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Abstract

This article examines the Al system definition under Article 3(1) of the European Union Artificial Intelligence Act
(AI Act) and the interpretive challenges arising from its practical application. It develops the Navigating the AI
System Definition under the AI Act (NAIS) Framework, which operationalizes the seven constituents of the Al
system definition to support legal and technical assessment of whether a system falls within the scope of the AI
Act. The framework is applied to SPIDeRR, a logistic regression system developed to estimate the probability of
rheumatic diseases. The analysis shows that several constituents have limited discriminatory capacity, while
the assessment of autonomy and inference remains decisive despite the lack of clear qualification criteria. It
also highlights the absence of guidance on the cumulative interpretation of the seven constituents. The NAIS
Framework provides a structured and transparent approach to support case-by-case assessments by policymakers,
regulators, researchers, developers, providers, and deployers.
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1. Introduction

In August 2024, the European Union (EU) Artificial Intelligence Act (Al Act) entered into force. The Al
Act constitutes the first comprehensive horizontal regulation specifically addressing artificial intelligence
(AI) in the Union. The Regulation aims both to stimulate the development and uptake of Al within
the EU internal market, and to promote human-centric and trustworthy Al (Recital 1 and Article 1(1),
AT Act). According to the High-Level Expert Group on Artificial Intelligence (Al HLEG), trustworthy
Al should be lawful, ethical, and robust [1]. In this context, lawfulness requires compliance with the
applicable legal framework, including the AT Act.

The AI Act is mainly structured as a product safety regulation, focusing on risks associated with
Al systems placed on the market, put into service, and used in the Union (Article 1(2)(a), Al Act).
The Regulation was considered necessary to address risks specific to Al systems that were not fully
addressed under existing EU legal frameworks [2], including the General Product Safety Regulation
(GPSR) and sector-specific legislation such as the Medical Device Regulation (MDR). Since the Al system
definition determines the applicability of the Al Act,' determining whether a model or a product fulfills
that definition is key.

TRUST-AI: The Second European Workshop on Trustworthy AL Organized as part of the International Joint Conference on Artificial
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This article focuses on the interpretation and application of the Al system definition contained in
Article 3(1). This is a field in rapid development, currently with only a few theoretical reports published,
some of them not peer reviewed [2, 3]. This article illustrates the challenges of applying that definition
in practice, going beyond purely theoretical or conceptual analyzes. To this end, this article employs a
legal methodology. The seven constituents of the definition established by the European Commission
(2025) are analyzed and operationalized into the NAIS Framework. The framework is then applied to
a real use case, the SPIDeRR system, which implements a logistic regression model [4, 5]. Although
logistic regression models are often considered machine learning techniques [6, 7], some authors argue
that they are not “advanced” machine learning or Al techniques [8], and their qualification as Al systems
in the context of the AI Act has been challenged by different interest groups [9, 10]. Systems based on
logistic regressions are, therefore, interesting for assessing the applicability of the Al system definition
of the AI Act because of their borderline characteristics.

This article is structured as follows. First, the SPIDeRR model is presented, highlighting the relevant
technical characteristics of the system. Second, the Al system definition contained in Article 3(1) of the
EU AI Act is examined using the seven constituents proposed by the European Commission [11]. Third,
the constituents are translated into analytical questions to form the Navigating the Al System Definition
under the AT Act (NAIS) Framework. Fourth, the NAIS Framework is applied to the SPIDeRR system in
order to assess the fulfillment of each constituent. Fifth, the constituents are discussed individually and
collectively, highlighting how interpretive challenges affect the assessment of whether a system falls
within the Al system definition and, consequently, the applicability of the AI Act. Finally, the main
conclusions are presented.

2. The use case: SPIDeRR, a prediction system based on logistic
regression

The SPIDeRR system implements a symptom-based logistic regression prediction model, developed to
estimate the probability of predefined outcomes, namely the confirmation or de novo diagnosis of a set of
rheumatic diseases in individuals with musculoskeletal complaints [12, 4, 5]. The model was trained on
data obtained through an online questionnaire that collects self-reported symptoms, basic demographic
data, and previous diagnoses. The variables included in the model were selected by the researchers,
based on clinical relevance, which can be described as acquisition of human-encoded knowledge [13].
The resulting outputs can be presented as probabilistic risk estimates and risk categories, which may
support healthcare-related decision-making. The system has not been deployed yet.

During development, the model analyzed the training data to estimate the coefficients for each
predictor through parameter optimization. These coefficients reflect the strength and direction of the
statistical association between each predictor and the outcome (confirmation or de novo diagnosis). For
example, symptoms such as joint pain, morning stiffness, or fatigue were assigned coefficients reflecting
the strength and direction of their statistical association with the outcomes. Once training is completed,
the deployed model remains fixed with respect to its predictor variables, coefficients, and computational
structure. During deployment, the system will not learn from new data; for example, it will not derive
new coefficients, or modify existing coeflicients based on user interactions. Instead, it will execute a
predefined mathematical function in which the variables entered by the user will be combined with
previously estimated coefficients to calculate a probabilistic output.

Logistic regression is a statistical modeling technique commonly used in biostatistics, epidemiology,
and medical applications [4, 6]. Unlike complex machine learning models, the deployed logistic regres-
sion model is inherently transparent and interpretable. The predictor variables, estimated coefficients,
and computational structure are explicit and can be inspected, allowing the contribution of each variable
to the final probability estimate to be understood.

The SPIDeRR system will be deployed under direct human initiation and control. A patient or
physician may choose to complete the questionnaire and request a symptom summary or a probabilistic
disease estimate. Only after such explicit user action (which can be interpreted as providing consent



for processing the data and receiving the output) does the system process the data entered by the user,
and generate an output. The only data source are the answers to the online questionnaire. The system
does not autonomously collect data from additional sources, initiate independent processing, monitor
users, interact autonomously with other systems, or execute actions based on its outputs. In the current
foreseeable deployment scenario, physicians using the system will act within an existing doctor-patient
relationship, which is governed by national healthcare legislation (e.g., the WGBO in the Netherlands).
Patients will be responsible for deciding whether to use the tool and whether to seek medical care if
necessary, based on the generated outputs.

3. The Al system definition of the Al Act

“The notion of ‘Al system’ in this Regulation should be clearly defined and should be
closely aligned with the work of international organisations working on Al to ensure legal
certainty, facilitate international convergence and wide acceptance, while providing the
flexibility to accommodate the rapid technological developments in this field. Moreover,
the definition should be based on key characteristics of Al systems that distinguish it from
simpler traditional software systems or programming approaches and should not cover
systems that are based on the rules defined solely by natural persons to automatically
execute operations.” (Recital 12, Al Act)

The AI Act defines “Al system” in Article 3(1) as follows: “a machine-based system that is designed
to operate with varying levels of autonomy and that may exhibit adaptiveness after deployment, and
that, for explicit or implicit objectives, infers, from the input it receives, how to generate outputs
such as predictions, content, recommendations, or decisions that can influence physical or virtual
environments”.

In Article 96(1)(f), the Al Act requires the Commission to develop guidelines on the practical im-
plementation of, inter alia, the Al system definition (see also Recital 12, AI Act). The Commission
released the Guidelines addressing the Al system definition, hereinafter referred to as the Guidelines,
or Guidelines of the European Commission (GEC), in February 2025 [11]. Additionally, some Member
States have published national guidelines, including the Netherlands [14]. It is relevant to clarify that
guidelines, including the GEC, are not legally binding.

In the Guidelines, the Commission identifies seven main elements of the definition: “(1) a machine-
based system; (2) that is designed to operate with varying levels of autonomy; (3) that may exhibit
adaptiveness after deployment; (4) and that, for explicit or implicit objectives; (5) infers, from
the input it receives, how to generate outputs (6) such as predictions, content, recommendations,
or decisions (7) that can influence physical or virtual environments.” Throughout this article, the
seven elements identified by the Commission are referred to as the definition’s “constituents”. This
terminology is adopted solely for ease of reference. The constituents differ in their capacity to delimit
the scope of the Regulation, as will be discussed in detail in this section.

3.1. Constituents with limited exclusionary effect

The following constituents have limited value in delimiting the applicability of the definition because
they are formulated as a basic characteristic of computational systems (constituent 1), without specifying
applicable thresholds (constituent 2), in optional terms (constituent 3), in disjunctive terms such that
either of two mutually exclusive categories satisfies the condition (constituent 4), through a non-
exhaustive list of examples (constituent 6), or in terms of potential rather than actual effects (constituent
7).

Constituent (1) requires a “machine-based system”, which refers to Al systems being developed
and run on machines (Recital 12, Al Act; paragraph 11, GEC). In other words, Al systems must operate
on a machine and be computationally driven (paragraph 11, GEC). Although this constituent establishes
a necessary condition, it reflects a basic and general characteristic of software systems, and provides



little basis for distinguishing Al systems from other computational systems. The Commission interprets
the notion of “machine-based system” broadly, extending it beyond conventional hardware and software
to include quantum computing, biological or organic systems with computational capacity (paragraph
13, GEC).

Constituent (2) refers to systems designed to operate with “varying levels of autonomy”. Autonomy
is understood in the AI Act as having “some degree of independence of actions from human involvement
and of capabilities to operate without human intervention” (Recital 12, Al Act). However, the Al Act
does not clarify what degree of autonomy is required to qualify as an Al system. If a meaningful level
of autonomy is relevant for establishing the scope of the Al system definition, that remains notoriously
unclear. Additionally, it remains unclear whether autonomy should be assessed with respect to the
system as a whole or to the individual operations it performs. Systems perform different operations
throughout their lifecycle, such as data acquisition, parameter estimation, optimization, inference,
and output generation, and the degree of human involvement may differ across these operations
(Appendix A). Recital 12 attempts to exclude “simpler traditional software systems or programming
approaches”, such as those systems “designed to operate solely with full manual human involvement
and intervention”. Does this mean that any degree of automatic processing is sufficient to satisfy the
autonomy requirement? If so, do computational systems not, by their nature, perform at least some
operations automatically? It becomes then difficult to identify which software systems would fail to
satisfy this constituent.

The degree of autonomy cannot be determined solely by examining the technical characteristics of a
system. Rather, it also depends on how tasks, control, and decision-making are allocated between the
system and the humans interacting with it. After all, the autonomy of an Al system is not an intrinsic
property of the technology itself, but the result of design choices through which humans delegate
specific tasks and decision-making functions to the system. The Commission recognizes that autonomy
is intrinsically linked to human involvement, human intervention, and human-machine interaction
(paragraph 16, GEC). However, it remains unclear how this relational understanding of autonomy
should be incorporated into the interpretation of Article 3(1), or how it should be operationalized when
assessing whether a system is designed to operate with varying levels of autonomy.

Constituent (3) states that an Al system “may exhibit adaptiveness after deployment”, indicating
that adaptiveness may, but need not, be present after deployment. Adaptiveness can be understood
as “self-learning capabilities, allowing the system to change while in use” (Recital 12, AI Act). It is
important because adaptiveness can change how the system works and/or the results and outputs
it produces. Because of the way the constituent was constructed, it is a non-decisive condition for
determining whether a system qualifies as an Al system, as highlighted by the Commission (paragraph
23, GEC).

Constituent (4) refers to Al systems having “explicit or implicit objectives”, offering a limited
exclusionary effect. According to the Commission, Al system objectives are the internal goals of the
tasks performed by the Al system (paragraph 25, GEC). Explicit objectives are those expressly coded or
formally predefined. Implicit objectives arise instead from the process of training or from interacting
with the environment (paragraph 24, GEC). Because the constituent is formulated in disjunctive terms,
the existence of either category is sufficient to satisfy it.

It is relevant to make explicit that the AI Act differentiates between the Al system objectives and
the intended purpose (Recital 12, Al Act). The intended purpose takes into account the context and
conditions of use, in other words, it is externally oriented (Article 3(12), Al Act).

Constituent (6) intends to provide information about the type of outputs that Al systems can
generate. It is framed as a list of possible and non-exhaustive output examples, i.e., “predictions,
content, recommendations, or decisions”, thereby providing no substantial basis for delimiting the
scope of the definition.

Constituent (7) establishes that the outputs of Al systems “can influence physical or virtual
environments”. Notably, constituent (7) links influence exclusively to the outputs generated by Al
systems. While the reference to both physical and virtual environments may be helpful in ensuring
that the scope of the AI Act is not limited to systems that exert an effect on the physical world, the



interpretive difficulty lies mainly in the notions of “influence” and “can influence”. Neither the AI Act
nor the GEC establish any thresholds or criteria for determining what degree of influence by outputs
(or their use) is required for this constituent to be fulfilled. Nor does the Al Act provide any clarification
regarding the causal connection between output and its influence on a physical or virtual environment.
Finally, the provision appears to require merely the potential or capability to influence an environment,
rather than actual or realized influence. As a result, this constituent has a very limited delimiting value.

3.2. Inference

This leaves one remaining constituent. Constituent (5) states that an Al system “infers, from the input
it receives”. Among the constituents, the inference requirement appears to perform one of the strongest
delimiting functions within the definition, particularly because Recital 12 distinguishes inferential
capability from “basic data processing”™: “A key characteristic of Al systems is their capability to infer.
This capability to infer refers to the process of obtaining the outputs... and to a capability of Al systems
to derive models or algorithms, or both, from inputs or data” Inference then may take place during the
development of the Al system (when models or algorithms are derived), or when the system is used
(when outputs are obtained).

Recital 12 of the AI Act continues by providing some examples: “The techniques that enable inference
while building an Al system include machine learning approaches that learn from data how to achieve
certain objectives, and logic- and knowledge-based approaches that infer from encoded knowledge or
symbolic representation of the task to be solved. The capacity of an Al system to infer transcends basic
data processing by enabling learning, reasoning or modelling”

Complementarily, the Guidelines attempt to differentiate systems that have narrow inference capabili-
ties, explaining that these systems have a “limited capacity to analyse patterns and adjust autonomously
their output” (paragraph 41, GEC). Examples provided by the Commission include (paragraphs 42-51,
GEQ):

(i) Systems that improve mathematical optimization, or accelerate and approximate traditional opti-
mization methods.

(if) Systems that only exhibit basic data processing capabilities, which are: systems that follow
predefined, and explicit instructions or operations, and which do not learn, reason or model
at any stage of the system lifecycle; or systems for descriptive analysis, hypothesis testing and
visualization.”

(iii) Systems based on classical heuristics, which are problem-solving techniques relying on experience-
based methods to find approximate (not exact) solutions efficiently. Classical heuristics are not
considered data-driven approaches and include rule-based approaches, pattern recognition, and
trial-and-error strategies.

(iv) Systems that perform simple predictions, understood as systems whose performance can be
achieved via a basic statistical learning rule. This includes, according to the Commission, systems
that may be classified as relying on machine learning techniques.’

*This makes reference to paragraph 42, GEC, whose interpretation is not straightforward: “Systems used to improve mathe-
matical optimisation or to accelerate and approximate traditional, well established optimisation methods, such as linear or
logistic regression methods, fall outside the scope of the Al system definition.” The Commission is likely not referring to
linear and logistic regression as optimization methods, but rather to systems used to optimize or accelerate the computation
of linear and logistic regression models. Therefore, it is likely not directly trying to exclude linear and logistic regression
methods, but the methods used for optimization.

*This makes reference to paragraph 49, GEC, whose interpretation is not straightforward: “All machine-based systems whose
performance can be achieved via a basic statistical learning rule, while technically may be classified as relying on machine
learning approaches fall outside the scope of the Al system definition, due to its performance” Although the AT Act explicitly
recognizes machine learning approaches within its scope (recital 12), the Guidance appears to introduce the possibility that
some machine learning techniques may fall outside the scope of the Al Act. The Commission appears to base the exclusion
of these systems on their performance. However, the performance criteria or threshold by which such systems would be
excluded remains undefined.



3.3. Interaction and cumulative interpretation of constituents

Article 3(1) structures the constituents cumulatively (‘Al system’ means a machine-based system that

. and ... and ... and). However, as discussed above, several constituents are not decisive and have
a limited exclusionary effect. The Commission clarifies that the seven constituents are not required
to be continuously present throughout the Al system lifecycle (paragraph 10, GEC). The Commission
acknowledges relationships between individual constituents, such as between autonomy and inference
(paragraph 15, GEC), autonomy and adaptiveness (paragraph 22, GEC), inference and output generation
(paragraph 26, GEC), and outputs and influence on the environment (paragraph 60, GEC). These
relationships reflect the definition established in Article 3(1) of the Al Act. However, neither the AI Act
nor the Commission, explains how these relationships, or the seven constituents collectively, should be
interpreted when assessing the applicability of Article 3(1) of the AI Act.

4. Navigating the Al System Definition under the Al Act (NAIS)
Framework, a framework for operationalizing the constituents of
the Al system definition

In this section, the seven constituents of the Al system definition (European Commission 2025) were
operationalized into a set of analytical questions intended to guide the assessment of the applicability
of Article 3(1) of the AI Act (table 1, Appendix B). These questions constitute the “Navigating the Al
System Definition under the AI Act” (NAIS) Framework. Each was formulated as a yes/no question
followed by open questions that clarify the answer, this supports structured legal analysis rather than
facilitating the deterministic classification of a system.

The formulation of the questions was primarily guided by the wording of the AI Act and, where
necessary, further informed by the GEC. For constituents (2) autonomy and (5) inference, operational-
ization distinguishes between the development and deployment phases of the system lifecycle, in line
with the Commission (paragraph 10, GEC). This distinction was introduced because autonomy and
inference capabilities may change throughout the Al system lifecycle (paragraph 10, GEC). It was
considered that constituent (4) exhibits objectives, may also change depending on the lifecycle stage.
Because of their nature, constituents (1) machine-based, (3) adaptiveness, (6) outputs, and (7) influence,
were considered only after deployment. Each operationalized constituent was subsequently applied
to the SPIDeRR model, a logistic regression-based prediction system (table 1). The formulation of the
questions was iterative and required consideration of the technical characteristics relevant to logistic
regression systems in light of the Al system definition. Each question intends to elicit a yes/no answer,
followed by a justification.

In summary (see table 1 for more details), the SPIDeRR logistic regression model constitutes a
machine-based system (software only), with the explicit, human-predefined objective of estimating the
presence or de novo diagnosis of a set of rheumatic diseases. For training, the variables and data were
predefined by humans. During development, training was initiated by humans, during which the system
exhibited a degree of operational autonomy characteristic of logistic regression training processes,
and exhibited inference capabilities, generating the SPIDeRR model. During deployment, the system’s
autonomy and inference capabilities may be considered very limited or absent, since the deployed
model operates through a fixed mathematical structure (the model) applied to a small set of data entered
manually by the user to generate the user predictions, without exhibiting adaptiveness. The underlying
mathematical calculation is simple enough that in principle it could be performed manually by a human.
For these reasons, it is possible to consider the system as having narrow inference capabilities, but it
does not seem to match any of the examples provided by the Commission (paragraphs 42-51, GEC). The
generated outputs may influence digital systems (such as healthcare software systems, e.g., electronic
health records, if integrated into healthcare) and physical environments (such as human users, both
patients and physicians, and healthcare pathways).



Table 1. NAIS Framework. Constituents, operational questions, and the SPIDeRR system as a use case.

Operational question(s) ‘ Response [Y/N and explanation]

(1) The system is machine-based

Was the system developed on machines* Yes. It has only software components running on machines.
(hardware or software components), and does it
run on machines?

If yes, briefly describe the computational The system is software only, implementing a logistic regression model.
approach (e.g., mathematical model, or
technique).

If not, please explain. Does it exhibit
computational capacities but is it implemented in
another substrate?

*In this context, “machines” refer to computational systems including quantum computing.

(2) The system is designed to operate with varying levels of autonomy
Two phases are distinguished, development and deployment, because the level of autonomy of a system may differ across
the system’s lifecycle.

Once deployed, does the system initiate or No.
execute any operational processes* without
human intervention?

Please describe the processes carried out by the |The system carries out the following processes/functions during

system once deployed and describe whether deployment:
these processes are executed with or without - Data acquisition: input data are manually entered by the user and are
human intervention. not autonomously acquired by the system.

- Data processing, inferential processing, and output generation: user’s
data processing is initiated by the user, subsequently executed by the
system using a previously trained and fixed logistic regression model.
The system automatically generates a tailored output for the user.

Once deployed, is processing of (personal)” Yes. Data processing is carried out after data subjects provide explicit
data initiated only after an explicit action by a |consent for processing.

human user or a human operator? Please
elaborate.

If not, please describe if processing can be
initiated autonomously by the system.

During development, did the system initiate or | Yes.
execute any operational processes* without
human intervention?

Please describe the processes carried out by the |The system carried out the following processes/functions during

system during development, and describe development:
whether these processes are executed withor |- Data acquisition: input data are entered manually by users and are not
without human intervention autonomously acquired by the system. These data constituted the

training dataset.

- Data processing, inferential processing (including optimization), and
output generation: once the training procedure was initiated by
humans, the system computationally performed parameter estimation
and coefficient optimization without direct human execution of the
underlying mathematical operations. This is characteristic of a logistic
regression algorithm.

During development, is processing of Yes. Data subjects provided explicit consent to process their data for
(personal)” data initiated only after an explicit |research purposes, and training was initiated by a researcher.

action by a human user or a human operator?
Please elaborate.

If not, please describe if processing can be
initiated autonomously by the system.

*Relevant processes may include data acquisition, data processing, inferential processing, output generation, action execution,
monitoring, optimization, physical control, and interaction with users or other systems (appendix A provides examples of each
category).

"Personal data as defined in the EU General Data Protection Regulation (GDPR): any information relating to an identified or
identifiable natural person.




(3) The system may exhibit adaptiveness after deployment

Does the system modify its parameters,
inferential processes, decision rules, or outputs
after deployment based on new data or user
interactions? Please justify.

No. The logistic regression model is fixed after training.

The model applies predefined numerical values (coefficients) to variables
relevant to the prediction, such as smoking status or pain. During
deployment, the system adds together the values associated with the user’s
characteristics (e.g., if a user smokes) to generate a final probability score.

(4) The system exhibits explicit or implicit obj

ectives

Are the internal objectives (computational
objectives) and intended use of the system
explicitly specified (encoded) by developers,
operators, or users?

Specify the computational objective and the
intended use. If there are differences between
the development and deployment phases, please
elaborate.

Does the system exhibit objectives that emerge
implicitly from its design, training,
optimization, or interaction with the

Yes. The model operates according to predefined objectives established by
the developers (researchers).

Computational objective: estimate the probability of a predefined outcome,
specifically the presence or de novo diagnosis of a set of rheumatic
diseases.

Intended use: generate a probabilistic risk score and/or risk category for the
user (patient and physician).

No. All objectives are explicit.

environment? Please elaborate.

(5) The system infers

Two phases are distinguished, development and deployment, because the inferential capabilities of a system may differ

across the system’s lifecycle.

Once deployed, does the system derive outputs
(e.g., predictions, recommendations, content, or
decisions) from inputs or data through learning,
reasoning, modeling, or other inferential
processes*? Please explain.

If the answer is yes, does the system perform
inference beyond executing a previously
established and fixed computational model? Is
the computational model deterministic? Please
elaborate.

No. The inference capabilities during deployment are very limited.

During the deployment phase, the system does not optimize, derive new
models, parameters, or inferential rules from incoming data. Instead, it
executes a previously trained logistic regression model through a fixed
mathematical procedure based on the variables entered by the user. The
calculations performed by the model are such that they could be calculated
by hand by a human.

No.

During development, did the system derive
models, parameters, or algorithms from inputs
or data through learning, reasoning, modeling,
or other inferential processes?* Please describe.

Yes. During development, the system derived the model coefficients from
training data through statistical modeling and parameter optimization. The
variables were not chosen by the system, or through a data-driven process,
but were established by the researchers.

*The capacity to infer transcends basic data proc

essing by enabling learning, reasoning or modeling (Recital 12, Al Act).

Examples of systems that fall outside the scope of the Al system definition because of their limited capacity to analyze
patterns and autonomously adapt their outputs can be found in paragraphs 40-51, GEC.

(6) The system generates outputs

Does the system produce predictions,
recommendations, classifications, content,
decisions or other outputs? Please specify.

Yes. The system generates a prediction, namely the presence or de novo
diagnosis of a disease, presented as a risk category and/or score.

(7) The system influences physical or virtual e

nvironments

Can the outputs of the system influence virtual
(digital) or physical environments?* Please

specify.

Yes. The system may influence virtual environments through its integration
into healthcare software systems and may influence individuals and
healthcare pathways through the risk-related outputs it generates.

*Article 3(1) of the AI Act does not provide examples of physical or virtual environments. However, paragraph 60, GEC

refers to tangible physical objects (e.g., robotic a
software ecosystems.

rms), as well as virtual spaces such as digital spaces, data flows, and




5. Discussion

The NAIS Framework provides a systematic structure for analyzing the constituents of the Al system
definition under Article 3(1) of the AI Act. The application of the NAIS Framework to the SPIDeRR
system illustrates the interpretive difficulties associated with each constituent, some of which have been
identified in theoretical analyzes [15, 3, 16]. Beyond the individual constituents, the application of the
framework also exposes challenges in interpreting the Al system definition as a cumulative definition,
as will be discussed in this section.

The SPIDeRR system clearly fulfills constituents (1) machine-based system, (4) objectives, (6) outputs,
and (7) influence on physical or virtual environments. However, these constituents are generic and
may equally be fulfilled by simple software systems traditionally not considered Al systems (e.g., rule-
based spell checkers, tax calculation software, and appointment scheduling systems based entirely on
human-defined rules). As a result, these constituents alone appear insufficient to meaningfully delimit
the scope of Article 3(1), and therefore the applicability of the Al Act. This observation is particularly
relevant in light of Recital 12 of the AI Act, which reflects the legislative intention that the definition
distinguish Al systems from simpler traditional software systems or programming approaches. The
SPIDeRR system clearly fails to satisfy constituent (3) because it does not exhibit adaptiveness.

The key question then becomes whether the SPIDeRR system fulfills constituents (2) autonomy and
(5) inference. But it is in relation to these constituents that the greatest interpretive uncertainty emerges.

The AI Act and the GEC do not clearly specify how constituents (2) autonomy and (5) inference
are satisfied in the context of Al systems, and how to weigh the different levels of autonomy and
inference capabilities across the lifecycle. If basic inferential or autonomous processes are sufficient
for qualification under Article 3(1), the scope of the Al system definition may extend to a wide range
of simple statistical or computational systems. Again, this seems to create tension with Recital 12
of the Al Act, which aims to restrict the scope of the AI Act. Because the Al Act regulates systems
placed on the market or put into service, one could argue that greater weight should be given to the
post-deployment characteristics, rather than to characteristics that existed only during development.
However, the position of the Commission, which clarified that the seven constituents are not required
to be continuously present throughout the Al system lifecycle (paragraph 10, GEC), appears difficult to
reconcile with this interpretation.

As discussed before, the uncertainty surrounding the interpretation of constituents (2) and (5) makes
it difficult to conclusively determine whether SPIDeRR falls within the definition of an Al system
under Article 3(1) of the Al Act. However, even if it could be conclusively established whether these
constituents are fulfilled, from a regulatory perspective, it is unclear how to deal with systems that
satisfy only some, and not all, constituents. For example, would the SPIDeRR system qualify as an Al
system if it fulfills the generic constituents —(1) machine-based system, (4) objectives, (6) outputs, and
(7) influence on environments— and (5) inference, but fails to satisfy (2) autonomy and (3) adaptiveness?

More broadly, the use of the NAIS Framework to analyze the SPIDeRR system demonstrates that the
assessment of whether a system falls within the Al system definition requires a case-by-case approach,
as neither the AI Act nor the GEC establish exhaustive technical thresholds or categorical criteria for
determining whether a constituent is satisfied. This analysis demonstrates the difficulties of interpreting
a definition composed of seven constituents in the absence of clear qualification criteria for each
individual constituent and for their cumulative interpretation. Although the formulation of Article
3(1) may have been intended to provide flexibility to accommodate rapid technological developments
(Recital 12, Al Act), and to preserve technological neutrality, it came at the expense of legal certainty for
anyone seeking to determine whether a system falls within the scope of the AI Act. This uncertainty
may incentivize overly cautious interpretations of the Al system definition, as already observed in
practice by our academic research group. This perception is confirmed, for example, by a Dutch NGO
that recommended that organizations “err on the side of caution” when determining whether systems
fall within the scope of the AI Act [17].

Overly cautious compliance practices may result in disproportionate and unnecessary compliance
burdens for policymakers, regulators, manufacturers, developers, researchers, and deployers, by treating



simple statistical systems like Al systems despite the uncertainty surrounding their qualification under
Article 3(1), or simply because of defensive compliance. This reduces legal certainty regarding the
actual scope of the Regulation. It may also contribute to inconsistent interpretation and application
of the Al Act across EU Member States, which may affect the prospect of achieving a digital single
market [18]. If Member States or national competent authorities interpret the definition of an Al system
differently, deployers operating across borders may face different regulatory obligations depending on
the jurisdiction. But more fundamentally, overly cautious compliance practices may distance the Al Act,
in practice, from its objective of establishing a proportionate, risk-based regulatory framework for Al
systems that supports responsible innovation (Article 1(1), AI Act). Given this situation, there is a strong
and urgent case for developing clearer guidelines, grounded not only in theoretical interpretation, but
also in the practical application of the Al system definition.

The NAIS Framework presented here should therefore be understood as a first step toward oper-
ationalizing the Al system definition using the constituents identified by the Commission. Further
refinement and validation through the analysis of additional systems will be necessary. Future work
may also explore whether additional system characteristics, such as the level of risk posed, transparency,
and explainability, should play a role in determining which systems fall within the scope of the AI Act.
Such characteristics are currently not considered under Article 3(1), despite the AI Act’s objective of
establishing a proportionate, risk-based regulatory framework.

While this article was being drafted, the EU adopted the Omnibus VII legislative package, introducing
targeted amendments to the Al Act as part of its simplification agenda [19]. Among other changes,
the amendments introduce a mechanism to coordinate the Al Act with sector-specific legislation,
allowing AI Act requirements to be limited where equivalent Al-specific obligations exist under sectoral
legislation. Nevertheless, the question of the applicability of the definition of Al system remains relevant,
even for systems that fall under sector-specific regulation, such as the MDR. That is because some of the
obligations established in the AT Act for Al systems may be incorporated into sector-specific regulatory
frameworks.

6. Conclusion

This article analyzed the Al system definition under Article 3(1) of the AI Act, and developed the
NAIS Framework, a structured analytical framework for operationalizing the Al system definition. The
NAIS Framework makes legal reasoning explicit, potentially serving as a structured and transparent
framework for the case-by-case assessment of whether a system falls within the Al system definition.
This may be valuable to policymakers, regulators, researchers, developers, providers and deployers, and
in general, anyone in need of assessing whether a system falls within the Al system definition of the Al
Act.

Applying the NAIS Framework to the SPIDeRR system demonstrated the limited discriminatory
capacity of several constituents, highlighted important uncertainties regarding the interpretation of
autonomy and inference, and exposed the practical consequences of the absence of guidance regarding
the cumulative interpretation of the constituents. For this reason, it calls for clearer interpretative
guidance. While the NAIS Framework and the analysis presented in this article do not resolve either
the limited discriminatory capacity or the interpretive ambiguities of the Al system definition, they are
intended as an initial step toward addressing these challenges. Their purpose is to contribute to legal
scholarship by informing future authoritative interpretation and possible legislative refinement.

Future research should further refine and validate the NAIS Framework through its application
to other systems representing different computational approaches. Comparative analysis of national
guidance interpreting the Al system definition should also be undertaken to assess the consistency of
interpretation across Member States. Future research should also examine whether the current criteria
used to determine the scope of the AI Act remain appropriate, or whether additional or alternative
considerations should be incorporated.
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Appendix

A. Systems processes (with examples)

The following list is illustrative rather than exhaustive. Not all systems perform all these processes or
functions. The list provides examples of processes that systems may perform throughout their lifecycle
and is intended to support the identification of processes relevant to the assessment of a system using
the NAIS Framework.

Data acquisition: collecting sensor data, user inputs, images, text, or data from databases.

Data processing: cleaning, filtering, transformation, normalization, standardization, aggregation,
feature extraction.

Optimization: parameter estimation, loss minimization, objective function optimization. Inferential
processing: estimation, prediction, classification, ranking, or generation.

Output generation: recommendations, scores, labels, generated text, images, audio, or video.
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Action execution: automatically triggering alerts, initiating or modifying workflows, scheduling
appointments, contacting users or patients, or updating electronic health records.

Monitoring: monitoring data, system performance, or system behavior to detect conditions, changes,
or anomalies.

Physical control: controlling robots, vehicles, industrial equipment, or other physical systems.

Communication: exchanging information with users, software systems, or Al systems.

B. Navigating the Al System Definition under the Al Act (NAIS)
Framework

(1) The system is machine-based

Was the system developed on machines® (hardware or software components), and does it run on
machines? If yes, briefly describe the computational approach (e.g., mathematical model, or technique).
If not, please explain. Does it exhibit computational capacities but is it implemented in another substrate,
such as biological or organic substrates?

*In this context, "machines"” refer to computational systems including quantum computing.

(2) The system is designed to operate with varying levels of autonomy

Two phases are distinguished, development and deployment, because the level of autonomy of a system
may differ across the system’s lifecycle.

Once deployed, does the system initiate or execute any operational processes® without human
intervention? Please describe the processes carried out by the system once deployed and describe
whether these processes are executed with or without human intervention. Once deployed, is processing
of (personal)” data initiated only after an explicit action by a human user or a human operator? Please
elaborate. If not, please describe if processing can be initiated autonomously by the system.

During development, did the system initiate or execute any operational processes” without human
intervention? Please describe the processes carried out by the system during development, and describe
whether these processes are executed with or without human intervention.

During development, is processing of (personal)" data initiated only after an explicit action by a
human user or a human operator? Please elaborate. If not, please describe if processing can be initiated
autonomously by the system.

“Relevant processes may include data acquisition, data processing, inferential processing, output generation,
action execution, monitoring, optimization, physical control, and interaction with users or other systems
(appendix 1 provides examples of each category).

“Personal data as defined in the EU General Data Protection Regulation (GDPR): any information relating
to an identified or identifiable natural person.

(3) The system may exhibit adaptiveness after deployment

Does the system modify its parameters, inferential processes, decision rules, or outputs after deployment
based on new data or user interactions? Please justify.

(4) The system exhibits explicit or implicit objectives

Are the internal objectives (computational objectives) and intended use of the system explicitly specified
(encoded) by developers, operators, or users? Specify the computational objective and the intended use.
If there are differences between the development and deployment phases, please elaborate.

Does the system exhibit objectives that emerge implicitly from its design, training, optimization, or
interaction with the environment? Please justify.



(5) The system infers

Two phases are distinguished, development and deployment, because the inferential capabilities of a system
may differ across the system’s lifecycle.

Once deployed, does the system derive outputs (e.g., predictions, recommendations, content, or
decisions) from inputs or data through learning, reasoning, modeling, or other inferential processes™?
Please explain. If the answer is yes, does the system perform inference beyond executing a previously
established and fixed computational model? Is it the computational model deterministic? Please
elaborate.

During development, did the system derive models, parameters, or algorithms from inputs or data
through learning, reasoning, modeling, or other inferential processes?* Please describe.

“The capacity to infer transcends basic data processing by enabling learning, reasoning or modeling (Recital
12, AI Act). Examples of systems that fall outside the scope of the Al system definition because of their
limited capacity to analyze patterns and autonomously adapt their outputs can be found in paragraphs
40-51, GEC.

(6) The system generates outputs

Does the system produce predictions, recommendations, classifications, content, decisions or other
outputs? Please specify.

(7) The system influences physical or virtual environments

Can the outputs of the system influence virtual (digital) or physical environments?* Please specify.

*Article 3(1) of the Al Act does not provide examples of physical or virtual environments. However, paragraph
60, GEC refers to tangible physical objects (e.g., robotic arms), as well as virtual spaces such as digital
spaces, data flows, and software ecosystems.
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