277. The great challenges and opportunities of the
next 20 years

Each section of this chapter is written by a different author focusing on a particular challenge
or opportunity for the future of their own choosing. There are various ways in which the
sections could have been organised but in the end, we left them in the order that they were
originally submitted. Note however that Sections 1, 3, 7 and 9 all deal with issues around
access and equity, Sections 4, 5, 8, 10 and 11 cover different kinds of learning and enabling
technology and Sections 2 and 6 offer two aspects of the same issue, namely ubiquity and
information overload.

1. AIED AND EQUITY
Maria Mercedes T. Rodrigo

The United Nations Sustainable Development Goal #4 aims to “ensure inclusive and equitable
quality education and promote lifelong opportunities for all” (UNESCO, 2021). The problem
this goal seeks to address, though, is massive and dire: 262 million children are out of school,
two-thirds of children do not acquire basic literacy and numeracy skills despite several years
in school, and 750 million adults are illiterate.

Al-based learning technologies offer a partial solution. Intelligent tutoring systems (ITSs),
adaptive instructional systems and other similar technologies have been shown to improve
learning outcomes, outperforming other instructional methods such as traditional classroom
instruction, reading printed or computer-based texts and laboratory and homework assign-
ments (Streenbergen-Hu & Cooper, 2014). Indeed, the effect sizes of computer-based intel-
ligent tutors approach those of human one-on-one tutoring (VanLehn, 2011).

Al-based technologies are particularly promising for low-prior-knowledge (LPK) learn-
ers. A meta-analysis from Ma and colleagues (Ma et al., 2014) showed that, regardless of
prior knowledge, learners achieve comparable learning gains from ITS use. Indeed, ITSs
offer LPK learners the opportunity to catch up with their high-prior-knowledge (HPK)
peers (Jackson et al., 2010). LPK learners benefit more than HPK learners from imme-
diate feedback (Razzaq et al., 2020) and from polite rather than direct intelligent tutors
(McLaren et al., 2011). As the technology matures even further, some researchers speculate
that we could design Al-based educational interventions to make use of eye trackers, brain
signals, cameras and microphones to monitor student attention and dynamically redirect it
in order to make better use of sparse attention resources (D’Mello, 2016). Some research-
ers are already integrating intelligent learning technologies with Massive Open Online
Courses (MOOC:sS) in order to make adaptive learning systems available at scale (Aleven
et al., 2018).

Under-resourced classrooms, whether in the Global North or South, seem like the environ-
ment in which Al-based educational systems can achieve the most impact. These technolo-
gies offer learners who are lagging behind a chance to raise their levels of achievement and
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The great challenges and opportunities of the next 20 years 607

potentially their life outcomes. However, many factors prevent this from taking place. Of
these, we discuss three: accessibility, cultural bias and teacher preparedness.

Lack of access to hardware and the internet is the most obvious impediment to use of ITSs
and other Al-based learning systems. Five percent of US families with children in the United
States do not have computers and 15% have no internet subscriptions (Holstein & Doroudi,
2021). Many low- to middle-income families are under-connected, that is, they have slow or
mobile-only internet access, or family members have to share devices. Some researchers have
suggested that educational interventions be designed specifically for use on mobile phones,
the primary computing platform of the Global South (Nye, 2015). However, people from
lower-income groups tend to use low-cost internet access, buying internet time and bandwidth
as needed and using it conservatively (Uy-Tioco, 2019). Telecommunication companies pro-
vide zero-rated internet that allows users access to certain news and social media sites. These
plans, though, limit the types of content and media that subscribers can access. Al-based
interventions, even when deployed on mobile technologies, are unlikely to be part of these
zero-rated plans and will tend to be beyond reach as these technologies are often built to run
on 5G networks (Gallagher, 2019).

A second impediment is cultural bias. Most ITS and Al in education research takes place
in Western, educated, industrialized, rich and democratic (WEIRD) countries (Blanchard,
2012). In terms of language alone, many Al-based materials are made for English speakers,
hence adoption in non-English-speaking countries requires extensive translation (Holstein &
Doroudi, 2021). Beneath these surface features, the models themselves on which these systems
base their intelligence are created using data from WEIRD populations and do not reliably
transfer to other cultures. Ignoring cultural and contextual factors can decrease a technol-
ogy intervention’s effectiveness on a target group (Baker et al., 2019). The study by Ogan
et al. (2015), for example, illustrates how most ITSs are designed for one-on-one instruction
and do not work as intended when used in Chilean classrooms where students often work
collaboratively.

A third impediment is teacher preparedness and support. Many teachers, especially those
in the Global South, lack the training and exposure that they need to effectively integrate
Al-based interventions in their classes (Rodrigo, 2021). Many have experience with produc-
tivity tools such as word processors and spreadsheets, but they do not have the skills to make
use of these and other resources in innovative ways. Teachers lack in-service training oppor-
tunities to improve on their skills. They also lack curriculum support: often, there is no pre-
made curriculum that integrates an ITS’s use. Teachers do not have a lesson plan that guides
their use of an innovation in a class or even an articulation of the alignment between the ITS’s
learning objectives and curriculum goals (Nye, 2014).

The result of these and other impediments is a “Matthew Effect”, also known as an accu-
mulated advantage phenomenon: those who already have access to sophisticated educational
systems will continue to improve their knowledge, skills and life opportunities (Gallagher,
2019). This pattern is already evident in studies regarding the use of MOOCs. MOOCs were
seen as democratizing technologies because they could provide quality education at little to
no cost, therefore increasing the number of people with post-secondary education (Ebben &
Murphy, 2014; Veletsianos & Shepherdson, 2016). Summaries of MOOC learner demograph-
ics, however, show the opposite: those who benefit are those who are already privileged, that
is, people aged between 20 and 40 who already have a post-secondary degree (Ebben &
Murphy, 2014; Gynther, 2016). Those who are less privileged will lag behind even further,
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unless course-corrected by other social, political or economic forces. Good education and
good educational technologies are among these forces.

How, then, can ITSs and other Al-based interventions contribute to greater equity? We ask
a few questions that might point to ways forward, in relation to the impediments cited earlier.
In terms of access: How can researchers and developers design Al-based interventions for
lower technology platforms? Instead of assuming high-end computers or mobile devices and
high-speed internet access, can we capitalize on more broadly available but less sophisticated
devices and platforms? In terms of cultural bias: How can we work with stakeholders from
the Global South to create systems that address their cultures and contexts? How do we adopt
pedagogies, content and teaching/learning strategies so that they embrace a greater diversity
of learners and their circumstances? Finally, in terms of teacher preparedness: How can we
create mappings between our systems and curricula? Can we build in teacher training, moni-
toring and support as part and parcel of our research undertakings? If we have constructive
answers to these questions, we stand to increase the adoption and impact of the technologies
we create and move all our learners towards the realization of universal, inclusive, equitable
and high-quality education.

2. ENGAGING LEARNERS IN THE AGE OF INFORMATION
OVERLOAD

Julita Vassileva

Al-powered tools free us from unpleasant, annoying, or boring tasks and make our lives more
comfortable and easier. Yet intelligent technologies also make us lazier, both physically and
cognitively. The abundance of information, including online learning sites and applications,
that are available at the tip of our fingers is both a blessing and a curse. We register the new
information, but do not have time to make sense of it, to see how it can be integrated with
what we already know; we live in a constant “cognitive dissonance”. Thinking, understanding
and aligning knowledge structures requires time and focused attention — a resource we lack,
due to our fear of missing out on something new in the meanwhile. We keep scrolling down
to find information that we already know and that confirms our current beliefs and prejudices;
this makes us feel comfortable and safe, more in control of the information barrage. How
to know which information or authority (source) to trust in an age when old authorities are
questioned, old monuments are falling to the ground, and political corruption is exposed on a
massive scale around the world? We are paralyzed by hesitation — what is worth remembering
or learning?

Nevertheless, humanity does adapt to the technologies it creates. An increasing proportion
of human skills are automated and we lose them. Do we even need to be literate? Do we need
typing or handwriting skills? We now dictate text to the computer, smartphone, smartwatch
or laptop, and they produce text that can be easily processed. Who needs spelling or gram-
mar skills? There are excellent spellcheckers, and decent grammar- and style-proofing tools.
Duolingo has revolutionized learning languages and made it available to everyone every-
where, in an engaging, playful way. But why even bother to learn a new language? Computer
translations are already quite good, at least between the most common languages. Google
translates for free even specialized legal documents, which normally require an experienced
professional translator in the area.
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Professions and entire categories of work are transforming or even disappearing at an unprec-
edented rate; the profession “translator” (at least from languages such as English, French,
Spanish and German) will almost certainly employ very few people in the future. Similarly,
many professions requiring high-level training, e.g., family doctors, lawyers, financial advi-
sors, possibly civil engineers and architects will likely be significantly reduced in numbers. It
could happen to teachers as well. We have already experienced telemedicine and telelearning
on a massive scale during the pandemic and it seems to work relatively well, while yielding
massive efficiencies. All these jobs require skills and knowledge developed after years of
systematic training, and they are likely to disappear or become extremely competitive. For
what jobs should we prepare our children? What skills should we learn to be able to requalify
ourselves after losing our jobs, when big changes happen in such a short time? Is human learn-
ing becoming obsolete? Is there a place for education, training, and mentoring in the future?

I believe that we need to commit a lot more attention to human learning, just as we do now
to climate change, and support it with technology to meet the new challenges. It seems that
basic literacy, numeracy, and language skills are important “Lego blocks” needed to build
higher-order (meta-) skills for abstract thinking, categorization, and organization, as well as
discipline, grit, and ability to focus attention on a problem and not give up. It is hard to learn
high-level skills directly. Skills for problem solving, discovery, creativity, planning, and deci-
sion making are best learned in the context of specific domains, and learners generalize their
experiences through a lot of practice and failures. New meta-skills will be needed by the life-
long learner in the age of information glut: skills for searching and evaluating the credibility
of information sources, communication and collaboration skills, skills of meditation to focus
the mind, fight procrastination, and the patience and determination required to study and
practice challenging concepts and skills.

Young people now communicate less face-to-face and more online. This is not only due
to the pandemic waves with the recurring school closures and masking regulations, but also
because young people are growing up being baby-sat by smart phones and tablets, and social
networks entice them early on into non-stop communication with their peers through screens.
Yet it is not clear that this communication leads to learning social and collaboration skills,
or how to empathize with others. On the contrary, we see an increase in mental health issues
at increasingly younger ages. It becomes important also to learn “hygge” or how to “switch
off” technology, to keep peace of mind, to appreciate poetry and deep friendships. With all of
these categories of knowledge that seem necessary (basic skills, higher-level thinking skills,
information-handling skills and mental health skills), what is the minimal basic common
knowledge and skills that young people need to learn to be able to function in a society?

These are hard problems that cannot be solved by intelligent computers; they need to be
solved by society, by humans. Yet, Al-powered technologies can provide educational tools
that help to learn some of the skills listed above. Many Al-powered educational tools and
apps are already freely available online and their number will grow constantly. They offer
personalized learning paths to acquire specialized knowledge in many domains, for example,
astronomy, biology, a language, or food chemistry. Learners will use these tools to develop
domain-specific skills in areas of their choice, so that they can build upon them and practice
their higher-order (meta-)skills: discovery, critical thinking, problem solving, and decision
making. Can we use Al-powered technology to teach meta-skills? As the recent misinforma-
tion epidemic shows, we really need intelligent tutors to teach skills in critical and selective
information consumption, problem solving with basic probability and statistics. We need tutors
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using Socratic dialogues challenging learners’ existing beliefs and stereotypes, and helping
them expand their knowledge, views, and online social circles. There are already persuasive
technology apps that advise people on how to maintain their physical and mental health, and
Al-based systems that mentor users on how to work effectively together with others, respect-
ing others’ autonomy, views, and cultural background (Dimitrova & Mitrovic, 2021). Further
research should explore how to better personalize these systems using holistic learner models
and to use data mining with different data modalities: not just text, but also voice, motion and
gesture, facial expressions, and various context features to uncover the cognitive, affective,
and motivational states, and the current goals of the learner.

While the big unsolved problems described above are related to the question “What to
teach?”, many new problems also arise around the question “How to teach?”. The advances in
learner modelling need to be matched by advances in the pedagogy for personalized instruc-
tion and guidance. For example, how to use the insights into the learner’s mental state to select
the best teaching or motivational action? Machine learning can help discover successful peda-
gogical interventions for identified learner states, if there is a lot of training data available. This
leads to the need to share learner data widely and openly among developers of Al-based educa-
tional systems. Balancing the need for sharing data with privacy legislation and security con-
straints will be challenging. Using anonymized data-sets and synthetic data to pre-train models
can alleviate privacy concerns, but may increase bias and inequality, if not done carefully.

One problem that will be gaining importance is how to maintain the learner in a favourable
motivation state for learning. This is especially important when they are trying to acquire con-
ceptually difficult knowledge or to practice skills that require a lot of mundane and repetitive
training. While there has been significant progress in detecting learner attention and affect
using eye-gaze and various sensors, discovering motivation states is not straightforward. How
to influence a deteriorating level of motivation with appropriate actions? A human teacher may
choose to address the student’s decreasing motivation by many means, for example, by letting
the learner try a simpler problem to boost their self-efficacy, by cracking a joke, by emphasiz-
ing the importance of a particular concept or skill relative to the overall learning, by remind-
ing and reinforcing the learner’s commitment to their learning goal, or by suggesting to take a
break. But how to discover whether the decreasing motivation is the short-term result of nega-
tive affect, such as a temporary distraction, fatigue, or because of a long-term change in goals,
interests, and priorities? How to proactively engage the student in a dialogue to disambiguate
the diagnosis, without becoming obtrusive? A lot of relevant research on conversational agents
has been done over the last 25 years in specific domains and learning contexts; as natural
language generation technology and conversational agents are becoming ubiquitous (Alexa,
Google Assistant, Siri), the education field is ripe for applying these technologies widely and
developing new ones.

In addition to maintaining learner motivation during a particular learning experience, an
important problem is getting learners motivated to embark on learning something. As technolo-
gies evolve and take over tasks that were done by humans, we all need to be life-long learners.
How to keep motivated to invest the time and effort to learn a new domain of knowledge and
skills, when it is not certain how long before computers take over and the knowledge/skill also
becomes obsolete? The optimistic view is that people will always want to learn new things,
because they are naturally curious. The pessimistic view is that people will “give up” and resign
themselves to the state of passive consumers, sustained by universal income, seeking satisfac-
tion in a meta-world, playing games or taking drugs that make them feel happy and fulfilled.
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Educational games and gamification of learning systems are ways to make learning more
engaging and attractive. There has been a lot of research in this area over the last ten years
which has shown strong positive results, and yet still relatively few approaches use personali-
zation and adapt the game mechanics to the learner’s engagement, motivation and knowledge
levels (Rodrigues et al., 2021). There is untapped potential in using machine learning and data
mining in the context of educational games and gamification. Dynamic personalization of
gamified educational systems and educational games is an open research area that is likely to
attract a lot more attention in the future.

Persuasive technology is an area of research that can offer useful strategies and insights
into increasing user motivation and engagement. There is a large set of persuasive strategies
that can be used to influence user behaviour without coercion, for goals that benefit the user
and society. Until recently this area has developed applications mostly to stimulate behaviour
change in e-commerce or in health-related apps, helping users to eat properly and exercise
regularly. There is an active research stream in personalizing persuasive strategies consider-
ing psychological types, culture, and demographic factors (Oyibo et al., 2017), personality
features, goals, and context. Attempts to incorporate dynamic personalization by learning
from user response to persuasion are ongoing. Applications of personalized persuasive tech-
nologies are now also appearing in educational systems (Orji, 2021; Orji & Vassileva, 2021),
and mental health (Adib et al., 2021; MacLeod et al., 2021) and this is a promising direction of
research to address learner engagement, and, more generally, to promote behaviours that are
conductive to acquiring higher-level personal and interpersonal skills.

To summarize, the ongoing information revolution raises many new problems for education.
Some of them relate to the question “how to teach and engage” and they can be foreseeably
addressed with solutions relying on rapidly developing Al technologies, such as data mining,
advanced learner modelling of affect with personalized games and persuasive technologies.
However, there are many important problems that society needs to tackle and define, before
technological optimizations can be found. They are related to the question “what to teach” and
generally, how to make human learning socially rewarding again.

3. PEDAGOGICAL AGENTS FOR ALL: DESIGNING VIRTUAL
CHARACTERS FOR INCLUSION AND DIVERSITY IN STEM

H. Chad Lane

Introduction

A pedagogical agent (PA) can be defined as a virtual character or physical robot that seeks to
promote learning, enhance motivation, and provide support to engage in an educational activ-
ity. PAs can be non-interactive or interactive, and typically seek to emulate naturalistic com-
munication with learners through speech, gesture, emotions, and action. In AIED systems,
PAs are typically considered as part of the user interface and designed in the context of system
features intended to support learning, such as for problem solving and with natural interaction
(see Chapter 10 by Lajoie & Li, Chapter 11 by Rus et al.).

There are many reasons to think that PAs can be beneficial. Given that much learning is
fundamentally social and occurs with other people, such as in classrooms (Kumpulainen &
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Wray, 2003) and museums (Leinhardt et al., 2003), it is intuitive to extend AIED systems to
include naturalistic interactions including questions, dialogue, smiling, pointing, and more. It
is established that people are prone to adopt social frames when interacting with computers
(Reeves & Nass, 1996) and so including an embodied PA may activate an even deeper social
frame for learners as they gain new skills or knowledge.

Over the last three decades, substantial effort has gone into investigating the designs, roles
and impacts of pedagogical agents (Heidig & Clarebout, 2011; Johnson & Lester, 2018; Lane
& Schroeder, 2022; Moreno et al., 2000). The field has worked diligently to identify evidence-
based design principles (Baylor, 2011; Craig & Schroeder, 2018) and to conduct wide-ranging
efficacy studies (Schroeder et al., 2013). So the challenge now lies in how best to leverage this
important technology as it inches closer to becoming more mainstream and having the poten-
tial for greater societal impact. In this contribution, I argue that the next phase of research
should focus on the power of PAs to promote more inclusive and welcoming learning environ-
ments. Specifically, I describe a roadmap that positions PAs as ambassadors of STEM educa-
tion and that focus on improving learner feelings about domain content. We should view PAs
as tools in an ongoing battle to bring equity and diversity to STEM (Ferrini-Mundy, 2013).
Operationally, I advocate for investigation of identifying strategies that seek to invite learners
to participate, engage, and persist in STEM such that their learning experiences have longer-
lasting effects that sustain the goal of the acquisition of knowledge as essential, but also pro-
duce meaningful impacts on noncognitive outcomes, such as interest, persistence, academic
resilience, and motivation.

The Critical Influences of Appearance and Social Interaction

A long list of factors influence the relationship children have with STEM. First, children
are bombarded with depictions of STEM professionals on television, in advertisements, and
even in the video games they play. Decades of research has demonstrated that these (often
subtle) messages shape attitudes and beliefs about their own self-concept and identity (Dill-
Shackleford et al., 2017). Second, a child’s relationship with STEM is highly influenced by the
social STEM experiences in their lives. For example, the presence of “everyday science talk”
around friends and family (Cian et al., 2021), access to early, informal STEM learning experi-
ences (Dou et al., 2019), and classroom activities with teachers and peers (Hachey, 2020) are
all known to play important roles.

PAs can be considered to address both of these aspects directly. For example, the decision
to use a PA is an implicit agreement to also design a representative of the topic being taught.'
Early research indeed confirmed that PA designs could invoke stereotypes by the learner
(Moreno et al., 2002). Baylor and Kim (2004) explored some of the design space of agents,
such as ethnicity and gender, concluding (among other findings) that agents that challenged
stereotypes lead to greater transfer of learning. However, this finding has proven difficult to
replicate. For example, Schroeder and Adesope (2015) found that gender had no impact on
cognitive or affective outcomes in their studies. Continued investigation into the subtle conse-
quences of PA design is much needed.

Perhaps more importantly, however, PAs that engage in natural interaction with the learner
(e.g, spoken or typed input, natural language output, or nonverbal signals) are aligned with
the second key influencer of STEM identity: social experiences. Some PA research is sugges-
tive that fine-tuning social behaviors can fundamentally change a learning experience. For
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example, Finkelstein et al. (2013) found that a peer agent that used a culturally congruent
dialect (i.e., the same dialect as the learner) produced improved science communication and
science reasoning by learners. This study suggests that, for younger learners, PAs should seek
to communicate in familiar ways that enable learners to focus on expressing STEM under-
standing and less on whether or not they are speaking “correctly”. A different study on agent
behaviors showed that a PA in an informal learning environment who conveyed excitement
and high levels of interest in the topic produced fewer non-productive learning behaviors and
greater feelings of self-efficacy in learners (Lane et al., 2013). Many more studies support the
idea that agent behaviors can influence both cognitive and affective outcomes (Schroeder &
Adesope, 2014), an essential point if we adopt the goal to position PAs in more prominent roles
in the future.

Roadmap for Leveraging Pedagogical Agents for STEM Inclusion

Although the design of PAs for more “traditional” learning environments is far from solved,
there are reasons to assume PAs can achieve much more and have more lasting impacts. In this
final section, I outline three goals for future research that emphasize their potential roles in
addressing challenges associated with broadening participation in STEM (NSF INCLUDES
Coordination Hub, 2020).

Support for social and emotional learning (SEL)

A key barrier for participation in STEM is that learners from historically underrepresented
and underserved groups often face stress and anxiety from numerous sources. These can
be related to legacy inequalities, such as lack of access to needed resources (e.g., internet),
or to factors related to poverty. While a PA is not likely to solve such systemic problems,
awareness of such factors and the ability to convey empathy could be part of a coordinated
effort (say with educators or counselors) to promote the emotional self-regulatory skills,
like academic resilience and persistence, that would enable a young disadvantaged learner
to become more engaged with STEM. Arming PAs with knowledge about how to bolster
SEL skills holds incredible promise to lead to downstream success in STEM (Garner
et al., 2018).

Entry points to STEM and support for interest development

Early learning experiences are critical in the development of STEM learning (McClure
et al., 2017) and for long-term interest development in STEM (Renninger & Hidi, 2016). For
example, young learners in early stages of interest typically need to experience more positive
emotions and require high levels of support to receive positive feedback and encouragement
(Renninger et al., 2019). While ideally such support would come naturally through peers and
adults, it doesn’t always happen. A PA that is specifically designed to gently introduce a topic
to a learner, use personalized motivational techniques (e.g., that reflect personal relevance),
and offer ongoing encouragement could have a positive effect on a child (just as their televi-
sion and media consumption do).

Identify learner assets and broaden adaptivity of PAs
Finally, I propose that AIED researchers seek a new breed of PAs that are able to exercise
a new level of adaptivity. While beyond the scope of current technologies, it is certainly not
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unreasonable to imagine a PA being able to infer and elicit more about the learners they inter-
act with. Specifically, asset-based approaches to STEM education suggest that deficit-based
approaches (i.e., correcting what is “wrong” about learners who are not in STEM) can be
equally as damaging as systematic societal biases. Such a PA would be more driven to learn
about the learner, their interests, their strengths, and their possible goals. This would then
directly influence the pedagogical choices that are made, such as what content to present and
feedback policies.

An example content area for such an approach can be found in the (now numerous) STEM
programs in the US that build on Black youth interest in Hip-hop (Emdin et al., 2016). It is
possible to imagine a PA adopting the goal of “bringing out the STEM” in such domains and
building learner confidence to learn and achieve self-selected goals. Highlighting connec-
tions to STEM, such as between computational thinking and music, or digital skills for music
production, would be essential. The design of a knowledge base for culturally aligned learn-
ing activities would be needed, but strengthened with the capability for dynamic retrieval of
content from the web to improve relevance and timeliness (Zhai & Massung, 2016).

Conclusion

Substantial progress has been made in PA research over the last 30 years, demonstrating their
efficacy to both enhance learning and define fundamental design principles. The trajectory of
this broad body of work along with rapid advances in relevant areas of Al suggests that a new
wave of PAs is coming. It is not clear whether current PAs tap fully into their full potential power
to create social learning experiences, and so a new generation of PAs that specifically address
goals related to inclusion and cultural adaptivity could have profound impacts on how learners
view their own learning experiences. I have proposed that this new generation of PAs should
include techniques to support the social and emotional learning needs of children, focus on
“ambassador”-like skills such as introducing STEM domains and promoting interest, and gain-
ing a new level of adaptivity to support learning in ways that adapt to emergent learner goals.
Together, these goals could position PAs as an important tool in creating AIED systems that
are more inclusive and which catalyze other related efforts to broaden participation in STEM.

4. INTELLIGENT TEXTBOOKS
Peter Brusilovsky and Sergey Sosnovsky

Textbooks are one of the most popular tools for learning. Traditional textbooks are a product
of many decades of refinement and improvement. Page numbers, table of contents, index, and
glossary are examples of important empowering functionalities that were added over the years
and are now expected by every reader. However, a quiet revolution in the area of textbooks
that we are witnessing now is going far beyond past attempts on improving textbooks. Starting
in the early days of multimedia with the first interactive textbooks on CD-ROM, every new
technology wave encouraged publishers and authors to explore new opportunities for textbook
production and distribution. With their popularity and support growing year by year, digital
textbooks are gradually replacing their printed counterparts. In turn, it encourages research-
ers from several fields to explore digital textbooks as an application area for advanced tech-
nologies. Over the last 25 years, the research on intelligent textbooks, that is, the use of Al to
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616 Handbook of artificial intelligence in education

enrich textbooks, has gradually become one of the main directions of textbook innovation.
Below, we review the research on intelligent textbooks by examining opportunities provided
by several popular Al technologies.

Crafting Textbooks Augmented with Intelligence

The first wave of intelligent textbooks was developed by researchers on adaptive hypermedia
within the traditional stream of Al research focused on knowledge elicitation and representation
(Hohl, 1996; Brusilovsky, 1998; Weber, 2001). The goal of adaptive hypermedia textbooks was
to guide different readers to the most relevant sections of hypermedia-based textbooks using
adaptive navigation support or to choose the most relevant content to present through adaptive
presentation. The intelligence and personalization in these books were based on augmenting
textbook sections with domain knowledge elicited from domain experts. For every textbook,
domain experts were expected to create a domain model (a set of key concepts presented in the
book) and use it to create a content model for every book section (i.e., a set of concepts covered
by the section). Most advanced adaptive textbooks used domain models in a form of semantic
network and distinguished prerequisite/outcome concepts for each section (Brusilovsky, 1998).
The knowledge of individual learners was represented as a traditional overlay student model
which maintained an estimation of student knowledge for each domain concept. Early adaptive
textbooks demonstrated that these knowledge models could support a number of intelligent
functionalities — such as various kinds of adaptive link annotation (Brusilovsky, 1998; Weber,
2001), adaptive presentation (Hohl, 1996), content recommendation (Kavcic, 2004), concept-
based navigation (Brusilovsky, 1998) and textbook assembly (Melis, 2001).

Enriching Textbooks with Intelligence

One of the classic problems of early intelligent textbooks was that they followed a closed-box
approach. Once implemented, it was impossible to modify them or enrich them with additional
content or knowledge. The development of Semantic Web technologies offered new standardi-
zation formats and modeling languages for shareable and expressive knowledge representation
along with new architectural solutions for intelligent software. This allowed intelligent text-
book researchers to implement knowledge models as ontologies and educational material as
interlinked and annotated learning objects, facilitating integration of external content. Initial
projects developing these ideas focused on proposing new fully ontological architectures that
allowed manual extension of adaptive textbooks with external learning objects (Dolog et al.,
2004). Later, successful attempts were also made to automate semantic integration of external
content into adaptive textbooks (Sosnovsky, 2012) and to adaptively assemble textbooks from
large repositories of interlinked learning objects (see Figure 27.2). Semantic Web has also
supplied intelligent textbook researchers with the expressive power of description logic. When
combined with symbolic natural language processing (NLP), it supported development of
semantically annotated textbook prototypes that can “understand” their content and engage in
rich interactions with students, such as meaningful question answering and concept mapping
exercises (Chadhuri, 2013).

Extracting Intelligence from Textbook Content

Over the last decade, a few projects started investigating textbooks from a very different per-

spective. They looked at the textbooks not as an object to add value to, but rather as a source
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618 Handbook of artificial intelligence in education

of value. This new generation of research has been enabled by advances in the fields of NLP
and machine learning (ML). The content, the structure, and the formatting elements of text-
books have been utilized to extract domain knowledge and different types of learning objects.
A number of papers explored approaches for automatic extraction of topics and concepts from
textbooks (Wang et al., 2016), as well as harvesting relationships between them (Adorni,
2019). Ultimately, this line of research leads to automatic construction of full concept-based
domain models “behind pages” (Alpizar-Chacon, 2021). These models can be used to support
intelligent and adaptive services pioneered by the early textbooks (such as concept-based navi-
gation or integration of external content), yet without expensive manual knowledge engineer-
ing. Another application of NLP technologies that has gained prominence in the last few years
is the use of textbooks to generate additional learning content, such as assessment questions
(Kumar, 2015) or definitions (Yarbro, 2021).

Extracting Intelligence from Textbook Interaction Data

Several interesting directions of research on intelligent textbooks have been motivated by
rapidly increased volume of data capturing user interactions with online textbooks. Existing
research leverages these data in several ways. Most importantly, large volumes of learner data
enabled researchers to better understand reading behavior and connect it to learning progress.
On a coarse-grained level, understanding patterns in textbook navigation and annotation
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The great challenges and opportunities of the next 20 years 619

behavior could be used to predict learner success or failure, which could be used for early
intervention (Winchell, 2018; Yin, 2019). On a fine-grained level, student interaction with a
textbook could be used to model student knowledge for different textbook concepts. These
fine-grained models could be used to recommend most relevant internal (Thaker, 2020) or
external (see Figure 27.3) content to read.

User interaction data could be also used to improve the textbook organization or representa-
tion. For example, in combination with content data, log data could be used for a more reli-
able elicitation of prerequisite relationships (Liu, 2016). Finally, in the spirit of transparency,
interaction data could be released directly to the readers through the textbook interface. This
approach could be used to support open learner modeling and social awareness. Figure 27.3
shows an example of a socially transparent textbook interface ReadingMirror (Barria-Pineda,
2019) where a combination of personal and social reading data offers social navigation and
social comparison.

5. AI-FEMPOWERED OPEN-ENDED LEARNING ENVIRONMENTS IN
STEM DOMAINS

Gautam Biswas

Introduction

The last twenty years have produced significant developments in AI, machine learning and
technologies that support data collection and analyses in computer-based learning environ-
ments. New directions have evolved in the field of Al in Education, one primarily being the
development of Open-Ended Learning Environments (OELEs) that adopt a constructivist
epistemology to support the acquisition of domain knowledge along with critical thinking
and problem-solving skills (Biswas et al., 2016). Students working in these environments have
a specified learning goal, such as constructing a model of a scientific process. To facilitate
learning with understanding and to help students develop problem-solving skills (Bransford
et al., 2000), we have adopted Al and machine-learning methods that provide students with
tools and resources that support hypothesis generation, solution construction and hypothesis
verification and refinement in different phases of learning. Betty’s Brain (Biswas et al., 2016),
C2STEM (Hutchins et al., 2020a) and SPICE (Zhang et al., 2019) are examples of OELEs
developed by our group. In addition, we have developed machine-learning methods and learn-
ing analytics to analyze students’ learning behaviors and performance from their activity logs
in our OELEs.

AI Representations to Support STEM Learning

In all of our systems, we adopt Al-driven modeling representations (e.g., causal maps, block-
structured programming languages) that are intuitive, visual, and executable. The ability to
execute their evolving models helps students develop important reasoning, explanation, and
debugging strategies (Biswas et al., 2016; Zhang et al., 2021). In recent work, we have exempli-
fied the importance of Al representations in developing domain-specific modeling languages
(DSMLs) to scaffold students’ computational modeling of scientific phenomena (Hutchins
et al., 2020b). We illustrate the use of Al representations in two example systems below.
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620 Handbook of artificial intelligence in education

The Betty’s Brain learning environment (Biswas et al., 2016) presents students with the task
of teaching a virtual agent generically named Betty, about a scientific process by constructing
a visual causal map. The DSML representation of the causal map provides a set of concepts
relevant to the science topic and directed links that students can use to model causal relations
between concepts. Betty uses a simple qualitative reasoning mechanism with the map she
has been taught (Leelawong & Biswas, 2008) to answer questions and explain her answers.
The student’s goal in this OELE is to teach Betty a causal map that matches a hidden, expert
model of the domain. The students’ learning and teaching tasks are organized around three
primary activities: (1) reading hypertext resources, (2) building the map, and (3) assessing the
correctness of the map. The hypertext resources describe the science topic under study. As
students read the resources, they need to identify causal relations and then explicitly teach
those relations to Betty in the form of the causal map. To check the correctness of their cur-
rent map, students can ask Betty to take a quiz. The quiz results help students determine the
correctness and completeness of their current map. Figure 27.4 illustrates the Betty’s Brain
system quiz interface.

SPICE (Science Projects Integrating Computing and Engineering) implements a novel
middle- school three-week NGSS-aligned water runoff curriculum (WRC) (McElhaney
et al., 2020; Zhang et al., 2021). Students take on an engineering design challenge to
redesign their schoolyard and overcome flooding problems during periods of heavy rain-
fall. The challenge is to minimize surface water runoff during a storm, while adhering to
constraints on the total cost, accessibility of the schoolyard, and the need to accommodate
different play activities (e.g., soccer field and basketball court). The science investiga-
tion involves hands-on activities and developing a conceptual model that focuses on the
conservation of matter, that is, the amount of water runoff is the difference between the
total rainfall and water absorbed by surface materials. Students are then introduced to
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the computational concepts of variables, expressions and conditionals, which they apply
to develop a computational water runoff model. Like before, this model is executable and
supports testing and debugging activities to help students refine their models. Figure 27.5
shows the DSML created for the computational modeling activity (left) and a correct
implementation of the runoff model (right). Students then use their runoff model code in
an environment comprising 4x4 squares representing the playground layout for the engi-
neering design task. Students select appropriate materials for the different parts of the
schoolyard. The model, when executed, computes the total run off and cost for the current
design solution.

These examples illustrate the use of Al representational and reasoning mechanisms in our
OELEs:

o The use of domain-specific, intuitive, visual representations mechanisms that make
explicit the concepts and reasoning mechanisms of the science domain (Hutchins et al.,
2020b);

e Providing students with a sequence of linked domain representations (e.g., conceptual,
computational, and engineering design models in SPICE (Hutchins et al., 2021) that facil-
itate learning with multiple representations;

e An exploratory, inquiry-based approach to learning of scientific processes using execut-
able models, so students can formulate and test hypotheses, and learn to verify (debug)
their models, thus developing critical thinking skills.

Analyzing Students’ Learning Behaviors

When working in OELEs, novice learners often have difficulties in keeping track of
the tools provided in the learning environment and combining the use of these tools in
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an effective manner to accomplish their goals (Basu et al., 2016). These problems are
exacerbated by the students’ lack of self-judgment and strategic thinking abilities. To
understand students’ challenges and help them make progress in their learning tasks, we
have developed machine-learning methods to track students’ performance and learning
behaviors as they progress through a sequence of curricular units (Kinnebrew et al., 2017;
Hutchins et al., 2021). Our approaches combine model-driven learning analytics and data-
driven sequence mining methods in machine learning to understand students’ difficulties
(Kinnebrew et al., 2017).

For example, we have developed sequence mining methods (Kinnebrew et al., 2013) to
analyze students’ activity data capture in log files to extract their frequent activity patterns and
associate them with learning behaviors and strategies (Kinnebrew et al., 2017). In addition,
we have developed analytic measures based on the concept of coherence analysis (Segedy
et al., 2015) to understand the relations between their consecutive actions in the context of
their associated tasks. In studies with Betty’s Brain conducted in middle-school classrooms, a
frequent pattern we have observed students performing is: Add Incorrect Link (AIL) — Take
Quiz (Quiz) — Remove Incorrect Link (RIL). Students add an incorrect link to their map, fol-
low that by taking a quiz, and then make the deduction that the link added was incorrect and
remove it from their map. A first reaction is that this pattern represents a Guess and check
strategy used by the students. However, a deeper analysis reveals that high-performing stu-
dents, that is, those who succeed in building a correct causal model, tend to use this activity
pattern mainly toward the end of their map building tasks. On the other hand, students who
had difficulty in building correct models use this pattern frequently when they commence
their map-building tasks.

This indicates differences in the use of the pattern by the two groups of students. To inves-
tigate further, we computed two analytic measures: (1) pattern coherence, implying the link
added was the link removed; and (2) pattern support, implying the quiz results provided evi-
dence that the link removed was incorrect. These results show that the high performers were
more likely (3:1) to use this pattern for systematically checking the link they had just added
(pattern was coherent and supported), whereas the low performers were much more likely
(10:1) to use this pattern as an uninformed guess and check strategy (their use of the pattern
was not coherent and not supported).

As a second example, we investigate how students’ performance in each one of the curricu-
lar activities in SPICE influenced performance in subsequent activities. We developed a num-
ber of measures that included pre- and post-tests that covered science, engineering, and CT to
quantify students’ prior knowledge and knowledge gained through the intervention, respec-
tively; formative assessments to scaffold student learning, students’ performance in building
their computational models, and the quality of their engineering design solutions generated.

We used a machine-learning approach, Path Analysis (Ahn, 2002), to study the relative
importance of effects among the measured performance values for the sequence from pre-test
to formative assessment to computational modeling to engineering design to post-test scores
in the WRC curriculum. Path analysis represents a form of structured equation modeling
(Kline, 2015), and may be considered as a simplified form of learning a Bayesian network
(Pearl & Mackenzie, 2018). Figure 27.6 shows the derived path model.

The figure points to a number of informative pathways that form the basis of understand-
ing students’ progress through the curriculum. For example, higher prior knowledge in
computational thinking led to better performance in the formative assessments, then better
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Figure 27.6 Causal paths discovered with statistically significant direct effects

computational model-building strategies (e.g., building the model in parts, testing the model
for correctness), which in turn led to the building of more correct computational models of
the science phenomenon. Further, this path showed that these students also generated the
best design solutions, that is, solutions that met the cost and accessibility constraints and
minimized runoff. Last, they had higher scores in their science and CT post-tests. Similarly,
higher prior knowledge in engineering led to using more effective search methods and testing
to generate design solutions, resulting in more optimal design solutions as well as higher sci-
ence and engineering post-test scores.

In summary, the two examples above, demonstrate the use of machine-learning techniques
that we have employed to analyze logs of students’ activities in our systems to gain a deeper
understanding of their learning behaviors and their performance in learning STEM concepts
and practices.

The Future: From Log File Analysis to Multimodal Analytics to Understand Students’
SRL Behaviors

Researchers have established comprehensive frameworks for studying self-regulated learning
(SRL) as a dynamic, interacting collection of students’ cognitive, affective, metacognitive, and
motivational (CAMM) processes (Azevedo et al., 2017; Panadero, 2017). Our prior work pri-
marily focused on understanding students’ cognitive and metacognitive processes and strate-
gies. However, recent work has used additional sensors to better understand students’ learning
behaviors. For example, we have used:

e  Microphones and natural language processing techniques to capture and interpret stu-
dents’ conversations and understand the difficulties they face in their computational mod-
eling tasks when they work in pairs in the C2STEM environment (e.g., Snyder et al., 2019);

o Eye-tracking devices and machine-learning classifiers to predict how students’ gaze pat-
terns during reading resources are predictive of their abilities to construct correct causal
maps in Betty’s Brain (Rajendran et al., 2018); and

o Face-tracking devices and deep-learning algorithms to understand the relations between
students’ affective states and their cognitive and metacognitive behaviors (Munshi et al.,
2018; Taub et al., 2021).

Currently, we are developing multimodal analysis frameworks that combine data from multiple
sensors, such as students’ activity logs, microphones, videos, eye-tracking, and face-tracking
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624  Handbook of artificial intelligence in education

devices, along with advanced machine-learning algorithms to build comprehensive models of
learner behaviors and performance as they work in OELEs. Our long-term research goals are
to design adaptive scaffolding in OELEs to help students overcome their learning difficulties
and become self-regulated and independent learners.
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6. UBIQUITOUS-AIED: PERVASIVE AI LEARNING TECHNOLOGIES

James C. Lester

Al has emerged as a powerful family of technologies that promise to reshape every facet of
society. Al systems are rapidly becoming more accurate, training times for machine learning
are falling dramatically, and the range of Al-driven applications is expanding at an unprec-
edented rate. Through “edge Al natural language processing, computer vision, and machine
learning are being deployed on a broad array of platforms that operate in the field, not just in
the cloud. Perhaps the most striking development in the emergence of Al is its ubiquity. With
the proliferation of ever more powerful computing devices, sensors, and networks that sup-
port extraordinary volumes of data, Al is quickly becoming deeply enmeshed in our everyday
lives.

Just as Al is rapidly becoming ubiquitous, so will Al learning technologies. This develop-
ment introduces both the opportunity and the need to re-envision how learners will interact
with Al-empowered learning environments. A significant departure from how the pioneers
of AIED imagined the systems they were designing would be used, ubiquitous-AIED calls
for a research program that fundamentally changes how we envision the field. It pushes to the
forefront issues of the learner operating in a wide range of naturalistic learning contexts.

Assumptions of Ubiquitous ATED

Al capabilities are becoming increasingly commoditized with core Al technologies quickly
becoming exceptionally accurate, fast, and inexpensive. Because Al-driven learning environ-
ments directly leverage Al technologies, hardware and software barriers to widescale usage of
AIED are rapidly falling. In a very few years, it seems all but certain that Al-driven learning
environments could be physically distributed throughout schools, informal learning contexts
(e.g., museums, after-school programs), homes, and workplaces, and running on devices with
a range of form factors from the large (e.g., wall-sized displays) to the mid-sized (e.g., lap-
tops) to the small (e.g., phones, watches). They could also be delivered through increasingly
powerful media that include virtual reality, augmented reality, and mixed-reality media. With
the proliferation of increasingly powerful and inexpensive sensors, they could have access to
many modalities of learner data spanning auditory (speech) and visual (learner facial expres-
sion, gaze, gesture, posture) data streams, as well as locational and physiological data streams.
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In addition, they could readily have access to temporal data about learners spanning windows
of milliseconds, minutes, hours, weeks, months, and even years. Whether they should have
access to these data is a deeply important question.

Ubiquitous-AIED Opportunities

When Al becomes a utility, AIED can become pervasive, and the prospect of ubiquitous AIED
opens up a wide vista of Al-empowered learning. Learner models will become unimaginably
powerful. In addition to the high-volume streams of multimodal data for an individual learner,
learner models will be trained on data from a multitude of learner populations in myriad
learning contexts for countless subject matters and skills. They will achieve levels of accuracy
never previously imagined. Their capabilities for recognizing learners’ goals and plans will
grow rapidly, and the range of the competencies they model will dramatically expand. In addi-
tion to cognitive and disciplinary competencies typically associated with traditional curricula,
they will be able to accurately model metacognitive and social skills, complemented by highly
accurate affective models. Significant increases in diagnostic power will shape individualiza-
tion of learning experiences in ways that we cannot currently envision. They will be able to
generate problem-solving scenarios, scaffold learning, and create extraordinarily motivating
experiences that are deftly crafted for individual learners in very specific learning contexts.
Furthermore, because the contexts of AIED deployments will be represented at high levels of
granularity, they will enable group learner modeling that supports rich collaborative learning
interactions.

Ubiquitous-AIED will profoundly reshape Al-empowered learning experiences. Consider
the case of pedagogical agents. Learners will engage with ubiquitous-AIED pedagogical
agents that are unfettered by current-day computational constraints. Learners will converse
with their agents in rich spoken dialogue, regardless of whether the agent is on their lap-
top, phone, or watch. Agents will be able to reason about learners’ non-verbal signals as
learners express delight, furrow their brow, use a gesture to convey nuance, or walk with a
quickened gait.

Agents will tailor problem-solving advice not only to the learner herself but also to the
physical context in which she is situated. And because agents will be able to draw on poten-
tially years of experience interacting with the learner in many contexts, they will be able to
create motivating learning experiences and provide guidance that are extraordinarily attuned
to the needs and interests of that particular learner.

Ubiquitous-AIED will manifest in many ways. In addition to personified pedagogical
agents with visual personae, it will drive speech-only pedagogical agents. It will unobtrusively
shape learning experiences in text (e.g., learner-unique textbooks), audio (e.g., learner-unique
podcasts) and video (learner-unique animations and documentaries). It will create educational
gameplay experiences in which the levels and non-player character interactions are specifi-
cally tailored to that learner and learning context (including the platform). It will support
multi-context learning in which learners move from one context, such as their elementary
school classroom, to another, such as a museum or their home. It will seamlessly shift from
coaching traditional subject matters to coaching sports to coaching health behaviors (e.g.,
nutrition) for wellbeing.

Ubiquitous-AIED will play a prominent role in the workplace. It will soon be hard to con-
ceive of a worker performing a job in the absence of AIED technologies. Workers in sectors
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ranging from science and technology to finance, transportation, retail, media, agriculture,
and healthcare will experience continuous learning with AIED technologies. The education
workforce will experience a seismic shift: with the appearance of omnipresent AIED teach-
ing assistants, K-12 teachers and university faculty will soon have at their disposal the means
to create learning experiences that fundamentally change how instructors perform their jobs.
And rather than experiencing artificially separated phases of working and training, workers
will access their AIED technologies to acquire new competencies on demand. Furthermore,
as Al-human “teaming,” in which job responsibilities are shared between workers and their
Al tools, emerges as the dominant paradigm, AIED technologies will take on a new role of
scaffolding “teaming” competencies.

The arrival of ubiquitous-AIED will spawn a new era of learning analytics and assessment.
The enormous volumes of learner interaction data noted above will yield learning analytics
that provide deep insight into learning for researchers and educators. These in turn will give
rise to a new generation of powerful assessment technologies for both formative and summa-
tive (including high-stakes) assessment. Ubiquitous-AIED-based assessment will be psycho-
metrically grounded and achieve levels of reliability and validity never seen before. Notably,
it will support measurement for a broad range of competencies and will be conducted in
naturalistic contexts.

Design and Policy Implications for Ubiquitous-AIED

Emerging Al capabilities point toward design and policy implications for ubiquitous-AIED
learning technologies. First, considerations of context become increasingly important.
Because learners will interact with ubiquitous-AIED learning technologies in specific con-
texts, these technologies should be designed to reason about the cultural, social, and physical
contexts in which they will be deployed. Thus, rather than the comparatively impoverished
sense of context that AIED as a field has typically explored, it will be important to give pri-
macy to considerations of the cultural, social, and physical contexts in which learning will
occur, as well as their affordances for different aspects of learning. For example, free-choice
learning environments such as museums suggest that Al learning environments should be
designed to support short dwell times with large groups of learners interacting collabora-
tively, while home-based learning environments might be designed for much longer learning
scenarios.

Second, it is imperative that we consider issues of Al ethics in the design of ubiquitous-
AIED learning environments. Fairness, accountability, and transparency all emerge as
matters of great importance because of the dramatically increased ability to affect learn-
ers’ lives. Privacy concerns loom large. With rapidly rising capabilities for reasoning about
individual learners, it is paramount that national and international policy be developed
around considerations for creating ubiquitous-AIED environments that foreground diver-
sity, equity and inclusion and have a firm ethical foundation that supports and protects all
learners.

Third, AIED designers will need to imaginatively lift their sights to most effectively lev-
erage powerful new Al capabilities. For example, with the new reality of natural language
processing (NLP), computer vision (CV), and machine learning (ML) models growing non-
linearly in speed and accuracy, it will be important to investigate ubiquitous-AIED frame-
works for pedagogical planners, learner modeling, and natural language tutorial dialogue
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that draw on underlying NLP, CV, and ML methods that support much more robust learning
interactions than we have previously considered. And given the rate at which Al capabilities
are increasing, we will need to design for multiple generations of Al beyond the current one,
which introduces the opportunity to explore new learning technology paradigms supporting
qualitatively new forms of learning.
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7. CULTURE, ONTOLOGY AND LEARNER MODELING
Riichiro Mizoguchi

In this essay, I briefly discuss cultural, ontological, and learner modeling issues which I have
been investigating recently, and then their implications for future research are discussed.

Cultural Aspects

Millions of different species exist depending on each other to enable sustainable development.
Even at the individual level, people are so different in many respects that the differences
sometimes cause misunderstandings or struggles. Nevertheless, we should be in a harmony
with people. It is the reason why diversity has gained considerable attraction these days. The
difference is caused not only by personal factors but by cultural factors. In the Asian culture,
in the context of education, teachers are highly respected and have a rather strong initiative
in the classroom, which contrasts with Western culture. The belief that what a teacher says is
right so that students should accept it is not an extreme case in Asian culture. It is along the
line that seniority is respected in Asian culture. At a concrete level, the meaning or connota-
tion of color is different from culture to culture. Although red means danger in many cultures,
it means happiness in China, and vermilion is a symbol of long life or a talisman in China
and Japan, so shrines in China and Japan are painted in vermilion. This suggests that color
coordination at the interface of learning systems needs careful consideration of such cultural
differences.

Frankly speaking, these observations are not new but have been discussed in the
papers presented at CATS (Culturally Aware Tutoring System) (CATS, 2015) workshops.
Although culture has been investigated in sociology, anthropology and related fields
extensively to date (Hofstede, 2022; Sociology Group, 2022), there exists a gap between
the achievements and educational systems. In order to contribute to bridging the gap, I
have built two ontologies of culture with my collaborators, Blanchard (2014) and Savard
(2019). The former is designed based on the so-called declarative perspective and the
latter is on the procedural perspective, the two being mutually complementary. These
ontologies would be useful for the future design of culturally aware tutoring systems that
have been discussed in CATS.
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Ontological Aspects

The utility of ontology includes making the fundamental conceptual structure of complex
entities explicit so that application systems can select necessary concepts from them and
consistently exploit them. The above ontologies should evolve through intensive use and
feedback.

It would be beneficial to mention another kind of utility of ontology application. What we
have seen to date includes an ontology of some entities followed by its use in applications. I
would like to introduce a completely different way of the use of ontology in which no ontol-
ogy is built. It utilizes ontological thinking itself and is applied to English teaching (Alard &
Mizoguchi, 2021).

Most of the conventional technology-supported learning systems employ technology
for facilitating the learning/instructional process. On the other hand, the system we are
talking about uses ontological theories in reorganizing the teaching material, in par-
ticular, that of the English grammar of tense and aspects that are notorious for the ad-
hoc rules. Learners taught using conventional textbooks are often forced to memorize
those rules without convincing reasons or justifications. To avoid such a memory-oriented
instruction, Danielle Alard and I have tried to reorganize those rules by employing onto-
logical thinking/theories about events. We eventually came up with the following onto-
logical findings:

(I) An event is necessarily a past or future happening, and it cannot be a present happening
because the present is an instant and an event needs a non-zero interval,

(2) A process is ongoing so that it is expressed according to the present progressive aspect,
and

(3) There exists no event expressed by the simple present tense in the real world.

The third fact derives a very powerful rule that the simple present tense should be used to
express what we call floating happenings by which we mean events that are not anchored
at any definite time in the real world. Typical examples include “I go to school”, “The sun
rises from the East”, and “Go down this street about 100 m, then turn to the right...” which
are organized in rules for the use of the simple present tense such as the expression about
custom, general truth, and instruction in the conventional textbooks. About ten rules are
successfully reduced to just one rule that “Use the simple present tense to express floating
happenings”.

We went through all the rules about the tense and aspects extracted from several popular
textbooks and investigated them in the way described above to come up with new rules whose
number is about one-third of the current ones. What is good is not only the drastic reduction
in the number of rules but also that most of them are comprehensible to students, which frees
them from memorization of ad-hoc rules. Although some exceptional rules remain, the major-
ity of the new rules are derived from the ontological nature of events and time so that students
can comprehend them independently of their cultural background. Danielle Alard, who is also
a teacher of English, has deployed our new rules in her class for more than three years and
confirmed a remarkable improvement with surprisingly high satisfaction from the students. I
can say this is a great success both for the learning of the English tense and aspects and the
innovative use of ontology.
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Learner Modeling Aspects

Learner modeling has been a dominant research topic in the AIED community for years
because it is key to the adaptive behavior of the learning support systems (see Chapter 7 by
Aleven et al. on domain and student modelling) (Nkambou, et al., 2010). Theoretically put,
model-building of the learner’s understanding of the learning material has been the main
focus of the research of learner modeling, which has led to the research on how to represent
the state of understanding of a learner supported by an academic interest in what understand-
ing is. This is the reason why all the existing learner modeling methods are about represent-
ing how students understand the subject. People might have an objection that the bug model
does not fit this observation. Although such an objection seems to make sense at first glance,
it is not the case. The bug model takes care of misunderstanding which is still in the same
realm as the modeling of understanding because it is another “understanding”, just one which
is incorrect. What we want to explore here is the modeling of “not understanding”. Imagine
a situation where a student is completely at a loss. She has no idea about what she should do
next.

Note here that we do not intend to tackle an intractable task such as modeling how learners
misunderstand or uncovering what kind of incorrect knowledge learners would have. The idea
of modeling “not understanding” does not deal with learners’ knowledge nor its use but deals
with the search space in which knowledge is applied.

Let’s employ the notion of the search space in GPS (General Problem Solver). Conventional
learner modeling methods deal explicitly with knowledge (operators) and its applications to
problem solving. They implicitly assume the existence of a search space within which learn-
ers perform problem-solving activities (searching for a solution) by applying the knowledge
(operators). To represent the “not understanding” state of a learner, we explicitly deal with the
search space itself rather than knowledge and its application. Such a student who is completely
at a loss is represented as having no search space and a student who fails to find a solution
despite her continuous effort might be because of her incomplete search space caused by a
failure of establishing a correct search space rather than the lack of knowledge to apply. In
particular, for helping low-performance learners who are often at a loss and need effective
help to get themselves out of such a state, suggestions to establish an appropriate search space
for the problem solving at hand might be more effective than the explanation of necessary
knowledge to apply (Mizoguchi, 2020).

Implications for Future Research

Here, I summarize some implications derived from what has been discussed above.

Culturally aware systems

The reformulation of the achievements about culture and cultural differences in sociology and
anthropology for its applications to education/learning would be beneficial for building cul-
turally aware tutoring systems. Ontologies of culture or cultural differences would contribute
to this enterprise in many ways because they provide the underlying conceptual structure of
culture in a computer-understandable manner. Teaching cultural differences would be also a
promising topic in which ontologies are useful for producing convincing teaching materials
supported by an in-depth understanding of culture as well as cultural differences.
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New way of the use of ontology engineering

The success of the new way of ontology use in the reformulation of the teaching materi-
als themselves would open up an innovative way of applying ontology engineering to build-
ing learning support systems. The research of OMNIBUS/SMARTIES is viewed as cognate
(Mizoguchi & Bourdeau, 2016). The OMNIBUS ontology is built to operationalize learning/
instructional theories to build a theory-aware authoring system named SMARTIES. Those
theories are descriptive and have to be interpreted by researchers to use them for building
theory-justified learning support systems. OMNIBUS enables such manual interpretation to
be skipped by providing operationalized theories that can be interpreted by the SMARTIES
authoring system. The reorganization of the rules for the use of English language tense and
aspects together with such operationalization of theories by the use of ontology should develop
further in the future.

LM of “not understanding”

Although there remains much room for refinement of the method, it is a first step toward
establishing a new paradigm of modeling the search space that has been ignored to date. In an
extreme case, the notion of the search space itself can be a subject to learn. Not only students
but ordinary people rarely have a clear notion of the search space. They tend to think or solve
problems simply by applying the knowledge at hand without noticing that they cannot explore
outside of the search space implicitly specified (limited) by the knowledge at hand, and hence
they are sometimes at a loss when they fail to find a solution in a given time. In such a case,
they should pay attention to the search space that has been implicitly assumed/specified and
examine its possible limitations to extend or improve it by assessing the potential capacity of
the search space. Note here that it is not the problem of whether or not learners possess rel-
evant operators (knowledge), but rather the problem is of noticing relevant kinds of knowledge
out of many they already possess to successfully extend the current search space.

8. CROWDSOURCING PAVES THE WAY FOR PERSONALIZED
LEARNING

Ethan Prihar and Neil Heffernan

The desire for personalized learning comes from the idea that giving students instruction
and support tailored to their specific needs or traits can lead to higher learning gains (Bulger,
2016). In the past, there have been statistically significant positive attempts to personalize
learning, such as providing students with different instructional material based on their com-
petency (Kulik & Kulik, 1982; Razzaq & Heffernan, 2009), and statistically insignificant
attempts, such as giving students different material based on their assumed learning style
(Pashler et al., 2008). Recently, the increased adoption of online learning platforms has ena-
bled methods for personalizing students’ learning to be incorporated into students’ curricula
at a much larger scale than what was previously possible in classroom settings, but while
many online learning platforms purport to implement personalized learning, very few have
evidence to support the efficacy of their methods (Bulger, 2016). The growing integration
of online learning into students’ curricula has provided online learning platforms with an
unprecedented opportunity to improve their design by engaging with users to create and vali-
date their content, as well as explore for further opportunities for personalization. Educators
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and researchers using these platforms can be solicited to create content for students, and the
impact of this new content on students’ learning can be evaluated empirically with data col-
lected from students using the platforms.

ASSISTments, an online learning platform that has been running since 2006, not only has
evidence that the platform is effective at increasing students’ learning gains (Roschelle et al.,
2016), but has also been engaging with educators and researchers to create tutoring for strug-
gling students (Ostrow et al., 2017; Patikorn & Heffernan, 2020). Within ASSISTments, stu-
dents are assigned mathematics problem sets from one of multiple open access curricula,
which they complete online through the ASSISTments Tutor. The ASSISTments Tutor displays
each mathematics problem for the students and offers on-demand tutoring if the student is
struggling (Heffernan & Heffernan, 2014). Tutoring can come in the form of a complete expla-
nation of how to solve the problem, individual steps that explain how to solve one part of the
problem at a time, a series of simpler problems that walk the student through how to solve the
more complicated problem, an explanation of how to solve a similar problem or feedback on
the specific error a student made. Using the same terminology found in Chapter 9 by Aleven
et al. on instructional approaches, ASSISTments implements the tutored problem-solving
approach through ASSISTments Tutor, in which students are provided with step-level forma-
tive feedback. An example of the ASSISTments Tutor displaying a problem along with a text-
based explanation is shown in Figure 27.7.

One way in which ASSISTments has leveraged its users to discover opportunities for per-
sonalization is by allowing external researchers to create and evaluate different tutoring
strategies. Since 2015, more than 100 teams of researchers have been able to run randomized
controlled experiments in ASSISTments. These experiments have compared video-based
tutoring to text-based tutoring, examples of how to solve similar problems to examples of
how to solve the problem the student is struggling with, language with positive sentiment
to neutral sentiment, and more. By allowing these researchers to create experiments and
evaluate different hypotheses, ASSISTments has collected over 50 000 instances of a stu-
dent participating in an experiment. These data can be used to understand the relationships
between traits of the students and the effectiveness of different tutoring. For example, one
study in ASSISTments found that students with below-average prior knowledge benefited
more from tutoring that broke the problem down into individual steps while students with

Probiem i; PRABETC2

It takes an ant farm 3 days to consume 1/2 of an apple. At that rate, in how many days will the ant farm consume 3 apples?
Do not include units {days) in your answer.

copied for Iree from openupresources.ong

If 1/2 of an appte is a unit, then 3 apples is 6/2 units, so it would take 6 time units to finish 3 apples.
Multiply & times the number of days it takes to eat half an apple.
6(3) = 18 days to eat 3 apples

®

Subimit Answer

Figure 27.7 A problem in the ASSISTments Tutor with a text-based explanation
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above-average prior knowledge benefited more from tutoring that gave them a full explana-
tion of the solution all at once (Razzaq & Heffernan, 2009). By allowing external researchers
to use ASSISTments as a tool for performing randomized controlled experiments, the insight
gained from these experiments can be used to personalize content for students using the
platform.

ASSISTments has also crowdsourced tutoring directly from teachers using the platform.
Through TeacherASSIST, a program started in 2018, teachers in good standing that had cre-
ated tutoring for their own students could agree to allow their content to be given to struggling
students outside their class. A randomized controlled trial was conducted within the platform
in which students that were struggling were given either just the answer or crowdsourced
tutoring relevant to the problem they were struggling with. In 2020, the results of this study
showed that the crowdsourced tutoring collected from teachers had a statistically significant
benefit on students’ learning gains (Patikorn & Heffernan, 2020). In 2021 this study was
repeated and again the crowdsourced content was shown to have a statistically significant
benefit on students’ learning gains (Prihar et al., 2021). In addition to being able to determine
the overall effectiveness of crowdsourced tutoring, the dataset collected on the effectiveness
of TeacherASSIST was used to evaluate the individual effects of specific content creators’
tutoring. It was discovered that while most content creators’ tutoring was better than receiving
just the answer, many of the content creators’ tutoring was not statistically significantly better,
and some content creators had content which was statistically significantly worse than just
receiving the answer (Prihar et al., 2021).

Using crowdsourcing to collect tutoring not only helps struggling students but can also
enable the exploration for opportunities to personalize students’ learning. The TeacherASSIST
project created an average of about three tutoring messages each for 6 044 problems in
ASSISTments. For these problems where multiple tutoring messages are available, it is pos-
sible that one type of tutoring could be more beneficial to one group of students, and another
type of tutoring could be better for a different group of students. This type of interaction,
referred to as a qualitative interaction, is the ideal case for personalized learning because dif-
ferent content is more effective for different students. Using the crowdsourced tutoring and
statistics collected on students and problems from prior usage data, it is possible to investigate
qualitative interactions within the data collected through TeacherASSIST. However, with so
much data available and so many potential interactions, using a statistical approach to test for
qualitative interactions between the different tutoring messages available for each problem for
every piece of information on students and problems would result in so many hypotheses that
the correction for multiple hypothesis testing would take away any significance in the results.
Therefore, to investigate qualitative interactions between students and crowdsourced content,
ASSISTments has begun to use reinforcement learning to both provide the best content availa-
ble to students and explore for opportunities to personalize students’ tutoring. A reinforcement
learning approach to search for opportunities to personalize students’ learning would be able
to learn over time which tutoring strategies are most effective for different groups of students
and recommend the most effective content to students when they request tutoring. In simula-
tions conducted on the TeacherASSIST data, even a simple Bernoulli Thompson sampling
multi-armed bandit (Agrawal & Goyal, 2012) can increase students’ next problem correctness
by about 2.5% when selecting the tutoring the student will receive, and that doesn't even take
into account specific traits of the student, problem, or tutoring. To explore the potential of
reinforcement learning for personalization within ASSISTments, an algorithm, Decision Tree
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Based Thompson Sampling, was designed to both personalize students’ tutoring and iden-
tify qualitative interactions. This algorithm, by taking into account qualities of the students,
problems, and tutoring strategies available, was able to increase students’ next problem cor-
rectness by about 8.4%. In addition to increasing students’ next problem correctness, Decision
Tree Based Thompson Sampling was able to identify two qualitative interactions within the
TeacherASSIST data. The first was that students benefited more from tutoring with images
when the problem was more difficult than average, and from tutoring without images when
the problem was easier than average. The second was that students benefited more from tutor-
ing from a particular content creator when the problem was easier than average, and from
tutoring from other content creators when the problem was more difficult than average. By
crowdsourcing content from ASSISTments users, ASSISTments has been able to identify quali-
tative interactions and design algorithms that are key in ensuring that each student using the
platform is given the content most helpful to them.

Crowdsourcing has paved the way for personalized learning within ASSISTments through
the aggregation of step-level formative feedback (see Chapter 9 by Aleven et al. on instruc-
tional approaches), and can do so in other platforms as well. By encouraging users to create a
variety of content, new algorithms capable of identifying interpretable qualitative interactions
can be rapidly developed, tested, and deployed to discover new opportunities for personali-
zation. Moving forward, platforms can even integrate public content as well as user-created
content into the platform. By crowdsourcing opinions from teachers on publicly available
educational videos, these videos could be offered to students when they are struggling with
particular mathematics concepts, in addition to the tutoring already provided to them on the
specific problem they are struggling with. Reinforcement learning algorithms can recommend
what publicly available content and tutoring strategies the students should receive based on
features of the student, the problem they are solving and the educational material available to
them. These algorithms will not only determine the most effective tutoring for each student,
but will also identify qualitative interactions that will provide insight into how to effectively
personalize content for students, which can improve educational pedagogue and the design of
future curricula.
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9. AIED IN DEVELOPING COUNTRIES: BREAKING SEVEN WEIRD
ASSUMPTIONS IN THE GLOBAL LEARNING XPRIZE FIELD
STUDY

Jack Mostow

Advances in education technology are enabling tremendous advances in learning at scale.
However, modern educational software is typically developed in, by, and for WEIRD (Western,
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Educated, Industrialized, Rich, Democratic) countries, and therefore assumes resources taken
for granted in such countries, including:

1) Reliable electricity,

2) Powerful computers,

3) High-bandwidth internet access,

4) Fast WiFi,

5) Accurate data collection,

6) Sophisticated sensors, and

7) Expert technical and instructional support to keep it all working.

Research to evaluate such software relies even more heavily on these assumptions due to the
additional instrumentation and data collection involved. Though common in AIED, these
assumptions are often violated in developing countries. This section discusses them in the
context of the Global Learning XPRIZE (XPRIZE, 2019), a US$15 M worldwide competition
to develop an open-source Android tablet app to teach basic reading, writing, and numeracy
to children with little or no access to schools. XPRIZE tested the five finalists’ Swahili apps
in a 15-month-long independent controlled field study with over 2,000 children in 168 villages
in Tanzania. An analysis of their learning gains appears elsewhere (McReynolds et al., 2020).
This section examines how XPRIZE and some of the apps addressed each of the seven
assumptions, whether by enabling it or by working around it.

Electrical Power

Educational apps typically assume reliable electricity. In developing countries, the reality
tends to be quite different, with limited availability and fluctuating voltage.

The obvious and widespread workaround is to use batteries, but batteries must be replaced
or recharged. XPRIZE worked around this limitation by providing a solar-powered station for
each village with recharger cables, WiFi router, and ftp server. Another solution is to include
a small solar recharger in or with each tablet.

Computers

Educational software in WEIRD countries can assume that computers are plentiful, pow-
erful, and personal. XPRIZE enabled this assumption by providing a high-end tablet for
every child at its study sites and replacing it if lost, stolen, or broken. Google donated 8,000
Pixel C tablets for the study. However, the reality is that computers in developing countries
are typically scarce, low-end, and shared. Tablet sharing is not an issue for non-adaptive
apps, but it is a problem for apps that depend on tracking individual progress to adapt to the
student.

The RoboTutor team (Mostow, 2019; RoboTutorLLC, 2019) user-tested successive ver-
sions at several beta sites in Tanzania but could not afford to provide a separate tablet
for each child. As a workaround, we supported tablet sharing by developing a self-enroll-
ment and login mechanism that children could operate without being able to read, write,
or require help from anyone who could. An alternative workaround developed by another
team used continual assessment in its app to adapt quickly when the tablet changed hands.
This approach eliminated enrollment but required adaptation based on scant data from the
student.
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Internet

Many educational apps assume reliable, wide-coverage, high-bandwidth internet access. The
reality in developing countries is that internet access is limited, slow, or non-existent.

The obvious and necessary workaround was for apps to run without relying on an internet
connection. Remote villages in the XPRIZE study had no internet connection. Cell phone ser-
vice was sometimes available, but with bandwidth too low to transmit large quantities of data.
XPRIZE’s workaround was for its field staff to collect log data on portable devices and send it
back via motorcycle to a location with a good internet connection. From there, XPRIZE staff
uploaded each team’s data to the Box cloud server for the team to download.

WiFi

Similarly, many apps assume reliable, wide-coverage, high-bandwidth WiFi. The reality in
developing countries is that WiFi, when available at all, has frequent outages, limited cover-
age, and low bandwidth.

XPRIZE’s workaround let tablets transfer files to and from the ftp server while within WiFi
range, typically while recharging. The finalists’ apps worked around limited WiFi access by
running client-side without relying on the server, but took advantage of WiFi when available
to transfer data, in particular log files.

Data Collection

AIED research in WEIRD countries can often rely on automated collection of comprehensive,
accurate data. However, the reality in XPRIZE is that manual and automated data collection
led to some incompleteness and incorrectness.

For example, whenever the Pixel C tablet battery ran out of power, recharging it reset the
tablet clock to 12/31/1999, rendering logged timestamps invalid and wreaking havoc on analy-
sis of log data. The RoboTutor team’s workaround was to deduce lower and upper bounds on
when they were actually created, based on the week that XPRIZE staff uploaded the log files.
Another team’s workaround to this problem was to advance the clock after each clock reset by
a large, increasing time interval.

Fluctuating WiFi access apparently prevented transfer of an unknown number of files. A
partial workaround for unknown data loss was to number log files sequentially and include
their sequence numbers in their filenames. This remedy did not eliminate the data loss, but
at least the sequence numbers made it possible to order log files chronologically and infer the
number of missing logs from gaps in the log numbering sequence.

Field staff manually recorded a “tablet tracker table” listing the three-digit site ID assigned
to each village, the six-character anonymized ID assigned to each child when pretested, the
ten-character tablet IDs assigned to that child, and the dates assigned. The typos inevitable
in manual data entry caused discrepancies in the form of “phantom tablet IDs” logged by the
app but missing from the table. The RoboTutor team worked around such errors by finding
whichever logged ID matched the table entry most closely.

Each week, field staff uploaded data to a folder named by the upload date, for example,
2018-12-22, with the subfolder for each site named by its site ID, such as 131. This process was
manual and therefore vulnerable to “phantom village” errors. For example, we determined
that the data in subfolder 131 of the 2018-12-22 upload folder actually came from site 139,
based on the tablet IDs located there according to the tablet tracker table.
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The lesson from these problems is that both manual errors (e.g. typos) and automated errors
(e.g. clock resets) are inevitable, so redundancy in data collection is essential to work around
them.

Sensors

Advanced educational software typically assumes that sensors are reliable, accurate, and
many-modal, that is, exist for diverse forms of input (audio, vision, touch) and are used in a
controlled environment. The reality in developing countries is that sensors are typically unre-
liable, inaccurate, few in number and used in noisy environments.

Various workarounds can help, for example:

1) Apply the sensor selectively, that is, only in situations where it can work. For instance,
RoboTutor uses speech recognition only for highly predictable speech, such as listening
to oral reading of a known text or listening for an expected answer to a problem.

2) Degrade gracefully. For instance, read a word aloud to the child after two attempts by the
child to read it.

3) Provide a fallback. For instance, let the child tap to make RoboTutor read the next word.

Support

Educational software is typically used in environments where expert assistance and assess-
ment — both technical and instructional — are available when needed. For example, a teacher
or parent can help a student who has difficulty understanding the content or operating the
software and assess whether it is at an appropriate level for the student. In developing coun-
tries, such expertise is often scarce or absent. Available adults are inexpert or even illiterate.
Teachers are over-burdened, under-trained, absent, or non-existent.

Workarounds used by finalists’ apps included verbally prompting the student what to do
and pointing with an animated hand to indicate a target to look at or tap, because just high-
lighting it is not self-explanatory to users unfamiliar with touchscreens — the sort of cultural
difference revealed by in-person study of the context of use. Such animations are useful within
the context of an app, but video provides a useful workaround for unavailable human assis-
tance by displaying external context. For instance, RoboTutor plays short video tutorials of
humans demonstrating how to hold the tablet and operate various activities in order to work
around the lack of someone to do it in person.

Finalists’ apps used various workarounds to assess student knowledge in the absence of a
human teacher. One simplistic workaround is to advance through the curriculum in a fixed
order starting from the easiest lesson. This workaround relies on the unrealistic simplify-
ing assumption that the resulting sequence will fit every student’s rate of learning. Another
workaround is to let students choose what to do. This “learner control” makes the unrealistic
assumption that children’s goal is to optimize their learning, and that they know which choice
will do so. This assumption can be mitigated somewhat by restricting the choices to activi-
ties whose prerequisites the student has completed. A more sophisticated workaround is to
automate assessment. Automated placement determines where in the curriculum the student
should start. Automated promotion determines when the student has made sufficient progress
to advance. Automated assessment uses and updates a student model.
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Conclusion

The Global Learning XPRIZE was a landmark experiment in education technology. We hope
that this discussion of AIED assumptions violated in developing countries may help AIED
scale toward a world-class education for every child on the planet.
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10. THE FUTURE OF LEARNING ASSESSMENT

Claude Frasson

Traditional Assessment of Learning

Since Plato, Archimedes, and Pythagoras, assessment of learning has been the subject of
many theories, methods, and practices. Thus, faced with behaviorism (Skinner), which con-
sidered learning as the association of a response to a stimulus, Piaget was able to develop
constructivist approaches based on the idea that knowledge is constructed by the learner based
on the mental activity. The learner is active and will seek to make sense of what he perceives
from his experiences.

For Vygotsky, the learner builds his knowledge by socializing himself with fundamental
tools such as language. Cognitivism aims to study observable behavior by ignoring mental
representations that are not observable. This notion of the observable joins that known in
quantum mechanics of an observable physical quantity (position, momentum, energy) capa-
ble of being broken down into quantifiable and deductible states. But how do you know if
the learner has learned? Traditionally, pedagogical, psychological, or statistical theories are
used to explain or deduce the knowledge that has been mastered and that which is not, from
the performances obtained. But this constitutes an indirect assessment of the learner by his
results and does not consider his mental state at the time. It is totally unknown whether the
learner is tired, distracted, or not engaged in the learning process. Sometimes, the lack of
interest in a teacher can cause difficulties in acquiring the subject. Educational approaches,
involving the notion of learning style, have tried to provide solutions by taking more account
of the individual. Thus, the “big five” theory (Golberg, 1981) made it possible to consider
five types of learning relating to the personality traits of learners. There is therefore a pro-
gression of approaches tending towards a deeper knowledge of the individual, but this will
remain insufficient until emotions are considered (Picard, 1997; Chapter 5 by Arroyo et al.)
in learning.

Importance of Emotions in Learning

To come back to Archimedes, how did he discover the law of the principle of flotation? He was
in his bath, in the ideal emotional conditions of relaxation and concentration to watch his leg
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float and suddenly he understood (Eureka!). The same is true of many fortuitous discoveries
(Fleming, Pasteur) which have drawn conclusions from an observation, a high state of concen-
tration and chance (phenomenon of serendipity). Indeed, emotions are narrowly linked to the
cognitive process (Frasson & Heraz, 2011). Without emotions, we are unable to make even the
simplest decision. Moreover, some strong emotions, like anger or anxiety, can prevent us from
concentrating on our everyday tasks and particularly on learning (Goleman, 2006). People
who have positive emotions will think in a more creative, expansive, and motivated way. On
the other hand, negative emotions (stress, fear, disgust, boredom), can result in sleeping trou-
ble, lack of concentration or hyperactivity and reduction of cognitive and memory functions.

Cognitive processes, such as problem solving and decision making, not only depend on the
individual’s emotional state, but are greatly intertwined with it (Chaouachi et al., 2010). Some
emotions or combinations of emotions lead to a mental state which is in fact the condition of
cognitive receptivity of the brain. Among these mental states, engagement and mental work-
load are fundamental. A series of failures can lead to a decrease in engagement but a series of
successes will lower attention.

It has been found (Chaouachi et al., 2010) that for some learners, a consecutive series of
wrong answers lowered their mental engagement. For others, the same effect was observed
for a consecutive series of good answers. Indeed, learners tend to relax after getting a few
good answers and consequently become less engaged. This is where the contribution of the
emotional factor is crucial and must be assessed permanently to adopt adequate pedagogi-
cal strategies. Experiments have shown that emotions impact the engagement index, that the
engagement index is more correlated with arousal than valence, that it represents a valid indi-
cator of learners’ performance, and construction of a personalized model to predict the varia-
tion of that engagement index is not only possible but highly recommended.

Mental workload is an indicator of acceptability, of the availability of the learner's mental
resources (Berka, 2007). It is useless to explain anything to them if their mental workload is
high (saturated); they will not be able to understand, hence the importance of being able to
measure it. An experiment (Chaouachi et al., 2011) showed real-time monitoring of engage-
ment and mental load. Faced with the impossibility of understanding a problem (too much
workload), simple advice was enough to lower this workload and suddenly allow the problem
to be understood.

Contribution of Neurosciences

Often researchers stick to their usual discipline to analyze or build experiments. However,
the richness of different disciplines (and particularly the neurosciences) is that they consti-
tute different points of view making it possible to find complementary solutions and original
methods of investigation. Thus, the study of the components of the brain allows us to better
understand the fundamental role of the cortex, the thalamus and especially the limbic system
in the acquisition of knowledge. The latter regulates both the acquisition and the deployment
of knowledge with the amygdala (center of emotions and implicit memory), the hippocampus
(explicit contextual memory) and areas of short-term and long-term memory. Understanding
this architecture of the brain is very important not only to understand the process of acqui-
sition, memorization, but also to measure them. This time, we no longer consider indirect
performance measures but take direct measures of the mental state of the learner by picking
up brain signals. The most reliable and accurate physiological signal for monitoring cognitive
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state changes remains the electroencephalogram (EEG). The EEG data has a high level of
time resolution and precision resulting from electrical neural activity in the brain. They meas-
ure four EEG bands: Theta (4-8 Hz), Alpha (8—13 Hz), Beta (13-32 Hz) and Gamma (32-40
Hz), which, by combination, allow assessment of various mental states.

In addition, neuroscience measures provide access to the distinction of brain areas involved
in information processing. This is important for understanding how the reasoning is triggered.
It is thus possible to distinguish processing by the conscious (left part, with the language
area) and by the subconscious (right part, with the image processing area). We can follow the
forms of reasoning which can switch from the deductive mode to the inductive mode which
represents a great progress compared to the studies which sought to know by tests of approxi-
mations, the famous path of knowledge. A surprising experiment was made by Heraz et al.
(2009), using the P-300 (positive) and N-300 (negative) brain waves: a learner had to choose
a correct answer from three questions. When he chose the right answer, a P-300 brain wave
was generated, but when he chose a false one it was an N-300 wave which manifested, which
means that the subconscious part of the brain could guess that the answer was wrong.

Brain Assessment Parameters and Tools

As we have seen, the most important aspect of future learning assessment is to allow a direct
assessment of the cognitive processing brain conditions of the learner and no longer a probable
estimation of the reasons for their performance. EEG-based brain—computer interfaces use
sensors placed on the head to detect brainwaves and allow mental states of fatigue, engage-
ment, workload, stress, anxiety, concentration, or distraction to be distinguished. Great pro-
gress has been made in the precision and ease of use of these devices.

However, if you explain something to a learner while they are looking in another direction
of the demonstration, they will not grasp it. This is why eye-tracking is useful.

Eye-tracking systems have flourished in the past few years due to their ease of use, high
sensitivity, and especially their non-intrusiveness. It is a very useful tool in many research
domains, including visualization, activity recognition, affect detection, and especially learn-
ing, to understand how students evolve and progress while learning. In fact, how students are
reasoning while solving problems is a fundamental issue, regarding the technical and meth-
odological challenges, due to the complexity of the reasoning process. Research has dem-
onstrated that a relationship exists between eye movements and cognitive processes (Hunter
et al., 2010). As a result, the use of eye-tracking can be beneficial as a means to identify the
link between the task-relevant information and the learner’s knowledge state (BenKheder
et al., 2019).

Combining EEG and eye-tracking through neurofeedback methods should be a challenge
for future methods of learning assessment. Neurofeedback can be used to enable people to
learn to manage specific aspects of their neuronal activity and develop skills for self-regula-
tion of brain activity, through a brain—computer interface.

In the same way that the evolution of theories has gradually converged towards the indi-
vidual, the present and the future of the evaluation of learning will pass by measurements
of the cerebral activities and eye-tracking which are more and more refined thanks to tech-
nological means under development. A vast field of research is opening on new learning
strategies.
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11. INTELLIGENT MENTORING SYSTEMS: TAPPING INTO AI TO
DELIVER THE NEXT GENERATION OF DIGITAL LEARNING

Vania Dimitrova

In the past decades, the successful and deployable solutions of intelligent learning environ-
ments have predominantly been in formal education, usually school or university settings. In
the next decades, I believe that Al in Education (AIED) will be established strongly in the
broader educational landscape, with regard to a range of learning contexts, such as informal
learning, adult education, professional learning, to name but a few. I argue that this calls for
a change in the way we envisage the role of AIED and the way we design AIED systems. I
believe that this will lead to a new family of AIED systems that provide support for coaching
and mentoring.

Changing the Learning Landscape

Changes in a field, which can lead to new paradigms, often come from external drivers linked
to socioeconomic and technological developments. A key driver calling for a change in our
view of intelligent learning environments is the new learning landscape. There are strong
voices for education to prepare for the rapidly changing skills demand. For example, the
World Economic Forum lists key skills needed for jobs, such as analytical thinking and inno-
vation, active learning and learning strategies, complex problem solving, critical thinking, and
creativity. The Council of Europe’s key competences for living in democratic societies and
participating in democratic culture include: values (e.g. valuing human dignity and human
rights, cultural diversity, democracy, and fairness), attitudes (e.g. openness to cultural other-
ness and to other beliefs, respect, civic-mindedness and self-efficacy), skills (e.g. autonomous
learning skills, listening and observing, empathy, flexibility and adaptability, cooperation, and
conflict-resolution), knowledge and critical understanding (e.g. critical understanding of the
self, of language and communication, and of the world, human rights, culture, environment,
and sustainability). This broadens the education scope to address soft (transferable) skills
and to include lifelong learning in real contexts and everyday life experiences. At the same
time, there is a growing demand for re-skilling, as stated by the futurist Alvin Toffler: “The
illiterate of the 21st century will not be those who cannot read and write, but those who can-
not learn, unlearn, and relearn.” Hence, stronger emphasis is being put on lifelong learning,
self-regulation, and developing growth mindset. Professional learning models aimed at devel-
oping reflexive practitioners who can make meaning of their practical experience and become
lifelong learners, are becoming endorsed in workplace-based learning.

Mentoring

Mentoring is seen as a highly effective method to support the development of transferable
skills, to increase motivation and confidence, and to develop self-regulation and self-deter-
mination. Because of insufficient space, I will not review the various definitions of mentor-
ing and coaching and the nuances of differences between them. Hereinafter, I will use the
term mentor as a generic term for the various interactions one can have with a more experi-
enced person or with peers helping us to make meaning from our experience, develop self-
awareness, become more engaged and motivated, set goals and reflect on their achievement,
develop confidence and self-esteem, and thus realise one’s full potential. Mentoring support
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can be offered by tutors, supervisors, friendsand particularly dedicated mentors and coaches.
Mentoring can take different forms: 1:1 (the traditional model of mentor and mentee), 1:M
(one mentor for a group of mentees), M:M (peer mentoring, usually in collaborative settings),
M:1 (experience shared by many people in helping a mentee). Technology can play a key role
by providing scalable and cost-effective support, tailored to the different mentoring models
and adapted to individual needs and contexts.

Diversity-Aware Intelligent Mentoring Systems

Today, a vast number of learners use technology for educational purposes; and this will apply
for future uses of technology to support mentoring. Consequently, technology support for
mentoring would need to consider learner diversity, including demographic diversity (gender,
age, culture), functional diversity (different experiences, different knowledge), and subjec-
tive diversity (personality characteristics, traits, values, motivations, beliefs). Educators and
technologies supporting the education process would need to think about a wider scope of
learner characteristics beyond knowledge and experience. A key challenge then would be how
to understand diversity at scale. Digital transformation of education enables the capturing
of digital traces which can be analysed to understand the learners, their behaviour, and the
overall learning process. Hence, learning analytics approaches can provide “sensors” about
aspects of the learners and the learning context.

This can then indicate situations in which we can provide nudges to foster behaviour change
and facilitate learning. Nudges are widely used in behaviour change interventions (e.g. health,
driving, green living) to influence choice without restricting any options. In mentoring sys-
tems, nudges can direct the learner to aspects that are beneficial for learning (e.g. to promote
reflection, to improve engagement), yet preserve the freedom of exploration and the notion of
self-control. Learning analytics combined with nudges can augment the mentoring models.

1:1 mentoring

We can provide intelligent personal mentors that act as conversational agents capable of “sens-
ing” relevant situations about the learner (e.g. disengagement, lack of confidence, lack of moti-
vation, boredom, procrastination, frustration) and offer interactive nudges (e.g. prompts, hints,
questions, tips, suggestions) to help the learner become self-aware of their behaviour and iden-
tify what and how they may change. Another direction for using intelligent personal mentors
is learning from experience — an effective approach for soft skills learning and for professional
learning. Through the new technologies, such as speech, sensing devices, information about
real-world experience can be captured. The personal mentor can then detect relevant situa-
tions in the digital traces with learners’ experience and help them set goals and devise ways
to achieve these goals.

1:M mentoring

These are group mentoring contexts done by one mentor, which refers to group-based interac-
tive systems or collaborative spaces. Intelligent support can be offered to both the mentor and
the mentees. We can envisage “sensors”, in the form of group behaviour analytics, to under-
stand individual differences and group dynamics. This can then inform nudges to be sent to
individual members or to the group as a whole. Nudges can be offered automatically to the
learners or can be suggested to a human mentor to help them moderate the group discussions.
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M:M mentoring

Consider diversity-aware social interaction spaces where learners share experiences, knowl-
edge, tips. As with 1:M, we can envisage “sensors” of group behaviour to detect interest-
ing situations and nudges to offer direction that can change behaviour to benefit learning.
Different contexts — soft skills learning, professional learning, informal learning — can utilise
this approach. One of the main challenges in group contexts with diverse learners (e.g. cross-
generational, cultural differences) is to ensure that the virtual social spaces are inclusive, that
is, that everyone can benefit from their social experience. Analysis of the group interaction
data can identify critical moments where members are ignored, may be confused, or become
disengaged. The system can interfere to make the collective experience beneficial for the indi-
vidual (e.g. raise group awareness, foster links, promote knowledge exchange of knowledge
and experience).

M:1 mentoring

This refers to learning from collective intelligence. We can envisage nudging for informal
learning where the learner freely explores a large information space with contributions from
other people (e.g. comments, tips, stories, shared resources). In this case, domain models
(ontologies) can help to map content to concepts from the domain, in order to design naviga-
tion nudges that direct the learner (offering signposts or recommendations) to content that can
expand their knowledge and help them learn from others’ experience. Learning through infor-
mation exploration is being explored by the information retrieval community. In the future,
closer links with the AIED community will enable more robust models that turn exploratory
search tasks into effective informal learning scenarios.

Research Directions

To realise the intelligent mentoring system vision, we will need interdisciplinary partnerships
that link researchers from computer scientists, professional learning, cognitive science, social
science, and management. Possible research questions that these partnerships can consider
include:

o Learner needs: What are the key lifelong learning challenges which require mentoring?
What digital technologies do learners and tutors use to tackle these challenges? What are
the main barriers (e.g. ethics, security, reliability)?

o Technology: What are the potential platforms/technologies that can be utilised for men-
toring? What are the strengths and limitations of these platforms? What mentor-like fea-
tures can we add to existing systems and how?

e Learner/group sensing: What individual differences should be considered; and how can
they be captured/utilised in a holistic contextual model? What digital traces about the
learner experience can be collected? What intelligent data analytics methods can be used
to derive high-level behaviour models from low-level interaction data?

e Domain modelling: What “critical” situations do human mentors recognise when advis-
ing mentees? What contextual factors do human mentors take into account? What “nudg-
ing interventions” do human mentors use?

o Intelligent nudges: Can we shape a generic nudging framework (e.g. aspects which may
include “sensors” to detect problem behaviour, interaction and navigation nudges to foster
target behaviour)? What individual differences shall we consider for effective nudges?
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e Validation: How reliable are the computational models? What are the pedagogical
benefits of intelligent mentors, for example, evidence of reflection and self-awareness,
improved confidence and self-esteem, better self-regulated learning, improved motiva-
tion? Who benefits and who does not?

e Impact: What findings can inform adopting mentor-like features in intelligent systems?
How to turn proof-of-concept prototypes into deployable intelligent mentoring systems?

NOTE

1. For the purposes of this chapter, we consider the default role for a PA to be as a tutor, coach, or
teacher. In other situations, such as role playing or peer learning, other factors may play a more
important role in their design (e.g., in language training, agents would be designed to accurately
represent a foreign country).
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