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Abstract—The educational community continuously seeks 

ways to improve the learner-centered learning process through 

new approaches like Learning analytics and its dashboard, which 

is helpful to enhance the teaching and the learning process. It 

involves a process whose final goal is presenting results to support 

decision-making about improving the learning process. However, 

a descriptive Learning analytics interface for analyzing learning 

data of students, including the disadvantaged, where to view and 

interpret learners' historical data is -in general- missing in this 

research domain. Hence, more research is still required to 

establish the philosophy of learning analytics on inclusion with an 

interface for the stakeholders to understand learning and teaching 

in an inclusive learning environment. This paper fills this gap by 

providing an inclusive educational learning analytics dashboard to 

support teachers and students. This study aimed to present a 

learning analytics implementation in the context of a smart 

ecosystem for learning and inclusion. We gave the inclusive 

educational needs and discussed the workflow followed during the 

descriptive learning analytics dashboard development. Therefore, 

the study improved existing learning analytics dashboards with a 

descriptive approach and inclusiveness of students with 

disabilities. Owing to the software development nature of this 

study, agile methodology based on five stages was applied: 

requirement elicitation; data gathering; design and prototyping; 

implementation; and testing and integration. We performed an 

initial evaluation, which indicated that the dashboard is suitable 

for understanding teachers' and students' needs and expectations. 

Besides, the visualization of inclusive learning characteristics 

improves engagement and attainment of learning goals.  

Keywords—descriptive learning analytics, inclusion, learning 

environment 

I. INTRODUCTION  

Learning analytics (LA) is helping to improve the teaching 
and the learning process. It involves identifying learning 
indicators, collecting learning data, analyzing the collected data, 
and presenting results to support decision-making about 

improving the learning process. Nowadays, there is much 
emphasis on a learner-centered approach. The educational 
community continuously seeks ways to improve the learning 
process through new strategies, technology, and content [1-2]. 

Descriptive analytics is one of the most popular approaches 
to Learning analytics development [3]. Learning analytics uses 
log-data and assessment data extracted from the Learning 
Management System (LMS) and other sources for further 
targeted analysis. Statistical methods such as descriptive 
statistics remain helpful in understanding the interplay between 
various learning indicators and are applied to obtain results that 
help make decisions [4-5]; this case regarding learning progress 
by both the teachers and learners. Descriptive statistics' main 
goal is to understand the data by analyzing the summary features 
of large amounts of data [6]. 

The dashboard must provide helpful information to allow the 
student to visualize learning progress and identify areas that the 
student will need some support to achieve the learning objectives 
[7]. A Dashboard is a suitable one-screen visualization of 
learning analytics results for presenting to the student the 
awareness of the impact of their efforts. Understanding the 
implications of student effort is essential for students to sustain 
motivation and focus [8]. Moreover, the dashboard helps the 
teacher to reflect and improve on their teaching practice. 

Learning analytics to be used by teachers and students -data 
science novices- must be intuitive, simple, and easy to 
understand. The systems implemented in the past have suffered 
in flaws where the learning curve is steep [9-13]. 

The simplicity and power of the dashboard is an ongoing 
problem by the visualization choice and user understanding [14-
15]. There are findings of how hard it is to understand dashboard 
visualization results by the students and teachers because of 
insufficient data literacy (data reduction, dimensionality 
reduction) [3]. Reference [16] states that users' shared 



understanding of data and visualization is for extracting, 
integrating, and finding a relationship in the data from primary 
to middle-level data visualization comprehension. On the other 
hand, bar charts are a required visualization by the users because 
of their simplicity. These studies show the user has no good 
understanding of visualization; they prefer simple data 
representation like a bar chart and pie chart. But, researchers 
require descriptive information to find and analyze implicit 
relations [16]. 

However, research has been sparse about how to use learning 
analytics methods to support inclusive education. Previous 
research has shown that many students have specific learning 
disabilities in the current educational system [17]. According to 
[18], an estimated 34% of students in the US between ages 3 and 
21 have particular learning disabilities. Many students with 
learning disabilities lack access to information about their 
learning progress. Reference [19] found that students with 
disabilities are not engaged in the learning process, which 
ultimately affects their learning progress. Because of the 
apparent shortcomings of the current learning analytics 
dashboards, studies do not support students with disabilities. 

This study will present how to build from scratch, using 
reusable tools, a visualization dashboard suitable for supporting 
students with learning disabilities, and if this kind of dashboard 
visualizing inclusive features is helpful to improve course 
progress and assessment to students with learning disabilities. 
The design and development of the learning analytics dashboard 
start and progress together with the Smart Ecosystem for 
learning and inclusion (SELI) platform, as the agile 
methodology drives the development of the platform, the agile 
approach based on five stages was applied: requirement 
elicitation; data gathering; design and prototyping; 
implementation; and testing and integration. An open interview 
with a teacher gives feedback on dashboards' helpfulness. We 
present the inclusion educational needs and issues for which to 
get answers with learning analytics. Finally, we discuss the 
workflow followed while developing a descriptive learning 
analytics dashboard with reusable tools and the feedback from 
the open interview. 

II. LITERATURE REVIEW 

Descriptive learning analytics uses educational data to 
understand the past and the present. Descriptive learning 
analytics does not predict future events but instead puts 
historical data into context through visualizations and other 
interpretable methods. Such methods include comparative 
methods such as presenting mean and median values of the 
features within the dataset. Predictive and prescriptive learning 
analytics, in general, use more complex data modeling than 
descriptive learning analytics [20-21], but understanding the 
historical and current data is crucial to many learning contexts. 

Common methods to model the historical data are charts 
(visualizations) and tables (comparative) and are commonly 
presented in dashboards available for students, teachers, and 
other stakeholders. Multiple dashboards-based learning 
analytics tools have been developed over the years. They include 
LOCO-Analyst, the Student success system, and SNAPP, which 
all are designed to be used by the teachers. Course-signal and 
Narcissus are dashboard tools intended to be used by students. 

Student Inspector, GLASS, SAM, and StepUp! are dashboard-
based descriptive learning analytics tools developed for both 
teachers and students [22-23]. All of these tools involve 
descriptive Learning analytics elements, but Course-signal also 
includes predictive algorithms. 

Descriptive learning analytics can be used for formal or 
informal purposes depending on the raw data context and the 
proposed stakeholders. Whether the system is designed to be 
formal or informal, the aim is to present an interpretable and 
justified presentation of raw data collected from the learning 
environment, such as the log files of a digital learning 
environment. Dashboard-based descriptive learning analytics 
can influence the teachers' pedagogical dynamics to fit students 
in different contexts [24]. Educational institutions are leveraging 
the potential of dashboard-based learning analytics to 
understand how students interact and derive knowledge from 
various components provided within learning platforms. 

Learning analytics dashboard can be teachers-centered, 
students-centered, or a hybrid depending on the contextual need. 
For example, Salcik in [25] conducted a teacher-centered 
learning analytics dashboard of a visualized learners' behavior 
and actions in an educational system by tracking their interaction 
with widgets in the application. Similarly, [26] studied how 
instructors used learning analytics in an educational platform. 
Instructors' historical data of using the platform, including how 
often they visited the Learning analytics dashboard, duration of 
use, and the dashboard component used, formed part of the data 
analyzed [26]. On the other hand, to make learning analytics 
valuable for students, [27] explored the design and 
implementation of a student-centered learning analytic 
dashboard in the higher education context. According to [27], 
the involvement of students in the development of dashboard-
based learning analytics provides them with some level of 
control over learning analytics, which can significantly improve 
their self-regulated learning and academic performance. 
Besides, students can see their learning history in a visualized 
learning dashboard, positively affecting their attitude towards 
learning. 

Reference [28] revealed that the development of Learning 
analytics dashboards meant for students' and teachers' use is 
growing. However, learning analytics dashboards for inclusive 
educational applications that collect learners' data while learning 
to provide descriptive analysis is not concretely researched. 
Besides, inclusive educational platforms that provide descriptive 
learning analytics are not a widely studied research area. Hence, 
more research is still required to establish the philosophy of 
learning analytics on inclusion by providing an interface for the 
stakeholders to understand different types of learning and 
teaching in an inclusive learning environment. In other words, a 
descriptive learning analytic interface for analyzing learning 
data of students, including the disadvantaged, where learners' 
historical data can be viewed and interpreted is -in general- 
missing in the descriptive learning analysis platforms. This 
paper fills this gap by providing an inclusive educational 
learning analytics dashboard to support teachers and students. 

III. DESIGN AND DEVELOPMENT PROCESS 

The agile approach has been used in the software 
development process to facilitate the rapid development of a 



learning analytics tool with the Smart Ecosystem for Learning 
and Inclusion (SELI) platform. Agile software development 
processes were designed primarily to address the problem of 
timely deployment of software to customers. According to [29], 
the following four attributes are helpful to define an agile 
approach: incremental, cooperative, straightforward, and 
adaptive. The same four attributes appear in the six attributes that 
suit an analytics development style [30]; evidence of the agile 
approach benefits in building learning analytics tools in the 
LALA project [31]. The main benefits are: tiny software releases 
in rapid cycles,  developers work collaboratively with the 
stakeholders throughout the life cycle of the process, learnability 
and adaptability of the method, and ensure good documentation.. 
The adaptive attribute allows for flexibility to make changes at 
the last moment. During the process of developing the learning 
analytics tool, the SELI developers and the research team adapt 
and adjust the changes derived from experiences gained during 
the development, changes in software requirement, and changes 
in the development environment to make minor releases of 
versions of the learning analytics tool to conform with the 
incremental attribute of the agile approach in exploratory 
projects and small development teams [32]. Several stakeholders 
within the SELI project, such as teachers, students, developers, 
regional partners, and project coordinators, were collaboratively 
engaged through communication and interaction to define the 
tool's requirement and subsequent development activities. The 
design and developmental effort of the tool were well 
documented, including providing comments within the software 
code. In the case of the adaptive attribute, the development 
process allows stakeholders to suggest last-minute changes, 
which the developers immediately implemented. 

A. Indicators Stage 

The main goal of elicitation is to collect the indicators as 
requirements from stakeholders. The Learning analytics 
indicators express what we want to know about participants' 
behavior in the learning process; with the indicators, an 
intervention could occur during learning. 

For the SELI Learning analytics component, we identify two 
stakeholders: the teacher and the student. During the elicitation, 
the team inquired about the requirements by weekly meetings 
and workshops with the stakeholders. In the first meetings, the 
initial indicators surge through brainstorming; in the following 
discussions, the team and stakeholders tune the indicators. The 
participants discuss prototypes describing the visualization of 
indicators in the SELI learning analytics component. 

The workshops take place in distinct countries. The team 
meets stakeholders to know their requirements and perceptions 
from the platform prototype; it includes the insights for 
intervention during the learning process. These insights let to 
collect the general inclusion issues warned by teachers and 
students in a learning platform. After the workshops, the 
researcher and developers matched the initial indicators 
proposed against the ones perceived during workshops. 

During the elicitation process, we identify the following 
indicators related to inclusion from the teacher: Number of 

 

1 ToroDB is an application to replicate and transform a MongoDB into 

PostgreSQL database. https://www.torodb.com/ 

courses with special requirements support, Relation of 
accessibility support in resources against the total of resources, 
Relation in a course with accessibility requirement support 
against accessibility support in resources activities, Match 
relation from each accessibility support against accessibility 
requirement, Students accessibility support usage, and Students 
performance against accessibility support use. 

Indicators related to inclusion from the student: Student 
resources preference about accessibility(to be implemented in 
next version), Course progress against student plan, Number of 
activities completed against student plan, Relation of activities 
completed successfully against failed, and Health goals related 
with the study plan. 

For the administration role, the following main indicators list 
is a product of the elicitation process: Number of teachers 
enrolled in the platform, Number of students enrolled in the 
platform, Number of interactions between students and teachers 
based on reading and writing actions in the courses, Time access 
log to courses (teacher/student), Number of users, Number of 
total activities of all courses, and How the student is moving on 
between courses (the path or trajectory). 

The Learning Analytics component will compute indicators 
based on available data, in this case from the SELI platform and 
an external service related to health data for students. 

B. Data gathering stage and establish the requirements 

The SELI Learning Management System feeds a non-
relational database; in the next step, the ToroDB1 tool read from 
MongoDB to extract, transform and load the data into a 
relational database (PostgreSQL). Finally, the building of 
visualization in the SELI dashboard is a service from the 
Metabase2 tool. Fig. 1 shows the flow from data to analytics and 
visualizations dashboard process.  

For the student learning analytics, the execution and 
acquisition process in the Data-Analyze-Plan-Execution 
monitoring-Reflect model (DAPER) from [33] is adopted, 
following the five steps shown in gray in Fig. 1. For this student 
analytics supporting health and learning goals, there is extra 
health data gathered from Google Fit. The health data and the 
student's health goals let the analytic engine compute the 

2 Metabase is an open source analytic tool. https://www.metabase.com/ 

 

Fig. 1.  Data transformation Workflow from LMS to Learning. 



percentage of accomplishment and prediction model about 
values. The reflection will suggest to the student how to improve 
or keep going with her health goals. The help goals suggestions 
are: complete your steps goal, your need to sleep more, 
congratulation you reach your calories goal. In the same way, 
the student provides goals for his learning about the 
task/activities completed during the course, the time to spend in 
a course, the weekly plan of progress in the course; at the end, 
the student will perceive her progress from the following four 
possible suggestions from the prediction model: please go for 
your incomplete task, please keep pace to complete the course, 
this plan needs modification to reach the goal, complete your 
work. 

The student health goals are the standard Google Fit data 
related to counting, sleep time, and daily calories burn. Google 
Fit will collect these values from a device like a mobile phone or 
other wearables. The students’ learning goals about weekly 
activity/task to complete, weekly course peace plan, planned 
time to complete, and the deadline for tasks related to data in the 
SELI LMS database; the analytic engine will gather the values 
compute results to compare against goals. The student will 
provide the values for health and learning goals. The data 
monitoring trusts in the data extracted and transformed from the 
SELI platform and external data related to health (Google Fit 
service). The next phase is the compatibilization of data as a 
unique data collection to feed the analysis process against goals. 
Finally, the analyzed data transformation results in a new 
reflective database for future analysis. 

Raw data: The database stores Spatio-temporal data on the 
student's interaction with the teacher's activities, such as 
questionnaire homework and storytelling; activities with the 
interaction between students and teacher chat and forum have 
data stored in the database.  Similarly, Spatio-temporal data 
related to access to resources like video, audio, a text document, 
and file. For each activity, data such as delivery time, files or 
content editing, and student performance (teacher feedback).  
Also, event-driven data allows leaving a trace of the student in 
authentication and navigation across the different aspects of the 
learning environment. 

Indicators: The indicators (described in section A) allow us 
to answer questions by looking at the data using patterns and 
calculations quantifying the observations. To deliver learning 
analytics visualizations that will aid decision-making, we need 
to process the data. However, the "raw" data are stored in a non-
relational database because  MongoDB is part of the Meteor 
framework used for the SELI Platform deployment and faster 
development. This MongoDB, a non-relational database, must 
be preprocessed to obtain a dataset suitable for the analysis to 
support the teacher's decision-making process. Transforming 
from the non-relational model to a relational model is an 
essential preprocessing step to an effective and efficient query 
process. Moving to a relational model implies data fitting 
towards maintenance and an appropriate stable data structure 
model (i.e., some data have more or fewer attributes than others 
of the same type). Therefore, it is necessary to obtain all the 
possible attributes with corresponding values and assign a null 
to missing attributes value; it is a standard solution for missing 
values. The missing values in MongoDB are the result of an 
evolving data model along with the development and maturity 

of the platform, and null during analytics do not participate in 
statistics nor queries formula to compute data results. With the 
data represented in a relational model, it is possible to make 
queries, allowing the analysis to obtain descriptive statistics 
(mean, variance, standard deviation) suitable for a basic 
understanding of learning progress by both the teacher and 
students. The non-relational data allow us to obtain comparisons 
letting the teacher make decisions. 

MongoDB has a functionality, a replica set, which provides 
a database replica that ToroDB uses to process without 
damaging the original set. ToroDB is an ETL (Extract, 
Transform and Load) used to extract MongoDB data, transform 
it into SQL (Standard Query Language) and load it into a 
PostgreSQL database. The virtue of this tool allows the 
synchronization between the relational and non-relational 
databases in real-time. The synchronization follows a couple of 
rules: MongoDB fields are transformed into columns of the same 
name, with a suffix that indicates the type of data and the 
interpretation that ToroDB gives to that column. The Null means 
the absence of data in the MongoDB documents. This kind of 
value also affects the suffixes that ToroDB adds to the columns' 
names; for example, the suffix "_n" means a null value, stored 
with PostgreSQL type boolean (nullable). It cannot take value 
false, just true or null. When the value is true, the JSON 
document has null for that path; when it is null, it means the path 
has another value or does not exist for that document. Keys are 
transformed into new tables in Postgres, using primary id. 

Data processing: Metabase access and manage the 
PostgreSQL database for the analytics.  Metabase is a web 
interface for creating indicators through SQL and allows inferred 
knowledge visualization. Additionally, Metabase provides many 
ways to visualize the assumed knowledge in real-time forms of 
charts, tables, maps, lines, and combo.  The inferred knowledge 
is the information that the teacher and student see on the 
dashboard. Metabase queries can be simple or can include 
parameters (ID of student or teacher, configuration). This 
delimitation by parameters helps to constrain data in the 
visualization and use recycled queries (i.e., data only related to 
a particular user).  These parameters are only accessible to the 
administration user, ensuring user data anonymization and 
additional user data restrictions. 

Visualization: It is important to view each type of user on the 
SELI platform: students, teachers, and administrators. All of 
these users have specific indicators, which are visualized 
through the dashboard. Metabase allows the creation of panels 
on the dashboard in a personalized way. It groups several queries 
in the same place, allowing to see globally or, precisely, the 
required indicators. The teacher can view these queries through 
embedded Metabase views, and these views can receive 
parameters to distinguish the graphs depending on the user who 
consults them. For example, the teacher dashboard shows all the 
indicators of a selected course; they can download each chart and 
review their course's general behavior or other selected courses. 

Learner's lifestyle can facilitate self-directed learning. The 
study has shown that students engage in other activities beyond 
the academic activities that can affect their learning [33]. One 
way to ensure a healthy learning lifestyle is to seek the advice of 
professional experts. However, a computer-based intelligent 



system can improve self-direction skills (SDS) with an 
automated dashboard [34]. 

The students learning analytic dashboard was developed for 
self-control to regulate academic and nonacademic skills based 
on the DAPER model [33]. The application collects users' 
learning and health data, visualizes them inside the dashboard, 
and analyzes to generate a plan to improve a healthy learning 
lifestyle. The learner can also monitor personal actions and 
decide if any re-plan is necessary to achieve the desired goal. 

In the administrative dashboard stands the general status of 
the platform. It let the administrator check the following: the 
number of students and teachers registered, the available 
interaction on the platform, and the users' initiation of sessions.  

On the teacher dashboard, you can see the number of student 
interactions in the teachers' courses, separated by date and 
compared to the average. In Fig. 2, the purple line lets us know 
the average interaction along with course duration. The teacher 
can see the variation between laziness and interaction peaks; it 
will permit actions to reduce the distance from the ground to 
peaks according to due dates and time planned per week. The 
teacher notices when the students carry out activities or watch 
resources in the course; thus, the visualization shows the 
preference daytime of the students to access the course. Suppose 
the students have a high preference to access in the afternoon, 
and the morning is the lazy time. In that case, the teacher should 
avoid activities finishing at noon and take into account fewer 
students are enabled to work during the morning. 

The SELI platform lets the student warn about her 
disabilities. The system requests an accessibility feature when 
the course subscription; in the case of motor disability, the 
student will need extra time or limitless time to work on a quiz. 

 Usually, teachers provide video-recorded classes; in the 
SELI Platform, there is the option to attach accessibility features 
like sign-deaf language, captions, and text alternatives for 
inclusive learning resources. On the teachers’ Dashboard, you 
can see Fig. 3, a visualization related to video and accessibility 
commonly used in the course. The percentage of use helps to 
plan future courses and improve the availability of resources 
supporting inclusive needs. 

The graphic in Fig. 4 complements the information about 
video accessibility. In this chart, there is a comparison of 
accessibility between students requiring accessibility options, 
probably because of a disability, and students not demanding 
accessibility features. Fig. 5 shows the student video accessibility 
demand compared to accessibility alternatives provided in the 
video resources. The chart stands a low deaf-sign language 
availability against students' demand.  

Security: The learning analytics component has two service 
components: ToroDB and Metabase. The former deals with ETL 
as a service consuming from SELI database; the latter deals with 
analytics and provides a dashboard. Both of them have an 
administrative user setup in the SELI server; this user helps set 
up and look for logs to ensure everything is working well. Both 
components and the SELI Database live in the same server and 
trust in the Operating system's security setup, MongoDB, 
PostgreSQL, and Meteor framework. The ToroDB service uses 
a MongoDB user to extract data from the SELI  database and 

write it up to a PostgreSQL database. The Metabase Dashboard 
service exposes through an HTTPS connection and encrypts 
database detail in REST messages. Metabase reads from the 
PostgreSQL database to make the analysis. Security between 
MongoDB and PostgreSQL replica uses standard ODBC 
security communication. 

The dashboard visualizations are accessible from any web 
page using a security token. The tokens and additional 
parameters travel through HTTPS requests in the same 
embedded views of each user, guaranteeing the confidentiality 
of the user's data in the SELI learning platform.  

C. Design/Prototyping 

The SELI Learning Management System is developed using 
new technologies like Javascript language through Node.JS and 
MongoDB. These technologies could be considered new 
compared to environments used for well-known Learning 
Management System open source software from the last 20 years 
(e.g., Moodle).  Special emphasis is placed on frameworks 

Fig. 2. Student video accessibility requirement in the course. 

 

Fig. 3. Video Accessibility available in the course 

 

Fig. 4. Course-Student interaction timeline. 

 

Fig. 5. Student video accessibility requirement against provided. 



allowing component-oriented and fast prototyping of solutions 
(i.e., Meteor).  

Because of this fast-paced development, a quick solution for 
providing a proof-of-concept was required. Additional 
requirements include integrating existing, stable open-source 
projects, mainly because of the benefits of code reuse.  To the 
best of our knowledge, it is the first solution using Metabase for 
LA. However, these separated developments lead to different 
programming languages and types of databases. The platform 
uses Node.js and MongoDB, while the Learning Analytics 
module is developed using Java technology and PostgreSQL.      

At the moment, no solution for graphic query builder is 
implemented on the dashboard. The main reason is that 
understanding the internal structure of data is a time-consuming 
task for most teachers. Our approach requires a specialist or a 
highly proficient user to generate indicators and make them 
available to end Learning analytics users.   

In general, the system obtains analytics: for the learner, for 
the educator, for curriculum responsible, and inclusion.  This 
proof-of-concept implementation generates indicators related to 
general Learning Analytics and specific indicators about 
inclusion through graphs and charts. 

D. Testing and Integration 

The nature of the system development leads to having the 
Learning Analytics module advancing faster than the Learning 
Management System.  Periodically, a database snapshot from 
the system was shared with developers from the Learning 
Analytics module, just simple structured data without 
multimedia records like images or videos.   

Two independent mirror servers were used in the 
development, one for the Learning Management System and one 
for the Learning Analytics module 3 . Nevertheless, some 
integration problems arose when configuring the software of two 
servers in just one machine.  In any case, Metabase-generated 
information could be accessed by logging in as a tutor in the 
Learning Management System. To achieve this, it was necessary 
to turn off the Nginx service used in the container of the 
Learning Management System deployment and make a manual 
configuration of Nginx directly in the machine. This redirects 
the consults to the respective domain to hold them in one server. 

IV. EVALUATION FROM A TEACHER THROUGH INTERVIEW 

This current study is yet to conduct a detailed evaluation with 
teachers and students who are the targeted users of the learning 
analytics dashboard but presented reflective feedback from a 
teacher who conducted an online course on the SELI platform. 
Although plans for a comprehensive evaluation of the developed 
learning analytics dashboard are ongoing, this section presents 
the content analysis of a teacher’s experience gathered through 
an interview. The authors intended to know whether the 
dashboard visualization of students learning analytics enhances 
the teacher to track students' learning progress in a course. The 
response shows positive as the teacher asserts 

 

3 Actually, both servers are in the same equipment, the LMS and LA 

component. 

“Yes, you can have a general course progress 
average and the percentage of progress for each 
student.” 

Besides, the teacher also acknowledged that the students 
learning progress could be monitored individually by the 
percentage provided on the dashboard. To some extent, the 
dashboard allows for monitoring of students’ interactions and 
their lazy periods.  

Regarding the opportunity to interpret inclusive use of 
resources and activities by the student during course progress 
through the visualized dashboard, the teacher agreed that some 
elements of this feature were seen. For example, a response to 
this question reads  

“you can see how many students required extra 
time for a quiz; You wonder that half of the students 
claimed for it. It means that they have a need, but we 
do not have this info for all the student's inclusive 
claims; part of the visualization stands the 
requirements from the student against the teacher's 
inclusive features.” 

Furthermore, the teacher provided a perspective of what 
could be added to the current learning analytics dashboard to 
improve users' experience. One of the features the teacher 
wishes to see includes the analysis of how students used the 
accessibility features provided by the teacher while creating the 
course. According to the teacher, graphical information about 
students' progress with a disability would help evaluate how 
inclusive their learning and teaching have been over a period. 
Specifically, the teacher asserts  

“I think it is important to add knowledge about the 
interaction with the accessibility provided by the 
teacher and understand if the student uses this kind of 
accessibility; the student fills out her needs about 
inclusion, and the teacher provides some accessible 
features and are these features used by the needed 
students? In what percentage? This kind of question we 
need to answer and try to figure out the kind of features 
to improve.” 

Finding out whether the dashboard is easy and 
straightforward to manage, the teacher gave feedback that 
suggests a need to improve the graphical representation and 
readability of the visual representations and visualizations to 
enhance better comprehension. In this sense, suggestions from 
the teacher read  

“probably improve the visualization title or add 
some extra description of what stands in this figure.” 

These suggestions provide helpful feedback to improve the 
solution before making large-scale experimentation where 
teachers and students participate in the study. 

V. ETHICS AND DATA PRIVACY 

The success of Learning analytics depends on the quality and 
quantity of data it collects. However, always consider an ethical 



perspective about the collection and use of private data. The 
Learning analytics community has been examining the impact 
of ethics and privacy [35,36], and the Open University in [37] 
has established eight essential principles for the ethical use of 
student data to carry out Learning analytics. 

Reference [38] described several Learning analytics 
scenarios and identified principles where ethical issues arise. In 
March 2019, the International Council for Open and Distance 
Education (ICDE) published a report with guidelines for 
applying ethically informed Learning analytics [39]. This report 
highlights ten points that we will enumerate and discuss how 
SELI implements it: 

(i) Transparency. Institutions must make the purpose of 
Learning analytics clear to students and other stakeholders. The 
SELI project achieves this by conducting open workshops to 
prepare teachers for the use of Learning analytics. During three 
face-to-face workshops offered by SELI Team in Uruguay (at 
Montevideo, Rivera, and Melo in February 2020), and the course 
Smart Ecosystem for Learning in SELI platform with Learning 
analytics as one of their central subjects. SELI Learning 
analytics proof-of-concept provides access to a detailed 
specification of the analytical data process from an infrastructure 
perspective. 

(ii) Ownership and control of data. In our case, the national 
legislations among Europe, Latin America, and the Caribbean 
are not the same, which complicates the implementations of data 
privacy regulated by national and international legislation. For 
example, there is a lack of clarity about who owns the data 
(institutions versus students). 

As an interoperable platform among countries on different 
continents, the SELI future implementation would accomplish a 
strict regulatory framework, where limitations and principles are 
respected when we collect, process, store, and analyze personal 
data, following the recommendations of [40-42]. 

The institutions establish the temporality of the data 
collected and consider the students' data as sensitive and 
personal. The SELI platform has not developed mechanisms for 
these features yet. But we are in parallel exploring some 
emerging technologies such as Blockchain, IPFS (InterPlanetary 
File System), and Smart contracts as strong candidates to ensure 
ownership, transparency, and secure sensitive data. 

The design of the learning environment as an ecosystem 
made up of interactions between services (for example, content 
creation tool services, recommendation services, Learning 
Analytics services), supported by a Blockchain infrastructure as 
a promise to get significant advantages [43-48]. 

One possibility is to support the Learning analytics service 
by the advantages of blockchains' interoperability and 
immutability features, as stated in [46,48]. On the other hand, 
works by [49-51] show limitations of blockchain to manage data 
privacy. Blockchain currently cannot solve the data privacy 
problem since, by design, any connected node can see the 
information uploaded by users. However, Smart contracts offer 
a way to secure access to the data; together, data protection 
mechanisms such as encryption result in a secure and reliable 
system. 

(iii) Accessibility of data. It relates to determining who has 
access to raw and analyzed data and clarifies which data would 
be inside a Learning analytics application and what data might 
be out of scope (i.e., income, academic history, demographic 
data, etc.). In the SELI project, the accessibility of data in 
Learning analytics relates to the capacity to manage data despite 
the form of their representation, with an effort to get the 
Learning analytics accessible for different capabilities, i.e., 
textual, visual, etc. We are working to complement this 
accessibility of data point of view to ensure accessibility using a 
peer-to-peer architecture with IPFS protocol as currently being 
proposed by [52-54]. 

(iv) Validity and reliability of data. Refers to ensure the data 
collected and analyzed is accurate and representative of the 
problem. It is a sensitive-essential issue for predictive 
calculations (the SELI project only implements descriptive 
analytics at the moment). However, the data collected for 
description is accurate and representative, but we had identified 
some distortion for future predictive calculations; for example, a 
student can enroll twice in a course on the platform. We need 
more tests on the platform and discover this kind of issue. 

(v) Institutional responsibility and obligation to act. It raises 
the importance that institutions reflect on whether access to 
knowing and understanding more about how students learn 
generates a moral obligation to act. The institution must consider 
its policy to identify how it will affect the data obtained with the 
Learning analytics application. In this sense, for future work on 
SELI, we plan to provide a particular interface for the entry of 
interventions and their recording of impacts, although the 
possibility of having these functionalities are not typical 
characteristics in current LA systems. 

(vi) Communications. The guideline points out the sensitive 
characteristic of Communications when communicating directly 
with students based on their analytics. We believe that this topic 
highlights the interdisciplinary character that must exist in LA 
projects. Communications in a student-centered learning 
analytic system cannot be messages written by software 
developers; instead, we plan to be a redaction team of teachers, 
communication experts, and psychologists. 

(vii) Cultural values. The subject of Cultural values indicated 
in the guideline is very relevant to the philosophy of the SELI 
project, which defends learning in diversity. In multicultural 
contexts, with migration and refugee problems, the 
understanding and interpretation of data are necessarily more 
complex. It is necessary to develop a Learning analytic 
application from an interdisciplinary approach integrating(in the 
team) disciplines like Sociology and Anthropology. 

(viii) Inclusion. The management of Inclusion from the 
ethical perspective can assume greater risks if the institution uses 
Learning analytic to improve its categorization in different 
rankings. There is a risk of using Learning analytic to legitimize 
the exclusion of certain students, whereas Learning analytic 
should be used to help students. Although it is not a directly 
solvable problem with technology, the Learning analytic system 
would collect the actions followed by the institution and make 
them available for regulatory organization evaluations. The 
SELI Learning analytics system does not implement this 
functionality. 



(ix) Consent. The consent request should be on registration, 
expressing an explicit description of the personal data collected, 
detailing the purpose of use, data temporality, security policy, 
and the persons responsible for the data processing [41]. But the 
students may not completely understand this amount of 
information. They may be unable to evaluate in their correct 
dimension, at the time of registration, the implication of using 
their data. For this reason, a suggested approach is to follow the 
criteria "privacy by design" [55]. The approach includes all data 
privacy issues among the initial system requirements and 
includes lawyers in the interdisciplinary team [56]. 

However, there is an exception to the principle of informed 
consent: the information is for exclusive, personal use, 
individual or domestic. For example, when the teacher himself 
carries out the data analysis with the sole purpose of improving 
his teaching performance, and data is not published or shared. 
SELI Learning analytics matches in this exception. 

(x) Student Responsibility. As established in [57], the 
Learning analytic application shows the power relations 
institutions and teachers have over students. To mitigate this 
scenario, the institutions should ensure the students' involvement 
in Learning analytic development, allowing them to create and 
design interventions that will support them. It is a future work to 
improve the SELI Learning analytic system. 

VI. CONCLUSIONS 

The intention to present an improved learning analytic 
dashboard with inclusive information, in a descriptive way, 
helps to decide how to improve students' accessibility. The 
inclusive features strengthen the learning process in inclusive 
education. 

An agile development process is the right choice for the 
SELI platform, concretely for the Learning analytics module. 
The development of the authoring tool and course area where the 
student works is incremental. For each feature implemented, the 
learning analytic development team must start the event 
incrementally catching in the platform, and the dashboard 
visualization related to the indicator identified. The success is 
the cooperative work between both development teams, 
developers, and research teams. The research team warns about 
accessibility issues from universal learning design testing; this 
warns changes, sometimes significant, in the platform's 
components. They affect the data collected for Learning 
analytics; the team stated a good adaptive reaction. The group 
learned and adapted the process from scratch since the first 
stage, keeping track of the process with a well-documented tool. 
As stated in other experiences, our process's weakness is the 
decentralized teams working in distinct SELI platform modules. 

Using a tool like Metabase helps rapid development; but, you 
have some restrictions because of the kind of visualization and 
the navigation way of Metabase. In the analytic learning 
dashboard for students, the building of visualizations is from 
scratch with Charts.js, a JavaScript library; this approach shows 
different visualization than Metabase, but with extra time for 
development. 

The SELI platform is still in beta and evolving; the Learning 
Analytics component need to add visualization suggested by 
teachers and students who used the dashboard. Increment 

features sometimes mean updating the course area's events, 
where students interact with the course's resources and activities. 

The visualizations selected fit some needs of teachers 
according to the interview with one teacher. They also help them 
to improve the course and follow the progress of students with 
different abilities. The input is informal with one teacher, and 
some comments about the student dashboard from the research 
team and students from workshops carried out in the SELI 
project. From this feedback, we conclude that the dashboard 
helps the teacher improve the accessibility of the resource and 
let him know when the student works and which needs the 
course is covering. Similar findings are for the student 
dashboard, the research team tested the goals against progress in 
a class, and they believe the student will have helpful feedback 
about health and progress. 

Future work will focus on evaluation and validation of the 
tool; we plan to qualitatively measure the impact of analytics 
results in improving a course and the impact on the students' 
progress. We will also explore different tools for visualization to 
solve restrictions in the visualizations and navigation issues 
found with Metabase. Another area to look for strengths is the 
agile approach in the development of the learning analytics tool. 
In this experiment, the agile methodology worked well together 
with the analytics cycle. However, a formal framework on how 
it works as twisted software development and analytics process 
that suits principles and methods needs more study. 
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