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Placing educational data in the hands of faculty and allowing them to explore these data has been of interest 
for many stakeholders in the past few years, with the hopes that faculty will use these data to improve the ed-
ucational experience for students. Although these data have the potential to be powerful for improving STEM 
education, data are only as good as their analyses and application. Using 14 interviews conducted at one in-
stitution, we studied what compels faculty to seek out university-collected educational data, what challenges 
they face, and suggestions they have for improving data usage. Our sample consisted primarily of those already 
involved with education reform and were using learning analytics data to inform those projects. Challenges in-
cluded unfamiliarity with quantitative education data and unawareness of the possibilities for learning analytics. 
We recommend that strategic, thoughtful advertising and already-existing resources be used to help mitigate 
challenges.

I. INTRODUCTION

We are now in an era when institutions of higher education
have the ability to collect and store massive amounts of longi-
tudinal data on their students. These include traditional tran-
script information such as grades, course registrations, and
demographics. In addition, the increased use of online course
systems and use of swipe cards to access many services has
significantly increased the types of data available. Such data
include what areas of course management software students
visit and for how long and the use of swipe cards to access
tutoring services. The data are not only collected with little
effort but also can provide very accurate information about
student behavior and performance.

With the massive number of variables collected from nu-
merous students, these rich data sets can be used to uncover
obscure information. Examples include the potential for peer
interactions based on course enrollment patterns and whether
student activity in online course spaces (e.g., participation on
discussion boards) is linked to any outcomes such as grades
or persistence in the major. Such information can be used to
identify trends and potentially predict student success. In re-
cent years, this use of data in educational settings has been
referred to as learning analytics or academic analytics.

Researchers and administrators alike are beginning to un-
derstand the potential of these data to serve a variety of pur-
poses such as informing student choices (e.g., allowing stu-
dents to know when they should consider seeking academic
support), teaching practices (e.g., informing faculty on how
their students perform), and institutional policies (e.g., deter-
mining whether and to what extent standardized tests should
be used for admissions). However, because learning analytics
is a relatively new area [1], we know that education innova-
tions need support to be used productively [2] and users have
a variety of backgrounds with educational data, it is impor-
tant to understand how to best support faculty and staff who
use learning analytics data.

To further understand the use of such data in higher ed-
ucation settings, we interviewed faculty and staff regarding

their use of analytic data at one institution. Our main research
questions were:

1. Why do faculty and staff seek out learning analytics
data?

2. What challenges do users encounter?

3. How could the experience of using learning analytics
data be improved?

The answers to these questions can help learning analytics
advocates understand who is using the data and how to best
support them.

II. BACKGROUND

A. What are analytics in education? How are these data being
used?

Although a few papers were published pre-2000, the use
of big data in higher education truly began in the early 2000s
[3]. As a young and emerging field, there is no standardized
terminology to describe the use of these large data sets on stu-
dents in higher education and thus, there are different terms
to describe similar work. These terms may also have different
definitions depending on the person asked.

One popular term is “learning analytics.” The current def-
inition of learning analytics, as defined by the 1st Interna-
tional Conference on Learning Analytics, entails collecting,
analyzing, and reporting student data with the goal of un-
derstanding and improving learning conditions [1]. Another
term that may be considered a subset of learning analytics
is “educational data mining”, which refers to the develop-
ment of methods and tools to explore these data sets [4]. A
third term is “academic analytics” which is described as using
these data for statistical purposes and predictive modeling and
is often undertaken by institutional research offices as results
are aimed at the institution [3, 4]. Some researchers make the
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distinction that academic analytics is focused on the institu-
tional and national level interests, whereas learning analytics
examines course and department-level interests [5]. For ease
of discussion, we will use learning analytics. This is not only
how the institution we studied describes this work but also
appears to be what they hope to do. Regardless of which term
is used or its precise definition, researchers in this field come
from and draw from many disciplines such as data mining,
social network analysis, and e-learning [1, 3, 6]. These fields
helped shape learning analytics data collection and analysis
techniques.

The purpose of learning analytics data is to support users
in making data-driven decisions [1, 3, 4, 5, 6]. The deci-
sions vary by population. For students, a course management
system could provide feedback and suggestions for students
based on learning analytics data with the goal of supporting
the student [1, 5, 7]. For instructors, learning analytics data
might reveal that student performance on certain activities is
not correlated to final grades [7]. Instructors may consider
modifying the activity or how grades are weighted. For de-
partments, longitudinal data on students could be used to de-
termine if a course-wide intervention was effective.

B. What are the challenges to using learning analytics data?

Those working with learning analytics data face several
key challenges regarding student privacy and how data are
used. Although there is a general awareness within soci-
ety that data are constantly collected, students may not re-
alize this is happening within educational settings [7, 8]. De-
identifying data before institutional use is recommended, as
is allowing student to opt-out of being included in the data
[8]. However, there are no standard method across institu-
tions for students to opt-out [3]. This may mean that opt-
ing out methods are cumbersome or confusing for students at
some institutions.

While the data can have positive impacts, it also can have
negative impacts if not used responsibly. There is the poten-
tial to oversimplify issues and use inappropriate interventions
[7, 8]. This is important to note because not all users will
have experience with quantitative education data. One ethical
dilemma that researchers may encounter is how much infor-
mation to provide to students and instructors if the informa-
tion could be discouraging [9]. Additionally, the data provide
information on a student at a particular time and with some
demographic variables attached [8]. Students have multiple
demographic identities so the demographic variables may not
fully depict the student. Individual students may experience
difficulties in one year that are not present in the next. Also,
students can grow from their pasts. A student who struggled
in their first year of college may flourishing by the end of their
sophomore year. Institutions are encouraged to have experts
work with faculty on data interpretation [6, 9]. Learning an-
alytics data are used as a tool to help guide understanding of
how to best serve students and should not be used as a substi-

tute for expert input [6].

III. METHODOLOGY

The institution used for this case study hired a staff mem-
ber to focus on learning analytics as part of a larger grant-
funded project dedicated to undergraduate education reform
in STEM departments. The reform project involved a team
of staff members (including a learning analytics staff mem-
ber) dedicated solely to the reform project and faculty from
STEM departments. One of the key goals of this reform is
to support STEM faculty use of data to drive teaching deci-
sions. The learning analytics staff member offers an array of
services, from simply providing learning analytics data to an-
alyzing the data. Currently, potential users contact the staff
member to make a request for data or analysis.

For this project, the staff member provided the research
team for this project with a list of 45 learning analytic users.
The list included all faculty and staff who received data or
had requested analysis. Notes on the users were vague and
the staff member did not recall much about interactions or the
users’ projects.

We chose interviewees based on their department and in-
volvement or lack thereof with the reform program. Thirty-
five users were contacted; the 10 who were not contacted
were involved with the reform, and we did not wish to over-
sample a group that had more opportunities to interact with
the staff member. Fourteen (40%) agreed to an interview.
Five interviewees were in a STEM department and involved
with the reform program, 6 were in a STEM department but
not involved with the reform, 3 were in a non-STEM depart-
ment The sample consisted of faculty (N = 8), staff members
(N = 3), postdocs (N = 2), and a graduate student (N = 1). Six
interviewees had data analyzed by the learning analytics staff
member.

Interviews were semi-structured with questions pertaining
to why they sought learning analytics data, what they did with
the data, whether they were satisfied with the experience of
obtaining and analyzing learning analytics data, and how they
would improve this experience. Each interview took place
either over the phone or in-person and was recorded. Notes
were taken while listening to the recordings, then coded using
emergent codes that were refined throughout the study.

IV. RESULTS

A. Why do faculty/staff seek out analytic data?

Most (N = 10) users sought out the analytics staff member
to inform an already existing project, such as a grant-funded
program. A minority (N = 4) were beginning to explore
research questions with three of the four looking to inform
teaching improvements of individual or multiple instructors.
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Of the four, three were active in educational reform. This sug-
gests that current learning analytics users are already involved
with improving higher education.

Of these four interviewees who were not working on an
existing project, two did not receive data or the data they
wanted. One felt that it took too long to receive data and was
able to obtain it through another channel. The other said that
the staff member did not have the exact data for the topic of
interest. However, they received data although not what they
had in mind.

Each user was interested in different data to inform their
particular project. The types of data they were interested in
include: grades, demographic data, entry and exit points for
majors, and persistence in introductory courses. The data
analyses of interest varied among the users. Four intervie-
wees were only interested in descriptive statistics (e.g., fre-
quency of student demographics in a course). For the other
10, the analyses ranged from comparative statistics (e.g., t-
tests) to correlations to data mining in order to inform prac-
tice. These ten users were using the data as learning analytics
intended: to make data-driven decisions [1, 3, 4, 5, 6].

B. What challenges do users encounter?

Interviewees encountered both individual challenges with
learning analytics data and challenges with the learning an-
alytics program itself. Seven interviewees indicated individ-
ual challenges they have experienced or observed with oth-
ers (one interviewee indicated two challenges). The major-
ity of individual challenges were due to lack of experience
with quantitative education data and research (N = 6). These
challenges include learning how to work with social science
data (e.g., controlling for variables, using statistics in the so-
cial sciences). They were, however, able to teach themselves
or find resources on campus to help. One interviewee noted
that they struggled with issues related to their human subjects
institutional review board (IRB). Because these users were
involved with reform efforts, demonstrating an interest and
suggesting knowledge in education research, we suspect that
these challenges may be greater or even deterrents for more
casual users (e.g., an instructor with some curiosity on stu-
dent performance over multiple years within a course). We
suspect this because they would have fewer experiences with
education data and may not be aware of the same resources
that a user more actively involved with reform would.

Two interviewees did not have time to analyze, interpret,
and use learning analytics data. One reason is that they
were more novice-level so it would take more time. They
also noted that they had responsibilities, such as their non-
education research, that had to take priority over working
with these data. We again suspect that this challenge will be
greater for more casual users. Perhaps providing users with
a list of resources (e.g., a statistical center on campus, web-
sites that explain IRB processes) that may help them get ac-
quainted with social science techniques and issues that arise.

However, having help from an expert familiar with learn-
ing analytics would be more ideal as an expert would already
know the data and may be familiar with how the particular
data have been used (e.g., using data to argue for course re-
form). The literature also suggests having an expert available
to support learning analytics research [6, 9]. Although the
literature recommends having an expert available to support
the interpretation of data, the expert could also help mitigate
these challenges related to time and IRB issues. As identified
in the next paragraph, though, having an expert on hand may
not be adequate if the users do not seek out help.

Eleven interviewees identified challenges they found with
the learning analytics program (two interviewees noted two
challenges). Most (N = 6) of the interviewees noted that the
learning analytics staff member was busy. Half (N = 3) of
the interviewees found that the time to get data was too long.
They indicated that it could take a few weeks. The other half
noted that they did not want to burden the staff member with
additional work.

Some (N = 4) interviewees were unsure what data were
available and the possible uses of the data. These intervie-
wees had been told that data are available but did not under-
stand the scope of the data (e.g., what variables exist) or what
could be done with the data. Even if they knew all the vari-
ables available, they might still not understand various ways
that the data could be used. This is probably not surprising
given the number of fields learning analytics draws from [1,
3, 6]. For example, one interviewee recalled how the learn-
ing analytics staff member could infer information about a
student’s background and pre-college experiences based on
information about students’ home zip codes, which the inter-
viewee did not realize could be done.

A few (N = 3) interviewees felt that the availability of
the learning analytics staff member was not advertised well.
These interviewees noted that people simply have not heard
that such a service was available at the institution. One in-
terviewee described the advertising for learning analytics as
“grassroots” and said that they probably would not have heard
about the data if they were not involved with the project that
hired the learning analytics staff member.

C. What suggestions do users have to make learning analytics
data more readily used?

Twelve interviewees offered suggestions about how to pro-
mote more use of learning analytics data. The primary sug-
gestions involved increasing the visibility of the learning an-
alytics staff member and the learning analytics work (N =
10). We note that in the previous section, the staff member
was already perceived as busy so acting on these suggestions
without care may exacerbate that issue.

Increasing the visibility of the learning analytics work
could simply be letting others know specifically what data
are available and possible scenarios for data usage (N = 5).
Some (N = 3) suggested that the learning analytics staff mem-
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ber should be placed in a more general institutional unit, such
as a teaching and learning center. The rationale is that such
places have visibility, the ability to highlight additional pro-
grams and services that could support learning analytics use,
and is a place where faculty and staff seek similar resources.

Others (N = 5) suggested that creating a web-based data
explorer where faculty and staff could play with data would
be helpful. They recognized the student privacy issues noted
in section II.B. and suggested that a synthetic data set that is
similar to the real data could be made available. The learning
analytics staff member noted that prospective users are hesi-
tant to go through the IRB process without knowing whether
they will receive the data they want. Synthetic data in an
explorer would help them know what data are available and
determine if it is worth getting real data; the data of interest
may not be currently available. This may also help the staff
member manage their time. Users could have a clearer idea
of what is possible with these data so the staff member would
not need to refine a user’s project.

One interviewee emphasized that the advertising must be
meaningful. This interviewee felt that this program has not
“made the case” for why learning analytics data are useful
for faculty and staff. They gave the example that Amazon or
Target can reasonably deduce whether someone is pregnant
based upon purchases; they would like to see an education
equivalent of that such as using learning analytics data to de-
termine whether a student is likely to succeed the class. This
is what the learning analytics research is supposed to do [6,
7, 8, 9]. Perhaps more guidance and examples are needed to
achieve this goal. However, as noted in the research in sec-
tion II.B, we emphasize that predictive and inferential uses of
these data should be done with care.

The other main suggestion was that interviewees (N = 4)
felt additional staff should be available for learning analyt-
ics work. This includes an additional learning analytics staff
member to handle the sheer volume of data requests and anal-
yses, as well as someone who could support faculty and staff
in the development of research questions that could be stud-
ied using learning analytics data. While having additional
staff is ideal, it is not always feasible. If a learning analyt-

ics program cannot hire additional staff, we recommend that
staff members manage users’ expectations by communicating
a time frame. Perhaps the request process should be stream-
lined and the steps made clear to users. Users could fill out
a form describing what they need. The staff member could
then draft a timeline, so the process is clearly communicated
and users know that their request will be fulfilled at a specific
time rather than simply waiting.

V. LIMITATIONS

The primary limitation to this study is that it is a case study
at one institution where the learning analytics researcher was
hired to support a reform. Other institutions may see different
uses and experience different challenges with learning analyt-
ics usage. However, we suspect other institutions experience
similar challenges to the ones noted by the interviewees in
this study. The challenges are reminiscent of other education
innovations in that support is needed for them to be used ef-
fectively.

VI. CONCLUSIONS

At this time and institution, learning analytics data are
primarily used by those already involved with education re-
forms. The users in this study noted that learning analytics
use faces three primary challenges: the availability of a busy
learning analytics staff person, user familiarity with educa-
tion data, knowing that the data exist. The last two issues
may be worse for those who are more casually involved in
education reform issues, because they are noted by those who
are actively involved in reform,. Suggestions to overcome
these challenges include having the staff person articulate the
process with a timeline to manage user exception, thoughtful
advertisement that engages users, and providing resources to
support the understanding use of these data.
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