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Abstract—Pre-evaluation of the learner’s level is a common learning strategy  
designed to determine the prior knowledge and skills of learners. A pre- 
evaluation is carried out at the beginning of the course and based on the results 
obtained, personalized resources will be provided that respond to individual 
learner needs. This paper presents a pre-evaluation for a C programming 
language course by providing, at the end of the quiz, a personalized formative 
feedback and recommendation to the learners. We have developed our conver-
sational chatbot named QuizCbot, which allows learners to go directly to the 
parts where they need the most help through the personalized feedback provided 
to them, including their final scores, the questions they answered correctly and 
the questions they answered incorrectly with the correct answer and explana-
tion. Hence, the chatbot makes a recommendation on the concepts in which the 
learner did not obtain the average, identifying the concepts not mastered where 
the learner needs more (or less) support. Determining what learners know and 
don’t know can help to improve the learning experience. We have integrated our 
QuizCbot chatbot, which is based on Natural Language Understanding (NLU), 
into the Moodle learning environment.

Keywords—evaluation, conversational agent, chatbot, personalized feedback, 
LMS, moodle

1	 Introduction

Evaluation plays a critical role in providing meaningful information to guide 
teaching, help learners achieve next steps, and verify accomplishments and progress. 
Evaluation should be planned with these aims: evaluation for learning, evaluation as 
learning, and evaluation of learning, each has a role to play in supporting and enhancing 
student learning. Evaluation for learning informs teachers and the online learning envi-
ronment about what learners understand and allows them to know what learning objects 
to adjust and to plan and guide teaching while providing useful feedback to learners. 
Evaluation as learning allows learners to become aware of how they are learning, to 
adjust and progress their learning with increased responsibility. Evaluation of learning 
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allows learners, teachers and the online learning environment to be informed of the 
learning outcomes achieved at a specific time to highlight successes, plan interventions 
and continue to promote success.

Three of the most popular types of evaluation are: Pre-evaluation, Formative 
evaluation, Summative evaluation. Before starting learning, it is essential to know 
what type of students it is for, by situating their level of knowledge through the 
Pre-evaluation. Tracking learners’ progress through Formative evaluations. A Summa-
tive evaluation aims to assess if the most important knowledge has been acquired at the 
end of the training, in order to adjust the continuation of his/her teaching according to 
the level reached.

Formative feedback is considered an essential approach to facilitating the develop-
ment of students as independent learners to monitor, evaluate, and regulate their own 
learning [1]. Formative feedback involves the feedback given to learners during eval-
uations to improve their learning [2]. Thus, helping learners who need more support, 
and recommending them the contents, can help to improve the learning experience [3].

In this article, we will address the first type of evaluation to determine the level 
of knowledge of learners and rank them in order to identify individual difficul-
ties with the diversity of learners to provide individualized formative feedback and 
recommendations.

Determining the level of knowledge of each learner and providing individualized 
feedback and recommendations would be difficult to do by teachers who do not have 
the time or availability for this task.

To solve this problem, the new form of evaluation is made, which is the use of 
conversational chatbot. In most of the previous researches, the simple chatbot solu-
tions are widely used in many fields such as medicine, product and service industries. 
However, the use of chatbots in the educational context is still limited [4], [5]. With the 
integration of our conversational chatbot, multiple choice questions become amusing 
and interactive.

The objective of this contribution is to improve and personalize the learner’s learn-
ing experience based on a pre-evaluation to determine what learners know and don’t 
know and situate them in the appropriate level and recommend them to the appropri-
ate content and provide them with personalized feedback. The solution developed is 
a conversational chatbot that uses Natural Language Understanding (NLU) to make 
the learning process engaging and motivating for learners. To facilitate the use of our 
solution we have integrated our chatbot, named QuizCbot, into the Moodle platform.

The rest of this paper is organized as follows: section 2 describes the state of the art, 
section 3 describes the architecture and design of our solution, section 4 explains the 
details of the experimental design for the C language programming quiz and population 
and we will discuss the results obtained and section 5 is reserved for the conclusion.

2	 Related works

2.1	 Quizzes and feedback

Due to the intense critique of evaluation and its inability to reflect the real state of 
learners’ competence level in a particular subject or skill due to problems such as test 
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validity, the theory of evaluation was developed [6]. In this context, the learner will 
receive formative feedback before, during, or after an evaluation. The feedback should 
then be adapted to the user, the task and the environment in order to facilitate the 
learner’s improvement in a subject or a skill.

In general, the feedback has one of the most persuasive influences on performance 
and learning, but this impact can be negative or positive [7]. Educational research has 
revealed dependencies between variables such as the learner’s skill level, the learner’s 
motivation, the properties of the task and the effectiveness of feedback [6]. Addition-
ally, it has been determined that adaptive feedback is more beneficial to the learner 
than generic feedback. When a learner uses the information he/she receives in the form 
of feedback to enhance his/her performance, this is called the formative feedback [8]. 
There are mainly two types of feedback, called formative and summative feedback.

Formative feedback includes feedback given to learners during evaluations to 
improve their learning [2]. To be effective, formative feedback must be constructive, 
timely, personal and motivating. There are two types of formative feedback, namely 
directive and facilitative. To let students know about their mistakes and learning 
improvements, directive feedback is used. The facilitative feedback guides learners in 
their revision by providing suggestions, advice and comments.

Summative feedback involves feedback given in the form of a mark or grade after 
an evaluation has been completed. It assesses what students have learned at the end of 
a subject or semester [2]. A study indicates that summative evaluations allow learners 
to study more, learn more, and feel more inspired. Along with the grade, summative 
evaluation also ensures that learners have certain knowledge, abilities, and skills where 
strengths and weaknesses are identified [9].

In [10], study the effect of correct/incorrect feedback in generic quizzes and they 
demonstrated that simple quizzes combined with simple feedback are effective. This 
gives an idea about the ideal placement of this type of activity.

The validity of the results of the tests is an important prerequisite for meaning-
ful feedback. Evaluation based on multiple-choice questions allows learners to easily 
guess the correct answer. For example, the study [11] demonstrates how multiple-choice 
questions can be passed when learners simply guess the answers. Therefore, the success 
of such a form of evaluation depends on the honesty of the learner and is therefore suit-
able as a self-feedback tool without any consequences for official test scores or course 
results. In such cases, an opportunity to reflect on their self-confidence can create an 
environment for learners in which they develop a deeper level of self-regulation.

The study presented in [12] illustrates that quizzing helps learners grasp more infor-
mation than rereading. This is also known as the “test effect” or “retrieval practice”. The 
authors considered the concepts of dynamic testing and evaluation to enhance learning.

2.2	 Chatbots in education

Conversational AI provides new possibilities for alternative and innovative 
information and communication technologies tools, such as AI chatbots. The explo-
sive development of information and communication technology will inevitably have 
a profound impact on every sector, including education [13], [14]. Today, integrating 
information and communication technology to facilitate online learning is crucial [15].
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Artificial intelligence (AI) chatbots have gained popularity over time and have been 
widely used in e-commerce, online banking, and healthcare, among others. In general, 
the use of chatbots is gaining popularity in several sectors.

However, in the field of education, chatbot as a learning tool to improve learning is 
still in its infancy [16]. Most studies on chatbot in education are based on online foreign 
language learning [17], [18]. It has been identified that a chatbot can help learning with 
the same benefits as those obtained from a “real” interview [19]. In addition to making 
the learning process enjoyable, the conversational chatbot could make learners more 
likely to self-evaluate and improve their level, because they do not feel judged.

Our approach is to evaluate students through the chatbot in order to track each learner 
individually, to guide them based on their deficiencies to the appropriate content, and 
to provide them a personalized feedback based on the results of the evaluation. The 
following section describes the architecture and design of our solution.

3	 Proposed design and architectural design

Figure 1 describes the schematic representation of our chatbot that allows to have 
a conversation with learners by detecting their intentions based on natural language 
understanding (NLU). We developed our conversational chatbot named QuizCbot that 
performs a pre-evaluation, online ranking test, for a C programming language course 
integrated into the Moodle platform to evaluate learners’ skills.

Our chatbot is based on the open source version of Google’s Dialogflow Machine 
Learning framework that allows users to develop human-computer interaction 
technologies that can handle natural language understanding (NLU). Basically, 
this allows us to create digital programs that interact with the final users via natural 
languages.

Fig. 1. Schematic representation of our chatbot

When the learner sends a message to QuizCbot in Moodle to start the quiz, the 
chatbot transmits it to Dialogflow which tries to understand the received text by asso-
ciating it to an intention using Natural Language Understanding. Once the intention 
is detected by Dialogflow, an action to be executed is chosen. The Webhook sends a 
formatted response corresponding to the intention. All actions are coded in Node.js and 
hosted by the fulfillment Webhook. The fulfillment webhook is a service that allows 
a dynamic response by searching for response elements in an external database. At the 
Webhook stage, questions and answers are processed, the learner’s level is detected 
(learner’s classification as shown in Figure 2), a recommendation and a personalized 
feedback are provided to the learner.
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Fig. 2. Learner classification process

The webhook records all this information and data in the Mongodb database. Figure 3 
shows the interaction between the different components.

Fig. 3. Interaction between the different components

4	 QuizCbot evaluation

This section describes the evaluation of the QuizCbot in terms of the participants’ 
perception of the usefulness of the personalized feedback provided to them and the 
recommendation that was given. Each learner was asked to participate in a survey at 
the end of the quiz. Section 4.1 explains the details of the experimental design for 
the C language programming quiz and the population. In Section 4.2 we discuss the 
results obtained.
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4.1	 Design of the experiment

We have chosen the Ecole Normale Supérieure de l’Enseignement Technique 
de Mohammedia (ENSET), an engineering school in Morocco to conduct our experi-
ment. The participants are first-year engineering students in the Software Engineering 
and Distributed Computing Systems (GLSID) and Computer Engineering Big Data and 
Cloud Computing (BDCC) fields. The experiment was conducted on the C program-
ming techniques module.

The pre-evaluation consists of 40 questions of different levels of difficulty and in 
different concepts of the course (see Table 1), validated by the professor experienced in 
the C programming language, to correctly classify the level of knowledge of the learner 
and then assign him/her to the appropriate group.

Table 1. The different course concepts addressed in QuizCbot

20 questions classified as Beginner 
Level

–	 Introduction to programming in C
–	 Primitive types and variable declarations
–	 Affectation instruction
–	 Arithmetic operators
–	 Increment/decrement operators
–	 Relational operators
–	 Logical operators
–	 Standard Input/Output functions
–	 The Control Structures

10 questions classified as 
Intermediate Level

–	 The arrays
–	 The Pointers
–	 The structures
–	 The functions

10 questions classified as 
Advanced Level

–	 Pointers and dynamic memory allocation (Function pointer, 
Array of pointers, Dynamic memory management, …)

–	 Unions
–	 File management in C

We have integrated our QuizCbot chatbot into Moodle and the students of GLSID 
and BDCC access in, before starting the course, to pass the pre-evaluation on the 
C programming language via our chatbot to determine their level of knowledge and 
at the end of the test, it provides them recommendations on the concepts not mastered 
where the learners need more (or less) support and provides them a personalized forma-
tive feedback, i.e., giving the learners the opportunity to use the feedback information 
to regulate their learning process to improve their skills.

The sample included 71 students (52 males and 19 females), who participated in this 
study and passed the test on our chatbot QuizCbot. As mentioned above, the participants 
are first-year engineering students in the Software Engineering and Distributed 
Computing Systems (GLSID) and Computer Engineering Big Data and Cloud Comput-
ing (BDCC) fields, and are between the ages of 20 and 21 years old. Participants were 
allowed to use the QuizCbot on any device of their choice. Although the chatbot offers 
the option to restart the quiz, only the first fully completed attempt is considered for this 
study. An important observation is that none of the students needed a demonstration or 
explanation on how to use the chatbot, adoption of the technology was on the fly due to 
familiarity with messengers and quizzes.
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4.2	 Results and discussion

As mentioned above, learners were allowed to use QuizCbot on any device of their 
choice. As shown in Figure 4, an example of a learner connected through their mobile 
phone (Figure 4a), and another learner connected through their computer (Figure 4b).

Fig. 4. Student identification

In both cases, the chatbot greets the learner and asks him/her to start the quiz in 
step 1 and then, to identify the learner, the chatbot asks the learner for his/her email 
in step 2. When the learner provides it, the chatbot starts the conversational quiz per-
mitting the pre-evaluation in the C programming language, as shown in Figure 5, with 
the associated choices. The learner answers by making sentences or by giving the 
options (A, B…).

Fig. 5. Pre-evaluation in C programming language
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The chatbot successfully retrieved each student’s score for each question and stored 
it in the database (Mongodb database), and then it provided learners personalized feed-
back at the end of the test, as shown in Figure 6, including his/her final score, the 
questions he/she answered correctly, and the questions he/she answered incorrectly, and 
it also provided a QuizC-Solution.pdf document containing the answers to the ques-
tions with explanation.

Fig. 6. An example of personalized feedback

We then categorized each student into the appropriate level (beginner, intermediate, 
advanced) to provide personalized resources that respond to individual learners’ needs. 
Figure 7 illustrates three histograms of learners’ scores for questions answered correctly 
at different levels (left histogram for beginner level, middle histogram for intermediate 
level, and right histogram for advanced level).

Fig. 7. Learners’ scores for correctly answered questions at different levels
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Analyzing these results, we can see that for the advanced level questions, no students 
answered correctly. For intermediate level questions, 43 of the learners scored 0 or 1 
out of 10, 13 learners scored 2 out of 10, 8 learners scored 3 out of 10, and only 7 out of 
71 learners scored 4 out of 10. And for the beginner level questions, 51 of the learners 
scored between 1 and 10 out of 20, 19 learners scored between 11 and 15 out of 20, and 
only one learner scored 16 out of 20, so all of these learners still lack mastery of some 
concepts at this beginner level in C programming language. Hence the conclusion of 
this part is that all learners are clearly classified at the beginner level.

But we are not stopping there because, for example, there is a learner of beginner 
level who has a score of 16 out of 20 (he/she still needs support for some notions), 
and another learner in the same level who has a score of 7 out of 20, the concepts that 
these two learners master are completely different even if they are classified in the 
same level. Therefore, since our approach aims to personalize learning subsequently by 
providing each learner with concepts not mastered, we decided to divide this beginning 
level into three supplementary levels (low, medium, high) in order to provide each 
learner with recommendations on the concepts that need more support according to the 
level he/she belongs.

We wanted to do this method to perfectly personalize the recommendation. Figure 8 
shows a pie chart on the learners’ final classification. There are 51 learners classified 
as low beginner level, 18 learners as medium beginner level and only two learners as 
high beginner level.

Fig. 8. Learner level classification

At the end of this pre-evaluation, after our chatbot provides personalized feedback 
to each learner and ranks them in the level they belong to, the chatbot recommends the 
concepts in which the learner did not get the average (see Figure 9), identifying the non- 
mastered concepts where learners need more (or less) support only in the level in 
which he/she is classified. This means that, for example, if a learner is classified in 
the beginner level, our chatbot will first recommend the concepts in which he/she did 
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not get the average in the level he/she belongs to, no need to recommend him/her, for 
example, to the intermediate level concepts and he/she has not mastered the beginner 
level concepts yet.

Fig. 9. Examples of personalized recommendations

All students then answered the questions in Table 2 at the end of the test. The results 
show a high degree of acceptance and a positive attitude towards a chatbot-based eval-
uation from all students.

Table 2. QuizCbot evaluation questions

Questions Very Interesting Interesting Not at all Interesting

How would you rate the feedback provided 
by QuizCbot?

57% 43% 0%

How would you rate the recommendation 
provided by QuizCbot?

97% 3% 0%

How would you rate the explanation of wrong 
answers provided by the chatbot?

98% 2% 0%

How would you rate the quiz in  
chat format?

86% 14% 0%

How would you rate the overall experience 
with QuizCbot?

95% 5% 0%

In all survey questions, all students selected the very interesting or interesting 
responses. Table 2 shows the distribution of responses to each survey question. Based 
on these results, we conclude that our chatbot QuizCbot was perceived as helpful 
and interesting, which shows a positive attitude of learners towards artificial learning 
companions.

186 http://www.i-jet.org



Paper—Pre-Evaluation with a Personalized Feedback Conversational Agent Integrated in Moodle

5	 Conclusion

In this paper, we have presented a research study involving the design and imple-
mentation of a pre-evaluation chatbot, integrated into Moodle, that allows learners to 
pass a test at the beginning of the course to determine and classify their knowledge 
level. Based on the results obtained of the evaluation, our conversational chatbot named 
QuizCbot provides personalized feedback to learners including their final score, the 
questions they answered correctly and the questions they answered incorrectly with 
the correct answer and explanation. It also provides a recommendation for the concepts 
in which the learner did not achieve the average, identifying the concepts not mas-
tered where learners need more (or less) support. However, on the basis of the results 
obtained from the survey conducted to evaluate QuizCbot, we concluded that our 
chatbot QuizCbot was perceived as interesting and helpful and shows a positive atti-
tude from learners towards the chatbot-based evaluation. The learners also mentioned 
that the feedback, explanations of wrong answers, and recommendations provided 
by QuizCbot are interesting or very interesting to them. It allows learners to self- 
evaluate and can create an environment in which they improve their learning 
experience, which allows them to become aware of how they learn, adjust and advance 
their learning by assuming more responsibility. For our future work, we will address the 
design and implementation of a chatbot to personalize the formative evaluation ques-
tions for each learner according to the level in which he/she belongs, in order to guide 
him/her towards the resources most adapted to his/her needs.
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