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Abstract—E-learning environments are part of the self-

learning ecosystem of which self-regulation is one of the main 
pillars. One of the key factors contributing to dropping out in an 
e-learning environment is the lack of self-regulatory skills. This 
skill is often absent in many learners, leading them to abandon 
their training. In this paper we propose a methodology, chatbot 
architectural design, allowing to help the learner to self-regulate 
in his/her learning by supporting him/her through a chatbot 
within the Moodle platform, which constitutes a metacognitive 
virtual assistant, to provide metacognitive messages. The aim is to 
improve the quality of learning in the e-learning environment. 
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I. INTRODUCTION 
E-learning environments require learners to be able to self-

regulate their learning. The three pillars of self-learning are: 
Self-Regulated Learning (SRL), which involves the ability to set 
goals, plan and monitor progress, regulate emotions, and adapt 
strategies to optimize learning ; Metacognition, which involves 
the ability to reflect on one's own thinking and learning 
processes, to evaluate one's own strengths and weaknesses, and 
to identify and address areas for improvement ; and Motivation, 
which involves the drive and willingness to engage in learning 
activities, to persevere in the face of challenges, and to take 
ownership of one's own learning. 

Self-Regulated Learning (SRL) is one of the three pillars of 
Self-Learning and it is demonstrated that, when mastering SRL 
skills, learners become more engaged in their learning and 
achieve stronger gains in learning  [1]. These skills must 
therefore be developed and promoted during learning [2]. Its 
absence or weakness is seen as a factor that can lead to 
abandonment [3], [4]. 

The SRL skills refer to the learners' ability to define specific 
goals for their work, plan strategies to achieve those goals, and 
monitor and adapt those strategies as they progress.  

Indeed, the teacher is not able to provide, in real time, help 
to learners to use self-regulation strategies, either because of the 
number of learners, as each demand requires an appropriate time 
for reflection and decision, or because of his availability. To 
solve this problem, we propose, in this paper, a design 
architecture of the chatbot that will be integrated in the Moodle 

platform to support learners to self-regulate during their learning 
process, to improve their learning and to stay motivated.   

A chatbot is a new form of automated contextual 
communication between users and machines or systems, which 
exploits a conversational approach based on natural language. It 
refers to a software system, also known as a conversational 
agent, as it takes turns interacting with the user, through written 
messages [5]. It is a technology that simulates human 
conversation by providing feedback and can interact 
intelligently through machine learning and artificial intelligence 
[6]. 

The rest of the paper is organized as follows. The section 2 
reviews our related works. The section 3 presents in detail our 
proposed chatbot in terms of architecture design. The chatbot 
service processes are shown in the section 4 and the section 5 
concludes this work.  

II. RELATED WORKS 

A. Self-Regulated Learning (SRL) 
Self-regulation generally refers to “self-generated thoughts, 

feelings, and actions that are planned and cyclically adapted to 
the attainment of personal goals” [7]. Self-regulated learners 
“plan, set goals, organize, self-monitor, and self-evaluate at 
various points during the process of acquisition” [8]. In [9], 
reviewed a variety of definitions of self-regulated learning and 
identified three common components of self-regulated learning: 
(1) metacognitive strategies (e.g., planning, monitoring, and 
modifying cognition), (2) task management and control, and (3) 
actual cognitive strategies to learn the material. 

SRL can be understood as a learner’s ability to self-monitor 
and adjust their learning strategies or behaviors in response to 
the current learning context [10]. Numerous studies have 
investigated the models, frameworks and fundamental phases of 
SRL [11], [12]. On this basis, educators have made various 
attempts to help learners develop SRL skills and apply these 
strategies to their learning. However, studies have shown that 
students struggle with self-regulation in online learning [13]–
[16].  

It should also be noted that self-regulated learning support 
was more effective in the online learning condition than in the 
face-to-face setting. The researchers explained this with the 



 

 

nature of online learning, which requires the learner to monitor 
their own learning and demands metacognitive strategies more 
than face-to-face environments [17]. Providing metacognitive 
support in the form of feedback improved students' self-
regulation in an online learning environment. The feedback 
helped students reflect on their learning processes and set goals 
for improvement. Also, providing opportunities for self-
assessment and reflection was effective in supporting SRL in an 
online learning environment. Students who engaged in self-
assessment and reflection had better learning outcomes and 
higher levels of SRL compared to those who did not. These 
examples reveal the potential of self-regulated learning support 
to increase students’ self-regulated learning skills and learning 
performance. 

The model of [18] was the most frequently accepted and we 
will use it, who postulated that SRL occurs in three cyclical 
phases: forethought (such as goal setting, planning), 
performance (such as time management, help seeking), and self-
reflection (such as self-evaluation) [7], [18]. Each phase of self-
regulated learning consists of processes that self-regulated 
learners engage in, and each phase influences the processes of 
the next phase. 

B. Supporting self‑regulation through chatbots 
Chatbots are machine agents that serve as natural language 

user interfaces to provide data and services [19]. In recent years 
this technology has been employed for multiple purposes mainly 
in messaging applications. Chatbots can also serve various 
purposes such as customer care, emotional or social support, 
information providers, entertainment, etc [20].  

Chatbot promises to solve a variety of problems in education 
today. One of the biggest advantages of chatbot is that it can 
support students individually and intently [21]. Other research 
has confirmed that chatbots can be virtual companions for users 
intended to resolve availability issues, provide support and 
customer assistance [22], [23] powered by artificial intelligence. 

In the higher-education, a chatbot can be trained from a wide 
variety of resources ranging from learning experiences to 
learning materials. According to [24], chatbots are trained to 
answer common questions about the study of a subject. This 
motivates learning supports more quickly and conveniently. 

In [25], the use of a chatbot in an educational context for the 
automation of higher education student care is presented. The 
chatbot interacts with students through text messages on topics 
in a closed context answering doubts about the "Higher 
Institution Course".  

However, to our knowledge, there are no chatbots that have 
been used in the educational context to support self-regulated 
learning strategies on the Moodle platform. In this subsection, 
we have discussed some scientific contributions on chatbots in 
the field of education. 

III. PROPOSED CHATBOT ARCHITECTURAL DESIGN 
Figure 1 shows the proposed design of our chatbot to support 

self-regulated learning strategies on the Moodle platform, 
inclusing the two main components (Learner message analysis 
and Response generator). 

A. Learner Message Analysis 
The Learner message analysis component uses natural 

language processing techniques to comprehend what learners 
are talking about. Specifically, it consists of two main tasks:  

1) Intent matching: the aim of this component is to 
determine the intent of learners through their messages. It can 
be considered as the goal of the messages. The learner intent 
identification is studied from the perspective of the text 
classification. Correspondingly, learner text messages are 
classified into those intents: Engage in learning (which will 
allow the learner to establish his/her goal to start learning), 
Make appointment (to plan and manage his/her time in order to 
reach his/her defined goal), the intentions Exercise (to do an 
exercise on a part of the course chosen by the learner), My tasks 
(to see the tasks he/she has defined), My progress, Evaluation, 
which allows the learner to self-evaluate and self-monitoring 
(allow the learner to control and track his/her progress towards 
his/her goal), and ask for help via FAQ intent. 

2) Entity Recognition: once the intent of the learner is 
determined, a specific set of context information is extracted 
from the message. Chatbots use this information to capture the 
current situation of the learner and generate the response 
accordingly. In the field of natural language processing, the 
researchers performed this work very effectively, known as 
Named Entity Recognition (NER) system [26]. In essence, it is 
a model of classifying a word block in a message into a given 
entity (label). The main entities, the context information, that is 
usually extracted for most leaner intents are the domain, 
specialty, course, concept, tasks. 

For example, when a learner message is "please, I want to 
know my progress in the pointers part of the C programming 
course.",  the chatbot will automatically categorize the message 
to the intent of My progress. For this intent, two context 
information about the concept (pointers) and the course (C 
programming) is automatically determined. 

In this paper, all the natural language processing operations 
mentioned above are implemented by Dialogflow. Dialogflow 
is a Google technology that supports human-computer 
interaction based on conversations in natural language. 
Unfortunately, Google has not published which algorithms are 
used in the Dialogflow. However, according to the Dialogflow 
documentation, the selected algorithms are most effective with 
the user message to the training phase. 

B. Response Generator 
Based on the intent and context information returned from 

the Learner message analysis component, the Response 
generation component constructs responses for the Learner. 
Three models : the Pattern-based model  [27], Retrieval-based 
model [28], and Generative model [29], are utilized to generate 
the appropriate responses. For the Pattern-based model, chatbots 
match learner messages with each underlying question-answer 
pattern to create a response. Compared to the Pattern-based 
model, the Retrieval-based model offers much flexibility. 
Specifically, this model queries and analyzes available resources 
using APIs and databases. The Generative model is the smartest



 

 

 
Fig. 1. The proposed chatbot design. 

among the three models in terms of generating answers based on 
current user messages and previous messages. However, it 
encounters many difficulties in building and training. This 
means that it needs training with a very large set of data in order 
to achieve a good conversation. Because of this disadvantage, 
this model still has not been much used to build a chatbot in 
reality yet. In the proposed approach, the retrieval-based model 
will be used in our chatbot like most of the current chatbots in 
order to provide more flexibilities in our services. 

Once the intent is detected by Dialogflow, an action to 
perform is chosen, the Webhook sends a formatted response 
corresponding to the intent. All actions will be coded in Node.js 
and hosted by the Webhook Fulfillment. The latter is a service 
that allows a dynamic response by searching for response 
elements in an external database. The database we will use is 
Mongodb which will contain data about the learner, to keep 
track of him/her, and about the moodle resources. And there is 
also the local database that will contain the answers recorded in 
Dialogflow. So, we will use external API google calendar to 
record the tasks (by date and time) that the learner has defined. 

IV. CHATBOT SERVICE PROCESSES 
In this section, we will present service processes for handling 

learner messages to help them self-regulate. 

Fig. 2 shows the process of the 'Engage in Learning' service, 
which helps the learner to set a goal by asking a set of questions. 
It responds to the SRL "Goal setting" strategy of the Fourthough 
phase. After the learner chooses to engage in a learning activity, 
the chatbot determines the intent (in this case, it will be Engage 
in learning intent) and recognizes the entities (e.g. Domain 
entity, Course entity, ... those defined in the design of the chatbot 
Fig. 1), in order to generate the set of questions from Dialogflow 

(will be questions, e.g. in which domain he/she wants to learn, 
which specialty, by which concept he/she wants to start, ...), so 
that the learner can clarify his/her goal and start learning.  

 
Fig. 2. The service process « Engage in Learning». 

Fig. 3 shows the process of the 'make appointment' service, 
which helps the learner to plan the course parts in order to 
manage his/her time. It meets the SRL strategies "Planning" and 
"Time Management". After the learner chooses this service to 
organize his/her learning in order to reach his/her goal, the 
chatbot repeats the first phases (classification of the intention 
and recognition of the entities), to generate answers containing 
questions, for example, about the name of the task, the time to 
perform the task (date and time). After it confirms what it has 
defined, a check will be made to know if the chosen time or date 
is available, otherwise the chatbot will ask the learner to change. 
If it is available, the chatbot will record it in the learner's 
calendar, using the Calendar API, and keeps track of this in the 
MongoDB database. 



 

 

 

 
Fig. 3. The service process « make appointment». 

One of the self-regulation learning strategies is self-
evaluation. The chatbot will help the learner to evaluate him or 
herself, by generating a test following a set of questions, 
generated from Dialogflow responses (see Fig. 4), which will 
determine the module on which he or she wants to pass the test. 
The latter will be generated from the moodle resource database 
using weebhook. At the end, the chatbot will generate a 
feedback, which will be personalized, on the parts that he/she 
has not answered correctly with corrections. This test and 
feedback will allow the learner to self-evaluate and self-monitor, 
since the learner will know the learning progress and its 
advancement to ensure the achievement of the objectives. 

 
Fig. 4. The service process « self-evaluation ». 

 
Fig. 5. The service process « FAQ». 

In Fig. 5 shows the process of the 'FAQ' service. Instead 
students going to the website and long faq to ask for help (help 
seeking), they can simply ask a question to the chatbot and they 
can get an answer, by integrating data faq into Knowledge Base 
(KB). A Knowledge Base was populated with pertinent 
information regarding the topic at hand, to satisfy the requests 
for definitions and examples. Afterward, the chatbot generate an 
answer to satisfy the learner request from KB. The answer is sent 
back to the learner. 

V. CONCLUSION 
Self-regulated learning has become a popular topic in the 

online learning research field. Self-regulation is not an inherent 
feature of human but the self-directive process. Despite the 
proliferation of participating in online courses and a large 
number of learning resources around the world, scant knowledge 
exists about how to support and scaffold self-regulated learners 
in online learning environments and how to guide instructors to 
lead to their successful online courses. The results of this study 
show the possibilities of using a conversational AI agent when 
scaffolding learners’ self-regulated learning in online courses 
via our conceptual proposal. Future work will focus on the 
implementation and use of the chatbot, integrated into the 
Moodle platform, by learners who will participate in the 
experiment that we will do to validate our conceptual 
proposition. 
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