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ABSTRACT
In the last few years, there has been a growing interest
in learning analytics (LA) in technology-enhanced learning
(TEL). Generally, LA deals with the development of meth-
ods that harness educational data sets to support the learn-
ing process. Recently, the concept of open learning analyt-
ics (OLA) has received a great deal of attention from LA
community, due to the growing demand for self-organized,
networked, and lifelong learning opportunities. A key chal-
lenge in OLA is to follow a personalized and goal-oriented
LA model that tailors the LA task to the needs and goals
of multiple stakeholders. Current implementations of LA
rely on a predefined set of questions and indicators. There
is, however, a need to adopt a personalized LA approach
that engages end users in the indicator definition process by
supporting them in setting goals, posing questions, and self-
defining the indicators that help them achieve their goals. In
this paper, we address the challenge of personalized LA and
present the conceptual, design, and implementation details
of a rule-based indicator definition tool to support flexible
definition and dynamic generation of indicators to meet the
needs of different stakeholders with diverse goals and ques-
tions in the LA exercise.

CCS Concepts
•Information systems → Information systems appli-
cations; Data analytics; •Applied computing→ E-lear-
ning; •Human-centered computing→ Visual analytics;
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1. INTRODUCTION
Learning analytics (LA) represent the application of “big

data” and analytics in education [13]. LA has been defined
at the first international conference on learning analytics and
knowledge (LAK11) as “the measurement, collection, analy-
sis and reporting of data about learners and their contexts,
for purposes of understanding and optimizing learning and
the environments in which it occurs” [13]. Chatti et al. pre-
sented a reference model for LA and provided a systematic
overview based on four dimensions: What kind of data does
the system gather, manage, and use for the analysis, Who
is targeted by the analysis, Why does the system analyze
the collected data and How does the system perform the
analysis of the collected data [6, 5].

A particularly rich area for future research is open learning
analytics (OLA) [13]. In general, OLA encompasses different
stakeholders associated through a common interest in LA
but with diverse needs and objectives, a wide range of data
coming from various learning environments and contexts, as
well as multiple infrastructures and methods that enable to
draw value from data in order to gain insight into learning
processes. The various objectives in OLA (e.g. monitoring,
analysis, prediction, intervention, tutoring, mentoring, as-
sessment, feedback, adaptation, personalization, recommen-
dation, awareness, reflection) need a tailored set of questions
and indicators to serve different stakeholders with diverse
goals [5]. An indicator can be described as specific calcu-
lators with corresponding visualizations, tied to a specific
question [9]. Current implementations of LA rely on a pre-
defined set of indicators. This is, however, not helpful in
the case of OLA where the set of required indicators is un-
predictable. Thus, it is crucial to follow a personalized and
goal-oriented LA model that supports end users in setting
goals, posing questions, and self-defining the indicators that
help them achieve their goals. In this paper, we address the
challenge of personalized LA and present the conceptual,
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design, and implementation details of a rule-based indicator
definition tool to support flexible definition of indicators to
meet the needs of different stakeholders with diverse goals.

The remainder of the paper is structured as follows: In
Section 2, we introduce the concept of personalized LA and
its associated challenges. Followed by the review of related
work in Section 3. In Section 4, the design and implementa-
tion of a Rule-Based Indicator Definition Tool is presented.
The results of evaluation are discussed in section 5. Finally,
Section 6 gives the concluding remarks and the future work
of this paper.

2. PERSONALIZED LEARNING ANALYT-
ICS

The concept of Open Learning Analytics (OLA) was in-
troduced in 2011 by a group of leading thinkers on LA in
an initial vision paper published by the Society for Learn-
ing Analytics Research (SoLAR) [13]. A first summit was
then held in Indianapolis, Indiana in March 2014 to pro-
mote networking and collaborative research [1]. Building on
the first summit, the Learning Analytics Community Ex-
change (LACE) project organized in December 2014 the
Open Learning Analytics Network Summit Europe to de-
velop a shared European perspective on the concept of an
open learning analytics framework [7].

So far, from the initial vision paper through the last sum-
mit, the development of the concept of open learning an-
alytics was restricted to a discussion on the need for open
source software, open standards, and open APIs to address
the interoperability challenge in this field as well as how im-
portant tackling the ethical and privacy issues is becoming
for a wide deployment of LA. Recently, Chatti et al. point
out that OLA refers to an ongoing analytics process that
encompasses diversity at all four dimensions of their LA ref-
erence model [5]:

– What? It accommodates the considerable variety in
learning data and contexts. This includes data coming
from traditional education settings (e.g. LMS) and
from more open-ended and less formal learning settings
(e.g. PLEs, MOOCs).

– Who? It serves different stakeholders with very diverse
interests and needs.

– Why? It meets different objectives according to the
particular point of view of the different stakeholders.

– How? It leverages a plethora of statistical, visual, and
computational tools, methods, and methodologies to
manage large datasets and process them into metrics
which can be used to understand and optimize learning
and the environments in which it occurs.

A key challenge in OLA is to serve different stakeholders
with diverse goals and questions. It is essential to see end
users as the central part of the LA practice. In fact, user
involvement is the key to a wider user acceptance, which
is required if LA tools are to serve the intended objective
of improving learning and teaching. Thus, it is important
to follow a personalized and goal-oriented LA model that
tailors the LA task to the needs and goals of different stake-
holders. There is a need to adopt a user-in-the-loop LA ap-
proach that engages end users in a continuous inquiry-based

LA process to define the right Goal / Question / Indicator
(GQI) triple. Giving users the opportunity to set their goal,
pose questions, and specify the indicator to be applied is a
crucial step to achieve personalized LA results. This would
also make the LA process more transparent, enabling users
to see what kind of data is being used and for which purpose.

From a technical perspective, most LA tools currently
available are designed in such a way that a user can select
from a predefined catalogue of static questions and indica-
tors with predetermined data source, analytics method, and
visualization type to be displayed in a dashboard. If a user
needs a new Indicator which is not available in the catalogue,
she has to request it from the tool’s developer. To achieve
personalized LA, there is a need for an indicator definition
tool that enables end users to dynamically define new ques-
tions and indicators that meet their goals in an efficient and
effective way. This tool should provide a user-friendly inter-
face that supports an interactive, exploratory, and real-time
user experience to enable a flexible data exploration and vi-
sualization manipulation.

3. RELATED WORK
In the LA literature, there is a wide range of tools that use

dashboard to graphically show different indicators. These
tools, however, use predefined set of indicators and do not
allow end users to define new indicators. To the best of our
knowledge, there is no research which has been conducted
to achieve personalized learning analytics that enables end
users to dynamically define new indicators based on their
goals. However, related to our research, there are tools
available which support users in representing and executing
analysis workflows. For instance, Göhnert et al. propose a
web-based analytics workbench to support researchers of so-
cial networks in their analytic process. The workbench offers
a visual representation of the data flow, using the pipes-and-
filters design pattern. Following a multi-agent approach, the
workbench also allows an integration of additional analysis
components [10]. Similarly, the Konstanz Information Miner
(KNIME) offers a modular environment, which provides a
graphical workbench for visual assembly and interactive ex-
ecution of data pipelines. Further, KNIME enables integra-
tion of new algorithms as well as data manipulation or visu-
alization methods in the form of new modules or nodes [3].
The two data pipelining environments presented above can
be used to model workflows which visualize every single step
of the analysis process as one node and make the flow of data
explicit by connecting those nodes. These environments of-
fer users powerful mechanisms for visual representation of
multi-step analysis workflows as well as data manipulation.
However, such workflow and pipelining tools have two major
limitations when used in the context of personalized learn-
ing analytics. First, these tools are data-driven rather than
goal-oriented and thus cannot be used to support LA users
in setting goals, posing questions, defining indicators, and
relating them to questions. Second, these tools are designed
to support specialists in the respective domains. In KNIME,
for instance, a user needs to interact with a large variety of
nodes, from which she can select data preprocessing steps,
data mining and machine learning algorithms along with
their parameters, as well as visualization tools, and connect
them in the right way to generate a valid data workflow.
The complexity of these tools might hinder non-technical
user to adopt them. It is widely recognized in the LA lit-
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erature that LA tools should be designed in a way that can
help learners, teachers, and institutions to achieve their an-
alytics objectives without the need for having an extensive
knowledge of the techniques underlying these tools. In par-
ticular, educational data mining tools should be designed for
non-expert users in data mining.

In the next section, we present the Rule-based Indicator
Definition Tool (RIDT) which offers an easy to use and effec-
tive environment to define the Goal / Question / Indicator
(GQI) triple and leverages rule engines to reduce the com-
plexity of the indicator definition process.

4. RULE-BASED INDICATOR DEFINITION
TOOL

The aim of RIDT is to achieve personalized and goal-
oriented LA by enabling end user to define their own set
of goals, question and indicators. In the following sections,
we present the design and implementation of RIDT through
detailed discussion of possible user scenario, systems require-
ments, conceptual architecture, implementation details, and
evaluation.

4.1 User Scenario
Ayesha is a lecturer at RWTH University where she uses

the university learning management system L2P to admin-
ister her courses. She uses RIDT to monitor her eLearning
class using various predefined indicators such as presence of
students in class, most viewed/downloaded documents, and
the progress of students in assignments. Recently, Ayesha
came up with the requirement to see which students are ac-
tive in her new Web Technologies class. She looked in the
list of available indicators but did not find all the indicators
she was looking for which can define the activeness of stu-
dents in a class. She uses the RIDT interface to define a
new analytics question “how active are my students in the
Web Technologies class”. She reuses the existing indicator
“presence of students in class” and updates the filter to get
data related to the Web Technologies class.

After that she starts creating a new indicator named“post
rate in discussion forums”. She chooses the indicator type
(statistics), selects L2P as a data source, selects discussion
forum as a category, applies a filter to get data related to
the Web Technologies class, and chooses to visualize the
results as a bar chart. Similarly, she creates another indica-
tor named “post rate in wikis”. Finally, she creates a new
composite indicator “collaboration rate in class” by combin-
ing the two indicators “post rate in discussion forums” and
“post rate in wikis” and choosing stacked bar chart to visu-
alize the combined results. The newly created question and
associated indicators are then added to the list of available
questions and indicators for future use by other users.

4.2 Requirements
Developing a tool to allow dynamic definition of new indi-

cators and managing them is a challenging task. The main
requirements for RIDT are described below.

4.2.1 Personalization
It is necessary to provide users full control in the whole

indicator definition process which is key to a wider user ac-
ceptance of the tool.

4.2.2 Transparency
The whole indicators definition process should be trans-

parent for users to see what kind of data is being used and
for which purpose. This is vital to drive forward the accep-
tance of the tool.

4.2.3 Usability
RIDT should provide simple, intuitive, and consistent User

Interface (UI) to easily guide users through the indicator
definition process.

4.2.4 Reusability
It is necessary to design an architecture that supports the

reuse of existing questions and indicators by other users as
well as the reuse of existing indicators in the generation of
new ones.

4.2.5 Modularity, Flexibility and Extensibility
RIDT should have a modular and flexible architecture to

support faster, cheaper, and less disruptive adaptability of
new indicators types due to ever changing requirements of
the users.

4.2.6 Performance and Scalability
Scalability and performance should be taken into consid-

eration when designing the architecture of RIDT in order
to support growing number of end users and indicators of
different types.

4.3 Conceptual Approach
In the following sections, we discuss the design of RIDT

with a focus on the underlying data models, the abstract
architecture, and a system workflow.

4.3.1 Data Models
Different data model specifications have been introduced

in the LA literature [8]. RIDT uses the data model called
Learning Context Data Model (LCDM) suggested by Thüs
et al. [14] in the frame of the Learning Context Project1.
To note, that the concepts discussed in this paper are valid
if other data models are used.

As compared to other candidate data models for LA, such
as Experience API (xAPI), IMS Caliper, Activity Streams
Contextualized Attention Metadata (CAM), Learning Reg-
istry Paradata, and NSDL Paradata, LCDM is a compro-
mise between completeness, flexibility, and simplicity. It is
a user-centric, modular, and easy to understand data model
that holds additional semantic information about the con-
text in which an event has been generated [14, 12]. As illus-
trated in Figure 1, LCDM associates users with an arbitrary
amount of events. The elements of each event are described
as follows:

– Source: This model gathers data from different ap-
plications. To preserve this context information, the
name of the application that generated this event is
stored as source, such as, L2P, Moodle, etc.

– Platform: Since the centralized data model hold data
from different kinds of devices, this attribute specifies
the platform from which the event originated, such as
mobile device, web-based, or stationary device.

1http://www.learning-context.de/
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Figure 1: Learning Context Data Model (LCDM)
Data Model (adapted from [14])

– Timestamp: This attribute indicates when the event
has been created to preserve the sequence of events.

– Session: This attribute is used to group different events
together.

– Action: This attribute defines what kind of action hap-
pened in the event, such as, update, delete, start, end,
etc.

– Category: This attribute comprises of three parame-
ters, namely type, major and minor. Type is an op-
tional parameter which defines if the event is of pri-
vate, professional, or academic nature. Major and mi-
nor describe the broader semantic information of the
event. Major defines the group (environmental, bio or
activity) and minor gives the kind of the event (Wiki,
Discussion forum, Calendar, etc.). This is a predefined
list but it can be extended based on new requirements.

– Entity: An event can be described by an arbitrary
amount of key-value pairs. This could e.g. be the lon-
gitude and latitude of a position with their respective
values or this could be the title and the resource of a
learning material.

Besides using LCDM to represent learning events, RIDT
uses an additional data model to manage and store questions
and indicators, as shown in entity relationship diagram in
Figure 2. Every question can have multiple indicators as-
sociated with it and an indicator can be associated with
multiple questions. Different properties are associated with
the question and indicator entities. For example, the Query
property stores the data query for the Indicator to fetch data
from the database every time the indicator is executed. All
the properties of the indicator defined by the user are stored
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in the Template property in a JSON format to be reused for
the generation of a new indicator based on an existing one.

4.3.2 Abstract Architecture
Figure 3 shows the abstract architecture of RIDT. It is

composed of three main components: Indicator Editor, Rule
Engine, and Indicator Generator. The Indicator Editor pro-
vides a user-friendly interactive interface to set the LA goal,
formulate questions, and define indicators associated with
those questions. The Rule Engine is responsible for man-
aging indicator types and their associated queries. The In-
dicator Generator is responsible for the generation of new
indicators by executing the queries and rendering the indi-
cator.

4.3.3 System Workflow
RIDT follows the GQI approach to allow users to define

new indicators. The user starts the indicator definition pro-
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cess by interacting with the Indicator Editor and defining
the LA goal such as monitoring, analysis, prediction, inter-
vention, feedback, adaptation, recommendation, awareness,
reflection, etc. Based on the defined goal, the user asks
the LA question and associates indicators to answer this
question. Some questions can be answered using a single
indicator whereas complex questions would require multiple
indicators to fully answer them. For instance, the question
“how active are students in class” can have “presence of stu-
dents in class”, “post rate in discussion forums”, and “post
rate in wikis” as associated indicators to answer it properly.

To define a new indicator, the Indicator Editor commu-
nicates through Indicator Generator with the Rule Engine
to obtain the list of possible indicator types and with the
data storage to get possible data objects based on the data
model used in RIDT, as discussed in Section 4.3.1. Taking
the example of the indicator “post rate in discussion forums
in L2P courseroom Web Technologies”, the user first selects
the indicator type “number of X in Y”. Then she specifies
the data Source as “L2P”, the Action as “post”, the Category
as “discussion forum”. Additionally, she applies a filter on
the coursename Entity as “Web Technologies”. The Indica-
tor Generator communicates with the Rule Engine to get
the query template related to the selected indicator type
and generates the query based on the specified data objects
and filters. In our example, in SQL terms, the generated
query “SELECT COUNT(*) FROM table event WHERE
Source=’L2P’ AND Action=’post’ AND Category=’discuss-
ion forum’ AND Entity.coursename=’Web Technologies’;”
will be associated with the indicator “post rate in discus-
sion forums in L2P courseroom Web Technologies”. After
defining the indicator properties and filters, the user selects
the appropriate visualization technique to visualize the in-
dicator such as bar chart using D3.js.

The user can create new indicators by following the same
flow, load an existing indicator as a template and modify its
properties, or define a new composite indicator by combining
two or more existing ones. Finally, the user can approve the
question and its associated indicators which are then stored
in the question / indicator database along with the related
query and visualization for each indicator.

4.4 Implementation
RIDT is a Web application based on the Java Spring

Framework2 that follows the Model View Controller (MVC)
design pattern [11]. It is developed using the Test-Driven
Development (TDD) approach [2]. The application makes
extensive use of Web technologies, such as Servlets, JavaServer
Pages (JSP), JavaBeans at the server side and jQuery3,
jQuery UI4, AJAX5, and noty6 at the client side. In the
following sections, we discuss the technical and implementa-
tion details of the different components of RIDT, as depicted
in Figure 4.

4.4.1 Indicator Editor
The Indicator Editor is the collection of MVC Views pro-

viding an interactive user interface (UI) for the RIDT. As

2http://projects.spring.io/spring-framework/
3https://jquery.com/
4https://jqueryui.com/
5http://www.w3schools.com/ajax/
6http://ned.im/noty/
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Figure 4: RIDT Technical Architecture

shown in Figure 5, the main UI consists of four main sec-
tions:

Question Information
In this section the user starts the indicator definition process
by entering the LA question. After that, the user can asso-
ciate a set of possible indicators with the question by loading
an existing indicator and modifying its properties or defin-
ing a new indicator. For every indicator, the user has to
enter a unique name and select a type. Furthermore, in this
section the user can visualize the question which opens a
new UI ’Question Visualization’ to render all the associated
indicators in a dashboard form, as shown in Figure 6. From
this UI, the user has the possibility to combine two or more
indicators and generate a new composite indicator which
is associated with the question as an independent indicator.
Composite indicators have their own name and visualization
and they continue to function even if the source indicators
are deleted. In Figure 6, the indicator “collaboration rate in
class” is a composite indicator created by combining the two
indicators “post rate in discussion forums” and “post rate in
wikis”. After defining all the associated indicators, the ques-
tion along with its indicators can be saved in the question /
indicator database.

Indicator Information
In this section the user can specify basic filtering parameters
of the indicator, such as from which Source data should
be used (L2P, Moodle, etc.), data related to which Action
type should be used (add, update, delete, post, begin, end,
etc.) and which Category should be used (Wiki, Discussion
forum, Assignments, etc.). These parameters represent the
elements of the LCDM data model, as discussed in Section
4.3.1.

Indicator Properties & and Summary
In this section the user can refine the data fetched from
LCDM event store based on the basic filtering parameters
specified in the ’Indicator Information’ section by specifying
additional filtering parameters of the indicator. The user
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Figure 5: RIDT Main User Interface

can add filters to specify Entity attributes, get data for a
particular User, in a particular Timestamp range, for a spe-
cific Session. The summary of all applied filters can then
be viewed and edited under the ’Filter Summary’ tab. Un-
der the ’Graph Options’ tab the user can define properties
related to the visualization of the indicator, such as graph
type (e.g. bar chart, pie chart) and the visualization library
to use for rendering the graph (e.g. D3.js, Google charts,
JGraph). The ’Indicator Summary’ tab shows a compre-
hensive summary of the selected properties for the current
indicator. After all the properties are defined the indicator
can be previewed under the ’Graph Preview’ tab.

Question Summary
This section displays a detailed summary for the current
question and its associated indicators that have already been
defined. Furthermore, the user has the option of loading the
indicators to edit their properties or deleting them before
finalizing the question.

4.4.2 Rule Engine
This component is responsible for managing the rules for

the different indicator types and their associated queries. In
RIDT, Drools7 is used as a rule engine which stores rules
using MVFLEX Expression Language (MVEL)8 in a file.

7http://www.drools.org/
8https://github.com/mvel

Each rule in the file reflects a combination of selected ad-
ditional filtering parameters and maps it to an appropriate
query. Every Drools rule have three main sections, a ’rule’
part which contains a phrase to serve as the human identifi-
able name of the rule, a ’when’ part where the condition of
the rule is specified and a ’then’ part to describe the actions
which are to be taken if the specified conditions are satisfied.
Listing 1 shows a Drools rule for the scenario when there are
no additional filters specified by the user while defining the
indicator.

dialect "mvel"

rule "When no additional filters are present"

when

EntitySpecification (

userSpecifications.isEmpty() == true,

timeSpecifications.isEmpty() == true,

sessionSpecifications.isEmpty() == true,

entityValues.size()== 1,

entityValues.get(0).geteValues() == "ALL")

$pFilter : ProcessUserFilters()

$userParameter : EntitySpecification(

$source : selectedSource,

$platform : selectedPlatform,

$action : selectedAction,

$major : selectedMajor,
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Figure 6: RIDT Question Visualization User Interface

$minor : selectedMinor,

$type : selectedType,

$key : entityValues,

$pobject: persistenceObject,

$filter : filteringType,

$robject : retrievableObjects)

then

$userParameter.setHql("SELECT " + $robject

+ " FROM" + $pobject + " WHERE Action=’"

+ $action + "’ AND Source IN "

+ $pFilter.processSource($source, $filter)

+ " AND Platform = ’"+ $platform

+ "’ AND Category.Major = ’" + $major

+ "’ AND Category.Minor = ’"+ $minor

+ "’ AND Category.Type = ’" + $type

+ "’ AND Key = ’" + $key.get(0).getKey() + "’");

end

Listing 1: Default Drools rule when no additional
filters has been added.

After the user has defined all the parameters of the in-
dicator using Indicator Editor, the Indicator Generator ini-
tiates a unique Drools instance in which it inserts the rule
file related to indicator type, the indicator filtering param-
eters entered by the user, and other necessary java objects
to parse user data and generate the hibernate query. Every

time the indicator is executed, the Indicator Generator uses
this hibernate query to fetch the relevant data for visualizing
the indicator.

The benefits of following a rule-based approach in RIDT
are twofold. First, it is possible to replace LCDM with other
data models (e.g. xAPI, IMS Caliper) by altering the ’when’
and ’then’ parts in the rule to accommodate the attributes
of the new data model. Second, it is easy to use a different
database technology (e.g. NoSQL) by defining appropriate
actions in the ’then’ part.

4.4.3 Indicator Generator
The Indicator Generator is the backbone of RIDT which

acts as a mediator between different components in the tool.
It is responsible for generating the data queries by commu-
nicating with the Rule Engine, executing the queries to get
data for visualization, and finally rendering the indicator to
be displayed on the Indicator Editor. The different compo-
nents of the Indicator Generator are described below:

Indicator Dispatcher Servlet
The Indicator Dispatcher Servlet (IDS) is responsible for
handling all incoming requests and returning the responses.
Based on the request, the IDS consults the ’URL Handler
Mapping’ component to resolve which controller is appropri-
ate for this request and dispatch the request to the returned
’Indicator Controller’ for further processing.
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Indicator Controllers
The Indicator Controllers are designed to handle user re-
quests and invoke the suitable service methods based on the
HTTP request type which can be either GET or POST.
The service methods process the requested URL and return
the logical name of the corresponding view to IDS. Con-
trollers in RIDT can be broadly classified into two major cat-
egories: JSON-based controllers and view-based controllers.
JSON-based controllers are basically server end points for
the client side scripts to interact with the server. For ex-
ample, when the user types a new name for an Indicator
in Indicator Editor, the system must adhere to constraints
like minimum number of characters in the name, check for
duplicate names etc. In order to achieve this functionality,
the client side scripts send a HTTP GET/POST request
to these controllers with additional parameters. These con-
trollers perform the necessary validation on receiving the
request and return the appropriate response in JSON for-
mat which enables the system to perform in consistent, re-
sponsive and error-free manner. View-based controllers are
mainly responsible for validating the data on the page and
performing any additional processing in response to the in-
coming request for the specific page.

Indicator Models
Models are Plain Old Java Objects (POJOs) responsible for
holding the core logic of RIDT. Models are divided in to
three main categories:

– Domain Objects: These objects hold the necessary
business logics which are invoked from the indicator
controller based on certain criteria.

– Data Mappers: These objects are exclusively respon-
sible for retrieval and storage of requisite data from
data-source using Hibernate.

– Services: These are higher level objects responsible for
interaction between the Domain Objects and the Data
Mappers.

5. EVALUATION AND DISCUSSION
We conducted a user evaluation of RIDT to gauge the ef-

fectiveness and usability of the tool. We employed an eval-
uation approach based on the System Usability Scale (SUS)
as a general usability evaluation as well as a custom ques-
tionnaire to measure the effectiveness of indicator definition
in RIDT. During the evaluation process, the user was briefly
introduced to the concept of personalized LA and the goals
of RIDT. The tool was evaluated with two teachers, three
research assistants, and seven students. The participants
were asked to perform different tasks and subsequently fill
out the questionnaire.

5.1 Participants’ Background
The first part of the questionnaire captured the partic-

ipants’ backgrounds. Figure 7 shows the user background
survey results. About 75% of the users were familiar with
LA. All of them supported the idea to have an LA sys-
tem at RWTH Aachen University which can be accessed
by both students and teachers online. But only about 33%
of the users had actually used an LA system with real time
data. Also, 33% reported that they had prior experience
with defining indicators in an LA system.
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Figure 7: User Background Survey Result
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Figure 8: User Expectation Survey Result

5.2 Expectations
The second part of the questionnaire captured the expec-

tations on the features that the users generally would like to
have in an LA system. Figure 8 shows the user expectation
survey results. About 90% of the users wanted to formulate
their own questions and indicators as well as preview them.
Over 90% of the users wanted to select different combina-
tion of data, add filters, select visualization types, modify
existing indicators to create new ones, and delete existing
indicators. About 88% of the users wanted to customize ex-
isting indicators available in the system. And, 67% of the
users wanted to use pre-existing questions and indicators in
the system.

5.3 Usefulness
The third part of the questionnaire captured the useful-

ness of the tool. Figure 9 shows the average percentage of
user rating on system usefulness. There were ten questions
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Figure 9: Average User Ratings on System Useful-
ness

in total which were answered after performing various tasks
in RIDT. Overall, in terms of functionality, the response was
positive as all the questions rated 80% or above. Top ques-
tions, “Define visualization type”, “Preview indicator”, “Ed-
it/delete indictor” and “Visualize existing questions and in-
dicator”which rated near 90% indicates that the most useful
feature to the users was to trying out different visualization
techniques and find best visualizations for their indicators.
However, some participants suggested to introduce catalog
for easy and fast addition of default filters as well as improve
the notification mechanism.

5.4 Usability
The fourth part of the questionnaire dealt with the usabil-

ity of the tool based on the System Usability Scale (SUS)
which is a simple, ten-item attitude Likert scale giving a
global view of subjective assessments of usability [4]. The
questions are designed to capture the intuitiveness, simplic-
ity, feedback, responsiveness, efficiency of the UI, user’s com-
fort level in using the UI, and the steepness of the learning
curve which a user must go through to successfully use the
UI. Based on the results of the questionnaire, the usability
scale (SUS score) of RIDT is calculated to be approximately
53, which is below the standard average SUS score of 68. In
general, the respondents found the system intuitive, easy to
use, and easy to learn. However, they expressed their con-
cerns with inconsistencies in the UI and the lack of feedback
and responsiveness of the tool. The majority of the eval-
uators wanted a more effective way of on-screen guidance
during the indicator definition process.

5.5 Discussion of Results
In general, the evaluation results demonstrate that the

majority of the users liked and appreciated the concept on
which RIDT has been developed, namely to define own in-
dicators in an effective and efficient manner. They liked
the features offered by the tool like formulation of ques-
tions and indicators, flexibility of visualization type selec-
tion, previewing capabilities, and aggregation of simple in-
dicators to build composite ones. However, the majority of
the users suggested that the UI should be more consistent
and responsive. It is obvious from the evaluation results

that future work involving improvements in UI in terms of
feedback is necessary through a more effective user notifi-
cation mechanism which would guide the user through the
indicator definition process.

6. CONCLUSION AND FUTURE WORK
In the last few years, there has been an increasing inter-

est in learning analytics (LA) which calls for a movement
from data to analysis to action to learning. In this paper,
we introduced the concept of personalized learning analyt-
ics that engages end users in a continuous inquiry-based LA
process, by supporting them in interacting with the LA tool
to set goals, pose questions, and self-define the indicators
that help them achieve their goals. We presented the theo-
retical, design, implementation, and evaluation details of a
rule-based indicator definition tool (RIDT) to support flex-
ible definition and dynamic generation of indicators. RIDT
leverages rule engines to reduce the complexity of the indica-
tor definition process. Users can use RIDT to easily define
new indicators by exploring learning event data, selecting
the appropriate dataset for the indicators, applying different
levels of filters, and specifying which visualization technique
should be used to render the indicators. The evaluation re-
sults are promising and show that RIDT has the potential to
support a personalized learning analytics experience. Future
work includes the improvement of the RIDT user interface
mainly in terms of consistency and responsiveness, the im-
plementation of new indicator types, and the integration of
more visualization techniques.
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