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Abstract. Chatbot technology can greatly contribute towards the creation of per-
sonalized and engaging learning activities. Still, more experimentation is needed 
on how to integrate and use such agents in real world educational settings and, 
especially, in large-scale learning environments such as MOOCs. This paper pre-
sents the prototype design of a teacher-configurable conversational agent service, 
aiming to scaffold synchronous collaborative activities in MOOCs. The architec-
ture of the conversational agent system is followed by a pilot evaluation study, 
which was conducted in the context of postgraduate computer science course on 
Learning Analytics. The preliminary study findings reveal an overall favorable 
student opinion as regards the ease of use and user acceptance of the system.   
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1 Introduction 

Massive Online Open Courses (MOOCs) have been repeatedly praised for democratiz-
ing education and helping learners gain access to educational content, regardless of 
their geographic location, financial means, schedule or background. Nevertheless, de-
spite their value in scaling up education and reaching diverse international audiences, 
MOOCs have often failed to provide the kind of interactive environment required to 
achieve sustained engagement and learning. Many MOOCs have been developed as 
informational landscapes, offering just video-based tutoring and closed-type learning 
interactions [1].  

Research has shown that the utilization of conversational agents in learning environ-
ments can have a positive pedagogical impact, fostering the engagement and motivation 
of learners [2]. Indeed, agents may be able to compensate the insufficient learners’ sup-
port, which constitutes one of the key factors negatively affecting retention rates [3]. 
MOOCs have recently attracted research interest as a promising learning setting for 
deploying conversational agents, which can be useful for providing automated support 
and facilitating the learning process in the absence of human teacher’s continuous pres-
ence [4]. Still, more research is needed to explore the numerous factors affecting the 
effectiveness of a conversational learning experience, including the proper design of 
the human-agent interactions or the content and type of agent messages displayed to 
learners [5]. Furthermore, the fact that most conversational agents are built as domain-
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specific didactic tools reduces their practical value and agility, hindering their integra-
tion in real world educational environments. 

Our research seeks to lay the foundation for employing agile conversational agents 
that operate as group-teacher interaction mediators in MOOCs. The aim of such agents 
is to facilitate peer dialogue activities and support students’ collaboration. Although 
most of the past studies have focused on chatbots operating in individual learning set-
tings [2], this line of research emphasizes agents supporting learning in groups.  

The remainder of this paper is structured as follows. The next section gives a brief 
background overview, which is followed by our perspective towards the creation of a 
teacher-configurable conversational agent service. Thereafter, we present the design of 
a prototype system, serving as a valuable opportunity to discuss the functionality of 
novel conversational agents that aim to provide peer interaction support. The last paper 
sections revolve around a pilot evaluation study that focuses on the perceived ease-of-
use and usefulness of the presented conversational agent system. 

2 Background 

2.1 Chatbots for Education 

Artificial Intelligence (AI) is often seen as a game-changer in providing personalized 
learning experiences as well as novel opportunities for understanding the real intent of 
learners [6]. A well-known application of AI in education is “conversational agents”, 
also known as conversational AI or chatbots, which have been argued to hold substan-
tial potential for educational organizations and institutions [2]. Such agents can be re-
garded as computer programs engaging in natural language interactions with learners 
via auditory or textual methods, aiming to fulfill one or more pedagogical goals.  

The rise of chatbots can be partially attributed to the fact that natural language pro-
cessing (NLP) technology has become more accessible than ever, empowering devel-
opers to build interfaces that give the illusion of a human-to-human communication [7]. 
The popularization of the conversational interfaces is also influenced by the extended 
usage of instant messaging applications on mobile devices [8]. Nowadays, texting is 
regarded as one of the most compelling form of computer-human interaction [9] and 
chatbots are beginning to disrupt various industries, with education being one of these.  

The concept of educational chatbots has its roots in intelligent tutoring systems, 
which have a long history in exploring the idea of building a learning tool that is “in-
telligent” enough to sense learners’ needs and operate accordingly [10]. This type of 
adaptation can be accomplished by utilizing a certain level of computational modeling 
to craft learner-tailored educational environments and supportive mechanisms. A chat-
bot may leverage several AI techniques in order to simulate peer-to-peer or student-to-
teacher conversational interactions, making learners feel more comfortable while com-
municating with a virtual character. Moreover, much emphasis is given in the ability to 
effectively exhibit social skills and constructively interact with learners while serving 
their pedagogical role, which could be anything from a tutor, a coach and a learning 
partner to a teaching assistant. For instance, chatbots can be used to gather students’ 
feedback during an online course, enabling teachers to identify areas that need improve-
ment, or provide dynamic support to students without increasing teachers’ workload.  



3 

2.2 Chatbots in MOOCs 

With the recent rise in focus on the online learning communities and MOOCs, the 
strengths of chatbot technology seem to be even more important, especially considering 
the limited support that is typically offered by the instructors and teaching staff [4]. 
Despite MOOCs inherent capability to provide open-access education in an affordable 
and flexible manner, a number of issues have made this task far from trivial, such as 
the low retention rates and the lack of students’ motivation being reported in the litera-
ture [11]. MOOCs often miss the interactivity required to reach their transformative 
potential in terms of making valuable learning experiences available to the masses [3]. 

Chatbots can help MOOCs move away from their traditional “knowledge transmis-
sion” approach to more social and interactive forms of learning. They can be used to 
offer compelling interactive activities and create highly productive spaces where par-
ticipants actively engage in constructive knowledge-generative sessions [12]. When 
used effectively in the context of course activities, agents can provide access to engag-
ing content as well as adaptive feedback [5], substantially increasing learners’ commit-
ment and minimizing dropout rates via automated facilitation strategies.  

Agents appear to have a direct application in MOOC settings. Yet, while most of the 
conducted studies focus on the effects of the human-agent (one-on-one) interactions, 
the use of conversational agents supporting peer interaction in MOOCs has been scarce. 
In the field of collaborative learning, research evidence suggests that conversational 
agents supporting students’ online discussions can increase the quality of peer dialogue 
and improve, among others, both group and individual learning outcomes [13]. Addi-
tionally, the utilization of such agents in synchronous collaborative activities appears 
to enhance students’ engagement and participation levels, decreasing the risk of drop-
outs by up to 50% [12]. Conversational agents can also be useful for amplifying the 
support resources that students offer to each other during online learning activities [12]. 

However, collaboration in MOOCs often present many additional practical chal-
lenges that emerge from diverse instructional domains, learner populations and time 
zones being involved. Therefore, more experimentation is needed to fine tune the de-
sign of conversational agents providing collaborative learning support of considerable 
value in MOOCs.  

Against the above background, our research objective is to (a) inform researchers 
and designers on the potential pedagogical benefits of implementing teacher-configu-
rable conversational agents that support students’ peer dialogue and (b) drive further 
improvements on the design of a prototype conversational agent service. The next sec-
tions present our line of research under the prism of a European research project, called 
“Integrating Conversational Agents and Learning Analytics in MOOCs (colMOOC)”. 

3 Designing Chatbots that Support Learner Groups in MOOCs 

3.1 The colMOOC Perspective 

Instead of aiming to craft full-fledged human-agent discussions, the colMOOC project 
stresses the importance of creating agents that promote productive forms of peer inter-
actions and scaffold students’ collaboration [4]. 
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In this perspective, the colMOOC project has created an innovative multilingual con-
versational agent service for facilitating constructive learners’ interactions in synchro-
nous collaborative activities taking place in MOOCs. During peers’ discussions, the 
agent service is able to monitor their conversation and decide when to deliver question-
ing interventions, based on a series of contextual parameters and a teacher-defined do-
main model. One key aspect of the agent service is that the design of the conversational 
agent is loosely coupled with the domain model, which can be easily exported/imported 
in different activities. In this manner, the conversational agent system is viewed as a 
flexible tool that can be reused in multiple domains. The system, which is currently in 
beta, supports four languages: English, German, Greek and Spanish.  

Before diving into the system architecture, it would be useful to present three of the 
core concepts lying in the heart of the colMOOC conversational agent design: the (a) 
‘intervention strategy’, (b) the ‘intervention’, and (c) the ‘transaction pattern’. 

Intervention Strategy. In order for the agent to deliver a specific intervention during 
peer chat discussion it is necessary to provide a model of what an intervention strategy 
is and how it can be computationally implemented. An ‘intervention strategy’ refers to 
the abstract representation of the process implemented in the agent software system that 
eventually results in the agent taking part in the peer discussion. The application of an 
intervention strategy usually leads to the situation where an agent avatar appears in the 
chat frame and poses a question to peers or makes some other statement, which could 
be informative or provide some guidance. An intervention strategy comprises several 
levels of implementation, ranging from the higher-level abstractions, providing the per-
spective and pedagogical rationale of the strategy, to the lower-level of code-based im-
plementation in the specific computational setting where it is implemented. 

The agent intervention strategies adopted by the colMOOC agent draw heavily on 
the work of the teachers’ community on modeling useful classroom discussion practices 
and norms. Although the various details of the intervention strategies employed by the 
agent are out of this paper scope [14], it is useful to keep in mind that the agent inter-
vention mechanism was designed as an agile tool for stimulating constructive forms of 
peer dialogue through a series of moves (interventions), often performed by teachers in 
class. The majority of these interventions derive from the classroom discourse frame-
work of Academically Productive Talk [15]. For instance, the ‘Addon’ agent interven-
tion strategy is relevant to the teacher practice to intervene in peer discussion and en-
courage one peer to further comment in relation to what the other peer has just stated 
(Table 1, row 1). 

Table 1. Intervention strategies employed by the colMOOC agent. 

Intervention Strategy Intervention Example 

Addon “Would you like to add something to what your partner 
[Student Name] said about [Concept A]?” 

Building on prior knowledge  “Do you think [Concept A] is somehow related to 
[Concept B]? How?” 

Verifying “Do you agree with the following statement:  
[Concept A + Relationship + Concept B]? Why?” 
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Intervention. This term refers to the concrete onscreen manifestation of any interven-
tion strategy of the agent. For example, an intervention stemming from the ‘Addon’ 
strategy might be the appearance of the agent avatar on screen prompting a student as 
follows: “Maria, would you like to add something to what Steve mentioned about con-
structivism being a learning theory?”. The primary goal of this kind of interventions is 
usually to elicit student reasoning instead of providing content-specific explanations 
and instructional assistance. Research studies indicate that conversational agents per-
forming such interventions can conceptually enrich students’ discussions and positively 
impact collaboration by intensifying knowledge exchange among peers [16].  

Transaction Pattern. The term refers to the exact dialogue conditions that trigger the 
agent to enact an intervention strategy and eventually deliver an intervention. ‘Exact’ 
refers to the requirement that the pattern should be defined in such a way that enables 
its computational representation in the form of a clearly defined algorithm. For exam-
ple, the pattern for the intervention strategy ‘Addon’ can be described as follows: “10 
seconds after a domain concept was introduced by a student, their partner has either 
remained silent or sent a short reply”. The reason the patterns were named transaction 
- and not interaction patterns - is due to the ‘transactional’ quality of the dialogue, i.e. 
the degree that peers’ reason on each other’s contributions to collaboratively develop a 
common understanding or problem-solving strategy. Therefore, transaction patterns 
usually represent some transactionally poor peer dialogue situation, identified by the 
agent as an opportunity for enacting a specific intervention strategy. 

3.2 The colMOOC Editor 

The architecture of the colMOOC system comprises two major components: (a) the 
colMOOC agent editor, which can be used by the instructors to set up a conversational 
agent activity, and (b) the colMOOC agent player, which is responsible for offering to 
the learners a chat-like interface in order to complete their collaborative activities. 

 
Fig. 1. High-level architecture of the colMOOC conversational agent system. 
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As depicted in Fig. 1, the output of the Editor serves as an input for the Player to 
enact the chat-based activity. The Player component is responsible for auditing the con-
versation among learners and making an intervention whenever an intervention oppor-
tunity arises. These interventions are being orchestrated by the domain model that has 
been shaped by the instructor in the Editor. 

The colMOOC Editor is available for the MOOC instructors allowing them to create 
dialogue-based activities, where a topic is given to students which they asked to discuss 
on, and furthermore provide their collaborative answer. This kind of activities, which 
can be added to a MOOC just like other common types of activities, such as quizzes or 
assignments, are accessible by the learners from within their MOOC platform.  

In the Editor, teachers can enter all the activity-relevant information, such as the 
topic of discussion that is usually an open-ended domain question. They can also enter 
some instructions, serving as guidelines for students during the activity (Fig. 2). 

 
Fig. 2. A screenshot illustrating the first step of the activity creation process in the Editor. 

A conversational agent can also be set up for the specific activity. An agent can be 
imported from a previous colMOOC activity (being available in the agent library) or 
set up from scratch through the available domain configuration panel. Using its inter-
face (Fig. 3), the teacher can alter the agent behavior and enactment by entering a series 
of conceptual links, which form an abstract domain representation. Teachers can define 
a conceptual link that is considered important in relation to the activity task in order to 
enable the system agent to make relevant interventions encouraging learners externalize 
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their thoughts. Typically, conceptual links include task terms that the teacher considers 
essential for students to argue on before answering the task. 

 
Fig. 3. An example of agent questions generated following the creation of two conceptual links. 

Multiple conceptual links can be created in order to shape the agent domain for a 
specific activity. As displayed in Fig. 3, the system currently supports two types of 
conceptual links:  
• single-concept nodes (e.g., [Concept A]; see Fig. 3, upper part) and  
• two-concept links, consisting of two concepts (nodes) linked with some prede-

fined or user entered relational verb expression (e.g., [Concept A] [verb] [Con-
cept B]; see Fig. 3, lower part). 

Each concept/node entered in the Editor can be accompanied by one or more syno-
nyms (e.g., `computer program` = `software`). This means that if any of those terms is 
detected during a students’ discussion and a ‘transaction pattern’ is identified, the sys-
tem will deliver the associated agent intervention.  

Based on the agent pedagogical model, each of two conceptual link types described 
above is configured to support different agent intervention strategies. More specifically, 
the detection of a single concept like [algorithm] in students’ dialogue may lead to the 
activation of an Addon agent intervention (see Table 1, row 1), whereas a two-concept 
link match may trigger a Build-on or a Verify intervention (see Table 1, rows 2 and 3). 

In order to better clarify how this works, we present the example arising from Fig. 
3. When the teacher enters the conceptual link: [computer program] [can measure] [text 
sentiment] (Fig. 3, lower part), the system recognizes that the two concepts are [com-
puter program] and [text sentiment] and their connection is expressed by [can measure]. 
After the conceptual link is created, the system dynamically generates one or more rel-
evant agent interventions. The teacher can click on the “down arrow” icon, residing at 
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the left of the conceptual link, in order to view the default agent interventions generated 
by the system (e.g., “Do you think computer program is somehow related to text senti-
ment? How?”; a Build-on intervention). These agent interventions are synthesized in 
real time based on the concept(s) entered by the teacher in the Editor as well as a pool 
of agent interventions, which are already available in the system database and are cat-
egorized based on their type: ‘Addon’, ‘Build-on’ and ‘Verify’ (see Table 1). As dis-
cussed in the previous section, when teacher-defined concepts are detected in students’ 
dialogue and the conditions of a specific ‘transaction pattern’ are satisfied, an interven-
tion strategy is activated, thus, leading to the display of the associated agent interven-
tion. More details concerning the exact conditions of each transaction pattern and their 
respective interventions can be found in [14]. 

It should be noted that the teacher has the final say in deciding whether the proposed 
intervention text is appropriate or requires some editing. Teachers can disable the auto-
matically generated interventions in case they do not approve them or just choose to 
modify their text. Simple markup language can also be used to further customize the 
agent intervention mechanism. For instance, teachers can alter the direction of the agent 
questions, having interventions that either target a specific group member or the whole 
group of students. Research evidence suggests that the direction of the agent questions 
in a collaborative chat environment can significantly impact the effectiveness of the 
agent intervention mechanism [17]. 

3.3 The colMOOC Player 

The colMOOC Player is the component responsible for enacting a chat activity and 
presenting it to the MOOC students. This is possible by loading all the information 
available in the Activity Configuration (JSON) file, which is generated following the 
successful setup of an agent-based activity in the colMOOC Editor by the teacher. The 
colMOOC player operates in direct connection with the MOOC platform through an 
Application Programming Interface (API) in order to receive relevant information, such 
as the course ID and the students’ IDs (Fig. 1).  

While entering a colMOOC activity, students enter a system queue, waiting to be 
paired with a peer in order to initiate the collaborative activity. Although this is ex-
pected to be improved in a future version, the matching mechanism currently operates 
in a simple ‘first-come first-served’ basis. In order to reduce waiting times and mini-
mize issues arising from the coordination of participants working from different time 
zones, MOOC instructors are recommended to use specific timeslots for scheduling 
students’ participation in chat activities. 

After the peer matching process is completed, the pair of students enter the chat ac-
tivity. As shown in Fig. 4, students are expected to communicate synchronously via text 
messages in order to resolve an open-ended domain question, presented to them at the 
top left section of their screen. Below the activity description, there is a team answer 
box allowing peers to compose and submit their answer to the task. The content of this 
input field is synced and shared among peers.  
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Fig. 4. A screenshot presenting the colMOOC player interface. 

Throughout the discussion of students, the colMOOC conversational agent can in-
tervene displaying prompts arising from the identification of the respective transaction 
patterns. A core aspect of this pattern identification process is based on the functionality 
of a system module called ‘peer dialogue parser’. This analyses the messages ex-
changed among the peers searching for relevant linguistic cues, which emerge from the 
agent domain model configured in the Editor. The operation of the system parser is 
based on a series of algorithms performing several tasks such as transliteration, seg-
mentation, stemming and string similarity checks. Hence, when a key concept is de-
tected and all the other conditions (of a pattern) are met, the agent intervention model 
selects the associated agent intervention hanging in the colMOOC Editor, performs a 
series of context-specific modifications, and displays its text to the users.  
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4 Pilot Evaluation 

A pilot evaluation study was carried out to explore the students’ perception of the col-
MOOC environment and the conversational agent interventions. The main purpose of 
the study was to gather insights on whether the colMOOC agent would operate without 
any major issues; therefore, the study featured a small-scaled controlled lab activity.  

4.1 Domain and Participants 

The one-group exploratory study was conducted in the context of a Master level course 
named “Learning Analytics”, offered in the Greek language. The syllabus included top-
ics such as collecting, analyzing, visualizing and interpreting data about learners and 
learning environments for the purpose of understanding and optimizing learning pro-
cesses. The participants were 10 students (6 females), who were Greek native speakers.  

4.2 Procedure 

Prior to the activity, the course instructor used the colMOOC Editor to setup two chat-
based activities. Each activity presented students an open-ended debate, encouraging 
students to collaboratively (in dyads) provide answers to the following questions: 

1. Learning analytics constitutes a multi-dimensional scientific field. Based on your 
experience in the course, how would you describe this field and what would you 
consider as some of its most important dimensions? 

2. Do MOOCs offer any advantages in applying learning analytics methods? Suppose 
you are a member of a team analyzing data in a MOOC where informatics profes-
sionals are also enrolled. Please propose a method of learning analytics (and a rele-
vant intervention emerging from the interpretation of the results), which makes sense 
for improving the quality of learning in the MOOC environment.  
The instructor used the domain configuration interface to enter a series of conceptual 

links. These involved key domain concepts, such as ‘modeling’, ‘measurements’, 
‘dropouts’, ‘adaptiveness’, ‘reporting’, ‘operationalism’, ‘patterns’, ‘ethics’ and several 
synonyms or phrases with similar meanings. This process resulted in the generation of 
several agent interventions emerging from the three intervention strategies displayed in 
Table 1. Τhe text of agent interventions was edited by the course instructor. More spe-
cifically, in the first activity, the agent was configured to display ‘converging’ inter-
ventions, relating closely to the topic introduced by the activity (e.g. “What do you 
mean by `modeling / model`? Try to recall the explanatory vs. predictive modeling; can 
you explain the difference?”). Answering these agent questions was expected to aid 
students to prepare their group answer for the task. In contrast, the agent of the second 
activity was setup to deliver ‘diverging’ interventions, which were relevant to the in-
structional domain but not directly related to the specific activity topic (e.g., “Does 
students’ diversity in MOOCs favor or negatively affect statistical methods of data 
analysis?”). The latter agent design was expected to increase students’ cognitive load 
as it introduced new domain-relevant questions requiring additional critical thinking. 

Following a 10-min introduction to the scope of the specific activities in class, stu-
dents were assigned in dyads and allocated to two computer labs. They were then asked 
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to log into the colMOOC Player using their given credentials to start collaborating with 
their partner. At the beginning of each activity, the agent posted messages that sup-
ported group awareness and were triggered by the identification of static patterns, such 
as the connection of two students in a chat room (e.g., “Now that you are both con-
nected, we can begin! In this assignment, you are expected to provide a joined response 
to the task displayed at the top…”). After completing their discussion in the first activ-
ity, students proceeded to the second activity while the dyads remained unchanged.  

Throughout their participation in the activities, students were encouraged to provide 
feedback for each agent intervention displayed using an agent evaluation sheet, which 
was provided to them before the activity. Whenever an agent intervention appeared 
students could fill in the associated short code, displayed next to each intervention, and 
rate the specific intervention in terms of relevance and usefulness using a 5-point scale.  

Students were asked to complete the two activities within a 1-hour limit. When stu-
dents submitted their team answers and finished the second activity, they were re-
quested to fill in a post-task questionnaire, asking them to express their agreement or 
disagreement on a 5-point Likert scale, ranging from 1 (disagree) to 5 (agree). The 
questions aimed to explore students’ perceptions of the system and the agent.  

Following a short break, students were also invited to participate in a focus group 
session, which attempted to elicit students’ perception of the agent interventions. The 
session followed a semi-structured protocol, allowing open-ended discussions.  

4.3 Results 

Central tendency measures were computed to summarize the data for all questionnaire 
variables and measures of dispersion were computed to understand the variability of 
the scores. 

The descriptive statistics that surfaced following the analysis of the questionnaire 
variables relating to the usability of colMOOC Player interface are depicted in Table 2. 
As regards the system performance, students had a favorable opinion towards the over-
all system responsiveness (N=10, M=4.80, SD=0.42).  

Table 2. Questionnaire results relating to the interface of the colMOOC Player. 

Questions (1-disagree, 5-agree) Mean SD Disagree(1-2) Neutral(3) Agree(4-5) 
The available options of the user interface 
are easy to understand. 4.70 0.65 0% 10% 100% 

The icons and symbols used seem familiar.  4.80 0.42 0% 0% 100% 
I believe the colMOOC environment is 
easy-to-use. 4.40 0.84 0% 20% 80% 

Moreover, the post-task questionnaire elicited students’ opinions regarding the pres-
ence of the conversational agent. The analysis results are presented in Table 3. Students 
had a positive opinion towards the automated intervention mechanism (Table 3, row 1). 
Several students felt that the agent questions were aptly presented during students’ dis-
cussion (Table 3, row 2). Still, their opinions were somewhat divided when asked 
whether the agent questions interrupted the discussion with their partner (Table 3, row 
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3). Interestingly, most students stated that they would be interesting in joining similar 
chat activities with conversational agents in the future (Table 3, row 4). 

Table 3. Questionnaire results relating to the interventions of the conversational agent. 

Questions (1-disagree, 5-agree) Mean SD Disagree(1-2) Neutral(3) Agree(4-5) 
Intervening by posing interesting questions 
during students’ discussion seems like a 
pedagogically beneficial technique. 

4.50 0.71 0% 10% 90% 

The agent interventions were well-aimed. 3.50 0.53 0% 50% 50% 
The agent questions interrupted my discus-
sion with my partner. 2.55 0.82 50% 30% 20% 

I want to participate in future educational 
activities involving conversational agents. 3.90 0.99 10% 20% 70% 

A series of themes were identified in the qualitative analysis of the focus group dis-
cussions. First, students stated that the frequent display of agent questions can cause 
confusion by disrupting the flow of their peer discussion (F=60%). In order to partially 
resolve this issue, they suggested that: (a) the agent should not display new interven-
tions until its last question has been answered and (b) subsequent interventions should 
have a time interval of 90 seconds or more. Second, students proposed that the agent 
should make use of a typing indicator/notification message (e.g., “TIM is typing…”) in 
order to support group awareness and inform them that an intervention will follow 
(F=60%). Lastly, participants revealed that they had some trouble understanding 
whether one or both should respond to the agent questions addressing the team and not 
of a specific partner (F=50%). This type of interventions appeared to have further in-
creased the cognitive load of the activity as students had to balance their focus between 
answering the main task question and organizing their agent responses.  

The analysis of the agent evaluation sheets revealed a total number of 100 students’ 
ratings for the 50 agent interventions displayed during the chat activities. Although the 
overall results appear to be somewhat mixed (Table 4), the emerging data suggest that 
some of the agent questions were perceived to be ‘to the point’ and context-relevant by 
the students. This is an interesting finding since the current version of the conversa-
tional agent does not feature any advanced NLP capabilities and is primarily based on 
pattern matching techniques. An initial inspection of the chat log files indicated that 
students’ responses and perception of the agent interventions varied considerably based 
on the timing the agent interventions. Although further investigation and analysis is 
required in order to draw valuable inferences, interventions that were made early on in 
the activity were found to be more helpful for answering the task as compared to other 
interventions delivered late in the activity, i.e., after students’ discussion has advanced. 

Table 4. Agent evaluation sheet results. 

Question (1-not at all, 5-yes, totally) Mean SD No(1-2) Neutral(3) Yes(4-5) 
The agent question related closely to our 
on-going discussion. 3.28 1.35 32% 42% 46% 

The agent question helped us in forming 
our task team answer. 3.04 1.41 38% 36% 44% 
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5 Discussion 

Conversational agent technology is starting to play a key role in the field of education 
enabling educators to offer even more engaging learning experiences, which are tai-
lored to learners. Nevertheless, while chatbot technology has matured over time, there 
is still a need for research on how such agents could add value to real world technolog-
ical learning environments, including challenges in designing effective dialogue be-
tween humans and bots [18]. 

In this paper, we have presented a teacher-configurable conversational agent service, 
designed to support collaborative activities in MOOCs by acting as a facilitator scaf-
folding productive students’ dialogues. The design of this agent-based system was eval-
uated in a pilot study, which involved a small group of postgraduate university students.  

Taking into account the main limitations of this exploratory study, such as its limited 
sample size and ‘one-shot’ design, the study shares some encouraging preliminary ev-
idence for the potential benefits of integrating collaborative conversational agent activ-
ities in MOOCs. Despite missing the ability to engage in full-fledged conversations 
with the learners, configurable agents can still be perceived positively by students. This 
finding is even more important considering that these conversational agents can be re-
used, operate in different domains and, thus, usually have a relatively low development 
cost. Although the study results show that there is certainly a large room for future 
improvements as regards the agent design, students have reported that this form of un-
solicited agent interventions can be pedagogically beneficial and serve as a valuable 
tool in real-world educational settings.  

Instead of solely focusing on how to advance conversational AI, future research on 
multi-user educational chatbots could also explore ways of leveraging and building on 
the human intelligence residing in collaborative learning environments. Utilizing other 
well-known classroom discourse frameworks, similar to the academically productive 
talk employed by the colMOOC agent, could lead to new agent intervention strategies, 
which are domain-independent by design and enable well-targeted interventions. 

In the future, we plan to continue our efforts towards building a user-friendly con-
versational agent service; one that requires no programming skills to configure. We also 
seek to conduct a series of robustly designed studies investigating how the quality of 
peer dialogues is affected by the different intervention strategies employed by the agent. 
Additionally, task design should be further explored since it appears to be critical for 
increasing the probability of productive peer interactions happening. The task of such 
chat activities should be designed to be debatable and challenging in order to motivate 
peers and have them engaged in discussion. From our viewpoint, the objective of as-
signing such a task should not be to make the peers provide some type of “correct an-
swer” but to engage them in externalizing their thinking.  
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