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ABSTRACT
Recently organizations have begun to realize the potential value in the huge amounts of raw, constantly fluctuating data
sets that they generate and, with the help of advances in storage and processing technologies, collect. This leads to the
phenomenon of big data. This data may be stored in structured format in relational database systems, but may also be
stored in an unstructured format. The analysis of these data sets for the discovery of meaningful patterns which can be
used to make decisions is known as analytics. Analytics has been enthusiastically adopted by many colleges and
universities as a tool to improve student success (by identifying situations which call for early intervention), more
effectively target student recruitment efforts, best allocate institutional resources, etc. This application of analytics in
higher education is often referred to as learning analytics. While students of post-secondary institutions benefit from
many of these efforts, their interests do no coincide perfectly with those of the universities and colleges. In this paper we
suggest that post-secondary students might benefit from the use of analytics which are not controlled by the institutions
of higher learning – what we call DIY (Do It Yourself) analytics – a set of tools developed specifically to meet the needs
and preferences of postsecondary students. The research presented in this paper is work in progress.
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1. INTRODUCTION
Recently organizations have begun to realize the potential value in the huge amounts of raw, constantly
fluctuating operational data sets that they generate and, with the help of advances in storage and processing
technologies, collect in transactional systems [1]. The latest techniques from computer science, mathematics
and statistics are needed to perform this analysis and generate strategic insights, e.g. about visitors to a
company’s website for better marketing efforts, resulting in the growing importance of the field of business
analytics. Both structured data (stored in relational and non-relational database systems) and non-structured
data can be analyzed using data mining techniques and the results presented using information visualization
methods to best guide organizations’ decision makers [2, 3, 4]. Data mining [12] is sometimes differentiated
from analytics by the way that analytics tests for specific hypotheses while data mining lacks a hypothesis,
instead searching large data sets for interesting patterns. Some other experts consider data mining to be a part
of analytics.
Analytics has been enthusiastically adopted by many colleges and universities as a tool to improve
student success (by identifying situations which call for early intervention), more effectively target student
recruitment efforts, best allocate institutional resources, etc. [5, 6]. The evolution of big data and its
widespread adoption in American higher education has been documented by Picciano [8]. Sources of the data
which can be analyzed include institutional data about students, courses, applicants, however, a particularly
rich field to mine for data is associated with online courses and Course Management Systems (CMS) [11].
Information extracted from a CMS can be quickly assessed for early warning signs of student failure, leading
to prompt intervention and increased chances of student success as well as higher student engagement. Such
data can also be used for student assessment and course redesign.
Academic analytics uses a combination of institutional data, statistical analysis, and predictive modeling
to create insight which students, instructors, or administrators can use to develop a strategic plan for
enhancing academic outcomes. The University System of Georgia carried out an experiment using analytic
techniques to develop an algorithm to predict student completion and withdrawal rates in an online
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environment. The results helped to confirm that it was possible to predict accurately the likelihood that a
student would successfully complete an online course [6].
Goldstein [9] proposes the term “academic analytics” as an alternative to “business intelligence” in the
academic realm. He surveys seven areas that analytics can be used in academia: advancement/fundraising;
business and financing; budget and planning; institutional research; human resources; research
administration; academic affairs. The Signals project at Purdue University has delivered early successes in
academic analytics, prompting additional projects and new strategies [10]. A visual analytic tool being used
for student enrollment is shown in figure 1. Clearly, most of these areas are not of interest to students in postsecondary education, except perhaps tangentially. Our DIY approach will concentrate on areas that are
directly of interest to students.

Figure 1. SAS Visual Analytics for student enrollment. (http://www.sas.com/software/visual-analytics/demos/studentenrollment.html)

2. DIY ANALYTICS
While institutions of higher learning have increasingly relied on learning analytics, and while the use of
analytics by the institutions can be of help to students (for example, by identifying if they are at risk of failure
in a course or in a program of study, and providing intervention to help them), the needs and requirements of
institutions and students are not identical. As an obvious example, students have an interest in enrolling in the
institution which gives them the best chance to succeed in their chosen field, however a particular institution
has an interest in getting that student to enroll, even if there is some other university which would better meet
the student’s needs.
Consider also the following examples of divergent interests for institutions and the students enrolled in
the institution. Students would like (all else being equal) to enroll in classes taught by professors that give
them the best chance of achieving their goals. Institutions (colleges, departments) don’t have any interest in
steering students towards particular instructors and away from others. On the contrary, the department’s
interests are best served by having level enrollments in all sections of courses, rather than having some very
large sections and other very small ones. Another example is in the choice of a field of study within an
institution. The student’s needs to discover the best program for him or her might not coincide exactly with
those of the institution, which might want to steer students towards favored programs or away from others
which might be getting too large.
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In all of these cases, we propose the introduction of what we call DIY (Do It Yourself) Analytics for
students. The name refers to the fact that the student himself will be using the analytics tools to make his best
choices, rather than relying on the institutional filter (the DIY name is not meant to suggest that students will
be creating/programming these tools themselves, only that they will be the end users). Student-centric
learning analytics tools should be developed to allow students to reach their academic potential. We have
identified in the above scenarios several types of insights that students would find valuable in the course of
their academic careers, but these just scratch the surface. There are many more possibilities that can and
should be explored. We will be expanding the list of possible topics in future research.
One issue that arises immediately is – where will the information that will be the input to the analytics
process come from? In organizations, this is not a problem, since the organizations own the data that they
generate. The situation is different in this case however, since the students do not generate or own the data
that they need for DIY Analytics to work. The institutions of higher education could make this information
publicly available so that it could be used by students (after it has been suitably scrubbed to make sure that
privacy concerns are met). If the institutions are unwilling to make the information available, they may need
to be encouraged to do so (by government agencies in the case of publicly-funded universities, by donors or
accreditation boards in the case of private institutions). Some of this information is already publicly available
(sometimes due to government regulations) either individually at the institutions, or collected by agencies or
commercial entities (see figure 2, with information about American universities collected by US News and
World Report). The Predictive Analytics Reporting Framework (PAR) project has shown that multiple
universities can work together to unify and aggregate their data [7]. Such work provides hope for
implementing DIY analytics.

Figure 2. Information about an American institution of higher learning
(http://colleges.usnews.rankingsandreviews.com/best-colleges/kent-state-university-3051)

Further initial reflection on this research indicates that in order for the information to be relevant for
decision-making for non-expert users (students) this use of visual analytics will be crucial. Furthermore,
given the platform preferences of today’s students, the data presentation should be accessible from mobile
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platforms (smartphones and tablets). This idea is reflected in our future prototype system in this area, which
is described in the following section.

3. CONCLUSIONS AND FUTURE RESEARCH
This paper has described our work-in-progress in the area of DIY Analytics. We have identified several
scenarios where the interests of institutions of higher education and their students diverge, leading to an
opportunity to add value for students. We have also identified a possible problem in the implementation of
this idea – the lack of ownership by the students of the data involved, though we hope to be able to overcome
this problem in the short term by scraping publicly available data off of university websites (along with
government agency and other organization sites) and in the medium and long term through a more open
access to institutions’ data (scrubbed for privacy). Further, we have identified a few areas that DIY Analytics
must address, based on the target audience. We continue to refine all of these ideas.
We are currently in the initial stage of developing a prototype system in DIY Analytics. Our prototype
will allow prospective students to explore various programs at multiple universities. The system will use SAS
solutions for Hadoop [13]. SAS Visual Analytics and SAS Mobile BI will be used to produce an application
accessible from mobile devices to meet the needs of today’s students. Interviews with current university
students will be used as part of the design process of this prototype and it will be evaluated by experiments
with a group of target users. These results will be reported in a future paper.
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