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Abstract 

This commentary presents a critical evaluation of Stephen Downes’s (2026) paper entitled “On ethical AI 

principles” published in this issue of The Journal of Open, Distance, and Digital Education, focusing on 

aspects regarding artificial intelligence (AI) and its definitional background, critical AI, and ethical 

principles. The case is made for an understanding of the unintelligence of machines, a concern when the 

role of ethics in the life cycle of AI-related products is devalued, a similar one when ethics or ethical 

behaviour is adjudicated to them, as well as how tricks into fomenting unethical behaviour and eroding 

academic integrity have overflown the educational field for years. The main goal is to clarify many of those 

topics through a critical appraisal of Downes’s paper. Present and future generations may need to wake 

up from the impasse that technologists’ illusions have moved us towards. 
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1 Introduction 

Considering ethics or ethical principles when dealing with artificial intelligence (AI) is of 

paramount importance to our relationships with technology and other humans in today’s world. 

Downes’s (2026) paper titled “On ethical AI principles” is an example, among many others 

throughout human history, where ethical aspects of such relationships are discussed or 

questioned through the lens of humans, their experiences, and the technological artefacts they 

create. Such works help to clarify our role in a world we sometimes cannot explain nor 

understand in its entirety. 

The sections that follow analyse Downes’s paper by providing a brief definitional evolution of AI 

in order for laypeople to understand that machines (meaning algorithms, AI, digital systems, 

programs, apps, or any other related terminology) are many things but intelligent in the sense 

humans are. Clarify what they cannot do or are not is essential to avoiding ascribing to them 

capabilities we shouldn’t expect them to have, because they actually do not have them. This is 

key when using them in education, in particular, and in society at large. It is also key when 

understanding ethical aspects related to them: if the “machine” concepts that are core to a 

discussion on ethical principles, for instance, are misunderstood, what can we expect from the 

discussion on ethics itself? 

That said, the central goal of this work is threefold: it aims to acknowledge and extend essential 

topics discussed by Downes (2026), clarify potential misconceptions to deepen understanding, 

and argue against some of Downes’s views on ethical AI principles and their implications. 

2 Preliminary comments on AI, unintelligence, and education 

The major focus of this section revolves around the term artificial intelligence and its origins. Its 

relation to education (or the eventual absence of a relation among them, as exemplified below) is 

also considered. 

2.1 What is AI? Is it intelligent? 

Downes (2026) defines AI in the Abstract as “a set of digital tools that can perform functions 

traditionally limited to human capability, for example, reviewing, summarizing, translating, and 

composing” (p. 1). This is a misleading definition, though. From all the tasks AI-based systems 

can do or problems they can solve, current AI, i.e., the 2020s’ AI, has none of those capabilities 

yet (more on this below). Downes falls for wishful mnemonics (McDermott, 1976), echoing the hype 

for tech companies (Bender, 2024) and their AI techno-illusions.  

Much has been written in the scientific literature and elsewhere about AI since the term was 

coined by John McCarthy on a proposal for a workshop at Dartmouth College in the mid-1950s 

(McCarthy et al., 1955). Fast forward to today, there is no consensus on the definition of the term 

(Monett & Lewis, 2018) and disagreements and rebranding vary across contexts, technologies, 

applications, and periods of funding (AI Springs) or abandonment (AI Winters). A reason for lack 

of a consensus definition could be attributed to the vagueness of the term itself. McCarthy, an 

assistant professor of mathematics at the time of writing the Dartmouth proposal and with no 

experience in programming a computer at that time, used AI to distance himself from influential 

researchers and related computer science topics (see Nilsson, 2009), and as a marketing chance to 

get funding for the workshop on “a summer research project.” McCarthy himself admitted in an 

interview with Nils Nilsson years later: “I had to call it something, so I called it ‘Artificial 

Intelligence,’ and I had a vague feeling that I’d heard the phrase before, but in all these years I 

have never been able to track it down” (cited in Nilsson, 2012, p. 5). 
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It is clear McCarthy chose the term without deeper consideration; it is also known that others 

even disliked it (Nilsson, 2009). His use of artificial, for instance, has been prone to several 

interpretations and speculations about what that artificiality can mean or be in practice. This has 

resulted in “an anarchy of methods” and “a panoply of approaches and subfields” (Lehman et 

al., 2014, p. 56) over the years, which was not visible to practitioners and laypersons then, 

compared to the magnitude and echo they have today, mainly due to the widespread use of AI-

based applications, technologists’ illusions of “intelligent” automation, and the vested financial 

interest of AI vendors and boosters that flood both all that we do and our interactions with 

technology.  

AI can mean today from the computations required to perceive, reason, and act (Winston, 1992), 

over agents that take the best possible (rational) action in a situation (Russell & Norvig, 2020), to 

“a diffuse set of technologies and systems of epistemic and political power that participate in 

broader historical trajectories than are traditionally offered” (Ali et al., 2023, p. 1). Even more 

recently, organisations and institutions have continued to define AI for specific agendas. For 

example, the High-Level Expert Group on Artificial Intelligence (AI HLEG) of the European 

Commission defines the term for policy and regulatory purposes this way: “Artificial intelligence 

(AI) refers to systems that display intelligent behaviour by analysing their environment and 

taking actions – with some degree of autonomy – to achieve specific goals” (AI HLEG, 2019b, p. 

1). The first part of Downes’s definition is, thus, not problematic in this sense but the capabilities 

he mentions as examples are. 

The term and how related capabilities and applications have been perceived by most users have 

surprised even their creators. For instance, Joseph Weizenbaum mentioned “the enormously 

exaggerated attributions an even well-educated audience is capable of making, even strives to 

make, to a technology it does not understand” (Weizenbaum, 1976, p. 7), when people interacted 

with his chatbot ELIZA (Weizenbaum, 1966). Nothing has changed with modern versions of 

chatbots today, except that, now, millions of people, including learners, use them worldwide 

almost daily. But chatbots are only a very specific type of AI-based program among many. In 

present times, most people will only refer to “generative” AI or, worse, to chatbots. This is a very 

limited account for what AI as a field is composed of. 

The fact that humans use certain instances of this technology (e.g., generative AI-based programs) 

in the “review” or “summarization” of others’ works, or in the “translation” of texts, or for 

“composing,” whatever that means, does not indicate that those software programs have such 

capabilities. They do not. Echoing AI companies’ and vendors’ narratives, or referring to program 

structures or to their functions’ names by their purposes instead of what they actually do (cf. 

McDermott, 1976 regarding wishful mnemonics), doesn’t make the programs magically acquire 

those functionalities or capabilities. Equating probabilistic matrix calculations for simulating 

human conversations with the capacity of reviewing or composing, without knowing what is 

really done or possible behind (e.g. technically or mathematically possible), is a mistake. 

Often, the common denominators in the definitions and AI discourse are those wishful 

mnemonics (McDermott, 1976), “imprecise jargon” and “obfuscatory phrases” (Guest et al., 2025), 

“conceptual borrowing” from other fields (Floridi & Nobre, 2024), as well as “suggestive 

definitions,” “mathiness,” and “overloaded terminology” (Lipton & Steinhardt, 2019). These 

common denominators and the vagueness of the concept fuel misunderstanding about the real 

capabilities of the technology, promote unnecessary anthropomorphism (i.e., ascribing to it 

human capabilities it does not have), and contribute to the AI hype and its harms (Barrow, 2024; 

Critical AI, n.d.; Duarte et al., 2024; LaGrandeur, 2024; Markelius et al., 2024; Placani, 2024), all of 

which is further echoed in other circles, like education, without a critical stance (Guest et al., 

2025). 
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There is much more about AI going around than it really is or can do. It is important that people, 

from academics and practitioners to users, start learning seriously about what is behind “AI.” 

Readers are referred to the following works, for instance, on factual software- and hardware-

based proofs on why AI machinery cannot understand (Bishop, 2021; Marchetti et al., 2025), or 

plan (Kambhampati, 2024; Kambhampati et al., 2025), or think (Shojaee et al., 2025), or reason 

(Wu et al., 2024; Zhao et al., 2025), or summarize (Paulusse, 2026; Peters & Chin-Yee, 2025), at 

least as humans do. Standards of genuine “intelligence,” according to Brian Cantwell Smith 

(2019), include for example embracing actuality, possibility, and impossibility, having 

commitment and intentionality, distinguishing appearance from reality, as well as having 

consciousness and self-awareness, among other (cognitive) capabilities that current machines 

don’t have. As Cicurel and Nicolelis (2015) mathematically, computationally, evolutionarily, and 

neurophysiologically demonstrate, “any attempt to effectively simulate the true complexity of 

brains in a digital computer or any other Turing machine has no credible chance to succeed” (p. 

12). Similarly, Landgrebe and Smith (2022) demonstrate the mathematical, physical, and technical 

impossibilities of emulating “intelligence” in machines. If one thing is certain in AI, despite all 

the hype surrounding the field since its foundation, it is the unintelligence of machines. 

Thus, when defining AI, introducing a new definition and not considering at least one of the 

many that already exist (dictionary definitions, working definitions, legal definitions, marketing 

definitions, the panoply is bigger here!) and the challenges of this endeavour, is a questionable 

omission, especially when the one that is given addresses non-existent capabilities of software. 

Downes’s (2026) “reviewing, summarizing, translating and composing” are overstatements of the 

capabilities of AI algorithms. Solid proofs are needed to demonstrate they have these capabilities. 

The onus must be on those ascribing them to machines. What has been demonstrated about what 

is possible on silicon so far leaves too much to be desired about cognitive abilities in and of 

machines.  

Misconceptions and misleading attribution of capabilities, which have exploded since the launch 

of ChatGPT1 in November 2022, might be unintentional, but too often reflect other problems. 

“[P]eople with lower AI literacy are more likely to perceive AI as magical and experience feelings 

of awe in the face of AI's execution of tasks that seem to require uniquely human attributes” 

(Tully et al., 2025). Despite the mounting evidence of the impossibilities and limitations of AI-

based technology, as well as of the harms it causes, people continue to believe in non-existing 

illusions and in making them appear apt for purposes they were not designed to serve. 

AI-based programs are one of the many digital technologies that surround us and with which we 

interact every day. There is a wide variety of AI definitions, methods, approaches, 

misconceptions, and harms that should be taken into account when considering their use in 

educational settings. After this brief introduction to some of them, we will move on to tackle the 

education- and ethics-related aspects of Downes’s paper deeply. 

2.2 AI and education 

Downes (2026) starts with a serious historical distortion. He refers to the use of artificial 

intelligence to support learning as “an ambition of educational technologists,” and mentions 

 
1 ChatGPT in its different versions is an example of a software program of the type generative AI, a very special and 

concrete case of machine learning algorithm based on neural networks. It maximises user attention and retention 
in a simple graphical user interface through next-word(s) prediction on available data and pre-programmed 
instructions that give the impression of sentient machine output and behaviour although it has none. In actuality, 
it is a simulator of human conversations (Guersenzvaig & Monett, 2026), a text extruding machine (Bender & 
Hanna, 2025) that wouldn’t function or even exist without OpenAI plagiarising existent works and exploiting 
humans to revise its outputs (Hao & Seetharaman, 2023). 
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“Pressey’s (1926) teaching machine, Skinner’s (1968) teaching machine, and the World’s Fair 

‘autotutor’ [sic] (Novak, 1964)” (p. 2) as examples of such an aspiration or conducing to it. 

However, none of those mechanical devices had anything to do with AI, nor AI with them. 

For example, Pressey started to design his Automatic Teacher and other of his testing machines in 

the 1910s (Watters, 2021) while AI as a term is at least four decades younger. Skinner’s mechanical 

machine had no connection to AI either; he started building it in 1953, i.e. also before the existence 

of AI as such—and, after 10 years of frustrations with different manufacturers and unsuccessful 

attempts to build and commercialize his mechanical artefacts, they had no commercial echo and 

were never adopted by schools (Watters, 2021). Actually, those frustrations, together with “the 

decline in the popularity of teaching machines, and with this, Skinner’s retreat from education 

technology’s center stage, are attributed to two interrelated forces: cognitive science and the 

computer” (Watters, 2021, p. 232), but none to AI. Skinner even criticized both computers in their 

early years and “computer-aided instruction,” a term he was not fond of (Watters, 2021, p. 235). 

Similarly, Crowder’s AutoTutor, first released in 1960 and displayed in the World’s Fair in 1964 

in an updated version, had nothing about AI in it either.2 AI and education have had “intertwined 

histories since the 1960s” (Doroudi, 2023, p. 886), occasionally and indirectly influencing each 

other in the 20th century, but none of those histories is related to mechanical artefacts like the 

ones of Pressey, Skinner, Crowder, and many others who sought the automation of teaching. 

After the first paragraph of the Introduction, Downes (2026) makes a quantum leap to “more 

recent years,” again attributing to AI purposes of educational technologies that already existed 

for decades, this time “statistical inferences to evaluate or predict learning outcomes” (p. 2). Such 

purposes and mechanical enablers, however, were at the core of technologies that originated in 

the 1920s, as can be verified in Watters’ book. The idea one century ago was to move the education 

system to mechanical education by using scientific equipment to  

get accurate and significant information about students, and to record it in a way that 

will be available and meaningful and directive at each step in the education ladder, […] 

a matter of developing a scientific profile and a statistical analysis of them. (Watters, 2021, 

p. 69) 

This was soon a reality with IBM’s large-scale data analysis and testing machines for 

administrative control in the 1930s (Watters, 2021, p. 79). No AI was used for doing that. AI-based 

technologies use data, statistics, and machine computations on data, but not everything that 

calculates or uses data and statistics automatically means that AI has been used. At least, unless 

we agree on AI being just the manipulation of data and statistics on it, with which we would 

necessarily need to agree on this not being any of those cognitive abilities like reviewing (e.g. 

reviewers don’t review texts by multiplying or adding matrices or vectors), summarizing, 

translating, or composing (for the same evident reasons). 

Furthermore, Downes (2026) considers AI terms imprecisely, which might obfuscate 

understanding, claiming that “[l]earning analytics began as an application of data mining and 

machine learning (Baker & Inventado, 2016), but by the 2020s was employing neural network 

technology (Sghir et al., 2023)” (p. 2). Neural network technology (or, just, neural networks or 

artificial neural networks,3 as they are known in the AI field) is a machine learning technique, and 

machine learning is a subset of AI. Much is assumed or written about AI without knowing about 

 
2 We refer the reader to Audrey Watters’ book Teaching Machines (2021) for an excellent account on the history of 

those mechanical devices for automated instruction, included the particular examples discussed above. 

3 To differentiate them from the biological neural networks found in humans’ and other animals’ brains.  
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its algorithmic, software, or hardware backgrounds, subfields, and impossibilities (Cicurel & 

Nicolelis, 2015; Landgrebe & Smith, 2022; Winograd & Flores, 1986). 

3 On (AI) ethics and ethical principles 

Having introduced several aspects regarding AI and “intelligent” capabilities in machines, or 

why we should be wary of, or cautious when ascribing human cognitive abilities to AI, it is time 

to tackle aspects concerning ethics and ethical principles related to them. This section aims to set 

the background necessary to understand what ethical principles applied to machines (e.g., to AI) 

truly mean and how Downes (2026) refers to them. 

3.1 Ethics and AI 

Ethics (and morality) is influenced by history, traditions, values, and even politics and religion. 

Ethics, for instance, deals with principles, judgment, and norms, which vary through history and 

human societies and regions, whereas morality deals with the complexity of rules, values, and 

norms that influence or determine humans’ decisions and actions (Bartneck et al., 2019). There 

also exist many different ethical or moral theories, the most important ones being utilitarianism, 

consequentialism, and virtue ethics. Both concepts have been used indistinctly in the literature; 

let’s refer only to ethics in what follows, for simplicity’s sake. 

Ethics and ethical decision-making are non-digitalisable; it is impossible to encode ethics into 

zeroes and ones (Landgrebe & Smith, 2022). For doing that, it would be necessary to code or 

represent (say by means of data or explicit machine instructions) intentional behaviour, social 

interactions, social norms and their conflicts or mismatches, intersubjectivity, perspective-taking, 

and other capabilities exclusive to humans, all of which machines don’t or cannot have (Landgrebe 

& Smith, 2022, p. 90ff). This is mainly not only because machines have no minds and no 

understanding, cannot feel what others experience, or interpret that pragmatically (Landgrebe & 

Smith, 2022, p. 245ff), but also because “[v]alues are not variables that can be put into a 

mathematical model in order to be multiplied by weight parameters and summed over” 

(Landgrebe & Smith, 2022, p. 254), and because “[w]e have no way of finding a generally valid 

[mathematical or computational] method for partitioning incidents of social interaction involving 

ethical decisions into sequential sets of training-tuples” (Landgrebe & Smith, 2022, p. 255) for (AI) 

algorithms to work with.  

In other words, it is impossible to generalise ethical decision-making in machines: making 

decisions on or about a problem might require the application of a different ethics theory 

depending on the situation each time, and it depends on traditions, values, experiences, politics, 

and religions, all of that being different from the perspective of the person who collects the data 

used for making the decision, the data itself, the one who designs the program, the one who codes 

it, the one who tests it, the one who deploys it, the one who uses it, and the one who is affected 

by those decisions. That person is not a single person but many different ones before and across 

all the software’s life cycle and its different uses. Furthermore, “[m]orality cannot be reduced to 

following rules and is not entirely a matter of human emotions—but the latter may be well 

indispensable for moral judgment” (Coeckelbergh, 2020, p. 51f). AI in particular, and machines 

in general, however, do not have emotions. As McDermott (2011, p. 2) states, “ethical behavior is 

an extremely difficult area to automate, both because it requires ‘solving all of AI’ and because 

even that might not be sufficient.” We are still far from having such capable machines. 

AI ethics is not a new thing, nor did it start with the use of generative AI in the 2020s. Early 

debates on AI ethics, though not known under that name then, are as old as the AI field itself. 

Take, for instance, Norbert Wiener’s concerns. “As machines learn, they may develop unforeseen 
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strategies at rates that baffle their programmers. [...] We must always exert the full strength of 

our imagination to examine where the full use of our new modalities may lead us” (Wiener, 1960, 

p. 1355). “[W]hat, for example, are the scientist’s responsibilities with respect to making his work 

public? And to whom (or what) is the scientist responsible?” (Weizenbaum, 1976, p. 8). 

Ethical concerns regarding the use of technologies are not new in education either: 

Many critics of education are impatient with the deficiency of our schools. They decry 

the tendency for education to lag far behind industry in automation. [...] But we must 

bear in mind that while the product of industry is an automobile, a refrigerator, or a 

washing machine, the product of education is a human being. (Watters, 2021, p. 258, 

citing Daniel Tanner, 1964) 

We must consider the odds of the programs and systems that pupils, students, teachers, and 

administrators use or plan to use in educational contexts, for the harms and negative implications 

are not an imagined illusion but a real threat and a constant concern (see above and also Holmes 

et al., 2025; Huang, 2023; Wieczorek et al., 2025. See also below). This is why “ethical AI 

principles” are not “a specific political agenda,” as Downes (2026, p. 2) mentions with apparent 

disdain, but are political in their entirety, as AI and technology also are (Bartoletti, 2020; 

Coeckelbergh, 2022; Crawford, 2022; McQuillan, 2022). “AI ethics is about technological change 

and its impact on individual lives, but also about transformations in society and in the economy” 

(Coeckelbergh, 2020, p. 7), which are politically loaded and determined.“AI ethics is about the 

lives of people and it is about policy” (Coeckelbergh, 2020, p. 62). 

3.2 Which ethical principles? On methodology 

In his Section 2.1, Downes (2026, p. 3) lists ethical principles found with Google Search’s 

(generative) AI. This has serious methodological issues. For instance, the terms Downes used in 

his Google search are not specified, and none of the results he lists cite the original sources, which 

might be contributing to plagiarism or intellectual property issues (Appel et al., 2023; Crawford 

& Schultz, 2024; Panwar, 2025). As is well known, the output of generative AI can never be 

trusted: it is ripe with falsities, misinformation, and poor-quality content (Harding, 2024; Huang 

et al., 2024; Wiggers, 2024), and generative AI is not adequate for information seeking (Shah & 

Bender, 2022; 2024), among other reasons. 

There is already a myriad of well-known works and policies that deal with ethical principles. 

Thus, any AI-generated output without critical evaluation of its origin or proper attribution must 

be avoided. Fundamentally, relying on AI-generated output obscures or erases the provenance 

of the contributions, does not credit the original authors, thereby making them and their work 

untraceable, undermines intellectual authorship and epistemic fairness, removes critical context, 

and misleads readers about the origin and credit of the sources (Earp et al., 2025). Furthermore, 

credit is a pillar of research integrity and is inherently intertwined with accountability and 

transparency (Kiermer et al., 2026; Nature, 2026). 

Take, for example, how the AI HLEG (2019a, p. 14) defines ethical principles in the context of AI 

systems based on fundamental rights. Also, how those ethical principles are then “translated into 

concrete requirements to achieve trustworthy AI [and] are applicable to different stakeholders 

partaking in AI systems’ life cycle: developers, deployers and end-users, as well as the broader 

society” (emphasis added), all of them relevant in educational settings and the majority 

overlapping with Downes’s (2026) AI-generated list. Not giving credit to already existing works 

on those very topics risks reinventing them anew. 

Jobin et al. (2019, p. 391)—in a widely cited paper with over 82k accesses at the time of writing 

this commentary—analysed “84 documents containing ethical principles or guidelines for AI”. 



 Monett, D. (2026). Journal of Open, Distance, and Digital Education, 3(1) 

Page 8 of 22 

 

 

They found that “[n]o single ethical principle appeared to be common to the entire corpus of 

documents, although there is an emerging convergence around the following principles: 

transparency, justice and fairness, non-maleficence, responsibility, and privacy” (p. 391). Attard-

Frost et al. (2022) reviewed 47 ethics guidelines relevant to business practices and found, 

similarly, principles for AI ethics that are key to the ethics of AI business practices. Since AI tools 

and systems used in education are developed by AI companies, all those principles are relevant 

to them too, as the business practices behind them are. The work of those authors would be 

obscured if not properly cited. 

State-of-the-art literature, frameworks, policies, analyses, and guidelines on ethical AI principles 

should have been considered to extract relevant ones from them. See also UNESCO (2022) and 

Wieczorek et al. (2025), as well as both the Unified Framework of Five Principles for Ethical AI (Floridi 

& Cowls, 2019)—Downes briefly comments it—and the other sources from which these other 

authors extracted ethical principles from. Referring to AI’s output, i.e., to generative “AI” results, 

as the main source for an analysis about ethical principles erodes scientific integrity. 

Moreover, in his Section 2.2, Downes (2026) only mentions some possible or potential benefits of 

the application of AI in education, part of which are not such but hype, by analysing only one 

source, i.e., Cardona et al. (2023). However, no single issue, problem, or harm, among the many 

that exist, is commented on. We refer the reader to Abbas et al. (2024), Bastani et al. (2024), Bauer 

et al. (2025), Fergusson et al. (2024), Forbes and Guest (2025), Guest et al. (2025), Laird et al. (2025), 

Lin et al. (2023), Weidlich et al. (2025), and Williamson et al. (2024), to name but a few works, to 

know about the dark side of “AI” in education, including empirical findings. These topics are a 

huge omission in Downes (2026). 

3.3 The illusion of ethical use out of unethical practices and systems 

It is worth mentioning that ethical principles and related requirements are not meant to be coded 

into or fulfilled by AI systems or algorithms independently, but are principles and requirements 

humans must respect and ensure (i.e., implement and evaluate) throughout the entire AI system’s 

life cycle. For example, programs cannot be held accountable; humans are. This is why the AI 

HLEG of the European Commission expects all interested groups to fulfil concrete roles 

depending on their types of interactions with AI systems.  

[D]evelopers should implement and apply the requirements to design and development 

processes; [d]eployers should ensure that the systems they use and the products and 

services they offer meet the requirements; [and e]nd-users and the broader society should 

be informed about these requirements and able to request that they are upheld. (AI 

HLEG, 2019a, p. 11) 

These good practices are, however, often ignored. On the other hand, 

An [AI system] cannot genuinely be deemed ‘ethical’ without accounting for the business 

it is involved in. Perhaps the components involved in the system’s algorithmic decision-

making—e.g., its data inputs, classification categories, and model characteristics—will 

operate ethically, but there is no guarantee that the system’s operation will remain ethical 

if its scope is widened to account for its business context. (Attard-Frost et al., 2022, p. 390) 

AI business practices are defined as “the iterative political and economic behaviours involved in 

the organized resourcing, design, development, deployment, and use of an [AI system]” (Attard-

Frost et al., 2022, p. 390), and therefore, 

AI ethics research requires a much sharper focus on issues of business practice. [W]ithout 

more robust analysis of the business practices and political economies involved in [AI 
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systems’] development and use, AI ethics guidelines will remain dangerously limited in 

their ability to hold powerful businesses to account for their unethical practices. There can 

be no ethical AI without ethical businesses to build it (Attard-Frost et al., 2022, p. 397; 

emphasis added). 

Artificial intelligence technologies, the ones Downes (2026) refers to in his paper—though it 

seems he only refers to one very special case of technique among the many that exist under the 

AI umbrella, especially the data and resources-intensive ones, are unethical at their core. They 

are based on unethical practices that cause harm, as it has been extensively documented in the 

literature, including factual and empirical research-based literature (Bender et al., 2021; Birhane 

et al., 2024; Dang & Liu, 2025; Eubanks, 2019; Fergusson et al., 2024; Goetze, 2024; Greenbaum & 

Gerstein, 2025; Hao & Seetharaman, 2023; Jargon & Schechner, 2025; Luccioni et al., 2024; Mejías 

& Couldry, 2024; Muldoon et al., 2024; Panwar, 2025; Vassel et al., 2024; Walther, 2024; Wilkins, 

2025). 

We posit that, thus, there can be no “ethical AI” coming out of the application of unethical 

business practices, and, as a consequence, there can be no possibility to make them ethical a 

posteriori or by just “acknowledging” the harms (Guersenzvaig & Monett, 2026; Guest et al., 2025; 

Monett & Paquet, 2025). That would be ethics washing and critical washing (Gerdes, 2022; Guest 

et al., 2025; Metzinger, 2019; Ochigame, 2019; van Maanen, 2022). In educational settings or 

contexts where such technologies are aggressively targeting users (teachers, students, 

administrators, and parents), for instance, they are predestined to harm. AI systems not only 

harms educational ecosystems but also students in particular, including their learning, cognitive 

abilities, long-term retention of content, career chances, and academic integrity, among other 

things (see Barcaui, 2025; Bastani et al., 2024; Fan et al., 2024; Gerlich, 2025; Guersenzvaig et al., 

2025; Köbis et al., 2025; Laird et al., 2025; Lee et al., 2025; Liang et al., 2023; Lodge & Loble, 2026; 

Stadler et al., 2024; Watermeyer et al., 2023; Williamson et al., 2024; and Wong, 2025 for evidence 

about those harms). No current or potential benefit or use of a technology absolves it, or its 

creators, from the unethical practices that sustain it and the harms they account for.  

Without an account for the unethical business practices underneath the AI applications that are 

being used (or planned to be used or deployed) in education, or for their limitations and the 

harms they inflict or might cause, any ethical qualifier applied to those AI products is destined 

to obfuscate their real nature, the purposes of their vendors, and their negative consequences. 

4 A rebuttal to Downes’ analysis of ethical principles 

This section will focus on those topics and/or arguments in Downes (2026) that are controversial. 

Comments will not be made on those that make sense. 

4.1 On fairness (Downes, 2026, Sect. 3.1) 

It is not true that fairness in AI only “amounts to the desire to, from a position of privilege, set 

those parameters that define where we will be ‘fair’ and where we will make actual ethical 

decisions” (Downes, 2026, p. 5). That is a very narrow definition of how fairness is considered in 

AI (Caton & Haas, 2024). Parameters are not the only elements of algorithms that are set when 

coding them, or that may play a role in fairness-related AI-based computational approaches. AI 

models can also deal with sensitive variables, for instance, and it can be that the treatment of 

sensitive variables is strongly related, e.g., to privacy issues that go beyond disadvantaged people 

and concern all kinds of targeted subjects in an analysis. What is more, some fairness-related 

approaches focus on the direct algorithmic impact on model accuracy and generalisability, rather 

than on actual ethical decisions that may derive from its use. On the other hand, data alone (or 



 Monett, D. (2026). Journal of Open, Distance, and Digital Education, 3(1) 

Page 10 of 22 

 

 

the absence of it) might contribute to unfair decisions, for which parameter settings or variables 

use—i.e. from the perspective of the algorithm and its coder—would be insufficient. Also, 

because in some works “the notion of ‘fairness’ is not across multiple users or agents but across 

multiple objectives or criteria” (Reuel & Ma, 2024) that are optimised and don’t involve ethical 

decisions even indirectly. 

4.2 On transparency and explainability (Downes, 2026, Sect. 3.2) 

Downes (2026) argues that “[t]he intuition behind [the transparency] condition is that AI systems 

should be designed in such a way that allows users to understand how they work” (p. 5). The 

goal is not to know how those systems work, because, according to Downes, laypeople might not 

understand the related technicalities, but how a decision was made, i.e., which were the 

conditions or parameters (e.g. whether the gender or the social group are conducing to unjust 

associations) that led to that decision, something especially relevant when contesting wrongdoing 

should the systems’ output discriminate or harm. In other words, it is not a matter of which single 

algorithmic operations or weight values the connections of a neural network have that needs to 

be known, but how the models deal with parameters and what they are, like, for example, if the 

place where the datafied subjects live or any information related to it that determines a wrong 

decision. The objective is not to comprehend or track billions of bits and the machine operations 

on them; posed this way, the problem is overcomplicated and exaggerated unnecessarily. 

Furthermore, Downes’s (2026) comment on conterfactuals (p. 6) as a proxy for explainability is a 

well-known topic in the explainability community, also challenging technologically. Yet, the 

analysis of those other possible outcomes when dealing with conterfactuals is something 

machines cannot do unless programmed to do so, at least with current technologies. There exist 

several theories and methods for deductive and inductive reasoning, but none for abductive 

reasoning that satisfactorily explains or deals with impossibilities and common sense, however, 

a significant but missing piece in today’s AI-based decision making and steppingstone for 

genuine intelligence in machines (Cantwell Smith, 2019). Counterfactuals are part of the path in 

this direction (Pearl, 2018; Verma et al., 2024), yet an open research field with almost no or very 

few practical applications worldwide. 

4.3 On accountability (Downes, 2026, Sect. 3.3) 

Downes (2026) argues that accountability “would help ensure that AI is used responsibly and 

that those responsible can be held liable for any negative consequences” (p. 6), which is only part 

of this ethical principle’s goal, though. What matters is not only to guarantee the correct use—

what people would do when using or with AI, but most importantly to ensure that, in the case of 

harm, the ones who designed or developed the system or made wrongful decisions are held 

accountable. Downes (2026) only analyses the users and none of the other people involved in the 

AI life cycle. 

He then goes on and compares the use of AI with using a hammer or a gun, saying that we are 

expecting its behaviour to be ethical by centring the discussion only on the technology and what 

can be done with it. But AI is not “just” a tool (Laba, 2025). And algorithms cannot be held 

accountable: it has always been about people and not about the technology. Downes’s (2026) 

analysis misses the point that what is called “AI” is not only a concrete software program, but a 

huge socio-technical, political, environmental, and cultural complex system of artefacts, 

relationships, dynamics, and decisions made all the way down by a few unelected people to 

cement profit, control, and power, and which affects entire generations, societies, ecosystems, 

and the planet (Crawford, 2022; Guest et al., 2025; Hao, 2025; McQuillan, 2022). This is why it is, 
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of course, much needed and utterly important to know who is accountable, contrary to what 

Downes suggests. 

4.4 On privacy and data protection (Downes, 2026, Sect. 3.4) 

The AI HLEG alerts about the tensions that can exist between ethical principles:  

[I]n various application domains, the principle of prevention of harm and the principle of 

human autonomy may be in conflict. Consider as an example the use of AI systems for 

‘predictive policing’, which may help to reduce crime, but in ways that entail surveillance 

activities that impinge on individual liberty and privacy. […] There may be situations, 

however, where no ethically acceptable trade-offs can be identified. Certain fundamental 

rights and correlated principles are absolute and cannot be subject to a balancing exercise 

(e.g. human dignity). (AI HLEG, 2019, p. 13; emphasis in the original) 

Yet, Downes (2026) generalises and poses an unsolvable dichotomy, claiming that “[w]e can have 

accountability, or we can have data protection, but we can't have both at the same time for the 

same data” (p. 8). Whilst this can be true in some situations, there are others where we can have 

both. On the one hand, accountability is not only about who uses a system, as explained above; 

on the other, privacy and data protection can be safeguarded, for example, in a social media 

platform, but at the same time with strict measures in place that make people accountable for 

prohibited behaviours without necessarily revealing their data to third parties. 

Later on, Downes (2026) succumbs to the AI hype, again, saying that “[a]n AI, for example, can 

recognize a person by their gait. Humans can do this too, but only for people they already know 

well; an AI can do it for anyone” (p. 8). No, “an” AI cannot do it for anyone; this statement is 

misleading and ignores how the technology works. The contrary has been demonstrated more 

than once: AI systems are deployed and put in the hands of police departments, to name an 

example of an application domain, that misclassify and discriminate against people by matching 

them to collected data from other unrelated people the algorithms were trained on. Mathematical 

operations on pixels and image sequences still cannot generalize to distinguish any people based 

on limited traits. As expected, the most affected and abused individuals and groups are always 

the already marginalised and disadvantaged (Kalluri et al., 2025). 

4.5 On inclusiveness (Downes, 2026, Sect. 3.5) 

How Downes (2026) refers to the ethical principle of inclusiveness is also problematic. His 

position is that if this is not inclusive here, then it makes no sense to have inclusiveness there; thus, some 

people don’t deserve it. For example, he notes, “Almost nothing we produce is required to be used 

to benefit all members of society. It’s hard to see how inclusiveness stands as an ethical value 

specifically for AI”(Downes, 2026, p. 9). Again, it is not that AI is something special that deserves 

attention now and not before, but that AI-based socio-technical systems and the decisions that 

result from them amplify, propagate, extend, and perpetuate the biases, exclusiveness, and harm 

not only present in the data, but also coming from those who design, implement, test, deploy, 

control, and use those systems (Birhane, 2021; Birhane et al., 2024; Eubanks, 2019; Fergusson et 

al., 2024). 

Other parts of the section on inclusiveness are as concerning as defeatist and deterministic. For 

instance, Downes (2026) maintains that “the principle of diversity, equity, and inclusion (DEI) 

has been explicitly rejected by the United States government” (p. 9) and adds nothing else to the 

discussion. Not questioning its discriminative and abusive nature in a section dedicated to the 

opposite goal sides with those in power, who are not interested in the big majority’s well-being. 

It is so; there is nothing to do, seems to be the message. Excluding people and optimizing for certain 
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traits has been ingrained in and related to the AI field for many years (Gebru & Torres, 2024), an 

unacceptable condition to leave uncriticised. 

4.6 On reliability and safety (Downes, 2026, Sect. 3.6) 

The next section goes similarly, with quite the same position as in previous ones: this is already 

bad here; thus, there is no sense in not wanting badness there, now referred to as reliability and safety. 

According to Downes (2026), there is no need to do anything special in the case of AI in matters 

of reliability and safety, the technology that amplifies the harms produced by unreliable and 

insecure systems, because that’s not something people value as having more priority in their lives. 

Reliability and safety are only partially analysed. A reliable system is one where one can expect 

the same answer the next time it is used with the same input, for instance. One can trust the 

output because it doesn’t change, or because the sources the output is based on are reliable and 

cited reliably. Similarly, a safe system is safe, and thus robust, against attacks that leak the data it 

works with; it doesn’t leave backdoors for third parties to exploit. None of this is analysed in 

Downes (2026), who focuses only on the perspective of the final user. For the sake of argument, 

or to exemplify, Downes (2026) refers only to technical aspects when analysing reliability and 

safety. Expressions like “Computers are reliable […]. Our computers are safe” (Downes, 2026, p. 

10) again generalize characteristics of digital systems that are not true in the normal case. 

Computers, digital systems, algorithms, and AI are neither reliable nor safe: they are hacked and 

the hardware fails often, mainly because of bad design decisions. The technology cannot be 

deemed to be reliable or safe: for example, injecting damaging prompts into chatbots’ 

conversations is as frequent as the software band aids to avoid them (Claburn, 2026). It is 

impossible to prevent those systems from unreliability or vulnerability completely. This doesn’t 

mean we should accept unethical practices regarding reliability and safety!  

Downes (2026) goes on to make the assumption that “society as a rule tends to balance 

considerable levels of risk against anticipated benefits and trust in the provider” (p. 10). Actually, 

and especially in the case of AI, what humans are good at is gullibility, myths, illusioned machine 

capabilities, and wishful thinking, blatantly failing to consider the harms and risks of current 

systems, but blindly believing in what vendors, boosters, and techno-oligarchs sell as “good AI” 

or “for the good of humanity” (Adib-Moghaddam, 2025; Greenspan, 2009; Madianou, 2024; 

McDermott, 1976; Weizenbaum, 1976). 

Downes (2026, p. 10) then argues that “[t]he suggestion that we should change this approach 

now, for this technology, does not appear to be any longstanding ethical principle but rather a 

latent conservatism that mistrusts new technologies in general, in other words, neo-Luddites 

(Lamont, 2024).” This doesn’t deserve time falsifying, but demonstrates ignorance about what 

Luddism actually was and is: it is about mistrusting, refusing, and opposing those who use 

technologies to exploit, extract from, control, and abuse other humans, societies at large, 

ecosystems, and the planet, to exercise domination, conserve unaccountability, and increase 

profit (Binfield, 2015; Merchant, 2023; Mueller, 2021; Sadowski, 2025). It is not about AI, it is about 

who and what they do to us with “AI.” 

4.7 On human-centred design (Downes, 2026, Sect. 3.7) 

The section on human-centred design is not better. Downes (2026) cites problematic quotes (p. 

11) using anthropomorphic (e.g., “We also need to design and develop systems with […] possibly 

even the needs of artificial intelligences in mind”), techno-determinist (e.g., “Whatever we build, 

we will adapt to it”), and techno-solutionist language (e.g. “the imperatives and the affordances 

of human and machine shape each other”), as also absurd examples (e.g., “The needs of humans 

are over-ruled by machines all the time. The ATM won't let me spend more money than I have”), 
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to make a point by underestimating the importance of human-centred design. What Downes 

(2026) fails to acknowledge is that AI is neither artificial nor intelligent: it is very human at its 

core; it cannot exist nor function, especially data-intensive AI, without the digital theft of both 

human intellect and works, mostly without consent, as well as labour in the order of millions 

worldwide, e.g. for gathering the data, cleaning and pre-processing it, annotating it, moderating 

it, giving feedback about it, and so on (Crawford, 2022; Hao & Seetharaman, 2023; Koebler, 2026; 

Mejías & Couldry, 2024; Muldoon et al., 2024). AI is demonstrably very stupid too (Bishop, 2021) 

and far from being “intelligent” as humans are (see Section 2 above). 

As Guest (2025, p. 3) reminds us, 

AI is human-centric, not because it behaves like or is designed to be like humans, but 

because it requires a ghost in the machine, often literally an obfuscated human-in-the-

loop to properly function (also see Guest & Martin, 2025) because AI is humans albeit in 

fetishised (Braune, 2020; Morris, 2017; Mota & Cosentino Filho, 2024), obfuscated forms 

(e.g., Erscoi et al., 2023). 

Humans—the ones who are involved in the development of, who use, and whose lives and future 

are being affected by AI-based systems—and their needs should always be at the centre and in 

all phases of any software and the socio-technical systems it is part of. In some cases, even not 

only humans but broader ecosystems. That’s what this ethical principle is for. 

4.8 On non-maleficence (Downes, 2026, Sect. 3.8) 

The general tone of this section is similar to the former ones: if technology does exist that causes 

harm, and because some are clear in its nature and we avoid them, or because there are many 

harms already, including “necessary” and “allowable” harms, then the principle of non-

maleficence is kind of superfluous, especially if the law prevents its application involving 

stakeholders affected by it. Not humans as targets of systems of oppressions and harms, but 

stakeholders, the ones profiting from the harms the systems produce. And we had better do 

nothing against something inevitable and determined, don’t we! 

The contrary is precisely what this ethical principle and regulation (like the European AI Act, 

among others) are for: neither stakeholders’ profit nor technologists’ excesses can ever be more 

important than the humans who are harmed by the technology they gamble with. Human rights 

and human lives are above any AI-based artefact and the monetary purposes of its enablers. 

4.9 On sustainability (Downes, 2026, Sect. 3.9) 

The last section deals with the principle of sustainability. It might be that Downes is not aware of 

the literature covering the tremendous negative impact of AI-based technologies for the 

environment, communities, and the planet; otherwise, he may not have made the statement that 

“[t]he power consumed by AI is not even a rounding error when compared to the total amount 

of energy consumed by humans. It’s far too small to be considered even that” (Downes, 2026, p. 

12). It seems his observation needs urgent revision. Take, for instance: 

The carbon footprint of AI systems alone could be between 32.6 and 79.7 million tons of 

CO2 emissions in 2025, while the water footprint could reach 312.5–764.6 billion L. To 

put this into perspective, this is in the same range as the carbon footprint of New York 

City (52.2 million tons of CO2 emissions in 2023). Similarly, the water footprint of AI 

systems may be in the same range as the entire global annual consumption of bottled 

water (446 billion L). (de Vries-Gao, 2026, p. 9) 

And a report of the International Energy Agency estimates that “data centres’ total electricity 

consumption could reach more than 1000 TWh in 2026 […] roughly equivalent to the electricity 
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consumption of Japan” (Çam et al., 2024). Other studies report similar concerns. (Crawford, 2024; 

de Vries, 2023; Garg & Kitsara, 2025; Niranjan, 2026; O'Donnell & Crownhart, 2025; Xiao et al., 

2025, Zewe, 2025), as also the extraction of basic natural resources and occupation of land to build 

new data centres (Jiménez Arandia et al., 2025; Mejías & Couldry, 2024). 

Even more concerning is how Downes (2026) compares “the energy we’re consuming if we’re not 

using AI” with “how much energy and resources it takes to pay for and support 600,000 

translators” (p. 12), thereby suggesting that the work of those 600,000 translators, with which they 

sustain themselves and their families, is not worth their value and work and, thus, should better 

be replaced by AI. Yet, even after around 80 years of automatic translation’s modern history, AI 

is well-known to remain far behind regarding the nuanced, highly specialized, context-sensitive, 

culturally-dependent, and meaning-accurate human touch, something that machines are far to 

equate, needless to say, surpass (Naveen & Trojovský, 2024; Pang et al., 2025). A similar, recent 

comment by Sam Altman, the CEO of OpenAI, questions, in an absurd comparison, the energy 

consumption of raising a child and the one needed to train AI (Berger, 2026). Such excuses 

obfuscate the real nature, resources, infrastructure, algorithm, and data processes, data itself, as 

well as the millions of humans historically building and feeding “AI” for it to work. Such category 

errors and the issues they hide are inexcusable. 

5 Conclusion 

Downes’s (2026) use of Google Search’s (generative) AI felt short of relevance. It left out works 

and ethical principles essential to any digital—in general, and AI, in particular—technology of 

our times. Ethical principles like human agency, accuracy, reproducibility, societal well-being, 

non-discrimination, and data governance, among others, were brushed away from the AI ethics 

spectrum with an “AI” click. If some of the ethical principles analysed in Downes’s paper were 

considered to be unnecessary or superfluous, what could be expected for the ones that were left 

out? 

AI ethics, digital ethics, ethical principles, and so on are far from being perfect abstractions to 

guide human decision-making and technology developments, but in times where ethics washing 

and critical washing (Gerdes 2022; Guest et al., 2025; Metzinger, 2019; Ochigame 2019; van 

Maanen, 2022) tend to dominate politics and governance, any sound criticism is more than 

welcome. However, the discourse and validity of ethical principles related to AI should start from 

a solid analysis that acknowledges their importance, for example, in  

ensuring a high level of protection of health, safety, fundamental rights as enshrined in 

the Charter of Fundamental Rights of the European Union (the ‘Charter’), including 

democracy, the rule of law and environmental protection, to protect against the harmful 

effects of AI systems in the Union, and to support innovation. (EU, 2024) 

Contrary to what Downes (2026) thinks, that is, university professors and the institutions they 

represent “are frequently among those who define and recommend adherence to ethical 

principles in all we do, including the deployment of AI” (p. 13), there are many members in 

ethical commissions, companies, institutions, and organisations worldwide who are not 

academics. Take a look, for example, at the 52 members of the AI HLEG4  of the European 

Commission, experts who developed foundational materials key to the first AI regulation of its 

type worldwide, the AI Act of the European Union. 

 
4 See https://ec.europa.eu/futurium/en/european-ai-alliance/ai-hleg-steering-group-european-ai-alliance.html  

https://ec.europa.eu/futurium/en/european-ai-alliance/ai-hleg-steering-group-european-ai-alliance.html
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Instead of downplaying the role of academia, as Downes (2026) does when he claims academics’ 

efforts to define and recommend adherence to ethical principles are “laudable, but it’s hard not 

to observe a certain amount of misdirected energy on the part of academia” (p. 13), we would 

like to call for a radically different approach: 

The role of an intellectual should consist not so much in instructing the masses, to the point 

of preaching to them from their ivory tower, as in understanding the phenomena that are 

developing, in order to sound the alarm with arguments and awareness when necessary. 

(Sadin, 2023, p. 106; translated from Spanish) 

Any amount of energy invested in the latter is more than welcome. It is much more: it is the raison 

d’etre as educators, academics, and citizens; it is vital. 
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