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Abstract   The field of Artificial Intelligence in Education (AIED) has 
undergone significant developments over the last twenty-five years. As we 
reflect on our past and shape our future, we ask two main questions: What 
are our major strengths? And, what new opportunities lay on the horizon? 
We analyse 47 papers from three years in the history of the Journal of 
AIED (1994, 2004, and 2014) to identify the foci and typical scenarios that 
occupy the field of AIED. We use those results to suggest two parallel 
strands of research that need to take place in order to impact education in 
the next 25 years: One is an evolutionary process, focusing on current 
classroom practices, collaborating with teachers, and diversifying 
technologies and domains. The other is a revolutionary process where we 
argue for embedding our technologies within students’ everyday lives, 
supporting their cultures, practices, goals, and communities. 

Keywords. Artificial intelligence in education; intelligent tutoring systems; 
interactive learning environments; education revolution. 
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”If I had asked people what they wanted,  
they would have said faster horses.” 

- Henry Ford 

 
For much of the last 25 years, the Artificial Intelligence in Education (AIED) 

community has been focusing, to a large degree, on solving the two-sigma 
problem by creating systems that are as effective as human one-on-one tutoring 
(VanLehn, 2011). Over the years, we have made many significant advances 
towards that goal. To use Ford’s analogy from the quote above, we have become 
very good at building “faster classrooms”. Indeed, many interactive learning 
environment (ILE) papers show improvements in efficiency by demonstrating 
similar learning gains in a reduced amount of time (cf. Cen, Koedinger, & Junker, 
2007).  

By making the human tutor our gold standard, a typical use-case has often 
been that of one student working with a computer in a math or science classroom 
to solve step-based problems focused on domain-level knowledge (cf. VanLehn, 
2006). However, this use-case fails to account for many recent developments in 
practices and theories of education. The introduction of 21st century skills 
(Trilling & Fadel, 2009) and Next Generation Science Standards (NGSS, 2013) 
have highlighted the importance of more general learning skills and competencies 
such as metacognition, critical thinking, and collaboration.  Subsequently, today’s 
educational environments and theories strive to incorporate authentic practices 
using big problems in collaborative settings. To maintain its relevance and 
increase its impact, the field of AIED has to adapt to these changes. These 
transitions in education are also an opportunity: current educational theories 
advocate for more agency and personalization (Collins & Halverson, 2010). 
However, many existing classroom structures are inapt for engaging students in 
“big” problems (Kirschner, Sweller, & Clark, 2006; Tobias & Duffy, 2009) or for 
offering students choice (Collins & Halverson, 2010). Both students and teachers 
are in need of better, personalized support. How can we build ILEs that enable 
high-quality adaptive education at scale? We address these questions by answering 
two related questions. (i) What are the current foci of research in AIED? And, (ii) 
what changes do we need to undergo in order to lead education in the 21st century?  

Our goal is to take a historical perspective to identify existing trends within 
the AIED community. We suggest that AIED research should strike a balance 
between evolution (refining existing frameworks) and revolution (thinking more 
broadly and boldly about the role of ILEs). We begin by reflecting on 20 years of 
IJAIED papers and analysing historical trends from papers published in 1994, 
2004, and 2014. Following, we identify changes in the educational and 
technological landscapes, and describe potential revolutions in AIED.  Last, we 
reflect on historical trends and current trajectories to speculate as to what the field 
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can achieve in the next 25 years and offer a more apt metaphor than the human 
tutor. 

Evolution in AIED research 

Over the past 25 years, the field of AIED has achieved success in terms of 
technological developments (VanLehn, 2006), theoretical contributions (IJAIED 
25th anniversary special issue, part 1), and impact on education (Koedinger & 
Corbett, 2006; Heffernan & Heffernan, 2014). Here we identify the major 
developments and accomplishments in the field by analysing articles published in 
IJAIED  during 1994, 2004, and 2014. We chose these years because they 
represent early, middle, and recent AIED research. Overall, all 47 papers that were 
published during these years were analysed (20 from 1994, 13 from 2004, and 14 
from 2014). These papers were published either in regular IJAIED issues or in 
special issues (See Table 1). After much debate, we chose to include the special 
issues as they reflect the interest of the community and the availability of research 
to be showcased.  

We analyse each paper along the following dimensions: type and focus of 
paper, domain and breath, interaction type and collaborative structure, technology 
used, learning setting, and learning goals. Type and focus refers to whether the 
paper describes an empirical study or not, and what are its main contributions; for 
example, describing a system evaluation, a modeling approach, or a literature 
review. Domain and breath refer to the knowledge domain in which the work was 
situated (humanities, language learning, social sciences or STEM) and the number 
of topics and length of time the instruction covers. Interaction style describes the 
type of activities given to learners (e.g., step-based, exploratory). Collaborative 
structure describes whether students worked independently or with peers. 
Technology and setting describe the hardware being used (e.g., computers, 
handhelds, robots) and educational setting (formal or informal environments). 
Finally, learning goals refers to the focus of the instruction (e.g., domain 
knowledge, metacognitive skills, motivation). Within each dimension, a paper 
could receive more than one code. For example,  Nye, Graesser, and Hu (2014) 
describe an ILE that facilitates complex and step-based problems. Thus, this paper 
was counted under both step-based and complex problems. We present results 
both in terms of number (n) of papers and percent representation (%) for that year. 
In some cases, a paper could not be evaluated for a certain dimension because the 
dimension was irrelevant (e.g., a theory-based modelling paper may not be 
situated in a specific domain; Reye, 2004), or because needed information is 
missing (e.g., the amount of time students spend working with a system; 
Blandford, 1994). For simplicity, we refer to these cases as N/A. Thus, not all 
rows add up to the total number of papers reviewed.  
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Table 1. Papers analysed.   

Year Regular 
Papers 

Special Issue 
Papers 

Special Issue Topic(s) Total 
Papers 

1994 15 5 Language learning (n=5) 20 

2004 13 0 n/a 13 

2014 3 11 Learning in groups (n=4);  
Emerging Technologies Math/Science 
(n=7) 

14 

Type and focus of paper  

We identified each paper type as either empirical or non-empirical. To be 
classified as empirical, some form of data (e.g., pre-tests, post-test, process, 
qualitative, secondary analysis) had to be collected and reported. That is, empirical 
papers are papers in which a system or a prototype was used by students or 
teachers. Our analysis reveals a clear increase in the level of evaluative rigor of 
papers. Only 1 paper from 1994 (out of 20, 5%) had some form of empirical data. 
In contrast, 8 papers from 2004 had empirical data (out of 13, 62%), and 10 (out 
of 14, 71%) from 2014 had such data.   Throughout our analysis we distinguish 
between non-empirical and empirical papers, as empirical papers demonstrate a 
higher level of rigor.  

We classified each paper by the focus of its main contributions: modelling 
approach (of leaner or domain), research methodology, literature review, system 
description, system evaluation, or learning theories. As shown in Table 2, a vast 
majority of the papers in 2004 and 2014 focuses on system description and 
evaluation. In contrast, papers in 1994 focused more on modelling domains and 
learners. This trend parallels the previous finding regarding empirical work. With 
the advancements in modelling techniques, the focus shifted towards testing 
environments. Notably, modelling work has continued to take centre stage in other 
venues, such as the Journal of User Modeling and User-Adapted Interaction (est. 
1991), the Journal of Educational Data Mining (est. 2008), and The Journal of 
Learning Analytics (est. 2014). 

We were glad to see an increase in the rate of papers that discuss the 
theoretical implications and contributions of their work. By building and 
contributing to theories of learning, the field of AIED adopts higher standards and 
a more holistic approach to the study of education. At the same time, the lack of 
focus on novel research methods is somewhat unexpected. Given that many of our 
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approaches are unique in their ability to use process data to evaluate learning, a 
more deliberate effort to generalize these methods is warranted.  

Table 2. Types of papers. 

  Modeling 
approach 

Research 
methodo
logy 

Review System 
description 

System 
evaluati
on 

Learning 
theories 

Empiric
al 

1994 n = 1 
(100%) 

  n = 1 
(100%) 

n = 1 
(100%) 

n = 1 
(100%) 

 2004 n = 3 
(38%) 

  n = 8 
(100%) 

n = 8 
(100%) 

n = 3 
(38%) 

 2014 n = 3 
(30%) 

 n = 3 
(30%) 

n = 10 
(100%) 

n = 10 
(100%) 

n = 3 
(30%) 

Non-
empiric
al 

1994 n = 13 
(68%) 

 n = 1 
(05%) 

n = 7 
(37%) 

 n = 13 
(68%) 

 2004 n = 2 
(40%) 

n = 1 
(20%) 

n = 2 
(40%) 

n = 1 
(20%) 

 n = 2 
(40%) 

 2014 n = 3 
(75%) 

  n = 2 
(50%) 

 n = 3 
(75%) 

Domain and Breadth 

Table 3 shows the target domains described in each paper. The label “across 
domains” refers to papers that describe systems that are used in more than one 
domain. For example, Murray, VanLehn, and Mostow (2004) discuss STEM and 
language learning in their paper. Notably, several non-empirical papers thrive to 
be across-domains. In our analysis we used a stricter measure of whether the 
papers actually include examples across multiple domains. 

Perhaps the most prominent trend in this table is the increasing focus on 
STEM. Though many of the STEM papers in 2014 were part of the STEM special 
issues, the fact that there were two special issues on STEM (and a special issue on 
Language Learning in 1994) reflects the interest of our community. We attribute 
this trend to two factors. First, with the push towards standardized testing, schools 
are investing more in STEM. This means that focusing on STEM receives more 
attention, funding, and opportunities for classroom studies. A similar emphasis 
was found in an analysis of the International Conference of the Learning Sciences 
(Lee, Ye & Recker, 2012). A second reason for the focus on STEM may relate to 
the increase in empirical work. STEM topics offer well-defined problems, which 
are often more easily modeled and measured than their ill-defined counterparts. 
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Thus, the movement towards STEM may be an artifact of the general trend of 
increasing evaluative rigor. 

Table 3. Domains 

  
Across 
domains Humanities 

Language 
learning Social sciences STEM 

Empirical 1994    n = 1 (100%)  
 2004 n = 3 (38%) n = 2 (25%)   n = 3 (38%) 
 2014 n = 1 (10%) n = 1 (10%)   n = 8 (80%) 
Non-
empirical 1994 n = 2 (11%)  n = 7 (37%)  n = 5 (26%) 
 2004 n = 5 (100%)     
 2014     n = 4 (100%) 

 
A push towards more rigor is also seen in the breadth of coverage. We 

analysed papers by the amount of content that the systems cover using the 
following rubric: 1 topic, less than 1 hour of interaction in a single session; few 
topics, less than 5 hours of interaction, few sessions; and, many topics, interaction 
spread over a month or more. As the focus here is on actual environments, we 
analysed only empirical papers. As shown in Table 4, there is a very strong 
increase in the breadth of content that is covered and in the time spent using the 
environments. We see this as a positive trend. To become legitimate tools in 
teachers’ arsenals, we should offer environments that could be incorporated into 
classroom practice for extended periods of time. This also increases the rigor of 
our work, by testing technologies and theories over time and across topics.  

Table 4. Breadth of topics and interaction time 

  
1 topic, <1hr, single 
session 

Few topics, <5hr, few 
sessions Many topics, >1month 

Empirical 1994 n = 1 (100%)   
 2004 n = 6 (75%) n = 1 (13%) n = 1 (13%) 
 2014 n = 2 (20%) n = 3 (30%) n = 5 (50%) 

Interaction style and Collaborative structure 

To better understand what learning activities are being implemented and 
researched by members of the AIED community, we analysed activity type by two 
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dimensions: interaction style and collaborative structure. Note that we only 
analyse the activities as students experience these, not including support for 
teachers (in the form of dashboards or authoring tools).  

We used the following categories to analyse interaction style (see Table 5): 
step-based problem solving, that is, problems that are broken down to specific 
activities, often involving a single skill, typically with immediate feedback after 
every step; complex problems, that is, problems that include multiple skills and 
phases, and often include alternative potential routes to reach a solution. For 
example, the ILE designed by Britt and colleagues (2004) requires students to 
synthesize multiple documents. This category also includes self-explanation 
prompts when students can use natural language to express their explanations. The 
third category includes exploratory environments and games. These include 
simulations and other platforms where students explore topics rather than reach 
predefined correct solutions of specific problems.  

Table 5. Interaction style. 

  
Step-based problem  
solving Complex problems 

Exploratory 
environments and 
games 

Empirical 1994  n = 1 (100%)  
 2004 n = 2 (25%) n = 3 (38%) n = 3 (38%) 
 2014 n = 6 (60%) n = 5 (50%) n = 1 (10%) 
Non-
empirical 1994 n = 8 (42%) n = 7 (37%) n = 1 (05%) 
 2004 n = 2 (40%) n = 1 (20%)  
 2014 n = 2 (50%) n = 2 (50%)  

 
As can be seen, we have been moving towards increasing the focus on step-

based systems. This is natural, given the success in this type of work (VanLehn, 
2011). Also most of the five empirical papers from 2014 that were classified as 
“complex problems” present problems that can be easily evaluated, such as 
electronics (Dzikovska et al., 2014) and programming (Weragama & Reye, 2014).  

Next we classified the collaborative structure of each paper into one of four 
categories: 1 learner : 1 computer are systems in which individual learners each 
use their own computer, and there is no designed interaction between learners 
(however there may be collaboration with virtual agents); n learners : 1 computer 
refers to systems in which a group of learners, often dyads, work together with a 
single machine; n learners : n computers, synchronous, describes students who 
collaborate in real time using different machines, and engage with a joint problem; 
n learners : n computers, asynchronous, refers to systems in which learners 
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interact asynchronously with the same environment. Discussion forums are a 
typical example. 

As shown in Table 6, the 1994 and 2004 papers did not include many 
opportunities for supported collaboration. However, 2014 includes many such 
examples. While the special issue on the topic contributes to these numbers, again, 
we believe that special issues reflect current values and areas of interest for the 
community. This trend matches a similar trend in classrooms and thus is very 
welcomed. Expanding to support collaboration offers an opportunity for ILE, as 
students are becoming more adept at communicating using technology. 
Environments that incorporate collaboration can trace, model, and support these 
processes, thus potentially improving a significant component of today’s 
schooling experience. 

Table 6. Collaborative structure. 

  1 learner, 1 
computer 

N learners, 1 
computer 

N learners, N 
computers, 
synchronous 

N learners, N 
computers, 
asynchronous 

Empirical 1994 n = 1 (100%)    
 2004 n = 7 (88%)  n = 1 (13%) n = 1 (13%) 

 2014 n = 6 (60%) n = 1 (10%) n = 5 (50%)  
Non-
empirical 

1994 n = 10 (53%)    

 2004 n = 3 (60%)  n = 1 (20%)  
 2014 n = 3 (75%)   n = 1 (25%) 

 Technology and setting. 

Other categories that we analysed include the technology being used 
(computers, handhelds, robots, or wearables), and intended setting (school, 
workplace, or informal). Interestingly, these were the easiest dimensions to 
analyse. With the exception of a single paper from 1994, all papers described 
users working with a desktop or laptop computer. Similarly, with the exception of 
a single paper from 1994, all systems were designed to be used in formal school 
environments (be it in the classroom or for homework).  

We do not suggest that all work in the AIED community is constrained to 
school-based use of computers. However, if the reviewed papers reflect the focus 
of the community, there is certainly a very clear (and limited) scenario that is 
being addressed. AIED should broaden its scope to include a variety of 
technologies, including handhelds (smartphones and tablets), wearables and 
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robotics. These technologies are becoming cheaper and more ubiquitous. New 
technologies also offer opportunities for new interaction styles. We revisit these 
aspects in our discussion of potential directions for the AIED revolution.  

Learning goals. 

As described above, the education system is shifting from focusing on 
product to process, expanding beyond domain-knowledge to include self-
regulation, collaboration, and motivation. Our analysis shows that many of the 
reviewed papers facilitated these aspects of learning (e.g., supporting 
collaboration, addressing gaming-the-system, or scaffolding goal-setting). Here 
we evaluate whether these skills are part of the learning goal of the system. To be 
considered a learning goal, the paper needed to measure or evaluate these skills, 
and discuss how they are acquired or supported by working with the system. That 
is, supporting collaboration but measuring only pre-and post-domain knowledge 
did not qualify as a collaborative learning goal. Evaluating collaboration in a 
transfer topic or setting would qualify as having such a learning goal. 

Table 7. Learning goals. 

  
Domain-level 
knowledge Motivation 

SRL and 
metacognition Collaboration 

Empirical 1994 n = 1 (100%)   n = 1 (100%) 
 2004 n = 6 (75%) n = 2 (25%) n = 1 (13%)  
 2014 n = 9 (90%) n = 3 (30%) n = 1 (10%)  
Non-
empirical 1994 n = 15 (79%)    
 2004 n = 4 (80%) n = 2 (40%)   
 2014 n = 3 (75%) n = 1 (25%)   

 
As shown in Table 7, the vast majority of the papers focus on domain-level 

learning. Most empirical papers that measured motivation in 2014 (n=3) did so 
using surveys to measure satisfaction. As far as we can tell, only one paper from 
2014 surveyed other aspects of motivation (e.g., self-efficacy) in a more 
substantial way (Arroyo et al., 2014). 

We recognize the value of using surveys to evaluate perceptions and 
attitudes, as well as the extensive support that is offered by many ILE for different 
aspects of engagement, such as motivation (Baker et al., 2006) and self-regulated 
learning (SRL; Roll, 2014a). However, to be relevant and address the shifting 
priorities in education, we should aspire to achieve measurable improvement in 
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these aspects beyond the scope of the tutored environment. For example, in our 
work on help-seeking, we evaluated students’ help-seeking behaviours in a 
transfer paper environment, as well as on future topics with the ILE for which 
help-seeking support was not offered (Roll, 2011). A similar approach was taken 
by Leelawong and Biswas (2008) in the Betty’s Brain system. We look forward to 
seeing more environments that measure SRL, motivation, and collaboration 
outside the constraints of the supported environment (Roll, 2014b). 

Other dimensions. 

In addition to the dimensions described above, we attempted to encode 
classroom practices. One question that we asked ourselves was: what was the 
teacher involvement in the research? Examples could range between full 
involvement as a collaborator to being absent from the classroom. Interestingly, 
most papers did not provide an answer to this question. Similarly, we could not 
find sufficient evidence for complementary classroom practices - what did 
students do in addition to working with the system? The lack of data about these 
may reflect a perceived lack of value of this information. We revisit the need to 
better integrate with classroom practices and cultures in the Revolution section 
below. 

Linguistic analysis. 

Our final analysis was a simple linguistic analysis of the abstracts across the 
three years. Before analysing an abstract, we removed function words (e.g., 
prepositions, articles, pronouns) and converted all content words to their root 
form. For example, both “modelling” and “models” were converted to “model”. 
Last, we analysed the text using http://textalyser.net/, looking for the ten most 
common words by year. As shown in Table 8, many of these results echo the 
trends reported above. For example, a clear and consistent finding is the focus on 
students and system. Student is the most frequent word each year and system is in 
the top three across years. The analysis also supports the observation of moving 
from knowledge as a product to learning as a process; knowledge was the third 
most frequently used word in 1994, and was replaced by learning in 2004 and 
2014. Similarly, we see the field shifting to include more stakeholders: teacher 
appears both in the 2004 and 2014 lists but not in 1994, and is more frequent in 
2014 than in 2004. We also see evidence of the shift from theory to empirical 
analysis with a gradual decline in the use of the word model from 1994 to 2004, 
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until it no longer appears as a common word in 2014. Interestingly, web appears in 
2004 and disappears again from the 2014 list.  

Table 8. Common words in abstracts, in decreasing frequency. 

1994 2004 2014 
student (n=39, 2.5%) student (n=47, 3.8%) student (n=57, 2.6%) 
system (n=34, 2.2%) learning (n=27, 2.2%) learning (n=52, 2.4%) 
knowledge (n=27, 1.7%) system (n=17, 1.4%) system (n=36, 1.7%) 
model (n=19, 1.2%) based (n=16, 1.3%) tutoring (n=20, 0.9%) 
language (n=22, 1.4%) web (n=14, 1.1%) math (n=17, 0.8%) 
learning (n=21, 1.4%) study (n=14, 1.1%) teacher (n=16, 0.7%) 
based (n=18, 1.2%) model (n=14, 1.1%) support (n=14, 0.6%) 
domain (n=15, 1.0%) these (n=10, 0.8%) based (n=13, 0.6%) 
computer (n=13, 0.8%) case (n=8, 0.6%) feedback (n=13, 0.6%) 
approach (n=11, 0.7%) teacher (n=7, 0.6%) content (n=12, 0.6%) 

 
Overall, our data suggests that AIED has been focusing on a very specific 

scenario, and has been doing it well: the use of computers in the classroom to 
teach domain knowledge in STEM topics using step-based problems. We see more 
empirical work, increased rigor, and increased support for collaboration. At the 
same time, the clear focus on step-based, well-defined problems in STEM topics, 
targeting domain-level knowledge, may limit our scope. As a field we should 
broaden our scenarios to include additional technologies, address non-STEM 
topics, support more diverse interaction styles, and work in diverse settings. Next 
we describe some non-linear developments that would help us build AIED 2.0. 

Shifting characteristics and priorities in education 

As the field of AIED evolved so did the goals, theories, and practices of education 
(e.g., Chi & Wylie, 2014; Hake, 1998). These trends join rapid shifts in 
information technologies and accessibility (e.g., wikipedia, high-speed Internet, 
and mobile technologies). We cluster major recent developments in education into 
three groups: (1) goals, (2) practices, and (3) environment. Naturally, given the 
scope of the paper, we focus on changes that affect AIED. 

Goals. Educational goals are moving away from preparation for workforce in 
terms of a rigid body of knowledge and in favour of giving students the tools to 
become adaptive experts and on-the-job learners (Common Core, 2012; NGSS, 
2013). The ubiquity of smartphones and other portable computers means that 
factual knowledge (like state capitals) and simple calculations are at the tip of our 



12 

 

fingers rather than the tip of our tongues. Furthermore, the dynamic nature of job 
requirements encourages schools to develop curricula that focus on knowledge 
application, collaboration, and self-regulated learning skills (Toner, 2011). 
Knowledge is becoming a verb (something we do) rather than a noun (something 
we possess; Gilbert, 2013). Similarly, as educational goals change, so must 
assessments. While assessments were used previously to measure the knowledge 
state of the learner, there is a growing movement to use assessments to capture 
learning trajectories and processes.  Assessment shifts from being a summative 
measure of performance to an on going formative measure that informs just-in-
time support (Collins & Halverson, 2010; Shute, 2011). For example, the 
ASSISTments platform offers a nice synergy between the two perceptions of 
assessment, by first assessing students on the required knowledge for standardized 
tests, followed by individualized support as needed (Heffernan & Heffernan, 
2014). 

Practices. Current classroom practices incorporate much more authentic 
elements. These include authentic problems (Hmelo-Silver, Golan Duncan, & 
Chinn, 2007), experiential learning opportunities, group work, etc. One outcome 
of these changes is increased complexity – complexity in the assignments (e.g., 
from calculation to Problem-Based Learning), complexity in learning goals (e.g., 
from recall to information seeking and synthesis), complexity in required literacies 
(e.g., from verbal literacy to technology and information literacies; Katz 2013), 
and complexity of classroom interactions and orchestration (e.g., from individual 
to supported group interactions; Dillenbourg, 2013). Another major challenge for 
current schooling practices is that of personalization (Collins & Halverson, 2010). 
While learners bring different experiences, goals, and backgrounds, the current 
schooling system struggles to offer individualized learning paths.  

Environment. While the schooling system itself maintains its structure, 
current views on teaching and learning expand and extend beyond the classroom 
to informal and workplace learning. Subsequently, there is a big focus on 
supporting learning anytime and anyplace (life-long and life-wide learning). One 
example of this is the growing movement of Massive Online Open Courses 
(MOOCs). Currently, millions of learners every year enroll in  MOOCs (Pappano, 
2012). The MOOC phenomena also changed the landscape in terms of 
accessibility and student population. Many MOOC learners come from the 
developing world (Christensen et al., 2013), and in general, MOOC students are 
post-graduate learners. In fact, leading MOOC vendors have begun to offer their 
own credentials (Coursera, edX), creating a new type of certification.  

Changes are not limited to informal learning. Another change affects the 
role of the teacher in the classroom. From the “sage on the stage”, teachers 
become “the guide on the side” (King, 1993). Teachers are no longer expected to 
possess all relevant knowledge and to transmit it to learners. Instead, they are 
tasked with supporting their learners in seeking, finding, and integrating 
information, and becoming independent collaborative thinkers.  
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These changes in the landscape of education offer significant challenges to 
the present focus of AIED. Interestingly, these trends are often at conflict with one 
another: for example, MOOCs typically include nothing but a talking head and 
low-level multiple-choice items, which is in stark contrast to the “guide on the 
side” classroom trend. The question then becomes: how can we build technologies 
that assist teachers in supporting students in becoming better learners, both while 
using our technologies and beyond? How can we turn these challenges into 
opportunities?  

Time for a Revolution - expanding focus for AIED 

While continuing the trajectories that were identified above will support the 
growth of our field, we argue that these changes alone will not actualize the full 
potential of AIED. In addition to continuing the evolution that has been outlined 
above, we argue for revolution – new directions for research that will open the 
door to new technologies and greater impact. Notably, productive lines of work 
can incorporate elements of both types. Thus, rather than arguing for a dichotomy, 
we believe that there is a continuum. Here we define several (but not all!) 
elements that characterise the revolutionary node of this continuum.  

Embedded in context.  

The vast majority of the work that we reviewed focuses on stand-alone 
environments. In most studies the ILE is used as-is, without strong connections 
with its surroundings. Many ILE try to be “plug and play”. In fact, information 
about classroom context was so rarely provided that we were not able to analyse 
papers along this dimension. Instead, we suggest that ILE be thought of as one 
technology in an ecosystem that includes classroom activities, instruction, hands-
on activities, and out-of-classroom activities. The Cognitive Tutor ecosystem 
offers this overarching perspective by introducing the technology together with a 
curriculum (Koedinger & Corbett, 2006). While this is not the only approach, we 
advocate for future research to be mindful of the intended environment early in the 
design process. 

Embedding in context suggests teachers should play a different role. With 
existing systems, teachers were often viewed as on-site technical support and 
guardians of their students, in the sense that teachers facilitate the interaction, but 
not much more than that. Instead, teachers should become active collaborators in 
our projects. While we are aware of a few collaborations between researchers and 
teachers (e.g., Heffernan & Heffernan 2014, Baker et al., 2009), we found no 
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examples of K-12 schools being listed as affiliations on the papers themselves. 
That is, participating teachers were also affiliated with the university. Teachers 
who are not academics were not listed on any publication. In addition to 
collaborators, another opportunity is to engage teachers as participants. We should 
study how the suggested technologies change pedagogy and teaching practices, 
impact professional development and teacher training, and what aspects of current 
practice are being shortened or eliminated to make room for technology. 

ILE should also be embedded in cultural norms. As educational resources 
become increasingly global, ILE should take into an account cultural traditions, 
structures, and ways of knowing. Education is a socio-cultural phenomena 
(Vygotsky, 2012). Ogan and colleagues (2015) offer one example of the diverse 
ways in which technology can be used. Another potential outcome of this effort is 
focused work on AIED for the developing world, as exists in many other 
communities (e.g., ACM SIGCHI).  Currently, of the 47 papers that we have 
reviewed, 43 come from North America, Europe, and Oceania. Only four papers 
have authors from other regions: three from East Asia and one from South 
America. There are no papers authored by researchers from Africa or South East 
Asia. This skewed map suggests that as a community, AIED includes privileged 
researchers who address privileged problems. We should expand our map as we 
look for research questions, context for our work, and members for our 
community, as some of us began doing (Nye, 2015; Lomas et al., 2013). 

The last aspect of embedded in context has to do with broadening our 
context. All 47 papers we reviewed (with the exception of a single paper from 
1994) aim for classroom or homework use. However, as discussed above, 
education is broadening its scope to include workplace training and informal 
learning. While there is the occasional historical example of situating AIED 
research within workplaces (e.g., Sherlock; Lesgold, 1988), we should aim to 
address these challenges head-on and broaden the scope. Additionally, one context 
that is missing is informal learning. By the very definition of being informal, these 
opportunities lack the support structures that are available in more established 
settings. This offers a great challenge and opportunity for ILE that will eventually 
fill in this void.  Notably, supporting informal learning means much more than 
supporting learning in settings such as museums and libraries.  It warrants 
facilitating authentic learning in terms of content (learners’ everyday tasks and 
challenges), context (such as kitchens and neighborhood parks), and manner (as 
part of learners’ actions and interactions). 

Diverse technologies.  

When coding IJAIED publications, another simple dimension was 
technology used. All papers, with only one exception, used a computer. New 
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technologies that offer exciting opportunities were not used. New types of sensors 
on mobile devices allow us to be context-aware (e.g., accelerometers, GPS). New 
kind of input devices allow for novel modes of interaction (e.g. multi-touch, 
cameras). Thus, broadening our focus in terms of technologies will also allow for 
new kinds of interactions among learners and with their environment. For 
example, Martin, Berland, Benton, and Smith (2013) offer a programming 
environment on a handheld. This allows learners to interact directly with each 
other, as they move in space. The researchers then track how information is being 
shared between devices, in order to support social learning.  

Addressing big problems. 

As described above, there is currently an interesting dilemma in educational 
practices. While theory suggests that constructivist activities are beneficial, data 
suggests that students are in need of greater support (Tobias & Duffy, 2007). 
Thus, classrooms often include activities that could benefit from additional 
support. This tension between open activities and just-in-time support offers a 
great opportunity for AIED. Similarly we pointed above the need for greater 
personalization in education. As a community, we hold keys to these challenges in 
the forms of educational data mining and modeling of learners, pedagogies, and 
domains. We should address these challenges in order to make a substantial 
impact on students’ educational experiences.  

Using previously invented wheels.  

We argue that AIED should reinvent the wheel less often and make better 
use of existing resources. Presently, ILE developers develop their own content. 
One rare exception is ASSISTments, which uses homework assignments from 
existing textbooks (Heffernan & Heffernan, 2014). However, this is very labour 
intensive. In addition, this effort is decontextualized by nature and harder to adapt 
and adopt. Instead, we suggest to build ILE that operates as a shell or an envelope 
for existing learning objects. In addition to increasing flexibility and reducing 
labour, many systems already have a wide user base. For example, can we build 
an ILE that will utilize existing resources such as MOOCs, Wikipedia, or Khan 
Academy? Some examples already exist out there, such as the gStudy browser 
add-on (Winne & Hadwin, 2013) or our own work on PhET-based assessments 
(Kardan, Roll, & Conati, 2014).  

In order to avoid reinventing the wheel, we should build bridges and learn 
with sibling communities. For example, the Learning Sciences community has 
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been pushing for increased authenticity and work in context. We should build on 
their achievements. Our research questions and methodologies remain our 
hallmark, and we should apply these to expand on work in related fields.  

While each of these dimensions has a large potential in and of itself, it is 
their combination that promises a scientific adventure. For example, one of our 
new projects focuses on developing a digital textbook that integrates the 
personalization benefits of ILE with both synchronous and asynchronous 
collaboration opportunities via a tablet computer, supporting students through 
knowledge curation and collaboration processes. Another innovative example is 
when ILE use resources that students already engage with in their daily lives, such 
as Facebook and Twitter. Making History is a project in which the history of the 
Second Temple and Roman Empire in Israel (roughly 100b.c.), is ported onto a 
Facebook timeline. This project demonstrates the power of reusing existing 
technologies in novel and creative ways. 

Concluding remarks 

Which learning goals should we address, and how? What theoretical and 
practical contributions are waiting to be made? Our simple answer is that we 
should diversify. In this article we highlighted several ways in which education 
has shifted beyond the traditional AIED model, and this pivot offers a wealth of 
opportunities (and challenges!) to the field of AIED.  Our review of papers from 
the last two decades highlights an impressive process of growth, maturation, and 
evolution. AIED, as a community, should continue this work and play to our 
strengths and successes. While doing so, we would like to encourage researchers 
to be bolder, take greater risks, and tackle new contexts and domains. We 
specifically argue that ILEs should be better integrated – with formal and informal 
learning environments, with teachers and their practices, with cultural norms, with 
existing resources, and with our learners’ everyday lives and tasks. How can we 
incorporate our strengths with new opportunities that are introduced by the 
changing educational and technological landscapes?  

Perhaps the metaphor of a human tutor has run its course. While a human 
tutor often works one-on-one, for a specific duration and in constrained spaces, 
interactive learning environments can be collaborative, omnipresent, and portable. 
Simply speaking, ILE have unique affordances that human tutors do not, and the 
next generation of systems should leverage those affordances to support learning 
anytime, anywhere, by anyone. An appropriate metaphor achieves several goals. 
First, it offers a vision, succinct inspiration. Second, it offers concrete goals 
against which we can evaluate our progress. Here we do not argue that the two-
sigma problem is solved or irrelevant. On the contrary- we argue for more. We 
would like to achieve this level of improvement across tasks, contexts, and goals. 
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When the human tutor supports more than merely domain knowledge, but also 
life-long skills and interaction with peers; when the tutor leaves the comfort of her 
home or classroom and meets the learner under her conditions; when the tutor 
deviates from textbook problems and supports the learner in her life problems; 
then, perhaps, the tutor becomes a mentor.  
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