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AI IN EDUCATION: PAST, PRESENT, AND FUTURE

Artificial intelligence in education (AIED) is entering a new stage. While the origin of arti-
ficial intelligence (AI) research is often attributed to the 1950s, AIED is a relatively more 
recent field involving the adoption of AI in educational settings or for educational purposes. 
In particular, AIED began to develop in the 1970s under the moniker of computer-assisted 
instruction (CAI) (Carbonell, 1970), which had the general ambition of simulating a human 
tutor. Along these lines, researchers in the 1980s began to develop intelligent tutoring sys-
tems aimed at providing personalized instruction and feedback based on a deep understand-
ing of student learning as inferred from their interaction with the AI system (Corbett et al., 
1997). Following the establishment of the International AIED Society in 1997, AI techniques 
were applied to other related domains, including through educational data mining (EDM) and 
learning analytics and knowledge (LAK), resulting in the annual international conference on 
EDM starting in 2008 and the LAK conference starting in 2010.

Further developments in deep learning techniques in the 21st century enabled researchers 
to advance work related to social AI abilities, including research on natural language process-
ing (NLP) and identification of facial expressions, gestures, posture, and gaze, along with 
other indicators of human affect (Lemaignan et al., 2016; McDuff et al., 2013). This progress 
has helped realize the use of computerized social or virtual agents for educational purposes 
(Goel & Polepeddi, 2016; Rosenberg-Kima et al., 2008). Relatedly, while most implementa-
tions of AIED historically involved a computer as the primary interface, these new socially 
oriented AI abilities, along with progress in the field of robotics, have opened the way for 
research and development on human-robot interaction (HRI) in education, as demonstrated 
with the initiation of the annual international conference on HRI in 2006. Figure 70.1 offers a 
brief history of selected key milestones related to AIED and AI generally.

In the few decades since AIED’s origins, research and applications have proliferated and 
are now increasingly being utilized in real-world settings. There is thus every reason to think 
that AIED will be as impactful as AI in sectors like transportation, manufacturing, and 
healthcare. Yet perhaps surprisingly, AIED has not received as much attention in mainstream 
AI policy discourse (Schiff, 2021a), and ethical issues associated with AIED have only begun 
to be examined (Holmes et al., 2021). Meanwhile, historical failures of educational technol-
ogy and a growing number of scandals associated specifically with AIED urge the need for 
increased attention to this field. As such, and as recent advances in AI generally have triggered 
widespread discussion of AI’s implications, governance, and purpose, it is likewise timely for 
AIED to be subject to similar consideration and scrutiny.

This article, therefore, seeks to critically examine the role of AIED in the present and 
future, including by questioning its underlying assumptions and presumed or unexamined 
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trajectory. We begin by introducing AIED and providing an overview of the growing number 
of AIED applications in real-world settings. Next, we discuss why AIED applications have 
successfully scaled or failed to do so, reviewing key challenges related to implementation, 
governance, research, and ethics. Finally, we take stock of how AI’s role in educational sys-
tems is unfolding, what ultimate goals and limitations are imagined, and whether the current 
trajectory of AIED is prudent or begs modification in light of this vision.

EVOLVING APPLICATIONS OF AIED: TEACHING, LEARNING, AND 
BEYOND

The techniques, applications, and roles of AIED systems have increased since the origin of 
the field three decades ago. Yet a useful place to start is with the intelligent tutoring system 
(ITS)—among the most commonly researched tools (Zawacki-Richter et al., 2019) and argu-
ably the “holy grail” of AIED. At their core, ITSs are designed to computerize the teaching 
and learning process, making explicit the hidden dynamics of education and allowing for the 
automation of instruction (Self, 1998). They operate by representing content in a discipline 
(often STEM courses), assessing student engagement and performance on tasks and questions, 
and identifying the appropriate pedagogical response such as recommending subsequent con-
tent to learners (Zhang & Aslan, 2021). ITSs thus theoretically perform many of the core func-
tions associated with teaching. Above all, ITSs are often lauded for their capacity for low-cost 
and easily-scalable personalization, functionally allowing for one-to-one instruction and the 
educational benefits that entails (Vincent-Lancrin & Vlies, 2020). Meta-analyses (Kulik & 
Fletcher, 2016; VanLehn, 2011; Xu et al., 2019) tend to support the capacity of ITS to solve the 
“2 sigma problem,” referring to the ability of individualized tutoring to help students achieve 
their maximum potential, as compared with conventional group-based instruction that renders 
differentiation and mastery learning approaches less feasible (Bloom, 1984).

Source:    Author.

Figure 70.1  �  Key milestones in the history of AIED and AI 
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Various elements of ITS—and AIED more broadly—have been adopted to serve learners 
in a variety of settings, ranging from formal and in-class education to informal, self-guided, 
after-school, app-based, and online settings. For example, in addition to automated instruc-
tion, related functions aimed at learners include automated and personalized assessment 
(e.g., United States GREs) and feedback (e.g., Duolingo), recommendation of courses (e.g., 
Coursera), assistive technologies such as speech-to-text, and even academic and career coun-
seling (Schiff, 2021b; Woolf et al., 2013; Zhang & Aslan, 2021). Further, AIED tools might 
be instantiated quite visibly in computers or online platforms via chatbots and other virtual 
agents (e.g., Jill Watson) or indeed physically embodied in social robots (e.g., Ozobot); alter-
natively, they may function more invisibly in the background of learning management systems 
(e.g., Canvas), intelligent textbooks, and massively online open courses (MOOCs).

Another set of AI systems is targeted at educators and educational administrators, con-
strued broadly. Perhaps most centrally, AIED tools can support teachers by monitoring stu-
dent learning progress, providing an individual- and classroom-level picture of educational 
needs (e.g., ASSISTments). Other such functions are largely logistical, like supporting course 
scheduling and automating teacher communication with parents. Notably, AIED tools are now 
increasingly used for indirect non-instructional purposes as well as instructional ones, such as 
to assess student dropout risk and intervention needs (e.g., Course Signals), to assign teachers 
to schools, inform admissions decisions in higher education, and optimize school operations 
related to transportation, security, or maintenance (T. Baker & Smith, 2019; Conner & Nelson, 
2021; Diebold & Han, 2022).

Figure 70.2 provides an overview of prominent applications and implied purposes of AIED 
for learners and for teachers and administrators, as well as an incomplete list of underlying 
techniques, tools, and impacted stakeholders.

IMPLEMENTATION BARRIERS, FAILURE MODES, AND SCANDALS 
IN AIED

What, if anything, connects these diverse AIED applications? And what accounts for the 
relative success or failure of different kinds of AIED systems in advancing toward real-world 
usage? There are several candidate responses. AIED systems may advance because underlying 
techniques become technically feasible (capability-based reasons), because they fill important 
gaps in educational systems (needs-based reasons), because they become commercially viable 
(economic-based reasons), or because they align with certain idealized pathways associated 
with AI (vision-based). The tension between these drivers and constraints helps to explain dif-
ferential progress in AIED adoption. Most notably, exciting technical advances, the promise 
of financial opportunity, and the pursuit of idealized visions may drive the development of 
AIED that is not especially targeted to serving the needs of students, leading to mismatches 
and even public-facing failures.

For example, despite numerous efforts to advance sophisticated, affect-aware, human-like 
tutors, this ambition has not been realized and remains in doubt. AIED systems are still lim-
ited in their ability to interpret social and emotional behavior (Belpaeme et al., 2018), and at 
worst, are accused of perpetuating pseudoscientific practices with historical analogs in physi-
ognomy (Sloane et al., 2022). These limitations are especially apparent when AIED tools like 
ITS have been scaled beyond demonstration settings to impact large numbers of students. As 
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Baker (2016, p. 601) notes, despite decades of research and significant advances employing 
techniques like Bayesian knowledge tracing and knowledge space theory, the most promi-
nent systems today that model student knowledge rely on simple “heuristics to assess student 
mastery, such as whether the student gets three [answers] right in a row.” Advanced systems, 
relative to simpler ones (e.g., adaptive assessments) seem to fail to provide a sufficient value to 
justify the complexities their adoption requires and the risks entailed.

The history of educational technology and AI’s promises and overpromises are instruc-
tive toward understanding this development trajectory. Notably, many education technology 
(ed-tech) initiatives, especially in the context of low-income countries, have been marked 
by efficiency promises and techno-utopian visions that failed to appreciate relevant imple-
mentation and policy contexts (Sancho-Gil et al., 2020). Failed projects like One Laptop per 
Child (OLPC) and newer failures in school system adoption of MOOCs or other ed-tech sys-
tems (Rivard, 2013; Warschauer & Ames, 2010) underline this point. Even in countries with 
more advanced education infrastructure, the bottom-up nature of ed-tech adoption and the 
prominent role of teacher resistance (Hannafin & Savenye, 1993) delimit the willingness of 
educators to spend precious time on unproven technologies. Relatedly, while some national 
education systems are more centralized, allowing for coordinated adoption, many are not. 
AIED adoption thus often ultimately depends on the individual buy-in, capacity, and vision of 
individual educators, school leaders, and school systems, who must consider AIED in light of 
current pedagogical and curricular design as well as funding and policy constraints.

Source:    Author.

Figure 70.2  �  An overview of AIED stakeholders, techniques, and purposes 
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For instance, many ITS are pedagogically premised on variations of mastery learning, where 
students are allowed sufficient time in a flexible fashion (and with sufficient support) to foster 
certain competencies before progressing onto subsequent ones (Corbett et al., 1997). While 
such a strategy pairs nicely with the computerization logic of AIED (and digital platforms like 
Khan Academy), adoption of mastery learning in school systems is still limited, with modest 
and sometimes mixed evidence of effectiveness, and a plurality of barriers, including a lack 
of educator familiarity with mastery approaches (Kulik et al., 1990; Pane et al., 2017). Many 
schools still rely on whole-class (rather than personalized) learning, traditional textbooks, 
and the structure of grade bands to demarcate progress. Simply, we lack knowledge on how 
to even achieve mastery learning and personalized learning using traditional tools, much less 
intelligent ones.

Still, additional challenges are introduced when increasingly socially and emotion-
ally aware AIED systems are introduced. While there is growing interest in these systems 
(Smakman et  al., 2021), research on long-term interaction between students and robots is 
limited (Woo et al., 2021) and beset by various ethical, technical, and contextual challenges. 
Stakeholders have raised concerns not only about the potentially pseudoscientific nature of 
emotion recognition technologies but also about privacy concerns of capturing student physi-
ological data (e.g., tracking eye movements or heart rates) or “nudging” students behaviorally, 
among numerous other ethical issues (Baker & Hawn, 2021). Additionally, human-human 
relationships are argued to be essential in educational settings for fostering personal growth, 
mentorship, productive comparison, and even the capacity to fail safely (Schiff, 2021b). Thus, 
it is far from clear that even socially sophisticated AIED is suitable to “replace” student-
teacher or student-student relationships and the benefits they entail, either now or in the fore-
seeable future.

Overall, a simplistic notion that AIED systems will deterministically drive low-cost, scala-
ble, highly personalized instruction to upend the current paradigm is based on faulty assump-
tions; there is no short path to computerizing away the complexity of educational systems, the 
social-emotional dynamics of teaching and learning, the broader policy context, the current 
state of teacher preparation, and so on. Both technical and sociotechnical trajectories for 
research have revealed that developing effective and responsible AIED is far more complex 
than assumed. AIED adoption, if blind to these issues, risks perpetuating old failures associ-
ated with educational technology and utopian AI imaginaries, as well as inducing new ones. 
Indeed, some of these failures have already manifested in the early years and decades of 
expanded AIED adoption in real-world settings.

One notable example is the A-levels algorithm scandal in the UK’s Office of Qualifications 
and Examinations Regulation (Ofqual). During the Covid-19 pandemic, Ofqual employed an 
algorithm to adjust teacher predictions about grades that students would have received if they 
had taken examinations. After these adjustments were found to have disproportionately dis-
advantaged higher-need students, Ofqual’s chief resigned and the algorithm was abandoned 
(Bedingfield, 2020). While some have noted that the algorithm was not especially sophisti-
cated (and thus not really “AI”) or have emphasized human failures in decision-making, it is 
critical to understand that these human decisions are intrinsic to the process of adopting and 
implementing AIED systems.

Other examples of recent AIED experimentation include the use of AIED in K-12 class-
rooms to examine student facial expressions, moods, and learning behaviors; the widespread 
adoption of eye-tracking to deter cheating on online exams during the pandemic; and the 
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advancement of AI used in college admissions that draw on student interaction and even social 
media data (Newton, 2021), despite concerns raised about similar systems used to hire work-
ers. And while some associated harms (e.g., gender or racial/ethnic bias) are relatively salient 
to many stakeholders, others are relatively subtle and require exploration to understand and 
demonstrate. Thus, while concerns about some of these systems have come to light, a likely 
implication is that an increasing number of AIED systems are leading to ethical violations 
and producing harms, with these impacts either undetected or unreported.

CAN ETHICAL FRAMEWORKS AND EMERGING AI GOVERNANCE 
HELP?

In light of the extended adoption of AIED systems and recent technical advances, and knowl-
edge of the history of mishaps, what is being done to manage the ethical risks and otherwise 
govern AIED? Though the technical community of scholars engaged in AIED paid relatively 
little attention to ethics as recently as 2018 (Holmes et al., 2018), a positive development is that 
the community has now begun to call for ethics in the research agenda, lagging only slightly 
behind the broader AI ethics community (Holmes et al., 2021). New efforts like The Institute 
for Ethical Al in Education (formed in 2018) have drawn on stakeholder discussions and inter-
views to define key ethical principles and associated criteria and requirements for AIED, cov-
ering the design, procurement, and implementation of AIED systems. This increased attention 
is evident in the growing number of scholarly workshops and journal issues focused on ethics, 
such as a 2021 special issue on the fairness, accountability, transparency, and ethics (FATE) 
of AIED in the International Journal of AI in Education.

Satisfying these calls is no easy task, however, especially for a primarily technical com-
munity. It will likely require (at least) new modes of interdisciplinary collaboration with 
ethics and policy-oriented researchers, a change in structural incentives regarding publica-
tion and research priorities, the ability to pilot and evaluate AIED systems in large-scale 
rather than laboratory settings, thoughtful participation of a diverse array of stakeholders, 
and venues to facilitate engagement with education technology companies and policymak-
ers (Schiff, 2021a). This challenge of collective governance is exacerbated because AIED 
is typically driven by academic research followed by industry translation, and then adopted 
in a bottom-up fashion. Thus, even if both researchers and education technology companies 
express concern regarding the ethical implications of AIED (Kousa & Niemi, 2022), address-
ing these concerns will require concerted efforts to promote responsible practices throughout 
the educational ecosystem, especially to safeguard settings with limited capacity and regula-
tory oversight.

For example, can we expect a teacher or administrator serving low-income students in a 
resource-poor school to know that they should ask an AIED startup about how their product 
has been developed and tested, about its differential accuracy across subgroups, about privacy 
and fairness considerations, and so on? Should we expect the company to have done adequate 
testing and be sober about the limitations and risks as they promote their product? There are 
unfortunately good reasons to be skeptical of the capacity of the broader educational ecosys-
tem to adopt some of the thoughtful practices currently being proposed by the AIED ethics 
community, especially given countervailing pressures such as profit motives for providers and 
efficiency-seeking motives of the public sector. Paradigm shifts are hard.
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Might formal governance provide a more realistic alternative? That is, can AIED provid-
ers be mandated to perform certain ethical checks, meet certain standards, and provide suf-
ficient transparency to users? Can those who procure AIED systems be similarly required 
to engage in their own processes for vetting new AI systems, as has been proposed by The 
Institute for Ethical Al in Education and in line with certain social sectors and countries 
currently enhancing their AI procurement processes? The development of AI regulation 
suggests some reasons for worry. Prominent efforts like the EU’s developing AI Act only 
require conformity assessments for certain “high-risk” systems, currently limited in educa-
tion to those “used for the purpose of determining access” to institutions or for “assessing 
students” (European Commission, 2021). The challenge of delineating between low-risk and 
high-risk systems is quite relevant here. It is not clear a priori whether certain AIED applica-
tions are truly low risk, and it has hardly been explored whether even modest impacts from 
“low-risk” systems might cascade and aggregate over time. For example, a student, over 
their lifetime, could be taught inadequately by an ITS developed based on training data from 
very dissimilar students, punished because of a somewhat faulty plagiarism detection tool, 
and recommended a less-than-ideal career path or online course. What is the net result of 
many AIED systems (“low risk” or otherwise) working in concert to a student’s (or teacher’s) 
potential detriment?

While emerging and existing regulations surrounding student data and privacy, for exam-
ple, might also apply, it thus seems likely that many of the diverse usages of AIED presented 
previously will fall outside of the scope of formal regulation. This is even more true in less-
regulated settings like the US, which seems poised to adopt a risk-based classification system 
but may rely primarily on mere self-regulation, such as voluntary self-assessment using stand-
ards (National Institute of Standards and Technology, 2021). Countries without strong regula-
tory schemes and protections, including many low-income countries where student needs are 
vast, are even more susceptible to the promotion of AIED systems by unscrupulous external 
actors (Tzachor et al., 2022). Finally, another reason for the neglect of AIED’s ethical and 
regulatory implications by leading policymakers is the highly emphasized role of education as 
the sector responsible for producing more AI-capable workers and subsequently driving inno-
vation. Such an emphasis and associated urgency for education’s role in building AI capacity 
arguably draws attention away from the impacts of AI on education itself (Schiff, 2021a), 
while AI’s impacts on sectors like healthcare or transportation are better appreciated. In sum, 
due to the historical decentralization and self-regulation involved in education technology 
governance, the failure to imagine AIED’s implications by leading policymakers, and the cur-
rent emphasis on high-risk systems, it is hardly clear that emerging AI governance is poised 
to combat the many concerns that are unfolding in AIED.

QUESTIONS AND RECOMMENDATIONS FOR AIED IN THE  
21st CENTURY

This chapter has reviewed the increasingly diverse and complicated landscape of AIED sys-
tems, some of the pressures and assumptions driving AIED adoption, a growing list of scan-
dals and ethical risks, and where current efforts in ethical oversight and governance stand. 
Despite the historical experience and advancing scholarly and practitioner understanding of 
risks and failures of AI, education technology, and AIED, current efforts to adopt AIED 
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responsibly seem poised to fail to keep pace. In addition to some of these suggestions offered 
above, this chapter, therefore, offers additional possibilities.

Safe experimentation. Piloting AIED systems is necessary to perform research on AIED’s 
benefits and risks, and an overly precautionary approach can foreclose on urgently needed 
gains in educational systems. What is needed is safe experimentation. AIED research can be 
gradually applied to larger settings, deeply informed by ethical frameworks, social and policy 
contexts, and teacher and student needs. Methods like design-based implementation research 
(Fishman et al., 2013) and engagement with AIED-specific ethical frameworks like that from 
The Institute for Ethical Al in Education can underpin responsible research projects. Careful 
research projects, including experiments, can be undertaken before AIED systems are intro-
duced at large scale by the private or public sectors. The AIED community has the opportu-
nity to avoid a “wild west” reputation and instead be a leader in the AI space, a necessity given 
the vulnerable populations it affects and the scope of AIED’s impacts.

Expanded understanding of social and ethical implications. The AI ethics community has 
devoted a significant portion of its effort to addressing ostensibly technically tractable issues 
like algorithmic bias, transparency, and privacy, issues for which there are imagined technical 
“solutions.” Yet, there are many more ethical concerns that have received less attention, espe-
cially the kinds of murky sociotechnical issues that do not lend themselves to easy solutions. 
AIED researchers who have explored these issues have the opportunity to both learn from and 
help mature the broader AI ethics agenda. Associated topics might include the role of AIED 
in fostering justice within and across school systems or regions, the mental health of students, 
the well-being of teachers, the ethics of nudging and deception, and many more issues.

Reporting on risks and harms. Relatively little is known about the individual risks of the 
growing variety of AIED systems, much less their potential harms in combination, over time, 
for groups versus individuals, and so on. Prominent AIED or education actors should sys-
tematically track risks and harms from different types of AIED systems, and catalog this for 
research, development, implementation, and policy guidance purposes. For example, ethical 
harms and scandals related to AIED could be reported to the Partnership on AI’s AI Incident 
Database (McGregor, 2020) or through the EU’s developing AI database meant to track harms 
to well-being and human rights. This can foster a more holistic research agenda on AIED’s 
impacts, as well as growing awareness and accountability.

Revisiting the vision for AIED. As noted, much of AIED’s research trajectory—as with AI 
generally—derives from an idealized vision of human-like AI. Yet adopting AIED systems 
that spin out of this research program, and the program itself, may not be optimal for serving 
the needs of students, teachers, and other education stakeholders. It is unclear whether we 
would even want pseudo-conscious AI systems that pretend to portray emotions (much less 
fully conscious ones) teaching students or emulating teachers. Even so, it remains dubious 
that AIED will not be used to replace (rather than augment) educators, despite the best inten-
tions. Using AIED to foster personalization and low-cost scaling may be laudable goals, but 
between the instrumentalized economic logic of efficiency and the idealized technical logic 
of computerizing human teachers, it may be time for AIED stakeholders to reconsider the 
long-term vision and course of action, perhaps cantered more closely on real-world contexts 
and needs.

AIED is a promising and dynamic field, increasingly touching the lives of students and 
educators, and mirroring the development of AI in key ways in the 21st century. Through 
historical knowledge, lived experience, and careful examination of the benefits and risks of 
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the diversifying array of AIED systems, we can chart a more careful and beneficial course for 
the decades to come.
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