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Abstract This article offers a vision for technology supported collaborative and discussionbased learning at scale. It begins with historical work in the area of tutorial dialogue systems.
It traces the history of that area of the field of Artificial Intelligence in Education as it has
made an impact on the field of Computer-Supported Collaborative Learning through the
creation of forms of dynamic support for collaborative learning, and makes an argument for
the importance of advances in the field of Language Technologies for this work. In
particular, this support has been enabled by an integration of text mining and conversational
agents to form a novel type of micro-script support for productive discussion processes. This
research from the early part of the century has paved the way for emerging technologies that
support discussion-based learning at scale in Massive Open Online Courses (MOOCs). In
the next 25 years, we expect to see this early, emerging work in MOOC contexts grow into
ubiquitously available social learning approaches in free online learning environments like
MOOCs, or what comes next in the online learning space. These ambitious social learning
approaches include Problem Based Learning, Team Project Based Learning, and
Collaborative Reflection. We expect to see the capability of drawing in and effectively
supporting learners of all walks of life, especially impacting currently under-served learners.
To that end, we describe the current exploratory efforts to deploy technology supported
collaborative and discussion-based learning in MOOCs and offer a vision for work going
forward into the next decade, where we envision learning communities and open
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collaborative work communities coming together as persistent technology supported and
enhanced communities of practice.
Keywords Conversational agents . Computer-supported collaborative learning .
Massive open online courses

Introduction
Across theoretical frameworks in which learning is studied, including behaviorist,
cognitive constructivist, and sociocultural perspectives, conversation is valued
(Hmelo-Silver et al. 2013; Resnick et al. 2015). Within each of these research
communities, conversation is valued in a different role. For example, it may be
viewed as a stimulus for learning, a medium through which learning processes
begin externally to the learner and are gradually internalized, a medium in which
participation constitutes learning, or an experience where learning is development
of conversational practices. A growing interest and involvement in development of
technologies to support discussion for learning has been represented within the AI
in Education community over the past two decades. Beginning in the mid-90s, this
interest initially focused mainly on the area of tutorial dialogue systems to support
individual learning (Evens and Michael 2006; Aleven et al. 2003; Zinn et al. 2002;
VanLehn et al. 2002) and gradually included more and more emphasis over the past
decade on computer-supported collaborative learning supported by conversational
agents and other dynamic support technologies (Kumar et al. 2007; Kumar and
Rosé 2011; Dyke et al. 2013; Adamson et al. 2014). With the recent rise in focus on
Massive Open Online Courses (MOOCs), a new opportunity has opened for impact
of technology support for collaborative and discussion-based learning experiences
as innovative forms of learning in what is still mainly a solitary learning environment. In this article we will discuss both the history of development of tutorial
dialogue agents in their various roles within the AI in Education community and
their potential impact as one of a range of potential technological supports for
discussion-based and collaborative learning in MOOCs (Ferschke et al. 2015a).
Throughout we will refer to advances in the field of Language Technologies and
how they have contributed to this work, and yet what is still needed from them that
we envision being developed in the next 25 years. Though this paper describes a
long history of work that is completed, it raises a challenge for work that will take
the next 25 years to accomplish. In particular, what we would like to see is a world
where learners of all walks of life, including currently under-served learners, can
find ubiquitously available learning experiences to meet their personal learning
goals in a way that supports them cognitively, motivationally, and socially. It is the
social dimension that we focus on in this paper. Currently available platforms for
learning at scale are frequently impoverished on this dimension, which is a problem
for all, but especially under-served students who are in greater need of support.
Learning in these environments is typically mostly a solitary experience. Though
there are almost always discussion forums included in these environments, they are
often just an appendage, and not effective in meeting the needs of learners,
especially under-served learners who need more support.
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Historical Foundations
Tutorial Dialogue
Interest in discussion-based learning in the AI in Education community is typically
motivated by the famous finding that expert human tutors are highly successful at
educating students (Bloom 1984; Cohen et al. 1982). Students working with an expert
human tutor have been believed to achieve a learning gain of up to two standard
deviations above those in a regular classroom setting. Emulating this B2 sigma effect^
has long been the holy grail of intelligent tutoring research. While great strides in
developing instructional technology had been made by that time especially in the area
of building coached problem solving practice environments (Gertner and VanLehn
2000; Koedinger et al. 1997), achieving the goal of the full extent of the effectiveness
of expert human tutors remains elusive to this day. And it should be noted that
subsequent research has demonstrated that the majority of human tutors behave substantially differently from expert human tutors (Graesser et al. 1998) and that even award
winning instructors do not always achieve a significantly higher learning effect than
equivalent non-interactive learning support (VanLehn et al. 2007). Nevertheless, there
are many impressive demonstrations of the potential of effective teacher led discussionbased learning to yield steep changes in achievement on standardized tests that persist
for years and are associated with transfer effects across learning domains (Resnick et al.
2015). Thus, while identification of the most strategic way to use technology to achieve
positive impact on instruction through dialogue remains something of a mystery, the
desire to solve it nevertheless must be recognized to have a substantial empirical basis.
The search for the answer to the elusive B2 sigma effect^ has taken many forms, but
one common thread through generations of investigation has been the belief that the
answer lies in the natural language dialogue that is the dominant form of communication
between students and human tutors. In particular, much work has adopted a Socratic
tutoring style where students are led to construct knowledge for themselves through
directed questioning (Carbonell 1969; Rosé et al. 2001). Early efforts to emulate the
effectiveness of human tutorial dialogue, such as the SCHOLAR system (Carbonell 1969;
Carbonell 1970) and the original WHY system (Stevens and Collins 1977), were often
acknowledged as the landmark systems in the history of intelligent tutoring research.
Nevertheless, it was acknowledged that in that early work the conception of what Socratic
tutoring is and why it should be effective was not sufficiently well worked out, and the
language technologies needed to support such interactions were not yet mature.
Tutorial dialogue agents have proven capable of leading students through directed
lines of reasoning in medicine (Evens and Michael 2006), Geometry (Aleven et al.
2003), electronics (Zinn et al. 2002), and physics (Freedman et al. 2000; Rosé 2000;
Jordan et al. 2001; Rosé et al. 2002; Rosé et al. 2005). These tools enabled a series of
successful evaluations in real classrooms, including our own work (Rosé et al. 2001;
Rosé and Torrey 2005; Kumar et al. 2006). Nevertheless, it eventually became clear that
one major road block to achieving impact with the technology was that student
expectations of computer agents acted as a hindrance to them interacting with the agents
in instructionally beneficial ways, regardless of the technical capabilities of such agents
(Rosé and Torrey 2005). Thus, in recent years a growing amount of attention turned to
the use of conversational agents as facilitators in collaborative learning interactions,
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where the richness of human interaction could be experienced through peer interactions,
and correct content and guidance could be provided by carefully designed agents
(Kumar et al. 2007; Dyke et al. 2013; Adamson et al. 2014). From a different angle,
some recent work still targeting individual learning with technology has sought to
leverage the same feel of a group interaction through multiple agents interacting with
individual students in what are referred to as trialogues (Graesser et al. 2014).
Computer-Supported Collaborative Learning
At least a decade of research shows that students can benefit from their interactions in
learning groups when automated support is provided (Hmelo-Silver 2003), especially
interactive and context-sensitive support (Kumar et al. 2007; Kumar and Rosé 2011;
Adamson et al. 2014). Until recently, the state-of-the-art in computer supported collaborative learning has consisted of static forms of support, such as structured interfaces, prompts,
and assignment of students to scripted roles (Fischer et al. 2013). This earlier work, referred
to as scripted collaboration, has been a major focus of the field of Computer-Supported
Collaborative Learning in the past decade, and despite its limitations, has produced
numerous demonstrations of its effectiveness in improving collaborative learning.
The concept of adaptive collaborative learning support was first evaluated in a Wizardof-Oz setup and found to be effective for supporting learning (Gweon et al. 2006). As a
further proof of concept of the feasibility and potential impact of such an approach, Kumar
and colleagues have evaluated tutorial dialogue agents as support for pairs working
together in a power plant design task in a sophomore thermodynamics course (Kumar
et al. 2007). In that study, working with a partner student and with support of an agent led
to a 1.24 standard deviation improvement in learning over a control condition where
students worked alone. Students who worked either just with a partner or just with the
computer agent learned approximately 1 standard deviation more than the control condition students. Thus, the support offered by the partner student and the agent were
synergistic rather than redundant. In other work, Cognitive Tutors provided an environment in which intelligent support scaffolded a peer tutoring process (Walker et al. 2011).
Context-sensitive or need-based support necessitates on-line monitoring of collaborative learning processes. Automatic analysis of collaborative processes is an advance
in the field of Language Technologies that has value for real time assessment during
collaborative learning, for dynamically triggering supportive interventions in the midst
of collaborative-learning sessions, and for facilitating efficient analysis of collaborativelearning processes. The area of automatic collaborative process analysis has focused on
discussion processes associated with knowledge integration. Frameworks for analysis
of group knowledge building are plentiful and include examples such as Transactivity
(Berkowitz and Gibbs 1983; Teasley 1997; Weinberger and Fischer 2006), Intersubjective Meaning Making (Suthers 2006), and Productive Agency (Schwartz
1998). So far work in automated collaborative learning process analysis has focused
on text-based interactions and key-click data (Soller and Lesgold 2000; Erkens and
Janssen 2006; Rosé et al., 2008; McLaren et al. 2007; Mu, Stegmann, Mayfield, Rosé,
& Fischer, 2012). However similar work applied to audio data has begun (Gweon et al.
2013), and in the future we anticipate automated analysis of video will enable dynamic
support for learning in groups that is starting to be used in MOOC contexts, currently
unsupported (Kulkarni et al. 2015).
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Moocs: The Bleeding Edge
Part of the initial excitement about MOOCs was the potential to make education less
expensive, and thus potentially reduce the achievement gap between low and high socioeconomic status students, and ultimately improve social mobility. However, despite the fact
that the majority of MOOC learners who fill out course surveys self-identify as relatively
highly educated, the completion rate even among these students is an abysmally small
percentage, frequently about 3 %. Analyses of attrition and learning in MOOCs even for
these learners both point to the importance of social engagement for motivational support
and overcoming difficulties with material and course procedures (Breslow et al. 2013). This
finding echoes earlier findings that demonstrated the importance of social support for
increasing retention of under-represented minorities in STEM majors in brick-and-mortar
institutions (Treisman 1992). If we can improve the experience of community and social
support around MOOCs, we may potentially decrease attrition for the current ilk of MOOC
participants. If we can increase the available social support, our vision is that within 25 years
we can create environments where under-served and under-represented learners may also
find an appropriately supportive and conducive learning environment that is attractive to
them and meets their instructional needs. The opportunity for impact is great if we look past
the top tier and other four year institutions of higher learning, and instead target community
college level instruction.1 We must understand and respect the unique needs of such learners,
however, many of which are returning to school after earlier discouraging attempts, where in
many cases Blife got in the way^ in sensitive ways that make returning to school especially
stressful. Creating a supportive environment in which these learners can find community,
support, dignity, and respect is essential for achieving this impact.
However, the reality of current content-focused xMOOCs, such as the typical
MOOCs offered through Coursera, edX, and Udacity, is that opportunities for exchange
of ideas, help and support are limited to threaded discussion forums, which are often
not well integrated with instructional activities and as a result lack many of the qualities
identified as reflecting instructionally beneficial interactions from prior work in the
field of CSCL (Rosé et al. 2015). In contrast, constructivist MOOCs, or cMOOCs,
typically provide an eclectic variety of affordances for social interaction including
blogs, Twitter communication, email, Facebook study groups and others, with the idea
that students should have the freedom to find a context for learning socially within this
variety that they feel comfortable with, which may be effective for engendering a wider
variety of discourses contextualized within the learning and therefore meeting different
instructional needs (Siemens 2005; Smith and Eng 2013). One downside of this
approach, however, is that many students find the variety disorienting and anxietyinducing, especially those who lack appropriate self-regulated learning skills (Smith
and Eng 2013).

Dual-Layer Moocs: A Case Study
In Fall 2014 we launched what we termed a Bdual layer^ MOOC on the edX platform,
with lead instructor George Siemens, and co-instructors Dragan Gašević and Ryan
1
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Baker. It was termed a Bdual layer^ MOOC because students had the option of
following a more standard path housed in the edX platform for moving through the
course in one layer or to follow a more self-directed path in an environment called
ProSolo, 2 developed by Gašević and colleagues that formed a second layer. This
MOOC, entitled Data, Analytics, and Learning (DALMOOC), was launched in
October of 2014 and extended for 9 weeks in addition to an orientation week as part
of in an iterative, design-based research process the author team is engaged in to
integrate affordances for richer, theory motivated learning experiences into xMOOCs.
The purpose of the ProSolo integration was two-fold a) increasing the social learning
experiences of self-regulated learners in MOOCs through social competency approaches to learning and b) developing learner knowledge graphs that reflect what a
learner knows and how they have come to know it. This ProSolo layer served as a
striking alternative to the more scripted xMOOC approach to MOOC learning, which
remained available to students through the edX layer. Learning in ProSolo is social in
the sense that students follow and communicate with other students during the process
of setting their learning objectives. However, beyond that, the learning experiences
students engaged in within the ProSolo environment are still largely individual in
character. Early results from DALMOOC indicate that learners experience some
uncertainty and discomfort in transitioning from instructor-driven to self-regulated
learning. Learners within the edX course found the distributed structure of
DALMOOC confusing at times. Better scaffolding and support is needed to assist
learners in transitioning between structured instruction and open engagement in social
systems (either the open web or within ProSolo).
In that context, we deployed two different interventions leveraging advances in
Language Technologies such as automated analysis of discussion behavior to trigger
dynamic support (using an unsupervised matrix factorization approach), including what
we termed the Quick Helper and a direct import of our agent supported collaborative
learning technology, which we referred to as Bazaar Collaborative Reflection in this
context. These serve as examples of how MOOCs can be extended to support community building and discussion based learning, just one step towards the grander vision
that will take 25 years to accomplish. As just one example problem the field must seek
to address going forward, the early MOOC platforms pose challenges for integration of
these types of experiences. The specific examples presented here represent ways stateof-the-art learning interventions can be integrated with current MOOC platforms in a
way that enables both an early form of social support as well as a platform to support
further experimentation in that context. Over the next 25 years, we expect to see social
learning practices supported more effectively at scale, overcoming coordination challenges, and provided ubiquitously within free learning environments, such as MOOCs.
The Quick Helper
Earlier research on MOOC discussion forums indicates that the experience of confusion
as well as exposure to other students’ confusion are both associated with elevated
attrition in MOOCs (Yang et al. 2015), and attempts at resolving confusion by making
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help requests in the threaded discussions are frequently left without a satisfactory
response (Yang et al. 2014).
In response to these two problems, a specifically discussion-focused intervention,
called the Quick Helper, was integrated with DALMOOC to support help seeking as
well as increase the probability that help requests will be met with a satisfactory
response. Results of an experimental manipulation inform how to increase willingness
of learners to request helpers to participate in their threads (Howley et al. 2015). While
virtually all MOOCs offer threaded discussion affordances where students can post
help requests, some students are reticent to ask for help, and even when students do
post help requests, many of these requests go unanswered. Our help seeking intervention connects students, whose questions may go unresolved, with student peers who
may be able to answer their question. The Quick Helper is continuously available to
students by means of a button. When they click, they are guided to formulate a help
request. The help request is posted to the MOOC discussion board, and the text and
metadata are forwarded to our Quick Helper system. Using this help request, a contextaware matrix factorization model selects three potential help providers from the pool of
student peers. For this decision, it takes into account features from students, questions,
and student connections as described in (Yang et al. 2014). The student is then given
the option to invite one or more of these potential helpers to their thread as shown in
Fig. 1. Once selected, an email with a link to the help request thread is then automatically sent to the selected helpers inviting them to participate in the thread. This
approach is the first step towards bringing peer help recommendation into the
MOOC space considering the unique characteristics of MOOCs such as the relatively
weak social bonds between students, the great diversity among students, the lack of
knowledge about specific students, and the wide range of motivations for students to
participate in a MOOC which influences their possible roles as help providers. Future
progress in user modeling based on the noisy MOOC data and taking into account the
social ties between users within and outside of the MOOC platform will allow us move
towards more sophisticated help recommendation approaches as proposed and
achieved using knowledge based approaches in related work on online help recommendation for on-campus education such as i-Help (Greer et al. 1998; Vassileva et al.

Fig. 1 A screenshot of the Quick Helper helpers selection window (left) and the Bazaar Collaborative
Reflection synchronous chat (right)
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2003). What QuickHelper represents is a less sophisticated form of support, but one
that leverages an unsupervised matrix factorization approach to power the recommendation rather than one that requires a large scale knowledge engineering effort and
extensive knowledge about learners to be modeled, in the same manner as massive
recommendation affordances found in e-commerce websites.
Bazaar Collaborative Reflection
Another intervention, referred to as Bazaar Collaborative Reflection, makes synchronous collaboration opportunities available to students in a MOOC context. Research in
Computer-Supported Collaborative Learning has demonstrated that conversational
computer agents can serve as effective automated facilitators of synchronous collaborative learning (Dyke et al. 2013). However, typical MOOC providers do not offer
students opportunities for synchronous collaboration, and therefore students have not
so far been able to benefit from this technology. These activities were integrated into
DALMOOC by means of a Lobby program that provides a place where students may
wait briefly to be matched with a random conversational partner. Providing this service
allows for some flexibility when students arrive for a chat. When students are successfully matched with a partner student within the Lobby, they are provided with a link to
their own chat room. They then enter that room by clicking on the link. Then they are
able to interact with each other as well as a conversational agent who appears as a
regular user in the chat, as shown in Fig. 1.
While we have not yet assessed the influence of Bazaar on learning in a MOOC
context, we performed a survival analysis to evaluate the influence of this
collaborative learning activity on attrition. Using the number of clicks on
videos and the participation in discussion forums as control variables, we found
that the participation in chats lowers the risk of dropout by approximately 50 %
(Ferschke et al. 2015b).

Into The Future
As we observed learners experiencing the automated and social support integrated with
the innovative though fledgling DALMOOC, we observed students providing benefit
to one another when they connected, both in the ProSolo Layer and the more standard
edX layer. As we have noticed students gravitating towards the variety of communication media made available through ProSolo and in DALMOOC more broadly, we
have begun to investigate the choices students make for where they conduct their social
interaction, and what trade-offs we find in terms of the content focus and nature of
discussions in the different environments. As we read their communication, we see
evidence of confusion and frustration in the process of wayfinding through the choices.
Thus, we find many opportunities to better support students in finding and maintaining
desirable connections, support, and direction throughout these massive online courses.
The use of social recommender systems (such as Quick Helper) and group collaboration tools (such as Bazaar) are expected to lead to higher levels of metacognitive
monitoring, which we expect to be associated with an increase of confidence, feeling of
knowing, judgment of learning, and monitoring of progress toward goals. We continue
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to seek ways to integrate the technologies we have developed to achieve a more
positive experience for students.
We are engaged in a design-based research process in which we grapple with these
trade-offs as we seek effective practices for incorporating theory-motivated discussionbased learning opportunities in MOOCs. Specifically, we aim to import from the field
of CSCL insights into the specific affordances for instructionally beneficial conversational interaction offered by alternative online discussion contexts as well as insights
into what might be productive strategies for moving among them so that appropriate,
integrated support and guidance for students could be designed and offered. As part of
this effort, we join forces with an international collective consisting of researchers,
developers, instructional designers, instructors, and policy people to forge a new vision
for supporting discussion and collaboration in MOOCs.3 The goal is both to design and
build platform extensions to support effective learning, but also to provide new
opportunities to study learning through discussion in new ways and in novel contexts,
for example, addressing important questions related to learning in highly diverse
collaborative groups. Our hope is that this community will foster some of the collaborations that will produce the advances we envision in this article over the next
25 years.
Projecting the inspiration for our Bdual layer MOOC^ into the future, we envision
MOOCs of the future as gateways into persistent Communities of Practice. Web 2.0 has
produced ample evidence that with powerful architectures for supporting massive scale
coordination and communication, we can engage the masses to architect resources such
as Wikipedia, channel the programming skills of the many to develop open source
software resources, and leverage the efforts of the everyday individual through
crowdsourcing services like Amazon’s Mechanical Turk. Networked learning, where
the recent phenomenon of MOOCs is one example, is a corresponding form of online
participation where communities of shorter duration form for the purpose of providing
a context in which individuals can better themselves through a combination of individual learning and social engagement in mentoring relationships. In all cases, the
greatest resource lies in the great diversity of perspectives, expertise, skills, and energy
of the masses. In the kind of MOOCs of the future we envision, communities may be
launched with something like a learning progression or set of learning progressions that
are more or less pre-defined like courses. However, students will learn collaboratively,
through mentoring from more experienced community participants. The learning
progressions will bridge learning and practice. The goal will be to engage learners in
practices of Legitimate Peripheral Participation, which situate learning in some form of
work (Lave and Wenger 1991). On-Demand MOOCs that are beginning to be popularized on platforms such as Coursera may contribute positively to this development by
providing a more natural means for new participants to be introduced into a community
dynamically over time.
Nevertheless, the great resource in crowd power of online communities comes with
equally great challenges. While a diversity of perspectives and expertise offers the
opportunity for achieving greater insight, richness of understanding, and heightened
creativity, it may also lead to misunderstandings and conflict. Similarly, while the skills
and efforts of crowds make it possible to achieve higher productivity, it may also lead to
3
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diffusion of responsibility, duplicated work and even confusion. Decades of research
studying the inner workings of these communities, whether focused on learning, work
or a hybrid of the two, has revealed that a central problem underlying the success of
these efforts is channeling the attention and efforts of the masses. This channeling may
partly be achieved through facilitation of consensus and coordination achieved through
a careful balance of guidance and self-direction. On the other hand, unless this is
balanced with an effort to avoid premature consensus, group think, or abandonment of
valuable ideas that may simply have been overlooked, support for coordination and
consensus building could hinder the development of creativity or the growth of
innovation.
A proposed solution to this complex and multi-faceted challenge is to provide noncoercive personalized guidance through awareness tools that reveal the shape and foci
of the behavior data and resulting byproducts in a way that makes it natural for
collaboration to grow out of individual decision-making. We have begun to lay a
foundation for this work through technology that is able to identify role-based behavior
profiles associated with productive group and community outcomes. In this lightly
supervised modeling work, we do not initially prescribe the roles that should be taken
up by community members. Instead through a theory guided but data driven process,
we identify which configurations of behaviors are achieving positive outcomes, and
then work to foster greater representation of these behavior profiles. In ongoing work in
multiple learning and work communities, we will identify certain observed distributions
of behaviors as contributing towards measured outcomes of interest related to productivity and learning. This modeling then will then form an effective lens for making
sense of massive scale data from these contexts to fuel social recommendation agents
that can aid in channeling resources where they are needed. Some initial work along
these lines is just beginning (Yang et al. 2015; Ferschke et al. 2015c).
As we look to the future, we have to consider how current paradigms like scriptbased collaboration will adapt to the new environments for learning of the future. An
important area for needed scaffolding is help exchange. Where current interventions
such as the Quick Helper fall short is that they attempt to attract help resources to help
requests as formulated, but it does not currently support the process of asking for help
effectively, nor does it adequately and directly address the problem that certain students
are reticent to ask for help. Thus, there remains much work to do in this space.
Though it is by no means the only option with current MOOC platforms, the current
generation of MOOCs are mostly designed with support for transmission of knowledge, and with less attention to active engagement, and even where active engagement
in learning by doing activities are featured, scant opportunities for meaningful discussion activities situated within the learning are offered, and opportunities for creation of
knowledge are even more rare. Open questions remain about how to intensify the
learning by doing experience and build in more support for learning through discussion
and knowledge building.
For decades, the Knowledge Building community, led by Scardamalia and Bereiter,
has been focused on developing scaffolding for students to engage in discussions where
the goal is to create knowledge together (Scadamalia and Bereiter 2006). cMOOCs
similarly aim to foster community development, with the goal of producing knowledge
generation communities. However, many challenges exist: traditionally, Knowledge
Forum has been mainly used in classroom settings, and there is much to learn as it is
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adapted for use in a MOOC context. In Knowledge Building classrooms, the teacher
plays an important role setting the culture in which Knowledge Building can take place.
How can we replicate that in a MOOC? One question is related to structuring
interaction. cMOOCs are loosely structured, perhaps more so than the approach to
Knowledge Building that has been done in classrooms. The design space is wide open.
On one end of the spectrum one might imagine a Knowledge Building MOOC, which
would be Ba MOOCified Knowledge Forum^. In such an environment, we might begin
with the Knowledge Forum interface and pedagogy and think about how to import it
into a MOOC while preserving as much as possible from current practices. On the other
end of the spectrum, elements of Knowledge Building might be made available within
courses structured in more typical learning progressions and employing other pedagogies as well. A third option might be to introduce the Knowledge Forum approach
into an environment where large scale collaboration is already happening for producing
new knowledge, such as wikis. In this paradigm, wiki activities would be embedded in
MOOCs with support for knowledge building scoped within the wiki. Another issue to
consider is the role of the instructor. The teacher plays a critical role in Knowledge
Building classes. In order to import the associated pedagogical approach, support for
the instructor role would need to be designed. Recent efforts include investigations into
technology support through automated discussion analysis (Teplovs et al. 2007).

The Role Of Natural Language Processing
A running theme throughout this article has been the important role of natural language
processing, for making real time assessments, and for delivering interventions.
Advances in the field of machine learning and language technologies, in the specific
areas of text classification and text mining, as well as dialogue systems, have enabled
some of the advances described above. However, the field of Language Technologies is
its own field with its own history, which intersects with that of AI in Education. As we
look to the future where we hope to draw more and more from this sister field, we
would do well to consider its own trajectory and how it might synergize with our own
going forward.
Long time members of the computational linguistics community have observed the
paradigm shift that took place after the middle of the 1990s. Initially, approaches that
combined symbolic and statistical methods were still of interest (Klavans and Resnick
1994). However, with the increasing focus on very large corpora and leveraging of new
frameworks for large scale statistical modeling, symbolic and knowledge driven
methods for natural language processing were largely left by the wayside. Along with
older symbolic methods that required carefully crafted grammars and lexicons, the
concept of knowledge source became strongly associated with the notion of theory,
which is consistent with the philosophical notion of linguistic theory advocated by
Chomskyan linguistics and other theories of formal linguistics (Steele 1990; Backofen
and Smolka 1993; Wintner 2002; Schneider et al. 2004). On the positive side, the shift
towards big data came with the ability to build real world systems relatively quickly.
However, as knowledge-based methods were replaced with statistical models, a
grounding in linguistic theory grew more and more devalued, and instead a desire to
replace theory with an almost atheoretical empiricism became the zeitgeist that drove
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progress within the field. As a result, work in the field focused less and less on language
in ways that bridged easily to theoretical frameworks from the behavioral sciences,
including the learning sciences.
About a decade ago, just as an atheoretical empiricism was becoming not only the
accepted norm, but memories of a more theory driven past were sinking into obscurity,
an intensive interest in analysis of social data began to grow. At first this new interest
was treated as just another flavor of Information Retrieval, the area that gave us Google
search. Tried and true methodologies that had worked well on retrieval of documents
and management of large document collections were applied wholesale. But over time,
an awareness began to grow that social data had characteristics on its own, and new
methods would be needed in order to achieve adequate results. It was at this point that
interest in computational social science as the answer to this need began to arise.
However, the aim to replace theory with empiricism results in a culture clash when the
behavioral sciences are brought into the picture, in which theory drives empiricism, and
empiricism builds theory. Thus, there is no dichotomy. Atheoretical empiricism is not
attractive within the behavioral sciences, including the learning sciences, where the
primary value is on building theory and engaging theory in interpretation of models. In
the learning sciences, process measurements must be motivated in the theory in order to
be valid.
More recently, the tide has begun to turn back in ways that have the potential to
benefit the learning sciences. A growing appreciation of the connection between
constructs from the social sciences and work on natural language processing applied
to social data is surfacing in recent years, such as data from a variety of social media
environments. As this work draws significantly from research literature that informs our
understanding of how social positioning takes place within conversational interactions,
we are in a better position to track how students work together to create a safe or unsafe
environment for knowledge building, how students take an authoritative or nonauthoritative stance within a collaborative interaction, or how students form arguments
in ways that either build or erode their working relationships with other students. At a
very basic level, work within the area of computational sociolinguistics draws from
social psychological concepts of relative power in social situations (Guinote and Vesvio
2010), in particular aspects of relative power that operate at the level of individuals in
relation to specific others within groups or communities. At this level, relative power
may be thought of as operating in terms of horizontal positioning, which relates to
closeness and related constructs such as positive regard, trust and commitment, or
vertical positioning, which relates to authority and related constructs such as approval
and respect.
Within this sphere, language choices serve simultaneously as a reflection of the
relative positioning of speakers to their interlocutors as well as actions that operate on
those positionings (Ribeiro 2006). At a conceptual level, this work draws heavily from
a foundation in linguistic pragmatics (Levinson 1983) as well as sociological theories
of discourse (Gee 2011). Layered on top of the component processes for accomplishment of such goals are concepts related to expectations or norms that provide the
foundation for claiming such positions, which may be described from a philosophical
perspective or a sociological one (Postemes et al. 2000). Once such norms are set in
place, actions performed by utterances can be judged as consistent with these norms or
not. In so doing, it relates both to aspects of display of social and ethnic identity in so
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far as these constructed or indexed identities are associated with rights and obligations
within interaction (Myers-Scotton 1993). Here the goal is not to reflect a social or
ethnic identity for its own sake, but rather to leverage those identities in order to
accomplish something related to social positioning. In particular, it may position
content within a configuration of sides, in terms of its status within a debate as
consistent with one side or the other, or under consideration or not (Martin and
White 2005), which may include the reflection of the attitude of an individual towards
some entity (Martin and White 2005), or it may go beyond this reflection in attempting
to persuade another and in so doing to operate on this positioning. It may also touch
upon more practical goals to accomplish moves such as requesting an action or working
to persuade someone of some idea. In viewing interaction as providing a context in
which information and action may flow towards accomplishment of such goals,
speakers position themselves and others as sources or recipients of such information
and action (Martin and Rose 2007). When performatives break norms related to social
position, they have implications for relational constructs such as politeness (Brown and
Levinson 1987), which codifies rhetorical strategies for acknowledging and managing
relational expectations while seeking to accomplish extra-relational goals.
While this very general framing provides an umbrella under which work within this
area can be placed, the specific framing of individual publications varies substantially.
At one end of the spectrum, some contemporary publications in the Language
Technologies field are motivated purely from within the Language Technologies
literature with a focus either on categories of conversational behavior defined in earlier
research (Zhai and Williams 2014; Hasan and Ng 2014; Nguyen et al. 2012), or framed
from purely a task related perspective (Bhatia et al. 2014) or a modeling perspective
(Paul 2012). Other work has its foundations in sociolinguistic analyses of dialogue
structure (Prabhakaran et al. 2012; Mayfield and Rosé 2011), Rhetorical Structure
Theory (Allen et al. 2014), the Pragmatics literature on Speech-Act theory (Cadilhac
et al. 2013; Ferschke et al. 2012) or Politeness theory (Bramsen et al. 2011), and
Critical Discourse Analysis (Mukherjee et al. 2013). In recent years, a substantial
amount of work in this area has leveraged or at least references theoretical frameworks
from Social Psychology (Bak et al. 2014; Bracewell et al. 2012). Within that sphere,
some work has focused on more specific subcommunities such as the area of doctorpatient interaction (Wallace et al. 2013) or the literature on social support and health
(Mayfield et al. 2013).
As this bridging between fields continues to grow, we are in a better position to use
theoretical insights into the deep inner workings of language to motivate design
decisions that underlie the computational models we build. These insights have the
potential to yield greater validity in the work on learning analytics applied to conversational interaction data. Through more intensive collaboration between communities,
researchers in the Learning Sciences would have the opportunity to challenge the field
of Language Technologies with pointers to constructs that would be valuable to model
and predict, at the same time offering additional insight into the underlying social
processes the language patterns reflect. If the conversation is successful, the field of
Language Technologies will better fill its own often stated goal to provided modeling
tools in service of behavioral research, including learning research. With the rise of the
MOOCs, more interest in big data in education has taken root in the Language
Technologies and related Data Mining communities. However, the exchange between
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communities remains at a fledgling stage. In 25 years we hope to see this exchange
come to fruition.

Reflections
In late 2012, the New York Times4 declared 2013 Bthe Year of the MOOC.^ Massive
Open Online Courses were said to overturn the century-old model of higher education
and deliver top-tear teaching to the masses around the world – for free. Though this
view has fallen out of favour, the most enthusiastic advocates believed that in 50 years,
10 institutions could be responsible for delivering higher education.5 As the year neared
its end, all the excitement seemed to have vanished and the media coverage turned from
ecstatic to depressed and disillusioned. Even though the hype seems to be over, the
future of MOOCs has just begun now that fields such as Artificial Intelligence in
Education and Computer-Supported Collaborative Learning are just starting to extend
their impact to this new realm of massive online education. In this article we have set a
vision for the future of technology supported collaborative and discussion-based
learning at scale.
A major reason why MOOCs did not meet the high expectations is the fact that early
MOOCs were mere translations of their teacher-centered face-to-face counterparts into
an electronic format that ignored the importance of personal interaction in learning –
both between faculty and students and among students. MOOCs of the future should
not regard their students as anonymous masses of isolated individual learners who are
provided with static learning materials in the form of videos and scripts but rather as
communities of practice that develop their own means of support and knowledge
exchange within a framework and with methods provided by the MOOC. Such a
framework will include methods for assisting help exchange among students as
well as means to navigate the massive amount of data that is produced by the
community. Dynamic and user-centered support based on role-based behavior
profiles can build on existing well-established approaches to scripted learning
interaction and make use of current developments in Language Technologies to
provide support on a massive scale.
Rather than regarding MOOCs as scaled-up virtual classrooms, they should be
compared to interactive textbooks around which communities of practice are formed
that engage in collaborative learning and cooperative work driven by a common
interest. The MOOC platform plays the role of providing affordances that enable
learning and community building. These MOOC platforms will continue to be seeded
with learning materials and learning tasks by the MOOC designers, but as students take
a more active role as MOOCs grow into full fledged communities, the shape the
learning takes will be molded more and more by the community and its contributions
over time. Only then do we have a chance to witness a development similar to the
success story of Wikipedia, which started as a small expert-driven community and
could only grow to the size it is today by opening up to the public, providing
4
http://www.nytimes.com/2012/11/04/education/edlife/massive-open-online-courses-are-multiplying-at-arapid-pace.html
5
http://www.wired.com/2012/03/ff_aiclass/
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affordances for cooperative work and thereby inviting users from all over the world to
build a community around a shared goal.
The current generation of MOOCs have sometimes been referred to as the Alta Vista
of MOOCs, and we have not yet seen the Google Search of MOOCs. By the end of the
next 25 years, we expect that the very idea of a MOOC per se will have faded into a
distant memory, and will be replaced with a new, far more effective paradigm for
learning at scale. Our vision is that this paradigm will be one where ambitious social
learning practices will be ubiquitously offered, such as Problem Based Learning, Team
Based Learning, Collaborative Reflection, and spontaneous personalized mentoring.
These new environments will be active, thriving, communities where students are
supported on their personal learning path.
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