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Abstract

Higher education instructors constantly rely on educational data to assess and evaluate the behavior of their students and
to make informed decisions such as which content to focus on and how to best engage the students with it. Massive open
online course (MOOC) platforms may assist in the data-driven instructional process, as they enable access to a wide range
of educational data that is gathered automatically and continuously. Successful implementation of a data-driven instruction
initiative depends highly on the support and acceptance of the instructors. Yet, our understanding of instructors’ perspec-
tives regarding the process of data-driven instruction, especially with reference to MOOC teaching, is still limited. Hence,
this study was set to characterize MOOC instructors’ interest in educational data and their perceived barriers to data use
for decision-making. Taking a qualitative approach, data were collected via semi-structured interviews with higher educa-
tion MOOC instructors from four public universities in Israel. Findings indicated that the instructors showed great interest
mostly in data about social interactions between learners and about problems with the MOOC educational resources. The
main reported barriers for using educational data for decision-making were lack of customized data, real-time access, data
literacy, and institutional support. The results highlight the need to provide MOOC instructors with professional develop-
ment opportunities for the proper use of educational data for skilled decision-making.

Keywords Data-driven decision-making - Higher education - Instructor perceptions - Massive open online courses
(MOOC:sS) - Online teaching

Introduction

Higher education instructors are constantly using educa-
tional data to understand and evaluate the behavior of their
class and individual students (Leitner et al., 2017; Picciano,
2012). Collecting and analyzing educational data with the
purpose to guide and support educational decisions is known
as the process of data-driven decision-making (Prinsloo &
Slade, 2014). Such decisions may be related to the topics the
instructors should put more emphasis on, potential ways to
engage the students during classes, and evaluation of learn-
ing outcomes (Maisarah et al., 2021).
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In face-to-face courses, instructors are accustomed to
observing educational data, and responding to them, relying
on both verbal and non-verbal cues (Herodotou et al., 2019;
Vanlommel et al., 2017). However, with the transition to
online remote teaching, as occurred during the COVID-19
outbreak, the way instructors and students interact has sig-
nificantly changed, and as a result, so has the range of data to
which instructors are exposed (Maisarah et al., 2021; Usher,
Hershkovitz & Forkosh-Baruch, 2021b). While teaching
online, instructors experience indirect interaction with stu-
dents; hence, they are less exposed to non-verbal data that is
continuously available in the physical classroom (Herodotou
et al., 2019; Usher et al., 2021b).

This is especially true for massive open online courses
(MOOCs). MOOCs are web-based learning environments,
designed to provide free and accessible high-quality edu-
cation to the masses (Margaryan et al., 2015). Due to the
huge amount of users, and to the mostly asynchronously
instructor-student interaction, MOOCs pose some challenges
for open and direct communication and for personalized
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instruction (Ruipérez-Valiente et al., 2017; Wang & Woo,
2007; Usher et al., 2021a). This situation compromises the
data-driven instructional process since the instructors rely
on only a thin layer of easily observed student course activ-
ity, mainly grades (Alexandron et al., 2019; GaSevi€ et al.,
2016).

Still, online learning systems may assist in the data-driven
instructional process as they usually keep digital traces left
by learners while engaging with the course material and
assignments (Vigentini et al., 2017). The digital traces left
by MOOC learners enable access to a wide range of educa-
tional data that is gathered automatically and continuously
(Er et al., 2019; Vigentini et al., 2017). Collecting and ana-
lyzing such data for purposes of understanding and optimiz-
ing learning and the environments in which it occurs helped
to inform the rise of the field of learning analytics (LA)
(Larrabee Sgnderlund et al., 2019; Siemens, 2013).

Yet, mere access to educational data is not enough. Suc-
cessful implementation of data-driven instruction requires
mastery of many twenty-first-century high-level thinking
skills, and analytical thinking in particular (Green et al.,
2016; OECD, 2018; Raffaghelli & Stewart, 2020). With ref-
erence to higher education, analytical thinking refers to the
ability to extract key information from large data sets about
students’ activity and make informed decisions based on the
collected data (Yulina et al., 2019). Yet, recent studies have
reported on the many challenges instructors are facing while
implementing data-driven instruction in their courses, one of
the most common of which was lack of core data literacies
(Hilliger et al., 2020; Klein et al., 2019; Shibani et al., 2020).

Moreover, successful implementation of data-driven
instruction depends highly on the support and acceptance of
the instructors (Leitner et al., 2017; Vigentini et al., 2017).
This is problematic since most designers of LA tools tend to
focus on technical considerations, rather than on stakehold-
ers’ desires and actual needs (Hilliger et al., 2020; Holstein
et al., 2019). Therefore, it is not surprising that according
to instructors’ reports, another common challenge they are
facing while implementing LA tools is that the data pro-
vided to them is not aligned to their needs and pedagogical
perspectives (Klein et al., 2019; Shibani et al., 2020). This
observation has led recent studies to explore new methods
and strategies for co-designing LA tools with critical stake-
holders, such as the teachers (An et al., 2020; Holstein et al.,
2019).

Recently, studies have begun examining higher education
instructors’ perspectives regarding the use of educational
data, concluding that the major barriers for LA adoption
include lack of core data literacies, lack of timely informa-
tion, and lack of personalization data (Hilliger et al., 2020;
Klein et al., 2019; Shibani et al., 2020). Most studies in this
field have been undertaken in the context of face-to-face
courses that use online learning management systems. There
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is a lack of studies that specifically address the perspec-
tives of instructors who teach in MOOCS regarding the data-
driven instructional process (Er et al., 2019). The current
study aims at bridging this gap.

The goal of the current study was to characterize MOOC
instructors’ interest in educational data and their perceived
barriers to data use. To meet this goal, the following research
questions were explored:

1. What types of educational data are of interest to MOOC
instructors?

2. What are MOOC instructors’ perceived barriers to data
use for decision-making?

Literature Review
Data-Driven Instruction in Higher Education

Higher education instructors constantly use educational data
(such as students’ grades and participation patterns) to assess
and evaluate the behavior of their class and individual stu-
dents (Leitner et al., 2017; Picciano, 2012). Based on edu-
cational data, instructors can create meaningful insights for
actionable decisions, such as which content to focus on, how
to best engage the students with it, and how to evaluate stu-
dents’ learning outcomes (Maisarah et al., 2021). This pro-
cess of making meaningful decisions based on educational
data is known as data-driven decision-making (Prinsloo &
Slade, 2014).

In face-to-face courses, instructors are more accustomed
to observing and responding to educational data, relying
on a plethora of both verbal and non-verbal cues, such as
facial expressions or body language (Herodotou et al., 2019;
Vanlommel et al., 2017). However, while teaching online,
instructors have indirect interaction with students, and they
are less exposed to non-verbal communication (Barak &
Usher, 2020; Picciano, 2012). In this scenario, many of the
learners’ actions and behavior (such as navigating through
the course pages) might be harder to track (Picciano, 2012;
Siemens, 2013). This situation compromises the data-
driven instructional process since the instructors’ rely on
only a thin layer of easily observed students’ course activity
(Alexandron et al., 2019; GasSevic et al., 2016).

Even so, web-based environments may assist in the data-
driven instructional process, as they usually keep digital
traces left by learners as they engage with the course mate-
rial and assignments (Vigentini et al., 2017). Over time,
the value of such digital traces has been recognized as a
promising source of data about students’ learning processes
(Gasevi€ et al., 2016; Kim et al., 2016). The application of
such data methods in higher education settings helped to
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inform the rise of the field of learning analytics (Larrabee
Sgnderlund et al., 2019; Siemens, 2013).

According to the Society for Learning Analytics for
Research (SOLAR), learning analytics (LA) refer to the
measurement, collection, analysis and reporting of data
about learners and their contexts in order to understand and
promote learning processes (Siemens, 2013). Higher educa-
tion institutions are increasingly turning to LA tools to eval-
uate learners’ online behavior and to analyze and interpret
it to gain new insights (Larrabee Sgnderlund et al., 2019;
Siemens, 2013).

LA are known for their great potential for improving
teaching and learning in higher education contexts (Hilliger
et al., 2020; Shibani et al., 2020). The bulk of empirical LA
studies have focused on student performance measure tools,
using LA systems for modeling and classifying learners’
individual and collective needs, behavior, and performances
(Baig et al., 2020; Muljana & Luo, 2020). So why is their
institutional adoption still limited?

Several recent studies provide possible explanations for
this question. First, it seems that LA designers and research-
ers tend to disconnect the main stakeholders from the design
process, meaning, they create the analytics tools without
focusing specifically on users’ preferences, needs, capa-
bilities, and data demands (Holstein et al., 2019; Shibani
et al., 2020). Therefore, it is not surprising that according
to instructors’ reports, a common challenge they are facing
while implementing LA tools in their classes is that the data
provided to them is not aligned with their needs and peda-
gogical perspectives (Klein et al., 2019; Shibani et al., 2020).

Second, raw data alone do not hold much meaning for
the instructors; they must hold the ability to transform this
data into information that can be useful for making deci-
sions (Ruipérez-Valiente et al., 2017). Yet, not all instruc-
tors possess the data literacy skills necessary to produce
meaning from the data (Hilliger et al., 2020; Klein et al.,
2019). Data literacy is defined as the ability to understand
and use data in an effective way that will yield informed
educational decisions (Green et al., 2016; Mandinach &
Gummer, 2013). Lacking the skills and knowledge needed
to become data literate, along with the disconnection from
the design process of LA tools, makes it difficult for the
instructors to derive meaningful insights from the data
with the purpose of making informed decisions (Maisarah
etal., 2021).

Most of the studies on instructors’ use of LA tools to
inform decisions have been undertaken in the context of
face-to-face courses that use online learning management
systems or in hybrid courses that combine face-to-face with
online instruction. Yet, there is a lack of studies that specifi-
cally address the perspectives of instructors who teach in
massive open online courses (MOOC:s).

Data-Driven Instruction in Massive Open Online
Courses

Over the last two decades, online education has seen the
emergence and adoption of MOOCs. MOOC:s are web-based
learning environments, designed to provide free and acces-
sible high-quality education to the masses (Dillahunt et al.,
2014; Mcauley et al., 2010). Since they were first intro-
duced in 2008, the popularity of MOOCs has been growing
rapidly among learners and researchers worldwide (Meek
et al., 2017; Zhu et al., 2020). At the end of 2020, more
than sixteen thousand MOOCs were offered by more than
950 universities with more than 180 million enrollees (Shah,
2020). MOOC popularity has reached new levels due to the
outbreak of the COVID-19 pandemic. The top three MOOC
providers (i.e., Coursera, edX, and FutureLearn) registered
as many new users in April 2020 as in the whole of 2019.

While sharing many characteristics with online courses,
MOOCs are somewhat different (Barak & Usher, 2022).
Among other things, MOOCs allow a massive participa-
tion, with some MOOC:s attract up to tens or even hundreds
of thousands of learners, who come from a wider range of
cultures and backgrounds than in typical college courses
(Barak & Usher, 2022; Kizilcec & Brooks, 2017; Meek
et al., 2017). With millions of global learners from various
backgrounds, and with modern online platforms that enable
the collection of fine-grained data of learners’ activity and
behavior, MOOC:s offer a unique opportunity for data-driven
educational research (Drachsler & Kalz, 2016; Kizilcec &
Brooks, 2017).

In accordance, in the recent years, a significant body of
research has examined the use of LA tools that provide edu-
cational data in the context of MOOCsSs (Drachsler & Kalz,
2016; Rizvi et al., 2020; Romero & Ventura, 2017). As
recent meta-analyses show, the bulk of studies about data
use in online courses, and in MOOC:s in particular, focused
on learners’ needs, behavior, and performances (Baig et al.,
2020; Romero & Ventura, 2017; Zhu et al., 2020). Although
numerous LA models and techniques have been developed
for MOOC settings, their implementation in real-world con-
texts remains limited (Er et al., 2019).

One main reason for the limited impact is that only a
few studies address the perspectives of MOOC instructors
regarding the implementation of such techniques in their
courses (Er et al., 2019; GaSevic et al., 2016). Understanding
MOOC instructors’ perspective regarding data use is criti-
cal since they are important stakeholders in the process of
adopting and implementing innovative learning technologies
(Siemens, 2013; Zhu et al., 2020). MOOC instructors are
the ones who access and evaluate the educational data, draw
conclusions, and take actions to support students and improve
their courses (Alexandron et al., 2019; Leitner et al., 2017).
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Recently, studies have begun examining instructors’ per-
spectives about the use of educational data in face-to-face
courses that use online learning management systems or
in hybrid courses (Hilliger et al., 2020; Klein et al., 2019;
Shibani et al., 2020). However, given that MOOCS are non-
formal learning settings with massive numbers of learn-
ers from diverse backgrounds (Kizilcec & Brooks, 2017),
previous findings from formal learning contexts should not
be taken for granted (Er et al., 2019). Yet, there is a lack
of studies that provide qualitative evidence about interest
in educational data, and barriers to using them, from the
perspective of higher education instructors who teach in
MOOC:s. The current study aims at bridging this gap.

Methods
Research Participants

Our participants included 12 higher education instructors
(7 males, 5 females) from four public universities in Israel,
each teaching in a different MOOC. All MOOCs were in
science, technology, engineering, and mathematics (STEM)
domains (6 from the applied sciences, 4 from the natural sci-
ences, and 2 from medicine). The participants reported on
having sufficient prior experience in using technology in the
classroom. They were 40-70 years old (M =51.3, SD=8.6),
with 540 years of teaching experience in higher education
(M=20.8,SD=11.1), and 1-5 years of teaching experience
in MOOCs (M =3.2, SD=9.1). To recruit participants, we
contacted potential respondents, from the authors’ profes-
sional and personal networks, via email, and continued
recruitment using snowball sampling (Goodman, 1961). To
protect the instructors’ anonymity, names and identifying
details were concealed by codes.

Research Methods and Tools

The study applied a qualitative phenomenological research
design, in which the researchers describe the lived experi-
ences of individuals about a phenomenon as described by
the participants (Creswell, 2014). As customary in such
studies, data collection involved in-depth semi-structured
interviews, which were conducted during February—April
2020. The interviews took place via synchronous technolo-
gies, such as Skype' or Zoom,? and lasted approximately
60 min each. The interviews were audio recorded and fully
transcribed before analysis. The interview sessions included
seven key questions that focused on instructors’ interest in

! https://www.skype.com/en/.
2 https://zoom.us/.
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educational data and perceived barriers to using them for
decision-making, as follows:

1. Please describe the MOOC you teach and your prior
experience in online teaching in general and in MOOCs
in particular.

2. Could you elaborate on the types of data about MOOC
learners’ activity that interest you the most?

3. Whether and how do you keep track of the data that
interest you about learners’ activity?

4. Could you elaborate on the main sources from which
you collect such data?

5. In which ways do you prefer the data to be presented to
you via the MOOC platform?

6. Did you encounter any specific challenges/barriers while
trying to monitor or engage with data about learners’
activity? If so, please elaborate.

7. Would you consider taking actions/making changes to
improve your MOOC based on the data about learners’
activity? If so, please elaborate.

Data Analysis

The interview data were qualitatively analyzed by the first
author using the conventional (inductive) data analysis
approach, which resulted in the establishment of a compre-
hensive set of themes. To ensure inter-coder reliability, a
sample of 2 full interview transcripts, along with the estab-
lished set of themes, was sent to the second author. The
inter-rater agreement between the two authors was calcu-
lated using Cohen’s kappa analysis, indicating good reli-
ability of 0.83. Also, as a result of this comparative exer-
cise, few themes were renamed to enhance comprehension
and others were merged to avoid overlaps. The main themes
identified from the data addressing each research question
are discussed in the following sections.

Findings
MOOC Instructors’ Interest in Educational Data

The analysis has raised two categories for instructors’ inter-
est in educational data.

Social Interactions

The first category refers to the instructors’ interest in data
about learners’ social interactions with their peers while tak-
ing the MOOC. Out of the 12 interviewees, five mentioned
that they monitored students’ social learning experiences
by following messages posted by students on the discussion
boards. As one instructor put it, “I believe learners have
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a desire to be a part of a learning community and that we
should create such opportunities for them. I make sure to
monitor the interactions between learners as much as I can,
mainly through the MOOC forums” (I3, male). He further
expressed his feelings that the MOOC platform does not
make this type of data accessible enough to the instructors:
“I find myself spending long hours trying to track students’
correspondence in the forum [..] trying to figure out who
those students are. It did not feel like these data were acces-
sible enough to me as a MOOC instructor.”

Another instructor noted that what he found most interest-
ing was that the students in his MOOC turned to the discus-
sion board mostly to receive educational support from their
peers:

Once a week I enter the forum designated for students
to consult with each other. Students ask other students
what they understood from the lecture [...] I find it fas-
cinating to read the answers students provide to each
other. The way they really try to help and support each
other. (I4, male)

This instructor also mentioned that the data is not acces-
sible enough for the instructors, which made him “[..]
spending a lot of time and effort searching for it and cross-
referencing it with other aspects, such as the demographic
background of the learner who started the thread” (I4, male).

The instructors’ interest in learners’ social interactions
was sometimes linked directly to the lack of face-to-face
interaction between MOOC learners. As one interviewee put
it, MOOC instructors should express interest in the social
aspects of taking a MOOC since it is important to “know
what it feels like to be a part of a pretty isolated learning
community, to not know who your classmates are and not
meeting them in-person” (I8, male).

Several instructors noted the ways in which they took
actions aimed at bridging the lack of social interactions in
MOOC:s. One instructor shared that she opened a designated
thread for learners to introduce themselves and get to know
each other:

Learners were eager to introduce themselves to their
classmates. Our goal was to encourage a social col-
laboration between students and to reduce the lack of
interactivity and feeling of isolation students might be
facing. (I11, female)

Yet, she shared that she found it difficult to keep track of
all the data from students’ correspondence and expressed her
desire that “such information would be available to us in an
interesting and informative manner.”

Another instructor stated she tried to “minimize the dis-
tance between the learners” by encouraging them to per-
form the final assignment in groups: “We agreed to include
a final assignment in which students should form a group of

4 and work together on a shared PowerPoint presentation”
(I7, female).

Educational Resources

The second category refers to the instructors’ interest in data
about problems and issues students are having while engag-
ing with the MOOC educational resources. The most men-
tioned one was related to course assignments that were eval-
uated by fellow students (i.e., peer assessment assignments),
which was mentioned by seven out of the 12 instructors.

One instructor stated that the peer assessment activity
in her course posed some challenges for the learners “who
claimed that the peer assessment they received was done in
a non-professional and unreliable manner.” According to her,
this is an essential data that she must be aware to as close
as possible to real time so she could “try to find a solution
for those students” (I11, female). Another instructor also
mentioned his desire to be aware of reliability issues with
the peer assessment activities, since it might “cause students
to drop out of the MOOC” (16, male).

Interestingly, each of these instructors made a different
decision to solve this problem. The first instructor shared
that “several times the course staff and I read students’ pro-
jects and performed the assessment ourselves” (I11, female),
while the second instructor revealed that he “decided to
remove the open assignment and now the course includes
only quizzes” (16, male).

Another issue with the course resources that was repeat-
edly mentioned by the instructors was related to course
assignments that were conducted in small groups (i.e., team
assignments). This issue was mentioned by four out of the
12 instructors. Most instructors expressed their desire to
be aware of problems students are facing while working on
team assignments. For example, one instructor referred to
the difficulty faced by the learners to find teammates to col-
laborate with:

The thing that interests me the most, or that I feel I
should be informed about, is probably problems that
learners encounter during the MOOC. The best exam-
ple is the many posts uploaded to the online discussion
board written by students who are searching for peers
to collaborate with for the group project. (I8, male)

When asked whether he would consider taking actions
based on the exposure to data about such difficulty, the
instructor answered that he did approve for some specific
students who contacted him to perform the team project
individually. He explained his decision as follows: “[..] if I
had known that many learners are struggling with the group
project, I would have considered making some changes in
the guidelines so that there would be an alternative for those
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who fail to work effectively in a group with people from
remote locations” (I8, male).

MOOC Instructors’ Barriers to Data Use
for Decision-making

The analysis has raised four main barriers for using educa-
tional data for decision-making.

Lack of Customized Data

The first barrier mentioned by the instructors was the lack
of data that is tailored to their personal needs, rather than
according to general pre-determined sections. Five out of the
12 interviewees addressed the problem of sending the same
types of data to the entire population of MOOC instructors,
stating that MOOC providers should be cautious of the “one-
size-fits-all” approach, as can be seen in the below quote:

It is very likely that what interests me and what inter-
est the rest of the lecturers in our team are completely
different things and the people in charge should take
that to consideration [..] I would like to know about the
age range of those students who paid for the MOOC,
and my colleague is interested in their academic back-
ground. In the current version and as the data is cur-
rently presented to us, we cannot see a clear break-
down by the parameters that are of interest to each of
us, or it is not available enough. (I3, male)

Another instructor articulated the same sentiment stating
that MOOC providers should consult the instructors regard-
ing the types of data that interest them: “I never received an
email from the MOOC platform providers in which they ask
me personally which data might interest me, they just send
me what they think is of interest to everyone” (I11, female).

Several instructors have clearly raised the concern that
receiving data that is not tailored to their personal needs
leads them not to take actions to improve the courses, as one
of the interviewees put it: “I would have considered taking
actions if only I had access to more meaningful information.
When I approach the instructor-facing dashboard, the most
prominent data is the number of enrollees and the countries
from which they come. Why? Who made the decision that
this is the information that most lecturers want or need?
These are not necessarily the data that interests me” (112,
female).

Finally, the need to periodically change the customized
data was mentioned by one of the interviewees: “[I would
like] a system where each of us can personally define what
kind of data interests him [...] I think it is important that the
lecturer would be able to occasionally change the settings of
the data he would like to be alerted about and according to
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the data he would make the necessary decisions to upgrade
the course” (I1, male).

Lack of Real-time Access

The second barrier mentioned by the instructors was the
lack of access to data immediately as they become avail-
able, or very rapidly after. Seven out of the 12 interviewees
addressed the problem of receiving data in delay, stating that
“the data usually come to my attention only after a while”
(I1, male). Another instructor even stated that the lack of
access to data immediately as they become available even
affects his level of interest: “knowing that I receive infor-
mation about my students’ activity only sometime after it
happens, somehow makes me less interested” (I3, male).

Notably, five interviewees revealed they often find them-
selves refraining from taking actions to help their students
and/or improve their MOOCs due to the lack of real-time
data. According to one instructor, not having real-time
access to learners’ data may affect her ability to intervene if
necessary. She stated that it is important that the data would
be available to her in the actual moment when things are
happening since this way: “in case students are unsatisfied
with some aspect of the course, I would be able to intervene
and try to help” (I7, female).

A second instructor noted that lack of tutor intervention
due to lack of access to real-time data could lead to student
dropout: “I think that there were students who dropped out
of the course because of difficulties they were facing with
the assignments and the fact that they did not receive support
when they needed it” (16, male).

The next quote reveals a situation in which the instructor
chose not to take any action since she did not receive infor-
mation about the problem students were facing immediately
when it happened:

There have been instances where students wrote inap-
propriate messages to each other on the course dis-
cussion board. The problem was that several times |
found out about this only a while after it happened.
This created a situation where I felt that the unpleasant
discourse had already calmed down, so I chose not to
take any action about it. (110, female)

Lack of Data Literacy

The third barrier mentioned by the instructors was the lack
of ability to understand and use data effectively to inform
decisions. Half of the interviewees (6 of 12) described how
the large data sets available confuse them and “make it dif-
ficult to monitor learners’ data and to derive meaning from
the data” (112, female).
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Several instructors specifically mentioned the difficulty
to analyze large data sets from multiple sources that are not
combined into a unified and coherent file. As articulated by
one of the instructors, various types of data that are of inter-
est for her may indeed be available, but integrating them to
produce meaning is not intuitive:

I have data about the total percentage of students who
watched the videos, but I do not know enough about
those students — at what point did they quit? What is
their academic background? I mean, I have this infor-
mation somewhere, but every piece of information
is somewhere else on the platform, and it is almost
impossible to integrate between all those different lay-
ers of data. (I2, female)

Another example can be seen from the following statement:

I have access to some interesting data [..] for example the
overall number of participants divided according to their
gender, age, continents, and academic disciplines. Right
now, each set of data is presented in a different figure, and
each figure is presented separately, which makes it very dif-
ficult to keep track of.” (16, male).

The need for integrated data is particularly important for
those instructors who lack experience and knowledge in data
use: “The main thing is not the data, but the ability to ask
the right questions. This is a complex and difficult skill to
develop that requires a tremendous effort and valuable time
[...] Most of them [MOOC instructors] may have a great
interest in the data, but they lack the understanding, and the
ability to know what and where to look. If the access to the
data was simpler, then they might have considered using it
more” (I5, male).

Lack of Institutional Support

The fourth barrier mentioned by the instructors was the
lack of sufficient support from the academic institution in
which they teach. More than half of the interviewees (7 of
12) stated that the “lack of guidance and prior preparation”
prevented them from tracking learners’ data in a more rigor-
ous and routine manner.

Several instructors indicated that they did not have enough
time to engage with the data even though they found it impor-
tant for the improvement of their MOOCs, as one instructor
stated: “it takes so much time to search, analyze, and make
meaning from the data [...] Time is actually my biggest prob-
lem when I think about monitoring data about my MOOC
learners” (I8, male). Another interviewee added that “we
want to keep tracking the data about our learners and obvi-
ously, there is still much to improve. But our busy schedule
requires each of us to invest in our own research” (I9, male).
A central aspect that emerges from the quotes above is the
instructors’ concern that engaging with the data would come

Table 1 Themes emerging from thematic analysis

Main theme Subthemes

eSocial interactions
eEducational resources

Interest in educational data

eLack of customized data
eLack of real-time access

el ack of data literacy

eLack of institutional support

Perceived barriers for data use

at the expense of their academic career, which will not be
positively accepted by the university decision-makers. The
instructors felt that after the initial investment of developing
the MOOC, they were expected to go back to their academic
obligations, rather than continue investing in the MOOC:s:

What did I get from the MOOC as a faculty member?
Or as an academic researcher? [...] Instead of develop-
ing the MOOC and keep working on it to improve it,
I could have published at least two academic papers.
(I1, male)

Lastly, three interviewees pointed out the need for dedi-
cated workshops for using educational data efficiently to
make informed decisions while teaching a MOOC. This
could be clearly understood from the next quote:

The universities do not seem to understand the impor-
tance of providing us with technical and pedagogical
support for using data [..] this is an expertise [..] peo-
ple are not necessarily born with this skill; it has to be
taught. (I8, male)

To summarize, the analysis of the interview data identi-
fied 6 key themes (see Table 1) that are aligned according
to the two research questions: MOOC instructors’ interest
in educational data and their perceived barriers to data use
for decision-making.

Discussion

This study extends the scope of previous research by provid-
ing qualitative evidence about interest in educational data,
and barriers to data use, from the perspective of higher edu-
cation instructors who teach in MOOC:s.

As our findings suggest, the participating instructors
mostly showed interest in two main types of data. The first
is data about social interactions that occurred between the
remote learners. The instructors expressed their frustration
that this type of data is not accessible to them in an easy and
understandable way. Collecting data about social interactions
was expressed by them as a challenging and time-consuming
task. This finding validates previous studies, which reported
that the implementation of data-driven instruction took
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a lot of time and effort on behalf of the instructors, which
increased their already stressed schedule (Klein et al., 2019;
Shibani et al., 2020; Tsai et al., 2018).

The instructors’ interest in learners’ social interactions
was sometimes linked to the lack of face-to-face interac-
tion between MOOC learners. Several instructors expressed
concern that MOOC learners might feel socially isolated and
described their attempts to bridge this isolation by providing
learners with opportunities to interact and collaborate. This
finding provides empirical evidence that complements pre-
vious studies on the prominent role of social collaborations
in MOOCs, where interpersonal interactions among learn-
ers are limited (Fang et al., 2019; Watted & Barak, 2018).
These challenges may be even harder to deal with in times of
emergency, such as the current COVID-19 pandemic, when
extreme measures like quarantine or lockdown are taken,
thereby potentially increasing a sense of loneliness (Murphy,
2020). Hence, the instructors in our study might have been
concerned about their students’ social state, and thus were
inclined to take actions aimed at bridging the lack of social
interactions.

The instructors further showed great interest in data
about problems students are having while engaging with the
MOOC educational resources, mainly the peer assessment
assignments. Engaging with peer assessment activities in
MOOCs was reported as associated with lower student sat-
isfaction and with greater attrition (Jordan, 2015; Kulkarni
et al., 2013), which may have affected the instructors’ ten-
dency to show interest in such data.

Notably, the participating instructors hardly mentioned
a desire in data that relate to students’ achievements and
learning outcomes. Almost no mention was made of inter-
est in data about students that failed a quiz or did not submit
an assignment. This is surprising given that these students’
activities are widely documented in the literature that deals
with the utilization of LA tools in MOOC:s (e.g., Lu et al.,
2017). This may fall into the gap between research and prac-
tice identified by several researchers, who claimed that there
is a disconnection between LA design and users’ needs and
expectations (Klein et al., 2019; Shibani et al., 2020), which
emphasizes the need in an in-depth analysis of instructors’
perspectives.

With regard to the instructors’ perceived barriers to
using educational data for decision-making, four barriers
were mostly mentioned. The instructors referred to the
difficulty that the data is not customized to their personal
needs and is not brought to them in real time. This is in
line with the claim that the learning analytics field should
move from the “one-size-fits-all” approach to an approach
that better emphasizes different perspectives (Knight et al.,
2016). These findings also corroborate previous studies that
reported the lack of personalized and timely data as the main
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challenges instructors are facing while implementing LA
in their courses (Hilliger et al., 2020; Klein et al., 2019;
Shibani et al., 2020), which may compromise their ability
to properly interpret students’ behavior and to intervene in
time to assist them (Knight et al., 2016; Picciano, 2012).

Moreover, it was often mentioned by the instructors that
they refrained from taking actions due to their inability to
understand and use the data effectively. The instructors
described the difficulty to analyze and derive meaning from
the large data sets that were available to them. This result
aligns with, and sheds more light on, previous studies that
point out data literacy as one of the key competencies that citi-
zens in general, and higher education instructors specifically,
must master in the society of the future (e.g., Raffaghelli &
Stewart, 2020). There is a strong need to promote data literacy
skills among educators, which would allow them to efficiently
evaluate teaching and learning processes to perform the neces-
sary instructional changes (Green et al., 2016).

Lastly, the instructors revealed that they refrained from
taking actions due to the lack of sufficient support from their
academic institutions. Mostly, the instructors expressed con-
cern that engaging with educational data would come at the
expense of their academic research. This finding confirms
the assumptions that MOOC development and instruction
are not supported by higher education institutions to a sat-
isfying extent (Lorenz, 2016). Several instructors specifi-
cally stressed their desire to receive additional guidance and
support for properly engaging with educational data. This
finding confirms the conclusions drawn from several studies
about the importance of providing instructors with support-
ing mechanisms for the development of data-driven instruc-
tion expertise (Sakala & Chigona, 2020; Tsai et al., 2018).

Study Limitations

The first limitation derives from the study’s qualitative
nature, in which we relied on self-report measures (i.e.,
semi-structured interviews). The literature points out to
several inherent deficiencies that might limit the generaliz-
ability of findings observed from self-reports. For instance,
self-reports provide indirect information filtered through the
views of interviewees and they might be biased by research-
er’s presence (Creswell, 2014). Still, previous research has
posited that self-reports can be reliable under the fulfillment
of several conditions: the information is known to respond-
ents; the questions are phrased clearly and unambiguously,
relate to recent activities, and require a serious and thought-
ful response; and answering them will not lead to embar-
rassing or threatening disclosures (Dang et al., 2020; Kuh,
2002). We believe these conditions were met in the cur-
rent study, and hence, the instructors’ responses could be
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considered valid findings. The second limitation relates
to the research population and setting. Our findings were
obtained from the perspective of 12 instructors who teach in
four flagship universities in one country. Thus, suggestions
for future work include expanding the research settings to
other higher education institutions from different countries,
to capture insights of engaging with data-driven information
in MOOCs worldwide.

Summary and Future Research

MOOC:s provide students with opportunities to communi-
cate and interact with thousands of learners from different
countries and to pose and solve problems collaboratively
and cross-culturally (Barak & Usher, 2022). Indeed, it
has been argued that due to their global reach and diverse
nature, it is vital to understand whether MOOCs provide
learners with sufficient opportunities to gain 21st century
thinking skills (Cui et al., 2014; Zimmerman et al., 2017).
According to Cui et al. (2014), MOOCs provide minimal
supervision and support, hence, MOOC learners should be
highly self-directed to attain their learning outcomes. They
often master new knowledge by the use of self-assessment
and peer assessment activities. Such learning processes
were documented as promoting learners’ collaborative
learning, self-directed learning, and creative and innovative
abilities (Barak & Usher, 2020, 2022; Zhu & Bonk, 2019).
All of which are considered important skills for dealing
with future challenges. From the instructors’ perspective,
limited research has been done on the many 21st century
skills required to effectively design and teach in a MOOC
(Zhu et al., 2020). Due to the technical structure of MOOCsS,
instructors can record educational data and track learners’
learning process using a variety of technological tools. With
the help of such data, instructors can better guide learners,
promote collaborations among them and create a diverse
community of learners (Cui et al., 2014). Yet, to effec-
tively implement and use educational data to improve their
courses, MOOC instructors should master a wide range of
21st century skills, such as analytical thinking - the abil-
ity to use and interpret large datasets to inform decisions
(Hilliger et al., 2020; OECD, 2018; Raffaghelli & Stewart,
2020). Our findings showed that the types of educational
data that MOOC instructors showed great interest in are not
accessible to them in an easy, understandable and actionable
way. In this regard, we believe that future research should
focus on how to actively co-design with MOOC instructors
technological tools that will support the data-driven instruc-
tional process, an essential step to ensure the alignment of
such tools with real-world needs and their usefulness and
usability in real-world educational contexts (An et al., 2020;

Holstein et al., 2019). It is also important for future research
to examine the contribution of MOOC:S to the acquisition of
the required thinking skills that meet the challenges of the
21st century.
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