also seemed to get the least out of Bb and CMA usage based on my findings 

described above. Perhaps these students should be more proactively monitored and 

engaged (not just nudged) if they are not using Bb or the CMA earlier in the semester. 

Interdisciplinary Approaches to Analytics 

Before closing out this wish list of future research, I would like to briefly 

describe two promising interdisciplinary lines of inquiry I was not able to fully 

address in the current study, but hope to do so eventually. The first is Thaler and 

Sunstein’s concept of “choice architecture,” which I think could serve as a blueprint 

for integrating human-centered computing and analytics to design and implement 

scalable interventions. The second is Macfadyen and Dawson’s call for a “socio-

technical” approach to analytics that combines quantitative and qualitative evidence 

of impact to “move the heart and head.”  

Choice Architecture 
 

In Thaler and Sunstein's Nudge: Improving decisions about health, wealth, 

and happiness (2008), we learn how institutions and organizations can help people 

make better, more informed choices than they would normally make on their own. 

                                                
 
40 UMBC’s most recent Achievement Gap Report to the University System of Maryland is available at 
http://www.usmd.edu/BORPortal/Materials/2014/EP/20140904/5-UMBCInstAchievementGap.pdf.  
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The process for doing so is called "choice architecture," which is a way of designing 

the environment, interface or information context that influence people’s choices. 

This includes changing what might be a blindly accepted “default” choice to a more 

thoughtfully considered and constructed default that leads people where we think they 

should go. For example, school children can be "nudged" into choosing healthier 

foods at the school cafeteria depending on the sequence and presentation of all foods. 

Put desserts on display first, they'll choose them. But put the fruits and vegetables 

first, and more children will choose them.  

Thaler and Sunstein call their approach "Libertarian Paternalism," two terms 

that work better together than they do alone. Basically, they believe people should be 

free to choose, but that . . .  

It is legitimate for choice architects to try to influence people's behavior in 

order to make their lives longer, healthier and better. . . . In our understanding, 

a policy is paternalistic if it tries to influence choices in a way that will make 

choosers better off -- as judged by themselves (Thaler & Sunstein, 2008, p. 

169). 

Thaler and Sunstein favor policies and practices that are "liberty preserving," 

but also temper this by social science findings that show people don't always make 

good decisions which "they would not have made if they had paid full attention and 

possessed complete information, unlimited cognitive abilities, and complete self 

control” (Thaler & Sunstein, 2008, p. 5) 

They propose an interesting approach to how "choice architecture" might 

work to solve problems in financial models (e.g., comparing credit card rates, 
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selecting a retirement plan, choosing health care, etc.). They call it RECAP (Record, 

Evaluate and Compare Alternative Prices). For example, if you give consumers the 

Annual Percentage Rate (APR) of various credit card offers, and then overlay this 

data with their own, current credit card spending data, they'd be able to see how much 

they would have saved (or spent) by using different cards with different APR, fees, 

repayment schedules, etc. The online insurance company Progressive offers a similar 

approach through its “snapshot” tool to analyze your driving patterns and habits, and 

then get a specific discount based on your behavior after 30 days of use. 

Increasingly, a growing myriad of consumer sites uses some form of “big 

data” dashboard or feedback to help make people more aware of their own behavior 

or choices in relation to the crowd. For example, monthly bills from the electric utility 

company Opower display each customer’s energy consumption compared to the 

average of one’s neighbors (Rahim, 2010). Generally, people who consume more 

than their neighbors begin to come down, however some who consume less end up 

consuming more. Similarly, the online finance site Mint.com lets you compare your 

spending on items like gas and groceries with other, anonymous Mint.com users in 

your city, state or even across the country.  Several fitness sites like Run Keeper, Map 

My Run or My Fitness Pal let you do the same. Angie’s List or even Facebook will 

let you rank service providers by customer satisfaction, online reviews or even ad hoc 

requests for recommendations for a good plumber or handyman.  

Basically, it’s not enough anymore for a vendor to simply advertise their 

service through old-fashioned, one-way mass marketing. Increasingly, consumers are 

expecting to be able to interact with data, either through an overlay of their own data 
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with that of others, or by connecting with trusted sources to help benchmark 

behaviors or proposed goods and services. People want a way to see themselves in the 

context of a larger whole. This is the essence of crowd sourcing.  

Well, what if we replaced "Performance" for "Prices" in an academic 

adaptation of Thaler and Sunstein’s RECAP approach? For example, performance 

could be conceived of as both grades in a course and activity in the LMS. We could 

provide students with the prior grade distribution and LMS activity data of courses 

they might take (this is the "Record" function that gives us all data to analyze). But it 

isn't until you also show students their own data, and give them a specific context to 

"Evaluate" it, that they can then "Compare Alternative Performances" (students 

earning different grades than they do), that they'll then be in a position to choose a 

different course of action for their own future performance. Maybe we even provide 

some default nudges they consider (e.g., visit the tutoring center, talk with the prof, 

request to speak to a high performing student in the class who agrees to be 

contacted/interviewed by others, etc.). 

In this way, the quantitative, prediction focus of learning analytics-based LMS 

initiatives can support a collaborative intervention model that helps students and 

faculty see the impact they have on each other’s use of the LMS or any instructional 

technology. Simply growing usage and adoption of the LMS is not the primary goal. 

The “choice architecture” espoused in Nudge is not unlike the LMS course design 

decisions faculty must make that literally define what students can know, understand 

and do in their courses.  

In addition, an indirect benefit of recording and displaying system generated 
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activity back to users is development of a more scalable and relevant form of peer 

feedback that encourages students to seek or accept the help an institution is all too 

willing to provide to those who need it. To be sure some students (and faculty) may 

“under respond” to the feedback they are presented. Engaging disengaged students is 

challenging, and if they simply don’t login enough to compare how active they are 

with peers, then an LMS-based analytics intervention may not work for them. The 

same may be true of faculty who are not particularly active or interested in how their 

colleagues are using the LMS. But this lack of engagement (or “right to refuse 

education” as Tinto says) seems like a price we have to be willing to pay to preserve 

their agency in effecting change, if and as they see fit. Not surprisingly, some 

colleges and institutions are beginning to explore nudge analytics (Carmean & Mizzi, 

2010; Frankfort, Salim, Carmean, & Haynie, 2012).  

A Socio-Technical Approach to Analytics 
 

Sal Khan, founder of the non-profit online learning site Khan Academy (KA) 

that is known for its popular YouTube video lessons, provides a useful example of a 

mixed methods approach to identifying effective practices and practitioners in his 

book, The one world school house (2012). Specifically, Khan describes how learning 

analytics embedded in KA’s software helped identify a successful student who was 

not expected to do well when Khan first piloted his online software in a summer 

school near his home in 2007:  

In one class of only thirty students, I found three who had started the 
six-week program significantly below average and finished it significantly 
above average. (For the statistically minded, I measured this by comparing the 
number of concepts mastered by each student against the average number 
completed by the group, during the first and last weeks of the program. I then 
focused on those who at the start of camp were at least one standard deviation 
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below the norm, and by the end were at least one standard deviation above it.) 
In plain English, what this admittedly tiny sample suggested was that fully 10 
percent of the kids might have been tracked as slow, and treated accordingly, 
when they were fully capable of doing very well in math.  

There was one seventh-grade girl— I’ll call her Marcela— whose 
results were especially striking. At the start of camp, Marcela was among the 
least advanced of the students, and during the first half of the summer session 
her progress was among the slowest; she was working through roughly half as 
many concepts as the average student. In particular, she was spending an 
inordinate amount of time wrestling with the concepts of adding and 
subtracting negative numbers; she was about as stuck as stuck could get. Then 
something clicked. I don’t know exactly how it happened, and neither did her 
classroom teacher; that’s part of the wonderful mystery of human intelligence. 
She had one of those Aha moments, and from then on she progressed faster 
than nearly anyone else in the class. At the end of the program, she was the 
second most advanced of all the students. Moreover, she was showing 
mathematical intuitions that hinted at a genuine gift; she ended up breezing 
through complex topics that most of her peers— even the ones that thought 
they were “good” at math— struggled with.  

At the close of camp, we held a little awards ceremony. I had the 
pleasure of presenting prizes to a few of the kids, Marcela among them. She 
was very shy and— until that summer— very short on confidence, and when I 
told her she’d become a rock star, she managed just the smallest smile and a 
quick nod. That was more than enough to make my day (2012, pp. 146–149). 

 

While I hope to use learning analytics to identify success stories like Marcela, 

given a lack of analytics-based LMS intervention examples, I’ve begun to see 

quantitative analysis as a necessary, but not sufficient methodology for realizing the 

full potential of learning analytics to be transformative.  

Essentially, the field lacks what Macfadyen and Dawson (2012) called a 

“socio-technical approach to analytics.” As such, it may be helpful to consider 

qualitative methodological approaches to interventions that complement the field’s 

current quantitative and predictive focus. Specifically, interviews, testimonials and 

case studies like Marcela emerge as complementary, qualitative methodologies to 

leverage the big picture that big data can provide. In no way does this mean that 
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quantitative methodologies should by replaced by qualitative methods. But it may be 

that a mixed-method approach to interventions can uncover the stories in data that 

help implement Macfadyen and Dawson’s “socio-technical” approach to analytics 

that can move the “heart and head” and also “surprise and compel” a change in 

predicted outcome (Macfadyen & Dawson, 2012, p. 161). 

Conclusion: Significance of This Study 

I believe my dissertation is significant for three reasons. First, it attempts to 

replicate the few quantitative-based LMS analytics studies currently available, while 

also using a relatively new tool, Analytics for Learn (A4L) from Blackboard, the 

leading LMS provider in higher education. While my goal is not to simply promote a 

vendor’s product, if the field is to mature, we need more studies of what schools are 

finding. One way to do so is leveraging our common tools to help standardize an 

approach and substantiate effective, transferable and thus scalable lessons learned. 

Second, I have tried to move beyond the analytics of prediction by proposing a 

plausible intervention based on system-generated feedback to students to encourage 

their responsibility for their own learning. While the Check My Activity (CMA) 

feedback tool findings were statistically significant, the CMA’s impact might be 

increased through refinements in functionality and instrumenting better data 

collection from tool itself. The key is that if institutions are going to push through the 

considerable effort to pursue learning analytics, it must lead to actionable intelligence 

that can be scrutinized as much if not more than the current focus on prediction. If we 

really want to understand the culture and conception of learning at a college or 
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university, look no further than the interventions it designs, implements and evaluates 

– if at all.  

Finally, this study offers a plausible, research-based framework for 

operationalizing and evaluating the variable of faculty course design in correlating 

student LMS activity and performance. If we are willing to assume that student LMS 

activity can serve as a record of their online attention, not just attendance, then it may 

also be possible to infer the design of an LMS course by studying where, when and 

how students attend to it. Follow where students spend their time, effort and focus in 

a course and we may also be able to reverse-engineer the varieties of faculty LMS 

course design types that help, as well as the relative effectiveness of any instructional 

technology. 
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Appendices 

Appendix A – Institutional Review Board (IRB) Modification Approval 

 
Date:     September 26, 2011 
 
To:        John Fritz 
             Jeanette Campos 
                
Re:         Notice of Action 
   Protocol # :    Y09JF12052         
   Original approval date:      10/14/2008 
   Modifications submitted:   09/23/2011 
 
Your request for approval of changes made to the documents for your protocol 
entitled Showing how good students use Blackboard has been approved by the 
Vice-Chair of the Institutional Review Board. This research was previously reviewed 
and approved by the IRB, where no greater than minimal risks to participants and no 
additional risks were identified. 
 
Note that all other conditions and investigator responsibilities outlined in the original 
approval letter are still in force.    
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Appendix B – Original IRB Approval  

 
 
Date:       October 15, 2008 
To:           John Fritz, Jeanette Campos 
     
From:      The Human and Animal Research Protections Office (HARPO) 
Re:           Exemption Certificate 
    Protocol # :        Y09JF12052  
 
The Institutional Review Board has reviewed your protocol entitled Showing how 
good students use Blackboard and has approved the application for certification as 
it met the criteria under [exemption [(§46.101(b)(1)]] for exemption from further IRB 
review.   The date of approval is 10/14/2008. 
 
Annual review is not required for this protocol since it was determined to be exempt. 
However, any changes to the research design or procedures that could introduce new 
or increased risks to human subjects must be submitted in writing for review by the 
IRB before the changes are incorporated to insure they do not change the exempt 
status of the protocol. All correspondence and materials used in this protocol must 
reference the above IRB number.    
 
Please refer to the IRB Researcher's Guide, found in your department or via the 
Institutional Review Board web site (www.umbc.edu/irb), for additional information 
about the administration of your protocol.  
 
If you have any questions, please contact HARPO via the above phone number or e-
mail. 
 
Cc: Timothy Sparklin  
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Appendix B – Opt-in Survey about myUMBC Feedback Tool  

Dear UMBC Student, 

            Thank you for recently agreeing to be contacted 
about your use of the Blackboard "Check My Activity" (CMA) feedback tool for 
students in myUMBC. My name is John Fritz, and I administer the CMA, as well 
as the Blackboard course management system it is based on. I am also a graduate 
student in UMBC's Language, Literacy and Culture (LLC) program. 

            Basically, to improve the CMA for you and future students, I'd like to better 
understand how and why you've used it, what it tells you about yourself, and what, if 
anything, UMBC could do to improve its usefulness for you or other students. To 
start doing so, could I ask you to complete the following anonymous survey that will 
take about 10 minutes to complete: 

http://tinyurl.com/umbc-bb-cmasurvey  

            Again, the survey itself is anonymous. I will never know if you complete it, 
and you are not obliged in any way to do so. However, the last question asks if you 
would be willing to be interviewed about your responses. If so, just supply your 
UMBC email address. If not, just leave it blank. Your cooperation in completing this 
survey is greatly appreciated, and you will be helping us help you and future students. 
If you have any questions, suggestions or concerns, or would like to discuss this with 
me before or after you complete the survey, please let me know. 

Sincerely, 

John L. Fritz  
Asst. VP, Instructional Technology 
UMBC Division of Information Technology 
410.455.6596 or fritz@umbc.edu  
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