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Abstract

The aim of our project is to survey the existing definitions of the terms “AI System”
and “AI Model” and to propose our own definitions. Clear and unambiguous definitions
are particularly important for enabling effective enforcement of AI legislation, such
as the EU AI Act. To this end, we conducted a systematic literature review and a
manual review of regulatory, standards, and policy documents. The systematic review
screened approximately 900 academic papers published between 2012 and 2025, from
which 25 definitions of AI models and 57 definitions of AI systems were identified. In
parallel, the manual review examined definitions used by intergovernmental organizations,
standards bodies, national governments, and NGOs, tracing how a small number of root
formulations have been reused and adapted across institutional contexts. Building on
these analyses, we developed criteria for evaluating definitions and articulated proposed
conceptual distinctions between AI systems and AI models intended to reduce ambiguity
at their boundary.
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1 Introduction
As AI becomes increasingly capable and widespread, the need for clear terminology around the
topic is becoming more apparent. This is primarily for allowing effective and useful regulation, but
also to allow for more meaningful discussion in general. Two particularly fundamental terms are “AI
Model” “and AI System”. Therefore, this project undertakes a systematic survey and categorisation
of existing definitions of these terms across both academic and institutional contexts, together with
an analysis of their implications for AI governance and enforcement.

The importance of clear definitions around AI has already been demonstrated multiple times
in the real world. One example is the 2023 case of the Italian Data Protection Authority banning
ChatGPT from operating in Italy, citing the failure to follow GDPR in the collection and processing
of the personal data used to train the GPT-3.5 model (the model powering ChatGPT at the
time). While service was reinstated after OpenAI implemented additional disclosure mechanisms,
it highlighted a potential regulatory gap whereby restrictions were imposed at the system level
(ChatGPT as a service), yet the relevant data may already have been embedded within the model
itself, beyond the scope of the imposed remedies. A second example is the case of Clearview AI, a
US company that developed an AI facial recognition system trained on up to three billion images
(Jung & Kwon, 2024). Regulators argued that this system violated privacy rights, while Clearview
responded that the facial recognition algorithm and the database of embeddings were separate
technical components, making the algorithm a neutral backend model distinct from the data itself.
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An inconsistency in the interpretation of the boundary between systems and models meant that
Clearview was able to continue operating in the US, but not in the EU, Canada or Australia. These
case studies are analysed in the accompanying paper to illustrate how definitional ambiguities
between AI systems and AI models can lead to divergent regulatory outcomes.

Several strands of existing work address the importance of clear terminology in AI governance.
Prior research has proposed general definitions or taxonomies of AI systems, analysed definitional
choices in regulatory instruments such as the EU AI Act, or discussed the role of technical concepts
in shaping enforcement and accountability. However, this literature typically treats models either
implicitly or as subordinate components of systems, and does not provide a systematic comparison
of how “AI system” and “AI model” are defined across academic, regulatory, and standards-based
contexts. Addressing this gap, and analysing how definitional choices propagate and evolve across
these contexts, is a central contribution of this project.

The project comprised two main components. First, a systematic literature review was conducted
to identify and analyse explicit definitions of “AI system” and “AI model” in the academic literature.
Second, a manual review examined how these terms are defined and reused across legislation,
regulatory guidance, standards, and policy documents produced by intergovernmental organisations,
standards bodies, national governments, and non-governmental organisations. Building on this
empirical analysis, the accompanying paper develops criteria for evaluating definitions and articulates
proposed conceptual distinctions intended to reduce ambiguity in governance and regulatory settings.
This report serves as a record of the work completed in support of that paper.

2 Methodology

The methodology of this project consists of three main components: (i) a systematic literature
review of academic definitions of “AI system” and “AI model”, (ii) the construction of a proposed
distinction between AI systems and AI models informed by both academic and institutional sources,
and (iii) an explicit assessment of the limitations and challenges of the literature review process.

2.1 Systematic Literature Review

A systematic literature review was conducted to identify and analyse definitions of the terms “AI
model” and “AI system” in the academic literature. The review followed the structure proposed by
Carrera-Rivera et al. (2022) [1], adapted to the present research question. This included defining
the research objective using the PICOC framework, specifying search strings, selecting databases,
applying inclusion and exclusion criteria, performing quality assessment, and extracting definitions
using a predefined extraction schema. The screening process covered publications from 2012 to 2025
and involved title, abstract, and full-text review stages. Extracted definitions were subsequently
categorised and analysed to identify recurring conceptual features and patterns of usage.

2.1.1 Research Objective

Carrera-Rivera et al. (2022) [1] suggest using the PICOC structure [2] to define research objectives
for a systematic literature review. PICOC provides a framework for breaking down the research
objective into population, intervention, comparison, outcome, and context, and was used to guide
the formulation of search terms. Table 1 provides an overview of the keywords derived from the
PICOC criteria. Based on this framework, the primary research question guiding the review was
formulated as follows: How are the terms “AI model” and “AI system” defined in the academic
literature, and what conceptual ambiguities arise at the boundary between models and systems?
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Criterion Keywords
Population AI model and AI system

Synonyms:

Machine learning system, autonomous system, automated system,
algorithmic system
Machine learning model, foundation model, algorithmic model, predictive
model, AI application, machine learning application, AI solution, machine
learning solution, AI services

Intervention Definition

Synonyms:

Ontology, conceptual framework, taxonomy, terminology, scope
Comparison Not applicable
Outcome Identification of definitions and sources of ambiguity
Context Computer science, engineering, social sciences, decision sciences,

business, management and accounting, arts and humanities,
multidisciplinary, psychology

Table 1: PICOC criteria for this literature review.

Criteria Type
Period From 2012 to 2025
Language English
Relevance to research question Provides a definition of “AI model”, “AI system”,

or a synonymous concept
Type of source Articles, reviews, and conference papers

Table 2: Inclusion and exclusion criteria.

2.1.2 Databases

To ensure adequate coverage of the academic literature, multiple databases were selected. The
primary databases used were Scopus, Web of Science, and IEEE Xplore. Google Scholar was used
as a secondary source to identify additional relevant publications.

2.1.3 Inclusion and Exclusion Criteria

Literature published from 2012 onward was included, as this period marks the emergence of modern
machine learning and deep learning as dominant paradigms in AI research. Only publications written
in English were considered. Relevance to the research objective was ensured by including only
articles that provided an explicit definition of “AI model”, “AI system”, or a concept synonymous
with these terms. Only journal articles, review papers, and conference papers were included. An
overview of the inclusion and exclusion criteria is provided in Table 2.
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2.1.4 Quality Assessment and Data Extraction

The quality of included articles was assessed based on the clarity, completeness, and explicitness of
the definitions provided. Definitions were extracted verbatim, together with bibliographic metadata
and contextual information, to support subsequent categorisation and analysis.

2.1.5 Search String

Figure 1 shows the final search string. Synonyms for the terms “AI system”, “AI model”, and
“definition” were selected based on the PICOC criteria. To ensure that retrieved articles were
concerned with definitional content, proximity operators (W/4 or NEAR/4) were used to restrict
results to cases where definitional terms appeared within four words of the AI-related terms. Articles
containing phrases such as “defined via” or “defined through” in the abstract were excluded. Subject-
area filters were applied in line with the PICOC context criterion, and additional exclusions were
introduced following an initial exploratory search to remove high-frequency but irrelevant keywords.

Search String

(“AI system" OR “artificial intelligence system" OR “machine learning system" OR “ML
system" OR “Autonomous system" OR “Automated system" OR “algorithmic system"

OR “AI model" OR “artificial intelligence model" OR “machine learning model" OR “ML
model" OR “foundation model" OR “algorithmic model" OR “predictive model"

OR “AI application" OR “artificial intelligence application" OR “machine learning application"
OR “ML application"

OR “AI solution" OR “artificial intelligence solution" OR “machine learning solution" OR
“ML solution"

OR “AI services" OR “artificial intelligence services")

W/4 (“ontolog*" OR “defin*" OR “conceptual framework" OR “taxonom*" OR “terminolog*"
OR “conceptualis*" OR “conceptualiz*" OR “scope")

AND NOT (“defined via" OR “defined through" OR “well defined" OR “user defined")

Figure 1: Final search string used in October 2025.

This search resulted in 864 papers from Scopus, 113 from Web of Science, and 16 from IEEE
Xplore. After removing duplicates, a total of 896 papers were screened. The screening process is
summarised in Figure 2.

2.2 Construction of the Proposed Definition

In parallel with the systematic literature review, the project examined how “AI system” and “AI
model” are defined and operationalised in regulatory, standards, and policy documents. Relevant
documents were identified through targeted searches of institutional repositories, legislative databases,
and standards catalogues, focusing on intergovernmental organisations, standards bodies, and
national authorities.

Definitions were extracted verbatim and analysed in conjunction with the academic definitions
identified through the literature review. This combined analysis was used to identify recurring
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Figure 2: Flow chart of the systematic literature review process.

ambiguities, asymmetries, and points of divergence between academic and institutional usage. In
particular, the analysis focused on how the boundary between AI systems and AI models is drawn in
practice, and how definitional choices relate to scope-setting and responsibility allocation. Insights
from this comparative analysis informed the construction of the proposed distinction between AI
systems and AI models presented in the paper.

2.3 Limitations and Challenges

2.3.1 Systematic Literature Review

The systematic literature review was limited to English-language publications, which may un-
derrepresent definitions originating in non-English jurisdictions. Relevant definitional material is
fragmented across disciplines and publication venues, increasing the risk that some sources were
not captured by the selected databases. Access restrictions to certain publications limited full-text
verification in a small number of cases. The academic literature exhibits a significant imbalance
between definitions of “AI system” and “AI model”, constraining direct comparison between the
two concepts.

2.3.2 Manual Verification and Analysis

Some sources contained incorrect, incomplete, or weakly attributed references to prior definitions,
complicating provenance tracking. Definitional boundaries were often ambiguous, requiring interpre-
tive judgment to distinguish formal definitions from descriptive or illustrative statements. Many
definitions were derivative of earlier formulations, making it difficult to identify genuinely original
contributions.
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3 Findings

The systematic literature review and the manual review revealed complementary information on how
the terms of AI models and AI systems are used in the scientific, standards and regulatory litterature.
Together, these approaches capture how both AI systems and AI models are conceptualised in the
literature and how these concepts are operationalised in governance contexts.

3.1 Findings from the Systematic Literature Review

The systematic literature review shows a persistent conceptual imbalance between AI systems
and AI models. Definitions of AI systems are more numerous, more explicit, and more internally
consistent across the academic literature. They typically describe AI systems as integrated entities
that perform inference, generate outputs, and interact with real or virtual environments in pursuit of
defined objectives. These definitions commonly emphasise system-level properties such as autonomy,
adaptiveness, and deployment context.

By contrast, explicit definitions of AI models are comparatively rare. Many publications refer to
models implicitly, treating them as trained artifacts, parameter sets, or internal components without
defining their conceptual boundaries. Where definitions of AI models are provided, they diverge
substantially across disciplines. Some frame models as mathematical or statistical representations,
others as learned functions derived from data, and others as reusable computational artifacts.
This lack of convergence contributes to ambiguity in how models are distinguished from systems,
particularly in discussions of scope, responsibility, and governance.

3.2 Findings from the Manual Review

3.2.1 Definitions from the OECD

Across institutional documents, the OECD definition of an AI system emerges as a dominant
reference point. It frames an AI system as a machine-based entity that infers outputs such as
predictions, recommendations, or decisions that influence environments, for explicit or implicit
objectives. Over successive iterations, this definition incorporates additional attributes, including
varying levels of autonomy and post-deployment adaptiveness. This formulation is reused, often
with minimal modification, in standards and regulatory texts, including those produced by ISO,
NIST, and the European Union.

The OECD also introduces a definition of AI models, but consistently positions them as
core components within AI systems rather than as standalone entities. Models are described as
mechanisms that perform inference within a broader system lifecycle. As a result, the OECD
framework reinforces a system-centric view in which models are necessary but insufficient objects
for regulatory consideration on their own.

3.2.2 Other Definitions

Other institutional frameworks largely reproduce this system-centric structure while diverging in
how models are treated. Standards bodies define AI systems in functional and engineering terms,
while defining models using generic notions inherited from mathematics or statistics. National
regulatory frameworks frequently introduce model-related categories, such as general-purpose AI
models, defined through capability or compute thresholds. These categories presuppose the concept
of an AI model without establishing a foundational definition, leading to situations where models are
regulated by classification rather than by conceptual specification. Across frameworks, similarities
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lie in the central role assigned to systems, while differences emerge in whether and how models are
brought into regulatory scope.

3.3 Conceptual and Temporal Perspectives on Definitions

Two complementary patterns emerge when examining definitions across sources. Conceptually,
AI models and AI systems occupy distinct ontological roles. Models are most often characterised
as representational or computational artifacts associated with training data, parameters, and
learned functions. Systems are characterised as higher-level entities that integrate models with
additional components, including data pipelines, interfaces, and deployment contexts, and that
exhibit operational properties such as autonomy and adaptiveness. The relationship between
models and systems is frequently assumed rather than explicitly defined, contributing to boundary
ambiguity.

Temporally, definitions evolve in response to technological and governance developments. Early
definitions of AI models (2016–2020) focus on task-specific statistical methods. From 2021 onward,
definitions increasingly reference foundation models, and more recent work formalises notions of
general-purpose capability. Definitions of AI systems evolve in parallel, with growing emphasis on
autonomy, adaptiveness, and unintended or emergent capabilities. These temporal shifts reflect
increasing regulatory attention and the need to align conceptual definitions with governance
objectives.

Taken together, these findings show that ambiguity between AI models and AI systems arises
from both structural differences in how the two concepts are defined and from their uneven evolution
across academic and institutional contexts.

4 Discussion
The analysis reveals a clear chain of influence in how definitions of AI systems, and to a lesser
extent AI models, propagate across governance frameworks. The OECD definition of an AI system
functions as an upstream anchor: it is reused, adapted, or directly incorporated into standards
(such as ISO and NIST) and into binding regulatory instruments, most notably the EU AI Act.
This propagation creates a shared definitional baseline across jurisdictions, but it also means that
early conceptual choices made by the OECD shape downstream governance even when those choices
were not designed with specific legal applications in mind. As a result, definitional ambiguity is not
confined to individual frameworks but is systematically transmitted across them.

This chain of influence is complicated by inconsistencies within the OECD’s own definitional
trajectory. Over time, the OECD definition of an AI system is refined to include new elements such
as inference, implicit objectives, and post-deployment adaptiveness. These changes are incremental
and cumulative, rather than replacements of earlier versions, and they are not always accompanied
by explicit justification or guidance on interpretation. Downstream frameworks sometimes reference
different iterations of the OECD definition simultaneously, leading to situations in which nominally
aligned legal and standards documents rely on subtly different conceptual assumptions. This temporal
layering introduces inconsistency into governance regimes that otherwise appear harmonised.

A further source of ambiguity arises from the widespread treatment of AI models as repre-
sentations. Across both academic and institutional sources, models are frequently described as
representations of external phenomena, environments, or processes, drawing on long-standing sci-
entific notions of models as abstract or mathematical constructs. While this framing captures an
important aspect of how models function, it blurs the boundary between the model itself and the
broader system in which it is embedded. When a model is defined primarily by its representational
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role, it becomes unclear which additional components (data pipelines, interfaces, deployment mecha-
nisms...) are required for it to transition from a model into a system, and where that boundary
should be drawn for regulatory purposes.

This ambiguity feeds into a deeper identity problem. AI models rarely have a stable or clearly
specified identity across contexts: the same model architecture may be trained on different data,
fine-tuned for new tasks, embedded in multiple systems, or updated over time. Definitions typically
do not specify which properties, such as architecture, parameters, training process, or intended use,
constitute the identity of a model. Without such criteria, it becomes difficult to determine whether
two instances should be treated as the same model or as distinct entities. This lack of identity
stability complicates efforts to track models across deployments and to assign responsibility when
harms occur.

The identity problem becomes particularly salient in cases of modification. Fine-tuning, retrain-
ing, or adaptation can be understood as changes to a model, to a system, or to both, depending on
the definitional framework applied. Some regulatory approaches attempt to address this by intro-
ducing quantitative thresholds to distinguish modification from deployment, but these approaches
presuppose a clear distinction between model-level and system-level change. In the absence of such
a distinction, it remains unclear when a modification gives rise to a new model, a new system, or a
continuation of an existing one. This ambiguity has direct consequences for responsibility allocation
between upstream developers and downstream deployers, and illustrates how definitional uncertainty
translates into practical governance challenges.

5 Next Steps

This project establishes an empirical and analytical foundation for distinguishing between AI systems
and AI models in governance and regulatory contexts. Several natural extensions follow from this
work. First, the proposed conceptual distinctions and evaluative criteria can be further refined and
stress-tested by applying them to a broader range of technical architectures, deployment contexts,
and emerging AI paradigms. This includes examining how the distinctions hold under continued
advances in foundation models, model composition, and system-level integration.

Second, the comparative analysis can be extended to additional jurisdictions and sector-specific
regulatory regimes. Expanding the scope beyond the jurisdictions examined in this project would
enable a more comprehensive assessment of how definitional choices interact with different legal
traditions, enforcement capacities, and policy objectives.

Third, future work could focus on operationalising the proposed distinctions for regulatory and
compliance practice. This includes translating definitional boundaries into guidance for responsibility
allocation, documentation requirements, and enforcement procedures, as well as exploring how such
definitions could be incorporated into standards, audit processes, or regulatory sandboxes.

Finally, the methodology developed in this project could support longitudinal tracking of how
definitions of AI systems and AI models evolve over time. Systematic monitoring of definitional
updates across academic, regulatory, and standards-based sources would provide early insight into
emerging points of convergence or divergence, and help anticipate future governance challenges.
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