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 Learning Analytics: Understanding First-Year Engineering Students 

through Connected Student-Centered Data 
 

Stephen Courtland Brozina 
 

ABSTRACT 
This dissertation illuminates patterns across disparate university data sets to 

identify the insights that may be gained through the analysis of large amounts of 

disconnected student data on first-year engineering (FYE) students and to 

understand how FYE instructors use data to inform their teaching practices. 

Grounded by the Academic Plan Model, which highlights student characteristics 

as an important consideration in curriculum development, the study brings 

together seemingly distinct pieces of information related to students’ learning, 

engagement with class resources, and motivation so that faculty may better 

understand the characteristics and activities of students enrolled in their classes.  

In the dissertation’s first manuscript, I analyzed learning management system 

(LMS) timestamp log-files from 876 students enrolled in the FYE course during 

Fall 2013. Following a series of quantitative analyses, I discovered that students 

who use the LMS more frequently are more likely to have higher grades within 

the course. This finding suggests that LMS usage might be a way to understand 

how students interact with course materials outside of traditional class time. 

Additionally, I found differential relationships between LMS usage and course 

performance across different instructors as well as a relationship between timing 

of LMS use and students’ course performance. 

For the second manuscript, I connected three distinct data sets: FYE student’s 

LMS data, student record data, and FYE program survey data that captured 

students’ motivation and identity as engineers at two time points. Structural 

equation modeling results indicate that SAT Math was the largest predictor of 

success in the FYE course, and that students’ beginning of semester engineering 

expectancy was the only significant survey construct to predict final course 

grade.  

Finally, for the third manuscript I conducted interviews with eight FYE instructors 

on how they use student data to inform their teaching practices. Ten themes 

emerged which describe the limited explicit use of formal data, but many 

instructors use data on an informal basis to understand their students. Findings 

also point to specific, existing data that the university already collects that could 

be provided to instructors on an aggregate, class-level basis to help them better 

understand their students.  
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Chapter 1: INTRODUCTION 

1.1 Introduction 

 Universities constantly face requests to demonstrate added value for their 

students (Kuh & Ikenberry, 2009; Lattuca & Stark, 2009; Shavelson, 2010). As the 

Spellings’ Commission Report (U.S. Department of Education, 2006) recommended, 

“postsecondary institutions should establish, measure, and report meaningful student 

learning outcomes” (p. 23). This environment has created a sense of urgency in proving 

the value or return on investments in education, particularly since longitudinal studies in 

recent years have called into question the level of learning that actually occurs in 

undergraduate programs (Arum & Roksa, 2011). Additionally, the rising cost of higher 

education coupled with the increased financial burden on students warrants universities 

to examine their own processes so that the education they provide is worth the time and 

money that is invested. This convergence of pressures has led universities to seek 

innovative ways to measure and track student learning outcomes and empirically 

identify the conditions that lead to their development.   

The rise of the assessment culture has been especially prominent in recent calls for 

expanded federal investment in STEM fields ("Winning the Future," 2011), and national 

reports have urged educators to focus on graduating students who will be successful in 

a globally connected, competitive workforce (National Academy of Engineering, 2004; 

National Academy of Sciences, 2007; U.S. Government Accountability Office, 2006). 

Additionally, engineering schools need to take into consideration the demands for 

accreditation from ABET. To prepare for assessment and accreditation demands, 

institutions have accumulated massive amounts of student data and have been called to 

consider ways to leverage and make sense of it in the midst of a resource-strapped 

environment. Academic analytics answers this call by focusing on the “intersection of 

technology, information, management culture, and the application of information to 

manage the academic enterprise” (Goldstein, 2005, p. 2). Using technology, the 

approach brings together large data sets, statistics, and modeling. Though it is typically 

used for administrative decisions, such as enrollment management, it can also be used 

to improve teaching, learning, and student success (Campbell et al., 2007) and has the 
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potential to reduce costs while identifying more effective learning experiences (Greller & 

Drachsler, 2012).   

Colleges and universities collect enormous amounts of data on their students 

throughout their academic careers (Kuh, Jankowski, Ikenberry, & Kinzie, 2014). These 

data vary widely in form and purpose and include formats such as course grades, 

engagement with learning management systems, and institutional surveys (Buerck, 

2014). Though the potential for interrogating these existing pieces of information is high 

for enhancing educational processes (Andergassen, Mödritscher, & Neumann, 2014; 

Gray, 2014), institutions have not yet taken advantage of understanding and utilizing 

available data related to students’ learning and engagement in a systematic manner. 

The field of learning analytics has begun to fill this gap of leveraging existing university 

data to drive meaningful, empirically supported educational action.   

Despite many researchers pointing to learning analytics as a mode for continual 

improvement, the actual process and best practices have not yet been established 

(Elias, 2011; Verbert, Duval, Klerkx, Govaerts, & Santos, 2013). Missing from learning 

analytics research is an investigation of how faculty can use data to change teaching 

(Johnson, Smith, Willis, Levine, & Haywood, 2011)—this dissertation joins and extends 

this conversation by illuminating patterns across disparate university data sets 1) to 

identify what can be gained from analyzing large amounts of disconnected student data, 

and 2) to understand how faculty use data to inform their teaching practices. Grounded 

by the Academic Plan Model (see Figure 1.1), which highlights student contextualization 

as an important consideration in curriculum development, the project brings together 

seemingly distinct pieces of information related to students’ learning, engagement with 

class resources, and motivation so that faculty may better understand the students 

enrolled in their classes. In summary, this project’s objective was to determine how 

disparate student data can be aggregated and represented so that faculty members can 

be more informed of the students in their courses.  
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  Figure 1.1: Academic Plan Model by Lattuca & Stark (2011) 

1.2 Definitions 

 The following definitions will help situate the reader within the context of the 

study: 

Learning Analytics: “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” (Adopted from the 
Learning Analytics & Knowledge 2011 Conference) (Long, Siemens, Console, & 
Gasevic, 2011, Feb). 

Learning Management System: A Learning Management System (LMS) is a 
web-based portal structured for faculty to upload content, administer 
assignments, and interact with students within a course. It gives students the 
opportunity to engage with course material outside of the classroom.  

 Academic Plan Model: The Academic Plan Model (see Figure 1.1) details the 
 influences on and decisions pertaining to curriculum design at course, 
 program, and institutional levels (Lattuca & Stark, 2009).  

 Model of Domain Identification: The Model of Domain Identification seeks to 
 investigate “the extent to which an individual defines the self through a role or 
 performance in a particular domain” (pg. 132) (Osborne & Jones, 2011). 
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 Structural Equation Modeling: Structural Equation Modeling (SEM) is a 
 multifaceted technique that is used to understand the relationships between 
 latent constructs and observed variables. The goal of SEM is to investigate the 
 extent to which a theoretical model, described a priori, is consistent with the data 
 collected to support the underlying theory. 

 Human-Centered Design: Human-centered design places an emphasis on 
 people, and starting any design with the people that the application or product is 
 intended for to ensure the product being developed is what the end user wants 
 (IDEO, 2011). 

 
1.3 Purpose of the Study 

 Learning analytics is the process of leveraging and interpreting quantitative data 

about students, faculty, and institutions from a wide scope of available data sources 

(e.g., LMS, Surveys, Demographics, Online Courses) collected by universities to make 

meaningful decisions that help shape a smarter educational enterprise for learning 

(Jayaprakash, Moody, Lauría, Regan, & Baron, 2014; Siemens & Long, 2011). For 

example, data have been leveraged to increase student retention by creating an early-

warning system to allow faculty to notify students who may be at risk of failing a 

particular course (Arnold & Pistilli, 2012). Data have also been used to understand 

differences across students in online learning strategies to allow course designers to 

build more personalized experiences for different subgroups of learners (Kizilcec, Piech, 

& Schneider, 2013, April; Pardos, Baker, San Pedro, Gowda, & Gowda, 2014). With an 

increase in the number of available data sources, colleges and universities have a great 

opportunity to explore how data can shape, enhance, and direct learning at all levels. 

Involving faculty in such data exploration can result in enhanced, empirically driven 

decision making for their courses or at larger departmental or College scales.  

The purpose of this study was to explore how data can be leveraged and analyzed via 

learning analytics approaches within a first-year engineering course so that faculty can 

have a more detailed understanding of their students.  

1.4 Scope of Study 

 This study investigated data sets produced by freshman engineering students at 

Virginia Tech and investigated how faculty at Virginia Tech use data to inform their 
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teaching practices. The scope of the research study is bounded by student-level data 

that were obtained during the Fall 2013 semester for the course ENGE 1024, 

Engineering Design and Exploration**. The data sets associated with the project 

include: 

1) Engineering Education Surveys: First-Year surveys administered by the 
Department of Engineering Education two times during the Fall semester 
(over 840 student responses from all two longitudinal surveys).  
  

2) Student Records: Data include gender, race, SAT scores, high school GPA, 
ENGE course grades and VT semester and overall GPA. 
  

3) Learning Management System Data: LMS log-file data from Scholar of 
when and how students use the Scholar system (over 15 million rows of log 
files).  
 

4) Instructor Interviews: Eight first-year engineering instructor interviews.  

1.5 Research Questions and Research Design 

 Research questions were addressed following a mixed-methods approach that 

heavily leaned toward quantitative analysis, which was used to identify meaningful 

patterns in student-level data. Table 1.1 presents the study’s research questions 

mapped onto data types, analyses, and outcomes. 

 

 

 

 

 

 

 

______________________________________________________________________ 

**During the Fall semester of 2013, a new pilot version, along with the traditional version of ENGE 1024 
was offered, analyzed within this study is the traditional version.  



6 
 

 

Table 1.1: Overview of Study 

Overarching Research Question: How can University collected data sets be leveraged to better 
understand students and help inform faculty? 

Manuscript 
# 

Research Question 
Data 

Collection/Type 
Analyses Outcomes 

1 

a) How do course 
grades vary based on 
the overall number of 
LMS sessions per 
student?                              
b) How do course 
grades vary based on 
the number of LMS 
sessions per student 
for different tools?               
c) How does the 
timing and frequency 
of LMS tool usage 
relate to course 
grades? 

 Student-level 
Scholar Data,  

 
Student Record Data 

 
Course Specific Data 

(e.g. test dates) 

Exploratory Data 
Analysis 

 
Multiple 

Regression 
Analyses 

Data 
visualizations  

 
Relationships 

among 
investigated 

variables 

2 

a) How do 
engineering identity, 
motivational beliefs, 
and LMS usage 
relate to course 
success, while taking 
into account the pre-
college backgrounds 
of first-year 
engineering 
students? 

ENGE First-Year 
Surveys (2) 

 
Student-level Scholar 

Data 
 

Student Record Data 

 Structural 
Equation Modeling 

Measurement 
model and 

structural model 
analyses of data 

sets and the 
associated 

relationships 
between 
variables 

3 

a) What student data 
do first-year 
engineering 
instructors currently 
take into account 
when teaching their 
courses?  
b) How do first-year 
engineering 
instructors currently 
use data to inform 
teaching practices?                      
c) What student data 
would first-year 
engineering 
instructors find useful 
when teaching their 
courses? 

Interviews with First-
Year Program 
Engineering 
Instructors 

Qualitative 
Analysis of 
Interviews 

Understanding 
of the types of 
student data 

instructors find 
useful.  
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Obtaining, structuring, merging, cleaning, and analyzing quantitative data represented 

the largest contributions of this project. Exploratory data analyses, multiple regression 

analyses, and structural equation modeling (SEM) were used to identify relationships 

between engineering education surveys, student record data, and data from the 

learning management system. SEM is preferred over multiple regression so that causal 

links to underlying constructs from the freshman engineering survey can be evaluated 

within a systematic model defined from theory. Investigating data in this manner to 

identify broad patterns across students addressed RQ1 and RQ2. 

Finally, the third manuscript took a human-centered design approach by working directly 

with “end-users” of such data (i.e., faculty) to work toward connecting quantitative 

research to educational practice.  Interviews were held with instructors associated with 

Virginia Tech’s first-year engineering program to understand what types of data gave 

them meaningful information about students, which addressed RQ3.  

1.6 Limitations 

 The primary limitation in the study is the constraint of the number of data sets 

used to analyze students. There were three major data sets investigated. While that 

may not seem extensive, it was an intense endeavor to prepare and merge the data 

sets for analyses and to arrange and conduct statistical analyses. Decisions had to be 

made on the number of data sets utilized to carry out a research study within a 

reasonable scope for a dissertation. As demonstrated in the Academic Plan Model, 

however, there are many additional variables that contribute to the development of a 

curriculum; this study only operationalized a few of those components.   

Another limitation to the study is the use of self-reported data from the Engineering 

Education surveys. While there are ways to address validity and reliability concerns, 

selective memory or exaggeration are limitations of this kind of data collection. For 

instance, Martin (2007) notes that survey respondents may not accurately admit their 

attitudes because they think it could negatively affect them; however it is not believed 

that such systematic response biases will influence findings because there is a large 

sample of data.  
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Finally, because the course under investigation has undergone substantial curricular 

changes, caution should be taken when generalizing findings to the current course 

offering or to other courses.  However, the analysis process is generalizable and could 

be replicated in other settings. Additionally, as described in Manuscript #1, there are 

limitations in working with LMS data because these data do not indicate the length of 

time that elapses when a student uses the LMS (i.e., there is no logout timestamp). 

Also, if a student accesses material, it is not known what they actually do with that 

material or how they comprehend it.  Despite these limitations, the study’s results 

demonstrate that analyzing LMS data and merging those data with other data sources 

can provide new insights on first year engineering students’ academic success.     

1.7 Summary 

 In summary, this dissertation research consisted of obtaining, cleaning, 

analyzing, and visually displaying disparate sources of existing student-level data in a 

manner that may inform faculty and administrator decision-making processes within a 

first-year engineering course. Developing a systematic process and identifying a series 

of best practices for this learning analytics approach, along with identifying patterns in 

the learner-centered data sets and investigating how faculty members might use such 

data are the major contributions of my investigation which can then be built upon or 

transferred to different contexts.  
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CHAPTER 2: LEARNING MANAGEMENT SYSTEM USAGE OF FIRST-YEAR 

ENGINERING STUDENTS 

2.1 Introduction 

 The emergence of learning analytics has created an excitement about student 

assessment and the information and new knowledge that can be garnered from the vast 

amount of student data that have been and continue to be collected (Booth, 2012). 

There are many factors that are driving the development and expansion of learning 

analytics, including the ability to access big data, new online learning opportunities, and 

politics (Ferguson, 2012). As federal and state governments are pushing for a greater 

proportion of the U.S. population to obtain higher levels of education, colleges and 

universities have been pushed to develop innovative uses and collection of assessment 

data. Businesses first utilized big data to advance their understanding of customers’ 

preferences and purchasing behaviors; colleges and universities have similarly found 

value in those approaches within the educational space through learning analytics 

(Johnson, Adams Becker, Estrada, & Freeman, 2014). For example, with the increase 

in online learning experiences in new environments, such as MOOCs, there has been 

an explosion in the amount of student data available, which can be used to understand 

the online learner in more detail. 

In another very common example, learning management systems (LMS) are ubiquitous 

at colleges and universities worldwide, and educational institutions find themselves with 

a myriad of student data, which can be analyzed to uncover new insights about the 

learning process. However, these systems tend to be considered transactional 

warehouses rather than an opportunity to understand student learning and engagement 

with course materials. Some researchers have shown relationships between LMS 

engagement and higher course grades (Dawson, Gasevic, Siemens, & Joksimovic, 

2014, March), yet little research has been done to investigate specific LMS tools in-

depth and corresponding relationships with course events, such as test dates. A logical 

next step in this line of research is to understand how different LMS tools are used by 

students and how the use of those tools relates to student learning, using course grades 

as a proxy for learning in this study. This manuscript focuses on course-level activities 

of students within an LMS. It demonstrates insights that can be gained from 
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quantitatively analyzing tools within LMS student data.  Specifically, it addresses the 

following research questions: 

1) How do course grades vary based on the overall number of LMS sessions per 

student? 

2) How do course grades vary based on the number of LMS sessions per student for 

different tools? 

3) How does the timing and frequency of LMS tool usage relate to course grades? 

2.2 Literature Review 

2.2.1 Learning Analytics History  

 The assessment and evaluation culture is driving universities to leverage data in 

new ways to show the value-added of higher education. There have been a few 

different approaches that shape the current state of learning analytics that have 

included researchers from various fields and backgrounds. 

At a broad scale, academic analytics approaches leverage data to influence 

institutional, administrative decision-making. Uses of academic analytics include 

financial reporting, operational performance, decision support, predictive modeling and 

alert systems for business processes. An ECAR survey of 380 institutions found that 

most academic institutions are primarily using academic analytics for extraction and 

reporting of transactional-level data (e.g. enterprise resource planning) and analysis and 

monitoring of operational performance (Goldstein, 2005).  It is a way for univiersities to 

increase performance management, such as reducing inefficiencies, wasted time, and 

resource needs at the enterprise-level, which is concerned with managing an institution 

as a whole (Campbell, DeBlois, & Oblinger, 2007). However, as Siemens and Long 

(2011) note, “academic analytics reflects the role of data analysis at an institutional 

level, whereas learning analytics centers on the learning process” (pg.4). While 

academic analytics is valuable for an institution as a whole, it does not go deeper into 

other areas that are of concern for faculty and students. The development of academic 

analytics may have given ground to the need for deeper understanding of the learner, 

but it is a distinct approach from learning analytics.   
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A second related approach is educational data mining (EDM). Unlike academic 

analtyics that investigates data to drive decisions at the business-level of an institution, 

EDM takes a limited theoretical approach that creates analytical models to describe and 

explore educational data (Baepler & Murdoch, 2010). EDM comprises work related to 

prediction (e.g. using regression to predict students future states), clustering (e.g. 

grouping students into categories to understand their actions at a higher-level), 

relationship mining (e.g., using correlational analysis to understand how student 

variables relate to one another), distillation of data for human judgment (e.g.,using 

visualizations to understand student data), and discovery with models (e.g.,developing a 

model to use in another analysis) (Baker & Yacef, 2009). In recent years there has been 

a shift from relationship mining to prediciton modeling and discovery with models. Along 

with different communities joining the EDM arena, the openness of data and the data 

analyses tools themselves have helped to advance EDM methods because more 

researchers that do research outside of educational data mining have access to data.  

Moreover, analytical tools have become more widespread and easier to use (Baker & 

Yacef, 2009).  

While EDM is more focused on the tools and methods used, learning analtyics “creates 

applications that directly influence educational practice” (pg.9) (Bienkowski, Feng, & 

Means, 2012). These two approaches are distinct in their approaches to data and 

learning theory.  For example, Bienkowski et al. (2012) indicate that learning analytics 

“focuses on applying tools and techniques at larger scales, such as in courses and at 

schools and postsecondary institutions” (pg.vii), whereas EDM tends to investigate the 

micro-level details of students’ actions. Moreover, learning analytics approaches tend to 

be grounded in educational theory, whereas EDM typically focuses on pattern 

identification within big data sets regardless of underlying theory. 

Although academic analytics and educational data mining have largely shaped current 

learning analytics approaches, other fields have also played an important role in its 

development. As noted by Dawson et al. (2014, March), learning analytics pulls from 

fields such as “education, psychology, philosophy, sociology, linguistics, learning 

sciences, statistics, machine learning, artificial intelligence and computer science.” 
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(pg.232) Through a citation analysis, Dawson et al. (2014, March) discovered that 

computer science and education have comprised 50% and 40%, respectively, of the 

field of learning analytics in selected conference and journal publications since 2011. 

However, these fields mainly work in silos and not together in an interdisciplinary 

fashion (Dawson et al., 2014).  

With many methodological research approaches in use, learning analytics is still an 

emerging field (Johnson et al., 2011). Though there are many definitions of learning 

analytics, one definition emerged at the First International Conference on Learning 

Analytics and Knowledge in 2011 (Long et al., 2011, Feb) and guides the work of many 

within the field: 

 “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.” 

Because large amounts of data are already available for analysis, educational data 

miners have historically followed a data first, theory later (if at all) approach (Clow, 

2013). Learning analytics seeks to bridge that gap by positioning itself within the 

learning community and pulling on both the data that technical fields utilize as well as 

social learning theory fields (Siemens & Gasevic, 2012). Importantly, this approach 

helps researchers understand how and why learning occurs. 

2.2.2 Potential Usefulness of Learning Analytics 

 Learning analytics approaches have the opportunity to help stakeholders realize 

the value of educational data by uncovering the multiple ways and environments in 

which learning occurs. Using these approaches can help students and faculty be more 

equipped to enhance learning throughout a student’s educational life-cycle.  

Learning analytics data are generated by students who provide data—either 

intentionally or unintentionally—related to their academic performance, personal 

preferences, and personal characteristics. Such data may include information on 

students’ transcripts, gender, race/ ethnicity, surveys taken, and course data.  A “data 

wrangler” then translates these data into understandable insights via various analyses, 

visualizations, and reports for interested stakeholders (Friesen, 2013). For example, 
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Arnold and Pistilli (2012) created Course Signals at Purdue University, which uses 

predictive modeling of students’ course performance, effort levels (gauged from a LMS), 

academic history, and personal characteristics to determine the likelihood that students 

would be at-risk within a course.  Once faculty members have information on the 

academic risk level of students, they can intervene as necessary. Early results have 

indicated that students in courses that utilize Course Signals have a significanlty higher 

retention level than students who have no courses that use the Course Signals (Arnold 

& Pistilli, 2012). However, Course Signals is limited in the generalizability and 

interpretation of its outputs because its data inputs are limited to a few specific courses 

(Essa & Ayad, 2012). Course Signals is a foundational learning analytics model upon 

which to build, but it is not a panacea.  

In considering potential stakeholders, Ellis (2013) notes that learning analytics should 

not be limited to “at risk” students. There are many opportunities for learning analytics to 

help educators more fully understand the learning processes of all students. For 

example, Blikstein (2011) used an automated program to analyze student log files from 

a sophomore computer programming course that identify the points at which students 

have the most trouble in their programming tasks. Even though a small sample was 

used in the study, learning patterns emerged which showed that student programming 

tasks happen in several distinct phases. In other studies, Worsley (2012, October, 

2014) used a multimodal computational analysis to describe the speech, gestures, and 

stress effects on students engaging in a design project. The researcher found that 

students who express average levels of speech, gesture, and stress operate within a 

more effective learning condition as they go through their design project, which 

identified new insights on habits of successful students that could then inform the 

development of effective student learning interventions. Both of these studies 

demonstrate how learning analytics approaches can help researchers and instructors 

understand the learning process of all enrolled students, not only at-risk students.  

2.2.3 LMS Learning Analytics Research 

 Despite the need to investigate multiple categories of data from different areas of 

student learning, learning analtyics projects have relied heavily on learning 
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management systems to capture student learning processes. For example, Macfadyen 

and Dawson (2012) did a current state analysis of an institution’s learning management 

system (LMS) usage, which revealed that the LMS is mainly used for content 

distribution to students. By grouping LMS tools by categories (i.e., Admin, Assessment, 

Content, Engagement), the authors determined that students tend to use LMS for 

content consumption. The authors also showed that student achievement statistically 

related to LMS tool use frequency. Even though LMS data show only one small aspect 

of students’ learning processes, it is evident that LMS data may provide some indication 

of student engagement within courses.   

While there are some learning analtyics endeavours that focus on learning management 

system data from the persepctive of researchers, such as understanding learning styles 

of students from LMS data (Khan, Graf, Weippl, & Tjoa, 2010), there are some projects 

that utilize data to inform stakeholders directly. Similar to Course Signals, Krumm, 

Waddington, Teasley, and Lonn (2014) used a design-based research approach along 

with quantitative analyses to investigate the use of an Early Warning System (EWS) by 

advisors in the University of Michigan’s College of Engineering to increase student 

success. Specifically, the EWS used LMS data to determine student effort, along with 

obtaining updated course grades to classify students into three categories (i.e., red, 

yellow, green); academic advisors contacted students who were in the red and yellow 

categories to discuss various strategies to improve their overall studying habits. Using 

design-based research ensured that the EWS catered to the needs of the end-user, the 

advisors.  When the second phase of the EWS launched, advisors increased their use 

of the EWS, which in turn led to a more detailed understanding of their students and 

eventually to increased student success.  

Futhermore, Waddington and Nam (2014), similar to Macfadyen and Dawson (2012), 

explored LMS usage in finer detail to understand how important resource material 

usage (within the LMS) relates to course grades, as opposed to a coarser analysis of 

LMS usage in general, such as number of sessions logged in. For example, the 

researchers created categories of LMS resource use: ‘course information’, ‘lecture’, 

‘assignments’, or ‘exam preparation’. The methods used for the analysis in that 
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research are also of some interest. The researchers used a within-course percentile 

rank to group students within each category and then analyzed ten semesters of data 

using a multinomial logistic regression to produce an odds-ratio of the relationship 

between activity within each resource category and course grades. The results showed 

significant positive relationships for ‘lecture’ use (for A versus C grades) and ‘exam 

prep’ (A versus C grades and B versus C grades). Students who more frequently used 

the ‘exam prep’ resources were more likely to recieve higher course grades, which 

indicates that there is value in understanding specific LMS tool use patterns of students.  

In addition to research studies that directly support stakeholders, there is learning 

analytics research which invesitages student timing and frequency of using a learning 

management system (LMS). For example, Jo, Kim, and Yoon (2015) analyzed LMS log 

files to investigate adult learners’ time management strategies in an online course and 

found the regularity, or lack thereof, of utilizing the LMS was the best predictor of course 

performance, moreso than total login time and login frequency. The study provides 

insights to researchers as they go beyond understanding student use frequency and 

focus more deeply on how, and when, students use a LMS.     

There were a few key elements not investigated in prior learning management system 

research that my study will address.  First, prior research has not focused on 

uncovering differences in LMS use between faculty and graduate teaching assistants 

who teach various sections of the same course. A number of studies (Astin, 1993; Bain, 

2011; Cox et al., 2011; McKeachie, 1990; Ryans, 2012) describe differences in teaching 

between faculty members, even those who have the same credentials--thus, it is 

important to consider the potential confounding effects of different faculty and graduate 

teaching assistants when completing LMS research across sections of the same 

course.  In addition, demographic characteristics, such as gender, have rarely been 

considered in LMS usage studies despite being known to be an important characteristic 

to consider in studies of student learning (Astin, 1993; Ohland et al., 2011; Sonnert & 

Fox, 2012). The research described in this manuscrupt addresses these additional 

elements for students enrolled in a first-year engineering course. 
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2.3 Theoretical Framework 

 Such learning analytics approaches have been helping faculty better understand 

their students, which theoretically should be an element of curricular decision making. If 

faculty are able to have an increased understanding of their students (e.g., their 

background knowledge, motivation, etc.), they can then design an environment in which 

those students can thrive. My study grounds this research theoretically with the 

Academic Plan Model, which outlines how such considerations of students and 

instructional resources and processes will influence the learning process and ultimately 

student learning.  

Authored by Lattuca and Stark (2011), the Academic Plan Model details the influences 

on curriculum design and can be applied to the course, program, and institutional levels 

(Figure 2.1). The model outlines a series of influences on curricula options and decision 

points that faculty must make as they plan their courses. There are both external and 

internal influences on the educational environment, as noted in the model. Since 

universities serve societal needs, external factors, such as market forces, government, 

accrediting agencies, or disciplinary associations, all influence curricula. Additionally, 

influences internal to the institution also can affect curricular design, including both 

institutional-level (e.g., mission, leadership, resources) and unit-level (e.g., program 

goals, faculty beliefs, and student characteristics) influences. 

Those external and internal factors all play an important role in shaping the “Academic 

Plan” which consists of a set of seven elements, or decision points, that faculty address, 

whether intentionally or not, as they develop courses and programs. These seven 

elements include purposes (the views of education that inform faculty members’ 

decisions about the goals of a course or program), content (selecting subject matter), 

learners (taking into account student characteristics, goals, and abilities), sequence (the 

organization of content), instructional processes (learning and teaching activities), 

instructional resources (the learning material and technologies used), assessment (of 

student learning) and evaluation (of the course/program). Following these decisions, 

faculty carry out their educational plans, which directly relate to students’ educational 

outcomes.  
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Figure 2.1: The Academic Plan Model Lattuca and Stark (2011) 

Not developed to simultaneously investigate all variables at once, the Academic Plan 

Model sheds light on the factors that influence curriculum, and in turn, the educational 

outcomes of students. For example, Knight, Lattuca, Kimball, and Reason (2013) 

utilized the Academic Plan Model to focus on the internal influences that affect the 

curriculum. Specifically, they investigated interdisciplinarity of programs by analyzing 

curriculum requirements along with organizational features to highlight the ways in 

which interdisciplinary programs are structured. In another example, Knight, Brozina, 

and Culver (2014, June) focused on the student characteristics of learners prior to their 

freshman year of college. Using the Academic Plan Model as an organizing framework, 

they investigated the alignment between the “Learners” and “Instructional Resources” 

components of the Academic Plan.  Findings showed that students have high levels of 

comfort using technology for learning, but a significant percentage reported having 

never used certain electronic educational resources. Both of these studies provide 
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examples of the usefulness of the Academic Plan Model to identify potential influences 

and decision points for faculty members as they develop curricula.  

For the current study, the Academic Plan Model demonstrates how learners, 

instructional resources, and instructional processes are important considerations of 

course planning.  However, faculty members tend to prioritize purpose and content in 

curricular planning as opposed to those other elements (Lattuca & Stark, 2009). My 

study demonstrates how learning analytics approaches may be used to operationalize 

those other components so that faculty have new data to consider in planning their 

courses. In addition, my investigation links those components of the Academic Plan to 

students’ educational outcomes, operationalized as course grades, to demonstrate to 

faculty how those elements matter within a first-year engineering context. 

2.4 Data and Methods 

 Data for this study were collected via the University’s learning management 

system (LMS) as well as from student records (i.e., grades in the course). LMS data 

were obtained from the system administrator who compiled the data into text files, which 

initially comprised over 15 million rows of data. To glean information from the data, it 

was first processed through R, an open-source statistical package, in which scripts of 

code were written to clean the large amount of data. Once data were cleaned and 

processed, statistical analyses were conducted to address each of the three research 

questions. 

The study sample (post-data cleaning) consists of 876 students who were enrolled in 

the freshman engineering course at a large, Mid-Atlantic research university during Fall 

2013. Students who opted-out of having their data be included as part of the on-going 

research project were removed from the data set and are not in the 876 sample. 

Additionally, any student who did not receive a final grade in the course or a formally 

recorded Withdrawal (“W”) was also removed.  
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2.4.1 Course Structure 

 The first-year engineering course1 analyzed for this study, Course X, consisted of 

two components: 1) a lecture, and 2) a smaller workshop. For the lecture component 

students met once each week for 50 minutes in sections that enrolled upwards of 140 

students. Five different lecturers taught various sections of the same lecture course, 

and each utilized the same LMS site.  

The smaller, hands-on workshop met once each week for 110 minutes.  Each workshop 

consisted of up to 34 students, and there were 16 different workshop leaders in total. 

The roster of workshop leaders was comprised of the same instructors from the lectures 

as well as graduate student teaching assistants. For each workshop class there was a 

unique, additional LMS site, which was organized and managed by the workshop leader 

for a particular section.  

Thus, when students accessed the learning management system for Course X, they 

had two sites to visit: 1) the lecture site, and 2) the workshop site. Each site may have 

contained different materials, even though the lecture and workshops were designed to 

work in tandem. 

2.4.2 Data Analysis  

 When a student logged on to the LMS site, they started a unique session.  Within 

that session they could access different “tools” listed in Table 2.1, which shows the total 

frequency that students used a tool (multiple times within a single session were counted 

in Table 2.1). Because some tools (i.e., chat, Dropbox, lesson builder, mailbox, poll, and 

schedule) were used infrequently relative to other tools, they were not included in 

subsequent analyses.    

 

 

 

 

 

 

                                            
1 Note, at the time of this study, the freshman engineering curriculum was piloting a new freshman 
engineering course, and the students within this study were not part of the pilot course. 
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Table 2.1: LMS Tool Use Frequency 

Overall 
Count 

Overall 
Count 

Tools Tools 

Homepage 128373 Syllabus 7327 

Resources 123737 Chat 29 

Announcements 8893 Dropbox 41 

Assignments 
85692 

Lesson 
Builder 2 

Gradebook 46093 Mailbox 3 

Messages 1981 Poll 10 

Quiz 26527 Schedule 51 

 

Because a student could have utilized one tool multiple times within a unique session, 

an aggregate measure was needed, and the number of tools used was recorded for 

each unique session. For example, as depicted in Figure 2.2, a student could have 

logged on and visited the lecture site, clicked on the assignments tool, then the 

gradebook tool, then the resources tool, then back again to the assignments tool, and 

then moved to the workshop site and clicked on the announcements tool. In these 

analyses, each of those tools would have counted as being used once during a unique 

session. Additionally, not all actions on the LMS site constituted any valuable action. 

When a student did not access a tool beyond the homepage on either the lecture site or 

the workshop site, that session was removed from the analyses. In total, approximately 

2,000 unique sessions were removed for not taking any valid action (out of the 129,000 

total number of unique sessions). 

 

1 Unique Session                   

 

Lecture Site: Assignments          Gradebook         Resources         Assignments   

 

 

Workshop Site: Announcements  

Figure 2.2: Example of a student LMS session 
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To answer the research questions, the LMS unique sessions were analyzed using 

generalized linear models in R via several packages within the R Studio environment 

(“car”, “MASS”, “lsmeans”, “QuantPsyc”, 

“vegan”,”dplyr”,”robustbase”,”agricolae”,”ggplot2”,”stats”,”lubridate”,and “robustlmm”). 

Analysis of variance procedures used Type III Sum of Squares even though interaction 

effects were investigated throughout the analyses because group sizes were not equal.  

Within the analyses that follow, both regression coefficients as well as ANOVA tables 

with F-values are presented. Usually an ANOVA would be performed to understand 

whether or not there are group differences within any categorical independent variables, 

which would then be followed up by planned contrasts or post hoc tests. However, in 

this instance both the ANOVA tables and regression coefficients are presented so it is 

possible to: 1) identify any group differences or interaction effects, and 2) determine the 

relationship between the continuous predictor variables (i.e., LMS usage) and final 

grade.  In interpreting findings, the percentage of variance explained is of less interest 

than understanding how LMS usage relates to final course grade and whether or not 

that relationship is consistent across lecturers and workshop leaders. The ANOVA and 

regression methods were used for analyses regarding Research Question 1 to 

understand the overall relationship between LMS usage and final course grades, and 

for each individual tool to address Research Question 2. Research Question 3 was 

addressed using Poisson regression as opposed to a linear model.  

2.5 Results and Discussion 

2.5.1 Descriptive Statistics 

 Tables 2.2-2.4 display learning management system use for the fall semester for 

Course ‘X’, an introductory freshman engineering course, for 876 students. Table 2.2 

depicts overall sessions, lecture sessions, and workshop sessions. The overall sessions 

do not equal the sum of the lecture sessions plus the workshop sessions because 

students could have interacted with both sites (i.e., lecture and workshop) during a 

single session. Also of note is that even though students could have received a ‘+’ or ‘-’ 

in the course, grades were binned as shown in the table for easier interpretations. Table 

2.2 also demonstrates a pattern of usage with final grades, which will be explored in 
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greater detail in the subsequent sections—on average, students who received higher 

grades within the course interacted with the LMS with greater frequency.  

Table 2.22: LMS Usage by Final Course Grade 

  

Overall 
Sessions 

Lecture 
Sessions 

WS Sessions 

Course 
'X 

Grade' 
Count 

Mean 
Sessions 

Stdv 
Mean 

Sessions 
Stdv 

Mean 
Sessions 

Stdv 

A 147 162.84 55.54 130.63 46.26 81.2 40.84 

B 507 150.78 55.36 122.65 46.93 73.32 36.63 

C 188 133.45 39.83 108.65 34.34 63.85 24.72 

D/F 22 99.00 39.02 80.14 34.17 46.95 20.93 

W 12 119.25 31.20 101.08 27.28 54.58 15.51 

Total 876       
2 Note that the mean sessions is a per student average. 

Table 2.3 similarly shows LMS usage for overall sessions, lecture sessions, and 

workshop sessions, but splits the data by gender instead of by final course grade. The 

data indicate that, on average, female students (mean=152.65), interacted with the LMS 

more than male students (mean=147.53). Thus, subsequent analyses control for this 

variable. 

Table 2.3: LMS Usage by Gender  

  

Overall 
Sessions 

Lecture 
Sessions 

WS Sessions 

Gender Count 
Mean 

Sessions 
Stdv 

Mean 
Sessions 

Stdv 
Mean 

Sessions 
Stdv 

Male 672 147.53 56.24 119.96 47.75 71.07 38.22 

Female 204 152.65 42.87 123.55 35.18 71.99 27.00 

As noted, students could access multiple tools during each session.  For some tools, 

such as messages, only a portion of the workshop leaders granted their students’ 

access by turning that tool function “on.” Almost 70% of the time that students logged 

onto the LMS, they would utilize the resources and/or the assignments tools. This 

finding aligns with previous research that describes LMS functionality as transactional 

warehouses for students to retrieve and submit documents (Macfadyen & Dawson, 

2012). Educational technology proponents point to the potential for LMS functions to 
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enable greater collaboration and interaction between students and their instructors 

(Dahlstrom, Brooks, & Bichsel, 2014).  However, for this class over 30% of the students 

did not use the “messages” tool at all.  

Table 2.4: LMS Usage by Tool  

Overall Sessions    

Tools Count 
Mean 

Sessions 
Stdv % Use 

Resources 876 141.25 51.52 41.08% 

Announcements 872 10.19 8.85 2.96% 

Assignments 876 97.82 33.23 28.45% 

Gradebook 876 52.62 40.02 15.30% 

Messages 605 3.27 3.35 0.95% 

Quiz 876 30.28 14.35 8.81% 

Syllabus 867 8.45 5.40 2.46% 

 

2.5.2 Research Question 1 

RQ-1 
How do course grades vary based on the overall number of LMS sessions 

per student? 

 

2.5.2.1 Model Selection  

 To understand the relationship between LMS usage and final course grade, two 

competing models were developed. Model 1 included an interaction effect with LMS 

usage and Gender, and Model 2 did not include the interaction. Both models include 

interaction effects for LMS usage and lecturer and workshop leader, depicted below as 

(US.Lecture_c x Lecturer) and (US.WS_c x WSL) respectively. An interaction effect 

would be able to determine if the relationship between LMS usage and final grade was 

different for male and female students.  

Variables entered into these models were as follows: 

 Course GPA: Dependent continuous variable which describes a student’s final 

 grade within the course, where an A is a 4.0, A- 3.7, B+ 3.3, B 3.0, B- 2.7, C+ 

 2.3, C 2.0, C- 1.7, D+ 1.3, D 1.0, D- 0.7, and F 0.0. Students who withdrew 

 from the course (W) where not included in these analyses. Min=0.0, Max=4.0, 

 Mean=2.899, Median=3.000. 
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 Unique Sessions.Lecture_c: Independent continuous variable which describes 

 the number of sessions that a student utilized the lecture portion of the LMS 

 during the Fall semester. Min=28, Max=487, Mean= 119.6, Median= 112.5. The 

 variable is centered at the mean.  

 Unique Sessions.WS_c: Independent continuous variable which describes the 

 number of sessions that a student utilized the workshop portion of the LMS 

 during the Fall semester. Min=23, Max=377, Mean=71.1, Median=63. The 

 variable is centered at the mean. 

 Gender: Control variable which indicates Male or Female. 

 Lecturer: Control variable (categorical) which denotes the student’s lecturer 

 for the course. There are five levels for this variable (i.e., 5 different lecturers).  

 Workshop Leader: Control variable (categorical) which describes the 

 student’s workshop leader for the course. There are 16 levels for this 

 variable (i.e., 16 different workshop leaders).  

Using these variables, the two starting models were as follows: 

Model1: Course GPA=Unique Sessions.Lecture_c + Unique Sessions.WS_c + Gender 

+ Lecturer + WSL + (US.Lecture_c x Gender) + (US.WS_c x Gender) +      

(US.Lecture_c x Lecturer) + (US.WS_c x WSL)  

Model2: Course GPA=Unique Sessions.Lecture_c + Unique Sessions.WS_c + Gender 

+ Lecturer + WSL + (US.Lecture_c x Lecturer) + (US.WS_c x WSL) 

To minimize the chance of randomness, a simulation was created to develop a training 

set and a validation set on both models. The five steps below show the process for 

developing the simulation for Model 1 and Model 2: 

 Step 1: 600 of the 876 students were randomly selected to be included in the  

  training set. The 276 students that were not part of the training set   

  comprised the validation set. 

 Step 2: Each of the above models used the training set data to create   

  prediction models.  

 Step 3: Students from the validation set were used to calculate the model error  

  for each of the 2 models. 

 Step 4: A simulation was created to repeat Steps 1-3, 1000 times.  

 Step 5: For model selection, the mean of the mean square error (MSE) and  

  mean square predicted error (MSPE) were calculated for each, along with  

  the frequency of minimum values in each model iteration for MSPE. 
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2.5.2.2 Model Selection Results 

 As shown in Table 2.5, both models performed fairly similarly. Model 1 (with 

Gender interactions) had a mean MSPE of 0.4505, and of the 1,000 simulations 

produced 532 of the lowest pairwise MSPE when compared with Model 2. For Model 2, 

the MSPE was 0.4495, which is 0.001 lower than Model 1. Because both models 

display very similar fits with the data, Model 2 was selected for further analyses 

because it is more parsimonious.  

Table 2.5: Simulation Model Results  
Model 1 Model 2 

MSE mean 0.3876 MSE mean 0.3892 

MSPE mean 0.4505 MSPE mean 0.4495 

MSPE min 
value 

532 
MSPE min 
value 

468 

 

2.5.2.3 Analyses 

 The first ANOVA model for Model 2, (now referred to as “Model 2a”), indicates 

that there is no significant interaction effect between unique sessions on the lecture site 

and the lecturer. That interaction was removed because it is non-significant; Model 2b 

dropped the interaction effect so that the main effect can be analyzed. Overall Model 2b 

is significant at F(37,826)=3.071, p-value <.001 (Table 2.6).  

Table 2.6: ANOVA results for Model 2a and 2b, with grade as the dependent variable 

Model 2   F scores, N=864     

ANOVA US.Lecture^ US.WS^ Gender Lecturer WSL 
US.L^ x 
Lecturer 

US.WS^ 
x WSL 

R^2-
Adj 

Residual 
SE 

Model 2a  6..49* 1.06 2.96 1.49 2.20** 1.76 2.11** 0.085 0.644 

Model 2b 7.44** 0.62 3.23`` 1.65 2.08** dropped 2.06** 0.082 0.645 

p<.001 ***, p<.01 **, p<.05 *, p<.10’’        

^centered at mean         

Before interpreting this model, two characteristics were evaluated: generalizability and 

fit. To check for the generalizability of the model, multicolinearity and homogeneity of 

variances were inspected. The Variance Inflation Factor (VIF) was used to check for 

multicollinearity among the independent variables within Model 2b, and results of 2.07 

and 3.69 for unique sessions on the lecture site and unique sessions on the workshop 

site, respectively, indicate that there may be issues because the values were just 
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outside the suggested limits of 3.0. Multicollinearity is important to investigate so that 

one can determine whether or not variables within a regression model are different from 

one another. It would not be prudent to include variables within a model that are highly 

correlated with one another.  This issue was mitigated within Model 2d, which is 

subsequently described. 

Bartlett’s test for homogeneity of variances was performed for each factor level group 

(Gender, Lecturer, WSL), and all three tests were not statistically significant with p-

values of .846, .095 and .209, respectively for each factor level group, which suggests 

the assumption of equal variances across groups for the response variable, GPA, 

cannot be rejected. Therefore it is acceptable to use analysis of variance for the data.  

Next, the model was checked for outliers to investigate the model fit to the data. Multiple 

cases (i.e., students) were outside the acceptable range for outliers, and thus those 

students were poorly predicted by the model.  Appendix A contains a discussion further 

exploring outliers.  Figure 2.3 shows four plots to understand the influence and leverage 

of the residuals from Model 2b. Because there are multiple cases (i.e., students) that 

are outside the acceptable range for outliers (e.g., as seen on the tails of the Normal Q-

Q plot), a few values fell outside the absolute value of three for studentized residuals.  

Those students were poorly predicted by the model. Additionally, the Residuals vs 

Leverage plot shows that there are no cases that have both a large residual and large 

leverage, which would indicate undue influence on the model as a whole. Again, 

additional figures regarding outlier inspection can be found in Appendix A.  
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Figure 2.3: Outlier inspection of Model 2b on the residuals 

Many researchers choose to remove these “outliers”, from their data sets; however, 

Bellio and Ventura (2005) argue that removing data points in that manner is 

unwarranted and incorrect. Thus, a robust regression model using Huber weights 

instead was used to combat the effect of the “outliers,” which calculates weights based 

on residual values. If residuals are small, they have weights of one, just like ordinary 

least squares regression, but when residuals are large, they are given a reduced 

weight, depending on the magnitude of the residual. Figure 2.4 shows how each student 

observation (ID#) was weighted. 

  
Figure 2.4: Huber Weights for each 864 Students (note: where ID numbers appear, 

weights are less than 0.5). 
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Results from the robust analysis provided almost a 15% decrease in error from the 

previous Model 2b (shown in Table 2.6). The robust ANOVA model, Table 2.7, indicates 

that use of the LMS on the lecture site (US.Lecture^) and the lecturer of the section 

have a significant relationship with the final grade in the course. Additionally, there is an 

interaction between use of the LMS on the workshop site and students’ workshop leader 

(US.WS^ x WSL). The relationship between final course grade and use of the LMS on 

the workshop site differed depending on students’ workshop leader. It would be 

expected that the use of the LMS on the workshop site would have a positive 

relationship with final course grade, much like the use of the LMS on the lecture site 

indicated. However, the interaction effect was not expected. Additionally, the ANOVA 

model indicates that there are no significant differences at the .05 level for gender 

(male/female) and final course grade. To see the extent to which each variable relates 

to final course grade, the regression output can be found in Appendix B. 

Table 2.7: ANOVA results for Robust Model, with grade as the dependent variable  
Model 

2c 
F scores, N=864   

  

Robust 
ANOVA 

US.Lecture^ US.WS^ Gender Lecturer WSL 
US.L^ x 
Lecturer 

US.WS^ 
x WSL 

R^2-
Adj 

Residual 
SE 

Model 
2c 

4.79* 0.25 3.55`` 2.40* 1.90* dropped 1.96* .073 0.554 

p<.001 ***, p<.01 **, 
p<.05*,p<.10 `` 

^centered at mean 

 

Figure 2.5 shows students’ LMS workshop site usage at 10%, 25%, 50%, 75% and 90% 

quantiles (centered at mean) by predicted final grade for each of the 16 workshop 

leaders (the different lines). As noted, there is a significant interaction between the use 

of the LMS workshop site and workshop leader, which can be seen visually by 

intersecting prediction lines. Not only are some slopes positively steeper from one 

quantile to the next, but as a majority exhibit a positive relationship, there are a few 

workshop leaders whose students actually exhibit a negative relationship between LMS 

workshop site usage and class grades.  
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Figure 2.5: Varying quantiles of LMS WS Usage for students enrolled in courses taught 

by 16 different workshop leaders (each line) 

Further Investigating the Interaction Effect 

Because there are 16 different workshop leaders, workshop leaders were placed into 

three groups to reduce the number of required post hoc comparisons. Grouping the 16 

different workshop leaders into three groups will not harm the investigation because the 

goal of the research is to understand broad patterns as opposed to singling out an 

individual workshop leader. 

Table 2.8 shows the correlation of final course grade and LMS workshop site usage for 

each of the 16 workshop leaders. Three groups were formed on the basis of their 

correlations. The low/negative correlation group (Group 1) consists of correlational 

values ranging from -0.093 to 0.062 and includes four workshop leaders. Group 2 

consists of six workshop leaders with correlations ranging from 0.143 to 0.244, and 

Group 3 is comprised of six workshop leaders with correlations ranging from 0.320 to 

0.435.  
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Table 2.8: Correlation between Grade and Unique Sessions on WS Site by workshop 

leader 

WSL Group r  
p-

value 
WSL Group r  

p-
value 

WSL Group r  
p-

value 

WSL 2 1 0.017 .887 WSL 1 2 0.143 .506 WSL 9 3 0.357 .007 

WSL 4 1 0.017 .887 WSL 3 2 0.202 .072 WSL 11 3 0.349 .016 

WSL 10 1 -0.093 .684 WSL 5 2 0.237 .097 WSL 12 3 0.435 .003 

WSL 14 1 0.062 .611 WSL 6 2 0.232 .262 WSL 13 3 0.320 .035 

    WSL 7 2 0.244 .049 WSL 15 3 0.349 .003 

    WSL 8 2 0.200 .079 WSL 16 3 0.393 .064 

 

Model 2d uses the three workshop leader grouping levels within the robust generalized 

linear model instead of the original 16 levels. Because the model changed to three 

levels for the workshop leaders, new VIF measures were calculated to test for 

multicollinearity. Unique sessions on the lecture site and workshop site have a VIF of 

2.02 and 2.66, respectively, which indicates no issues with multicollinearity for Model 

2d, which is another reason for grouping workshop leaders.  

Table 2.9 displays the F values for each variable within the model, along with the 

adjusted r-squared value and residual standard error. Even though Model 2d has a 

small increase in residual standard error (0.014), the amount of variation the model 

explains increased from 7.3% to 10.1%. Findings from the robust ANOVA indicate that 

unique sessions on the lecture site have a significant relationship with a student’s final 

grade. However, a student’s gender (male/female) and their lecturer did not have a 

significant relationship with their final grade, as shown by the lower F values in Table 

2.9. However, there is still a significant interaction effect (US.WS^ x WSL.G) between 

LMS usage on the workshop site and the WSL (Figure 2.6), which means that the 

relationship with student LMS usage and final grade depends on who their workshop 

leader was. Table 2.10 includes the regression coefficients from the analysis and shows 

that students in workshop leader group 3 increase their GPA in the course by 0.06 

points for every 10 additional unique sessions on the LMS at a p-value of less than 

.000, as compared with students who are in sections with workshop leaders from group 

1. Also, workshop leader group 3 students have an increase of 0.03 GPA points for 
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every 10 additional unique sessions on the LMS at a p-value of .04, as compared to 

students who had a workshop leader in group 1.  

Table 2.9: Robust ANOVA with WSL at 3 Levels, with grade as the dependent variable 
Model 

2d 
F scores, N=864     

Robust 
ANOVA 

US.Lecture^ US.WS^ Gender Lecturer WSL.G 
US.L^ x 
Lecturer 

US.WS^ x 
WSL.G 

R2-
Adj 

Residual 
SE 

Model 
2d 

5.17* 1.93 0.54 1.84 0.29 dropped 7.71*** .101 0.568 

p<.001 ***, p<.01 **, p<.05 *        

^centered at mean         

Model 2d: WSL's are grouped into 3 levels        

Table 2.10: Model 2d Coefficients (‘_c’=variable is mean centered), with grade as the 

dependent variable  

Term Estimate SE t Ratio p-value 
Standard 

Beta 

(Intercept) 2.820 0.088 32.074 .000 - 

US_c 0.002 0.001 2.273 .023 0.152 

US.ws_c -0.002 0.002 -1.388 .165 -0.122 

Male 0.039 0.054 0.731 .465 0.025 

Lecturer2 0.116 0.086 1.357 .175 0.207 

Lecturer3 0.028 0.089 0.317 .752 0.033 

Lecturer4 0.146 0.079 1.847 .065 9.785 

Lecturer5 0.203 0.101 2.014 .044 10.676 

WSL.G 2 -0.024 0.062 -0.388 .698 -0.015 

WSL.G 3 -0.047 0.062 -0.756 .450 -0.083 

US.ws_c: WSL.G2 0.003 0.002 2.062 .040 0.004 

US.ws_c: WSL.G3 0.006 0.002 3.924 .000 0.421 

Note: Female, Lecturer 1 and Workshop Leader Group 1 are references. 
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Figure 2.6: 3 levels of WSL.G at 10%, 25%, 50%, 75% and 90% quantiles of LMS    

  WS Usage 

Figure 2.7 shows the 90% confidence intervals (CI) for student usage of the workshop 

LMS site at the five different quantile levels mentioned previously for each of the three 

workshop leader groups. Where the CI does not overlap, there is a significant difference 

between groups and predicted final grade (which accounts for the other variables within 

the model) at the .10 alpha level. As shown, there is only a significant difference at the 

10% level of usage between Groups 1 and 3. Additional analyses show that as the CI 

becomes less stringent (from 90% to 80%), there are more significant differences (as 

anticipated). If there were more students within each group, the error bars would be 

smaller and more likely to show significant differences as well.   
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Figure 2.7: 90% Confidence Intervals for Workshop Site Usage and Final Grade 

The previous analyses addressed the first research question, which focused on the 

relationship between LMS usage and a student’s final grade when controlling for other 

factors, such as gender and instructor. Analyses show that the more students use the 

lecture site, the more likely they are to earn a higher grade. That finding is logical 

because the LMS lecture site is the location where students access and turn in 

homework assignments. However, the same finding did not hold for the relationship 

between LMS usage on the workshop site and final grade. The relationship between the 

two was contingent on a student’s workshop leader. This finding indicates that 

workshop leaders may be using the LMS site differently, which results in some students 

gaining more value from the technology than other students.  

These results suggest that LMS data may be a proxy for measuring student 

engagement with course content. The analyses focused on research question one 

showed that, overall, the higher frequency of student engagement with the LMS, at any 

level, the better they tended to fair within the course as measured by final course grade. 

Having an understanding of student engagement with course content is an important 

technological advantage that instructors could use to monitor their students’ 

engagement with the course material. 
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2.5.3 Research Question 2 

This section presents a similar series of models as those addressing Research 

Question 1. In this analyses, however, separate models were run for each tool within 

the LMS to address Research Question 2:  

RQ-2 
How do course grades vary based on the number of LMS sessions per student for 

different tools? 

 

Table 12 presents an overview of the LMS tool usage by workshop leader group (as 

grouped earlier for Research Question 1). There are two main takeaways from Table 

2.11. First, workshop leader group 1 students have the highest GPA for the course, but 

they generally have the lowest LMS usage on average and they had limited use of the 

messages tool and no use of the quiz tool. Second, it depends on the student’s 

workshop leader what type of relationship LMS usage had with final course grade, as 

seen in Figure 8. For instance, when a student uses the messages and quiz tools 

sometime during the semester they tend to have higher LMS usage on all other tools on 

average (bottom half of Table 2.11). This finding suggests that the messages and quiz 

tools can potentially be “gateway” tools to more overall LMS usage. 

Table 2.11: Workshop Site Tool Use by Workshop Leader Group  

 median (MAD) mean (sd)  

 Resources Announce. Assign. Gradebook Mess. Quiz  Course GPA n 

WSL.G 1 59 (19.3) 3 (3.0) 27 (10.4) 21.5 (12.6) 0 (1.3) 0 (0) 2.94 (0.6) 240 

WSL.G 2 61 (20.8) 4 (3.0) 28 (10.4) 22 (14.8) 1 (2.1) 4 (3.0) 2.87 (0.7) 328 

WSL.G 3 62 (22.2) 4 (3.0) 28 (11.9) 19.5 (14.1) 1 (3.2) 3 (4.5) 2.89 (0.7) 308 

if used Messages and Quiz tool on WS site 

WSL.G 2 69 (23.7) 4 (3.0) 29.5 (11.1) 25 (16.3) 2 (1.5) 5 (3.0)   144 

WSL.G 3 69 (25.2) 5 (4.5) 28 (10.4) 23 (17.8) 3 (3.0) 6 (4.5)   127 

 

2.5.3.1 Analyses 

 Seven different tools were investigated for these analyses which were either 

used on the lecture site, workshop site, or both. A separate robust generalized linear 

model was developed for each tool that follows the format of Model 2d (i.e., US.L^ x 

Lecturer is dropped) from the Research Question 1 analysis.  When appropriate, a new 

model was developed to include the LMS usage on the lecture site and lecturer 
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interaction. Multicollinearity was checked for each model; variables in all models were 

within acceptable limits. Table 2.12 shows the F-scores for each of the models on the 

seven separate tools to identify significant relationships, and Table 2.13 shows the 

regression coefficients to understand the relative relationship of each variable with final 

course grade. For instance, relative to students who had a workshop leader in Group 1, 

students who had a workshop leader categorized within group 3 had a predicted 

increase in course GPA ranging from 0.131 to 0.465 as students used four out of five 

tools available more frequently. Similarly, relative to students who had Lecturer 1, 

students who had Lecturers 4 or 5 were predicted to have an increased course GPA as 

they used each LMS tool more frequently. 

Table 2.12: Individual Tools Robust Generalized Linear Models, with grade as the 

dependent variable 

Tools F scores, N=864   

 US.Lecture^ US.WS^ Gender Lecturer WSL.G 
US.L^ x 
Lecturer 

US.WS^ 
x WSL.G 

R2-   
Adj 

Resources 3.57`` 1.55 0.42 1.91 0.25 dropped 8.15*** 0.056 

Announcements 2.08 0.84 0.01 1.33 0.26 2.56* 2.57`` 0.005 

Assignments 25.96*** 2.12 1.32 2.04 0.30 dropped 5.82** 0.084 

Gradebook 0.42 0.41 0.26 1.92 0.33 dropped 6.61** 0.033 

Messages 0.37 9.01** 0.20 1.81 0.47 2.47* 4.63** 0.016 

Quiz 8.15*** 0.02 0.04 1.65 0.26 dropped dropped 0.006 

Syllabus 0.003 N/A 0.13 1.33 0.24 dropped N/A -0.01 

p<.001 ***, p<.01 **, p<.05 *, p<.10 ``, 
^centered at mean 
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Table 2.13: Unstandardized Coefficients (Standardized) for Each Tool, with grade as 

the dependent variable 

  Resources Announce. Assignment Gradebook Messages Quiz Syllabus 

Intercept 2.83*** 2.86*** 2.82*** 2.82*** 2.74 *** 2.85*** 2.85*** 

(tool).Lec_c .002 (.13)'' .011(.11) .006 (.24)*** .001 (.06) -.01 (-.04) .006 (.11)** .00 (.00) 

(tool).WS_c -0.002 (-0.11) -.011 (-.08) -.004 (-.09) -.002 (-.07) -.11 (-.38)** .001 (.01) N/A 

Male .04 (.02) .006 (.004) .062 (.04) .028 (.02) .02 (.02) .01 (.01) .02 (.01) 

Lecturer 2 .11 (.20) .105 (.19) .116 (.21) .142 (.25) .12 (.21) .13 (.22) .11 (.19) 

Lecturer 3 .02 (.03) .040 (.05) .009 (.01) .051 (.06) .06 (.07) .04 (.04) .04 (.05) 

Lecturer 4 .15 (9.56)'' .146 (1.43)`` .138 (5.42)`` .166 (7.75)* .15 (.41)`` .15 (2.84)`` .14 (1.17)`` 

Lecturer 5 .20 (9.84)* .169 (1.09) .204 (5.25)* .209 (8.60)* .25 (.89)* .20 (1.39)`` .18 (.11)`` 

WSL.G 2 -0.03 (-.02) -.030 (-.02) -.039 (-.02) -.026 (-.02) .07 (.04) -.04 (-.02) -.02 (-.04) 

WSL.G 3 -0.04 (-.08) -.046 (-.08) -.046 (-.08) -.05 (-.09) .05 (.08) -.05 (-.09) -.05 (-.05) 

(tool).Lec_c 
x Lec 2 

N/A -.028 (-.03)* N/A N/A .03 (.03) N/A N/A 

(tool).Lec_c 
x Lec 3 

N/A -.003 (-.03) N/A N/A .13 (.34)** N/A N/A 

(tool).Lec_c 
x Lec 4 

N/A .010 (.06) N/A N/A .07 (.24)* N/A N/A 

(tool).Lec_c 
x Lec 5 

N/A -.019 (-.01) N/A N/A .07 (.04) N/A N/A 

(tool).WS_c 
x WSL.G 2 

0.003 (.004)* -.010 (-.02) .003 (.003) .006 (.01)** .08 (.15)* N/A N/A 

(tool).WS_c 
x WSL.G 3 

0.007 (.44)*** .019 (.02) .01 (.47) ** .007 (.31)** .11 (.13)** N/A N/A 

p<.001 ***, p<.01 **, p<.05 *, p<.10 ``, Reference Levels: Female, Lecturer 1, WSL Group 1, 

 _c=mean centered 

Each tool is described in the sections that follow for differences among the group level 

variables (lecturer and workshop leader group) using similar graphical depictions of 

quantile usage on the respective LMS site (lecture or workshop) as in previous 

analyses. Also, the quantile confidence intervals for group comparisons for each tool 

can be found in Appendix C. 

2.5.3.2 Resources Tool  

 The model for the resources tool is able to explain 5.6% of the variation in final 

course grade.  

Similar to the Research Question 1 result, there is a significant interaction on final 

course grade for the use of the resources tool on the workshop site and the workshop 

leader group. Figure 2.8 demonstrates that students enrolled in workshop leader group 

3 sections vary from a predicted final grade of 2.75 (i.e., B-) at the 10% usage quantile 

to a 3.05 (i.e., B) at the 90% quantile of usage of the resources tool. Contrastingly, 

students enrolled in workshop leader group 1 sections had a 3.00 (i.e., B) predicted final 
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grade at the 10% quantile of usage, and a 2.85 (approaching B-) predicted final grade at 

the 90% quantile. Thus, students who had a workshop leader in group 1, on average, 

exhibited a negative relationship between use of the resources tool and final grade.  

The magnitude of the relationships for the resources tool can be understood by 

investigating the regression coefficients in Table 2.13. Each additional use of the 

resources tool on the lecture site above the mean is associated with an increase in a 

student’s final grade by 0.002 grade point average points (or an increase in 0.126 of a 

standard deviation for each standard deviation increase in use of the resources tool, as 

denoted by the beta coefficient). For the workshop site, the magnitude of the 

relationship between resources tool usage and grades varies based on the student’s 

workshop leader. Students with a workshop leader from group 3 instead of one from 

group 1 exhibited a 0.443 beta coefficient. 

 
Figure 2.8: Interaction Effect b/t WSL.G and Resource Usage 

2.5.3.3 Announcements Tool 

 The R-squared value for the announcements tool indicates that the model is able 

to explain just 0.5% of the variation in final course grade. Even though that is a low 

percentage of variation explained, the goal of this research is not to create a 

comprehensive model to predict final course grades; rather, the goal is to understand 

the LMS tools that exhibit relationships with course performance.   
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The analyses from the announcement tool uncover a new interaction effect not 

previously observed between the lecturer and student usage of the lecture site (note: a 

similar finding will be subsequently described for the messages tool). The interaction 

effect indicates that the slopes are different for the relationship between using the 

announcements tool on the lecture site and final course grade, dependent upon the 

student’s lecturer. As shown in Figure 2.9, three of the lecturer groupings have a 

positive relationship with announcement tool usage and final course grade, whereas two 

of the lecturers have a negative relationship. Also, in Appendix C, Figure C2-a shows 

that there are significant differences at the alpha .10 level between lecturer and the 90th 

percentile usage of the announcements tool on the lecture site.  

The announcements tool only has one significant predictor for final grade, which is 

between lecturer 1 and lecturer 2. Compared to lecturer 1, if a student had lecturer 2, 

their final course grade decreased by 0.32 standard deviations for each standard 

deviation increase in use above the mean for the announcements tool.  

 
Figure 2.9: Interaction Effect b/t Lecturer and Announcement Usage                               
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2.5.3.4 Assignments Tool 

 The R-squared value for the assignments tool indicates that the model is able to 

explain 8.4% of the variation in final course grade, which is the largest value for all of 

the tools.  

The assignments tool continues the trend of the previous tools in that there is a 

significant interaction effect between usage on the workshop site and workshop leader 

group (Appendix C-Figure 3a). As workshop leader groups 1 and 2 have a slight 

negative relationship between tool usage and final course grade, workshop leader 

group 3 GPA increases from 2.7 to 3.2 from the 10% to 90% quantile use. Additionally, 

there were significant differences at the alpha .10 level between groups in the 

relationship between tool usage and final course grade (Appendix C-Figure 3b). At the 

10%, 25%, and 90% quantiles of usage, there were differences between workshop 

leader groups 1 and 3 on final course grade.  

Usage of the assignments tool had the largest relationship with final course grade for 

both the lecture site and the workshop site. For each additional use of the assignments 

tool on the lecture site above the mean, students exhibited a 0.006 point increase in 

their final grade point average for the course, which is the largest positive effect of all 

tools on the lecture site (see Table 14). The use of the assignments tool on the 

workshop site also includes the largest effect between workshop leader groups 1 and 3, 

at 0.465 standard deviations.    

2.5.3.5 Gradebook Tool 

The model for the gradebook tool is able to explain 3.3% of the variation in final course 

grade.  

There are differences in the relationship between use of the gradebook tool and final 

course grade depending on workshop leader group, which is a consistent finding across 

tools. However, unique to this tool, workshop leader groups 2 and 3 appear to have 

similar slopes. Again, students in workshop leader group 1 exhibit a negative correlation 

between usage and final course grade. Unlike the other tools investigated so far, the 

gradebook tool does not have any significant differences between workshop leader 
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group and usage on the workshop site with final course grade at the alpha .10 level 

(Appendix C-Figure 4b).  

2.5.3.6 Messages Tool 

The model for the messages tool is able to explain 1.6% of the variation in final course 

grade.  

The messages tool model yielded similar finding to the announcements tool–there is a 

significant interaction effect between tool usage on the lecture site and lecturer, 

F(4,826)=2.47, p-value <.05, as well as usage on the workshop site and the workshop 

leader group F(15,826)=4.63, p-value <.01, with respect to final course grade point 

average.  

There are significant differences between lecturers at the 75th percentile usage on the 

messages tool on the lecture site at the alpha .10 level between lecturer 1 and lecturers 

4 and 5. Additionally, on the workshop site, there is a significant difference between 

workshop leader group 1 and workshop leader group 3 at the alpha .10 level on 

message tool usage on the workshop site and final course grade (Appendix C-Figure 5 

a, b).  

The messages tool has four coefficients that are significant. The effect of use of the 

messages tool for lecturer 3 differs significantly from lecturer 1 with a standard beta of 

0.339 (p-value <.01), and lecturer 4 differs significantly from lecturer 1 with a standard 

beta of 0.238 (p-value<.05). Also, workshop leader group 2 and group 3, in reference to 

group 1, have standard beta coefficients of .150 (p-value<.05) and .111 (p-value <.01), 

respectively (Table 14).  

2.5.3.7 Quiz Tool 

The model for the quiz tool is able to explain 0.6% of the variation in final course grade.  

Usage of the quiz tool did not have any differences between any of the lecturers and 

workshop leader groups. However, the use of the quiz tool on the lecture site had 

statistically significant relationship with final course grade with a standard beta of 0.109 

(p-value <.01) (Table 14).  
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2.5.3.8 Syllabus Tool 

Finally, the model for the syllabus tool poorly predicted final course grade. Students’ use 

of the syllabus tool, which was only available on the lecture site, did not differ 

significantly between lecturers, and use of the syllabus tool was the poorest indicator of 

how well a student would perform in the course.  

2.5.3.9 Summary 

 In summary, the different LMS tools available to students exhibit a varying 

degree of relationship to a student’s final course grade. Demonstrating that there were 

differences between either lecturers or workshop leader groups for all tools, except the 

quiz and syllabus tools, further validates the overall findings from Research Question 1, 

which discussed those differences at a higher level. The significant interaction effects, 

which again were not expected in this study, pose a question of why students in 

different sections exhibited differential relationships between LMS tool usage and final 

course grades.  

Findings also showed that some tools, especially on the lecture site, had greater 

relationships with students’ course performance than others tools. For instance, the use 

of the resources and assignments tool were two of the tools on the LMS that exhibited 

the largest effect sizes. These two tools have been shown in the literature as the most 

influential indicators of student success, which has also led some to call the LMS 

nothing more than a content distributor where students retrieve and submit course 

material and assignments (Weaver, Spratt, & Nair, 2008) . However, there are other 

tools, such as the quiz tool, that also can be operationalized for student success. 

Knowing which tools are important for student success, and which tools may best 

capture student engagement with different aspects of a course, are vital to creating 

future value through using the LMS. 

Additionally, when given autonomy, instructors varied not only on the features they 

turned “on” for their students to use, but also on how course grades related to tool 

usage. This finding leads to a policy consideration in how instructors are trained on the 

LMS. Instructor and graduate teaching assistant training is an important component of 

developing a technological environment for student success (Iwasaki, Tanaka, & 
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Kubota, 2011). If not all students are receiving the same level or kind of teaching and 

learning throughout various sections of the same course yet receive the same credential 

at the conclusion of the course, this finding merits further consideration.  It 

demonstrates that analyzing LMS usage across sections may provide insight on how 

learning environments differ for the same course.  

2.5.4 Research Question 3 

RQ-3 How does the timing and frequency of Scholar tool usage relate to course grades? 

 

 The final set of analyses investigates variables related to the timing and 

frequency of student use of the LMS. One major shift relative to the analyses associated 

with Research Questions 1 and 2 is that the following analyses take a combined overall 

view of the LMS and do not break up usage by lecture and workshop sites. This 

decision was made because the focus of this analysis is on how students use the 

system at a higher level as opposed to understanding what they are actually doing 

within the LMS.  

These analyses use the following variable definitions: 

 Unique Sessions: Dependent Variable, a total of the number of times a student 

 used the LMS for each day of the semester.   

 Day: Independent Variable (categorical), Mon, Tue, Wed, Thurs, Fri, Sat, Sun. 

 Semester Week: Independent Variable (continuous), 1-16, to denote the week of 

 the fall semester.   

 Next Test: Independent Variable (continuous), 0-41, to denote how many days 

 until the next test, 0 indicates test day, the maximum, 41, was the maximum 

 between test days.   

 WSL: Control Variable (categorical), with 16 levels of workshop leader.  

 Lecturer: Control Variable (categorical), with 5 levels for lecturer.  

 Gender: Control Variable (categorical), with 2 levels, Male/Female. 

 Grade: Control Variable (categorical), with 5 levels for a students’ final course 

 grade, (A, B, C, D/F, W). 

  

As in prior analyses a generalized linear model was developed to understand group 

differences (ANOVA) as well as identify the relative relationships of independent 

variables and daily LMS usage (regression). However, since the dependent variable in 
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this analysis is a count of the total number of times a student used the LMS each day, a 

Poisson model was most appropriate for this type of count data and is depicted below:  

US=day+semesterWeek+next.test+WSL+Lecturer+Gender+ semesterWeek*next.test + 

day*grade+semesterWeek*grade+next.test*grade 

The ANOVA results shown in Table 2.14 indicate that all factors were significant at the 

p<.001 level. Note that the interaction between next test and grade was removed, and 

the model was reanalyzed without it because it was not significant during the first 

model. The adjusted r-squared value of 0.163 indicates that the model is moderately 

able to predict daily student usage of the LMS.  

Table 2.14: ANOVA output for the Robust Poisson Model 

 Df F Pr(>F) 

(Intercept) 1 1034.59 .000 

day 6 476.54 .000 

semesterWeek 1 854.46 .000 

next.test 1 788.57 .000 

WSL 15 14.16 .000 

Lecturer 4 8.16 .000 

Gender 1 66.87 .000 

semesterWeek: next.test 1 281.84 .000 

day: grade 28 15.29 .000 

Semester Week: grade 4 8.13 .000 

Residual DF 97174   
  
  
  

Residual SE 1.132 

Adj-R-Squared 0.163 

To gain a deeper understanding the relationship with LMS usage for these variables, 

the unstandardized coefficients in log and anti-log form are presented in Table 2.15. For 

example, the anti-log estimate for Monday (with reference to Friday) is 1.865, which can 

be interpreted as follows: students log on to the LMS on Monday’s 1.865 times more 

than on Friday’s. In another example for a continuous variable, -1.075 for semester 

week is interpreted as follows: for each unit increase in semester week, students use 

the LMS 7.5% less.  

The results indicate that the best predictor for the timing of students’ LMS usage is the 

day of week.  Students used the LMS 3.074 times more on Wednesday than on Friday. 
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However, because there is an interaction effect, it is best to interpret usage on a 

particular day by students’ final grade in the course, as discussed subsequently.  

For a more in depth look at the group differences, Figures 2.10-a and b show interaction 

graphs and 95% confidence intervals for the interaction of semester week and grade. Of 

particular note is that students who withdraw from the course with a grade ‘W’ used the 

LMS during the first week at the same daily rate as students who earned an A, and at 

the same daily rate as students who earned a B or C at week four.  At weeks 8, 12, and 

15, the ‘W’ students reduced daily LMS usage considerably. Thus, these findings could 

potentially be fed to instructors and to students to emphasize the importance of 

continuing to engage with course materials on the LMS throughout the semester. 

Table 2.15: Unstandardized Log Coefficients (Col 2, 8) & Anti-Log Equivalents (Col 3, 9) 

RLM 
log 
Est 

exp 
Est 

Std. 
Error 

t-value 
p-

value 
RLM 

log 
Est 

exp 
Est 

Std. 
Error 

t-value 
p-

value 

(Intercept) 1.608 4.993 0.050 32.165 0.000 
Mon: 

B 
-0.104 -1.110 0.034 -3.105 0.002 

Mon 0.623 1.865 0.034 18.315 0.000 
Tue: 

B 
-0.151 -1.163 0.034 -4.513 0.000 

Tue 0.865 2.375 0.034 25.407 0.000 
Wed: 

B 
0.108 1.114 0.034 3.212 0.001 

Wed 1.123 3.074 0.034 32.966 0.000 
Thur: 

B 
-0.204 -1.226 0.034 -6.092 0.000 

Thur 0.446 1.562 0.034 13.094 0.000 
Fri: 
B 

-0.089 -1.093 0.034 -2.659 0.008 

Sat -0.421 -1.524 0.035 -12.149 0.000 
Sat: 

B 
-0.115 -1.122 0.034 -3.407 0.001 

Sun 0.117 1.124 0.034 3.444 0.001 
Sun: 

B 
-0.159 -1.172 0.032 -4.917 0.000 

Male -0.077 -1.080 0.009 -8.177 0.000 
Mon: 

C 
-0.396 -1.486 0.039 -10.059 0.000 

Semester 
Week 

-0.072 -1.075 0.002 -29.231 0.000 
Tue: 

C 
-0.322 -1.380 0.039 -8.165 0.000 

next.test -0.019 -1.019 0.001 -28.082 0.000 
Wed: 

C 
0.121 1.129 0.039 3.063 0.002 

Semester 
Week: 

next.test 
0.001 1.001 0.000 16.788 0.000 

Thur: 
C 

-0.322 -1.380 0.039 -8.180 0.000 

Semester 
Week: B 

0.002 1.002 0.002 1.046 0.295 
Fri: 
C 

-0.203 -1.225 0.039 -5.155 0.000 

Semester 
Week: C 

0.005 1.005 0.003 2.042 0.041 
Sat: 

C 
-0.234 -1.264 0.040 -5.923 0.000 

Semester 
Week: D/F 

-0.001 -1.001 0.006 -0.154 0.877 
Sun: 

C 
-0.358 -1.431 0.038 -9.429 0.000 

Semester 
Week: W 

-0.035 -1.036 0.007 -4.748 0.000 
Mon: 
D/F 

-0.785 -2.192 0.082 -9.596 0.000 

WSL 2 -0.012 -1.012 0.027 -0.456 0.648 
Tue: 
D/F 

-0.685 -1.984 0.082 -8.373 0.000 

WSL 3 0.024 1.024 0.027 0.876 0.381 
Wed: 
D/F 

-0.27 -1.310 0.082 -3.304 0.001 

WSL 4 0.062 1.064 0.031 2.034 0.042 
Thur: 
D/F 

-0.557 -1.745 0.082 -6.803 0.000 

WSL 5 0.157 1.170 0.038 4.132 0.000 
Fri: 
D/F 

-0.146 -1.157 0.082 -1.786 0.074 
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WSL 6 -0.039 -1.040 0.035 -1.125 0.261 
Sat: 
D/F 

-0.244 -1.276 0.082 -2.969 0.003 

WSL 7 -0.005 -1.005 0.032 -0.157 0.875 
Sun: 
D/F 

-0.563 -1.756 0.079 -7.143 0.000 

WSL 8 -0.099 -1.104 0.027 -3.643 0.000 
Mon: 

W 
-0.097 -1.102 0.107 -0.899 0.369 

WSL 9 -0.001 -1.001 0.027 -0.035 0.972 
Tue: 
W 

-0.059 -1.061 0.107 -0.552 0.581 

WSL 10 -0.082 -1.086 0.039 -2.119 0.034 
Wed: 

W 
0.175 1.191 0.107 1.626 0.104 

WSL 11 -0.05 -1.051 0.033 -1.505 0.132 
Thur: 

W 
-0.178 -1.195 0.107 -1.656 0.098 

WSL 12 -0.025 -1.025 0.027 -0.909 0.363 
Fri: 
W 

-0.143 -1.154 0.107 -1.330 0.183 

WSL 13 -0.013 -1.013 0.031 -0.411 0.681 
Sat: 
W 

0.098 1.103 0.108 0.905 0.366 

WSL 14 -0.068 -1.070 0.027 -2.472 0.013 
Sun: 
W 

0.023 1.023 0.103 0.224 0.823 

WSL 15 0.08 1.083 0.030 2.714 0.007       

WSL 16 -0.192 -1.212 0.039 -4.922 0.000       

Lecturer 2 0.06 1.062 0.030 2.033 0.042       

Lecturer 3 0.136 1.146 0.032 4.268 0.000       

Lecturer 4 0.1 1.105 0.026 3.815 0.000       

Lecturer 5 0.08 1.083 0.033 2.395 0.017       

Reference Levels: Friday, Female, Grade A, WSL 1, Lecturer 1 
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Figure 2.10: a) Interaction between Semester Week and Grade                                           

          b) 95% CI for Semester Week and Grade 
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Figure 2.11: a) Interaction between Day of Week and Grade                                                   

          b) 95% CI for Day of Week and Grade 

For usage on each day of the week (Monday-Sunday), the interaction effect with final 

course grade was also significant. Students who received an ‘A’ as their final grade 

used the LMS more than any other grade band for all days of the week except 

Wednesday, in which ‘B’ and ‘C’ students have the highest daily activity. This finding is 

quite interesting because homework for the course was due on Wednesday, insinuating 

that ‘B’ and ‘C’ students waited until the due date to turn in homework, while ‘A’ students 

completed this task earlier on average. 

Additionally, there were also lecturer and workshop leader differences in how often 

students used the LMS. This finding aligns with results investigating Research 

Questions 1 and 2, as workshop leaders set up the LMS for their students differently by 

enabling different tools for their students to use, such as using quizzes and messages.  

Finally, there was an unforeseen difference between male and female students’ usage 

of the LMS. Female students tended to use the LMS overall more often than their male 

counterparts at a rate of 1.08 to 1. In other words, female students used the LMS 8% 
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more per day than male students. Which could be important when thinking about 

creating curricula that engages female students.  

In summary, knowledge of low student engagement levels using LMS data could be 

interpreted as an opportunity for instructors to intervene in advance of exams. 

Practically speaking, instructors could create exercises that promote early and frequent 

use of the LMS outside of traditional classroom or lab time. For example, instructors 

could use functions, such as chat features, to create dialog between students about a 

variety of topics, or instructors could create small quizzes in which students could not 

only test their knowledge on a topic, but could be drawn to the LMS to do a small task, 

which may lead to a student engaging in other functions on the LMS. Creating tasks that 

send students to certain LMS features that may act as “gateway tools” could be a 

practical way in which to drive students to various resources. This idea is not suggesting 

that the LMS in and of itself drives student performance in a course, but driving up 

activity on the LMS could then enable students to more frequently interact with course 

material or engage in virtual communication with their fellow classmates or instructors. 

2.6 Conclusion 

 The Academic Plan Model suggests that it is important for faculty members to 

understand not only the purpose of a course and the content within it, but also to know 

who their students (learners) are and understand how the instructional processes and 

resources can be used to improve student outcomes as they plan curricula. The 

analyses of a learning management system provided the opportunity to uncover new 

insights about learners in a first-year engineering course and how they, as well as 

instructors, derive value from its use.  

My analyses of a first-year engineering course’s learning management system (LMS) 

produced some findings that were observed in previous research on learning 

management system use at different universities but also produced some new insights 

in this research area. For example, the finding of a positive relationship between 

students’ use of the learning management system and academic performance is not a 

novel finding. However, it is an important outcome in the sense that it does in fact 

replicate other educational researchers’ findings, which has been called upon in the field 
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of educational research more broadly as a recent study found that 0.13% of all 

educational articles were replications (Makel & Plucker, 2014) .  

An example of an unexpected finding was the differential relationships between LMS 

use and course performance for students taught by different workshop leaders.  Thus, 

even though students were technically receiving credit for the same course, these 

results suggest that the LMS was operationalized differently across the instructional 

team. One would expect that as the frequency of LMS use increases, students would 

perform better in the class, but the opposite relationship was observed for some 

instructors. Enhanced training for the instructional team might result in more unified 

LMS utilization—and even more broadly—more unified learning environments. If such 

training workshops can communicate how the LMS could be most effectively used to 

drive student usage, there is a potential for students to engage more frequently with 

course materials, which in turn could result in an overall increased course performance.  

There was also unexpected findings with regards to the timing of student usage of the 

LMS. For example, students who received an ‘A’ in the course used the LMS more than 

all other students on all days except Wednesday, which is when homework in the 

course was typically due, and when ‘B’ and ‘C’ students utilized the system the most. 

The timing information would be a valuable to feed back to instructors as well as 

students so that the procrastination phenomenon could be more visible and real to 

students. Visual representations of how students actually perform may help some 

students understand the impact of waiting to turn assignments in at the last minute.   
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CHAPTER 3: USING STRUCTURAL EQUATION MODELING TO CONNECT 

DISPARATE FIRST-YEAR ENGINEERING STUDENT-CENTERED DATA  

3.1 Introduction 

 There is a continued call for undergraduate engineering programs to graduate 

more engineers to fill growing work force needs (NAE Annual Report, 2013). To help 

students graduate with an engineering degree in a timely fashion, engineering 

educators should understand the backgrounds that each student brings with them to 

campus and how they develop throughout their undergraduate programs. Much 

attention has been placed on the growth of engineering students during their college 

years and how students’ motivational and identity beliefs impact their effort, course 

grades, career plans, and ultimately persistence within engineering. However, there are 

limited system-level approaches that encapsulate all of these elements within one 

model. The work within this manuscript extends and builds upon existing system-level 

research on first-year engineering students through more rigorous structural equation 

modeling with the addition of new direct measures of certain elements.  

This research focuses on a first-year engineering course, but the approach could be 

applied to any other segment of the engineering education pathway. The importance of 

a ‘cornerstone’ engineering course has been well documented (Dym, Agogino, Eris, 

Frey, & Leifer, 2005; Sheppard & Jennison, 1997); these early engineering courses can 

shape students’ perceptions of what engineering entails (Sheppard, 1999). In addition to 

helping students develop a broad knowledge of the field, ‘cornerstone’ engineering 

courses allow students to work with and develop relationships with others who are 

pursuing an engineering degree. Because these courses provide such an important 

foundation for the rest of a student’s engineering program, it is important to develop new 

mechanisms to measure and monitor success and student development within first-year 

engineering programs. My research seeks to understand the relationship between a 

variety of elements captured prior to, during, and at the end of students’ cornerstone 

engineering courses to explore influences on student outcomes. One way to build such 

systems-level knowledge is through the analysis of secondary data, which refers to the 

use of a data set for purposes different from the original intent (Vartanian, 2010). New 
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data do not need to be collected, but various data sets could be merged together to 

produce new insights on a phenomenon of interest. My research follows this secondary 

data approach by building a systems-level model in an attempt to improve 

understanding of engineering students enrolled in a first-year engineering course.  

3.2 Theoretical Framework and Literature Review 

 Learning analytics provides the opportunity to investigate student learning in a 

data-oriented approach by utilizing quantitative techniques to discover relationships 

across vast arrays of available student data. This approach can help bring together data 

from disparate sources for faculty members to create a more nuanced understanding of 

their students (Dawson, McWilliam, & Tan, 2008, December).  Additionally, the 

approach enables researchers to take a systems-level view to investigate aggregate 

patterns of students’ learning paths. Such path-based, systems-level approaches to 

considering college student development is the foundation of Astin’s input-environment-

output model (I-E-O).  Specifically, Astin’s (1991) input-environment-output model 

frames studies so that researchers take into consideration the prior knowledge, 

experiences, and characteristics of learners alongside their experiences in college when 

investigating potential influences on educational learning outcomes.  

Astin’s I-E-O framework can be seen in many different student development models.  

For example, the Model of Domain Identification (Figure 3.1), as posited by Osborne 

and Jones (2011), seeks to investigate “the extent to which an individual defines the self 

through a role or performance in a particular domain” (pg.132). The model posits that 

students’ backgrounds, or the inputs, influence students’ identification and motivational 

beliefs within the domain of engineering (in this case), as well as their choices and 

efforts put forth in their classes, both of which represent the environment. In turn, those 

inputs and environments influence students’ academic outcomes (i.e., outputs).  
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Figure 3.1: Model of Domain Identification (Osborne & Jones, 2011) 

My study uses secondary data from a large research university, and parts of the same 

constructs have been used in the past and reported on by Jones, Paretti, Hein, and 

Knott (2010) and Jones, Osborne, Paretti, and Matusovich (2014) (Figure 3.2).  

Specifically Jones et al. (2014) developed multiple structural equation models which 

investigated the formal educational experiences of first-year engineering students and 

their relationship with engineering identity and motivational beliefs. In addition, the 

researchers investigated how those items affected students’ course effort and course 

grades. The researchers operationalized formal educational experiences from Figure 

3.1 with MUSIC Model of Academic Motivation constructs (Jones, 2009) depicted in 

Figure 3.2. They found that multiple MUSIC model components related to engineering 

identity and motivational beliefs, which were also survey constructs with multiple items.  

Additionally, course effort, as measured by four survey items, and estimated course 

grade, measured by one survey item, related to multiple items from the MUSIC Model, 

engineering identity, and motivational belief constructs. They concluded that when 

developing engineering curricula and teaching methods, it is important to take into 

consideration the elements of the MUSIC Model to nurture students’ engineering 

identity and motivation to increase vital academic outcomes such as course effort and 

course grades.  
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Figure 3.2: Adapted Model of Domain Identification by Jones et al. (2014) from past 

study 

There are four distinct differences between the adapted Model of Domain Identification 

that Jones et al. (2014) created (Figure 3.2) and the one modeled within this study 

(Figure 3.3): 1) SAT scores and High School GPA are used instead of MUSIC Model 

components, 2) Learning Management System (LMS) usage is inserted within the 

model to gauge effort or engagement with content instead of self-report survey 

questions, 3) actual final course grades are used instead of asking students for their 

best guess, and 4) the iterative nature of the model is tested, which was not done 

previously.  

For the first difference, the rationale behind using SAT scores and High School GPA is 

that it has been shown in prior studies that students’ pre-college backgrounds have 

influences on their success in college (Cengiz & Uka, 2014; Lopez-Gonzalez, 

Bartolomei-Suarez, & Ince, 2012, May; Taylor, 2003). These inputs relate to group 

membership and the environment in which a student belongs (Figure 1) and as noted 

earlier by Astin (1991), inputs are an important element within a systematic model, 

which previous work (Figure 3.2) did not include, and was not the focal point.  

A different method of capturing effort or engagement with course content was needed 

because the current year’s study did not have survey items related to course effort as in 

the previous study did. Overall LMS usage is incorporated within the model to capture 
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effort or engagement with content, which has the potential to be a more accurate 

indicator because it is not self-report data, but is not without limitations of its own. 

Similarly, using actual student grades instead of students’ self-reports of their grades 

marks an additional improvement to the study’s accuracy.  

Lastly, the fourth difference is the way in which the model was structured. Previous 

research did not test the iterative nature of the model, and questions can arise as to 

whether the previous model was depicted accurately or not. For instance, since the 

survey was distributed at the end of the semester, constructs may actually be predicted 

by students’ estimated course grades, instead of the construct predicting students’ 

estimated course grades. In my study, survey constructs were captured at multiple time 

points, and the iterative nature of the model can be tested.  

 
Figure 3.3: Adapted Model of Domain Identification from Osborne & Jones (2011) for 
current study with similarities to Figure 2 

 

3.3 Overview of Study 

The purpose of this study is to extend the research of Jones et al. (2014) that was 

conducted within the first-year engineering context as articulated in the previous section 

and operationalized in the conceptual model displayed in Figure 3.3. The study 

addresses the following research question: 
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 1) How do engineering identity, motivational beliefs, and LMS usage relate to 

 course success, while taking into account the pre-college academic 

 characteristics of first-year engineering students? 

Figure 3.4 shows the structural equation model (SEM) that is hypothesized to validate 

the Model of Domain Identification based on previous work by Osborne and Jones 

(2011) and Jones et al. (2014). The model hypothesizes that students’ pre-college 

academic characteristics (i.e., SAT scores and High School GPA) influence their 

identity, motivation, course effort or engagement with content (in this study measured by 

student use of an LMS), and final course grades. In turn, final course grades, which 

accumulate throughout the semester, are hypothesized to influence the end of semester 

identity and motivation of students, marked as “Identity 2” and “Motivation 2” in Figure 

3.4. The identity and motivation elements of the framework are latent variable 

constructs (circles), whereas SAT math, SAT verbal, and HS GPA (squares) are 

exogenous, observed variables. Additionally, LMS Usage and Final Grade (squares) are 

both exogenous and endogenous observed variables because they are at times both 

independent and dependent variables. All observed variables (note: not the constructs, 

or circles) represent measurements that are not of a self-report nature.  

 
Figure 3.4: Structural Equation Modeling Theoretical Links Overview for Current Study 
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3.4 Data Sources 

 This study focuses on a first-year exploratory engineering design course for 

which there was a lecture portion and a workshop portion. During the lecture portion, 

students met once each week for 50 minutes with up to 120 students in total across five 

different lecturers. Students met a second time during the week for 110 minutes in a 

smaller, active, hands-on workshop in which there were up to 34 students across 16 

different workshop leaders. Grades for the course were based on homework, quizzes, 

tests, and a group project.  

The data on the course that were utilized within this study come from three different 

units within Virginia Tech: 1) First-Year Engineering Program (surveys), 2) Registrar’s 

Office (pre-college variables and final course grades), and 3) Technology-enhanced 

Learning and Online Strategies (TLOS), an organizational unit within Information 

Technology. The sections that follow describe each data source.  

3.4.1 First Year Engineering Surveys 

The First-Year Engineering Program administers surveys to all students enrolled within 

the first-year engineering courses. Although approximately 1,300 students responded to 

the survey, the sample for this study included 714 students. Some students opted out of 

allowing researchers to use their data, and others were not enrolled in the particular 

course that was investigated. When this study was conducted, some students were 

enrolled in a new pilot course; because enrollments were smaller in that new course 

and it was characterized by a very different educational environment than the traditional 

course, those pilot course students were not included in this study.   

For this manuscript, responses to the following sections of the survey were analyzed 

(see Table 1): Engineering Identity (4 survey items), Engineering Utility (6 items), 

Engineering Belonging (8 items), and Engineering Expectancy (5 items). Each survey 

item consisted of a Likert-type survey question ranging from a scale of one to six. The 

survey was administered at the beginning of the fall semester (“Survey 1”) and then 

again at the end of the fall semester (“Survey 2”); the items under investigation were the 

same across the two surveys.   
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3.4.2 Student Record Data 

Student record data include pre-college academic information, along with final course 

grades, both of which were obtained from the Registrar’s Office. Pre-college data 

include SAT math and SAT verbal scores, along with the students’ high-school grade 

point averages (GPA) on a scale of 0 to 4.0 (note: students could earn higher than a 4.0 

for Advanced Placement courses). Students’ final grades within the first-year 

engineering course under investigation were also used in analyses. Grades were in the 

form of the 4.0 scale, for which the following values were assigned to each final grade: 

4.0=A, 3.7=A-, 3.3=B+, 3.0=B, 2.7=B-, 2.3=C+, 2.0=C, 1.7=C-, 1.3=D+, 1.0=D, 0.7=D-. 

Each of these four variables was used as exogenous and/or endogenous observed 

variables within the model, as opposed to latent constructs derived from surveys. SAT 

scores along with high-school GPA are considered exogenous observed variables since 

they are independent variables of raw data, whereas final course grades are both 

exogenous and endogenous, since they are both independent and dependent variables 

within the model.  

3.4.3 Learning Management System Data 

The University’s learning management system (LMS) data were analyzed for this 

course in a prior study (Brozina & Knight, 2015) in which overall usage of the LMS was 

reported at the aggregate level and described by “unique sessions.” For example, a 

unique session would be anytime a student made valid use (i.e., going beyond the LMS 

homepage) of the LMS at least once. Therefore, if a student went on the LMS and 

performed one valid function or 20 valid functions within one session, they both would 

count as one unique session.  The LMS variable in this study is the sum of unique 

sessions, which denotes the overall usage of the learning management system within 

the first-year engineering course for the fall semester.  

3.5 Methods 

 Structural equation modeling (SEM) is a multifaceted technique that is used to 

understand the relationships between latent constructs and observed variables. The 

goal of SEM is to investigate the extent to which a theoretical model, described a priori, 

is consistent with data collected to support the underlying theory (Figure 4 displays that 
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theoretical model for this study). SEM is appropriate to answer the research question 

because structural paths are hypothesized between the latent constructs and observed 

variables, as previously described. 

SEM involves analyzing covariance structures by combining a measurement model and 

a structural model (Lei & Wu, 2007; Schumacker & Lomax, 2010). However, before 

analyses on the structural paths are performed, it is imperative to first understand that 

the items that make up the measurement model fit together in a valid and reliable 

fashion. To ensure the analyses of the structural aspect of SEM is valid, Schumacker 

and Lomax (2010) proposed that researchers check for convergent and discriminant 

validity by performing exploratory factor analysis (EFA) followed by a confirmatory factor 

analysis (CFA) before the model is tested simultaneously (i.e., both the measurement 

and structural model) using SEM. This multiple step procedure aligns with Anderson 

and Gerbing (1988); they proposed a two-step approach for which the measurement 

model is first constructed and model fit is confirmed before simultaneously evaluating 

both the measurement and structural aspects. Mulaik and Millsap (2000) proposed an 

even more comprehensive four-step procedure for SEM analysis. Like the two-step 

method, the authors suggested first performing an EFA followed by a CFA to ensure the 

measurement model is a well-fit model. The third step is to analyze both the 

measurement model and the structural model simultaneously using SEM, and the fourth 

step explicitly states to test the relationships of the paths so that researchers could 

propose alternative models. Overall, there is agreement between the researchers with 

respect to ensuring the measurement model is accurate so that the structural paths can 

be modeled appropriately. Without a sound measurement model in place, investigating 

the structural paths of a misguided construct are of no value. The analyses within this 

manuscript utilize the four-step method in which EFA on previous data were analyzed, 

followed by CFA on current data, and then the measurement and structural model are 

analyzed simultaneously so that the hypothesized structural paths can be tested.  

 The following sections briefly describe steps one and two that ensured the 

measurement model was acceptable (Note: Table 1 shows the final survey constructs 

used for step 3): 
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 1) In previous, unpublished research using data from a previous cohort, 

 exploratory factor analysis was performed on the same items and constructs 

 (Identity, Utility, Belonging, Expectancy) used within the current study. EFA 

 showed that not all items loaded properly onto their respective construct—items 

 had factor loadings less than 0.40, or items loaded more strongly onto factors 

 other than the anticipated factor. The construct for ‘Belonging’ had only three 

 items (C3, C4, and C6) of the original eight items that loaded together well; 

 factor loadings ranged from 0.29 to 0.75 for the eight items. For the ‘Identity’ 

 construct, one item  (B1) did not load with the other three items; factor loadings 

 ranged from 0.45 to 0.95. Items comprising the ‘Utility’ construct all loaded 

 well together and had factor loadings ranging from 0.61 to 0.88. The ‘Expectancy’ 

 construct was not analyzed in that previous work. Despite those findings on the 

 previous cohort, the survey administered in the current study’s period of record 

 was not updated to reflect how items loaded together. As a result, all 23 items 

 were administered again on the survey that was analyzed in this study.   

 To ensure accuracy of the measurement model, EFA (promax rotation) was 

 performed to check the validity of the instrument for the current study based on 

 the findings from the previous work. As before, all 23 items did not load onto the 

 four anticipated constructs. To check the factor loadings for the current data set, 

 all items corresponding to ‘Utility’ (6 items) and ‘Expectancy’ (5 items) were used 

 in the analysis, along with modified constructs based on the previous research 

 for ‘Identity’ (3 items from 4) and ‘Belonging’ (3 items from 8). The range of 

 factor loadings for each construct were as follows: ‘Utility’ ranged from 0.53 to 

 0.89, ‘Expectancy’ ranged from 0.71 to 0.83, ‘Identity’ ranged from 0.66 to 0.96, 

 and ‘Belonging’ ranged from 0.52 to 0.76 for survey 1 at the beginning of the 

 semester; comparable factor loading results were found for survey 2 at the end of 

 the semester. Thus, these EFA results demonstrate that the items used within 

 the analysis load onto four different constructs appropriately once the necessary 

 modifications were put into place.  
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 2) Next, a confirmatory factor analysis (CFA) using maximum likelihood 

 estimation was performed to restrict the items to load on only one underlying 

 construct. The fit indices for the survey at the beginning of the semester and at 

 the end of the semester are as follows: Comparative Fit Index (CFI) for survey  

 1=0.972 and survey 2=0.980; the Root Mean Square Error of Approximation 

 (RMSEA) for  survey 1=0.048 and survey 2=0.048; the Chi-Square and degrees 

 of freedom values for survey 1=279/107 and survey 2=280/107. Each of these 

 measures suggests that the model is an appropriate fit to the data. Additionally, 

 internal reliability of each construct, measured by Cronbach’s Alpha, was above 

 the typical acceptance level of 0.7. Table 3.1 displays the final survey instrument 

 that was evaluated.   

With an accurate measurement model that fit the data well (steps 1 and 2), the 

subsequent sections describe the full structural equation modeling (SEM) process and 

results (steps 3 and 4), including the specifics about the measurement model and 

structural model that were estimated simultaneously. Results do not include specific 

details about the measurement model from step two because when testing both the 

measurement and structural pieces simultaneously, the measurement model produced 

very similar results in both instances with good fit values. Therefore, the subsequent 

sections only focus on the simultaneous analysis of the measurement and structural 

model. To reproduce these findings, Appendix D contains the correlation matrix for all 

variables within the model.  
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Table 3.1: Analyzed survey constructs with Cronbach’s Alpha values. 

Construct Items Included 

Cronbach's 
Alpha 

Survey 
1 

Survey 
2 

1. Engineering 
Identity 

B2: Doing well on engineering tasks is very important to me. 
B3: Success in engineering school is very valuable to me. 
B4: It matters to me how well I do in engineering school. 

0.86 0.88 

2. Engineering 
Utility 

B5R: Knowing about engineering does not benefit me at all. 
B6R: I see no point in me being able to do engineering. 
B7R: Having a solid background in engineering is worthless to 
me. 
B8R: I have little to gain by learning how to do engineering. 
B9R: After I graduate, an understanding of engineering will be 
useless to me. 
B10R: I do not need engineering in my everyday life. 

0.88 0.94 

3. Engineering 
Belonging 

C3: People in the General Engineering program are friendly to 
me. 
C4: I am treated with as much respect as other students in the 
General Engineering program. 
C6: The instructors in the General Engineering program respect 
me. 

0.70 0.78 

4. Engineering 
Expectancy 

D1: Compared to other engineering students, I expect to do 
well in my engineering-related courses this year. 
D2: I think that I will do well in my engineering-related courses 
this year. 
D3: I am good at math, science, and engineering. 
D4: Compared to other engineering students, I have high 
engineering-related abilities. 
D5: I have been doing well in my engineering-related courses 
this year. 

0.88 0.90 

 

3.6 Limitations 

 There are various limitations with the use of a secondary data set, such as 

problems with sampling, measurement, and external and ecological validity (Clarke & 

Cossette, 2000). Within this study it was important to reconstruct two of the survey 

constructs (i.e., identity and belonging) which may have, in part, led to differences 

relative to previous studies. In addition, by using secondary data analysis, the results 

are limited to the data that were available for study. For instance, the second survey 

was administered before the final grades were tallied. Because students received 
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grades throughout the semester, however, they conceivably knew where they stood 

with regards to their performance within the course. In the future, if the Model of Domain 

Identification is to be validated more thoroughly, a more intentional research 

methodology should be implemented to capture the constructs with greater frequency 

throughout the semester. Also, there are limitations to what learning management 

system usage can uncover. In this study it represents effort and/or engagement within a 

course, but in reality it is the engagement with course material on a technology platform, 

and it does not capture the engagement a student has with her peers in formal and 

informal settings, for example.  

3.7 Results of Analyses 

 Structural equation modeling (SEM) provided information on the fit of the 

proposed model, simultaneously on both the measurement model and the structural 

paths. The main premise in using SEM is theory testing, in which a researcher 

hypothesizes various links a priori and then determines whether or not those links are 

present. The model tested within this study was based on the Domain Identification 

model shown in Figure 3.1. Using this model as a basis for analyses, Figure 3.5 shows 

the structural model and the hypothesized links using the available data; boxes 

represent observed variables, and circles represent latent constructs (Schumacker & 

Lomax, 2010).The model was analyzed using JMP version 10 with a plug-in for SEM 

analysis that calls on SAS to perform the underlying statistical analyses. It estimated 

path coefficients for both the measurement model as well as for the structural model. 

Additionally, a residual error term for each variable, not shown within the model, and an 

estimated variance for each of those error terms were identified. Variances of the latent 

variables (circles) were also estimated along with the covariances among the 

exogenous variables (HS GPA, SAT Math & Verbal). Because covariances among error 

terms were added to the model where appropriate, those values were also estimated. 

For a more detailed description of the post hoc modifications, see Appendix E. Finally, 

the model was analyzed using maximum likelihood estimation with means and 

covariances, which is a standard practice in SEM. 
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Figure 3.5: Hypothesized SEM Model 

3.7.1 Technical Pre-Analysis 

Before running the SEM, issues such as sample size, missing data, normality, outliers, 

and multicollinearity within the model were addressed, as recommended by Schreiber, 

Nora, Stage, Barlow, and King (2006).  

The sample size of the data set was 714 students, and there were 61 regressions, 47 

variances, and 33 covariances (3 covariances among exogenous variables and 30 

among error terms), which brings the total number of parameters to be estimated to 

141. The ratio between sample size and parameters estimated is 5.064 which meets the 

minimum criteria for this ratio (Schumacker & Lomax, 2010).   
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For this study there were no missing data issues to report, but there are indications of 

non-normality of data as indicated by the skewness and kurtosis levels, which can be 

seen in Table 3.2. Flora and Curran (2004) report that the maximum likelihood 

estimation method is robust against moderate levels of skewness and kurtosis; 

regression path coefficients tend not to be influenced by non-normality, but standard 

errors may be inflated slightly. To benchmark these values, Kline (2011) indicates that 

absolute values for skewness above 10.0 and kurtosis above 20.0 are extreme. As the 

values in Table 3.2 indicate, the data for this analysis did not exhibit extreme non-

normality, and thus the maximum likelihood method will suffice. The maximum likelihood 

method also is robust enough to not be heavily influenced by outliers and leverage 

points so long as the sample size meets minimum criteria, which it did in this study.  

Some degree of multicollinearity is to be expected when latent constructs are related, 

such as ‘Belonging’, ‘Expectancy’ and ‘Utility,’ which are subcomponents of overall 

motivation. For these data, however, the correlation between constructs was not too 

high, with the highest observed correlation between ‘Expectancy 1’ and ‘Expectancy 2’ 

at 0.578 (see Table 5), indicating that the results should not be biased by 

multicollinearity (Grewal, Cote, & Baumgartner, 2004).  

As a cautionary check to ensure that none of these violations dramatically influenced 

model estimates, the SEM analysis was completed multiple times using different 

estimation methods (i.e., Generalized Least Squares, Weighted Least Squares, and Full 

Information Maximum Likelihood). Results from using the different estimation methods 

suggested no issues with model fit, and no parameter estimates changed significance 

based on the estimation method.  
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Table 3.2: Mean, standard deviation, skewness, and kurtosis associated with each 
variable, n=714 

Construct 
Variable 

Mean SD Skew. Kurt. 
Construct 
Variable 

Mean SD Skew. Kurt. 

High 
School 
GPA 

4.13 0.34 0.08 -0.05 

 
LMS 

Usage 
 

149.25 53.87 2.8 15.39 

SAT Verbal 
623.54 70.63 -0.05 0.16 

Final 
Grade 

2.98 0.6 -0.6 1.05 

SAT Math 688.92 55.93 -0.02 -0.17       

Belonging 
1 

     
Belonging 

2 
     

C3 5.46 0.71 -1.16 0.71 2_C3 5.02 0.75 -1.20 3.73 

C4 5.63 0.65 -2.06 5.72 2_C4 5.16 0.72 -1.13 3.78 

C6 5.39 0.82 -1.30 1.68 2_C6 5.07 0.81 -1.26 3.38 

Expectancy 
1 

     
Expectancy 

2 
     

D1 4.91 0.79 -0.58 0.84 2_D1 4.73 0.89 -0.61 0.77 

D2 5.03 0.72 -0.43 0.24 2_D2 4.79 0.87 -0.84 1.41 

D3 5.11 0.76 -0.64 0.56 2_D3 5.03 0.77 -0.72 1.03 

D4 4.40 0.98 -0.26 0.03 2_D4 4.46 1.03 -0.53 0.23 

D5 4.76 0.77 -0.32 0.51 2_D5 4.62 0.96 -0.91 1.21 

Identity 1      Identity 2      

B2 5.28 0.73 -1.06 2.34 2_B2 5.22 0.83 -1.47 4.00 

B3 5.48 0.66 -1.34 2.58 2_B3 5.35 0.81 -1.82 5.42 

B4 5.52 0.70 -1.86 5.23 2_B4 5.41 0.76 -1.69 4.61 

Utility 1      Utility 2      

B5_R 5.39 0.86 -2.15 6.35 2_B5_R 5.25 1.08 -2.08 4.64 

B6_R 5.60 0.68 -2.40 8.67 2_B6_R 5.38 0.97 -2.29 6.25 

B7_R 5.64 0.72 -3.12 13.26 2_B7_R 5.43 0.96 -2.36 6.15 

B8_R 5.67 0.63 -3.13 15.08 2_B8_R 5.45 0.94 -2.47 6.94 

B9_R 5.64 0.71 -2.80 10.45 2_B9_R 5.40 0.99 -2.30 5.77 

B10_R 5.21 0.91 -1.21 1.39 2_B10_R 5.08 1.07 -1.42 2.10 

 

3.7.2 Goodness of Fit Indices 

 Many different goodness of fit indices are available to evaluate the performance 

of a structural equation model. Multiple fit indices should be reported to provide a 

comprehensive depiction that the model accurately represents the data (Schreiber et 

al., 2006; Schumacker & Lomax, 2010). Four fit indices were chosen for goodness-of-fit 

interpretation: two absolute fit indices (i.e., Chi-square per degrees of freedom and the 

standardized root mean square residual, or SRMSR) and two noncentrality-based 

indices (i.e., Comparative Fit Index, or CFI, and the Root Mean Square Error of 

Approximation, or RMSEA).  
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The chi-square statistic is a standard measure routinely reported, which measures the 

difference between the covariance matrices of the sample data and the fitted model. 

However, the chi-square statistics have problems with Type I errors when sample sizes 

increase, therefore the chi-square per degrees of freedom measure is a better indicator 

of fit relative to sample size. The SRMSR represents the standardized difference 

between the observed and predicted correlations. Hu and Bentler (1999) suggest a 

value below .08 is considered a good fit. These two absolute fit indices are used 

because there was no baseline model; a perfect fit is thus considered to be 0.  

Noncentrality-based indices differ from absolute fit indices in that they set the perfect fit 

as chi-square equal to the degrees of freedom. CFI compares the fit of the model of 

interest to the fit of an independent model, where values that approach 1 indicate 

acceptable fit. RMSEA is a measure of fit between the covariance matrices of the raw 

data and of the model, adjusting for model complexity. It is suggested for continuous 

data that CFI, SRMSR, and RMSEA should all be used for indicating goodness-of-fit 

(Hu & Bentler, 1999).  

Overall, the goodness of fit indices suggest the model fit the data well, as seen in Table 

3.3; all fit indices were within standard acceptable ranges recommended in the literature 

(Hu & Bentler, 1999; Schreiber et al., 2006; Schumacker & Lomax, 2010). However, 

McDonald and Ho (2002) note that there are multiple problems with fit indices and that 

the measurement model indicator variables also should be investigated to determine 

whether or not the hypothesized model is an acceptable fit to the data. 

 
 
 
 
 
 
 
 
 
 
 
 
 



67 
 

Table 3.3: Goodness-of-Fit Criterion  

Description 
Value from 

Model 
Rejection 
Criterion 

Interpretation 

Chi-Square/ 
Degress of 
Freedom 

2.15 
(1374.04/639) 

> 2.0- 3.0 
The model is below the higher rejection point of 

3.0, and close to the lowest end of 2.0 

Comparative Fit 
Index (CFI) 

0.96 < .95 The model is above the rejection criteria of 0.95 

Standardized 
Root Mean 

Square Residual 
(SRMSR) 

0.04 > .08 
The model is well below the cutoff point for 

rejection of 0.08 

Root Mean 
Square Error of 
Approximation 

(RMSEA) 

.04                   
90% CI (.037-

.043) 

> .06 - .08 
with CI 

The upper confidence interval of 0.04 is well 
below the most conservative criterion of 0.06 

 

3.7.3 Measurement Model Factor Loadings 

 Determining whether or not the measurement model produced sound constructs 

is the first important analysis because without a sound measurement model, analyzing 

structural paths is meaningless (Anderson & Gerbing, 1988; Mulaik & Millsap, 2000; 

Schumacker & Lomax, 2010). As previously described, the measurement model was 

assessed separately from the structural model, akin to CFA, in which the model 

produced valid and reliable results. Because the CFA results were closely reproduced 

when analyzing the full structural model, this section discusses the results of the 

measurement model that were obtained during the simultaneous analysis of both the 

measurement and structural portions.   

The four latent constructs, measured at the beginning and end of the semester, 

provided eight total latent variables for these analyses. Table 3.4 displays details for 

each survey item and reports standardized and unstandardized factor loading 

coefficients, standard errors, and t-values. All of the standardized loadings were greater 

than 0.5, and 29 of the 34 items were greater than 0.7, which indicates strong loadings.   

The R2 values shown in Table 3.5 provide measures of the variation that each item can 

explain for their associated construct. The lowest R2 value was 0.33, and 29 of the 34 
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items had an R2 value of 0.5 or greater; thus, all items explain at least a moderate level 

of its construct’s variance. 

Table 3.4: Factor Loadings for the Measurement Model  

Measurement Paths Standardized Values 
Unstandardized 

Values 

From  To Coeff SE t-value Coeff SE t-value 

Belonging 1 C3 0.74 0.03 27.20 1.00     

Belonging 1 C4 0.71 0.03 25.43 0.87 0.06 14.18 

Belonging 1 C6 0.57 0.03 18.12 0.89 0.07 12.58 

Belonging 2 _2_C3 0.77 0.02 34.74 1.00     

Belonging 2 _2_C4 0.84 0.02 40.58 1.04 0.06 18.48 

Belonging 2 _2_C6 0.62 0.03 23.04 0.87 0.06 15.55 

Expectancy 1 D1 0.73 0.02 33.13 0.99 0.04 25.67 

Expectancy 1 D2 0.82 0.02 44.19 1.00    

Expectancy 1 D3 0.76 0.02 39.56 0.97 0.05 20.78 

Expectancy 1 D4 0.74 0.02 32.74 1.21 0.07 18.54 

Expectancy 1 D5 0.76 0.02 36.50 1.00 0.05 19.96 

Expectancy 2 _2_D1 0.82 0.02 48.46 1.02 0.04 27.65 

Expectancy 2 _2_D2 0.83 0.02 46.62 1.00    

Expectancy 2 _2_D3 0.73 0.02 35.66 0.78 0.04 20.13 

Expectancy 2 _2_D4 0.69 0.02 29.14 0.99 0.05 18.51 

Expectancy 2 _2_D5 0.80 0.02 45.50 1.08 0.04 26.72 

Identity 1  B2 0.82 0.02 40.27 1.09 0.06 19.42 

Identity 1  B3 0.82 0.02 39.68 1.00    

Identity 1  B4 0.74 0.02 30.39 0.96 0.04 26.38 

Identity 2 _2_B2 0.85 0.02 47.52 1.06 0.05 21.30 

Identity 2 _2_B3 0.82 0.02 42.75 1.00    

Identity 2 _2_B4 0.75 0.02 33.13 0.86 0.03 26.91 

Utility 1 B5_R 0.69 0.02 31.21 1.08 0.05 20.51 

Utility 1 B6_R 0.82 0.02 53.83 1.01 0.04 26.46 

Utility 1 B7_R 0.78 0.02 44.43 1.02 0.04 24.47 

Utility 1 B8_R 0.87 0.01 68.62 1.00    

Utility 1 B9_R 0.74 0.02 38.94 0.96 0.04 23.03 

Utility 1 B10_R 0.60 0.03 23.78 0.98 0.05 18.07 

Utility 2 _2_B5_R 0.80 0.01 56.11 1.01 0.03 29.43 

Utility 2 _2_B6_R 0.90 0.01 107.87 1.03 0.03 38.04 

Utility 2 _2_B7_R 0.90 0.01 99.69 1.01 0.02 44.65 

Utility 2 _2_B8_R 0.91 0.01 108.52 1.00    

Utility 2 _2_B9_R 0.88 0.01 88.87 1.02 0.03 35.54 

Utility 2 _2_B10_R 0.73 0.02 41.15 0.92 0.03 26.24 

Note: ‘_R’ indicates reverse coding of survey item 
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Table 3.5: R2 Values for Measurement Model 

Latent 
Variable 

R2 

Correlation 
with 

Associated 
Construct 

Latent 
Variable 

R2 

Correlation 
with 

Associated 
Construct 

B2 0.67 0.86 2_B2 0.72 0.88 

B3 0.67 0.91 2_B3 0.67 0.92 

B4 0.55 0.89 2_B4 0.56 0.89 

B5_R 0.48 0.78 2_B5_R 0.65 0.85 

B6_R 0.67 0.84 2_B6_R 0.82 0.91 

B7_R 0.60 0.80 2_B7_R 0.81 0.91 

B8_R 0.75 0.85 2_B8_R 0.83 0.92 

B9_R 0.55 0.79 2_B9_R 0.77 0.90 

B10_R 0.36 0.73 2_B10_R 0.54 0.80 

C3 0.55 0.64 2_C3 0.60 0.84 

C4 0.51 0.86 2_C4 0.70 0.86 

C6 0.33 0.61 2_C6 0.39 0.81 

D1 0.54 0.82 2_D1 0.67 0.86 

D2 0.67 0.85 2_D2 0.69 0.88 

D3 0.58 0.80 2_D3 0.54 0.80 

D4 0.54 0.83 2_D4 0.48 0.81 

D5 0.57 0.82 2_D5 0.65 0.87 

Note: ‘_R’ indicates reverse coding of survey item 

3.7.4 Reliability and Validity of Measurement Model  

 With a significant measurement model, it is imperative to assess its reliability and 

validity. Reliability gauges how accurate the measure is over time in producing 

consistent results, and validity determines whether the score of each item accurately 

depicts the latent construct of interest (Schumacker & Lomax, 2010). Reliability was 

assessed by investigating the individual items, the composite reliability of the 

instruments, and Cronbach’s Alpha. Validity was assessed by demonstrating 

convergent and discriminant validity.  

Individual item reliability was checked by inspecting the standardized factor loadings of 

each item. Most of the values in the measurement model were over 0.7, with only 5 of 

the 34 less than that, and all over 0.5. When loadings are over 0.70, it indicates that 

over 50% of the variance is explained by the item, but in larger models, such as the one 

produced in this study, having a few items below that threshold will not take away from 

the overall reliability of the instrument (Bagozzi & Yi, 2012). Additionally, to test the 

reliability of all items of a factor, composite reliability and Cronbach’s Alpha are 
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measured. However, composite reliability is preferred since the measure does not 

assume all indicators are equally reliable (Hair, Ringle, & Sarstedt, 2011). Table 3.6 

shows the composite reliability for each construct; the construct with the lowest 

composite reliability, 0.72 for ‘Belonging 1’, is still above the minimum threshold of 0.7 

(Hair et al., 2011). As shown in Table 3.1, the Cronbach’s Alpha values were all above 

0.70 as well. Thus, these measures indicate that the instrument should be considered 

reliable.  

Table 3.6: Best Represented Survey Items with Reliability/Validity Measures 

Construct 
Composite 
Reliability 

Average 
Variance 
Extracted 

Square Root of 
Avg. Variance 

Extracted 

Highest Correlation with 
Another Construct 

Belonging 1 0.72 0.46 0.68 0.39 (Belonging 2) 

Belonging 2 0.79 0.56 0.75 0.39 (Belonging 1) 

Expectancy 1 0.87 0.58 0.76 0.58 (Expt 2) 

Expectancy 2 0.88 0.60 0.78 0.58 (Expt 1) 

Identity 1 0.83 0.63 0.79 0.53 (Identity 2) 

Identity 2 0.85 0.65 0.80 0.53 (Identity 1) 

Utility 1 0.89 0.57 0.75 0.47 (Identity 1) 

Utility 2 0.94 0.74 0.86 0.46 (Identity 2) 

Convergent validity can be determined by measuring the average variance extracted for 

each construct, which shows how much of the variation is explained by the latent 

construct (Nunkoo, Ramkissoon, & Gursoy, 2013). According to Hair et al. (2011), 

average variance extracted values above 0.5 meets the minimum requirement for 

convergent validity. Table 6 shows that all but one of the eight constructs meet the 

requirements, with the lowest value of 0.46 being within reason of establishing 

convergent validity. Discriminant validity (i.e., how the constructs differ from each other) 

can be demonstrated when the square root of the average variance extracted is greater 

than the highest correlation with another construct (Hair et al., 2011). Again, Table 3.6 

depicts discriminant validity for all of the constructs because all of the square root of 

average variance extracted values are greater than their corresponding highest 

correlational values.  

In summary, these analyses show that the constructs of the measurement model have 

both reliability and validity.  
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3.7.5 Structural Model Coefficients  

 The structural model contained 35 regression paths that were hypothesized a 

priori (see Figure 5) Of the 35 direct effect regression paths estimated, 18 paths were 

significant at a p-value below .05, depicted in Figure 3.6 (values are standardized 

coefficients for the significant direct effects). Table 3.7 shows the standardized and 

unstandardized coefficients, along with their corresponding standard errors and t-values 

for each path. Any t-value above an absolute value of 1.96 was considered significant at 

the .05 alpha level. One direct effect, ‘SAT Verbal’ to ‘LMS Usage’, was hypothesized 

as a positive relationship but the reverse, negative relationship was observed (value of -

0.151, in red). The highest standardized direct effect was from ‘SAT Math’ to ‘Final 

Grade’, with a value of 0.359.  

To address one component of the research question (i.e., how well do engineering 

identity, motivational beliefs relate to course success), the only significant direct effect 

on final course grade of the four motivation and identity constructs was from 

‘Expectancy 1’, with a standardized coefficient of 0.157. The finding that ‘Expectancy 1’ 

was a significant indicator of student success, as measured by final course grade, 

aligns with what would have been predicted using expectancy-value theory—students 

who expect to be successful tend to exhibit higher levels of motivation and, in turn, tend 

to be more likely to be successful (Eccles & Wigfield, 2002). In addition to the 

‘Expectancy 1’ construct predicting final grade, ‘SAT Math’ (.359), ‘SAT Verbal’ (.137), 

‘High School GPA’ (.210), and ‘LMS Usage’ (.196) were all significant predictors of final 

course grade (standardized coefficients in parentheses).  

These findings are in contrast to those results reported by Jones et al. (2014), as both 

‘Expectancy’ and ‘Belonging’ were predictors of final course grade; in that previous 

study, self-reported course effort was only an endogenous variable, and not both 

exogenous and endogenous, which resulted in a less robust model as the one 

described in this study. There are multiple potential explanations for these different 

results. First, this analysis and the Jones et al. (2014) analyses included different 

cohorts of students. Second, this study and the Jones et al. (2014) study used different 

measures for course effort—the previous study used a self-report measure, whereas 
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this study used LMS usage as a proxy. The LMS usage approach to capture effort 

within the course might be a better metric since it is a depiction of actual effort, or 

engagement with course material, from students and not in a self-reported nature. 

However, it also may miss other kinds of effort in a course that a self-report measure 

could capture. Third, the current study used a more reliable measure for final course 

grade, as it is the actual grade the student received and not a student expectation. 

Finally, because the Jones et al. (2014) study did not take into account the academic 

backgrounds of students, the model in the previous study would place a different 

emphasis on “environment” variables. By incorporating pre-college academic abilities, 

the approach in the current study takes into account differences in students’ incoming 

abilities—which we know and show relate to outcomes.   

By taking into account students’ incoming academic abilities, as measured by SAT 

scores and high school GPA, identity and motivational constructs have different degrees 

of prediction than reported in the Jones et al. (2014) study. By including these variables 

within the model, almost 35% of the variation in student grades were captured.  

Pre-college academic abilities had eight significant relationships with other variables 

within the model. Of those eight, half were associated with the ‘SAT Verbal’ variable, of 

which one relationship was negative. ‘SAT Verbal’ had positive relationships with 

‘Belonging 1’ (0.181), ‘Utility 1’ (0.153) and ‘Final Grade’ (0.137), and a negative 

relationship with ‘LMS Usage’ (-0.151). These results suggest that the more 

academically prepared students are in regard to content found on the verbal portion of 

the SAT, the higher their incoming motivation in engineering will be and the more likely 

they will do better overall in the course. However, students tend not to use the LMS as 

often as students with lower SAT verbal scores. That negative relationship was not 

expected, and future qualitative research could explore potential explanations for that 

finding. 

For ‘SAT Math’ significantly, positively related to ‘Expectancy 1’ (0.281) and ‘Final 

Grade’ (0.359). Both relationships are intuitive because students tend to be told that if 

they do well in math and science, they are suited for engineering. Thus, their 

expectancy to do well will be higher along with their actual performance in the course. It 
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was surprising that ‘SAT Math’ was such a high predictor for ‘Final Grade’ because 

most students within the program have high SAT math scores. This findings indicates 

that even slight differences in SAT math scores relate to differences in the final grade in 

this first year engineering course. That strong relationship also should be further 

explored via qualitative approaches because the first-year engineering course under 

investigation requires very little math relative to other courses and pre-requisites in the 

four-year engineering curricula. Finally, ‘HS GPA’ had two significant relationships: 

‘LMS Usage’ (0.114) and ‘Final Grade’ (.210). The link between ‘HS GPA’ and ‘Final 

Grade’ coincides with the link between ‘SAT Math’ and ‘Final Grade’—the students who 

performed better in high school also performed better in this first-year engineering 

course.  

‘LMS Usage’ was not only an endogenous variable, but also an exogenous variable, 

meaning it was both a dependent and independent variable. ‘LMS Usage’ had a 

significant relationship with ‘Final Grade’ (0.196), which underscores the notion that 

engagement or effort behaviors relate to academic outcomes, as suggested by 

Osbourne and Jones (2011).  This evidence also provides support for the notion that 

analyzing learning management system data can provide some insights about how 

students engage—and ultimately perform—in their courses. 

Another major expansion from the Jones et al. (2014) study was incorporating the 

iterative nature that the Model of Domain Identification suggests. Including in the model 

the links from ‘Final Grade’ to the identity and motivation constructs helped demonstrate 

the importance that students put on their grades in regards to their identity and 

motivation in engineering. Results suggest that the model is iterative because ‘Final 

Grade’ was a significant predictor for the ‘Identity 2’ (.091), ‘Utility 2’ (.079), and 

‘Expectancy 2’ (.393) constructs. If students performed well in the course, they not only 

expected to continue to do well, but also tended to find higher value of engineering as 

well as exhibit higher senses of identity as engineers. Even though the standardized 

regression coefficients are somewhat low, it is important to remember that this study 

was over the course of one semester for only a two-credit course. Performance in the 
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course has a relationship with students’ identity and motivation, which suggests that the 

Model of Domain Identification may be iterative. 

  

The story that resonates throughout the model is that of confidence in engineering, as 

described from the ‘Engineering Expectancy’ construct. If a student enters their first 

year with a high SAT math score, they exhibit confidence in their abilities, which then 

partially relate to how well they perform in the course. If they do well in the course, they 

continue to exhibit greater confidence. These findings suggest that finding additional 

ways to instill confidence in engineering students earlier in their programs may result in 

a snowball effect, which could lead to other positive outcomes.  

 
Figure 3.6: Significant Direct Effects with Standardized Coefficients  
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Table 3.7: Standardized and Unstandardized Path Coefficients  

Structural Paths Standardized Values 
Unstandardized 

Values 

From  To Coeff SE t-value Coeff SE t-value 

HS_GPA Belonging 1 0.06 0.04 1.31 0.09 0.07 1.30 

SAT_Math Belonging 1 -0.03 0.05 -0.61 0.00 0.00 -0.61 

SAT_Verbal Belonging 1 0.18 0.04 4.06 0.00 0.00 3.96 

HS_GPA Expectancy 1 -0.04 0.04 -0.99 -0.06 0.06 -0.99 

SAT_Math Expectancy 1 0.28 0.04 7.26 0.00 0.00 6.88 

SAT_Verbal Expectancy 1 0.02 0.04 0.57 0.00 0.00 0.57 

HS_GPA Identity 1  0.03 0.04 0.62 0.04 0.07 0.62 

SAT_Math Identity 1  -0.07 0.04 -1.53 0.00 0.00 -1.53 

SAT_Verbal Identity 1  0.06 0.04 1.39 0.00 0.00 1.39 

HS_GPA Utility 1 -0.01 0.04 -0.23 -0.01 0.06 -0.23 

SAT_Math Utility 1 -0.03 0.04 -0.84 0.00 0.00 -0.84 

SAT_Verbal Utility 1 0.15 0.04 3.85 0.00 0.00 3.80 

HS_GPA LMS 0.11 0.04 3.06 17.80 5.85 3.04 

SAT_Math LMS 0.02 0.04 0.50 0.02 0.04 0.50 

SAT_Verbal LMS -0.15 0.04 -3.81 -0.12 0.03 -3.78 

Belonging 1 LMS 0.06 0.05 1.21 5.83 4.83 1.21 

Expectancy 1 LMS -0.04 0.05 -0.92 -4.12 4.46 -0.92 

Identity 1  LMS 0.12 0.05 2.21 11.67 5.31 2.20 

Utility 1 LMS -0.03 0.05 -0.71 -3.34 4.72 -0.71 

HS_GPA Final Grade 0.21 0.03 6.81 0.37 0.05 6.72 

SAT_Math Final Grade 0.36 0.03 10.77 0.00 0.00 10.34 

SAT_Verbal Final Grade 0.14 0.03 4.09 0.00 0.00 4.07 

Belonging 1 Final Grade -0.03 0.04 -0.65 -0.03 0.05 -0.65 

Expectancy 1 Final Grade 0.16 0.04 3.90 0.16 0.04 3.85 

Identity 1  Final Grade 0.03 0.04 0.76 0.04 0.05 0.76 

Utility 1 Final Grade -0.02 0.04 -0.43 -0.02 0.04 -0.43 

LMS Final Grade 0.20 0.03 6.36 0.00 0.00 6.30 

Belonging 1 Belonging 2 0.55 0.04 15.41 0.61 0.06 10.73 

Final Grade Belonging 2 0.04 0.04 1.13 0.04 0.04 1.13 

Expectancy 1 Expectancy 2 0.65 0.06 11.05 0.78 0.08 9.77 

Final Grade Expectancy 2 0.39 0.03 12.80 0.46 0.04 11.76 

Identity 1  Identity 2 0.64 0.03 21.50 0.77 0.05 14.25 

Final Grade Identity 2 0.09 0.04 2.58 0.10 0.04 2.57 

Utility 1 Utility 2 0.55 0.07 7.99 0.85 0.12 7.35 

Final Grade Utility 2 0.08 0.04 2.14 0.11 0.05 2.13 
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3.7.6 Decomposition Effects 

 Figure 6 shows the direct effects of the structural equation modeling analysis; 

however, the direct effects are only one product of SEM. Indirect effects, also referred to 

as mediating effects, are also calculated with the direct effects to make up the total 

effects (Nunkoo et al., 2013). Table 3.8 shows the significant standardized indirect 

effects along with their associated p-values. For example, ‘SAT Math’ has a direct effect 

on ‘Final Grade’ (0.36), but it also has indirect effects on ‘Final Grade’ through ‘LMS 

Usage’ as well as the four survey constructs, which sum to an indirect effect of 0.04.  

Thus, ‘SAT Math’ has a total effect of 0.40 on ‘Final Grade’. The largest indirect effect is 

from ‘SAT Math’ to ‘Expectancy 2’ through ‘Expectancy 1’ and ‘Final Grade’, with a 

value of 0.34. This indicates that there is a relationship between students’ mathematical 

abilities (SAT Math) and how well they expect to do in their engineering courses, which 

further underlies the importance of understanding students’ academic backgrounds 

when developing curricula.   

Additionally, ‘LMS Usage’ had indirect effects on two engineering motivational 

constructs, ‘Expectancy 2’ (0.08) and ‘Utility 2’ (0.02), as well as on engineering identity, 

‘Identity 2’ (0.02). These effects detail how engagement and/or effort within a course 

can influence students’ motivation.  

Table 3.8: Indirect Effects of Regression Coefficients  

Indirect Effects 
Standardized 

Beta 
p-value 

Identity 1 to Grade 0.02 0.04 

SAT Math to Grade 0.04 0.01 

SAT Verbal to Grade -0.03 0.03 

SAT Verbal to Belonging 2 0.11 0.00 

LMS to Expectancy 2 0.08 0.00 

Expectancy 1 to Expectancy 2 0.06 0.00 

HS GPA to Expectancy 2 0.06 0.03 

SAT Math to Expectancy 2 0.34 0.00 

LMS to Identity 2 0.02 0.02 

Expectancy 1 to Identity 2 0.01 0.04 

LMS to Utility 2 0.02 0.04 

SAT Verbal to Utility 2 0.09 0.00 
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One of the major advantages of performing SEM is the ability to explain the variation 

accounted for in the endogenous variables (Schreiber et al., 2006). Because there are 

multiple regression equations being calculated simultaneously, there are multiple R2 

values to interpret. Table 3.9 displays the R2 values for the endogenous variables for 

which the model was able to account. Hair et al. (2011) note that values of .75, .50, and 

.25 are considered strong, moderate, and weak. The model within the study produced a 

wide range of R2 values, from 0.01 to 0.52; three of the four constructs from the second 

survey (excluding ‘Utility 2’) and ‘Final Grade’ showed moderate levels of R2 values. The 

low R2 values for survey 1 constructs were expected because the model was not 

developed to understand students’ incoming identity and motivation; rather, it sought to 

explain the change between the constructs from the beginning of the semester to the 

end of the semester. ‘LMS Usage’ also had a low R2 value, 0.04, which indicates that 

other variables influence students’ use of the LMS beyond the variables operationalized 

in this study.    

Table 3.9: Total Variance Explained by Endogenous Variables  

Construct R2 

Belonging 1 0.04 

Belonging 2 0.31 

Expectancy 1 0.08 

Expectancy 2 0.52 

Identity 1 0.01 

Identity 2 0.42 

Utility 1 0.02 

Utility 2 0.08 

LMS Usage 0.04 

Final Grade 0.35 

 

In summary, the measurement model and structural model produced reliable and valid 

results in which to interpret the regression paths among pre-college data, motivation 

and identity constructs, LMS usage, and course grade within a first-year engineering 

course. 
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3.8 Conclusions 

 The Model of Domain Identification has been used to model how students’ 

backgrounds, engineering identity, and motivation relate to their course effort or 

engagement and final grade using secondary data. Structural equation modeling was 

used to assess the theory put forth within the Model of Domain Identification and to 

determine relationships between variables within the model.  

When students’ incoming academic abilities are taken into consideration, ‘Engineering 

Expectancy’ is the only motivational construct that significantly predicted first-year 

engineering students’ final course grades. This finding emphasizes the importance of 

research studies to incorporate such variables so that an accurate model can be 

created and ultimately used to inform decision making. Additionally, results suggested 

that the Model of Domain Identification was iterative—students’ final grades related to 

their end-of-term measures of identity and motivation within engineering. This finding 

illustrates the high value that students place on their course performance.  

Overall, this study describes the importance of creating more comprehensive systematic 

models so that educational researchers can understand the relationships of key 

variables with student outcomes. Also, by incorporating new ways to measure key 

variables, such as using learning management system data to capture effort and 

engagement with course materials in the course, researchers may be able to obtain less 

biased results, such as those from self-reported survey data. If data can be used to 

shine light on the relative importance of variables on key indicators of success, such as 

grades, identity, motivation and course effort, then instructors can use those empirical 

data as they brainstorm how to best support their engineering students within their 

classrooms. 
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CHAPTER 4: FIRST-YEAR ENGINEERING INSTRUCTORS’ USE AND 

PERCEPTIONS OF STUDENT DATA: A QUALITATIVE INVESTIGATION 

4.1 Introduction 

 There is an assessment culture in higher education that expects transparency, 

results, and answers to increasing not only the numbers of students through the pipeline 

of higher education but also enhancing the learning outcomes of those same students. 

To be able to identify “what works” for meeting those objectives, there has been a major 

shift for higher education to become more data-driven when it comes to decisions 

related to student learning. Starting before students even step onto campus, it is 

imperative that administrators and instructors understand the characteristics of their 

students to ensure that courses are developed in such a manner to help them excel 

throughout their undergraduate programs.  

Even though it is known that data are ubiquitous to assessment, there is much room for 

improvement to seamlessly connect gatekeepers of data, researchers, and 

practitioners. First, gatekeepers of assessment data usually want to protect students so 

that the institutions remain compliant with FERPA regulations. Researchers need data 

access to be able to analyze relationships between variables so that they may uncover 

new insights about how to best support students across a diverse range of learning 

environments. These individuals, however, do not always work with practitioners (e.g., 

instructors or administrators) to realize the full potential of how the research process 

can change decision making. Finally, practitioners often want nothing more than to help 

their students succeed, but, for a variety of reasons, do not always utilize available 

assessment measures to understand their students and their own teaching practices. 

Therefore, there needs to be a more succinct connection between all three sets of 

stakeholders for the assessment culture to reach its full potential (Goren, 2012) so that 

student data can best be collected, evaluated, interpreted, and utilized to create better 

learning environments. 

In the Innovation with Impact report, for example, Jamieson and Lohmann (2012) 

argued that researchers and practitioners must collaborate with one another to 

transform engineering education. Within the context of the assessment culture, this 
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means that the three-stakeholder partnership (i.e., gatekeepers, researchers, and 

instructors) must work cohesively together to discover value in analyzing student data 

trails. Until this process happens in a seamless manner, however, the assessment 

culture of higher education will fall short of its full potential.   

Before completing the research to practice cycle, it is important for researchers to 

understand the current state of data use by instructors as well as develop an 

understanding of the data streams that they would actually take into account when 

developing their courses. This manuscript focuses on an investigation of current and 

potential student data use by instructors within a first year engineering context. Specific 

research questions are as follows: 

 Research question 1: What student data do first-year engineering instructors 

 currently take into account when teaching their courses? 

 Research question 2: How do first-year engineering instructors currently use data 

 to inform teaching practices? 

 Research question 3: What student data would first-year engineering instructors 

 find useful when teaching their courses? 

4.2 Literature Review 

 Learning analytics approaches enable stakeholders to comprehend large 

amounts of data on students. However, analyzing data alone does not complete the full 

picture; missing from learning analytics research is an investigation of how instructors 

can be involved in the process to help make sense of, and use, the learning patterns 

that emerge (Johnson et al., 2011). Taking that extra step would close the research to 

practice loop. 

This point cannot be overstated. Delivering learning analytics output to instructors is not 

as effective as designing learning analytics output with instructors. Ali, Asadi, Gašević, 

Jovanović, and Hatala (2013) provide such an example to determine which tools work 

for instructors, teaching asstiants and research analysts through the Learning Analytics 

Acceptance Model (LAAM), which was created and empirically validated through 

surveys from pertinent users. The LAAM was developed in accordance with the 

Technology Acceptance Model (Davis, 1989) to understand how educators preceive the 
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ease of use and usefulness of a learning analytics tool for their online courses. As a 

result of involving key stakeholders from the outset, ease-of-use and usefulness 

perceptions of an analtyics tool ledinstructors to adopt the tool. However, this research 

was focused on a learning analtyics tool for online courses only and did not consider 

aspects pertaining to an in-person, classroom environment, which is critical to traditional 

engineering education design-based curricula that characterize most large engineering 

institutions in the United States.    

Some learning analtyics interventions attempt to provide new knowledge to instructors 

through the use of dashboards. Such learning analytics dashboards have the potential 

to help instructors make an impact on learning by changing instructors behaviors 

utilzing a four-step process: 1) awareness, or knowing different types of data available, 

2) reflection,which entails the user asking questions and assessing how useful and 

relevant the data are, 3) sensemaking,a way in which users obtain answers from their 

reflections to create new insights, and 4) impact, which translates the previous three 

items into action (Verbert et al., 2013). For instance, Dyckhoff, Zielke, Bültmann, Chatti, 

and Schroeder (2012) emphasized that learning analytics research is only as effective 

as the ability for instructors to convert what the research shows into meaningful 

practice, which in turn can improve student learning.  Instructors are able to engage 

interactively with dashboards to customize data visualizations and determine 

appropriate times for intervention or evaluate the success of new pedagoical 

interventions, for example.  

What is important in creating learning analytics applications is the human-centered 

design aspect of involving end users from the beginning of the development process to 

ensure that what is being designed aligns with what the users want and will ultimately 

put into practice. Human-centered design places an emphasis on people, and starting 

any design with the people that the application or product is intended for to ensure the 

product being developed is what the end user wants (IDEO, 2011). This idea 

underscores the value of my study’s approach in taking into consideration the end-user 

of learning analytics approaches, which in the instance of the current study include first-

year engineering instructors. Few studies have focused on how first-year engineering 
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instructors use student data to inform their teaching practices; my study extends the 

learning analytics literature to this specific context. 

In summary, as noted by Duval (2011, February), learning analtyics provides the 

opportunity to investigate a wide array of data that students produce in formal and 

informal learning environments. Without having instructors be able to understand, 

interpret, and respond to the findings of learning analtyics projects with practical 

applications, the value of such interventions will be lost.  

4.3 Data and Methods 

 The study consisted of a set of eight semi-structured interviews with first-year 

engineering instructors asking questions pertaining to their use of student data and the 

implications stemming from using student data. Open coding of transcripts resulted in 

the emergence of 10 themes aligned with the three research questions.   

4.3.1 Sample 

This study took place at a Mid-Atlantic Land Grant University that enrolled 

approximately 1,500 first-year engineering students at the time of data collection. 

Twelve instructors out of approximately 20 who taught within the first-year engineering 

program were invited individually by email, and 8 replied and consented to participate in 

the study (see Table 4.1), which received approval from the institutional review board. 

The only criterion for the selection of instructors was that they were instructors of record 

for at least one section of the first-year engineering course. An "instructor" is defined as 

a graduate teaching assistant who served as instructor of record, a tenure-track or 

tenured faculty member, a professor of practice, or an instructor (teaching-only, as 

defined by the Department of Engineering Education). The courses that the instructors 

taught were comprised of approximately 30 first-year engineering students and met 

twice each week for 75 minutes. The structure of the course is a design-based, active 

learning environment in which students primarily work on projects within groups. The 

two Fall and Spring first-year engineering courses are required of all students who wish 

to enter an engineering discipline. Five of the study participants were full-time faculty, 

and three participants were graduate students.  
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Table 4.1: Interview participant pseudonyms  
Pseudonym Type Gender 

Bill Full-Time Instructor Male 

John Full-Time Instructor Male 

Jen Full-Time Instructor Female 

Sandra Full-Time Instructor Female 

Joe Full-Time Instructor Male 

Jeanette Graduate Teaching Assistant Female 

Kristal Graduate Teaching Assistant Female 

Clark Graduate Teaching Assistant Male 

 

4.3.2 Data Collection  

One interview was conducted with each participant; interview lengths ranged from 25 to 

45 minutes. The interviews were semi-structured and asked instructors to reflect upon 

and discuss the following broad topics, which map onto the study’s three research 

questions: 1) their experiences using data about first-year engineering students in their 

courses, 2) how data are used or could be used to inform their teaching practices, and 

3) the data they would like to have on their students.  

The interview protocol was developed based on a similar session held with first-year 

engineering students as part of an ongoing, interdisciplinary project (Knight, Brozina, 

Stauffer, Frisina, & Abel, 2015, June).  This revised protocol was tested via a pilot 

interview with a graduate student instructor (affiliated with the course under 

investigation but not included in this study’s findings) and adjusted accordingly based on 

that pilot session. Table 4.2 displays the finalized protocol used to guide the interviews. 

Table 4.2: Interview protocol   
Interview Questions: 

What are the current sets of data that you investigate to understand your students? 

What can those variables tell you about your students? 

How do the data influence your instructional strategies? 

Not limiting yourself, what types of data would you like to have on your students? 

How might those new data streams inform your instructional processes? 

How might data like this help you help your student’s transition from high school to college? 

How could these data help you have conversations with your students about their 
participation or engagement in your class? 
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4.3.3 Data Analysis 

Interviews were audio-recorded and fully transcribed. Each of the eight transcripts was 

coded using R, an open source statistical platform, using the RQDA package. An 

iterative process for analyzing the data was used, which consisted of immersion in data, 

coding data from the text (i.e., without imposing an existing coding framework), 

developing categories, and developing themes from the categories, which ultimately 

were used to address the research questions (Green et al., 2007). Two independent 

researchers open coded three transcripts separately, where the coding level pertained 

to an interviewee’s complete thought, and thoughts could be coded with more than one 

code; this initial iteration generated approximately 300 codes. The same researchers 

continued to collaborate to adjust and collapse those codes, which resulted in a 

common code book consisting of 25 categories. One researcher then coded all eight 

transcripts based on the common code book of 25 categories. The second researcher 

subsequently performed a peer audit of all eight coded interviews and confirmed, 

changed, or added categories as deemed necessary, which gave credence to the 

trustworthiness of findings (Leydens, Moskal, & Pavelich, 2004) . Any differences in 

coding were discussed between the two researchers until commonality was formed—

this iterative process resulted in a single set of fully coded transcripts. Following this 

process, each category was situated under one of the three research questions; the two 

researchers again came together to identify themes that emerged from the data set, and 

definitions for each theme were created.  Finally, peer debriefing was employed using a 

third researcher to ensure validity of the resulting themes (Creswell, 2009).  

This entire process allowed for the systematic examination of themes across the eight 

participants. The 12 themes mapped to the three research questions that emerged from 

this process along with definitions are found in Table 4.3. 
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Table 4.3: Themes, associated research question, and definitions  

Theme RQ Definition 

Non-Data Thinking  

What student data do first-
year engineering 

instructors currently take 
into account when teaching 

their courses? 

A lack of consideration of or use of data in 
carrying out teaching duties.  

Real-Time View 
The use of data to capture a holistic sense 
of how an individual or class is performing 

at the current point of time.  

Knowing the Person 

Using formal and informal data collection 
methods to appreciate the student as an 
individual, including skills, desires, and 

understanding levels of students.  

Academic Process 
Improvement 

How do first-year 
engineering instructors 

currently use data to inform 
teaching practices? 

Making changes to the content and/or 
presentation of a course based on 
information from or about students. 

Personalized Interaction 
Connecting with students as individuals 

regarding personal interests and/or 
regarding personal academic progress.  

Instructor Teaching 
Improvement 

Evaluating personal teaching practices.  

Protecting Potential  
Ensuring data are not used to harm or 

discourage any individual.  

Accessible Data 

What student data would 
first-year engineering 

instructors find useful when 
teaching their courses? 

Data that are readily available to instructors, 
captured by the university’s current systems 

in place.  

Data Not Readily 
Available 

Data that are either not readily available or 
require considerable transformation to use. 
Instructors may aspire to have these data 
but may not be able to obtain these data.  

Level of Data 
Differentiating between aggregate and 

individual level data on students.  

 

 4.4 Limitations 

 This study design includes limitations which could influence the potential results 

or subsequent interpretations. First, only eight first year engineering instructors were 

interviewed from one university. Even though the objective of the study was not to 

generalize findings, it is it is important to acknowledge that sweeping claims cannot be 

made based on only eight interviews. Additionally, the researchers involved with this 

study were quite familiar with the participants. Even though measures were taken to 

ensure credibility and trustworthiness, such familiarity with the participants may have 

influenced how the participants engaged within the interview and how the researchers 

may have interpreted data. Lastly, the researcher unexpectedly had to lead the 

participants at certain times in thinking about student data use. For instance, when 

asking the first question about data uses, faculty answers would have been very limited 

if the interviewer did not disclose that grades on assignments could be considered data 

that they used to know their students better. As subsequently noted, the need to lead 
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participants is a finding in and of itself, but those leading moments could have 

influenced participants’ responses for the remainder of the interview. 

4.5 Findings   

 The aim of this study was to investigate experiences of first-year engineering 

instructors with student data. Using the three research questions as a basis for 

instructor interviews, much was discovered regarding consideration of student data 

among study participants. Themes that emerged aligned with the research questions 

and are discussed in the following sections.  

 
 Figure 4.1: Emerged themes from instructor interviews 

4.5.1 Research Question One: What student data do first-year engineering instructors 

 currently take into account when teaching their courses? 

4.5.1.1 Non-Data Thinking  

The most prevalent theme that emerged in elements of the interviews mapping onto this 

research question was “non-data thinking”–instructors had a lack of explicit 

consideration for or use of data for knowing their students. When asked on current data 

use to know their students, most participants needed to be prompted with a follow-up 
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question asking if, for example, they used grades at all to know their students. Three of 

the participants explicitly stated not using any kind of data. For instance, John 

responded initially stating, “I don’t read a lot about statistics about students, or what 

their trends are or anything,” and Jeanette said, “I don’t know that I looked at any data.” 

For these participants there did not appear to be any kind of explicit connection between 

the consideration of student data and decision-making, planning, and execution of 

courses.   

However, once participants were prompted by the example of grades as data, they 

provided some examples of different types of data that they actually used and collected 

to understand their students. Participants did not intentionally think that what they were 

doing within their courses in these manners related to “data”, yet as the next two 

themes show, all participants used “data” in some sort of manner. The initial reaction to 

questions related to data use prompted the theme of “non-data thinking.” 

Because instructors used data of some sort within their courses, it is imperative as an 

initial first step to discuss with instructors that they are, in fact, using data to inform their 

decision-making. This practice will make the incorporation of a learning analytics 

initiative much easier because it helps relate the initiative to a potential user’s familiar 

frame of reference. If instructors are to adopt a learning analytics dashboard, for 

example, referencing the data that they already collect in a dashboard will hopefully 

lead to an adoption of such technology. It is important when adopting a new change 

initiative, such as having instructors use dashboards, to use local data that instructors 

are familiar with, and perhaps already collecting and analyzing themselves, to help ease 

the change process (Finelli, Daly, & Richardson, 2014). 

4.5.1.2 Real-Time View 

Instructors took a just-in-time approach with the use of data on their students. The main 

type of data instructors used included grades on homework assignments or tests. When 

asked about the data sets that they tended to use to understand their students, most 

participants initially hesitated. When prompted about the role of course grades, 

however, Jen, for example, responded by saying, “so going back and looking at the 

homework grades was important…..we had an in class practice test, and I was able to 
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see who was doing well and who wasn’t.” Jen’s response was typical of most 

participants in that the use of grades were vital to determining how well students 

processed course material.  

In the discussion about how grades specifically were used, participants described a 

sense of trying to get a real-time view of the class as a whole. As Bill describes:  

 I tried to take that holistic view to it…looking at the homework assignments, and 
 try to see how those grades are going….looking at different assignments relative 
 to that….the last semester we had some assignments that got into the students 
 doing reflections, so I got to reading more of those.  

In summary, data to most participants were thought of as actual measures from their 

assignments in which to capture a sense of the overall “well-being” of the course 

section(s) they were responsible for in a real-time fashion. “Well-being” referred to 

academic performance on tests and assignments and, until prodded further, did not 

extend beyond grade-based data. 

4.5.1.3 Knowing the Person 

Once participants realized that “data” could include a variety of different variables, they 

responded by describing both formal and informal data which were collected to gather 

more information about the skills, desires, and competency levels of students. 

Background knowledge and observational data were two primary data types that helped 

instructors know their students more deeply outside of just their grades. Multiple 

participants described how they collected information on the skills of students pertinent 

to the course, such as whether they had experience with Matlab or Inventor. For 

example, participants described that they collected this information within the first week 

of class by giving students name cards and asked students to note if they had 

experience with different programming environments. Instructors valued knowing this 

information when assigning students to small groups. They tried to match students with 

different knowledge bases so that scaffolding could occur.  

Additionally, instructors did not rely on only grades or knowledge of students’ skills, they 

used observational techniques to know how students were comprehending course work. 

Sandra responded to the question “What about grades during the semester?” by stating, 
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after acknowledging that she looks at grades of students to get a sense of how they are 

doing, “….that is integrated in what I see in class, and what I am observing and how 

they’re interacting with each other and how they are interacting with me.”  Similarly, Jen 

noted, “…even just walking around in class I was able to see how things were going.”  

There was a sense that instructors need to have a relational understanding of people to 

know if students picked up on what they were teaching. For example, Joe mentioned 

“….looking at student reaction towards homework assignments or exams or quizzes…” 

was an important aspect of his teaching strategy to gauge how well his students were 

doing. However, it can be cumbersome for instructors to notice every cue that a student 

displays, which is where learning analytics could play an important role. If learning 

analytics applications could be used to capture this kind of understanding of students, it 

would be beneficial to instructors in that they may be less likely to miss any possible 

cues or gestures by students who do not understand the material.  

Overall, once participants recognized that “data” could be comprised of a variety of 

different types, information was gathered on various techniques used to know the 

individual and the class as a whole more deeply. One technique that was described 

multiple times was the use of name cards–these cards included not only the student’s 

name, but also information about the student such as their intended major and what 

they did over the school break. All of this information was used to gain a better 

knowledge of the students enrolled in each instructor’s course.  

Looking across the three themes of “non-data thinking”, “real-time view,” and “knowing 

the person,” these themes align with what Hora, Bouwma‐Gearhart, and Park (2014) 

found in their study of faculty members’ perception and use of data. The researchers 

found that 20% of participants they observed did not reference data being used to 

inform their instructional strategies. They also noted participants’ use of data in a real-

time view on their teaching, where 10% of participants used this type of data. However, 

what was lacking was incidents of faculty diving deeper to know their students on an 

individualized level, which as depicted above, is an important data piece to inform 

instructional strategies. Participants suggested its importance, and it appeared to be 
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happening on an ad hoc, informal basis.  However, there could be a potential for 

learning analytics approaches to help this process occur more systematically. 

4.5.2 Research Question Two: How do first-year engineering instructors currently use 

data to inform teaching practices? 

 In addition to asking participants about their current use and future desires for 

student data, participants were asked about how the data they do have or the data they 

would like to have are or could be used to inform their teaching practices. Four themes 

emerged from these portions of the interviews.  

4.5.2.1 Academic Process Improvement 

Participants revealed that they use or could use data to initiate course level adjustments 

or identify problems within the course, such as knowing whether a student understood a 

concept so that more time could be spent on that notion. Additionally, participants noted 

that data could be used to identify problems so that they might intervene at the 

individual level. For example, if data could be used to know where and why students 

were struggling, instructors felt they could intervene to help determine the cause of the 

issues. Instructors want to create an environment in which students thrive, and they 

believed that if they were able to use data to make adjustments, either across the 

course or with an individual student, then students would be more inclined to engage 

with the class material and be successful in the course. John, for example, wants to be 

able to use data to recognize earlier when a student is struggling and why they are 

struggling:  

 To be able to identify the students who need more help than others will be very 
 useful. You can kind of figure it out after a while to find out who is struggling and 
 who isn’t, but you don’t know why, and you can suggest better studying habits or 
 whatever. Or you can understand if it’s a motivational issue. 

Sandra echoed this notion of wanting to understand what is going on when she said, 

“On a general level if I have given an assignment that everybody has tanked, there is an 

‘oh what happened here’, was it me, was it you, was it the assignment, what did we 

miss on this kind of thing.” Like the other participants, Sandra wants to be able to use 

data to implement process improvements within the course to minimize poor results on 

assignments from happening again in the future.  
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Similarly, John kept a recollection of how many students visited his office hours for help 

on homework to capture whether or not the students understood the concepts from his 

teachings. He said, “…if there are a lot of students coming into the office hours, and 

having difficulty, then I need to go back and spend extra time in the class to review what 

we have done.” Like others, John is using a different type of data—numbers of students 

at office hours—to understand how well students are doing, and in turn, going back and 

re-teaching concepts where students have shown difficulty with understanding.  

4.5.2.2 Personalized Interaction 

Instructors sought ways to connect with students on a more personal level and did so by 

collecting informal, observational data to know students at an individual level so that 

they could personalize the learning experience (as described later). More personalized 

learning experiences enabled opportunities to cater to students’ interests as a whole, 

which helped instructors make material seem more relevant to students. For instance, 

Jeanette mentioned that she creates name tags for students to capture personal 

information so that she can “try to get a good understanding of the dynamics going on 

and try to use their hobbies as examples in class and those types of things.” Likewise 

Kristal uses informal data, “to get them [the students] to get to know each other better” 

in order to “have a learning community in the classroom.” Clark similarly uses note 

cards to get: 

  …an idea about the climate of the class. When I get their majors, I have an idea 
 about what people are interested in; for what people are excited about, I try to 
 make those things happen. And for the things students are nervous about, I try to 
 go over them the next class and ensure that they are not worried about it for this 
 or that reason. 

It was evident across the participants that instructors wanted to use informal and 

observational data to create connections with students at both the personal and 

academic levels. They took on data collection on their own so that they could get a 

better understanding for why students wanted to become engineers so that they could 

play to students’ ambitions as they presented course material. Therefore, within the 

learning analytics field, it will be important to figure out ways in which to capture 

students’ motivation for studying engineering in a systematic manner so that instructors 
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can use those data to create more engaged and interesting learning environments for 

students.  

Some of this kind of motivational data has been captured through the use of surveys; for 

instance, Jones (2009) created a survey instrument that has been administered in the 

class under investigation that captures students’ beliefs that the instructor cares about 

their learning and about students on a personal level. However, those survey data often 

are not analyzed immediately and provided to the course instructors; the learning 

analytics community could investigate how to provide such data to instructors in a more 

real-time way.  

4.5.2.3 Instructor Teaching Improvement 

Not only do instructors want access to data to improve the content of the course and 

create connections with students, they want data to improve their own teaching 

methods. They wanted data to understand the changes that occur in their courses 

“because I want to know what is happening in my class” to understand the problems lie 

points for students. Kristal, in talking about wanting to know whether students were 

comfortable with a topic or not, stated: 

 …if I could see their progression, I could see if my students are making progress 
 towards their learning goals, and if they are not, maybe I could see what week 
 did no one change their comfortableness with a topic. Maybe I would know that 
 week if I did a good enough job on that topic. 

Instructors seemed to have a sense of responsibility to their students with respect to 

their learning progression. On the same note, Clark noted: 

 …if I had a real true level of understanding within a class constantly, that would 
 let me know if I am going on and on about something and no one is 
 understanding what I am saying. Then I know I would need to regroup and talk 
 about it differently.  

He, like others, wants to make sure that students are comprehending what he is trying 

to teach them and thinks that if he had data on students’ actual understanding levels, 

then he would be able to know if he needed to change his teaching practices, or if he 

was doing a good job or not. This theme is more about the instructor themselves and 

the way they teach concepts to students; it is not necessarily about the content itself. 
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Instructors felt they could use data to ensure that they themselves were staying on point 

and helping students learn. The theme is about personal improvement for instructors, 

not about conceptual understanding improvement for students.  

4.5.2.4 Protecting Potential  

The largest sense of uneasiness from interview participants while talking about data 

was related to the notion of having data at the individual versus aggregate level. 

Different from the subsequently described “Level of the Data” theme, however, this 

theme related to some of the unintended negative consequences of having access to 

additional student data. Most instructors liked the idea of having data, as long as the 

data did not cause any unnecessary harm to students. Jen stated “…if I knew who the 

good students were and the bad students were…somehow it might change my 

expectations of students, and how they responded to that…so I am not sure how much I 

want to know about all that.” It was clear that she took a cautionary stance when it 

comes to data and how data might be presented to her about her students, which was 

echoed by multiple participants. In another example, Sandra was adamant when she 

said, “One of the things I actually don’t want is data on individual students [on incoming 

characteristics] because there is a lot of risk in putting students in boxes and 

stereotyping them” and “It is really hard to eliminate preconceptions, once you get them 

they do not go away. Like knowing, this is the kid that got a C in high school calc…it is 

too easy to start to box people in.” This is a bit in contrast to earlier notions of instructors 

wanting to have student schedules so that they have a better understanding of 

academic preparedness. However, having a student schedule would not necessarily 

communicate actual performance in a particular course; it would simply show the 

academic paths students have taken before arriving in their current courses. Having 

student schedules might have been seen as less intrusive than having actual grades 

students’ received in courses.  

Participants not only wanted to protect themselves with respect to preconceived notions 

of students that data could produce, but they also wanted to protect students in not 

allowing data to make them think they could not succeed. Joe stated “…I would be 

cautious in which data I showed students” so as to not push the students into a poor 
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state of mind. He thought that if instructors “focus on motivating the students” through 

positive reinforcement, then better outcomes would result rather than showing the 

students data about the relationships between prior cohorts’ background levels and 

student success. If a student was in a “failing” category based on historical data with 

respect to pre-college characteristics, communicating such information to students may 

have serious negative consequences on their motivation and confidence levels in the 

course. 

This desire to protect the potential of students was a consistent theme across 

participants. As Kristal described, “I wouldn’t want to see my students in a limited way. I 

want to see them in their full potential.” Participants did not think that all data types 

would be appropriate to ensure that they helped their students achieve success. They 

thought some types of information could potentially limit their success.  

As discussed by Knight et al. (2015, June), students who engaged in similar focus 

group sessions did not want instructors to have their individual level data for those same 

stereotype reasons. However, they were not opposed to their data being used at the 

aggregate level, as long as instructors did not form preconceived notions about their 

individual abilities. Learning analytics approaches should carefully consider the level at 

which data are presented to instructors so such concerns are mitigated. 

4.5.3 Research Question Three: What student data would first-year engineering 

 instructors find useful when teaching their courses? 

 After discussing current data that instructors use to understand their students, 

participants were asked to brainstorm potential additional student data that would be 

useful. Three themes emerged in analyzing the transcripts.  

4.5.3.1 Accessible Data 

The majority of data that these instructors indicated wanting about their students are 

data that are presently captured at the institution under investigation and most likely 

across other institutions. Instructors wanted to know the background knowledge of their 

students as well as some other academic information, such as students’ prior or current 

course schedules. Bill described this desire:  
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 I guess if the sky were the limit…I would probably like to know a little more about 

 with what they were coming in with. I would like to know what they do and part of 

 talking with them in class I get to learn some of those things. Some of the training 

 that students have today, with international students, and students out of state, 

 and how the high schools vary from each place. Nowadays about a quarter of the 

 population already knows CAD before they come in here, and the same thing 

 with the programming. 

Jeanette articulated the same sentiment stating, “I would probably like to know what 

courses they have taken previously, such as high school since this is a freshman class.  

Would have some understanding of what their math levels are, if we are doing 

programming, have they done programming before.” Joe and Kristal also aligned with 

the previous two comments stating “I would like to know how many other classes they 

are taking,” and, “I would like to see how they are doing in their other classes, and even 

in the current semester,” respectively.  

The participants thought such data elements could provide a more comprehensive 

understanding of current skills and course loads of their students, as opposed to 

following ad hoc, informal data gathering on an individual level.  As the title of the theme 

expresses, most of these data are available within the institution but have not been 

provided to these instructors. One immediately achievable recommendation stemming 

from this study that would complete the research-to-practice cycle for this class would 

be to provide instructors with an overview of enrolled students’ class schedules.  The 

institution’s student data management system could easily be leveraged to turn this 

desire into a reality.  

4.5.3.2 Data Not Readily Available 

Participants were quite enamored with wanting to know how students spent their time 

outside of class. Instructors wanted to know more about where and how students put 

their efforts on their academic work. As Sandra summarized:  

 What I want to know is how students are spending their time. So that is a big 
 thing, on what homework problems are students spending their time…how much 
 time are students spending on the video tutorials….how much time are you 
 spending on working on the actual program? On the project stuff, I want to know 
 how much time and what they are doing on the actual projects.  
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She wanted not just a general sense of time on task, but more specifically on what parts 

of the coursework and specific pieces students were putting in time and effort. Joe 

similarly articulated the desire to want knowledge of student time by saying, “I want to 

know if students are working off-campus, and how much time they are spending in a 

job. This will let me know how much time they can spend on the course.” Even though 

Joe was not asking for as much detail as Sandra, he still wanted to be able to use the 

data on student time to gauge how much time might be spent on activities within his 

course. Student time falls within the theme of data not readily available because it is not 

easy for instructors to obtain, or for that matter, collected extensively within institutions 

explicitly.  

Other types of data that participants pointed to that would be useful include student 

engagement, motivation, and students’ levels of understanding. One participant “wasn’t 

sure how engaged their [students] were day-to-day” and wanted to be able to know 

“day-to-day, whether they were getting it [course material] or not getting it.” Another 

interview participant commented, “I would like to know their [students’] comfort levels 

[with the material] and be able to see that from week to week.” Clark similarly stated, “I 

wish there was a way to capture students’ understanding levels without forcing students 

to always think back and to check a box or something. An actual true level of 

understanding throughout the room would be great.” Some of these data types might be 

easier to capture then others, but nonetheless they are all data that is not readily 

available.  

4.5.3.3 Level of Data 

After creating a level of understanding on data uses and desires, participants were 

asked to consider whether or not they would want requested data at the individual or 

aggregate level. This consideration was a struggle for most participants, as several 

wanted to have enough information to make decisions but also did not want to be 

flooded with too many individual data points that might be unnecessary. Jen, for 

example, was uncertain about which level of data she thought would be most helpful:  

 At the individual level it would be good to know what they were struggling with. 

 It’s one of those things I think I would have to experience, knowing about 
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 motivation and such at the individual level. I think it might be too distracting, and I 

 would focus on one or two students who the data say are kind of checked out, 

 and not focus on the other 90%...I don’t know, but at first I would like data at the 

 aggregate level.  

Bill showed uncertainty as well stating, “If the data were at the aggregate level, we 

wouldn’t have the details needed to know students. But you can get information from 

just talking to students.” He thought there might be value in having the information at the 

individual level, but thought he could just as easily get that information in other ways, 

such as talking with a student. These perspectives summed up how most interview 

participants felt—they would rather have most types of data at the aggregate level, and 

not at the individual level, for reasons previously discussed. 

When using any amount or type of student data, it is important to consider the ethical 

implications as to the privacy of that data. Without a full understanding of the byproducts 

of a learning analytics application, instructors can misinterpret the outputs, which could 

lead to harmful consequences to the overall goal of learning (Dringus, 2012). From the 

instructor interviews there was an overall sense of ethical obligation in their preference 

for having data about students at the aggregate level as opposed to the individual level 

to alleviate potential ethical concerns.   

In summary, interviews showed that participants as a whole took a non-data thinking 

approach to curricula and student interactions; they did not explicitly think about their 

daily instructional activities to learn more about their students via existing data. 

However, formal and informal data were in fact used to gain real-time views of students 

via grades or observational measures to try to understand students enrolled within their 

courses. Additionally, instructors discussed the desire to have explicit data at the 

aggregate level on their students, some of which are readily available within the 

institution but not provided to them. Participants appeared to be excited about the notion 

of using data to improve the student experience overall by creating an environment 

conducive to learning. 

 4.6 Conclusions 

 This study of how instructors in a first-year engineering course consider student 

data showed that instructors tend not to think it terms of data, but more in terms of how 
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they could use whatever means necessary to help their students succeed. This finding 

is emulated by themes such as “knowing the person” and “protecting potential.” Some of 

these themes would have not been known if a human-centered approach was not taken 

by explicitly asking instructors about their data use.  

By addressing research question one (i.e., what data are currently being used by 

instructors), it was found that instructors tend to take a “non-data thinking” approach. 

Instructors try to capture a “real-time view” of their students and invoke a variety of 

strategies to get to know their students on a personal level. It is clear that instructors 

use a variety of data types to understand their students even if they do not consider 

these approaches explicitly as accumulating data. In addressing the second research 

question (i.e., how data are used to inform teaching practices), instructors wanted to be 

able to use data to improve students’ experiences by incorporating process 

improvements, personalized interactions, instructor teaching improvements, and 

protecting the potential of students. Participants wanted to use data to infuse 

assessment measures within their courses so that students would have a tailored 

learning experience.       

Lastly, addressing the third research question (i.e., what data would instructors like to 

have on their students) uncovered that participants would like access to data that are 

already being captured within most institutions but not delivered to instructors. Thus, 

there is a definite opportunity for institutions to use learning analytics approaches to 

leverage existing data sources to provide their instructional teams with this desired 

information. Most prevalently, instructors pointed to wanting information related to 

students’ background knowledge related to course topics. This is the type of data to 

which data gatekeepers, such as the registrar’s office, institutional research, or 

assessment offices, could facilitate access so that instructors might better understand 

the students enrolled in their courses. That shift in mindset could complete the 

research-to-practice cycle that the assessment movement is seeking to achieve. In 

addition to accessible data, instructors cited several additional data types, such as how 

students spend their time engaging in their classes and in co-curricular activities.  

Researchers could take those ideas to develop new mechanisms of capturing or 
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translating existing data traces to serve as a proxies for such variables, which could 

then be fed to instructors to facilitate continual improvement of the educational process.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



100 
 

CHAPTER 5: Summary  

5.1 Summary 

 The purpose of this dissertation was to understand what could be revealed from 

interrogating large amounts of data collected from first-year engineering students, both 

directly and indirectly. In addition, the project investigated how those data could be used 

for decision making purposes by instructors within the curricula from the perspective of 

the instructors. The preceding chapters and manuscripts addressed the major aims of 

this study: 

 1. To identify what information could be gleaned from investigating first-year 
 engineering student’s learning management system usage timestamp log files.  

 2. To explore how multiple data sets could be connected to understand salient 
 variables that relate to student outcomes.  

 3. To identity what types of data instructors use, or would like to have, for 
 understanding their  students to inform their teaching practices.   

A summary of the findings are listed in Table 5.1 pertaining to their respective 

manuscripts and research questions. A great deal of valuable information can be gained 

from merging disparate data sets.  

Table 5.1: Summary of Findings 

Overarching Research Question: How can University collected data sets be leveraged to 
better understand students and help inform faculty? 

Manuscript 
# 

Research Question 
Data 

Collection/Type 
Findings 

1 

a) How do course 
grades vary based on 
the overall number of 
LMS sessions per 
student?                              
b) How do course 
grades vary based on 
the number of LMS 
sessions per student 
for different tools?                      
c) How does the 
timing and frequency 
of LMS tool usage 
relate to course 
grades? 

 Student-level 
Scholar Data, 

Student Record 
Data, Course 
Specific Data  

1. Higher usage of the LMS 
relates to higher course grades.                            
2. The value student’s gain from 
the LMS is dependent upon their 
workshop leader.                                                   
3. Resources and Assignments 
tool usage exhibited the largest 
effect size with course grade.                                    
4. 'A' students completed their 
tasks further in advance of 
assignment deadlines relative to 
'B' and 'C' students.   
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2 

a) How do 
engineering identity, 
motivational beliefs, 
and LMS usage relate 
to course success, 
while taking into 
account the pre-
college backgrounds 
of first-year 
engineering students? 

ENGE First-Year 
Surveys (2), 
Student-level 
Scholar Data, 

Student Record 
Data 

1. Engineering Expectancy is the 
only construct which relates to 
final course grade.                                                    
2. SAT Math has the largest 
relationship with final course 
grade relative to every other 
variable.  
3. LMS usage relates positively 
to final course grade.                                                
4. Students’ final course grade 
relates to their end of semester 
Engineering Identity, Utility, and 
Expectancy—thus, these results 
suggest that the Model of 
Domain Identification is iterative.   

3 

a) What student data 
do first-year 
engineering 
instructors currently 
take into account 
when teaching their 
courses?                  
b) How do first-year 
engineering 
instructors currently 
use data to inform 
teaching practices?                       
c) What student data 
would first-year 
engineering 
instructors find useful 
when teaching their 
courses? 

Interviews with 
First-Year Program 

Engineering 
Instructors 

1. "Non-Data Thinking", "Real-
Time View", and "Knowing the 
Person" were the themes 
relating to instructors’ current 
use of student data.                                          
2. "Academic Process 
Improvement", "Personalized 
Interaction", "Instructor Teaching 
Improvement" and "Protecting 
Potential" were the themes 
relating to how data informs 
teaching practices.                                        
3. "Accessible Data", "Data Not 
Readily Available" and "Level of 
Data" were the themes relating 
to the data that instructors would 
like to have to improve their 
instructional processes.  

 

5.2 Significance of the Research 

 This study provided several findings related to learning analytics approaches for 

a first-year engineering course and how data can be used to enlighten faculty so that 

faculty, in turn, can enrich student experiences.  

The learning analytics approaches used within this study demonstrate how elements 

within the Academic Plan Model (Figure 5.1) can be operationalized using existing data 

so that faculty can have a clearer picture of the students within their courses, both in 

terms of their characteristics and experiences as well as how often and when they are 

engaging with course materials on the LMS outside of class. This study goes beyond 
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highlighting the importance of the Academic Plan Model and details how existing data 

can be used to visualize the relationships between components within the model. 

 
  Figure 5.1: Academic Plan Model by Lattuca & Stark (2011) 

If faculty can access actual student data such as learning management system (LMS) 

usage or aggregate class level SAT scores, it will help them to create a more 

personalized, data-informed learning environment for their students. For instance, if a 

faculty member knows that all of his or her students have very high SAT scores and 

students are all well-versed in Matlab and Inventor, then that faculty member could 

potentially create a faster-paced, more advanced course to challenge those students. At 

the same time, that faculty member could also use LMS data to monitor how often 

students are engaging with the material so as to ensure the instructional resources and 

processes are adequate in addressing student educational outcomes.  

The Academic Plan Model suggests the importance of learners, instructional resources, 

and instructional processes, along with the other four elements, as faculty members 

plan curricula. Through the use of learning analytics and existing data as demonstrated 

in this dissertation, those elements can now be operationalized so that faculty can fully 
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understand how different student characteristics, such as background information, 

identity and motivation relate to student educational outcomes. If faculty can visualize 

how students experience a course, teachers could more easily adapt, shift, or change 

plans to suit the needs and long-term desires of students. My dissertation contributes to 

the Academic Plan Model by demonstrating how components that often are not 

considered or critically examined by faculty explicitly (i.e., learners, instructional 

resources, and instructional processes) might be operationalized using data.  Faculty 

tend to focus on purpose and content because they are most familiar with those 

components and "data" on those elements are readily accessible—this dissertation 

worked toward finding new ways to open the conversation about those other elements 

of curriculum planning. 

There are implications from this study within research, practice, and policy. The 

following paragraphs describe the recommendations for each. 

This dissertation has implications for research in many ways. First, the research study 

provides additional insights into the process of how quantitative data can be combined 

and aggregated in such a manner to produce meaningful insights from multiple, 

disparate datasets on students. By incorporating rigorous statistical analyses such as 

robust regression and structural equation modeling, discoveries were found which 

otherwise would not have been found if other methods were used.  Because the 

research was conducted in R, the process for merging, cleaning, and analyzing 

largescale data could be applied to other courses in similar research endeavors. 

Additionally, the importance of replication cannot be overstated. If researchers wish to 

make important policy claims, such as requiring instructors to maintain certain levels of 

LMS use, it will be important to replicate the interaction effect of instructor on the 

relationship between LMS usage and grades in other contexts. Even though replicating 

a study is not a common endeavor in educational research, there is value in ensuring 

findings from other studies actually hold up in other settings or with different data sets.  

Another implication for research is that by incorporating a human-centered method, 

insights into instructors’ thoughts and actions about data usage on students were 

discovered. Various themes were found which may not have been considered if not for 
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the human-centered approach. Future studies should take advantage of human-

centered design principles to ensure they fully understand the problem and mindsets of 

the end user.  

This study also has several implications for practice. The outcomes of this research 

gave instructor participants the knowledge of the types of student-level data that already 

are being captured at the institution, where then instructors were able to help identify 

the value of various pieces of data. By bringing together disparate sets of student-level 

data, a clearer picture of how students develop through their first year within an 

engineering program can be presented to the instructional team to inform their decision 

making processes. Specific variables, such as student schedules, that the university 

already collects could be provided to instructors at any time to help them understand 

their students. 

With respect to the learning management system data, it is imperative for instructors to 

use the communication-specific tools on the LMS to help students to utilize the system 

more often. If students are using the system more often, they will most likely engage 

with course materials at an increased rate, which was demonstrated to have a positive 

relationship with course grades. Additionally, instructors could show students how 

procrastination is a real phenomenon and relates to students’ grades. By showing 

students real data which depict ‘A’ students not waiting until the last day to turn in 

assignments, whereas students who received a ‘B’ or ‘C’ waited until the day an 

assignment was due, more students may be persuaded to complete work in a more 

timely manner.  

This research study could potentially have effects on policy for first-year engineering 

programs and how university data are shared in-house. For a variety of reasons, there 

are currently many levels of bureaucratic red-tape which not only make processes 

inefficient, but detract from the innovative mindset of educational researchers and 

instructors. Consequently, by having a more open policy which streamlines the time 

required to obtain educational data from various university sources, more researchers 

could work together to identify how student data can transform education. Therefore, 

demonstrating the value of learning analytics approaches in research like this 
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dissertation may help build the argument for institutions to simplify student data access 

for educational researchers.   

For this course specifically—and potentially others which have multiple sections with 

multiple instructors teaching into a common course—the course coordinator could 

consider implementing professional development opportunities in which instructors learn 

the best practices of how to effectively use a LMS to engage students to increase 

student interaction with course materials. Allowing instructors autonomy is the nature of 

a university environment, but course coordinators should be aware of whether students 

experience highly different educational experiences based on the instructor when they 

are awarded the same course completion credential. Additionally, if instructors could 

capture how students spend time outside of the classroom in innovative ways via the 

LMS, they could use those data to design purposeful mechanisms so that students may 

interact with course material as well as with their peers more often.  

Finally, as shown in the third manuscript, instructors did not explicitly and systematically 

use data to inform their decision making on a regular basis, even though most collected 

and used various types and forms of data. It would be much better to have consistent 

practices across sections of the same course with respect to data collection and use. If 

instructors knew of the types of data that would be most useful to understand their 

students, they could use those data to design more effective learning environments.  

Institutions could rely on educational researchers who adopt learning analytics 

approaches to research to help connect the research-to-practice loop within engineering 

education, or within the university more broadly. Such data-driven approaches have the 

potential to transform how we educate our students and ultimately help them develop a 

series of learning outcomes.  

5.3 Limitations 

Even though the results from this study are important and useful, readers should be 

aware of the study's limitations and take caution in interpreting results. The learning 

management system findings come with two major caveats. First, the data were not 

easily interpretable without aggregating individual student clicks into the unique session 

format. Even though the unique session format is a plausible way in which to interpret 
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the data set, there are still limitations in this approach. For instance, it was not known 

when a student logged out of the system or what specific course documents or 

assignments students actually opened and how long they spent with those materials. 

Second, the differences between workshop leaders and student usage had low values 

of variance explained for final grades. Caution needs to be taken when using such 

findings with low explained variance to make new policy or influence practice directly.   

There are also limitations that readers should be sure to consider for the systems model 

evaluated in chapter three and the themes from chapter four. Within chapter three, the 

survey constructs were not well formulated, as discussed; because this dissertation 

utilized secondary data, it was not possible to make adjustments to those instruments 

for this study.  In the future, the survey should be reconstructed to depict the reduction 

in items needed for each construct that emerged from the factor analysis. Additionally, 

while the model was able to explain 35% of the variation in student grades, there are 

many other factors that influence grades, which were not addressed within the model. 

Future research should investigate how including other explanatory variables might 

improve the model.  Finally, in chapter four, there were only eight interviews conducted 

at a single institution. Although this sample included a variety of different instructor 

types, if larger claims of first-year instructor’s use of data were to be made, then a larger 

study across multiple institutions would be needed to determine if a consistent set of 

themes emerge across contexts. 
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APPENDIX A: OUTLIER INSPECTION 

Appendix A contains information regarding outlier inspection. Figure A-1 shows the 

diagnostic plots which entail: Cook’s distance, studentized residuals, Bonferroni p-

values, and hat-values. Each of these plots can help show the impact of outliers within 

the model. Figure A-2 shows hat values versus studentized residuals, where larger 

circles indicate a higher Cook’s distance, or leverage value.  

 
Figure A-1: Diagnostic Plots  

 
Figure A-2: Leverage Points vs. Studentized Residuals, Circle Size Indicates Influence 
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Appendix B: ROBUST REGRESSION RESULTS 

Table B-1 shows the robust regression results for Model 2c along with the standard beta 

coefficients. Results show how much of a relationship each variable has with the 

dependent variable, in this case course grade.   

Table B-1: Robust Regression for Model 2c, with grade as the dependent variable  

Term Estimate SE 
t 

Ratio 
P-

Value 
Standard 

Beta 

(Intercept) 2.512 0.211 11.881 0 - 

US_c 0.002 0.001 2.188 .029 0.148 

US.ws_c -0.001 0.002 -0.504 .614 -0.061 

Male 0.105 0.056 1.885 .060 0.066 

Lecturer2 0.397 0.174 2.289 .022 0.707 

Lecturer3 0.211 0.186 1.135 .257 1.421 

Lecturer4 0.383 0.152 2.51 .012 25.608 

Lecturer5 0.363 0.196 1.855 .064 19.132 

WSL2 -0.019 0.156 -0.121 .904 -0.012 

WSL3 0.033 0.16 0.203 .839 0.058 

WSL4 0.323 0.179 1.807 .071 2.174 

WSL5 0.142 0.221 0.643 .521 9.518 

WSL6 -0.152 0.204 -0.746 .456 -8.008 

WSL7 0.112 0.188 0.596 .552 0.070 

WSL8 -0.043 0.161 -0.269 .788 -0.077 

WSL9 0.121 0.161 0.751 .453 0.813 

WSL10 -0.007 0.251 -0.029 .976 -0.496 

WSL11 0.046 0.196 0.234 .815 2.416 

WSL12 -0.206 0.158 -1.298 .195 -0.129 

WSL13 -0.002 0.182 -0.01 .992 -0.003 

WSL14 -0.044 0.162 -0.271 .787 -0.296 

WSL15 -0.064 0.173 -0.368 .713 -4.264 

WSL16 0.543 0.262 2.074 .038 28.571 

US.ws_c:WSL2 -0.002 0.003 -0.617 .537 -0.001 

US.ws_c:WSL3 0.002 0.003 0.682 .495 0.004 

US.ws_c:WSL4 -0.002 0.003 -0.784 .433 -0.014 

US.ws_c:WSL5 0.004 0.003 1.137 .256 0.247 

US.ws_c:WSL6 0.005 0.005 1.021 .307 0.259 

US.ws_c:WSL7 0.003 0.003 1.043 .297 0.002 

US.ws_c:WSL8 0.004 0.004 0.875 .382 0.006 

US.ws_c:WSL9 0.007 0.004 1.755 .080 0.045 

US.ws_c:WSL10 -0.002 0.009 -0.182 .856 -0.107 
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US.ws_c:WSL11 0.009 0.004 2.259 .024 0.455 

US.ws_c:WSL12 0.008 0.003 2.648 .008 0.005 

US.ws_c:WSL13 0.005 0.004 1.313 .189 0.009 

US.ws_c:WSL14 -0.002 0.004 -0.522 .602 -0.015 

US.ws_c:WSL15 0.003 0.003 1.171 .242 0.202 

US.ws_c:WSL16 0.013 0.008 1.588 .113 0.668 

n=864, reference groups: Female, Lecturer 1, WSL 1, 
_c means variable is centered at mean 
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Appendix C: LMS TOOLS INVESTIGATION 

Appendix C contains information on each of the tools used within the LMS. Figures 

either contain regression slops, when a significant interaction occurs, and/or confidence 

intervals for tool usage at varying quantile levels. The confidence intervals are used to 

indicate where a significant difference may exist, when error bars do not overlap.  

Resources Tool  

  

Figure C-1: 90% CI for Resource Tool Usage at Quantiles 10%, 25%, 50%, 75%, and 

90%  
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Announcements Tool  

 

Figure C-2: a) 90% CI for Lecturer and Announcement Tool Usage on Final Grade          

         b) 90% CI for Workshop Leader Group and Announcement Tool Usage on  

  Final Grade 
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Assignments Tool 

 

Figure C-3: a) Slopes for Assignments Tool Usage on Workshop Site by WSL Group          

         b) 90% CI for Workshop Leader Group and Assignment Tool Usage on  

  Final Grade 
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Gradebook Tool 

 

Figure C-4: a) Slopes for Gradebook Tool Usage on Workshop Site by WSL Group          

          b) 90% CI for Workshop Leader Group and Gradebook Tool Usage on  

  Final Grade 
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Messages Tool 

 

 

Figure C-5: a) Messages Usage at 25%, 50%, 75% by Lecturer 

         b) Messages Usage at 25%, 50%, 75%, 90% by WSL Group 
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Figure C-6: a) 90% CI for Messages Usage and Final Grade by Lecturer                                          

         b) 90% CI for Messages Usage and Final Grade by WSL Group  
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Appendix D: CORRELATIONA MATRIX 

 

Figure A: Correlation Matrix 
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Appendix E: Post Hoc Modifications 

 To ensure that the model fit the data to the best possible estimations, post hoc 

modifications were performed only on error covariances among the latent constructs. 

There were no post hoc modifications which added or removed direct paths between 

variables, which would go against establishing an a priori model and the underlying 

premise of SEM (McDonald & Ho, 2002).  It is acceptable to add post hoc modifications 

as long as the additions are supported by theory and help establish a more stable 

model (Schumacker & Lomax, 2010). The Lagrange multiplier along with the chi-square 

test statistic was used to determine which error covariances to add. Error covariance 

paths were only added to items within the same construct, across constructs measured 

over time (e.g. survey items D3 from survey 1 to D3 from survey 2), or among 

constructs within the same survey instrument (‘Expectancy 1’ to ‘Utility 1’). Adding error 

covariances within longitudinal models is expected because those error terms would be 

anticipated to correlate (McDonald & Ho, 2002; Schreiber et al., 2006). Table 10 shows 

the pairs of error covariances between items and constructs.  

Table 10: Error Covariances among Latent Constructs 

Pairs of Error Covariances Coef 

_2_B10_R B10_R 0.22 

_2_B3 _2_B4 0.16 

_2_B7_R _2_B8_R 0.05 

_2_C6 C6 0.18 

_2_D1 _2_D2 0.09 

_2_D2 _2_D4 -0.02 

_2_D2 _2_D5 0.09 

_2_D3 _2_D4 0.11 

_2_D3 D3 0.13 

_2_D4 _2_D5 0.06 

_2_D4 D4 0.19 

B3 B4 0.17 

B5_R B6_R 0.09 

Belong1 Exp1 0.25 

Belong1 Identity1 0.31 

Belong1 Ut1 0.25 

Belong2 Expt2 0.15 

Belong2 Identity2 0.26 

Belong2 Utlity2 0.16 
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D1 D2 0.15 

D2 D4 -0.07 

D4 D5 0.07 

Exp1 Expt2 -0.13 

Exp1 Identity1 0.42 

Exp1 Ut1 0.32 

Expt2 Identity2 0.25 

Expt2 Utlity2 0.14 

Identity1 Ut1 0.50 

Identity2 Utlity2 0.30 

Ut1 Utlity2 -0.22 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 


