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Abstract—The decision-making process in the educational
context has been widely investigated as an effective mecha-
nism to support educators and administrators in distance and
blended learning. Pattern discovery in data produced by Learning
Management Systems (LMS) elicits important information about
the educational process, especially when considering correlations
between stakeholders interacting in different perspectives of the
LMS like grades, access, forum or message communications. In
this paper, we propose a data and metadata model for Learning
Analytics applications using data from LMS. This model is LMS
independent and supports Business Intelligence and Data Mining
applications for decision-making in the educational context. Our
model considers the use of historical data from LMS treated
under three perspectives that can be analyzed individually or
correlated. The model also allows analysis considering different
stakeholders (student, educator, etc.) and levels of granularity
(institution, department, course, discipline, etc.). In this sense, the
proposed model allows consistent and correlated analysis of data
from LMSs. As a result, our model effective collaborates with
the educational process through an efficient decision-making.

I. INTRODUCTION

The discovery of potentially useful knowledge in Learning
Management Systems (LMS) such as Moodle [1], Sakai [2],
Edx [3], TidiaAe [4], among others, has been widely investi-
gated in recent years. These research projects have as objective
to aid educators and researchers in better managing these
environments and, thus, in improving the educational process.

Converting brute data from educational environments into
information capable of generating useful knowledge is a hard
task, mainly due to data heterogeneity. In these environ-
ments, data can be analysed considering different stakeholders
(students, educators, tutors, etc), under different perspectives
(access and usage of environment, stakeholder features, means
of communication, etc) and according to different levels of
granularity (institution, course, discipline, etc) [5].

Learning Analytics (LA) is an emerging research area in
this context. LA is grounded in two other traditional research
areas: Business Intelligence (BI) and Data Mining (DM) [6].
According to Bienkowski et al. [7], LA refers to interpreting
a huge amount of data produced by educational environments
with the objective of evaluating the academic progress, fore-
casting future performance and detecting specific problems.

Data used in LA applications can be collected from explicit
or implicit student actions. Examples of explicit student actions

are completing tasks and doing exams. Implicit actions, on
the other hand, are actions such as online social interaction,
extracurricular activities, posting in discussion forums and
other activities can not be directly evaluated as part of the
education progress of the student [8].

Methods and tools have been proposed to support decision-
making in the educational context using LA approaches. These
methods and tools have diverse goals, such as [9]–[11]: to
analyse access and usage in educational environments, to
anticipate student dropout and to analyse student behaviour.
However, these research projects explore specific educational
contexts and most of them do not consider multiple data
sources or different perspectives and data granularities. Thus,
each of these methods and tools has its own data and metadata
model, designed to deal with a single data resource (in general,
a single LMS) and meet the needs of its specific application.

These applications can not be directly replicated in differ-
ent scenarios, which restricts their usage. Moreover, the fact
of not exploring different perspectives makes impracticable to
these applications to manage and to discover novel knowledge
about the entire institution and the different stakeholders
involved in the teaching and learning process. These problems
would be minimized by the adoption of reference models with
data and metadata standards that enable the analysis of distinct
perspectives and adequate scenarios for each stakeholder.

Motivated by this context, a data and metadata reference
model for Learning Analytics is presented in this work. The
main purpose is to provide a consistent model that can be
used in LA processes that fulfil three requirements: (i) data
from LMS stored in the model can be explored under different
granularity levels (from less detailed to more detailed data);
(ii) this model must enable the analysis of data involving
different stakeholders (students, educators, etc); and (iii) the
analysis performed in this model can use data from different
perspectives (communication, grades, etc). The resulting data
and metadata model is LMS independent and may be used
in different contexts. This model corresponds to the core of
a reference model that will also contemplate knowledge dis-
covery using Data Mining methods. So, through the proposed
model, we intend to transform data into relevant information
to decision-making in a unified data and metadata model to
effectively collaborate with the educational process.



This paper is organized as follows. In Section II, we
provide a brief overview of the Learning Analytics, Learn-
ing Management Systems and its main concepts. Then, in
Section III, we present some of the main related work. In
Section IV, we define the methodology used to define the data
model presented in this work, as well as the tools used to
automatize this process. Following, in Section V, we present
the data and metadata model considering its application to the
Moodle LMS, provided by the University of Sao Paulo. Finally,
in Section VI, we conclude and point out some future work.

II. BACKGROUND

In this section, we briefly address some essential concepts
of Learning Analytics and Learning Management Systems,
which represent the background of our research.

A. Learning Analytics

Learning Analytics (LA) can be defined as the usage of
data and analysis models to discover information and social
connections with the objective of improving the teaching and
learning process [12]. Data used in LA applications can be
collected from explicit student actions, such as completing
tasks and exams, or from implicit actions, such as online
social interaction, extracurricular activities, posts on discussion
forums and other activities that are not directly evaluated as
part of the education progress of a student [8]. The adoption of
LA process benefits different stakeholders, helping educators,
students and administrators in performing their tasks [13].

The LA process is based on two research fields, Business
Intelligence (BI) [14] and Data Mining (DM) [6]. BI focuses
on searching for computational tools to aid decision-making
through the efficient fusion of data collected in different
functionalities of a system or from different systems. DM, on
the other hand, search for new and potentially knowledge in a
large amount of data.

LA provides a series of powerful tools based on BI and
DM to help the different stakeholders of the educational
process. Tasks as real-time feedback to student performance
and recommendation of learning activities and materials help
students to detect deficiencies, self-evaluate and improve their
performance. Also, educators and administrators are able to
better understand the students and to evaluate the teaching
and learning process [13]. Some interesting applications of LA
processes in recent years can be seen in [15], [16].

B. Learning Management Systems

The main data source for LA applications is the Learn-
ing Management Systems (LMS). LMS are computational
platforms that act as an intermediate of the teaching and
learning process. These platforms allow students and educators
to communicate through, for example, forums, chats and mes-
sages, enabling collaborative learning. Moreover, LMS allow
educators to produce and share content material, exams and
exercises, facilitating the information sharing [15].

Data generated by the different stakeholders are stored by
the LMS, from access logs to forums messages and content
material. In general, LMS process transactions in relational
datasets (OLTP – On-line Transaction Processing), with tables

that represent the different entities and their relationships. This
kind of storage can be is an operational-level representation as
it simply stores transaction data and allows queries [17].

In LA applications, however, it could be interesting to
store data in order to facilitate the analysis process. A data
representation through an analytical processing (OLAP – On-
line Analytical Processing) better meets these requirements.
OLAP is used to represent data in informational or strategical
levels. This representation allows structuring data such that
information analysis under multiple perspectives or dimensions
can be performed, i.e., a dimensional data structure.

Barbieri [17] identified differences between OLTP (opera-
tional) and OLAP (informational) data, described in Table I.

TABLE I: Main features of operational and informational data
models [17].

Feature Operational Informational
Content Current values Summarized values,

calculated and merged
from diverse sources

Data
organization

Application-driven / in-
formation systems

Topic-driven

Data nature Dynamic Static until
programmed update,
which occurs from
time to time

Structure form Relational, designed
for transational
computation

Dimensional, designed
for analytical activities

Usage Structured in tables;
repetitive processing

Structured in facts
and dimensions;
analytical/predictive
processing

Response time Optimized for times be-
low 1 second

Complex analysis and
larger response time

The dimensional data structure of the informational data
model was developed to respond queries from a Data Ware-
house (DW) [18], [19]. According to Inmon (2005) [20], a DW
is a data repository that preserves the following features:

1) Topic-driven data storage;
2) Data consolidated in a single source;
3) Variable along the time;
4) Non-volatile.

The dimensional model is composed of key tables, called
fact, and a set of detailing tables called dimension. Gener-
ally, the dimensions have natural hierarchies and descriptive
attributes that describe the characteristics of a fact. Among
the main dimensional modeling techniques, we can cite [19]:

• Star Schema: in this model, the dimension tables
are directly related to a central table (fact table). It
is a simple and efficient model that does not take
into consideration storage space economy and data
normalization. On the other hand, it respects the
precept of rapid information.

• Snowflake Schema: in this model, the dimensions are
normalized and the hierarchies are separated. These
features reduce the number of redundancies and allow
maintenance agility.



In other words, a DW centralizes in a single repository of
structured and unstructured data types that are relevant to the
analysis. This repository contains current and historical data,
which are necessary to the decision-making process.

In the educational context, the features of a DW are
essential to solving problems inherent to educational data
heterogeneity, considering its multiple perspectives, topics and
granularities. Thus, it is possible, for example, to perform an
analysis of data from an LMS considering the perspective of
communication among the different stakeholders (number of
posts in forums, chats, etc) associated with the student’s grade,
access statistics, among others. Moreover, it is possible to
analyse such perspectives according to different stakeholders
(educators, students, tutors, etc.). Finally, the DW storage
makes easier to extract patterns using Data Mining approaches,
since it provides data treatment in the ETL step and stores rich
historical data in different levels of granularity.

In this paper, we present a data and metadata model based
on DW storage. The steps performed to define this model
instantiated in a BI process are presented in Section IV.

III. RELATED WORK

It is possible to identify in the literature methods and tools
proposed to support the decision-making process through LA
approaches. These initiatives analyze relevant data to the edu-
cational process through BI analysis and pattern recognition
in DM processes. These works use their own data model,
designed specifically to meet the objective of the application.

Morris et al. [21] investigated student engagement in online
and asynchronous courses. The analysis used data relative to
participation frequency in the LMS (for example, the number
of page views and publications) and relative to the duration
of this participation (for example, the number of hours spent
in the visualization of discussion and content pages). Results
show that the time spent and participation frequency are
important for determining success in the learning process.

In this empirical study, the authors used only access data
about three semesters of three undergraduate courses. Thus, the
analysis is limited to only one perspective (access perspective)
without considering historical data.

Similarly, Ajmi et al. [22] investigated DM and DW
techniques in their application considering only the access
perspective. The patterns investigated were related to the usage
mining in Moodle. The contribution of this research consists
in using historical data and structured granularities in a DW.
The DW model developed by the authors uses web services to
create log formatted in an adequate way to pattern extraction
through DM techniques.

In the research of Akintola et al. [23] the authors use
historical data and time and course granularities in the grade
perspective. The objective was to answer questions like “what
is the trend of student admission, studentâs enrollments, Lec-
turers room schedule and the number of annual enrollment”.

The usage of granularities and historical data in the grade
perspective was analysed through n approach based on BI and
DW in data from the Federal University of Technology Akure

Nigeria. As a result, the researchers could show the effec-
tiveness of using LA approaches for improving the decision-
making in educational contexts.

The research of Mutean et al. [24] presents a dimensional
model for Moodle and two other data sources. These data
were related to only one semester of the Economic Infor-
matics course, from the Faculty of International Business and
Economics. The main objective of this model is to obtain
estimations about the following questions: (i) “How often
students have accessed the e-learning platform?”; (ii) “Which
resources are used more?”; and (iii) “Which educators are
more active in terms of usage time?”. The perspectives of
access, communication and grades were used in this research
considering a specific course and time contexts. Comparing
this model to the models previously presented in this section,
it has the advantage of using a diverse data source (Moodle
and two other data sources). However, the database was related
to just one semester of a course.

Guitart and Conesa [25] proposed a BI model to analyse
data from the computer-science degree and computer-science
master of Open University of Catalonia. This model explores
the perspectives of access, communication/interaction and
grades grouped into discrete categories according to student
performances. The researchers highlight that the model, be-
sides being restricted to this case study, allowed the reduction
of time spent by educators in the information interpretation
and management. The model, however, is very specific to the
application and lacks of generalization and reuse aspects.

Finally, in the research of Gomex-Aguilar et al. [26], the
authors analysed user interaction associated with the student
success, using the grade perspective. The researchers used data
clustering to this objective. In the end, the extracted patterns
showed recurrent student behaviour in terms of usage fre-
quency and academic performance along the different courses.

Considering the works cited in this section, it is possible to
observe that great part of them have a specific purpose resulting
the analysis using few volume data, specifics perspectives, and
little or no granularity. Thus, it is not possible to analyse other
correlated data in the educational process. This problem could
be smoothed by the adoption of data and metadata reference
models. Such models allow the analysis of different perspec-
tives and scenarios adequate for different stakeholders of the
educational process. As a consequence, reference data and
metadata models for educational environments make solutions
more suitable for different applications and easily replicable.

Next, we present our proposal of reference data and meta-
data model for LA applications instantiated in a BI process.
In the next section, we introduce the BI approach used in this
work to extract OLTP data from LMS to OLAP data, which is
adequate to LA processes. Then, in Section V, we introduce
our reference model for data and metadata representation.

IV. BUSINESS INTELLIGENCE APPROACH FOR DATA
TRANSFORMATION

Decision support systems (DSS), such as BI platforms,
are frequently used to access and explore data stored in Data
Warehouse in order to improve the decision-making process.



Usually, BI use different information sources to support
decision-making and to define business strategies. These pro-
cesses use data structures represented by traditional databases,
Data Warehouse and Data Marts (in a lower scale) to di-
mensionally treat the information. Also, these approaches
employ Data Mining techniques for correlating information
and discovering patterns with implicit information [17], [18].

Additionally, BI contemplates a set of Extract Transform
Load (ETL) tools that are essential for the transformation
of operational resources into informational resources. In this
sense, BI acts in a transformation layer that aims at producing
correlated information that will result in knowledge at the end
of the process.

In Figure 1, we show the steps of a BI architecture used in
the scope of this work. The first step, (1) External Sources,
refers to the usage of multiple data sources represented by
transactional systems (OLTP) from an LMS, such as Moodle,
or different data sources (academic systems, sheets, etc).

Fig. 1: BI architecture adopted in this work.

In the following step, (2) Dimensional Model, the oper-
ational data are transformed in informational data through an
ETL process. The resulting representation is stored in a DW
(dimensional structure). Then, in step (3) OLAP Cube, the
process creates metadata necessary to translate the dimensional
model in OLAP engines.

Finally, in step (4) Decision-making, the analysis gener-
ated in the analytical process is performed using the OLAP
cube developed in the previous step. This cube contains meta-
data that represent the logical mapping of the physical model
(DW). In this step, it is also possible to perform predictive
analysis using DM methods.

In order to perform the BI process, we have adopted the
set of tools available in the Pentaho platform. Pentaho is a BI
suite available in two versions, Community and Enterprise. The
Pentaho BI Community version1 is an open source solution
with some components that were used in this work:

• Pentaho Data Integrator (PDI) – in order to perform
the ETL process;

• Pentaho Aggregation Design – for creation of aggre-
gation tables;

• Pentaho Schema Workbench – for creation of the
OLAP cube; and

• Pentaho BI Server or Pentaho User Console (PUC) –
for creation and sharing of the performed analysis.

1Pentaho Community: http://community.pentaho.com/

Considering the BI process described, in the next section
we discuss in details the transformation of the operational data
into informational data. This translation process is the step of
the process that demands a major analysis of the transactional
model and its peculiarities. Thus, it requires both great human
and computational efforts.

V. PROPOSAL OF A DATA AND METADATA REFERENCE
MODEL LEARNING ANALYTICS

In this section, we present our data and metadata reference
model for Learning Analytics applications. We highlight three
aspects: the dimensional data model, the metadata from the
logical model (the OLAP cube) and the dashboards and
analysis.

A. Dimensional data model

In this research, the star schema model was chosen as
the most adequate due to its modelling simplicity and fast
response to queries. In Figure 2, we present the star schema
(dimensional model) created. This model contains three Fact
tables, four Dimensions and eight Aggregation tables.

Fig. 2: Star Schema proposed in this work.

The Fact tables represent the quantitative information of
the model. In this sense, it is simple to correlate data from the
three distinct perspectives (communication, grades and access)
considering their detailing in the Dimension tables.

The Aggregation tables, such as agg access year module
course and agg grade year discipline user, have summarized
information at some level of granularity. For example, the
agg communication semester typeuser course typemsg
groups different types of user (student, educator, tutor, etc)
for a semester (it could be for year, trimester, month, week,



day, etc), per course (it could be for discipline or group), per
type of message (post or read).

Aggregation tables allow a better performance in analysis
with a greater level of granularities or data summarization.
They also allow the direct application of DM processes that
need data summarization at some level of granularity.

The model proposed herein allows associating, in the same
analysis, data from communication functionalities (such as
forums, chat and messages), grade history and access data
from stakeholders. These data come from, respectively, Fact
tables f-communication, f-grade and f-access. The detailing
or qualitative information of these Fact tables are obtained
through the following Dimension tables:

• d-user: contains information about stakeholders (stu-
dents, educators, tutors, etc);

• d-course: describes the information about course char-
acteristics considering course prerequisites and hierar-
chies (course, discipline, group, etc);

• d-message: describes the message and their character-
istics (chat, forum, email, etc);

• d-statistic-access: contains information about stake-
holders access; and

• d-time: describes time-oriented data (day, week,
month, trimester, semester, year, etc).

In order to validate this model, in this case study we used
data from Moodle provided by the University of Sao Paulo. It is
important to highlight that besides our model being proposed to
deal with different LMS, the database shown in this work refers
to a preliminary validation of our model. For the sake of space
and simplicity, this preliminary validation does not include
other LMS and does not explore all of its interoperability
properties. However, we have successfully transformed to our
model data from different databases (academic systems, LMS)
and different versions of Moodle (1.9.8, 2.6 and 2.7).

Moodle (Modular Object-Oriented Dynamic Learning En-
vironment) [1] is an open source and free to use LMS. Moodle
has diverse modular functionalities that can be freely optimized
by the institutions.

Moodle has 203 tables that store data for every course,
user, access, activity, exam, among other data. These ta-
bles were mapped from the original transactional model to
the dimensional model proposed in this paper. We analysed
6,367 courses and 62,009 users divided in some categories
(59,808 students, 2,203 editingteacher, 71 advancedteacher,
632 teacher, 2,496 monitor, 188 manager, 50 coursecreator,
3 questionsharer), from 2010 to 2015. These data are summa-
rized in Table II.

B. Metadata from the logical model - OLAP Cube

Data granularity is one main factor to be considered in data
modelling regardless the used architecture and implementation.

Granularity refers to the level of elements summarization
and details available. The more detailed data, the lower is
the granularity level. Having a low granularity level implies
having higher detailing, but this may reduce the computational

TABLE II: Amount of data in each dimension and fact table
in the used Moodle.

Dimensions and Number of Size Obs.fact tables tuples
f-communication 30726,748 6.6 GB 198 chat, 1,785 forum, 11,861 email
f-grade 588,830 157.3 MB
f-access 11700,331 2.4 GB
d-course 272,992 92.7 MB 6,367 courses
d-user 66,547 15.5 MB 62,023 users
d-message 7764,388 775.1 MB
d-statistic-access 46672,839 8.1 GB
d-time 99,099 16.5 MB Dimension standard

performance. On the other hand, having high granularity
level implies processing fewer data and better performance
in analysis, but this can make it impossible to respond to all
necessary questions. Thus, a clear and coherent definition of
granularity level is essential for the development of a project.

In order to navigate through hierarchies and their different
levels of granularities, it is possible to use operations like
drill-down and roll-up. These operations allow performing
aggregation, summarization and consolidation in the data. For
example, it is possible to navigate in the time granularity from
“year” (less data) to “day” (more data) passing through inter-
mediate granularities (semester, trimester, month and week).

Moreover, for performing analysis from a DW mapped
into OLAP cubes it is possible to navigate through data using
slicing and dicing operations. These operations are important
to reduce datasets in appropriated subsets for analysis or
to examine the data from different perspectives. In a cube
dimensional view, these operations allow reducing a data
cube in smaller sets / cubes. These smaller cubes provide
perspectives that may be more appropriate for the analysis
than analysing the entire data cube. For example, it may be
possible to analyse the user perspective (larger perspective) or
the student perspective (a subset from the user perspective).

In the educational context, these operations and properties
are essential for efficient LA applications considering the
various perspectives and levels of granularity.

Fig. 3: Communication statistics cube with its granularities and
stakeholders.

In order to understand the granularity and perspectives, in
Figure 3 we present a simple analysis that returns communi-



cation metrics for a set of students X that attended discipline Y
in semester Z. This query ran through the hierarchies of user,
course and time dimensions.

The data model proposed in this work has tree data cubes -
communication, grades and statistic-access cube, as described
in Figure 4. In general, data cubes represent a logical model
(metadata) that acts like a pointer to the physical model
(dimensional model). Thus, each data cube of our model
has references for quantitative (present in fact tables) and
qualitative information (present in dimension tables).

OLAP cubes are able to store aggregation operation, like
arithmetic and logical formulas, that must be applied to the
physical data. These operations are responsible for creating
the adequate measures for analysing the data. Thus, all logical
operation may be centralized in one layer of the BI process -
the OLAP cube. The OLAP cube proposed have the following
measures associated to each of the defined perspectives:

• Communication perspective: an amount of messages
posted in discussion forums; amount of posts read in
discussion forums; amount of chat posts; amount of
messages sent by email; amount of email messages
read; amount of disciplines in which enrolled students
use communication tools; amount of total communi-
cation (forum, chat and email) sent from the LMS.

• Access statistics perspective: an amount of accessed
disciplines; an amount of different IPs (Internet Proto-
col) that accesses the LMS; an amount of accesses to
the LMS; an amount of user that accessed the LMS.

• Grades perspective: amount of published grades;
average of final grades; an amount of users with grades
published in the LMS; an amount of courses with
grades published in the LMS; an amount of disciplines
with grades published in the LMS.

The correlation of these three data cubes is possible through
a fourth and central OLAP data cube, a virtual cube. In other
words, the virtual cube is a reference for the other three cubes,
each of them defining a perspective of the data.

In our application in the Moodle environment, this fourth
cube is called virtual moodle and is presented in Figure 4.

Considering these four OLAP cubes, it is possible to map
quantitative data and perform correlations that are independent
of perspective from these data. Moreover, these quantitative
data can be correlated with information from dimension tables
detailed in different levels.

C. Dashboards and analysis

Visual data analysis, correlating stakeholders and perspec-
tives, may be decisive during decision-making in educational
context. The visual analysis of LMS brute data, however, may
be a very complex task. This brute data is untreated and
heterogeneous. On the other hand, when using a dimensional
model with well-defined structure (dimensions and facts) and
granularities mapping, the correlated data analysis is an easy
task. This task may be carried out through analytical visual-
ization (OLAP) tools.

Fig. 4: OLAP cubes defined for the three analysed perspectives.

In this sense, a small effort is required from a user to
generate visualizations (such as graphs) from our proposed
model, since it has a well defined dimensional model.

In our model validation using Moodle, considering the
quantitative data and their possible correlations, we defined
two initial dashboards that translate these data to interactive
graphs to support the decision-making process. These dash-
boards allow to analysing the perspectives of learning man-
agement via LMS and the educator perspective, as shown in
Figure 5. These dashboards were created using the construction
and visualization tool from the Pentaho suite (Pentaho User
Console) and show the following information:

• The dashboard of the administrative perspective:
it contains dynamic filters of year and type of user.



Fig. 5: Administrative dashboard created using Pentaho User Console.

It shows information about the amount of users that
access the LMS; amount of users that have grades;
and amount of users that communicate with other
users per user type (students, educators, etc); the top
20 disciplines with more communication considering
chat, forum and emails; and the amount of access per
action (login, view, etc).

• The dashboard of the educator perspective: it
has a dynamic filter of year and professor name. It
shows information about an amount of courses and
disciplines; the amount of communication per course,
discipline and group; a list of students that never
accessed the courses; a list of the top 20 students and
courses that have more access to the LMS; and the
grade average per discipline.

We highlight that it is possible to create different dash-
boards and analysis other than the examples we showed here.
These new dashboards and analysis could address different
perspectives and could be easily created from our data model.
Moreover, it is important to highlight that our model is
platform-independent and can be used in different BI plat-
forms.

VI. CONCLUSION AND FUTURE WORK

In this work we presented a dimensional model for LA
applications that enables the analysis of three different perspec-
tives, considering different stakeholders and different levels of
granularity. These characteristics are innovative and collabo-
rate to knowledge discovery and management in the teaching
and learning process.

Our model was inserted in an LA process using BI process
and tools. This process was automatic, which enables the ETL
process to be performed in time intervals (hour, day, week).
Thus, it is possible to create information in an almost online
way considering historical data.

An initial validation was carried out using data from a
Moodle LMS (version 2.6) from the University of Sao Paulo,
containing data from 2010 to 2015. The performed analysis
show that it is possible to extract correlated information from
different perspectives and granularities through our model.
The results obtained until this moment show that our model
can facilitate the management of LMS and their different
stakeholders providing intuitive and easy-to-create analysis
based on BI approaches.

As future work, we intend to use data from others LMS
and academic systems in our model. Besides, we are interested
in patterns that could be extracted using statistical models and
DM algorithms in order to generate a descriptive and predictive
analysis from our model.

Finally, we intend to present the generated dashboards to
specialist evaluation (educators, coordinators, etc). The goal is
to obtain insights about the information that would be helpful
to educational and decision-making processes.
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