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1  Introduction

Countries throughout the world invest in the development of 
Artificial Intelligence (AI) applications, expecting that this 
may grant gains in efficiency, control, or benefits to human 
flourishing [31]. Within the field of education, AI-based 
applications are claimed to be able to (1) enhance learning 
by personalization, (2) improve teacher effectiveness, or (3) 
optimize educational processes [18, 19, 27]. Developments 
in generative AI further expand expectations and promises, 
e.g., by promises of providing helpful roles for students or 
teachers [28, 29]. The technological possibilities are devel-
oping rapidly, scientific publications on the topic prolifer-
ate, and large investments are made to develop AI-based 
EdTech because of the expected benefits that the investors 
believe they can provide [10]. However, rigorous evidence 
on the effectiveness of AI-based EdTech is scarce [7, 18, 
19], and recent studies indicate that AI can, in practice, just 
as well undermine learning as enhance it [1].

“I exposed our main defect, that is, the incapacity of our imagination 
to grasp the enormity of what we can produce and set in motion” 
Gunther Anders, 1980, p.19.
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Abstract
Many have suggested that AI-based interventions could enhance learning by personalization, improving teacher effective-
ness, or by optimizing educational processes. However, they could also have unintended or unexpected side-effects, such 
as undermining learning by enabling procrastination, or reducing social interaction by individualizing learning processes. 
Responsible scientific experiments are required to map both the potential benefits and the side-effects. Current procedures 
used to screen experiments by research ethics committees do not take the specific risks and dilemmas that AI poses into 
account. Previous studies identified sixteen conditions that can be used to judge whether trials with experimental technol-
ogy are responsible. These conditions, however, were not yet translated into practical procedures, nor do they distinguish 
between the different types of AI applications and risk categories. This paper explores how those conditions could be 
further specified into procedures that could help facilitate and organize responsible experiments with AI, while differen-
tiating for the different types of AI applications based on their level of automation. The four procedures that we propose 
are (1) A process of gradual testing (2) Risk- and side-effect detection (3) Explainability and severity, and (4) Democratic 
oversight. These procedures can be used by researchers and ethics committees to enable responsible experiment with 
AI interventions in educational settings. Implementation and compliance will require collaboration between researchers, 
industry, policy makers, and educational institutions.

Keywords  Artificial intelligence · AIED · Responsible artificial intelligence · Ethics · Institutional review board · 
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The uncertain effects of AI-based EdTech in combination 
with the large investments and high expectations warrant 
careful and thorough experimental research that evaluates 
both direct and side-effects. Yet, according to a white paper 
from IEEE on ethically aligned AI design “It is unclear how 
research on the interface of humans and AI [.] will impact 
research ethical review boards. Norms, institutional con-
trols, and risk metrics appropriate to the technology are not 
well established in the relevant literature and research gov-
ernance infrastructure” [21, p. 128].

The current framework and codes that research ethics 
committees (also known as institutional review boards, 
for readability here called ‘ethics committees’) apply are 
based on the assumption that we can predict or anticipate 
social consequences beforehand. Van de Poel [34] argues 
that this approach does not sufficiently deal with the uncer-
tainties and unknowns that are inherent to social changes 
introduced by technological development. He proposes an 
approach that conceives the introduction of new technology 
as a social experiment and offers an ethical framework for 
the acceptability of such experiments based on the existing 
bioethical principles for experiments with human subjects: 
non-maleficence, beneficence, respect for autonomy, and 
justice [5]. The sixteen conditions that Van de Poel derived 
through this method were formulated for experimental tech-
nology in general and need to be further specified for spe-
cific technologies and domains.

In order to specify Van de Poel’s conditions for AI, the 
conditions should address its specific characteristics. AI is, 
by definition, characterized as technology that automates 
(aspects of) (human) intelligence [14]. It can perform goal-
directed tasks in interaction with its environment, in a more 
or less automated way. This makes the effects of its introduc-
tion inherently less predictable. The degree of automation 
that AI-based interventions have can vary enormously, and 
has fundamental consequences for its role, effects, and risks. 
Molenaar [27] applies the six levels of automation model 
from the vehicle industry to education to distinguish these 
degrees. Each level of automation implies a different rela-
tionship between the teacher, technology, and the learner. 
AI-based EdTech can offer assistance with supportive infor-
mation while the teacher has full control (level 2) or it can 
control all tasks automatically (level 6), for example. These 
different levels have substantial ethical importance because 
levels of supervision and control determine responsibility. 
For example, if AI EdTech assists the teacher with assess-
ments, the teacher is still responsible and accountable. The 
levels of automation are, additionally, of great pedagogical 
importance because they affect the relationship between 
the teacher and the learners. For example, replacing group 
work with individualized assignments can crowd out social 
interaction and relations between students and teachers. 

Treating all AI EdTech the same will either create unneces-
sary red tape and stifle the much needed experiments, or 
underestimate the ethical and pedagogical consequences. 
Differentiating based on levels of automation allows ethics 
committees to process lower risk experiments quickly and 
detect and assess (or escalate) higher risk cases thoroughly.

Education is a field in which rigorous experiments are 
relatively complicated and uncommon [8, 11, 13], for 
example, because many effects are heterogeneous and con-
text dependent, and because it is controversial to random-
ize children into ‘placebo education’. The field of AI and 
education similarly lacks rigorous experimental studies with 
relevant control conditions [7, 18, 19]. If we want to encour-
age responsible experimentation with AI-based EdTech as 
a research field, then we need to develop usable and clear 
procedures.

In this conceptual article we apply the lens of the six lev-
els of automation from Molenaar [27] to specify the ethical 
framework of Van de Poel [34] for AI educational interven-
tions. We translate each condition into a procedure that can 
be used by researchers and ethics committees to assess these 
conditions when designing and evaluating experimental 
studies with AI-based EdTech. Within each procedure we 
differentiate for the different levels of automation in order 
to prevent unnecessary regulation.

2  Differentiating between AI educational 
interventions: 6 levels of automation

AI is often defined as the development of computer pro-
grams that can solve problems and achieve goals in the 
world that typically require humans [26]. This encompasses 
both the ambition of creating general artificial intelligence 
and already existing specialized forms of autonomously 
operating technology. The degrees of autonomy vary and 
make all the difference. The applications, therefore, also 
range from applications that aid humans with a small degree 
of automation to nearly fully automated support for learning 
processes. Molenaar [27] defined these different levels of 
automation in the application of AI in education using the 
six levels of automation model from the automotive indus-
try (Fig. 1).

In the case of automation of vehicles, the different levels 
are often perceived as a hierarchy with the 6th level as a 
potential goal. In the domain of education, it is important to 
note that while some imperfect versions of level 6 already 
exist, it might never be the final goal. Some video games and 
educational games can be seen as fully automated learning 
environments. They do not (yet), however, manage to obtain 
the learning outcomes that standardized curricula strive for 
and subsequently do not (yet) fulfill formal roles within 
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education. Already since the development of the AI in Edu-
cation field, many have argued that AI interventions should 
not strive to replace what teachers do, but rather supplement 
or assist them as a form of ‘hybrid intelligence’ [2, 9].

The degree of automation matters from the perspective 
of learning, but it also matters from an ethical perspective. 
Higher levels of automation can both be more untranspar-
ent and, thereby, unpredictable [28], and can have a differ-
ent intended and unintended impact on the autonomy and 
relationships of the teacher and learner. An application that 
automatically provides feedback and a grade for written 
essays based on previous feedback or programmed feed-
back from a teacher might improve judgment consistency 
at the cost of less professional autonomy. An application 
that automatically provides feedback and grades based on 
probabilistic technology and a big and evolving dataset of 
internet users might further enhance perceived quality, but 
will be less transparent and understandable. Furthermore, 
it could be used not only for feedback but for first or even 
final drafts of essays, which might lead the professional to 

reconsider how to grade essays and or use them for assess-
ment [e.g., 15].

3  Application of framework to AI 
educational interventions

When evaluating the uses of different types of automated 
applications in education, we should strive to take the men-
tioned ethical risks into account. Currently this is done by 
trying to predict or anticipate social consequences and to 
use these as a basis for moral and regulatory appraisal. Such 
an approach can, however, not deal with the uncertainties 
and unknowns that are inherent in social changes induced 
by technological development [18, 34]. Van de Poel, there-
fore, proposes conceiving the introduction of new technol-
ogy as a social experiment. He introduces a framework for 
this purpose that translates the moral principles for experi-
ments with human subjects based on the Nuremberg Code, 
Helsinki Declaration, and Common Rule into 16 conditions 

Fig. 1  Six levels of automation model of personalized learning
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detection (3) Explainability and severity, and (4) Demo-
cratic oversight. In Sect. 3 we focus on ethics committees 
and researchers as primary users of the procedures, and in 
Sect.  4 we will expand this to other stakeholders and the 
broader domain, which are essential for eventual successful 
implementation.

3.1  A process of gradual testing

The first seven conditions are based on the non-maleficence 
principle. These conditions call for regulations in the form 
of processes. Conditions 1 (absence of other reasonable 
means for gaining knowledge about risks and benefits), 4 
(containment of risks as far as reasonably possible) and 5 
(consciously scaling up) could be met by first using explo-
rations of impact, then small-scale prototype tests in con-
trolled environments, and finally field experiments that are 
replicated with representative samples. Risks and benefits 
can be explored with research designs such as the Responsi-
ble Research and Innovation method in which stakeholders 
are consulted in order to envision the desired impact of the 
technology (condition 1). Eventually, however, causal infor-
mation is required to reliably gain knowledge about risks 
and benefits. Scientific experiments are the least unreliable 
way of inferring causality [13]. The combination of small 
controlled lab experiments that test the theory and efficacy, 
with large field experiments which test external validity and 
ecological validity is the best bet for reliable information 
about risks and benefits. Conditions 3, 4, 5, 9, and 15, addi-
tionally call for a step-wise approach because this allows for 
reliably assessing risks, while limiting the risks to which the 
participants are exposed, and because this makes it easier to 
stop before a large sample is affected.

The ethical considerations during the experiments with 
human subjects (condition 10, 13, 14, and 16) are largely 
similar to the principles and questions that ethics com-
mittees currently apply to ensure that informed consent is 
acquired, vulnerable subjects are additionally protected, 
and that compensation and withdrawal options are readily 
available.

The step-wise scaling up sequence should ideally be used 
for all interventions that use some form of automation (level 
2–6). However, from level 4 on up there are moments were 
the teacher delegates oversight and responsibility to the AI 
based EdTech. This is a more principled distinction which 
calls for more thorough scaling up of risks and more strenu-
ous effect tests. Therefore we recommend the procedure for 
level 1–3 and advise to make it a requirement for AI based 
EdTech with level 4–6 of automation.

The stakeholders who would have to enact this procedure 
are researchers and ethics committees. Past developments, 
however, show that these changes can be initialized and 

that researchers and ethics committees can use to assess and 
deal with unexpected risks (Table 1).

These sixteen conditions are relevant for experiments 
with AI in education, however, they do not yet provide prac-
tical guidance on how they might be met. Furthermore, they 
do not yet differentiate between different types of risk cat-
egories. The risks and unpredictability of AI-based EdTech 
is contingent on the degree of autonomy that the technol-
ogy has [18]. Higher levels of automation, unpredictabil-
ity, and intransparency should call for higher levels of risk 
management and scrutiny [22, 23]. Below we provide a first 
exploration of how they could be translated into concrete 
actions or procedures by describing how each condition 
could procedurally be checked by ethics committees. For 
each condition we differentiate potential procedures with 
risk categories based on the six levels of automation model. 
The sixteen different conditions are organized in four differ-
ent procedures that can be used to apply and assess them: 
(1) A process of gradual testing (2) Risk and side-effect 

Table 1  Ethical Framework for Experimental Technology [29]
Moral principle

1 Absence of other reasonable means for gaining 
knowledge about risks and benefits

Non-maleficence

2 Monitoring of data and risks while addressing 
privacy concerns

Non-maleficence; 
Beneficence

3 Possibility and willingness to adapt or stop the 
experiment

Non-maleficence

4 Containment of risks as far as reasonably 
possible

Non-maleficence; 
Beneficence

5 Consciously scaling up to avoid large-scale 
harm and to improve learning

Non-maleficence

6 Flexible set-up of the experiment and avoid-
ance of lock-in of the technology

Non-maleficence

7 Avoid experiments that undermine resilience Non-maleficence
8 Reasonable to expect social benefits from the 
experiment

Beneficence

9 Clear distribution of responsibilities for setting 
up, carrying out, monitoring, evaluating, adapt-
ing, and stopping of the experiment

Beneficence; 
Procedural 
justice

10 Experimental subjects are informed Respect for 
autonomy

11 The experiment is approved by democrati-
cally legitimized bodies

Respect for 
autonomy; Pro-
cedural justice

12 Experimental subjects can influence the 
setting up, carrying out, monitoring, evaluating, 
adapting, or stopping of the experiment

Respect for 
autonomy

13 Experimental subjects can withdraw from the 
experiment

Respect for 
autonomy

14 Vulnerable experimental subjects are either 
not subject to the experiment or are additionally 
protected or particularly profit from the experi-
mental technology (or a combination)

Distributive 
justice

15 A fair distribution of potential hazards and 
benefits

Distributive 
justice

16 Reversibility of harm or, if impossible, com-
pensation of harm

Distributive 
justice

1 3

2980



AI and Ethics (2025) 5:2977–2986

to be limited in availability (or facilitation thereof) during 
the experimental process. Exploring side-effects is required 
in order to detect lock-in because this is only rarely the 
direct subject of the investigation [e.g., potential ‘crutch’ 
effect: 4]. The possibility to stop the experiment and the 
requirement of a flexible setup are also related to condition 
9 (clear distribution of responsibilities) and additionally 
require these aspects of the process of the experiment to be 
organized and described beforehand. This could be done by 
creating practical guidelines for researchers about design-
ing experiments with AI that could be integrated with ques-
tions that are asked in a pre-registration. Given that this is 
already partly checked by ethics committees, this could be 
a relatively minor addition to the current process. The risk 
of lock-in of technology partly overlaps with the principle 
of resilience (condition 7) because a lock-in could create 
dependency and, thereby, undermine resilience. It requires 
risk monitoring, side-effect detection. If these are detected 
in earlier stages, it could mean that the stage II or stage III 
experiments would require the ethics committee to escalate 
the decision to a public committee (condition 11).

3.3  Explainability and severity

The conditions related to beneficence such as condition 8 
(Reasonable to expect social benefits from the experiment) 
require the experimenters to have a rationale for expect-
ing and explaining social benefits. Merely expecting ben-
efits based on previous results is not sufficient because this 
runs a high risk of confusing correlation with causation. As 
long as the effectiveness of AI Edtech is not explainable, 
it is not reliable. Explainability in AI educational research 
can be improved by theory building: iterations of theoriz-
ing and data gathering for verification or falsification. This 
requirement should be included in the pre-registration of the 
experiment in order to increase the severity of the experi-
ment [24], the explainability of the underlying AI technol-
ogy [12] and the scientifically theorized mechanism [13, 
17]. Doing so would also take parts of condition 3, 6, and 
9 into account if the process, responsibilities and stopping 
rules are clearly described. This is a process that should be 
applied to AI interventions of all levels of automation from 
2 until 6 because each level of automation can be based 
on untransparent probabilistic technology. Theorizing the 
mechanisms and testing the mechanism can help to safely 
transfer its effectiveness (and risk category) to larger and 
other contexts.

3.4  Democratic oversight

Condition 11 (the experiment is approved by democrati-
cally legitimized bodies) is dependent on the type of ‘social 

catalyzed once grant funders, journals, and policy makers 
stimulate them by setting them as conditions for funding or 
publication [16]. The required collaboration of stakeholders 
will be further discussed in Sect. 4.

3.2  Risk and side-effects detection

Condition 2 (monitoring of data and risks while address-
ing privacy concerns) combines monitoring risks during the 
experiment and aspects of good data-stewardship. Moni-
toring risks during the experiment requires researchers to 
design their study in a way that (i) problems/incidents can 
be detected and (ii) that side-effects can be explored based 
on expected trade-offs or more exploratory qualitative meth-
ods and long-term impact measurement [13, 36]. Providing 
options for the users to report problems/incidents is mostly 
similar to current requirements for experiments. The level 
of automation, however, does require additional measures to 
ensure that this condition is met. From the second level on, 
the teachers and the learners can interact directly with AI. 
If this occurs without the presence of the researcher, there 
need to be visible ways or manners to report issues within 
the application interface. From the fourth level of automa-
tion on this needs to be actively asked by the researchers 
conditional on additional consent because of limited over-
sight from the teacher. The argument here is that research-
ers in those cases take over the responsibility of oversight 
where that of the teacher diminishes.

Researchers could extend the incident reporting infra-
structure beyond the current AI incident database [30] and 
learn from procedures and infrastructure for incident report-
ing in the more experienced fields of aviation or biosafety. 
Exploring side-effects in experimental studies should be a 
requirement for condition 2 because it allows researchers to 
formally detect whether the experiment should be stopped 
or whether there are unexpected risks or benefits.

Data stewardship can partly be taken into account with the 
current procedures for data management plans and data pri-
vacy impact assessments (in the case of new applications). 
A concern that is specifically voiced in the context of AI-
based applications that collect large amounts of data, is data 
ownership and the potential consequences for agency and 
dependency that this entails. This dependency is a specific 
type of dependency that could undermine resilience (condi-
tion 7). It could be addressed by the piece-meal approach, 
by taking side-effects such as dependency into account, and 
possibly with conscious democratic decisions depending on 
the risk category (condition 11, further specified below).

Conditions 3 (possibility and willingness to adapt or stop 
the experiment), and 6 (flexible set-up of the experiment and 
avoidance of lock-in of the technology) are connected to the 
oversight required by condition 2 and require the technology 
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levels of automation of AI-based interventions [27]. These 
four procedures are respectively: (1) A process of gradual 
testing (2) Risk- and side-effect detection (3) Explainability 
and severity, and (4) Democratic oversight (Table 2).

4  Implementation of the procedures

In the previous section we focused our attention on the 
research process and on researchers and ethics commit-
tees as primary audience. The procedures we proposed 
are directed at responsible research practices, and as such 
should be used by researchers who initiate studies with AI in 
education, ethics committees who judge research proposals, 
and research institutions who manage their research proce-
dures. The first three procedures we proposed can be imple-
mented with the current ethical research infrastructure, the 
fourth would require the organization of a new (most likely 
national) public ethics committee to which institutional 
research ethics committees can cases with less oversight 
and a higher risk category.

In order to support implementation and for these pro-
cedures to have serious impact on the field, however, col-
laborations between the different stakeholders within AI in 
education are required. AI in education is an interdisciplin-
ary field which requires collaborations between educators, 
students, AI developers, ethicists, and policy makers. This 
section will, therefore, describe the role of the procedures 
in the broader domain and outline three directions outside 
of academia that could initiate and or catalyze the impact of 
the procedures.

experiment’ that is conducted. In Jordans [22, 23] analyses 
of the requirements of ethics committees for judging the 
risks of AI, she advises mirroring a combination of the cur-
rent infrastructure that is used for assessing research with 
biosafety risks. In the United States, Institutional Biosafety 
Committees can escalate proposals that fall within a high 
risk category to a national body that is organized by the 
National Institutes of Health and that conducts public hear-
ings. Regardless of whether there should be a separate ethics 
committee that specifically addresses research with AI, or 
whether it should fall under the responsibility of the existing 
ethics committees, having a specialized public overarching 
committee that can handle cases that are escalated because 
of higher risks, would be a way to take this condition into 
account. Even when the risks are relatively low, condition 
12 demands that there is a form of internal democracy, by 
allowing experimental subjects to influence the setting-up 
or stopping of the experiment. This could be organized by 
setting up an advisory committee for the experiment that 
includes at least one member of each type of experimental 
subject (e.g., student, teacher, both). For automation level 2, 
having an internal advisory committee can suffice because 
the responsibility and oversight still lies with a specific and 
accountable teacher. From level 3 on, the teacher no longer 
exerts full control. Ethics committees should then be able 
to escalate these cases to a national committee based on the 
risk categories that Jordan [23] proposed or a risk-index-
ation that is currently enacted within that national jurisdic-
tion (e.g., the EU AI-act for European countries).

Summarizing the above application of the different con-
ditions, we identify four overarching procedures that can 
practically take the 16 different conditions Van de Poel [34] 
suggested into account, while differentiating for the six 

Table 2  Application of conditions for different levels of automation
Procedures and Conditions (#) Level of automation

2 3 4 5 6
Process of gradual testing
 1, 3, 4, 5, 7, 9, 10, 13, 14, 15, 
16

Recommended: Required:
Prototype trials (Stage I) + Prototype trials (Stage I) +
Field Experiment (Stage II) + Field experiment with representative sample 
(Stage III)

Field Experiment (Stage 
II) + Field experiment 
with representative sample 
(Stage III)

Risk and side-effects detection
 2, 6, 7, 15

Data management plan, DPIA + monitoring side-effects Learners and 
teachers can easily 
report problem/ 
incidents

Active problem/incident 
detection procedure with 
additional informed consent

Explainability and severity
 3, 6, 8, 9, 10

Theory and design-driven pre-registered experimentation with a clear description of the process and 
responsibilities

Democratic oversight
 11, 12

Ethics committee + Institutional student and professional 
advisory council

Either the ethics committee or the 
advisory council can escalate issues to 
a public committee which could include 
a voice for organized professional 
and student bodies, or democratic 
representatives

Escala-
tion to 
public 
com-
mit-
tee is 
required
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4.2  Industry standards

When it comes to industry standards there are two processes 
to consider: research and development processes and qual-
ity management. Although this varies based on the domain, 
in many cases a substantial part of research and innovation 
is organized by companies. Some companies have exclusive 
access to unique large datasets and some run several large-
scale field experiments on a daily basis [25]. Outcomes of 
this research are not often publicly available or published 
because of corporate interests. When it comes to ethi-
cal treatment of human subjects, however, these research 
practices should be held to the same standards. This could 
require regulation such as mentioned in the previous para-
graph, but it can also be done in collaboration with com-
panies or, in some cases, even be initiated by companies. 
Collaboration with companies can improve the feasibility 
of and compliance with the procedure. When regulation is 
too stringent it can stifle innovation or drive companies to 
more accommodating countries, while too little regulation 
can lead to monopolies and undermine consumer interests 
or rights. Currently, China, the EU and the US approach 
this balancing act in remarkably different ways [20]. The 
second process is quality management: decades of devel-
opment in quality management show how it can be in the 
interest of companies to continuously improve and optimize 
working processes. There are similarities between the piece-
meal step-by-step approach that is proposed as procedure 
1 in this article and corporate practices such as developing 
beta-versions and improving them in small controlled envi-
ronments before eventually releasing them for public use. 
When it comes to developing and using AI systems, several 
relevant existing and new standards are available: general 
quality management standard ISO 9000 (international set 
of standards for meeting regulatory requirement, customer 
satisfaction and continual improvement) and more specific 
standards for AI and ethics such as ISO/IEC 42,001 (stan-
dard for maintaining and continually improving of AI man-
agement systems) and IEEE 7000 (process for addressing 
ethical concerns during system design). These standards can 
prove to be a great industry-wide tool for improving respon-
sible use of AI. However, they do not provide requirements 
for responsible research practices, do not address specific 
educational concerns, and they are voluntary, which makes 
them complimentary and not sufficient for the purposes 
addressed in this paper.

4.3  Educational institutions

As a customer, or an intermediary to learners and teachers, 
educational institutions should demand reliable scientific 
evidence about the benefits and side effects of AI-based 

4.1  Regulatory bodies and government

Regulatory bodies and governments played an essential 
role in the creation and implementation of ethics commit-
tees. The first independent ethics committee for research 
was organized in 1953 by the National Institutes of Health 
[16]. In 1964, the world medical association published the 
declaration of Helsinki which provides a set of ethical prin-
ciples for experiments with human subjects [16]. In 1991 
the government of the United States enacted the Common 
Rule as a baseline ethics standard to which all government 
funded research should be held [16]. Other countries, fund-
ing organizations, scientific organizations, and journals fol-
lowed suit by requiring approval from an independent ethics 
committee. This brief history shows how associations, grant 
providers, and a national government can effectively initi-
ate ethical oversight through funding requirements. The 
medical domain has had an additional impetus through 
jurisdiction enforced by the U.S. Food and Drug Admin-
istration (FDA). Any new drug needs to be approved by 
such a national agency before being allowed access to its 
market. The combination has ensured that both experiments 
with humans conducted at the university and in companies 
(or collaborations) comply with ethics committee require-
ments. AI based EdTech does not yet have to comply with 
requirements from specific national agencies such as the 
FDA before being allowed access to a market. However, 
data and privacy are legally protected through laws such as 
General Data Protection Regulation (GDPR) in the Euro-
pean Union. These requirements are reviewed by data man-
agement officers and the ethics committees. Regulations of 
AI such as the recent AI act of the European Union could 
lead to a similar market barrier for AI-based EdTech. This 
could eventually mean that organizations that publish AI 
technology should undergo a similar process as pharmaceu-
tical companies who bring medical products to market. The 
first procedure proposed in this article, is inspired by this 
process and adjusts it to the educational context by replac-
ing (in vitro) lab tests that are common in pharmaceutical 
trials with design-based research or educational research 
design to create prototypes and use cases that are then tested 
in small controlled settings. Regulatory bodies can, there-
fore, play an essential role both in initiating and catalyzing 
these procedures throughout the community. If, in contrast 
to the medical field, the introduction of new technology is 
interpreted as uncontrollable (“what can be made must be 
made” [3], then it could still be seen as the responsibility 
of (inter)governmental bodies to organize or require these 
trials post-hoc in order to formulate fitting policy measures 
for regulation [5].
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feedback, but they can also be used to commit fraud [1]. 
The proposed procedures in this article provide a manner in 
which a specific user-case can be studied. Unexpected other 
user-cases might be overlooked by both the researcher and 
the ethics committee. However, we do believe that the pro-
posed procedure for risk and side-effect detection offers a 
responsible way to address this and explore what unintended 
dual-uses might exist. The process of gradual testing addi-
tionally ensures that this is done in a relatively controlled 
and responsible way. As mentioned above, current regula-
tions (or lack thereof) might mean that this only occurs after 
the introduction of technology. We argue that, even so, this 
would be worthwhile as a clinical approval and requirement 
for public support or uptake by state funded organizations.

The procedures proposed in this article offer guidelines 
for designing and assessing responsible research into AI-
based EdTech. They are prior and complementary to reg-
ulation of the use of AI technology such as a DPIA and 
governmental AI regulation. As such, the proposed proce-
dures do not focus on the impact or scope of the technol-
ogy. Rather, they provide the infrastructure that generates 
the factual basis for decision making and regulation. This 
proposal should, therefore, be distinguished from and seen 
as complementary to national or intergovernmental regula-
tions such as the EU AI-act.

In this article we used the levels of automation model to 
differentiate between AI-based EdTech. This is a model that 
has mostly been used in the context of personalized learn-
ing, which is the most prevalent but not the only type of 
AI-based EdTech [18]. One could question whether it trans-
lates or applies to the other types: teacher assistance and 
optimization of the educational organization. Indeed, the 
levels of automation model is too crude to do justice to all 
the dimensions in which the applications that can be found 
within these types differ from each other. However, when it 
comes to ethical and legal responsibility, the model offers 
the most important distinctions that also apply outside of 
personalized learning. As soon as AI-based teaching assis-
tants take over responsibilities of teachers with less or no 
teacher oversight, a morally fundamental line is crossed. 
The same holds for instances in which dashboards or sched-
uling software lose human oversight.

One could argue that an alternative or additional dimen-
sion to automation could be ‘explainability’: the degree to 
which AI applications allow human users to comprehend 
and trust the output or results [12]. More untransparent 
applications are less comprehensible and predictable, which 
makes it harder to prevent or detect errors, thereby increas-
ing risks of unwarranted conclusions or solutions. Explain-
ability could be improved by, for example, providing the 
sources that were used to derive answers. Within the scope 
of this article, however, we are interested in the scientific 

EdTech before purchasing or endorsing it. Not doing so 
could infringe on universal rights of children such as the 
right to non-discrimination, for example by exposing them 
to applications based on biased data (e.g., proctoring soft-
ware with racial bias) [35]. It could also undermine resil-
ience by making them dependent on the software of large 
tech companies. These are the risks that should stimulate 
educational institutions to have a high standard. Yet, simul-
taneously, they have a stake in stimulating responsible inno-
vation and improvement of educational practices through 
technology. They have both a stick and a carrot with which 
they can stimulate responsible experiments with AI in edu-
cation. It is important to note here that there are large dif-
ferences between the different domains in education, based 
on the specific populations that they serve. Parents will be 
a more important stakeholder in pre-K domain than in post-
secondary education, for example. The different types of 
educational institutions are also organized differently: this 
often means that individual institutions have to organize and 
collaborate in associations in order to advance their inter-
ests. There are, however, interests that they have in com-
mon, by being the wardens of human learners. The proposed 
procedures in this article are based on universal rights for 
human subjects. This allows them to function as the ethi-
cal baseline that could function for all educational domains, 
with potential additional amendments for special or vulner-
able populations.

5  Discussion

The conditions that Van de Poel [34] formulated for respon-
sible experiments with experimental technology are highly 
relevant now that AI developments have taken flight with 
the recent breakthroughs in generative AI. Those conditions 
were, however, not yet translated into practical procedures 
that could be applied to design and judge experiments with 
AI-based EdTech. According to the AI in education litera-
ture, both rigorous experiments and procedures for organiz-
ing them are wanting but essential for further development 
of the field [7, 18, 19, 21]. This article contributed to the 
literature by deducing practical procedures from the condi-
tions that Van de Poel [34] proposed, and by differentiating 
the required procedures based on the levels of automation 
model of Molenaar [27] in order to reduce unnecessary 
bureaucratic requirements.

An issue with AI-based technology that these procedures 
do not fully ‘solve’, is the matter of ‘dual-use’. For example, 
AI-based technology that is designed to develop antigens, 
can also be used to create chemical weapons [32]. Simi-
larly, within the domain of AI-based EdTech, for example, 
large language models can be used by students to receive 
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is expected to work. Both can be integrated in a pre-registra-
tion. Finally, the fourth procedure is targeted at democratic 
oversight. The relevant stakeholders should be involved if 
experiments with AI-based EdTech can have public and 
lasting repercussions. For (‘level 2’) interventions which 
only assist a teacher, current research ethics committees 
and local advisory councils which include members of rel-
evant stakeholders can suffice. For interventions of the third 
level of automation and further, either ethics committees or 
local councils should be able to escalate decision making to 
a public council that includes both experts and representa-
tives of the relevant stakeholders. With automation level 6, 
when there is no longer any teacher oversight, escalation to 
the public council is required.

Educational institutions and educational researchers are 
looking for ways to responsibly experiment with the rapidly 
evolving applications of AI in education in order to provide 
the much needed facts for evidence-informed decision mak-
ing. By translating the 16 ethical conditions for responsible 
experimentation with experimental technology into four 
practical procedures, this article provides a specific proposal 
for guidelines that can be used to design and judge these 
experiments.
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