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Executive Summary  

This deliverable:  

● Initially provides a state-of-the-art review of current design and implementation 

approaches in the area of conversational agents, emphasizing their use in education to 

support: individual instruction, group learning and MOOC activities.  

● Then it presents the key aspects of the conversational agent to be developed in the context 

of the colMOOC project explaining all important design perspectives, such as: 

o Design to support productive forms of peer dialogue  

o Design as domain-independent teachers’ open tool  

o Design as interoperable tool to be integrated in MOOCs platforms.  

Other major aspects of the proposed design are also discussed, including:  

● Agent intervention strategies 

● Software key components (Editor and Player) 

● Agent domain configuration by the teacher, and 

● Agent integration with various MOOCs platforms 
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1 Introduction  

1.1 Purpose of this document 

The objective of this deliverable is to:  

• A) Present a thorough state of the art analysis on existing Conversational Agent (CA) 

approaches in order to identify models, ontologies, vocabularies that can be re-used, and  

• B) Identify any gaps that could be filled by the proposed model. 

1.2 Document structure 

To accomplish the above objective the present deliverable is split into two major chapters: 

1.2.1 State of the Art Analysis of Existing Conversational Agent Approaches  

In the first chapter a state-of-the-art review is presented of various existing CA approaches 

highlighting the key functionalities of each system and context of expected use.  

This chapter also includes a section entitled “Conversational Agents: The Potential for Education” 

which discusses the impact of the CA tools in education with emphasis on two major areas of 

implementation, namely:  

• Agents in one-on-one learning settings  

• Agents to support groups 

The important perspective of using agents in the context of MOOCs (Massive Open Online 

Courses) is also highlighted and discussed within the above two sections.  

1.2.2 Proposed model  

In the second chapter we present a proposed model for leveraging CA technology in MOOCs as 

implemented in the context of the colMOOC project.  

First, in the subsection “Identified gaps to guide the conversational agent design approach”, we 

analytically discuss the three major pillars of the proposed design, namely:  

• The colMOOC agent to support productive forms of peer dialogue (cognitive dimension) 

• The colMOOC agent as domain-independent teachers’ open tool (socio-cultural 

dimension), and 

• The colMOOC agent as an interoperable tool to be integrated in MOOCs platforms 

(technological dimension).  

Then, we move on to discuss specific aspects of the proposed model such as:  

• The agent intervention strategies in students’ chat activities 

• The agent software key components: the Editor and the Player  

• The agent domain configuration by the teacher 

1.3 Audience 

This document is open and publicly available.  
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2 State of the Art Analysis of Existing Conversational Agent Approaches  

This chapter introduces the reader to the state-of-the-art in the area of conversational agents, 

providing also concise reviews of several of the current CA design and implementation approaches. 

The chapter also reviews the most important perspectives of conversational agents in education to 

support: individual instruction, group learning and MOOC activities.  

2.1 An introduction to Conversational Interfaces 

In the last decade, Natural Language Processing (NLP) technology has been improved and become 

more accessible than ever. Nowadays, the combination of NLP algorithms with deep learning and 

neural networks provide new opportunities that empower developers to build interfaces that are 

highly engaging and human-like (Pelk, 2016). A conversational user interface provides the 

privilege of interacting with the computer on human terms giving the illusion of a human-to-human 

interaction (Klopfenstein, Delpriori, Malatini, & Bogliolo, 2017). Considering that conversation as 

an interface can be regarded as the most natural way for humans to interact with technology, the 

new affordances introduced to serve as a paradigm shift from the other, types of user interfaces, 

such as the command-line interface and the graphical user interface (GUI).  

A command line interface (CLI) enables users to type syntax-specific commands in a terminal or 

console window to interact with an operating system. On the other hand, a GUI leverages graphics 

to provide an easy-to-use and navigate interface to a program. Along with a mouse, a keyboard, or 

other input devices, a GUI provides windows, pull-down menus, buttons, scrollbars, iconic images, 

wizards, and other icons to enable users to interact with the operating system or software application 

(Oracle, 2018). A graphical user interface provides the ‘space’ (a part of a device or software), in 

which the interaction between a human being and a machine can take place. 

In contrast to the above interface types, a conversational interface does not require the user to have 

an exact understanding of the system affordances and is based on a more direct, natural and ill-

structured type of human-computer interaction (“The Dawn of the Conversational Interface,” 

2016). In short, it appears that with the rise of this new generation of interfaces, software developers 

attempt to move from asking users to learn how to interact with computers to building software that 

learns how to interact with users (Serban et al., 2017). The conversational interfaces share some 

similarities with the command line interface, such as their simplicity as they are both text-based 

mediums, but at the same time they differ significantly because of the fact that rather than requiring 

the user to remember and recall exact commands, they can interact with a machine simply by using 

natural language, i.e. the language they use in their everyday life whenever they are talking to a 

person.  

Younger users grew up with computers and are much more computer savvy than older users. As a 

result, younger users are more comfortable with text messaging and communicating with computers 

by using commands, which have long been favored by power users over slower GUIs. Consumers, 

especially affluent consumers, are outsourcing their "chores," such as driving, shopping, cleaning, 

food delivery, and errands, giving rise to the "gig economy" and the need for more customer 

service. 

In essence, a conversational interface may provide software creators with a new convenient channel 

for interacting and communicating with their users in a more personalized and engaging manner. 

This opens up interesting new implementations of bots in various scenarios when integrated with 

various enterprise applications. Indeed, the increased level of engagement in conversational agent 

platforms holds tremendous potential for enterprises and organizations in a lot of sectors, such as 

healthcare, finance, and education. 
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2.2 Existing Conversational Agent Approaches 

In this section we:  

a. Reflect on the history of the conversational agent approaches starting from the first chatbot 

that was developed  

b. Present the most used conversational agents by examining their technological 

characteristics, their domain of usage and some screenshots from the user interface they 

use.  

Typically, a conversational agent or chatbot is an automated system or a computer program that 

usually aims to imitate human conversations through voice commands, text chats or both (Radziwill 

& Benton, 2016; Tegos & Demetriadis, 2017). Most of the times, such a virtual entity is created to 

participate in a virtual conversation with humans, which usually takes place in an online 

environment. A conversational agent usually operates within a well-defined set of rules and 

parameters that shape its behavior. Such an agent can be designed to provide many functions in 

real-world settings and can be used in websites or messaging platforms and mobile applications 

(Brandtzaeg, 2017). 

The conversational agent technology was not conceptualized recently. It has a long history. The 

first chatbot was developed by MIT professor Joseph Weizenbaum in the 1960s and was called 

ELIZA (Man, 1966). It passed the words that users entered into a computer and then paired them 

to a list of possible scripted responses. The same goes for voice-based conversational agents or 

“voice assistants” such as Alexa, Google Assistant, Siri or Cortana. IBM’s Shoebox was the first 

voice assistant developed back in the 1960s (D. Vijayakumar, S.Manikandan, & K.Parthasarathy, 

2018). It formed the foundation of the modern voice assistant era.  

The primary reason why conversational agents and voice assistants have drawn so much attention 

recently is that the technology involved in NLP has improved substantially and became a lot easier 

and cheaper to access. Indeed, the rapid increase in interest in conversational agents in the last years 

illustrated by the fact that conversational agents appear in many mainstream applications. This 

rapid adoption is primarily due to the fact that the creation of effective chatbots has become far 

easier, thanks to techniques like natural language and syntax parsing and machine learning. 

Additionally, the integration with cloud-based applications is now easier than ever increasing the 

scalability of conversational agent platforms, which are usually considered as resource-intensive 

systems. Along with cloud-based applications, chatbots have begun to be used in almost any 

messaging application allowing users to retrieve information faster and easier. 

The rise of conversational agents can be regarded as a result of the changing user behavior in the 

post-app mobile world and the maturing of key enabling technologies. After nearly a decade of 

explosive growth, mobile apps have largely stopped growing. And as the Wall Street Journal says 

in "What Comes After Apps," smartphone users have reached their limits on how many apps they 

want to install and open on a daily basis. 

Users are spending an increasing amount of time in just a few apps. And social and messaging apps 

emerge as big winners (Fu et al., 2016). Users do not like to exit their messaging app just to glance 

at small snippets of information (for example, to check the weather, stock prices, or look up a 

restaurant or map). 

Artificial Intelligence has gotten a lot better in the past couple of years in understanding what the 

user wants in natural language. The API economy has matured to the point where many useful 

services can be accessed from computers to complete real-world tasks. 

In short, chatbots are used in human users' preferred environments (messaging apps), converse with 

users in natural language, understand what users want, and do the humans' bidding through a large 
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network of connected services. Chatbots have many different forms of use. They can be used as a 

questioning-answering computer system, as a multiple choice menu to route users for a more 

personalized experience, as voice-based bots or chat-based bots that humans can chat with, 

incorporated into mobile apps and wearable devices with a voice interface, as home automation 

with voice commands and many other applications 

2.2.1 IBM Watson Conversation Service 

IBM Watson was developed as a part of IBM's DeepQA project. Watson constituted a question-

answering computer system capable of answering questions posed in natural language. Nowadays, 

Watson extends its capabilities adding characteristics such as reading, talking, learning, and 

recommending and it is not only used as a question - answering system. This conversation service 

supports multiple channels for users to interact with such as text, speech, and image. Watson uses 

Artificial Intelligence that understands users’ intentions and further trains the assistant.  

Users can build conversational interfaces by using Watson assistant into any website and web 

application, mobile application, messaging channels, and customer service tools in 13 different 

languages. It supports a wide collection of SDKs like Node, Java, Python, Swift, iOS, Android 

Unity, .NET, Ruby among others,  to solve complex problems. Numerous industries use Watson as 

their main conversation service. Those industries include advertising, customer engagement, 

education, financial services, health, IoT, media, talent, and work. You can refer to the image below 

to see a Bank bot implementation utilizing Watson. 

 

 

Figure 1: A BankBot implementation utilizing Watson.  

Retrieved from IBM, 2018, https://www.ibm.com/cloud/watson-assistant/features/ 

 

Chatbot designers can implement their assistant through three main components: 

● Intents, which are the goals that users of the chatbot might have and they will probably 

try to solve through chatbot 
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● Entities, which are terms that provide context for an intent 

● Dialog, which is the flow that incorporates intents and entities 

2.2.2 Agentbot 

Agentbot is a product of Aivo Family, which provide customer service solutions powered by 

Artificial Intelligence. Agentbot uses neural networks to understand users’ intent and identify 

relevant meaning from their questions or comments, even if users use informal expressions, jargon, 

phrases with grammatical errors or other language deviations. 

Developers can incorporate agentbot by using several channels, included web and web mobile, 

mobile apps, Facebook messenger, CRM platforms, SMS and messaging API, and third party 

applications via integrations. Agentbot supports three languages, English, Spanish, and Portuguese 

and can be used in telecommunications and cable operators, e-commerce and online services, 

banking and financial services, and government industries. 

Agentbot incorporates feedback mechanism in each response so as to learn from users’ ratings to 

identify improvement opportunities. Also, Agentbot provides a management tool to create, edit, 

and delete questions without requiring technical knowledge from the user.  

 

Figure 2: A chatbot implementation utilizing Agentbot.  

Retrieved from agentbot, 2018, https://www.aivo.co/en/agentbot-automatic-support-chat/ 
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2.2.3  WIT 

With wit.ai a developer can create text or voice-based bots that humans can chat with, mobile 

apps and wearable devices with a voice interface, and home automation with voice commands. It 

is owned by Facebook, is free to use and open-source, and they claim that wit.ai is used by over 

180.000 developers.  

Developers can incorporate wit.ai into their projects by using libraries with Ruby and Python or 

SDK for Node.js, or they can integrate wit.ai with the Facebook messenger or their website. Also, 

wit.ai is available for developers to use with iOS, Android, Windows phone, and Raspberry. 

Wit.ai supports 50 languages. To understand users’ input, wit.ai uses natural language processing 

(NLP).  

 

Figure 3: A high level depiction of the utilization of wit.ai at a home automation application 

Retrieved from Wit.ai, 2018, https://labs.wit.ai/demo/index.html 

2.2.4  Rasa  

Rasa is a machine learning framework for developers to create chatbots and assistants. It is an 

open source project with support of over 1000 community members. Rasa NLU has been used 

successfully in insurance, banking, healthcare, travel and transport, and telecom industries. 

Rasa handles contextual conversations with machine learning to identify users’ intention and 

extract entities. In order to understand users’ intention, rasa supports dozens of natural languages. 
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Figure 4: An example of Rasa stack usage,  

Retrieved from Rasa, 2018, https://legacy-docs.rasa.com/docs/core/0.8.6/motivation/ 

 

The Rasa stack consists of the rasa NLU and rasa core libraries. Rasa NLU performs the natural 

language understanding by converting text to structured data. For example, NLU can take the 

sentence “I am looking for a Mexican restaurant in the center of town” and return structured data 

like: 

● intent: search_restaurant 

● entities: 

o cuisine: Mexican 

o location: center 

Rasa core performs dialog management by auditing the conversation and deciding how to act. 

Developers can connect with rasa NLU through APIs to bring chatbot conversations into their 

applications. Connectors can be used to embed rasa into messaging channels like Facebook, 

slack, telegram, or a custom made one. 

2.2.5  Dialogflow 

Dialogflow (formerly api.ai) is owned by Google. By using this tool, developers can build voice 

and text-based conversational interfaces, powered by artificial intelligence. Those interfaces can 

be further embedded into websites, mobile applications, Facebook Messenger, and other popular 

devices and platforms. Dialogflow is widely used in more than 400M Google Assistant devices. 

Just like the other tools we referred previously, dialogflow uses machine learning to understand 

users’ dialogues, to analyze their intents, and to respond in the most useful way. The basic flow of 

conversation involves: 

● A user enters input to the system 

● The system parses that input 
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● The system responds to the user 

 

Figure 5: The sequence of events in Dialogflow after an utterance from a user 

Retrieved from Google, 2018, https://cloud.google.com/dialogflow/docs/basics 

 

For each intent, developers can define phrases that trigger the intent (training phrases), what to 

extract from the utterance and the response of the agent back to the user. 

 

Figure 6: Each intent in Dialogflow includes training phrases, actions, and responses 
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Dialogflow can be embedded in developers’ applications or websites by a large number of SDKs 

and libraries which helps to change agent’s behavior by allowing developers to create, read, update 

and delete intents, entities, and contexts. There are available libraries for Node.js, Python, Java, 

Go, Ruby, C#, and PHP and SDKs such as Android, Botkit, C++, Cordova, iOS, Java, Javascript, 

.NET, Node.js, Python, Ruby, Unity, and Xamarin.  

2.2.6  Microsoft Language Understanding Intelligent Service (LUIS) 

With Microsoft language understanding intelligent machine learning-based service, developers can 

add natural language understanding into their applications. Any conversational application could 

become a client for LUIS, such as social media apps, chatbots, and speech-enabled desktop 

applications. 

 

Figure 7: A request from a user and the response from a chatbot based on LUIS 

Retrieved from Microsoft, 2018, https://docs.microsoft.com/en-us/azure/cognitive-services/luis/what-is-luis 

 

LUIS works as follow: 

● A user uses a conversational application to ask a question 

● The conversational application sends a request to LUIS 

● LUIS tries to analyze the content of the message by finding user’ intent and entities.  

● LUIS sends back to the conversational application a response as a JSON file 

● The conversational application uses the JSON file to make decisions about the reaction to 

the user’s request. There are numerous of rest APIs to extract the intent from the response 

in C#, Go, Java, Node.js, and Python. 

 

Luis can be used with: 

● Information chatbots, that answers questions 
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Figure 8: The architecture of an information chatbot using LUIS 

Retrieved from Luis.ai, 2019, https://www.luis.ai/home 

 

● Commerce chatbots. Together with the Azure Bot, developers can create conversational 

interfaces for various scenarios. With Azure Bot Microsoft service, developers can build 

intelligent bots to interact naturally with the clients on websites, applications, Cortana, 

Microsoft Teams, Skype, Slack, Facebook Messenger, and more. 

 

 

Figure 9: The architecture of a commerce chatbot using LUIS 

Retrieved from Luis.ai, 2019, https://www.luis.ai/home 

● IoT Devices. Developers can create conversational interfaces to interact with all of the 

internet-accessible devices such as television or fridge in order to translate commands into 

actions. 
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Figure 10: The architecture of a conversational interface for IoT devices using LUIS 

Retrieved from Luis.ai, 2019, https://www.luis.ai/home 

 

LUIS uses a language detection API which evaluates text input and returns a language identifier. 

Text analysis recognizes up to 120 languages. 

2.2.7  Chatfuel 

Chatfuel is a bot platform that powers more than 46% of all the Facebook Messenger bots and 

supports 97 languages. The basic components of every chatbot are the “cards” and the “blocks”. 

Cards are the most basic building component of the bots. Cards provide all the information to users 

which can be of a form of text, image, gallery, and plugin.  

 

Figure 11: Chatfuel platform uses cards as a basic component for every chatbot 

 

A block is also a basic building component of every bot. It consists of one or more message cards 

that are sent together to a bot user. Developers can link blocks with each other using buttons in text 

cards or in gallery cards. 
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Figure 12: Chatfuel platform uses cards as a basic component for every chatbot 

 

With plugins, bot developers can expand bot’s usability by adding extra features such as route users 

for a more personalized experience, collect input from users, display to users target content from 

the website, play video or audio messages directly into the bot and many more. 

Chatfuel also uses an artificial intelligence engine that detects user phrases similar to ones 

predefined by the bot developer to show a relevant message to the user. 

 

2.2.8  Pandorabots 

Pandorabots is another leading company which deals with artificial intelligence that provides a web 

platform for developers to build and deploy chatbots. Pandorabots supports the Artificial 

Intelligence Markup Language (AIML) to create natural language software agents. One of the 

advantages of AIML usage is that AIML can be written in almost any natural language. They claim 

that more than 300000 chatbots have been created by using their platform. 

Pandorabots provides API access to its chatbot hosting platform and offers Java, Ruby, Go, PHP, 

Python, and Node.js SDKs. Through integrations, developers can publish chatbots on third-party 

channels such as Skype, slack, messenger, twillio, twitter and many more. 
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Figure 13: A list of the channels that can be connected with Pandorabots 

  

2.2.9 Chatterbot 

Unlike the previous bot platforms, chatterbot is a Python library that helps bot developers to 

generate responses to user’s input. Chatterbot can power applications developed with Django 

because it has direct support for integrations with Django framework. Chatterbot can be trained to 

speak any language. 

Developers need to create a new bot instance following by training procedures. During the training 

process, bot developers load example dialogs into bot’s database. Also, each time a user enters a 

statement, the text they enter and the response to user’s input are also stored into the library. During 

a dialogue, the bot selects the closest matching response by searching into the library and then 

chooses a response from the selection of known responses to that statement. 
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Figure 14: A depiction of how chatterbot generate responses based on input 

Retrieved from Chatterbot, 2018, https://chatterbot.readthedocs.io/en/stable/ 

  

2.2.10 Octane.ai 

Octane AI chatbots help businesses, brands and individuals with tasks such as customer support, 

showing off content, showcasing merchandise, answering frequently asked questions, letting 

customers subscribe to notifications and more. It is actually a Facebook messenger bot that can: 

● answer to questions 
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Figure 15: Octave.ai bot answers a question 

Retrieved from Octane.ai, 2018, https://join.octaneai.com/platform/answer-questions 

 

● allow users to subscribe to Messenger for exclusive discounts, notifications etc through a 

popup window 

 

 

Figure 16: Octave.ai bot shows a dialog box for user subscription 

Retrieved from Octane.ai, 2018, https://join.octaneai.com/platform/facebook-messenger-pop-ups 

 

● send personalized Facebook messages to customers that visited your Shopify store 
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Figure 17: Octave.ai bot sends personalized messages to customers 

Retrieved from Octane.ai, 2018, https://join.octaneai.com/platform/abandoned-cart-recovery 

 

● send custom follow-up messages 

 

 

Figure 18: Octave.ai bot sends follow up messages 

Retrieved from Octane.ai, 2018, https://join.octaneai.com/platform/followup-messages 

2.2.11  Reply.ai 

Reply.ai is another conversational agent that answers questions made by users. Reply.ai uses 

machine learning and natural language processing to understand user’s input. Reply.ai is a complete 

solution as it comes with a built-in CRM and customizable, real-time analytics dashboard. 

Reply.ai supports Facebook Messenger, Kik, Telegram, LINE, SMS or your own chat screen. They 

use native custom UI elements in each channel. A web widget is also available. 

Developers can use reply.ai in various industries. In the insurance industry, they can add a 

conversational layer to the entire customer journey to answer general insurance related questions, 

integrate an FAQ bot into call centers, and gather data from the customer without a broker. Also, 

in the food and beverage industry, voice-activated bots can be used in conjunction with  Amazon 
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Alexa to provide replies to the user’s input. Reply.ai also used in the consumer electronics industry 

for onboarding new users. 

 

Figure 19: An implementation of a chatbot utilizing Reply.ai 

Retrieved from Reply.ai, 2018, https://www.reply.ai/industry/ electronics/ 

 

In the travel and hospitality industry, developers can add a bot to answer to user’s questions 

regarding the booking process. 

 

Figure 20: The use of a chatbot in the travel industry 

Retrieved from Reply.ai, 2018, https://www.reply.ai/industry/travel/ 

 

2.2.12 ChatScript 

ChatScript is a rule-based chatbot engine where rules are created by the developers in a process 

that is called scripting. ChatScript combines natural language engine, which constitutes the basis 

for natural language company for a variety of tech startups, and a dialog management system. The 

engine is open source on Github. 
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Figure 21: A depiction of a script created in ChatScript engine 

Retrieved from Github, 2018, https://github.com/ChatScript/ChatScript 

  

2.2.13 Conclusions 

Concluding the above analysis we emphasize the following:  

• There are a lot of conversational agent approaches available for developers to incorporate 

them into their projects.  

• Many industries use agents such as insurance, banking, healthcare, travel, transport, 

telecommunications, advertising, customer engagement, education, health, media and 

many more.  

• Most of the usage concern questioning and answering system, voice commands and general 

assistance to users.  

• Some of the conversational agent approaches try to identify users’ intent by using Artificial 

intelligence technology to adapt to the user’s objective.  

• There are a lot of different application approaches, regarding social media, conversational 

applications such as Skype and Slack as libraries that can be used by bot developers. 

• There is limited reference to conversational agents application to education and most of the 

chatbot implementations include conversations between a user and a chatbot.  

• All platforms provide tools for the developer to built a chatbot/agent but do not address the 

perspective of providing some working environment for the end-users themselves to build 

their chatbot/agent. 

 

2.3 Conversational Agents: the Potential for Education 

In this section we:  

a. Analyze the existence of the pedagogical agents, the application of agents on education, 

and a subgroup of these agents, the conversational agents, 

b. Present one-to-one conversational agent solutions where tutorial dialogues occur between 

a student and an agent, 

c. Introduce agents that support groups in order to trigger productive forms of peer dialogue 

and scaffold students’ learning in a CSCL context, by providing implementation examples. 
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In the previous section, we presented an extensive body of evidence suggesting that conversational 

agents are becoming a trend in multiple fields such as healthcare, marketing, management, tourism, 

advertising, customer engagement, financial services, IoT, media, talent, and work. Up until now 

the implementation of conversational agents in education has been scarce.  

In the field of technology-enhanced learning, conversational agents have their roots on pedagogical 

agents, which have a long history in the field. A pedagogical agent can be regarded as an 

autonomous computer-generated virtual character, aiming to fulfill specific pedagogical purposes 

in a learning environment (Gulz, Haake, Silvervarg, Sjödén, & Veletsianos, 2011). Numerous 

technological advancements in the visual embodiment and computational linguistics areas have led 

to the development of the social and personal pedagogical agents used nowadays (Gulz et al., 2011). 

Agents have evolved into modern virtual characters that are able to exhibit social skills and interact 

with learners on a broad range of topics apart from tutoring (Veletsianos & Russell, 2014). Indeed, 

many pedagogical agents have been developed over the years in order to serve a wide variety of 

instructional roles, such as expert, motivator or mentor (Baylor & Kim, 2005). Pedagogical agents 

have been repeatedly used as part of intelligent tutoring systems in order to provide customized 

instruction or feedback to the learners in various learning scenarios (Baker, 2016; Kim, Baylor, & 

Shen, 2007). A pedagogical agent can often interact with a learner using multiple communication 

channels, such as text (Chaudhuri, Kumar, Howley, & Rosé, 2009) or speech (Wik, & Hjalmarsson, 

2009). 

However, with the latest innovations in computational technologies and the promising possibilities 

for integrating discourse in educational systems, a new subcategory of pedagogical agents has 

emerged, called “conversational agents”. This type of agents mainly aim to engage learners in a 

conversation through natural language (Gulz et al., 2011). Over the past, conversational agents have 

been used to accomplish a variety of educational goals such as tutoring (Heffernan & Croteau, 

2004; VanLehn et al., 2007), question-answering (Feng, Shaw, Kim, & Hovy, 2006), language 

learning practice (Griol, Baena, Molina, & de Miguel, 2014; Wik & Hjalmarsson, 2009), and the 

promotion of health-related behavioral changes (Kennedy et al., 2012) and of metacognitive skills 

(Kerly, Ellis, & Bull, 2008).  

Conversational agents are usually regarded as a subgroup of pedagogical agents involving learners 

in natural language interactions (Kerly, Ellis, & Bull, 2009). Research has shown that using 

conversational agents to engage learners in one-to-one (student-agent) tutorial dialogues can 

improve students’ comprehension and foster students’ engagement and motivation (Veletsianos & 

Russell, 2014). Conversational agents appear to have a positive impact on students’ satisfaction as 

well as learning outcomes (Kerly, Hall, & Bull, 2007; Huang, Lee, Kwon, & Kim, 2017).  

2.3.1  Agents in one-on-one learning settings 

In their study, VanLehn et al. (2007) have revealed that a tutorial dialogue initiated and controlled 

by a conversational agent can provide several benefits over a monologue, such as the detection and 

remediation of failed communication, the correction of inaccurate student knowledge and increased 

interactivity. Many conversational agents were created in a similar fashion, aiming to engage 

learners in student-agent tutorial dialogues in one-to-one settings (e.g.,  Rus, D’Mello, Hu, & 

Graesser, 2013). Those type of agents leverage Artificial Intelligence methods in order to simulate 

the behavior of a human expert and be able to converse with the learners on a series of predefined 

topics. 

This can be really useful for providing individual learning support. Especially in large-scale 

learning scenarios, such as in a university or massive open online courses (MOOCs), agents appear 

to may compensate the insufficient individual support of instructors, which constitutes one of the 

key factors negatively affecting retention rates (Hone & El Said, 2016). A study by the University 

of Georgia Tech focused on the utilization of a conversational agent that attempted to handle forum 



D2.1: Conversational Agent Model Design 

colMOOC – Project Number: 588438-EPP-1-2017-1-EL-EPPKA2-KA 30 

posts by learners enrolled in a computer science course (Goel, Creeden, Kumble, Salunke, Shetty, 

& Wiltgen, 2015). The agent was developed with IBM Watson bot development platform and 

resulted in increased students engagement.  

Another study by the Universidad Carlos III de Madrid has explored the usage of conversational 

agents operating as a voice assistant supporting MOOCs (C.C. Aquirre et al., 2018). In the context 

of a Java-related MOOC, the study focused on a prototype conversational agent, which could assist 

students with their course tests and providing feedback based on their weaknesses. Students were 

able to answer to agent’s messages using voice, which received positive students’ comments. 

Conversational agents can be promising tools since they can be used as learning partners and offer 

continuing feedback to both learners and instructors in educational environments. There are a lot 

of successful stories (e.g., ReTuDiS, AutoTutor, ITSPOKE) regarding the beneficial use of such 

agents in individual learning settings. The findings revealed that the utilization of conversational 

agents can lead to significant learning as well as memory gains, enhance self-assessment skills and 

increase motivation (Kerly et al., 2008; VanLehn et al., 2007). 

In their recent review analyzing the potential of chatbots in education Winkler and Söllner (2018) 

identify five major issues in the field (numbered next as questions, ‘Qx’) and provide respective 

answers (‘Ax’) based on available literature, as follows:  

● Q1: How do individual differences of students affect chatbot-mediated learning (CML) 

processes and CML outcomes?  

- A1: People interact in different ways with chatbots. Research indicates that personality 

traits, educational background, and self-regulated skills of students may have an impact on 

CML process quality. It might be advisable that chatbots should be tailored to the 

individual differences of students. However, it is important to consider that currently, no 

study analyzed whether personalized chatbots have a significant impact on learning 

outcomes. 

● Q2: In which educational settings are chatbots applied?   

- A2: There are many chatbot applications in the health and well-being domains, where 

chatbots are used to support students in their medical education or even patients with their 

therapy.  

- Language learning is another area where chatbots are being developed to help students 

communicate freely and without mistake anxiety in the language, they learn.  

- Additionally, chatbots seem to have an impact on the development of students’ 

metacognitive skills, by providing formative feedback to students during their learning.  

- Also, chatbots may deeper engage students in learning by asking challenging questions 

which is the main driver of intrinsic motivation (Oudeyer, Gottlieb, & Lopes, 2016). The 

review, however, emphasizes that additional studies regarding a systematic method for 

evaluating chatbots in education are necessary. 

● Q3: What approaches are being used to build and design a chatbot in learning settings and 

how does that influence CML processes and CML outcomes?  

- A3: The review reports that there are at least three different dimensions which can be used 

for classifying the chatbot build and design approaches, namely:  

- 1) Retrieval-based or generative: whether the chatbot natural language 

understanding is based on predefined rules (retrieval-based) or another type of 

analysis (usually based on machine learning algorithms) that enable the chatbot to 

produce an original response.  

- 2) Use speech or/and text as input mode: whether the chatbot processes only text 

input or has also speech recognition capabilities.  
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- 3) Integrate or not context-data: whether the chatbots possess (or not) capabilities 

of modeling some type of contextual data (such as, for example, the emotional 

state of the students) to increase the appropriateness of their response.  

● Q4: What are determinants of CML process quality and how do they relate to chatbot 

design and CML learning outcomes? 

- A4: The review indicates that typically students tend to use shorter messages and poorer 

vocabulary to communicate with chatbots and the makes it harder for chatbots to 

understand student’ intents. Therefore, developers should consider this difference in way 

of communication to improve CML processes and learning outcomes.  

- Furthermore, the way how students implement chatbots during their learning process is 

crucial. For example, the CML process quality is low when students do not recognize the 

higher value of chatbots during learning immediately. This may happen when lecturers do 

not explain how to best use chatbots, in which case chatbots might stay unsuccessful 

(Söllner et al., 2017). 

- The review emphasizes that available studies mostly explore the creation of a codependent 

and intelligent relationship between teacher and chatbot, utilizing both for their strengths 

and deliver the best student experience (Hughes, 2018). It is important, therefore, for the 

future to further explore how and where human or chatbot assistance is preferable. 

● Q5: How can different kinds of learning outcomes be influenced by chatbot design, 

individual differences of students and CML process quality? 

- A5: From the available research outcomes it seems possible that chatbots may be used to 

support different kinds of learning outcomes such as affective, cognitive and 

metacognitive. It is also advisable that chatbots include context information, for example, 

detecting knowledge gaps of students thus increasing domain-relevant learning outcomes.  

- Some researchers also suggest (e.g. Duffy & Azevedo, 2015) that chatbots should be used 

as metacognitive tools, empowering students to actively control and regulate their learning 

process. 

- Finally it is suggested that chatbots should be easily accessible and respond fast, while their 

visualization seems to be controversial; some studies support the view that visualizing and 

building up a personality of the chatbot has an impact (Berry et al., 2005), while others 

reject this conclusion (Ben Mimoun et al., 2015). 

2.3.2  Agents to support groups 

Although the main research interest of the past focused on the creation of agents acting in one-to-

one learning settings, researchers also turned their attention to the design of conversational agents 

that support groups of learners instead of individuals (e.g., Kumar & Rosé, 2011; Walker, Rummel, 

& Koedinger, 2011). Indeed, several research groups explored the utilization of such agents as a 

means to trigger productive forms of peer dialogue and scaffold students’ learning in a CSCL 

context.   

A series of studies explored the impact of conversational agents on the quality of peer dialogue 

and, consequently, on both group and individual learning outcomes. An agent engaging learners in 

directed lines of reasoning, i.e., a prescribed reasoning path, was found to enhance learning 

performance and increase the conceptual depth of students’ conversations (Chaudhuri et al., 2009). 

Another study explored the usage of a conversational agent displaying reflective prompts, during a 

reciprocal peer tutoring scenario. This time it was found that the adaptive support provided by the 

agent can increase the conceptual content of students’ utterances (Walker et al., 2011).  

Nevertheless, some criticism was expressed as well in some studies. It was found that, on some 

occasions, students may not interact fruitfully with conversational agents, not paying much 

attention to their messages, providing oversimplified responses or even ignoring them. Another 

point of criticism emphasized that there are often no possibilities of customization on the part of 
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the implementing teachers. Lastly, it was shown that, unfortunately, most agents tend to specialize 

to a specific instructional domain, being unable to operate in a variety of learning contexts without 

having increased development and maintenance-related costs (Dyke, Adamson, Howley, & Rosé, 

2013).  

Inspired by the work of the teachers’ community, which explored methods to promote and support 

effective classroom discussions, another research direction that emerged explored the use of 

conversational agents as an agile and efficient tool for scaffolding productive peer discussions. This 

work focuses on the design of agent-based dynamic intervention deriving from the Academically 

Productive Talk (APT) discourse framework (Resnick, Michaels, & O’Connor, 2010).  

As discussed in deliverable D1.2, the APT framework originates from a substantial body of work 

on modeling useful classroom discussion practices and norms. The APT framework emphasizes 

the key role of social interaction in inducing beneficial mental processes. In contrast to other 

popular classroom discourse frameworks, APT prioritizes reasoning over correctness and attempts 

to orchestrate student-centered discussions (Michaels, O’Connor, Hall, & Resnick, 2010). In this 

manner, it proposes a series of moves (see Table I), aiming to stimulate constructive forms of peer 

dialogue. 

Table 1: Examples of APT-agent interventions 

APT Move Example 

1. Add-on [Student], would you like to add something to what your partner said 

about [Concept]? 

2. Agree-Disagree [Student], what do you think of what [Partner] said about [Concept]? 

Do you agree or disagree? 

3. Verify-and-Clarify [Student], do you agree with the following statement: [Concept1] 

[verb expression] [Concept2]? Why? 

4. Build-on-Prior-

Knowledge 

[Student], do you think [Concept1] is somehow related to 

[Concept2]? How? 

A research direction has emerged in the past few years investigating the usage of conversational 

agents that perform academically productive talk moves like teachers often do in collaborative 

activities taking place in classroom (e.g., Tegos, Demetriadis, Papadopoulos, & Weinberger, 2016; 

Adamson, Dyke, Jang, & Rose, 2014). Such APT-based agents typically display interventions that 

aim at eliciting student reasoning instead of providing content-specific explanations or instructional 

assistance. The few studies conducted in this area have demonstrated conversational agents 

displaying unsolicited APT moves can conceptually enrich students’ discussions and positively 

impact collaborative learning outcomes (Tegos & Demetriadis, 2017; Tegos et al., 2016). The 

results of Tegos and Demetriadis were also confirmed by a recent study (Winkler et al., 2019), 

which highlighted that a group of learners interacting with a Smart Personal Assistant (SPA) tutor 

can provide better understanding towards solving a task as compared to a group of learners 

receiving assistance by a human tutor. In line with the aforementioned results, Dyke, Adamson, 

Howley, & Rosé (2012) and Adamson, Ashe, Jang, Yaron, & Rose (2013) studies revealed 

that  APT-based agents can intensify the knowledge exchange among learning partners and increase 

students’ explicit reasoning as well as participation in subsequent classroom discussions. 
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Figure 22: An example of an APT-based conversational agent system 

 

With the recent rise in focus on MOOCs and the positive impact of agile conversational agents in 

collaborative learning settings, researchers also started recently to explore the usage of agent-based 

supportive mechanisms in the context of MOOCs (Rosé & Ferschke, 2016). As already described 

in D1.1 and D1.2, such agents can increase students’ engagement, minimize dropout rates and 

amplify the tremendous support resources that the students can offer to each other by themselves 

(Fersche, Yang, Tomar, & Rose, 2015). Thus conversational agents that support small-group 

activities appear to have a direct application in MOOCs (Tomar, Sankaranarayanan, & Rosé, 2016).  

Figure 23 depicts an implementation of an agent that supports groups of students in a chat room. 

Rosé & Ferschke created a chat based collaborative environment where students pair in dyads and 

enter a dedicated for the group room. In that room, students can collaborate and an agent intervene 

to assist them. The agent tracks events that occur in the chat room and decide when and how to 

intervene. On Figure 23 we can see some agent’s interventions based on the events of users entering 

the chat room where agent reminds users to press the “We’re Ready” button or type “ready” to 

begin. 

However, a MOOC environment may present a series of practical challenges such as the 

coordination of participants, the connectivity issues and drop outs, the diverse learner populations 

and even the different time zones (Tomar et al., 2016; Tomar et al., 2017). In order to facilitate 

the formation of ad-hoc study groups for the chat activity, Ferschke et al. (2015) made use of a 

simple setup referred to as a Lobby. Students entered the Lobby with a simple, clearly labeled 

button integrated with the edX platform. Upon entering the Lobby, students were asked to enter a 

username that would be displayed in the chat. Once registered in the Lobby, the student waited to 

be matched with another participant. If the student was successfully matched with another learner 

who arrived at the Lobby within a couple of minutes to interact with, he and his partner were then 

presented with a link to click on to enter a chat room created for them in real time. Otherwise they 

were requested to come back later. Some students needed to make up to 15 attempts in order to be 

successfully matched for a chat. Thus, many students were frustrated. A follow up analysis 

(Ferschke et al., 2015) reports a negative impact on commitment to the course for students who 

experienced this frustration. An important lesson learned from this study was that whereas 
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providing the opportunity for synchronous chat was positive for students for whom it was possible 

to be matched for a chat easily, this positive effect was balanced with a negative effect in the case 

where the lack of critical mass despite the total enrollment of 20,000 students from their MOOC 

was not sufficient to enable a quick match. Additionally, research on conversational agents shows 

that the efficacy of the agents is heavily influenced by multiple factors such as the cognitive skills 

of the learner, the teacher’s authority, the students’ background, the agent verbosity level, the 

difficulty of the instructional domain, the students’ interaction pace as well as the type of the 

facilitation strategy employed by the agent.  

 

 

Figure 23: An example of an agent-based synchronous chat activity in a MOOC environment 

(Rosé & Ferschke, 2016) 

The combination of all those factors illustrate that more experimentation is required in order to fine 

tune the design of conversational agents providing collaborative learning support of considerable 

pedagogical value in MOOC settings. There is a clear need to define a group of best practices and 

strategies enabling the implementation of efficient conversational agents that effectively support 

and guide students participating in MOOCs and are agile enough to be able to operate in different 

online discussion contexts without requiring a lot of setup effort.    

2.3.3  Conclusions  

Concluding the above analysis, we emphasize the following:  

• Conversational agents (or chatbots) have been used in learning settings as a special 

type of pedagogical agent, to support any type of learning outcomes.  

• Agents have been used mostly in one-on-one learning settings (agent interacting with 

one student), while research so far has identified both benefits and risks/shortcomings 

of the approach. Importantly, current studies highlight the need to understand how to 

benefit most from engaging both a teacher and an agent in the same educational 

environment.  

• Recently, research is published (limited though) focusing on the issue of integrating an 

agent in collaborative learning settings, thus supporting the peers in processes of 

collaborative knowledge building.  
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• Massive Open Online Courses (MOOCs) also have attracted research interest as a 

promising and challenging learning setting for deploying conversational agents, 

aiming to provide essential students support in the absence of human teacher’s 

presence.  

• Finally, it is important to emphasize that conversational agent building in the learning 

setting is typically considered as an expert’s group task while the perspective of 

developing agents to be configured by teachers (thus, engaging teachers as agent co-

creators) is not explored at all.  
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3  Proposed model 

3.1  Identified ‘gaps’ to guide the conversational agent design approach 

In this section we identify ‘gaps’ as opportunities for innovative design, development and research 

based on the previously presented (and also partially in other deliverables as well) CA design 

approaches and relevant research outcomes. The objective of this section is to highlight how these 

identified gaps have become major aspects in the design and development of the colMOOC project 

agent service.  

As discussed previously, many agent approaches exist and can be used in many different fields. In 

education, conversational agents have been used to reveal social skills and interact with learners on 

a broad range of topics, to perform a wide variety of instructional roles, to provide customized 

instruction or feedback to the learners in various learning scenarios, or even interact with learners 

using various communication channels.  

Conversational agents can be used in one-to-one learning settings but also can support groups. 

Limited research has been made regarding the use of conversational agents in dyads conversation 

settings where students interact through a chat interface and a conversational agent intervenes in 

the discussion. In such settings, the key objective is to have productive conversational peer 

interactions, such as argumentation, explicit explanation and mutual regulation, triggered and 

expanded by the agent intervention and contribution to the group activity. In order for the agent to 

make proper interventions it must be aware of the domain students are talking about and the APT 

moves that could potentially enrich students’ discussion and positively affect the results of 

collaborative learning. In a learning context, the key design feature of an agent would its 

configurability by the teacher who is the expert to shape the domain properly. This functionality, 

to provide teachers with an interface to create the knowledge domain of the agent, is not currently 

supported by existing conversational agent approaches.     

In the scope of the above background, a prototype configurable conversational agent system was 

designed (from now on we refer to this prototype as the ‘colMOOC agent’). In designing the 

colMOOC agent we considered three design perspectives as ‘gaps’ that provide opportunity for 

innovation. These design perspectives address respectively the cognitive, socio-cultural and 

technical dimensions of technology-enhanced learning. In detail:   

a) colMOOC agent to support productive forms of peer dialogue (cognitive dimension). 

b) colMOOC agent as teachers’ open tool for configuring a domain-independent agent 

(socio-cultural dimension). 

c) colMOOC agent as an interoperable tool to be integrated in MOOCs platforms 

(technological dimension).   

These three critical design perspectives of the colMOOC agent are presented in detail in the 

following subsections. The ongoing design and implementation process of the overall colMOOC 

system is viewed as an opportunity to explore relevant critical research questions. 

3.1.1  colMOOC agent to support productive forms of peer dialogue (cognitive 
dimension) 

Although the conditions that facilitate collaborative knowledge construction cannot be easily 

identified, numerous research efforts focused on the factors making group discussions productive 

for learning and community building (Sionti, Ai, Rosé, & Resnick, 2012). As discussed in D1.2, 

transactivity and explicitness can be regarded as two valuable indicators of a productive dialogue. 

Drawing on the socio-cognitive theoretical framework, researchers universally value:  

● (a) Explicitness: the explicit articulation of reasoning in dialogue, as well as  
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● (b) Transactivity: the existence of references and connections among items of articulated 

reasoning (Stahl & Rosé, 2011; Sionti et al., 2012). 

Building on those findings, which emphasize the educational benefits of learning activities where 

partners use one another as information resources, we propose that the development of 

conversational agents supporting learners during collaborative activities should take into 

consideration the value of agent-generated prompts in encouraging (and also challenging) learners 

to explicate their reasoning and sustain transactive dialogue as a productive form of peer 

interaction.  

Considering that peer interactions constitute the primary learning mechanism in collaborative 

learning settings, the agent design does not focus on thoroughly modeling each learner’s 

understanding by using complex knowledge structures for each different domain. Instead, attention 

is given on identifying efficient techniques of modeling and triggering constructive peer 

interactions through fine-tuned APT agent interventions (Tegos, Demetriadis, Papadopoulos, & 

Weinberger, 2016).  

Taking into account that the ‘explicitness’ of students’ reasoning is typically regarded as a 

constructive conversational behavior and a prerequisite for dialogue transactivity, some research 

groups investigated the impact of automated agent interventions on students’ explicitness. A study 

showed that the operation of a conversational agent delivering APT-based interventions can 

increase the levels of explicit reasoning reported in students’ discussions (Tegos, Demetriadis & 

Karakostas, 2015). An examination of students’ agent-induced contributions revealed that students 

often respond to agent questions using statements exhibiting explicit reasoning about the key 

domain concepts being discussed (Tegos & Demetriadis, 2017). Dyke, Adamson et al.’s (2013) 

have reported similar findings, suggesting that a APT agent intervention mechanism, prompting 

students to share and clarify their own thinking, can drastically increase the amount of students’ 

reasoning.  

In their research study, Tegos, Demetriadis and Karakostas (2015) also proceeded to explore 

whether the dialogue ‘explicitness’ factor has a significant mediating effect on students’ learning 

outcomes. Typically, mediation is regarded as a hypothesized causal chain in which one variable 

affects a second variable that, in turn, affects a third variable. The intervening variable, M, is the 

mediator, which ‘mediates’ the relationship between a predictor, X, and an outcome, Y. After 

analyzing all students discussions in search of peers’ explicit contributions, it was found that 

students ‘explicitness’ could serve as a mediator (M), carrying the influence of the conversational 

agent interventions on students learning outcomes. 

 

 

Figure 24: The indirect effect of the agent interventions on individual learning through explicit 

argumentation 

 

The model illustrated in Figure 24 indicates that the beneficial impact of the conversational agent 

interventions on learning was mediated by the stimulation of explicit arguments throughout 
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students’ discussions. This effect shows that the efficacy of a conversational agent displaying 

unsolicited APT interventions in collaborative learning settings could be greatly enhanced if the 

agent was able to systematically engage peers in explicit argumentation. This finding is in line with 

other substantial research evidence highlighting the pedagogical value of engaging collaborators in 

argumentative discourse (Andriessen et al., 2013).  

3.1.2  colMOOC agent as teachers’ open tool for configuring a domain-
independent agent (socio-cultural dimension). 

Another key design perspective is that the colMOOC agent is designed as a tool enhancing the 

impact of the facilitation strategies as configured by the teachers themselves. This design approach 

further supports the role of the teacher/instructor who in charge of the orchestration and scaffolding 

of a learning activity.  

All reviewed design approaches in developing agents for learning are strongly based on the 

perspective of an agent developed and configured by experts and integrated in an educational 

setting partly replacing the teachers in their role. In our approach, however, the conversational 

agent is not designed to serve as a teacher replacement but as a tool configured by the teacher, 

aiming to facilitate students’ discussions through a series of dynamic interventions, which have 

been proven to be effective in classroom settings. The colMOOC conversational agent service 

enables the teacher to configure the dialogue-based behavior of the agent in chat activities and 

scaffold peer discussion through APT-based dynamic agent interventions.  

Therefore, in the colMOOC project, a ‘teacher-as-agent-designer’ viewpoint is adopted and the 

agent can be considered as a ‘teacher-group mediator’, meaning that the conversational agent 

software aims to automatically multiply and extend the impact of teachers’ constructive 

interventions that otherwise would be impossible to perform. We believe that this design approach 

‘respects’ the socio-cultural role of teachers/instructors by empowering them to act as the sole 

designers of the domain-relevant interventions performed by the agent. Thus, when peers interact 

with the agent the learning experience is based on teachers’ understanding of the domain and 

relevant instructional design decisions and not some third-party experts.  

3.1.3  colMOOC agent as an interoperable tool to be integrated in MOOCs 
platforms (technological dimension). 

Massive Open Online Courses (MOOCs) are becoming increasingly popular as an important 

alternative supplier of knowledge, training and accreditation, aiming principally at large-scale 

interactive participation and open access via the web (Littlejohn, 2013). Several MOOCs (so called 

‘xMOOCs’) are mainly developed as informational landscapes offering video-based tutoring 

enhanced with typical learning interactions, such as closed type questions, quizzes and certain 

student forums. They adopt mainly a ‘knowledge transmission’ perspective emphasizing teacher-

led individual learning, rather than learning through peer interaction (Conole, 2013). However, 

current trends in MOOC design include also consistent effort to advance more social and 

collaborative forms of learning by providing tools for peers to constructively interact during the 

course. In this way MOOC designers expect -among others- to also increase students’ motivation, 

engagement and satisfaction from the learning experience, and, in return, to lessen MOOC students’ 

high dropout rates (e.g. Barak, Watted and Haick, 2016; Ortega-Arranz et al., 2017; Yang et al., 

2017).  

The colMOOC project acknowledges that MOOCs provide an opportunity for exploring the 

development of smart technologies as teachers’ open tools that might further motivate and 

productively engage MOOCs learners in the learning activity. Therefore, the colMOOC 

conversational agent tool is developed as a web-based service able to be connected to MOOC 
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platforms and activated as a service for implementing chat-based activities. During a chat activity 

the agent service will be able to model peer dialogue through linguistic analysis and decide when 

to implement questioning interventions based on the teacher-configured domain model and on 

contextual parameters relevant also to the APT model. 

In order for the agent tool to be reusable in several domains, one key aspect of the colMOOC agent 

design is that the domain model can be imported in the agent tool by the teacher; thus, the agent 

becomes a flexible domain-independent tool. Using the provided editing interface, the MOOC 

teacher can set up online chat-based activities, configure the domain model of the conversational 

agent for each activity, and review visualizations of the agent-peers learning interactions provided 

by relevant learning analytics component. This also opens the way for building a community of 

practice, with instructors sharing and annotating successful designs of ‘colMOOC’ type 

conversational agents, including teacher-configured domain models that generate agent questioning 

interventions relevant to interesting tasks and problems for students to discuss. 

3.1.4  Conclusions  

The ‘gaps’ identified as opportunities for innovative design in the context of the colMOOC project 

are:   

● Build an agent software tool able to enact teacher designed interventions during peer 

discussions to promote more challenging and productive forms of peer interactions. Thus, 

the colMOOC agent is designed with a strong focus on APT-based teacher interventions 

which are expected to promote more productive and transactive forms of peer dialogue 

(cognitive dimension). 

● Build the agent software tool as teachers’ open tool for configuring a domain-independent 

agent (socio-cultural dimension), as opposed to the typical approach of building the agent 

system pre-configured by domain experts.  

● Build the colMOOC agent as an interoperable tool/service to be integrated in MOOCs 

platforms (technological dimension), as opposed to the non-integrable software design 

approach.  

In the following we describe how the above identified opportunities guided the design decisions of 

the colMOOC agent tool, regarding three respective dimensions: 

● Agent intervention strategies: how the agent enacts intervention strategies based on the 

APT model of teacher interventions. 

● Agent domain configuration: how the teacher can model any specific domain and provide 

a conceptual basis for the agent intervention strategies.    

● Agent integration in MOOCs platforms: how the agent software architecture supports the 

integration of the agent service in MOOCs platforms.  

 

3.2  Agent intervention strategies  

In order for the agent to perform any 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. In this section we: 

- a) Model the concept of ‘agent intervention strategy’ and relevant ‘transaction patterns’ in 

the context of the colMOOC project, and 

- b) Provide, as a showcase, an example of an intervention strategy (namely, the ‘AddOn’ 

strategy). A complete list of the implemented intervention strategies and transaction 
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patterns of the colMOOC agent is available in deliverable D2.2. However, for the current 

deliverable D2.1 to be self-contained we include here a specific example.  

Definitions:  

1) Intervention strategy: by this term we refer to the abstract representation of the process 

implemented in the agent software system that eventually results to the agent taking part 

in the peer discussion. The result of an intervention strategy is -most of the times- that the 

agent avatar appears in the chat service and poses a question to peers or makes some other 

statement (could be informative or providing some guidance). An intervention strategy 

comprises several levels of implementation, ranging from: 

a) the higher level abstractions that provide the overall perspective and pedagogical 

rationale of the strategy (for example, the ‘AddOn’ agent intervention strategy is 

relevant to the teacher practice to intervene in peer discussion and ask/encourage 

one peer to further comment (‘add something more’) in relation to what the other 

peer has just stated), 

b) the medium level that includes the definition of several aspects of the strategy in 

detail,  

c) the lower level of code-based implementation in the specific computational setting 

where it is implemented.  

2) Intervention: we use the simple term “intervention” to refer to the concrete onscreen 

manifestation of any intervention 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 constructivism being a learning theory?” 

3) Transaction pattern: by this term (or simply ‘pattern’ if there is no risk of confusion) we 

refer to the exact conditions happening during peer dialogue that trigger the agent to enact 

some intervention strategy and eventually perform 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 example, 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, consisting of 3 or less words”. We chose to name this kind of patterns as ‘transaction’ 

(and not -for example- ‘interaction’ patterns) mostly to remind to all stakeholders that it is 

the ‘transactional’ quality of the dialogue that matters for triggering an intervention 

strategy. The transactional quality of the dialogue is relevant to the degree that peers reason 

on each other’s contributions/comments thus collaboratively developing a common 

understanding or problem solving strategy. Transaction patterns, therefore, represent 

somehow some transactionally poor peer dialogue situation where the agent is programmed 

to identify as opportunity for enacting an intervention strategy. In the example above the 

system recorded information that “...partner has either remained silent or sent a short reply, 

consisting of 3 or less words” refers to a transactionally poor situation that becomes part 

of a pattern and triggers the respective intervention strategy.  

The table below presents how a specific agent intervention strategy called “AddOn” is structured 

and modeled. First, the intervention is identified by: 

1) Its specific “Intervention name”, 

2) Its current implementation “version” and, 

3) A short information regarding its “development state” and inclusion in colMOOC 

player component v.0.1.  

The following rows of the table, present:  



D2.1: Conversational Agent Model Design 

colMOOC – Project Number: 588438-EPP-1-2017-1-EL-EPPKA2-KA 41 

4) “Intervention Description”: a description of the conditions triggering the 

intervention and of what is accomplished by the delivery of the agent intervention, 

5) “Purpose” (or goal): the learning (cognitive) objective of the intervention,  

6) “Transaction pattern” (“triggers when”): a precise description of the conditions 

that may lead to the delivery of the actual intervention, 

7) “Requires Modeling Of”: a list of contextual information that needs to be modeled 

in order to enable the detection of the transaction pattern,  

8) “Requires Conceptual Link(s)”: the conceptual links that are relevant to the 

implementation of the specific intervention strategy,   

9) “Transaction pattern example”: showcasing an occasion that can be considered an 

intervention trigger, and  

10) “Intervention message example”: displaying the text of the actual intervention that 

could be delivered by the agent in a colMOOC chat environment. 

Table 2: The ‘AddOn’ intervention strategy 

Intervention 

Name 
AddOn 

Intervention 

Strategy Version 

1.0 

Development 

State 

Implemented in colMOOC player v.0.1. 

Intervention 

Description  

After a student introduces a particular key concept into the dialogue and 

their partner have remained silent or provided a very short response within 

10 seconds, the agent intervenes asking their partner if he/she has anything 

to add on that specific concept.  

Purpose ● Prompt a student for further participation and encourage them to 

explicate their thoughts on a key domain concept introduced by 

their partner. 

● Support accountability to the Learning Community.  

Triggers When  

(Transaction 

Pattern) 

Ten (10) seconds after a domain concept was introduced by a student, their 

partner has either remained silent or sent a short reply, consisting of three 

(3) or less words. 

Requires 

Modelling Of 

● Domain concept detected in last student utterance  

● Domain concepts already discussed (chat history) 

● 10-second monitoring of partner’s actions (detection of utterance 

size) 

Requires 

Conceptual 

Link(s)  

With 1 or 2 concepts 

[Concept A] or [Concept A + Relationship + Concept B] 

Transaction 

Pattern Example 

“[10:32:28] Student A: I think [Concept] is really important since... 

[10:32:32] Student B: ok” 
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Intervention 

Message 

Example 

“[10:32:38] Agent: [Student A], would you like to add something to what 

your partner [Student B] said about [Concept A/B]?” 

 

Comments: This particular type of intervention derives from the APT discourse framework and 

aims to support accountability to the learning community. In general, accountability to the learning 

community emphasizes the need for students to listen to one another, attending carefully so that 

they can use and build their ideas upon their partners’ ideas. In essence, an AddOn interventions 

attempt to keep group members on the same page and help them link their contributions to the on-

going conversation relating to a domain concept (e.g., Concept A). For instance, if Student-A has 

talked about Concept A, the agent may intervene asking Student-B a question such as “Student-B, 

do you have anything to add to what Student-A has said about `Concept A`?” 

Please note that a full description of the APT-model that constitutes the basis of the agent 

intervention strategies is provided in the 2.3 section of D1.2. 

 

3.3   The colMOOC Editor and Player components 
 

 

Figure 25: Major components of colMOOC architecture: Editor and Player 

 

The colMOOC basic architecture consists of two major components: the colMOOC editor and the 

colMOOC player. With the colMOOC editor component, teachers can create chat-based activities 

where a topic is given to students which they asked to discuss on, and furthermore provide their 

collaborative answer. Teachers can enter all the activity’s relevant information, such as the 

discussion topic, guidance instructions, and shape the agent’s domain model by inserting 

conceptual links.  

The output of the editor becomes input for the player to enact the chat-based activity. The 

colMOOC player is in direct connection with the MOOC platform through an Application 

Programming Interface (API) to receive relevant information such as the course ID and the 

students’ IDs. The player component is now responsible for auditing learners’ chat and makes 

intervention where necessary. Those interventions are being orchestrated by the domain model that 

has been shaped by the instructor and from the intervention model. The interventions are depicted 

in the chat dialogue area. The type of interventions is based on the APT model to encourage 

participants to have a more productive dialogue. Please note that explicit information regarding the 



D2.1: Conversational Agent Model Design 

colMOOC – Project Number: 588438-EPP-1-2017-1-EL-EPPKA2-KA 43 

colMOOC editor and colMOOC player components and their functionalities is reported in 

deliverable D2.2 (CA Module) and deliverable D4.2 (1st version of the colMOOC Platform). 

To create a colMOOC chat activity in a MOOC platform, the specific MOOC platform must be 

“colMOOC compatible”. Being a platform colMOOC compatible means that the specific platform 

provides teachers the opportunity to create a new “colMOOC chat activity” just like they create 

activities of other types. By choosing to create a new colMOOC chat activity, teachers create a 

direct link to the editor part of the activity at the colMOOC server, to further set up the agent. 

MOOC platform transfers all available data to the colMOOC server through API, such as the course 

ID and the student IDs that participate in the course.  

After setting up the agent, the activity configuration file is being created at the server, and the same 

link that was used by the teacher to set up the activity is being used by the students to load the 

player and access the activity at the colMOOC server. By entering the player, students form dyads 

in order to start the activity. 

 

3.4  Agent domain configuration 
In this section we present how the teacher user can model any specific domain and provide a 

conceptual basis for the agent intervention strategies.  

The colMOOC editor employs an administration interface enabling educators to create a 

conversational agent by entering a series of conceptual links, forming the agent domain model in a 

task. This approach originates from the work of Tegos & Demetriadis (2017), who utilized a 

concept mapping interface allowing teachers to easily configure web-based conversational agents. 

The colMOOC editor follows a similar approach and enables the dynamic configuration agent-

based chat activities. Each activity, which is associated with a task, asks students to work in groups 

and provide a joint response to an open-ended learning question.  

A teacher can use the domain configuration panel of the colMOOC editor in order to model the 

agent domain knowledge by entering a series of conceptual links, which are simply structured 

statements involving key domain concepts. Each statement may consist of a subject (concept A), 

an object (concept B), and a verb or verbal phrase (connection). All those elements can be rendered 

by the colMOOC platform and visualized in a concept map as illustrated in the prototype mockup 

(Figure 26 below). This map can essentially be regarded as the domain knowledge representation 

of the agent for the specific activity.  

 

 

Figure 26: Agent domain knowledge configuration (prototype UI) 
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