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Abstract—This article proposes new criteria for using
student data in universities. First criteria are called primary
data and secondary criteria are called secondary data.

We define primary data as those that are not linear
combination data, and secondary data as a linear combination
of primary data. For example, at the macro-level, primary data
are correct and incorrect answers to a question in an
examination or students’ attendance and absence from a lecture.
At the macro-level, secondary data are the total points in an
examination or students’ total attendance in and absence from
a lecture. At the meso-level, secondary data are student records
of lectures as well as grade point average, or rank, in the annual
record of the university.

Primary data are mainly constructed by faculty while
secondary data are constructed by administrative staff. To
compare primary and secondary data, collaboration between
faculty and administrative staff is important.

Keywords—primary data, secondary data, institutional
research, faculty and staff collaboration, linear function
combination



. INTRODUCTION

Recently, we proposed a new field called Eduinformatics
[1]. It is a coined word, combining “education” and
“informatics,” which is similar to Bioinformatics, a
combination of “biology” and “informatics.” In our previous
article, we explained that it is important to create new methods
in informatics to analyze educational evaluation.

To deal with student data, universities have a department
called institutional research (IR). The Ministry of Education,
Culture, Sports, Science and Technology (MEXT) published
two famous reports on IR [2], [3]. The number of IR offices in
Japanese universities increased after these reports were
published. Since 2016, MEXT has been strongly requiring
Japanese universities to construct IR departments.

In Japan, the International Conference on Data Science
and Institutional Research (DSIR) is the only international
meeting that deals with IR. Since 2016, we have published
some articles in DSIR [4]-[8] that address the topics of
collaboration research between faculty and staff and the
application of bioinformatics in education.

In the present article, we proposed new criteria for using
student data in universities or IR.

Il. NEW CRITERIA

The United Nations Educational, Scientific and Cultural
Organization (UNESCO) proposed “three layers of learning
analytics” in a report on learning analytics in 2012 [9] (Figure
1). The following are the definitions of the three layers of
analytics from [9].

“Macro-level analysis seek to enable cross- institutional
analytics, for instance, through ‘maturity’ surveys of current
institutional practices[10] or improving state-wide data access
to standardized assessment data over students’ lifetimes[11].
Macro-analytics will become increasingly real-time,
incorporating more data from the finer-granularity
meso/micro levels, and could conceivably benefit from
benchmarking and data integration methodologies developed
in non-educational sectors (although see below for concerns
about the dangers of decontextualized data and the educational
paradigms they implicitly perpetuate).

Meso-level analytics operate at institutional level. To the
extent that educational institutions share common business
processes to sectors already benefiting from Business
Intelligence, BI, they can be seen as a new Bl market sector,
who can usefully appropriate tools to integrate data silos in
enterprise  warehouses, optimize workflows, generate
dashboards, mine unstructured data, better predict ‘customer
churn’ and future markets, and so forth. It is the BI imperative
to optimize business processes that partly motivates efforts to

Aggregation of user traces

enriches meso + macro analytics
with finer-grained process data

Breadth + depth from macro
+ meso levels add power to
micro analytics

Figure 1 Layers of Learning Analytics from UNESCO IITE, Learning Analytics, 2012




build institutional-level “academic analytics”[12], and we see
communities of practice specifically for Bl within educational
organizations, which have their own cultures and legacy
technologies.

Micro-level analytics support the tracking and
interpretation of process-level data for individual learners (and
by extension, groups). This data is of primary interest to
learners themselves, and those responsible for their success,
since it can provide the finest level of detail, ideally as rapidly
as possible. This data is correspondingly the most personal,
since (depending on platforms) it can disclose online activity
click-by-click, physical activity such as geolocation, library
loans, purchases, and interpersonal data such as social
networks. Researchers are adapting techniques from fields
including serious gaming, automated marking, educational
data mining, computer-supported collaborative learning,
recommender systems, intelligent tutoring systems/adaptive
hypermedia, information visualization, computational
linguistics and argumentation, and social network analysis.”

In micro-level analytics, we deal with two types of data,
primary data and secondary data.

We define a linear function combination as follows.

For function f1, f;, ..., fyand scalar ay, ay, ..., an, we define
the linear combination of fy, f;, ..., f, as

arfi+axf+ ... +anfh.

Therefore, a linear combination is the summation of the
function f times weight ai, az, ..., an.

Further, we define a linear map or function as follows.

For function or map x and y, the linear map or function
satisfy the following two properties.

Additivity: f (x +y) = (x) + f (y).
Homogeneity of degree 1: f (ax) = a f (x) for all a.

Obviously, when a map or function is linear, it is a linear
combination.

Now, we define primary data as those data that are not
linear combination data, while secondary data are a linear
combination of primary data.

For example, at the macro-level, primary data are correct
and incorrect answers to a question in an examination or
students’ attendance in and absence from a lecture. On the
other hand, at the macro-level, secondary data are the total
points in an examination or students’ total attendance in and
absence from a lecture.

In addition, at the meso-level, for example, secondary data
are student records of lectures as well as grade point average
(GPA) or rank in the annual record of university. GPA and
rank in the annual record of the university, meaning a linear
function combination, are calculated using student record of
lectures, which are secondary data. Remarkably, therefore,
secondary data are calculated using not only primary data but
also secondary data.

I1l. SUMMARY AND FUTURE WORKS

Researchers or IR staff only compare primary data at the
micro-level and secondary data at the meso-level in
universities. How can we compare between primary and
secondary data in universities? Recent research has provided
a good suggestion.

First, we must consider who constructs primary and
secondary data in universities. Usually, primary data at the
micro-level are only obtained and stored by university faculty.
On the other hand, the entire secondary data set at the meso-
level is only stored by IR staff in universities. This means that
faculty cannot access the entire secondary data set, and staff
cannot access primary data.

In recent years, in Japanese universities, faculty evaluate
students based on rubric. Faculty evaluate not only
examinations but also the attitude of students who participate
in lectures. This means that student record of lectures does not
constitute primary data at the micro-level. Student record data
are secondary data and are calculated as a linear function
combination of both examination points and attitude points
based on rubric. In this case, a specific rubric point of a student
constitutes primary data at the micro-level.

Further, we should consider examination points. Usually,
an examination is a combination of questions. Most faculty do
not record students’ correct or incorrect answers to each
question. In this case, students’ correct or incorrect answers
for each question are primary data. Examination points are
secondary data at the micro-level. As can be easily imagined,
most faculty do not record such primary data. To record such
primary data, faculty must use online examinations or
computer-scored answer sheets.

Moreover, to compare primary and secondary data, faculty
give these data to the IR department. Additionally, at the same
time, the IR department prepares and stores primary data
constructed by faculty. The most important thing, as per
previous research, in comparing primary and secondary data
is collaboration between faculty and staff in universities,
similar to our research [4]-[8].

Second, the use of Information and Communication
Technology in education gave rise to the possibility of



comparing primary data at the micro-level and primary or
secondary data at the meso-level in universities. In fact, a
Learning Management System (LMS), for instance, massive
open online course (MOOC), constructs many primary data at
the micro-level. For example, login and time of learning data
are primary data at the micro-level. Recently, Kondo et al.
compared LMS log data, that is, primary data, and other
secondary data [13].

We have already obtained correct and incorrect data for
each question on mathematics ability of first-year students at
Japanese universities since 2012. In the future, we will
compare these primary and secondary data, for example, GPA
or rank in the annual record of the university. In these cases,
there are too many elements of the question to compare
between primary and secondary data. To reduce the number
of elements of primary data, we may have to utilize Item
Response Theory.
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