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The AI Act Should Be  
Technology-Neutral 
By Patrick Grady  |  February 1, 2023 

The EU aims to implement the world’s first artificial 
intelligence (AI) regulation, the Artificial Intelligence Act, 
intended to allow people and businesses “to enjoy the 
benefits of AI while feeling safe and protected.”1 
Unfortunately, the AI Act’s broad definition of AI penalizes 
technologies that do not pose novel risks.2 To resolve this, 
policymakers should revise the definition of AI to only 
apply to specific AI approaches that create significant 
challenges. 

Policymakers have long valued the principle of technology neutrality, which 
holds that laws and regulations should avoid privileging or penalizing one 
set of technologies over another.3 Technology neutrality does not 
necessarily demand that the exact same rules apply to different 
technologies. For example, if policymakers believe AI systems present 
novel risks not found in non-AI systems, they can and should address those 
risks.  

This report shows that the AI Act is not, despite the intention of the 
European Commission, technology-neutral. Instead of addressing unique 
concerns about uninterpretable machine learning (ML) systems—a subset 
of AI systems—the Act would apply to a much broader set of AI systems that 
do not need regulatory intervention.4 The result is legislation that would 
create significant overreach and potential harm to the EU’s AI ecosystem. A 
better definition would limit the scope of the proposed law to only those 
technologies that pose novel risks.  

AI development is not linear—it has gone and continues to go through 
various periods of flourishing (“springs”) and stagnations (“winters”). The 
last “AI winter” has passed, but the EU is falling behind its global 
competitors—China and the United States—in AI research, investment, and 
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adoption. If the EU’s AI Act limits innovation, as the current version of the 
bill is likely to do, the next AI winter could be strictly European.5 

DEFINING ARTIFICIAL INTELLIGENCE 
The definition of AI is crucial because it determines the AI Act’s scope. 
Unfortunately, there is no universally agreed upon definition among 
practitioners, researchers, and developers. 6 AI is a moving target: As John 
McCarthy, the computer scientist who coined “artificial intelligence” put it, 
“As soon as it works, no one calls it AI anymore.”7 Indeed, the definition of 
AI has proved to be one of the most contentious parts of the AI Act.  

In its initial proposal, the European Commission uses the following 
description: 

“Artificial intelligence system” (AI system) means software that is 
developed with one or more of the techniques and approaches listed 
in Annex I and can, for a given set of human-defined objectives, 
generate outputs such as content, predictions, recommendations, or 
decisions influencing the environments they interact with.8 

Annex I of the AI Act lists the following techniques and approaches: 

(a) Machine learning approaches, including supervised, unsupervised
and reinforcement learning, using a wide variety of methods including
deep learning;

(b) Logic- and knowledge-based approaches, including knowledge
representation, inductive (logic) programming, knowledge bases,
inference, and deductive engines, (symbolic) reasoning and expert
systems;

(c) Statistical approaches, Bayesian estimation, search and
optimization methods.

By using a list of techniques to define AI, the EU risks capturing too little, 
by not considering future AI methods, and too much, by including AI 
methods that have little to no bearing on policymakers’ concerns.  

THE OPPORTUNITY COST 
The AI Act regulates “high-risk” uses of AI and identifies eight “high-risk” 
categories for which AI systems must undergo conformity assessments, 
and fulfill transparency requirements and post-market monitoring 
obligations. Compliance will be expensive: Conformity assessments alone 
may cost up to €400,000 and will ultimately be borne by consumers and 
EU businesses competing in global markets.9  

The Commission admits that it does not know how many applications fall 
into the “high risk” category. Its impact report estimates up to 15 percent 
of all AI applications but the study supporting this estimate concedes that 
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“the actual proportion is unknown and will depend on the definition of high-
risk AI systems.”10  

The AI Act will price AI systems out of the EU’s market and hamper the 
arrival of others. Consider in table 1 the following “high risk” use cases that 
already improve—or promise to improve—the lives of Europeans. 

Table 1: Existing and potential “high risk” AI use cases 

High-Risk Category 
(Annex III) Existing Use Cases Potential Use Cases 

“Biometric 
identification and 
categorisation of 
natural persons” 

Age estimation 
technology verifies 
customers’ ages in retail, 
and the ages of social 
media users11 

Gaze detection to 
ascertain levels of 
alertness in a driver12 

“Management and 
operation of critical 
infrastructure” 

Cities use AI to manage 
traffic dynamically, set 
speed limits, and adjust 
pricing on highways13 

Autonomous robot fleet 
that can fulfill inspection 
and maintenance of 
water, gas, and 
electricity facilities, 
reducing costs and 
improving safety14 

“Education and 
vocational training” 

Education providers 
(e.g., Pearson) use AI to 
co-grade essays; 
Massive Open Online 
Courses (e.g., Khan 
Academy, Coursera) use 
AI in education and 
adaptive learning tools15 

Virtual reality in 
classrooms to examine 
ancient artifacts, 
communicate with 
historical figures, and 
explore ancient 
cultures16 

“Employment, 
workers 
management and 
access to self-
employment” 

Recruiters use AI to 
screen high volumes of 
CVs; gig platforms use AI 
to find and allocate work 
for freelancers17 

AI-powered virtual 
recruitment platforms 
and job fairs can 
facilitate hiring, 
onboarding, and 
training18 

“Access to and 
enjoyment of 
essential private 
services and public 
services and 
benefits” 

Public services use AI to 
improve delivery and 
accessibility through web 
portals, digital 
applications, and robots, 
and by optimizing 
internal workflows to 
guide case workers19 

An emergency first 
response system that 
utilizes advanced speech 
recognition20 
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High-Risk Category 
(Annex III) Existing Use Cases Potential Use Cases 

“Law enforcement” Enforcement authorities 
use AI to tackle fraud 
and sex offenders and 
prevent terrorist 
attacks21 

Deep learning-enabled 
computer vision to 
automate monitoring 
and analysis22 

“Migration, asylum 
and border control 
management” 

Over 1 billion e-
passports rely on AI to 
significantly improve the 
efficiency of border 
controls23 

An airport security 
“smart tunnel” that 
checks people while they 
walk through it24 

“Administration of 
justice and 
democratic 
processes” 

Lawyers use AI to 
automate data 
extraction and topic 
modeling25  

Deep learning can 
support judges and 
accelerate case 
resolutions26 

 

Critics of AI often overlook how the technology has quietly but dramatically 
improved many aspects of consumers’ lives—for example, protecting them 
from fraud, filtering harmful content online, providing routing services 
anywhere and with any means, translating the world’s languages, securing 
payments with facial recognition, tracking health data and well-being, 
diagnosing illnesses and diseases, improving customer service, optimizing 
deliveries, recommending new music, and improving voice and video calls.  

Many new use cases may never arrive if the AI Act passes as proposed 
because innovators will face burdensome requirements. As the EU 
experiences its so-called “Digital Decade,” its unicorns and most promising 
AI start-ups are already turning elsewhere.27 The EU may further deter 
investment and hibernate its AI ecosystem for a long AI winter. To avoid 
this fate, the EU should revisit its definition of AI to be as technology-
neutral as possible. 

A TECHNOLOGY-NEUTRAL APPROACH TO REGULATING AI  
AI will drive significant growth in the digital economy over the next decade, 
and the EU is in danger of being left behind.28 The AI Act, introduced in 
reaction to fears about an out-of-control technology’s potential impact on 
society, threatens to deter research and investment. Rather than succumb 
to the latest technology panic, the EU should take a technology-neutral 
approach when regulating AI, to create a level playing field between 
processes that use AI and those that do not. Doing so should not be 
controversial: In its proposal, the Commission explains that the definition of 
AI “aims to be as technology-neutral and future-proof as possible.”29 But, 
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as drafted, it threatens the most rudimentary notion of technology 
neutrality.  

Technology-neutral regulations avoid unfairly favoring one technology over 
another, especially when there is no relevant difference between them. The 
European Commission’s directive on regulating digital technologies defines 
“technology neutrality” as regulation that “neither imposes nor 
discriminates in favor of the use of a particular type of technology” but 
notes that technology neutrality “does not preclude the taking of 
proportionate steps to promote certain specific services where this is 
justified, for example, digital television as a means for increasing spectrum 
efficiency.”30  

The problem with technology-specific regulations is they can soon become 
obsolete, by failing to anticipate future innovations and requiring a 
perpetual amendment to stay relevant. For example, policymakers trying to 
regulate transistors or integrated circuits in the 1960s could never have 
imagined how these technologies would give rise to personal computers, 
mobile devices, and the Internet. Technology-specific regulations often 
hold back the adoption of superior technology. 

Some people will always misuse new tools. But instead of unduly restricting 
the latest technology and thus holding back both positive and negative 
uses, policymakers should focus on holding those who misuse it properly 
accountable for their actions.31  

The legislative conversation has narrowed the Act’s scope, but not well 
enough. Policymakers should amend the AI Act to be as technology-neutral 
as possible. In this case, it should only apply to uninterpretable ML, since 
these only systems introduce novel risks and thus can justify a technology-
specific approach.  

To see why, the next section of this report evaluates the set of AI 
technologies in the scope of the AI Act—statistical, search, and optimization 
methods; AI; ML; and uninterpretable ML. 

Statistical, Search, and Optimization Methods 
For thousands of years, humans relied on the abacus for calculation. 
Mechanical calculators arrived in the 17th century (and were met with a 
familiar moral panic [see box 1]) and then were replaced by digital 
calculators in the second half of the 20th century. Calculators have since 
revolutionized mathematics, physics, chemistry, engineering, and 
astronomy. But imagine if governments had created a law limiting its use in 
“high-risk” cases, including construction and accounting. Such prohibitions 
would have undercut its development and use. 
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Box 1: Calculator panic 
Richard Thornton, editor of the Primitive Expounder, a 19th Century 
American journal, railed against mechanical calculators with uncanny 
prophesy: 

“[S]uch machines, by which the scholar may, by turning a crank, grind 
out the solution of a problem without the fatigue of mental application, 
would by its introduction into schools, do incalculable injury. But who 
knows that such machines when brought to greater perfection, may 
not think of a plan to remedy all their own defects and then grind out 
ideas beyond the ken of mortal mind!”32 

And yet, compared with the lowly abacus, the calculator has introduced the 
capacity for great harm. It has substantially exacerbated errors and helped 
financial criminals, money launderers, and predatory lenders on a scale 
and speed otherwise impossible. Consider the criticism of a Dutch fraud 
risk scoring tool (fraudescorekaart).33 It crudely assigns people as most 
likely to have committed fraud if they are, for instance, single, in a low-
paying job, or poorly educated, or live in a less-favored neighborhood. The 
tool is not a complicated AI system, but rather a simple spreadsheet—a big 
calculator. After producing controversial outcomes, several municipalities 
decided to stop using the system.34 

Nevertheless, it would have been a mistake to regulate calculators—and so 
it would be to include statistical methods in the AI Act. The decision to use 
the fraudescorekaart tool was a policy decision. Humans controlled all the 
inputs (employment, living situation, family, age, education, fraud history, 
etc.) and the weightings (some of which are entirely subjective rather than 
based on statistical substantiation) that together assigned fraud risks.35 
The correct response is to penalize those who curated and decided to use 
the technology, not to regulate Excel spreadsheets.  

Unfortunately, this was not the Commission’s approach. Fearing the 
potential for fraudescorekaart-esque scandals, the initial draft of the AI Act 
included in its scope the use of a lot of basic software (e.g., Annex III 
captures, basic linear regression models, and statistical programs used in 
spreadsheets) across all eight so-called “high-risk” sectors. Yet, this type of 
basic software does not impose novel risks, so creating unique rules for it 
violates the basic tenets of technology neutrality. 

Artificial Intelligence 
Some people think of advanced robots and self-driving cars when they hear 
the term “AI,” but the term itself simply refers to computer systems that 
can simulate human-like actions, such as reasoning, perceiving, and 
acting. Therefore, many AI systems are quite basic.  
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Consider the Australian Robodebt case, wherein the Australian government 
deployed an AI system to automate its debt-recovery process.36 Robodebt 
searched for discrepancies, decided whether former or current welfare 
recipients owed debt, and proceeded to hand out notices. The system sent 
out 700,000 debt notices, 470,000 of which turned out to be invalid.37 
This debacle had devastating consequences for both those who incorrectly 
received notices and the government, which continues to compensate for 
those errors. 

When AI is involved in decision-making, it is easy to blame poor outcomes 
on the machine. And AI tools can misfire badly. Indeed, the Australian 
government’s use of AI enabled the speed and scale of this disaster. But 
Robodebt was not an advanced self-learning or unpredictable AI system. 
Instead, the system connected simple algorithms, many of which were 
already long in use, with a decision-making algorithm to deduce 
overpayments using income data.38 Staff were able to talk people through 
the system’s process and even enter recipients’ data on their behalf during 
a phone call.39 Policymakers chose to deploy the system and had complete 
control and oversight of it but failed to supervise or vet the quality of its 
decisions.  

The disaster is not of AI’s making, but, according to Australia’s Federal 
Court Justice Bernard Murphy, “a massive failure of public 
administration.”40 In addition to poor delivery and a negligent appeals 
process, the system was unlawful because it failed several legal principles, 
including “innocent until proven guilty.”41 It also used a debt-averaging 
method the government in Australia has since outlawed.42 This case does 
not provide evidence that AI systems should be penalized; rather, it proves 
the importance of public sector accountability and traceability in 
government processes. The focus on AI is a dangerous distraction from the 
systemic problems in public policy and decision-making.43 

The AI Act, as drafted, penalizes the use of AI in several applications that 
have substantially improved the lives of citizens: AI traffic systems that 
have made roads safer and saved police officers from tedious work; 
intelligent heating systems that reduce both costs for consumers and the 
burning of fossil fuels; and emergency response triage systems whose 
improved response times have helped save lives. All these systems are 
within the scope of “high risk” and are subject to immense compliance 
costs and transparency and monitoring requirements. 

Many AI systems will fall under the approaches listed in Annex I (b): “Logic- 
and knowledge-based approaches, including knowledge representation, 
inductive (logic) programming, knowledge bases, inference and deductive 
engines, (symbolic) reasoning and expert systems.”44 These systems 
should not be in the scope of the final text because they do not pose truly 
novel risks. Scapegoating the use of these systems merely hampers 
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innovation while overlooking the risky behavior and decision-making of 
humans. 

Machine Learning 
When criticizing the use of AI, legislators are often—even unknowingly—
referring to ML systems. Novel concerns over transparency, autonomy, and 
responsibility are only prescient with ML. Recent proposals indicate that 
the EU is narrowing the scope to ML.45 This is a move in the right direction, 
but policymakers should not stop there.  

ML systems improve through observing data, building a model based on 
the data, and using the model as a hypothesis about the world and as a 
program to solve problems. In the 2000s, breakthroughs in ML marked the 
end of the second AI winter.46 ML is now the current state of the art and 
drives most of the visible advances in AI.47 

The introduction of learning systems has brought with it new challenges. 
Learning systems can misfire by reproducing, revealing, and exacerbating 
existing human biases when used for recruitment, translation, image 
recognition, policing and law enforcement, and facial recognition.48 
Systems can also misfire in unpredictable ways unrelated to training sets. 
For instance, algorithms pushing ads for STEM (science, technical, 
engineering, and math) jobs target fewer women because the system 
learned that young women are more expensive to reach.49 Nefarious actors 
can also manipulate chatbots to spread disinformation or return 
misogynistic or racist remarks.50 

Criticisms of these systems often discount that human processes are also 
prone—even more, and irremediably so—to discrimination, as well as to 
irrational decision-making and cognitive biases.51 The study of avoiding 
and debiasing AI systems is growing and may be a more promising 
prospect than that for humans.52 Research shows that developers can 
reduce bias in ML systems by simply leaving humans out of the loop.53 

One of the most important challenges for the EU’s economy is the 
transition to a green economy and fighting climate change. ML systems 
can help in a myriad of ways, from smart grids and sustainable agriculture 
to disaster management and extreme-weather prediction.54 Many of these 
systems will fall under “high risk,” as they relate to the AI Act Annex III’s 
“Management and operation of critical infrastructure” and so firms looking 
to set up or innovate in the EU will face costly conformity assessments, 
transparency requirements, and burdensome monitoring obligations. For 
certain climate innovators, this will be prohibitively expensive; others will 
prefer to launch their products in AI-friendly jurisdictions such as the United 
States and the United Kingdom.  
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Penalizing the learning component would unfairly hold ML to a much higher 
standard than human processes and undermine the essential element of 
this “AI spring.”  

Uninterpretable ML 
Due to their complexity, certain ML models (e.g., random forests and 
neural nets) create parameters unknown to their designer. These models 
are uninterpretable because the designer cannot decipher the output from 
the inputs. 

Since the 2010s, many of the breakthroughs in AI, including drug 
discovery, image and voice recognition, game playing, generative art, and 
self-driving cars, have come from deep learning (DL) systems based on 
neural nets. While developers can use tools to improve these systems’ 
explainability (i.e., how well the developer can communicate the system’s 
behavior and output in a way that is understandable to the user), these 
methods are uninterpretable because the developer does not know how 
the system’s features and their weights determine the system’s output.55 

The current draft of the AI Act outlaws DL techniques in “high risk” use 
cases, together with other uninterpretable systems (e.g., random forests). 
Article 13 requires of AI systems that “their operation is sufficiently 
transparent to enable users to interpret the system’s output.”56 This 
requirement is impossible for uninterpretable systems.  

Modern robotics, for instance, promises to replace human labor in 
mundane, dangerous, and deadly tasks, many of which fall under “critical 
infrastructure” in the “high risk” category. However, because these 
systems rely on uninterpretable ML, regulators will outlaw such systems 
from operating in the very sector in which their application is most 
promising. 

The EU should not ban uninterpretable ML systems, but rather remove the 
interpretability requirement from the AI Act, as the latest Council text 
does.57 Parliament should follow suit to avoid needlessly punishing the 
most effective systems.  

Since it is only uninterpretable ML systems—not the more general 
categories of software, AI, or ML—that pose novel challenges for regulators, 
policymakers should reduce the scope of the AI Act to include only 
uninterpretable ML. 

CONCLUSION 
Some technologies are easy to regulate because they are easily defined, 
have limited uses, or present extraordinary risks, such as requiring aircraft 
to meet certain aviation safety standards or prohibiting asbestos because 
of unacceptable health risks. Yet, other technologies, including AI, have 
many uses and risks depending on context.  
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Consider knives. Surgeons use knives to operate on patients, chefs to 
prepare food, and artists to carve crafts. Knives can also be weapons. 
Whether knives increase risk, and whether they are desirable, depends on 
the use case. In some cases (e.g., publicly carrying specific types of 
blades), the use of a knife is illegal. However, attempts to list every knife 
that should be subject to regulation are ineffective, as new versions will 
keep escaping that definition. Likewise, AI is not easily defined and does 
not pose a single risk or have a single use case. There is no one kind of AI 
and, it is a technology that can both alleviate and exacerbate risks.  

The AI Act should define AI in a way that only captures the genuine, novel 
risks of the tool and doesn’t penalize its use per se.  

New Definition 
Policymakers should remove Annex I, and the following definition should 
replace that in Article 3:  

“Artificial intelligence system” (AI system) means a system that, based 
on parameters unknown to the provider or user, infers how to achieve 
a given set of objectives using machine learning and produces system-
generated outputs such as content (generative AI systems), 
predictions, recommendations, and decisions, influencing the real or 
virtual environments with which it interacts. 

This definition removes from scope AI systems that are no longer 
considered AI, and those in Annex I b and c; places the responsibility back 
on human operators for systems whose inputs are determined wholly by 
humans; and regulates only ML that poses truly novel concerns: 
uninterpretable ML. As mentioned, transparency requirements in Article 13 
should be adjusted to ensure the AI Act does not outlaw these systems in 
“high risk” use cases. 

Remaining Questions  
There are two ways the scope of the AI Act threatens the EU’s innovation 
ecosystem. The first and most important is the definition of “AI.” The 
second is the definition of “high risk.” The Commission created without 
explanation (spare a hint in Article 7 on how it would add to the list) eight 
“high risk” categories for which heavy burdens would apply. By burdening 
each category equally, the Act fails to recognize important differences both 
between these categories and within them. For instance, AI used to 
maintain utilities (“Management and operation of critical infrastructure”) is 
treated the same as AI used to evaluate a person’s access to public 
services (“Access to and enjoyment of essential private services and public 
services and benefits”), despite these categories’ different risk profiles. 
Similarly, within the law enforcement category, AI used to detect deep 
fakes is treated as equally risky as AI used to assess the length of criminal 
sentences. This is not a risk-based approach.  
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The best solution to address these nuances would be implementing or 
updating sectoral regulations. For instance, policymakers ought to bolster 
antidiscrimination legislation if outcomes are discriminatory. The priority 
should be the public sector, where a lack of accountability and liability has 
led to some of the most pernicious cases of AI misuse, and where misuse 
inflicts additional (democratic) harm.  

Poor legislation is not better than no legislation. If the EU cannot fix the AI 
Act’s scope problem, it should revisit the legislation entirely. Failing to do 
so would invite a period of grave AI deterrence in Europe.  
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