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ABSTRACT
Universities are adopting business analytics style approaches to student, faculty, course, and program performance
data in an effort to respond to the needs of internal and external stakeholders. The analytics approach is more
commonly known in higher education as a learning analytics strategy which focuses on leveraging existing enterprise
information systems used within the university to provide insights on student learning and predict learner’s behavior
through data visualization and analytics techniques. Education Technology (EdTech) companies are now creating
integrations to simplify some of these analytics processes and make their use more faculty friendly however some
universities have identified challenges when implementing these strategies. The specific challenges that
geographically distributed, higher education institutions that rely heavily on adjunct faculty face do not appear well
understood in the existing literature. In this research, we determined the perceptions of adjunct faculty in adopting
learning analytics technologies across a distributed network. It was discovered what while most faculty are ready
with the proper training to embrace such a platform, some very real concerns exist in how learning analytics data
would be used by university administration and beyond. The creation of specific acceptable use policies for analytics
data maybe one solution to addressing those concerns.
Keywords: Learning Analytics, Analytics, Faculty Perceptions, Big Data, Learning Management Systems, Online
Learning
INTRODUCTION
Many universities are now customizing their course delivery methods and instructional designs (e.g., blended learning,
hybrid online, etc.). The United States Department of Education (DOE) has taken a keen interest in reporting student
performance to make sure these new methods and designs are academically sound (Johnson, Becker, Estrada, &
Freeman, 2014). As the design of distance education courses constantly evolves, the need to provide visual
representation (e.g., infographics) of learner performance as well as comprehensive, longitudinal analysis will become
more important. Learning analytics strategies will need to be developed to allow institutions to make well informed
decisions using different performance metrics generated from both descriptive and predicate analytics tools. Having
the ability to provide accurate and consistent student learning and performance data will also provide the institution
with a competitive advantage by monitoring the levels of achievement of the course, program, student and faculty.
This new information will also contribute to a model of adaptive learning by analyzing student behaviors to provide
a custom, student-level experience so that the learning space adapts to each learner’s needs (US Dept. of Education,
2017). The US Department of Education has mentioned adaptive learning many times in an effort to make education
learned-centered. However, it’s unclear whether or not our educational system and each stakeholder is prepared for
this paradigm shift where near real-time analytics data will drive the teaching and learning process.
In order for a university to benefit from data mining, the university must be willing to invest the labor hours to align
learning outcomes at the course level, program level and even between other, like institutions. Alignments between
different types of assessment activities and student learning outcomes provide the infrastructure to allow data to be
collected within a geographically distributed environment (e.g., those with a large online learning footprint). Creating
this connection through various instructional technologies, student learning can be analyzed at any level within the
institution and ultimately across higher education. Learning analytics strategies, if focused on pedagogy and industry
standard alignments, may also contribute to a large-scale needs assessment. These data would identify needs and gaps
between the educational institution and the employers looking to hire graduates and serve as a point of feedback to
the institution on how to better prepare graduates for the workforce (Gasevic, 2018).
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In addition to gaining a better understanding of program-specific data and alignment to industry standards, learning
analytics strategies would also be of benefit to constituents responsible for reporting program level findings and results
within academic assessment plans. Faculty responsible for collecting these data face many challenges in assessing
massive amounts of courses and course sections. Fontenot (2012) found that faculty in general were frustrated with
responsibilities pertaining to assessment processes due to the amount of time and effort needed to collect, analyze and
report assessment findings. The amount of effort needed to obtain information requested by various accreditation
bodies, administration, and review boards could be dramatically decreased with a proven learning analytics strategy
and systematic approach to assessment processes.
LITERATURE REVIEW
One of the main technologies used for managing distance learning courses is the learning management system (LMS).
Many higher education institutions have adopted LMSs; however, negative faculty perceptions of LMSs decreases the
potential for a system-wide approach to implementing a learning analytics strategy. To collect data regarding student
behaviors or learning patterns electronically, faculty would need to use a variety of information systems whereby the
students submit their work through the information system for continuous feedback as well as grading. In the Educause
ECAR Study of Faculty and Information Technology (Pomerantz & Brooks, 2017), the specific brand of LMS that is
implemented at an institution has little impact on faculty members’ use of it or their satisfaction with that use. In other
words, the challenges each university face are not platform specific.
Martin and Sherin (2013) provided several examples of ways in which to sample, capture, reduce, and find patterns
using an analysis of collected data throughout various instructional technologies used, such as the learning
management system, social media, digital portfolios, and e-books. Simulation and gaming software is also being
researched to determine how student actions are related to learning outcomes. This is usually referred to as stealth
assessment. Shute, Ventura, and Kim (2013) describe stealth assessment as an approach using evidence directly within
the learning environment with little faculty participation. As students interact with a gaming interface, their actions
and interactions with other students are recorded and used to demonstrate whether they have met the student learning
outcomes (Shute, Ventura, Small, & Goldberg, 2013).
Gasevic, Dawson, and Siemens (2015) explained the need for instructional design policies and cultures to support the
advancement of better understanding the learning process and the internal and external conditions as opposed to
automating the measurement of learning outcomes. They explained several lessons learned from case studies in which
learning analytics were used for various purposes, such as student retention and student learning outcomes
measurement and noted the need for more research in the field of learning analytics to support learning conditions and
the learning and teaching process. Liu and Koedinger (2017) reviewed cognitive models as a method of providing a
foundation for instructional design of automated course deliveries and accurate assessment of learning. In addition,
research in learning design has supported the need for improving learning design techniques and teacher inquiry
through the use of learning analytics (Persico & Francesca, 2015).
With the increased use of educational technology and developing multiple methods of delivering instruction in higher
education, universities continue to find ways to assess student learning through systematic approaches for both
summative and formative assessment. Formative assessment focuses on learning and provides continuous and
immediate feedback with evidence to support ongoing improvement based on feedback, while summative assessment
focuses on validation and accreditation (Gikandi, Morrow, & Davis, 2011). Formative assessment using educational
technology in both blended and online modalities provides opportunities for immediate feedback and ways to collect
evidence electronically. The National Education Technology Plan from the US Department of Education addresses
the use of technology in assessment as well. The plan identified the potential for instructors to address student
misconceptions at that point within the course (US Dept. of Education, 2017). To assist with the various challenges
of using data effectively and appropriately for assessment, the National Center for Education Statistics has released a
set of Common Education Data Standards.
Leveraging learning analytics to retain students and improve outcomes is of great interest to higher education
educators and administrators (Dawson, Jovanovic, Gasevic, & Pardo, 2017; Dietz-Uhler & Hurn, 2013; Corrin,
Kennedy, & Mulder, 2013; Smith, Lange, & Huston, 2012). By analyzing student activity through the LMS, educators
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can gain insight into student behaviors within the online environment. For example, Andergassen, Modritscher, and
Neumann (2014) identified student behaviors through analyzing log data within the LMS and found a positive
correlation between practice and repetition and final exam grades. Picciano (2014) identified many of the benefits
and concerns of using learning analytics in blended environments, explaining there may be gaps where the learning
system might have been used in different ways creating incompatible or difficult to analyze data sets. The use of the
LMS should be consistent, as the same types of activities can produce rubric statistics reports to track learning outcome
achievement at any level within the institutional hierarchy.
As students submit online course activities and the activities are graded, a trail of evidence of student performance is
created (Becker, Cummins, Davis, Freeman, Hall, & Ananthanarayanan, 2017). There are several data mining and
analytics reporting capabilities yet to be explored within a more wide-scale environment across several different
modalities of instruction and various course activities and instructional technology implementations. These data are
collected and can be used in course performance reports and longitudinal analytics reports showing student
performance by learning outcomes at any level within the institutional hierarchy and at any time. Instructors, program
chairs, and administrators can all view the report. Bollenback (2015) provided several examples of learning analytics
reports used as techniques to measure student learning outcomes. In one report, thousands of graded assessments that
were aligned to specific program outcomes were analyzed to determine student achievement levels. The report shows
the average student score for course activities aligned to program outcomes. The report can be generated by campus,
college, location, assessment type, modality, and program outcome. This report included courses being delivered
through five different modalities of instruction in over 150 locations worldwide within a single university system. In
addition to the learning analytics report, the Student Performance Reports reveal student performance metrics for
specific program outcomes within an individual course as aligned to different types of assessment activities. These
are just a few examples of how learning analytics can be leveraged to support academic program assessment.
In addition to using the LMS to collect and report information on student performance, other systems such as the endof-course evaluation systems can be structured in a manner that allows reporting to be tied to program outcomes and
industry needs. These reports allow program chairs and department chairs to have a high-level view of the results of
the course evaluations for all courses mapped to a program outcome, which is an aggregate view of just one of the
survey questions. All questions can be viewed in the same manner throughout the program and as aligned to program
outcomes. These learning analytics reports generated through the LMS are not necessarily linked to an approach to
teaching and learning and can be used regardless of modality of instruction. The challenges faced now by many
institutions involve the need for data compatibility and aggregation between educational technology platforms. There
are some communications and data standards such as IMG Global’s Learning Tools Interoperability (LTI) standard
that do exist but currently no universal standard exists.
Another technique in taking advantage of end-of-course evaluation results is to use data from the question related to
if a student would recommend the course to a friend or colleague to calculate the Net Promoter Score (NPS). The Net
Promoter Score is used in industry by calculating sections of customer recommendations from surveys (Woodall,
Hiller, & Resnick, 2014). Once the NPS has been calculated for courses aligned to a program, the performance scores
as well as pass/fail rates can be combined to establish what could be called 3D analytics. This looks across multiple
courses, multiple, sections, and multiple modalities of instruction to examine potential trends throughout the learning
analytics models.
While many of the studies presented thus far imply a positive outlook for the use of analytics in education, there are
also some opposing views. Dringus (2012) highlighted many areas of concern with the use of learning analytics in
online education, explaining that data collected could be misleading and not a true or accurate depiction of the learning
that is actually occurring in the online environment. Dringus explained that the data trail often used in analytics may
not be a clear picture or provide visual representation of the true performance indicators within an online course.
Another perception questioning the use of learning analytics is focused on security and the privacy of student
information. Siemens and Long (2011) expressed concern that analytics only show the what and not the why which
could be very misleading as well as what behavioral elements were being collected. There are several other risks
involved with leveraging student learning data such as lack of faculty and staff training on data interpretation or fears
that data could be misinterpreted and lead to improper actions. An acceptable use policy that addresses the universities
approach to data management from a faculty and student perspective as well as both the legal and ethical
responsibilities associated with data privacy should help address those fears. (Tsai & Gasevic 2017).
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After reviewing the literature related to faculty adoption of educational technology, various assessment techniques
and tools that can be used to assess student learning through various modalities of instruction were identified as valid
assessment methods. Although these studies were successful in assessing student learning, many constraints were
identified within each study. It appears technology clusters and rate of adoption criteria are beginning to appear in
academic analytics research. Rogers (2003) illuminated the use of technology clusters in the diffusion of innovations
theory. This is the concept that the adoption of one new idea may spark an adoption of a related new idea through
interrelated technologies. The clusters are then presented as a package, which is often a better selling point than a
single innovation. Predictive analytics uses this same approach in packaging results from different types of systems
used in academics to predict teaching and learning patterns and provide early warning to at-risk students. Exposing
the constraints, perceptions, and barriers associated with learning analytics will allow additional research to foster an
environment of continuous improvement, improve adoption rates by faculty, and guide the educational technology
sector in how to improve product sales and speed implementation.
RESEARCH METHODOLOGY
A concurrent mixed-methods approach (Creswell, 2009) was used to understand the perceptions of faculty as it relates
to learning analytics. The survey instrument (see Appendix A) contains closed-ended, quantitative questions in
addition to an open-ended, qualitative element. This mixed-methods approach provides the researchers with insight
into specific faculty preferences (quantitative) in addition to rich, detailed, discussion as to why one might choose
those preferences (qualitative). The goal of this particular methodology is to understand the following:
Research Question:
How do faculty perceive the uses of learning analytics concepts as it relates to their desire to use learning
analytics within their course and program.
Hypothesis:
H1: There will be a faculty preference as it relates to (statements regarding learning analytics).
H0: There will not be a faculty preference as it relates to (statements regarding learning analytics).
Propositions:
P1: Faculty will see the value in having a learning analytics strategy as a tool to enhance their classroom
capabilities.
Participants
The survey participants consisted of all Embry-Riddle Aeronautical University – Worldwide adjunct faculty who are
approved to teach undergraduate business (MGMT prefix) courses. Adjunct faculty were selected as a population
since they are the most likely to come in contact with learning analytics tools at the course level. This subset of the
entire adjunct population was chosen since it is mostly representative of the adjunct population at Embry-Riddle
Aeronautical University – Worldwide. Most faculty are approved to teach in different colleges in addition to different
courses within each college. Based on the nature of the adjunct population, the anticipated response rate was 15%
which would result in 133 expected responses from the population subset of 889 faculty. This sample size should be
adequate to generalize from and represent the population from which it was drawn.
Survey Instrument & Precautions
A mixed-methods survey instrument was developed using Likert-style questions in addition to open-ended questions
(Bradburn, Sudman, & Wansink, 2004). Demographics questions were included to see if any specific answer patterns
could be cross-tabulated with any particular faculty demographic. A panel of experts was used to determine face
validity of the instrument and feedback and refinements from the panel of experts was considered and adjustments
made prior to disseminating the final instrument (Saunders, Lewis, & Thornhill, 2009). In addition, the panel of experts
provided input on internal validity of the instrument (content, criterion, and construct) and adjustments were made
here as well.
The survey instrument was built and hosted online using SurveyMonkey. SurveyMonkey was configured so that all
responses are anonymous in that no identifying data, including IP addresses, was collected. Although responses were
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anonymous, there is the possibility that identifying information may be included in open-ended questions. When
identifying data was present, a single researcher de-identified the responses before sharing the data file with the
research team.
Procedure
The researchers solicited participation from the targeted faculty through an initial contact e-mail sent to each faculty
member’s university e-mail address. The survey instrument was accessed via a web link contained in the initial contact
e-mail and directed the respondent to the survey instrument in SurveyMonkey. A second reminder e-mail was sent 710 days after the initial contact e-mail was sent with a total response period of 2 weeks. Once the data was collected,
the coded quantitative data was initially analyzed using descriptive statistics and infographics. A Chi-square test was
also used to determine statistical significance of the response patterns to ensure the patterns were not random or
distributed by chance. The qualitative data was reviewed in narrative detail and then coded to identify common
themes.
RESEARCH RESULTS
This survey resulted in a 113 usable adjunct faculty responses. There were known limits to the population that likely
affected the response rate such as the number of faculty teaching that term who were likely to check their email.
Adjunct faculty who have not taught in several terms were less likely to respond to emails sent to their university
email address. Therefore, a n=113 was considered good response rate just below the target response rate. Of those
who responded 50% taught undergraduate courses, 23% taught graduate courses, and 27% taught both undergraduate
and graduate courses. A chi-square test indicated that none of the responses were random distributions.
Demographics/Computer Literacy
Faculty age was normally distributed with the bulk of the faculty clustered around the 45-65 age range (equal
distribution in the 45-54 and 55-64 age bins). Although not a surprise based on self-selection of faculty who choose
to teach online, the vast majority of faculty felt comfortable with computers (92%, n=104). The majority of faculty,
or 87% (n=97) knew many advanced software features in the platforms they use and 86% (n=97) were comfortable
learning new software or using new computers. This data was obtained to rule out any improper influence of computer
or software literacy in the faculty responses. Based on this data, it could be said that faculty have the skills and abilities
to needed to use learning analytics in their courses.

Figure 1. Self-report measure of faculty computer literacy
Analytics Uses
When asked questions specific to learning analytics, the results were generally positive. The majority of faculty
agreed that learning analytics should be used by course developers to monitor how faculty achieve the learning
outcomes and adjust as necessary (83%, n=94). The same agreement exists as it relates to receiving feedback on
student learning outcome achievement (90%, n=102). The agreement lessened when faculty felt learning analytics
was being used as a tool to monitor their classroom performance. Only 62% (n=70) of faculty agreed that faculty
performance reviews should contain data on how well a student performed against a learning outcome. Faculty
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were also less interested in using analytics data to compare their performance with other faculty teaching the same
course; only 68% (n=77) thought this was a good idea.

Figure 2. Faculty responses to analytics uses
Analytics Adoption
In general, 74% (n=84) agreed that learning analytics had value but this question had a high percentage of faculty who
were uncertain, or 22% (n=25). The majority of faculty, 73% (n=81) felt that if they had the proper training they
would use learning analytics within their courses. A two-factor ANOVA identified a statistically significant
difference between age and learning analytics use. Faculty who were 35-44 years old and 55-64 years old were 69%
likely to agree or strongly agree whereas faculty who were 45-54 years old were 81% likely to agree or strongly agree
and faculty who were 55-64 years old were 72% likely to agree or strongly agree.

Figure 3 & 4. Learning analytics use and value
The following constructs emerged when the qualitative data was thematically cataloged and example response from
each theme were reviewed:
Faculty thought that 1) learning analytics would provide good data for the university, 2) improve individual faculty
performance, 3) provide evidence of LO attainment to accreditors, however faculty were concerned about 4) how the
data would be used, 5) whether they would be unfairly identified as “bad” if their students struggled to meet LO’s (in
the context of faculty who teach hard classes). Some faculty feedback fell into multiple theme categories and is
represented here (table 1).
Table 1. Theme and frequency
Theme
Frequency Theme
Frequency
Provides Additional Measurable Data
32
Improves Individual Faculty
17
Performance
Concerns About Use/Implementation
27
Evidence of LO Attainment
9

76

Issues in Information Systems
Volume 19, Issue 3, pp. 71-80, 2018
SUMMARY
This research is significant in that the Educational Technologies (EdTech) market is growing rapidly to assist
universities in the management of their data. The need for these solutions is being driven by higher education
accreditation mandates and universities will need to embrace these solutions. LMS’s are now generating a substantial
amount of data that can be analyzed to determine the performance of the faculty, student, course, program, and beyond.
However useful the technology may be, the acceptance of learning analytics technologies and their uses must first be
embraced by the faculty. There were some legitimate concerns expressed that must be addressed such as the perceived
“big brother” aspect of analytics and the mis-use of aggregate results as it relates to faculty performance. An
acceptable use policy that outlines specific uses for each data set and associated technology as well as administrative
use transparency may help address these concerns. The narrative themes and survey responses do affirm that faculty
remain committed to using data to develop better courses, improve their teaching abilities, and welcome an early
warning dashboard when students may be at risk. A multi-university survey or larger sample size would further
validate or enhance the results of this study.
Faculty are key in implementing a learning analytics strategy (Corrin, Kennedy, & Mulder, 2013) since they are the
end user of this new information system and analytics capability. The results presented here could also be generalized
to institutions as a means to plan for a successful learning analytics implementation. Finally, the role of data cannot
be underestimated. Universities are generating a substantial amount of data, entire EdTech companies are being born
around how to manage, analyze, and utilize this data, with the ultimate goal of ensuring that big data doesn’t become
data waste. In an era where student learning must be measured and more frequently aligned with industry needs, a
sound learning analytics strategy is a must as well as buy-in from the faculty who make up the future end-users of
such a platform.
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APPENDIX A – Survey Instrument
Note: The introduction, IRB statements, etc. have been removed for brevity. A definition of learning analytics and
its scope and scale were included in the survey design to ensure a common definition and intended levels of
application were included.
General
1. Faculty Status
Confirming participant is an adjunct
2.

What level of course(s) do you teach?
Undergraduate/Graduate/Both

3.

Age Range
10-year increments

Computer Literacy
4. I am very comfortable with computers
Agreement/Likert-Style Scale
5.

I know many advanced features in the software I use.
Agreement/Likert-Style Scale

6.

I am comfortable using new software or using new computers.
Agreement/Likert-Style Scale

Learning Analytics Uses
7. I think it is important for course developers to monitor how faculty are achieving the learning outcomes and
adjust the course as necessary to evaluate student achievement and improve areas where gaps may be
found.
Agreement/Likert-Style Scale
8.

I think it is important to receive feedback when students consistently do or do not meet one or more
learning outcomes.
Agreement/Likert-Style Scale

9.

I think faculty performance reviews should include data on how well, in general, students performed
compared to the student learning outcomes.
Agreement/Likert-Style Scale

10. I want to know how well my students performed compared to other faculty teaching the same course as it
relates to achieving the student learning outcomes within the courses I am teaching.
Agreement/Likert-Style Scale
Learning Analytics Adoption
11. I see the value in using learning analytics throughout the university.
Yes/No/Not Sure + Explain Your Answer (Textbox)
12. I would use learning analytics within my course (see example*) if I were properly trained and had access to
this tool.
Agreement/Likert-Style Scale
*An example dashboard image with descriptive and predictive analytics capabilities was included.
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