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Existing classification frameworks for artificial intelligence (AI) and autonomous systems are being outpaced by recent
advancements in Al technologies. This limits their applicability to modern intelligent systems, particularly agentic Al systems
(autonomous systems that leverage foundation models to achieve wide-ranging, multi-layered goals). To address this deficiency,
we introduce INSYTE, a multi-faceted framework that supports the classification of Al systems ranging from traditional rule-
based systems to cutting-edge embodied Al and agentic systems. To that end, INSYTE considers the essential characteristics
of an Al system across eight key dimensions grouped into four categories: system design (underspecification and adaptiveness);
functionality (breadth and depth); operating environment (diversity and dynamism); and independence from human operational
control (intervention and oversight). Different Al systems (or versions of systems) yield different “patterns” on an eight-axis
radar chart that INSYTE uses to provide an immediate visual summary of an Al system’s overall capability, and a detailed
representation of its individual characteristics. The INSYTE framework aligns with OECD’s definition of deployed Al systems,
which is becoming the standard definition used by legislators and developers worldwide.

Additional Key Words and Phrases: Al system, Al-enabled system, autonomous system, artificial intelligence, agentic Al,
taxonomy, classification framework

1 INTRODUCTION

Since the first ‘Levels of Automation’ taxonomy was used to categorise factory floor automation in the 1950s [15]
and undersea robots in the late 1970s [114], the increasing operational independence of robotic and software-
enabled systems has typically been framed in terms of a single hierarchy of levels, with the highest level reached
when the human operator is completely “out of the loop” [129]. This framing has remained the dominant paradigm
for autonomous systems enabled by artificial intelligence (Al)—such as self-driving vehicles, uncrewed maritime
vessels, and surgical robots—and is now often referred to as the ‘Levels of Autonomy’. The Levels of Autonomy
have helped diverse stakeholders compare systems and plan development roadmaps [33, 34].

However, the Levels of Autonomy and related taxonomies of autonomy also have increasingly constraining
limitations, including a lack of precision and an inability to express many of the characteristics, and combinations
of characteristics, embodied by advanced Al-enabled systems. This is particularly the case for agentic Al systems,
i.e., “Al systems that can pursue complex goals with limited direct supervision” [1, 113]. Like traditional autonomous
systems, agentic Al systems have a direct impact on the world, achieving objectives on behalf of humans [69]
rather than merely aiding human decision-making [21, 22, 113]. The key additional factor is that the core
functionality of agentic Al systems is enabled by frontier AI models [5], i.e., models at the cutting edge of Al
research and development. Today’s frontier models include foundation models (also known as large language
models) based on transformer architectures [130], such as the GPT, Claude and Gemini family of models. They
have led to an unprecedented scaling and diversification of intelligent capabilities [119]. New and emerging Al
and autonomous systems accomplish complex, wide-ranging objectives; pursue missions based on only limited,
high-level specifications; mitigate uncertainty and change using sophisticated adaptation tactics; and operate
in highly diverse, open-world dynamic environments. These abilities are qualitatively different and present to
varying degrees within a given system—yet they are often conflated by the rigid definitions of autonomy levels
within current taxonomies, if they are considered by these taxonomies at all. The INtelligent SYSTEms (INSYTE)
classification framework introduced in our paper overcomes these shortcomings, enabling the accurate and
nuanced classification of a wide range of Al and Al-enabled autonomous systems. As such, INSYTE provides an
analytic tool that facilitates robust, straightforward, and comprehensive evaluations of these systems.

The INSYTE framework comprises three key components. The first component is the breakdown of an Al
system’s essential characteristics into eight dimensions, each of which may be instantiated at a level between 0
and 5. At Level 0, a system would possess little to none of the characteristic represented; at Level 5, it would
possess the characteristic to the highest physically and technically possible degree. The framework does not
prioritise any of the eight dimensions, although users may choose to do so, depending on their purpose. The
eight dimensions are grouped into four categories: system design (underspecification and adaptiveness); system
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functionality (breadth and depth); operating environment (diversity and dynamism); and independence from
human operational control (intervention and oversight). Together, these eight dimensions give a contextual, ‘whole
system’ view of the system.

The second component of the INSYTE framework is a process for determining, for each of the eight dimensions,
at what level a given system should be described. This involves systematically working through the level
descriptions given for each dimension, and selecting the appropriate levels for the system, guided by our online
open-source worksheet and the illustrative worked examples provided in the Appendices A.1-A.3 to this paper.

The third component is the depiction of the system on a radar chart (also known as a cobweb model, spider
diagram, or Kiviat figure [68]). The eight dimensions are represented as eight axes on the radar chart, with a
system’s position on each axis established by its level (between 0 and 5) of the respective characteristic. The
“INSYTE pattern” that a system yields on the radar chart conveys the combination of characteristics the system
instantiates and to what degree. It therefore constitutes its visual classification. Our open-source worksheet [60]
culminates in a radar chart generator for creating and downloading INSYTE patterns. This is described further in
the tool support section (Section 4) of the paper, with worked examples in Appendices A.1-A.3.

To ensure the broad relevance of our INSYTE framework, we developed its components using a systematic,
multi-stage methodology. A preliminary version of the framework was assembled based on insights we gained
from our Assuring Autonomy International Programme’s 25 demonstrator projects [8], in which health and social
care, automotive, maritime, manufacturing, mining, space, agriculture, aviation, and quarrying Al and Al-enabled
autonomous systems were prototyped and/or studied by teams of researchers, practitioners, regulators, policy
makers, and other stakeholders between 2019-2024. We supplemented these insights by considering what key
system characteristics are highlighted in existing autonomy-based classification frameworks, such as the Levels
of Autonomy. To ensure that INSYTE’s dimensions are appropriate for state-of-the-art Al systems, we further
refined the framework through consulting the growing body of literature on agentic Al The preliminary version
of the INSYTE framework underwent internal testing and revision by a subteam of authors who were not directly
involved in defining the levels for its eight dimensions, nor in the development of its online tool support. The
revised framework was then evaluated in two rounds by academic and non-academic stakeholders with different
levels of experience, and drawn from a wide range of application domains and disciplines. After the first round
of evaluation, the framework was fine tuned, based on feedback received, to improve the clarity of the level
descriptions and the usability of the process for second-round evaluators.

Terminology. We use the term ‘system’ for a set of interconnected components that work as a unit to achieve
a specific purpose, for instance a vehicle, vessel, chatbot or decision-support tool. The term ‘Al-enabled system’
(or, interchangeably, ‘intelligent system’) is used to denote a system comprising at least one component that
employs Al techniques that play an important role in delivering the core functionality of that system. Many
terms from AI and robotics are either contested or vague and, despite significant contributions to the debate
[40, 70, 77,78, 82], a shared understanding of the meaning of ‘autonomy’ in systems engineering is still largely
lacking. To stipulate, in this paper, the term ‘autonomy’ (or ‘autonomous’) refers to the capacity of a system to
accomplish objectives independently of human operational control [82, 90]. No position is taken in philosophical
debates on whether Al and Al-enabled systems are literally intelligent or can truly instantiate the powers of
the human mind [76, 97, 111, 123], nor do we make assumptions about their potential for moral autonomy [50].
Finally, we use the term ‘whole system’ to refer to the wider operational context of the intelligent system,
including its functionality and operating environment.

Organisation of the paper. The paper is organised as follows. Section 2 places the INSYTE framework in the
context of the related literature, specifically autonomy-based classification frameworks. This section identifies the
key features of these frameworks, and explains how INSYTE overcomes their limitations. In Section 3, we present
the INSYTE framework. Starting with an overview of the framework’s three components in Section 3.1, the
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paper then details its eight dimensions in Section 3.2, providing descriptions of Levels 0 to 5 for each dimension.
Section 4 introduces our freely available online INSYTE tool, which incorporates a worksheet for users to work
through the process of selecting a given system’s level on each of INSYTE’s eight dimensions and a radar chart
generator to create and download their system’s INSYTE pattern. In Section 5, we present the evaluation of
the framework, conducted to assess its usability and usefulness. In Section 6, the insights of our evaluators
are supplemented with our own reflections on the foreseeable uses of the INSYTE framework, drawing on the
authors’ multidisciplinary backgrounds. The paper also includes appendices providing three worked examples
of the application of the INSYTE framework to different Al systems and their variants. These include several
agentic Al system variants, such as the last variants of the clinical conversational assistant in Appendix A.2 and
the solar farm inspection robot in Appendix A.3.

2 RELATED CLASSIFICATION FRAMEWORKS

The classification of Al and autonomous systems is an important problem. The effective classification of these
systems is crucial for guiding research, deployment, regulation, risk management, and standardisation. Researchers
and policymakers have therefore made significant efforts to establish well-defined classification frameworks
for these technologies. While some frameworks classify Al and autonomous systems according to their risk
or their impact on human values [88, 93, 125], INSYTE falls into a category of classification frameworks we
call ‘autonomy-based’. In this section, we summarise the two main classes of autonomy-based classification
frameworks, and explain how our INSYTE framework overcomes their increasingly significant limitations.

2.1 Unidimensional ‘Levels of Autonomy’ frameworks

The majority of autonomy-based classification frameworks are ‘Levels of Autonomy’ (LoA) frameworks, with
most of these grouping different characteristics of autonomy into unified levels. We refer to this class as ‘uni-
dimensional LoA frameworks’. Each system classified by such a framework is assigned a single, overarching
level. Unidimensional LoA frameworks are prevalent across diverse sectors, including automotive (e.g., SAE’s
Levels of Driving Automation [108], and also [2, 46, 103, 127, 128]), maritime [4, 17, 20, 59, 63, 75, 105, 114],
agriculture [32], aerospace [3, 6, 13, 24, 94, 109, 112, 138], defence [122, 126], manufacturing [37, 45, 87], health-
care [39, 41, 51, 62, 72, 118, 121, 136], mining [47], rail [61, 99], and space [79, 134]. Additionally, human-computer
interaction research has yielded several sector-neutral unidimensional LoA frameworks [10, 35, 70].

The central thread running through all unidimensional LoA frameworks is a system’s progressive independence
from operator intervention. How this independence is interpreted varies between frameworks. Some define
higher autonomy by a system’s ability to make decisions and execute actions without human intervention [4,
17, 24, 31, 33, 35, 110, 112], while others prioritise minimal human involvement, such as only for fallback
control [13, 72, 103, 115, 136]. Still other frameworks consider sustained independent operation over time as a
key indicator of higher autonomy [32, 105, 135].

Several unidimensional LoA frameworks are ‘contextual’ frameworks [53], meaning that they consider the
system’s task and operating environment as well as its operational independence [11, 51, 73, 89, 104, 108]. Some
consider the complexity of the task performed by the system but not the complexity of its environment [24, 32,
40, 41, 43, 72,126, 134, 136, 138]; others consider the complexity of the environment but disregard the complexity
of the task [2, 6, 17, 27, 37, 42, 45-47, 70, 87, 122]. Few frameworks in this class explicitly consider details of
system design, such as whether the system is based on encoded rules or machine learning [65, 100], whether its
outputs for a given input are fixed or can improve over time [32], or whether it can deal with ‘edge cases’ it was
not programmed or trained for [32].

Limitations and comparison to INSYTE. While unidimensional LoA frameworks have long supported
multi-stakeholder discussions about the range of automation options and optimal function allocations between
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human and machine [33-35], they have some major limitations. These shortcomings are summarised below, with
an explanation of how the INSYTE framework overcomes each one.

Rigidity. The arbitrary groupings of characteristics into single, predefined levels does not allow for a distinct
classification of many possible systems. In contrast, INSYTE’s breakdown into eight separate dimensions allows for
the independent consideration of individual system characteristics and the synthesis of a system’s instantiation
of these characteristics in a radar chart then allows for a classification based on its specific combination of
characteristics. As such, INSYTE offers a flexible classification framework that can differentiate between systems
that occupy the same level on a unidimensional LoA. Indeed, there are 63 conceptual possibilities of a system’s
combination of variable characteristics on the INSYTE framework.

Insufficient detail. Unidimensional LoA frameworks do not go into much detail about important system char-
acteristics. This is evident, for example, in the fact that the automotive industry uses terms like Level 2+ and
Level 2++ to overcome regulatory uncertainty around the definition of Level 3 [44]. Moreover, even the few
unidimensional LoAs that consider system design, like [42, 65, 100], overlook the significant variation in the
degree of specification of learned models. They also fail to differentiate between different dimensions of task or
environmental complexity. Thanks to its eight dimensions, INSYTE does not suffer from this limitation. In addition
to considering two aspects of operational independence, it separates the complexity of a system’s operating
environment and its functionality into two distinct dimensions, and a dedicated underspecification dimension
ranks Al and Al-enabled autonomous systems by how their requirements are defined: through encoded rules,
learned from data, reward-guided trial and error, or high-level objectives.

Inadequacy for classifying agentic AL Distinctive features of agentic Al systems are inadequately captured by
existing unidimensional LoA frameworks. These features include: the minimal explicit specification underlying
their performance (they are often driven by reinforcement learning and self-supervised learning) [1, 21]; the
capacity for adaptiveness [1, 113]; and the ability to.multi-task across different subjects [1, 113]. Unidimensional
LoAs also lack the detailed dimensional breakdown needed to fully capture the operational context and dynamism
relevant to agentic AI [1]. INSYTE, on the other hand, is deliberately designed to support the classification of
agentic Al systems. The highest levels on our framework’s underspecification dimension correspond to reduced
or minimal explicit specification. INSYTE’s adaptiveness dimension measures the degree to which a system can
handle increasing levels of uncertainty and change. The breadth of functionality dimension captures a system’s
range of task types and versatility. Finally, environmental dynamism is included as a distinct INSYTE dimension.

Insufficiently precise language. Regulatory and standards adoption can be inhibited by the imprecise formulation
of unidimensional LoA level definitions. For instance, during UK Parliamentary debates on the bill that became
the Automated and Electric Vehicles (AEV) Act, the Government minister concerned stated that: “The SAE levels
lack the precision needed for technical standards and are not currently recognised as a technical standard in either
the technical committee or the forum looking at use within the UNECE [(United Nations Economic Commission
for Europe)]” [80, 124], although this LoA has been used in some US state legislation [23]. In contrast, INSYTE
offers distinct descriptions for each level of each of its eight dimensions. These level descriptions are abstract, but
precise.

Proneness to misuse. 'The insufficient detail of unidimensional LoAs may facilitate the downplaying of risk. For
instance, a system might be classified as low autonomy (e.g., ‘just’ a Level 1 or Level 2) and therefore low risk, while
the risk and controllability factors associated with its other variable characteristics, such as underspecification or
environmental dynamism, are overlooked. These factors can increase the difficulty for the human operator to
ensure safety [9, 71]. Conversely, systems are sometimes over-marketed, inflating perceived capabilities (e.g.,
“Autopilot” for an SAE Level 2 vehicle), which has been shown to unjustifiably increase users’ perceptions of a
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system’s safety [120]. By offering detail about more system characteristics, INSYTE may help spotlight when and
where systems are described as exhibiting more or less sophistication than they actually embody. It also offers
a framework for immediately cross-referencing a system’s sophistication against the level of intervention and
monitoring expected of its human operator.

Inconsistency between sectors. Discrepancies between level descriptions make it difficult to compare systems in
different domains using unidimensional LoA frameworks. For example, at the time of writing, an LoA taxonomy
in the automotive sector states that a Level 3 autonomous car has a human in fallback operational control
[108], whereas a taxonomy in the maritime sector states that a Level 3 autonomous ship does not [63]. Against
a backdrop in which, we note, classifications are evolving in many domains, INSYTE represents a universal
framework standardised across application domains.

2.2  Multidimensional classification frameworks

A few autonomy-based classification frameworks explicitly distinguish multiple dimensions of a system’s au-
tonomy. A key exemplar is the ALFUS Framework, produced for the US National Institute for Standards in
Technology (NIST) in 2005 [56, 57], which classifies systems along three separate dimensions: mission complexity;
environmental complexity; and independence from a human operator.

In 2000, Parasuraman et al. introduced a Levels of Autonomy (LoA) framework differentiating four system
functions: information acquisition; analysis; decision/action selection; and action implementation [95]. This
mirrors the sense-understand-decide-act (SUDA) model of an autonomous system’s architecture [82]. The aim
was to support designers to decide what level of automation is appropriate for each of the four functions in any
given system [95, 109]. The SESAR program later refined this into the Level of Autonomy Taxonomy (LOAT) for
Air Traffic Management, assigning explicit numbered levels to each function [109, 112]. Several other similar
four-level LoA frameworks exist across various domains [38; 42, 43, 101, 110].

A couple of other examples in this class identify five dimensions of autonomy, depicted on radar charts [58, 131].
For instance, one classifies unmanned robetic systems according to their embodiment of five key technologies that
enable system autonomy: decision-making; perception; navigation; human-robot interaction; and co-operation
with other autonomous systems [131].

At the time of writing (during the INSYTE framework’s second round of evaluation), a new four-dimensional
classification framework was published, focused specifically on the characteristics of Al agents [66]. Its four
dimensions are: autonomy (an Al agent’s independence from the oversight and control); efficacy (an Al agent’s
interaction with, and causal impact on, the real world, considering the significance of its impact and whether
its operating environment is simulated, mediated, or physical); goal complexity (the intricacy and balancing
of an Al agent’s subgoal sequences, and its capacity to generate goal structures and interpret underspecified
objectives); and generality (an Al agent’s ability to operate across diverse tasks and domains, and the range of
human cognitive tasks it can fulfil). By combining an AI agent’s different levels (between 0-5) for each of these
four dimensions, this framework culminates in a visual four-dimensional “agent profile”. This profile shares
similarities with the eight-dimension “INSYTE pattern” generated by our framework. However, it disregards the
variable complexity of physical operating environments, only considers underspecification at the highest level of
a system’s goal complexity, does not not explicitly include a system’s adaptiveness within its level descriptions,
and conflates freedom from intervention and freedom from oversight within a single dimension.

Limitations and comparison to INSYTE. Multidimensional classification frameworks provide a basis for the
simultaneous measurement of multiple variables, allowing for flexible and precise classification of Al systems.
However, the extant frameworks in this class have important shortcomings. The remainder of this section
summarises these shortcomings, and explains how INSYTE overcomes them.
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Focus on a single type of system. Most multi-dimensional frameworks are limited to the classification of mo-
bile, embodied robots. By contrast, the new four-dimensional for characterising Al agents from [66] is geared
specifically to advanced Al systems, whether embodied or not, but, as mentioned earlier, it lacks sufficient detail
on these systems’ characteristics. This leaves a gap for a single multi-dimensional classification framework that
can represent a wide range of system types, and consider broader range of advanced Al system characteristics
than [66]. The INSYTE framework fills this gap. It has been constructed specifically to characterise a range of
intelligent system types, both embodied and non-embodied, incorporating both advanced and more traditional
Al and covering Al characteristics comprehensively.

Noncontextuality. Some four-dimensional LoA frameworks [38, 42, 43, 95, 101, 109, 110, 112] are concerned solely
with the system platform. They do not consider the complexity of a system’s mission and operating environment.
However, contextuality is crucial for a framework to be able to support safety and risk management, which
represent key activities within the lifecycle of many Al systems. Recognising this, the INSYTE framework is
contextual: its eight dimensions are grouped into four categories which furnish a ‘whole system’ perspective.

Insufficient disambiguation for classifying agentic A Most multi-dimensional frameworks were devised over a
decade ago, prior to the development of foundation models and the diversification of capabilities they enable.
While [66] updates the space to include a framework for characterising Al agents, its four dimensions combine
characteristics that could themselves be decoupled for greater precision. INSYTE offers enhanced detail for the
classification of agentic Al systems. While the “goal complexity” and “generality” dimensions of the framework
from [66] align with INSYTE’s depth of functionality and breadth of functionality dimensions, respectively,
INSYTE provides greater differentiation of other characteristics. In particular, INSYTE separates freedom from
intervention and oversight into two dimensions, allows for a finer-grained analysis of the complexity of a system’s
operating environment, and specifically distinguishes underspecification as a dimension in its own right, along
with adaptiveness.

3 THE INSYTE CLASSIFICATION FRAMEWORK
3.1 INSYTE framework overview

Having situated our proposed INSYTE framework in the context of related classification frameworks, we now
start its presentation with an overview of its three components.

3.1.1 Eight dimensions of intelligent capability. The first component of the framework is the breakdown of the
essential characteristics of an Al or Al-enabled system along eight key dimensions. These are grouped into four
categories, giving a ‘whole system’ perspective, as shown in Table 1.

INSYTE’s eight dimensions align with the Organisation of Economic Cooperation and Development (OECD)
definition of a deployed Al system [90], which was approved by OECD member states in May 2024, to encourage
interoperability and harmonisation between jurisdictions:

“An Al system is a machine-based system 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. Different Al systems vary in their levels of autonomy
and adaptiveness after deployment.”

The OECD definition has been used by the European Union [125], the Council of Europe, the United States [88] ,
the United Kingdom and the United Nations, amongst others. Take, for example, Article 3(1) the EU AI Act [125]:

e

‘Al system’ means 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,
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Table 1. The eight dimensions of the INSYTE framework

Category Dimension Description
System 1. Underspecification Ability of the system to accomplish its objectives without an
Design explicit specification of how to do so.

2. Adaptiveness Ability of the system to accomplish its objectives in the face of

uncertainty and change encountered in operation.

System 3. Breadth of functionality Ability of the system to perform a range of different task types or
Functionality generate a range of output types.
4. Depth of functionality Ability of the system to execute computationally complex,

multi-layered tasks or outputs.

Operating 5. Environmental diversity Ability of the system to accomplish its objectives in a rich;, open
Environment external operating environment.
6. Environmental dynamism Ability of the system to accomplish its objectives in a frequently,

rapidly changing external operating environment.

Operational 7. Independence from intervention Capacity of the system to accomplish its objectives without
Independence human operational intervention.
8. Independence from oversight Capacity of the system to accomplish its objectives without

constant, real-time human monitoring.

from the input it receives, how to generate outputs such as predictions, content, recommendations, or
decisions that can influence physical or virtual environments.”

In line with this definition, dimension 1 of the INSYTE framework describes how tightly defined is the specification
that enables the system, ‘for explicit or implicit objectives; to ‘infer; from the input it receives, how to generate
outputs’. Dimension 2 elucidates how systems might “vary in their level of [...] adaptiveness after deployment.’
Dimensions 3 and 4 illustrate the range and complexity of the outputs the system can generate. Dimensions 5 and 6
identify two dimensions of the complexity of a system’s ‘physical or virtual environment’. Finally, dimensions 7
and 8 highlight two core aspects of the varying ‘levels of autonomy’ a deployed system might have. The OECD’s
defining features of an Al-enabled system can be manifested in varying degrees and combinations. INSYTE offers
a way to model this, providing the means to exemplify and enrich the OECD’s definition. Moreover, developers
and researchers wishing to show how their system meets the OECD definition, for example when undertaking
compliance reporting, could use the INSYTE framework to do so.

3.1.2 A process for determining a system’s level on each dimension. The second component of the INSYTE
framework encourages users to analyse their systems closely, considering each of the eight characteristics, or
dimensions, in detail. It comprises a systematic process for determining, for each of the eight dimensions, at
what level a given intelligent system should be described. While this range is probably best seen as a continual
scale, we break each dimension down into discrete levels, running from 0 to 5, to support the application of
the framework. Six levels allow for the progressive sophistication or technical maturity on each dimension to
be comprehensively described without overloading the framework with too much detail. To help users apply
INSYTE, an online worksheet has been created and made freely available; this takes the user step-by-step through
identifying a system’s level for each dimension. The worksheet, which we call the ‘online tool’, can be accessed
through our project website [60] or directly at https://automation-radar-generator.vercel.app/, and is described
in Section 4.
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3.1.3 A radar chart for depicting a system’s INSYTE 1 2
“pattern”. The third component of the INSYTE frame- Underspeci fication Adaptiveness
work is a synthesis of the selection of levels for each

dimension, enabling a system’s combination of char- 8

3
Oversight Breadth of

acteristics to be depicted on a visually informative Independence functionality
radar chart (Figure 1). Each of the eight dimensions

is represented as a distinct axis on the radar, running

from Level 0 to Level 5. In this way, the multivariate

classification of an Al system’s characteristics can be

represented by the “pattern” it makes on the radar 7 4
chart, conveying considerable detail about the system %:E:;‘éﬁg;gg fuaiﬁgng{i ty

at a single glance. Furthermore, these patterns support

the visual comparison of the key characteristics of al- P A
ternative system variants, as shown in Appendices A.2 Environmental Environmental
and A.3. To ease the adoption and use of the INSYTE, Dynamism prvesity
the online tool described in Section 4 includes func-
tionality to generate and download a system’s INSYTE
pattern.

Fig. 1. Illustrative INSYTE pattern for a hypothetical Al system

3.2 The eight dimensions of INSYTE

In this section, we give a detailed description of each of the INSYTE framework’s eight dimensions, grouped into
four categories: system design (underspecification and adaptiveness); system functionality (breadth and depth);
operating environment (diversity and dynamism); operational independence (from intervention and oversight).
The descriptions of Levels 0-5 for each dimension are presented in Tables 2 to 5. The process for determining a
system’s level on each dimension involves working through the level descriptions given for each dimension, and
choosing the most appropriate one for the system as it'is intended to be deployed. Cross-referencing against
examples of different system types and domains can help in this process. As such, we provide several exemplars
in our online tool [60] and Appendices A.1-A.3 of this paper.

3.2.1 System Design INSYTE Dimensions. System design is the process of defining how the system will meet the
needs of its users. There are many elements of the design process that might be included in the framework, but
we focus on two: the degree to which the system is (not) hard-coded with instructions and rules; and the degree
to which it is designed adapt to uncertainty and change.

Dimension 1: Underspecification. This dimension measures the system’s ability to accomplish its objectives
without an explicit set of rules or instructions of how to do so. Specification is the blueprint of a system’s
required properties, which is then mapped into the system’s design. In the INSYTE framework, we are specifically
concerned with the specification of step-by-step instructions to derive outputs from inputs (i.e., a system’s
input-output transfer function) [96, 116]. Systems programmed with explicit, encoded rules are more tightly
specified than those trained on labelled data (supervised learning algorithms); these, in turn, are more tightly
specified than those trained on both labelled and unlabelled data (semi-supervised learning algorithms) or those
trained through an iterative process of trial and error (reinforcement learning algorithms); these, in turn, are more
tightly specified than those trained on unlabelled data (unsupervised learning algorithms). Underspecification
is a way of transferring to the model itself the task of inferring its own intended function. While one essential
dimension of system autonomy is manifested downstream (its degree of freedom from the continuous input of a
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Table 2. System design INSYTE dimensions

Level Description

0  The system requirements have been fully encoded as a set of instructions or rules.

1 The majority of the system’s requirements (typically over two thirds) have been encoded as a set of rules, with
the rest learnt from data, or through fine-grained rewards-guided trial and error.

2 Anon-negligible part of the system requirements (typically under one third) have been encoded as a set of
rules, with the rest learnt from data, or through fine-grained rewards-guided trial and error.

3 The majority of system requirements have been learnt from labelled data, or through trial and error within a
fully specified environment and/or with frequent human feedback.

4 System requirements have been learned from (mostly unlabelled) data, or through trial and error within a
partially specified environment and/or with infrequent human feedback.

5  System requirements have mostly been specified as high-level objectives, possibly supported by some learning
from data and/or through trial and error within a partially specified environment and without human feedback.

The system works only in a controlled environment without uncertainty or change.

The system reacts to a specific type of uncertainty or change using a few predefined adaptation tactics.

The system reacts to multiple, known types of uncertainty or change with several predefined adaptation tactics.

The system applies both predefined and dynamic adaptation tactics, sometimes proactively, to handle a few,

foreseen types of uncertainty or change.

4 The system proactively uses a suite of adaptation tactics, many of which are dynamic, to handle multiple,
foreseen types of uncertainty or change.

5  The system mainly adapts proactively to a wide range of foreseen types of uncertainty and change, and reacts

to multiple unforeseen types of uncertainty or change while learning and.improving its resilience over time.

WN = O

human operator, as represented in dimension 7), this aspect of autonomy is manifested upstream (a system’s
degree of freedom from the continuous input of a human engineer) [81].

Designers may choose to underspecify for several reasons: to reduce cost and time; due to multiple viable
routes to achieving the same objective [25, 137]; or because what the system is intended to achieve is difficult to
formalise unambiguously. This difficulty in formalisation can stem from the complexity of its environment and
mission, or because of the reliance on tacit knowledge when the task is performed by humans [19].

Levels 0-5 of the underspecification dimension are presented in the top half of Table 2. In the online tool,
an agricultural robot, a medical decision-support system, and an insurance chatbot are given to illustrate the
different levels of this dimension. At Level 0, an embodied system would, for example, achieve its objective at a
fixed rate on a predefined schedule, while a traditional Al system would achieve its objectives on the basis of
IF-THEN rules crafted by experts. At Level 5, an embodied system based on reinforcement learning might have
been trained in a high-fidelity simulation environment where people and objects have been specified, while an
agentic Al system may have had no norms or constraints specified, and infer a general understanding of how to
achieve its objectives from the data used to train its underpinning foundational model.

Dimension 2: Adaptiveness. This dimension measures the system’s ability to accomplish its objectives, and, at
the upper levels of adaptiveness, to optimise how it does so, in the face of uncertainty and change encountered in
operation [132, 133]. This ability is central to the concept of resilience and, at the upper end, to that of antifragility,
i.e., to the capacity of a system to become more resilient over time [18, 49]. Adaptiveness depends on the range
of uncertainty and change locations and sources, and on the level(s) of uncertainty that the system can handle.
Uncertainty taxonomies [36, 102] identify numerous combinations of such locations and sources—which, for
simplicity, we will henceforth call types of uncertainty/change. These include the system itself (sensor noise and
faults, world-model inaccuracy, effector imprecision, etc.), and its operational context (environment parameter
variability, user behaviour, etc.). The more of these types an Al-enabled system can handle, the more adaptive it is.
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Furthermore, uncertainty taxonomies define levels of uncertainty, e.g., [98] distinguishes between deterministic
knowledge, known/foreseen uncertainty, unknown/unforeseenuncertainty, or unknowns unknowns, and total
ignorance, or lack of ability to identify the presence of, and to reason about, a type of uncertainty. Increased
adaptiveness is normally associated with the ability to manage higher levels of uncertainty.

Adaptiveness also depends on how the types of uncertainty manage by a system impact its ability to deliver the
required functionality, and on the adaptation tactics (i.e. uncertainty management techniques) employed. At lower
adaptiveness levels, a system may incur temporary loss of functionality, and use reactive, predefined adaptation
tactics subsequently to recover some or all of its functionality. At mid levels of adaptiveness, a system may use a
combination of predefined/reactive and dynamically synthesised adaptation tactics, sometimes proactively, and its
functionality will likely be fully restored after a period of graceful degradation. Finally, at high adaptiveness levels,
a system will proactively adapt its configuration, architecture, internal models of the world and/or behaviour to
prevent degradation or loss of functionality, and to optimise its operation, and may employ online learning to
improve its ability to do so over time.

Levels 0-5 of the adaptiveness dimension consider all the factors mentioned above, and are presented in the
bottom half of Table 2. In the online tool, an inspection drone, a traditional Al system used for quality control
inspection, and an agentic Al system used in supply chain management are given as examples to illustrate the
different levels of this dimension. At Level 0, an embodied system may, for example, only be able to accomplish its
objectives on known subjects in tightly controlled conditions, while a traditional Al system may only be able to
identify known issues in a standardised environment. At Level 5, an embodied system may be able to achieve its
objectives on subjects within a wide range of variation, and, for example, maintain optimal position and energy
efficiency in highly unpredictable conditions, while an agentic Al system may be able to use dynamic adjustments
to maintain optimal performance in the face of a wide array. of foreseen and unanticipated disruptions, and learn
from unanticipated disruptions to update its predictive models over time.

3.2.2  System Functionality INSYTE Dimensions. System functionality is what the system does to meet the needs
of its users. Because our aim is to construct a framework; that allows for the classification of systems in any
application domain, we do not describe system functionality in terms of specific tasks a system might accomplish,
but couch it at a higher level of abstraction: how broad a range of tasks it can accomplish, and how difficult and
involved those tasks are.

Dimension 3: Breadth. This dimension measures the system’s ability to perform diverse task types or generate
varied output types, reflecting its versatility and multi-tasking capacity — a growing feature of Al tools powered
by frontier models. We characterise breadth of functionality by the diversity (and variations) of task types that
the system can perform, output types it can generate, or decision criteria it can fulfil.

‘Task’ refers to the specific problem the system addresses (e.g., identifying anomalies in a radiography image,
executing highway lane changes, transcribing a conversation). By ‘output’ we mean the result after the system has
processed the input data (e.g., a classification, a physical manoeuvre, a transcript). ‘Task types’ or ‘output types’
are sets of variants of tasks or outputs which are not functionally distinct (e.g., for an assistive robot, dressing and
feeding are different task types, while its variety of arm-raising manoeuvres are variants of the same output type).
By ‘decision criteria’ we mean the multiple optimisation objectives and/or constraints that the system needs to
take into account (e.g., for an automated driving system, minimising journey time and environmental impact, and
optimising safety, while planning and executing a navigation route). Greater functional breadth may increase the
likelihood of emergent behaviour, as the system can learn general principles across a range of tasks [30].

Levels 0-5 of the breadth of functionality dimension are presented in the top half of Table 3. In the online tool,
a surgical robot, a traditional Al-based fraud detection system, and an agentic Al research assistant are given as
examples to illustrate the different levels of this dimension. At Level 0, an embodied system would only perform a
single task, such as performing a line of sutures in a specific type of surgery, while a non-embodied traditional Al
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Table 3. System functionality INSYTE dimensions

Level Description

0  The system performs one task type, or generates one output type, or fulfils one decision criterion.

The system performs variants of one task type or output type, or fulfils variants of one decision criterion.

2 The system performs a few different task or output types (typically fewer than five), or fulfils a few decision
criteria.

3 The system performs variants of a few different task or output types, or fulfils variants of a few decision criteria.

The system performs many different task or output types, or fulfils multiple decision criteria.

5  The system performs variants of many different task or output types, or performs many task types, or fulfils

variants of multiple decision criteria.

—

S

0  The system’s task or output types involve one routine sub-task or step.

1 The system’s task or output types involve a few routine sub-tasks or steps (typically fewer than five).

2 The system’s task or output types involve a few complex sub-tasks or steps, or many routine sub-tasks or steps.

3 The system’s task or output types involve many sub-tasks or steps, some of which are routine'and others
complex.

4 The system’s task or output types involve many, mostly complex sub-tasks or steps.

5  The system’s task or output types involve many sub-tasks or steps that are very complex.

system may simply flag a single type of threshold-exceeding input to a human operator. At Level 5, an embodied
system may be able to perform the entire suite of tasks associated with a complex task pathway, such as surgery,
while an agentic Al system may be able to do likewise, fulfilling a wide range of decision criteria.

Dimension 4: Depth. This dimension measures the system’s capacity to execute computationally complex,
multi-layered task types or generate sophisticated output types. We define depth of functionality by the number
of hierarchical subtasks (and their complexity) needed to complete a system’s task, or the number of processing
steps/layers required to produce its outputs.

A complex subtask involves multiple, interacting steps that require re-planning or depend on contextual factors.
An output step is complex if it involves multiple parts or numerous inputs requiring distinct analyses. One way a
system exhibits functional depth is through multi-step planning over extended periods, a recognised characteristic
of agentic Al systems [21, 22,30, 66]. This depth often intertwines with functional breadth: balancing multiple
decision criteria necessitates deeper processing, while multi-tasking requires coordination between different
subsystems.

Levels 0-5 of the depth of functionality dimension are given in the bottom half of Table 3. In the online tool,
a highly automated driving system, a traditional Al system for assessing glucose test results, and an agentic
smart grid management system are given as examples to illustrate the different levels of this dimension. At Level
0, an embodied system will just perform a task with a single routine sub-task, such as a vehicle maintaining a
fixed speed, while a traditional Al might just evaluate inputs against a predefined normal range. At Level 5, an
embodied system may be able perform a highly complex, nested set of nuanced tasks, while an agentic Al system
might, for example, develop dynamic, multi-stage plans and provide chain-of-thought (CoT) reasoning for its
decisions.

3.2.3 Operating Environment INSYTE Dimensions. The operating environment is the external environment
in which the system is intended to be deployed. This may be a physical, real-world environment or a digital
environment. INSYTE distinguishes two environmental dimensions: the diversity of elements and interactions
within the environment; and the propensity of the environment to frequent, rapid, and significant change. These
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Table 4. Operating environment INSYTE dimensions

Level Description

0  The system is the only element in the environment.

1 There are few types of element in the environment (typically fewer than five), and negligible interactions
between them.

2 There are few types of element in the environment (typically fewer than five), and few interactions between
them.

3 There are many types of element in the environment, and few interactions between them; or there are few
types of element in the environment, and many interactions between them.

4 There are many types of element in the environment, and many interactions between them.

5  There are unbounded types of element, and unbounded possible interactions between them.

fr\

0  There is no change or negligible change in the environment while the system is operating.

1 Frequency, speed and magnitude of change in the environment are all low.
2 One or two of frequency, speed and magnitude of change in the environment are medium, and the other(s) are
low.

3 Frequency, speed and magnitude of change in the environment are all medium.

4 One of frequency, speed and magnitude of change in the environment is high, and the others are low or
medium.

5  Two or three of frequency, speed and magnitude of change in the environment are high.

dimensions refer to the environment the system can actually perceive or detect, not simply the broader world it
exists in.

Dimension 5: Environmental Diversity. This dimension measures the richness and openness of the operating
environment. We characterise environmental diversity by the number and variety of element types within that
environment and the possible interactions between them.

When classifying a system using the INSYTE framework, framework users should consider the following
environmental elements: objects; other agents (both human and artificial); physical conditions; norms and rules.
The classification of subcategories of these element types depends on the context. For example, in healthcare,
human clinicians and patients would likely be distinct element types, and different clinician roles might also
count as separate types if they engage in a wider task differently. Because this dimension covers interactions
between environmental elements, including the system itself and human users, human-machine interaction is
partly captured by this dimension. However, the level of human operational input is covered under INSYTE’s
dimension 7.

Levels 0-5 of the environmental diversity dimension are presented in the top half of Table 4. In the online tool,
a manufacturing environment, an air traffic control environment, and a financial market environment are given
as examples to illustrate the different levels of this dimension. At Level 0, an embodied system might be operating
in a sterile and highly controlled environment, while a traditional Al might only receive a single stream of data.
At Level 5, an embodied system might negotiate multiple types of obstacle, and interact with many humans,
while an agentic Al system might operate in an environment with widely diverse data sources and variables, and
communicate with different types of customer and other systems, including other Al agents.

Dimension 6: Environmental Dynamism. This dimension measures the frequency, rapidity, and magnitude
of change in the operating environment. The change is of interest if it has the potential to impact the system’s
ability to deliver its required functionality. As above, the operating environment comprises objects, other agents
(both human and artificial), physical conditions, norms and rules.
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Levels 0-5 of the environmental dynamism dimension are presented in the bottom half of Table 4. In the online
tool, the ground and air environment of an unmanned aerial vehicle, a legal research environment, and a software
development environment are given as examples to illustrate the different levels of this dimension. At Level 0, an
embodied system might, for example, operate in an environment with stable protocols and climate control, while
a traditional Al might operate in a static environment consisting of a fixed database. At Level 5, an embodied
system might accomplish its objective in an environment with frequent temperature changes, rapidly moving
physical objects, and significant changes to norms and protocols, while an agentic Al system might do so in an
environment with continuous, immediate changes that affect functionality.

3.2.4 Operational Independence INSYTE Dimensions. Operational independence is the system’s capacity and
delegated authority to achieve its objectives without human operational control. We break this down into two
key dimensions: the system’s ability operate without frequent human intervention, including during extended
operation and unusual circumstances; and the intended level of freedom given to the system to accomplish its
objectives without constant or regular human monitoring or scrutiny. Though monitoring is often a prerequisite
for effective intervention, these two dimensions of human control can be disambiguated. For instance, a system
may require little intervention but still need frequent monitoring due to, for example, legal requirements.

Dimension 7: Independence from intervention. This dimension measures the degree to which a system
can, and is intended to, accomplish its objectives without the intervention of a human operator. We characterise
this by the frequency of human intervention, whether it is required for adequate or optimal functioning, and
whether it is required in normal or exceptional circumstances. In the descriptions for Levels 2 and 3, we also
cover how a decision-support system might exert operational independence: its outputs may simply provide
information to a human decision-maker (Level 2); or its outputs may be intended to provide direction to a human
decision-maker (Level 3).

Levels 0-5 of the independence from intervention dimension are presented in the top half of Table 5. In the
online tool, an autonomous maritime vessel, a traditional medical Al system which outputs a risk prediction for
post-operative complications, and an agentic Al meeting scheduler are given as examples to illustrate the different
levels of this dimension. At Level 0, a human operator would be in full operational control of an embodied system,
while they would, for example, categorise and interpret all data inputted into and outputted by a traditional Al
system. At Level 5, no human operational intervention would be required across an embodied system’s entire
mission, while an agentic Al system would be handle all situations arising in the course of accomplishing its
objective without human intervention.

Dimension 8: Independence from oversight. This dimension measures the extent to which the system
is allowed to accomplish its objectives without constant monitoring or scrutiny from internal actors, namely
operators or users (as opposed to the scrutiny of external actors, such as regulatory officials [5]). We characterise
this by how often human monitoring occurs, whether it occurs during operation or retrospectively, and under
which circumstances.

Levels 0-5 of the independence from oversight dimension are shown in the bottom half of Table 5. In the
online tool, a forest inspection drone, an automated content moderation system, and a clinical conversational Al
agent are given as examples to illustrate the levels of this dimension. At Level 0, human operators constantly
remotely-monitor an embodied system during the course of its mission, while, for example, a traditional Al
system might present every output in real time to a human operator. At Level 5, human operators might, for
example, only review an embodied system’s mission logs after damage or an accident has occurred, while they
might only review the transcript of an agentic Al system’s mission after a harm has occurred and been reported.
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Table 5. Operational independence INSYTE dimensions

Level Description

0  The system requires continuous human intervention to function at all.

The system requires frequent human intervention to function adequately, or only informs human decision
making.

The system requires occasional human intervention to function optimally, or directs human decision making.
The system requires minimal human intervention only for extended operation.

The system only requires occasional human intervention, even for extended operation.

The system functions without any human intervention across all intended operational contexts.

—

g b wN

0  The system requires continuous human monitoring while operating.
The system requires regular human ‘sanity checking’ while operating.

2 The system requires ‘sense checking’ while operating in occasional, exceptional circumstances (typically
prompted by the system itself).

3 The system requires human assessment at the completion of each mission.

The system requires regular, retrospective auditing.

5  System is only audited retrospectively to investigate accidents and incidents.

—5

N

This concludes the level descriptions, which are core to the second component of the INSYTE framework: the
tool-supported process for selecting the appropriate level for each of the eight dimensions of a given system’s
overall intelligence and autonomy.

4 TOOL SUPPORT

To support the adoption of INSYTE, we developed-and made freely available online a worksheet that guides
users through our process for determining an Al-enabled system’s level on each dimension of the framework,
and then allows users to generate its “pattern” on a radar chart. This ‘online tool’ can be accessed through our
project website [60] or directly at https://automation-radar-generator.vercel.app/. We implemented it using the
Next.js React framework’ to achieve improved performance and a faster initial loading experience, and Tailwind
CSSstyling? for a user-friendly, customised design. To ensure confidentiality, all data from the users’ assessment
of their intelligent systems are stored only in their browser’s local storage.

As shown at the top of Figure 2, this online tool first provides an introduction to the INSYTE framework. At
this early stage, the eight dimensions of the classification framework and their roles are briefly overviewed, and
the users are introduced to the classification process mentioned in Section 3.1.2. Next (not shown in Figure 2),
the users are offered the option to configure the number of system variants they will classify and compare (the
default is one system variant). The users are then taken through the step-by-step process for selecting the most
appropriate level between 0-5 of each dimension for the system variant(s) under consideration, thereby classifying
their system variant(s) on each dimension of the framework.

For each dimension, the worksheet provides:

(1) A summary of what the users need to do in order to determine the level(s) of their system variant(s) on
that dimension.

(2) The set of dimension-specific factors to consider when making their selection(s).

(3) Descriptions of levels 0-5 for the dimension, with level-selection options for each system variant.

(4) A reminder to record the justification for the level(s) selected for the system variant(s).

https://nextjs.org/
Zhttps://tailwindcss.com/
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INSYTE Framework Worksheet

A step-by-step guide to evaluate your intelligent system
Confi ion v/ 1. Under ificati @ 2. Adaptiveness @ 3. Breadth of functionality @ 4. Depth of functionality

INSYTE Framework - Worksheet and Radar Chart Generator

Welcome to the Framework of Intelligent Systems ('INSYTE') for the classification of Al-enabled systems.

The INSYTE framework considers the characteristics of intelligent systems along eight key dimensions, each of which may
be instantiated at a level between 0 and 5. This worksheet will help you determine and select your system’s level on each of
INSYTE's eight dimensions. Each dimension is then represented as an axis on a radar chart. At the end of working through
this worksheet, you will be able to generate and download your system's intelligence "pattern" on the INSYTE radar chart.

‘ Introduction v/ Configuration v/ 1. Underspecification 2. Adaptiveness @ 3. Breadth of functionality @ 4. Depth of functionality

1. Underspecification
Determine your system's level (0 to 5) on the Underspecification dimension.

Select the underspecification level that most accurately reflects your system based on the descriptions in the table below.
Record the justification for your selection in the space provided. A drop-down table with examples is provided in the blue
box at the bottom of this page, which may help you to select the appropriate level.

Level Description System_1

0 System requirements have been fully encoded as a set of instructions or rules.

The majority of the system'’s requirements (typically over two thirds) have been encoded as a set of rules,
with the rest learnt from data, or through fine-grained rewards-guided trial and error.

‘~ Environmental Diversity v/ 6. Environmental Dynamism v 7. Intervention Independence v/ 8. Oversight Independence v/
S —>
Results: Chart Generation

Now that you are done with the process of identifying the level for each dimension, you can use this tool to customize,
generate, and download the system's INSYTE pattern(s) on a radar chart.

| Underspecification Adaptiveness

S
K
8 -5 ) 3
Oversight Ereadth of
Independence \ functionality

F f :
7 \ / - 4
Tntervention \’_’,—-"’ Depth of

Independence 3 \ functionality
6 5
Environmental Environmental
Dynamism Diversity

Fig. 2. INSYTE tool: introduction, underspecification assessment, and radar chart generation
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(5) Dedicated space for recording the rationale for these selection(s).

(6) Examples of capabilities that three concrete Al and autonomous systems of different types (an embodied
Al-enabled system, a traditional non-embodied Al system, and an agentic Al system) would need at
different levels on the dimension being assessed.

The partial worksheet page in the middle of Figure 2 depicts items (1)—(3) for the underspecification dimension of
INSYTE, with a single system variant named ‘System_1" being classified. As users complete the assessment of
a dimension of their system variant(s), they are guided to progress to the next dimension. On completing the
assessment of all INSYTE dimensions, the online tool reaches the ‘Chart Generation’ stage, a part of which is
shown at the bottom of Figure 2. At this stage, the users can:

(1) Customise, generate and download the INSYTE radar chart(s) for the assessed system variant(s)—with the
possibility to produce separate or overlayed charts for multiple system variants.

(2) Read and download a report that combines the justifications provided for their level selections on each
dimension of the framework.

These tool outputs are provided in formats that makes their integration into the users’ technical reports or papers
straightforward.

5 FRAMEWORK EVALUATION
5.1 Evaluation methodology

Our primary evaluation objectives were to assess the usability and usefulness of the INSYTE framework. We also
sought to explore its relevance to a wide range of application domains and system types.

Internal testing of the tool-supported framework allowed usto refine it before starting the evaluation activity. In
this phase, two co-authors, who had not been involved in defining the eight dimensions or their level descriptions,
applied the online worksheet to well-known systems like ChatGPT [16] and Roomba [64], leading to refinements
in both the framework (clearer level descriptions) and the online tool (better placement of the examples).

A total of sixteen participants then completed the evaluation activity across two rounds of systematic evaluation.
Our evaluators were researchers and industry practitioners actively involved in the design, development, safety
engineering, deployment, and safety assurance of Al and Al-enabled systems. We selected our evaluators from a
diverse set of disciplines and sectors and ensured that we engaged with users of varying levels of experience. The
application domain, participants’ professions and years of experience, and system types evaluated, are presented
in Figure 3. The category of ‘researcher’ in the second pie chart of the figure includes academic researchers in
robotics, data analysis, human-computer interaction, navigation, safety engineering, verification, and clinical
informatics. Evaluators were encouraged to consider variants of the same system. For instance (referring to the
bottom half of Figure 3), INSYTE was applied by evaluators to both a decision-support and an autonomous variant
of an air traffic eontrol system, and to both fixed and mobile variants of a medical robot (collaborative assistive
care). Agentic Al systems were also represented in the evaluation activity - by the ambient voice technology
systems, enabled by large language models (LLMs), and by an advanced, agentic variant of the automated driving
system.

The first round of evaluation was completed by seven evaluators, whose feedback prompted refinements to the
framework and tool: we fine-tuned the level descriptions for clarity, updated the tool’s text with further guidance
on the dimension-specific factors users should consider when making their selections, and incorporated a broader
range of illustrative examples (encompassing embodied, traditional, and agentic Al). Nine external evaluators
then completed the second round of evaluation.

The evaluation activity had three parts. First, evaluators used the online worksheet to apply the INSYTE
framework to an Al or Al-enabled system. Second, evaluators compiled their system’s INSYTE patterns using
the online radar chart generation tool. They also downloaded the ‘justifications report’, which summarised
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Fig. 3. The application domain, participants’ profession and years of experience (top), and evaluated systems (bottom)

their rationales for level selections, and they emailed these documents (the INSYTE patterns and justifications
report) to the lead author. Third, evaluators completed a 10-question questionnaire. The first three questions were
context-setting questions asking the participants to specify the application domain for their evaluated system
or system variants (Question 1), as well as their profession (Question 2) and years of experience (Question 3).
Questions 4 to 6 solicited feedback on the usability of the INSYTE framework. Questions 7 to 9 solicited feedback
on the usefulness of the INSYTE framework. Question 10 asked an open question about any perceived limitations
of the framework that had not been covered in previous answers.

The evaluation activity was approved by the University of York’s Physical Sciences Ethics Committee; partici-
pants gave informed consent to the use of anonymised answers in this paper.

5.2 Evaluation results

Participant responses to the context-setting questions (Questions 1-3), summarised at the top of Figure 3, show
that INSYTE’s evaluation encompassed Al systems across diverse domains—predominantly healthcare—and
involved a variety of professionals, half with a decade or more of experience. The actual Al systems being
evaluated were even more diverse (see the bottom half of Figure 3), with those from the healthcare domain, for
instance, ranging from medical triage of patients and ambient voice technology to (clinical) decision support
systems and medical robots.
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Table 6. Questionnaire: Usability of the INSYTE framework

Question

Response’ (showing %age of ‘easy’/‘quite easy’/’some effort” answers)

Q4. How easy was it to apply the
INSYTE framework to the system using
the PROCESS provided, overall and for
each axis?

Please explain your answer. (Free text)
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The results of the INSYTE evaluation are presented in two parts. First, we share our evaluators’ feedback on
the usability of the tool-supported process for working through the INSYTE framework (Questions 4-6 of the
evaluation questionnaire). Responses to the closed questions on usability are given in Table 6. These are explained
further in Section 5.2.1, along with the free-text answers given by evaluators. Notably, in their free-text answers,
evaluators gave particularly positive feedback on INSYTE’s inclusion of a radar chart for the visual representation
of a system’s classification. Second, we share the evaluators’ feedback on the usefulness of the INSYTE framework
(Questions 7-9 of the evaluation questionnaire) in Table 7 and Section 5.2.2.

5.2.1 Usability.of INSYTE. Closed questions on the usability of the INSYTE framework asked evaluators to rank
the ease of using the process provided (Q4), of instantiating each of INSYTE’s eight dimensions (Q5), and of
generating the radar chart using the online tool (Q6). Participants selected from ‘difficult, ‘quite difficult, ‘some
effort, ‘quite easy, and‘easy. In Table 6, we have broken down our evaluators’ responses to these closed questions
into first and second round results, showing how the improvements made to the framework and online worksheet
after the first round of evaluation led to more positive evaluations of user-friendliness in the second round.
Percentages in this table represent the combined ’easy, ’quite easy, and ’some effort’ answers: we deemed any of
these to indicate acceptable usability, as thoughtfully working through the INSYTE framework and considering
each of the eight dimensions inherently requires some effort, which the process cannot fully eliminate.

In the free-text answers to Q4, second round evaluators who found the process ‘quite easy’ to work through
said: “overall this is very clear and relatively straightforward”; .. the process provided was manageable and logically
structured”; “the process was clear and logically structured”; “the axis descriptions and level breakdowns made
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it straightforward to assess each dimension with minimal ambiguity. Mapping my system’s capabilities to the
framework felt intuitive.” There was a query about where to draw the boundary around the system: ‘T wasn’t clear
on the system boundaries for the ’Al system’, e.g. is the user of a clinical decision support tool part of the system?”.
We hope that the clarification in the terminology section of this paper, as well as the observation that applying
INSYTE necessarily involves some judgement, helps to address this query.

Second round evaluators who found the process took ‘some effort’ said: “a bit tricky to choose between levels
but overall ... I never ended up picking randomly between two contiguous levels”. Some evaluators found it took
effort to select between Levels 2 and 3 on some dimensions. This was particularly identified for the functionality
dimensions: “Breadth of Functionality and Depth of Functionality, required more careful consideration, particularly
in distinguishing between closely related levels.” One evaluator said that effort would be reduced if the framework
was applied by a cross-functional team: “A thorough understanding of the system is essential for effectively using
this framework ... a cross-functional team of experts is necessary to maximize its potential”.

In response to the closed question on how easy it was to instantiate each of the eight dimensions (Q5), we
can see in Table 6 that, by the second round of evaluation, the following dimensions achieved fully acceptable
usability (i.e., 100% of round two evaluators ranked this at ‘some effort’ or easier): 1 (underspecification), 5
(environmental diversity), 6 (environmental dynamism), 7 (operational independence from intervention) and
8 (operational independence from oversight). Evaluators generally found the operational independence and
environmental diversity dimensions the easiest to apply, in particular independence fromintervention. Dimensions
2 (adaptiveness), 3 (breadth of functionality), and 4 (depth of functionality) scored highly on usability (i.e., 89%
of round two evaluators ranked their ease of instantiation at ‘some effort’ or easier). Most rated these three
dimensions ‘quite easy’ to apply.

Free-text answers to Q5 provide further insight. One evaluator in round two found their system’s adaptiveness
‘quite difficult’ to assess because it is only evident after the system has encountered uncertainties in operation. To
clarify, the framework should be applied to the system as it is intended to operate. INSTYE can then serve as
a useful benchmark to evaluate its adaptiveness (and the other seven dimensions) in operation, comparing it
against pre-deployment intentions—something discussed in'Section 6.2.4. Another evaluator found the functional
breadth and functional depth dimensions ‘quite difficult” to apply because the meanings of the terms within their
level descriptions, specifically “tasks,” “outputs,” and “decision criteria,” were not explained. Explanations of these
terms have now been added to the fuller description of these dimensions in Section 3.2.2, We encourage users to
consult the paper in additionto using the tool support when applying INSYTE to their systems. Evaluators also
suggested including more worked examples to improve the ease of instantiating each dimension; we have added
three worked examples in Appendices‘A.1-A.3.

In Q6, we sought feedback on the usability of the tool; more specifically, the usability of the ‘Chart Generation’
stage of the online tool. This was unanimously considered acceptably user-friendly. One respondent said, ‘Tt was
really easy to generate the INSYTE pattern using the tool provided. I liked how there was an option to display the
charts overlaid or side-by-side, and I thought it was nice how you could choose different colour options.” Another
said, “the process of using the tool was clear and intuitive”, another that the tool was “user-friendly and intuitive”,
and another that it was “a very easy tool to use.” One respondent answered that using the tool involved ‘some
effort’ but their free-text explanation pointed to a difficulty with choosing between levels, rather than specifically
generating an INSYTE pattern after working through the process.

Feedback in the free-text answers was particularly positive on the visual aspect of the INSYTE framework—the
third component of the framework, namely the INSYTE radar pattern—with evaluators saying: It puts a given
system ‘on a page’ so provides a useful visual from which to discuss a given system”; “The visualization is very good,
and it helps actually for me to understand better the system I designed”; “The pictorial representation could provide
a quick appraisal of an Al tool, and could help focus attention on strength and weakness of Al tool”; “The layout
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of dimensions and the immediate visual feedback on the radar chart made it easy to validate and reflect on each
selection.”

Key insights from the answers to the usability questions (Q4 to Q6):

e Across the board, the INSYTE framework was found acceptably usable;

o The improvement in the feedback from round one to round two evaluation suggests that clear level descriptions
and wide-ranging examples help users work through the process of selecting the most appropriate level for
each dimension of the INSYTE framework. Even so, users need to exercise judgement in their selection of the
levels;

o Thoroughly worked examples may further enable users to select the most appropriate level for each of INSYTE
dimensions, though we acknowledge people could rely too heavily on such examples; we offer three worked
examples in Appendices A.1-A.3;

o Some of INSYTE’s more technical dimensions require effort for non-technical stakeholders to apply to a
system. A cross-functional team of experts is best placed to apply the INSYTE framework to establish the
correct classification of an Al or Al-enabled system;

e A system’s instantiation of some the dimensions may change between intended use and unintended use, as
well as between pre-deployment and operation;

o Generating a system’s INSYTE pattern using the radar chart generation tool was straightforward and intuitive,
and the visual representation of a system was very well-received.

5.2.2  Usefulness of INSYTE. Questions 7 and 8 assessed the usefulness of INSYTE. Closed questions asked
evaluators to comment on its potential usefulness to their own organisation or profession (Q7), and to rank its
potential value for six specific uses on the following scale/(Q8): ‘don’t know, ‘a little, ‘some, and ‘a lot” Table 7
aggregates the responses from the two rounds of evaluation, since we did not take steps to increase the benefits
or potential uses of INSYTE between the evaluation rounds.

As shown in Table 7, fifteen out of the sixteen people who took part in the evaluation activity could see
the potential usefulness of INSYTE in their line of work (Q7). For context, the evaluator who answered ‘no’
stated that INSYTE would be valuable for standards bodies and regulators rather than for an Al software
development company (where they themselves worked). Evaluators specifically praised INSYTE’s structure,
clarity, multi-dimensionality, the value of its whole system perspective for assessing complexity “in the round,”
and its foundation for standardised representations of Al and Al-enabled autonomous systems.

For Q8, evaluators assessed six specific uses for the INSYTE framework. As can be seen in Table 7, for all uses,
the predominant response indicated ‘some’ to ‘a lot’ of potential value. There was consensus that the principal
value of INSYTE lies in its potential to support cross-stakeholder communication. In the free-text elaboration of
this question, our evaluators'said: “The framework’s structured categories and clear dimensions make it well-suited
for aligning understanding between engineers, designers, safety experts, and non-technical stakeholders”; that it
“Provides a structured language for collaboration between designers, engineers, users, and regulators”; and that it
“is particularly helpful for communicating between technical and non-technical teams.” A safety engineer in the
automotive sector highlighted INSYTE as a tool that could be used to inform members of the public: ‘Tt helps the
general public visualise the level of autonomy of a system and understand potential limitations”.

Most evaluators recognised INSYTE’s potential to inform design, development, and deployment decisions.
A robotics expert and academic noted it “helps actually for me to understand better the system I designed.” A
functional safety engineer highlighted its utility in identifying system strengths and weaknesses: “You can see
the shortcomings of the system and where it excels, so you can decide where to focus development.” Evaluators also
saw value in aligning development with requirements, particularly for “comparing variants (e.g., rule-based vs.
adaptive) and aligning development with assurance, verification, or safety goals in assistive robotics and autonomous
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Table 7. Questionnaire: Usefulness of the INSYTE framework

Question number Response

Q7 Do you see the INSYTE framework being potentially useful to 94% yes (15 participants)
your organisation/profession/projects? 6% no (1 participant)
If yes, who and why? If no, why not? (Free text)

Q8 Do you think the INSYTE framework has potential value for
the following uses, currently or in the long term?

‘ Key: I don't know [l a little [l some a lot

1. As a tool for cross-stakeholder communication

2. To inform design and development decisions
. To inform deployment decisions

3
4. To inform safety engineering or safety assurance
5

. As a classification system for regulatory and/or
certification purposes

6. To inform decisions about liability

If possible, please elaborate below on why you think it has value
for the uses you selected. (Free text)

participants

Q9 Are there any other uses you think INSYTE could have? see Section 5.2.2
(Free text)

Q10 Would you like to raise any limitations with the framework see Section 5.2.2
that you have not mentioned already? (Free text)

systems.” For deployment, INSYTE was considered a promising platform to “assess operational readiness and
adaptability to different environments” and ‘evaluate different systems for different use cases.”

Many also saw INSYTE’s potential in safety engineering and assurance, primarily because of its emphasis on
system characteristics that influence risk but may be overlooked. This is particularly evident in scenarios like
‘an ‘administrative’ Al tool in'a healthcare setting[, which] may seem low risk at first glance but could still pose
significant dangers if it operates with high autonomy and influences clinical decisions without adequate human
oversight”. Furthermore, INSYTE can reveal “bad” combinations, such as “a rigidly specified system being potentially
deployed in a very dynamic world”. These qualities could enable INSYTE to “support risk analysis and proactive
mitigation strategies; integrating tools like FMEA [Failure Modes and Effects Analysis]”. Its whole system, contextual
perspective is crucial for effective risk mitigation, as “it is useful to formally consider these [dimensions] in the
round when assessing the risk associated with a system or where scrutiny may need to be directed”. Ultimately,
INSYTE is seen as “Useful for safety assurance [...] particularly thinking of multi-stakeholder and multi-organisation
safety committees which convene over the life of a system.”

While fewer evaluators focused on INSYTE’s regulatory and certification potential, those who did emphasised it
strongly. A medical sector evaluator noted that INSYTE’s “structure and nuance for assessing Al which could support
more sophisticated and context-aware regulatory decisions,” could significantly advance current Al regulation, as
“there aren’t many regulators that attend to this breadth of issues within their regulatory scope.” An aviation sector
participant highlighted INSYTE’s ability to establish “standardised criteria for compliance and benchmarking.’
Furthermore, an automotive domain evaluator suggested INSYTE could serve as a “criticality assessment, similar
to Tool Classification Level or ASIL [(Automotive Safety Integrity Level)] in ISO 26262,” allowing standard bodies to
“tailor the requirements on the development and testing of the system based on the criticality level.” Regulators, they

2
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added, could then “tailor their level of assessment before granting a permit with regard to the criticality level of the
system being assessed.”

The answers on whether INSYTE could help with the determination of liability were mixed, with most saying
they could see it having ‘some’ value for this purpose. One evaluator, from the aviation domain, remarked that it
could help “document system performance, failure modes, and risk assessments” which, in turn, could support legal
accountability. Another participant, a medic, highlighted the risk to clinicians of being placed in the position
of being a safeguard on a machine, in a peripheral role, lacking active involvement in or understanding of the
system, but liable for its outcomes. Sometimes called the problem of clinicians acting as “liability sink” [71], this
issue could be spotlighted by INSYTE, showing through the other dimensions a system that would be intrinsically
difficult to supervise. It should be noted that none of the evaluators came from a legal background. The authors’
views on how INSYTE might inform decision on liability is given in the discussion in Section 6.2.7 below.

In the free-text responses to Q9, the evaluators identified some uses of the INSYTE framework that we had not
included as options. One medic highlighted that it would likely be useful in an after-the-event safety investigation.
Another medic thought the framework could be used in the training of staff to make them aware of potential
pitfalls of the system—or complexities they should have a deeper awareness of. An engineer thought that INSYTE
patterns could potentially be used as a summary of an upfront specification from organisations, indicating the
‘shape’ (or “pattern”) of the system they are expecting to receive, or are prepared to approve. Another evaluator
thought the system could be used to establish adopter readiness for a given system, and whether they have the
appropriate controls in place.

Finally, in the free-text responses to Q10, six evaluators responded. There were two clear themes. First,
instantiating the framework requires knowledge about, understanding of, and experience of the system. Cross-
expert and cross-stakeholder teams can help to address this. Second, the inclusion of multiple examples is
important to help users instantiate the framework.

Key insights from the answers to the usefulness questions (Q7 to Q10):

e The INSYTE framework has significant value, particularly for cross-stakeholder communication, decision-
making over the system lifecycle, safety assurance, and regulation;

o Evaluator responses were more mixed on the value of INSYTE to inform decisions about legal liability,
indicative of the ongoing international efforts to establish the details of such liability;

o The INSYTE framework provides a clear, well-structured basis for reflection and system comparisons;

o The whole-system classification offers a valuable, holistic perspective on system complexity;

o It allows risk-relevant characteristics, and combinations of characteristics, to be highlighted where otherwise
they might be overlooked,;

o The visual representation of a system on a radar chart is a highly compelling way to appraise a system overall
as well as focus on its key characteristics.

. J

6 DISCUSSION AND CONCLUDING REMARKS

Our aim for the INSYTE framework has been to address the shortcomings of current classification frameworks,
which are rigid, coarse-grained, prone to misuse, and often limited to certain systems. INSYTE offers a more
detailed way to classify agentic Al and applies to all Al-enabled systems — from decision-support to fully
autonomous, traditional to advanced — across all sectors. A key feature of INSYTE is its single-view visual repre-
sentation of a system: the INSYTE pattern, displayed on an eight-axis radar chart. Radar charts enable interested
parties to gain “an immediate sense of the big picture, as well as the detail for each individual variable.” [107]. These
INSYTE patterns support open communication among stakeholders, regardless of their technical background.
They are sufficiently detailed to yield insights for system designers and developers, yet intuitive enough for
non-technical stakeholders to grasp a system’s characteristics at a glance.
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6.1 Using the INSYTE framework

Stakeholders applying the framework will need knowledge and understanding of the system they are classifying.
Instantiating an INSYTE pattern should not require anyone to disclose proprietary information, but it does require
knowledge of the class of algorithms, the types of models, and the intended functionality of the system, as well as
sufficient understanding of a system’s complexity. As such, it is likely that INSYTE patterns will be most accurate
when the framework is applied by cross-functional teams, with each member bringing different expertise.

The level descriptions for each dimension provide an objective basis for applying the framework. Even so,
working through the process of applying INSYTE to a specific system still involves the exercise of careful
Jjudgement. For example, judgements need to be made about where to draw the boundaries of the system, about
the intended functionality of the system, and about its intended operating environment. Additionally, where
it is unclear which of two consecutive levels a system occupies on one of the eight dimensions, an option is to
select the higher level so as to avoid underestimating the risks associated with deploying it. The inclusion of a
justification table in the online worksheet—whereby users complete a brief explanation for the level selected for
each dimension—provides a basis for transparently communicating these judgements to recipients and observers.
Example justification reports are provided in Appendices A.1-A.3.

6.2 Benefits and uses of INSYTE

The INSYTE framework is intended to serve both descriptive and normative roles. Descriptively, it classifies
Al and Al-enabled autonomous systems and facilitates cross-disciplinary discussion. Normatively, it supports
communication, informs design and deployment, augments safety assurance, and structures system assessment
and regulation. The feedback from our evaluators confirms these intended uses. Here, we elaborate on the
potential usefulness of INSYTE, based on our own reflections, as shaped by the lessons drawn from the evaluation
of the framework.

6.2.1 A structure to illuminate the connections between system characteristics. By determining, for each of the
eight dimensions, at what level a given system should be described, INSYTE users explicate what the system is
intended to do (functionality dimensions), how (design dimensions), where (environment dimensions), and how
autonomously (operational independence dimensions). The framework then offers a basis for a comprehensive
synthesis of how these multiple variables combine, represented in the system’s INSYTE pattern. INSYTE patterns
can help to: illuminate connections between the eight characteristics, including interdependencies and reciprocal
effects; inform discussions about ideal and non-ideal couplings; and consider trade-offs, determining where
added complexity yields only negligible benefits. We anticipate that the paper and its supporting online tool will
stimulate and structure such future work. In this way, INSYTE may help designers, engineers, and developers to
explore the implications of different design concepts. Indeed, after working through this process, designers might
use INSYTE as a model or template to work towards, rather than just a framework to retrospectively apply to a
system to establish its classification.

6.2.2 A tool for cross-stakeholder communication and understanding. The evaluation of INSYTE validated this
potential use of the framework. As an illustration from the medical sector, health IT systems deployed in the
English National Health Service (NHS) must comply with two clinical risk management standards: the NHS Digital
Clinical Safety standards DCB0129 [28] and DCB0160 [29]. These standards require developers and clinicians to
come together in workshops to analyse clinical risks associated with the device and discuss mitigation. From
one author’s personal experience, when the device is an Al-based system, a disproportionate amount of time
in these workshops is spent addressing knowledge gaps and establishing a shared baseline of understanding
about a system. Participants can have ‘surprises’ about a system’s characteristics even once the workshops are
well underway. This challenge extends beyond healthcare to other regulated safety-critical domains. In these
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settings, knowledge imbalances are common, and INSYTE can play a valuable role in facilitating quicker, more
informed discussions. Crucially, its use does not require sharing proprietary information, allowing developers
and manufacturers to support these activities without compromising commercial advantage.

6.2.3 Atoolto illustrate research and development trajectories. The INSYTE framework can illustrate the difference
between past, current, and planned designs for systems. INSYTE patterns can show the comparative sophistication
of different systems. They can also illustrate the increasing sophistication of variants of the same system, as
the healthcare and infrastructure management examples show in Appendices A.2 and A.3, respectively. The
visualisation offers a simple basis for designers and engineers to say to others—perhaps in the board room— “the
plan is to move to Level 5 in this dimension,” or to show purchasers the more advanced characteristics new variants
of a system have.

While INSYTE can illustrate trajectories of research and development, it is important to understand that ‘higher’
on any dimension does not inherently mean ‘better’ [84]. ‘Better’ is a function of optimal, safe performance in
the intended context. Moreover, achieving the highest level on every dimension isn’t always feasible, and even
human experts rarely reach Level 5 across all aspects. Within the automotive domain, the Levels of Autonomy
have been criticised for engendering a culture that constantly strives for higher system autonomy [55, 117]. We
caution against interpreting the INSYTE model in the same way.

6.2.4 A tool to support the continuous monitoring of a system in operation. Displaying a system’s INSYTE pattern
on its user interface could powerfully support continuous operational monitoring. Users, such as clinicians or
pilots, could refer to it to see how a system’s characteristics and their combinations affect performance, enabling
them to provide structured feedback for iterative development. Furthermore, the INSYTE interface could be used
to reveal deviations between a system’s intended and actual use, potentially helping to reduce the gap between
work-as-done and work-as-imagined [54]. This may help users realign operations by intervening more or less
often, narrowing functionality, or altering the operating environment of a system in real time. INSYTE could also
provide real-time updates on a system’s adaptive autonomy—its planned variation in operational independence
during a mission [38]. It could even evolve to allow users to directly adjust system levels on its eight dimensions,
with appropriate safety guardrails.

6.2.5 A framework to support safety engineering and safety assurance. To reduce risk to “as low as reasonably
practicable” (ALARP) [52, 74] and to assure this in a safety case (an evidence-based argument that a system is
acceptably safe in a particular setting [12, 67, 106]), safety engineers need to take a contextual, ‘whole system’
perspective. Risk does not emerge in a vacuum; it often arises at the intersection of a system’s design, functionality,
and operating environment [19]. For instance, dangerous behaviour could arise from interactions between a
system’s adaptiveness, its diverse outputs, and a dynamic environment. INSYTE offers a template for thinking
about hazards, risks, and mitigations at these boundaries, enabling risk to be considered “in the round” and
categorised.

Safety engineers could identify specific risks associated with particular INSYTE patterns and then establish
what mechanisms are available to reduce risk arising from those patterns. For example, we might reduce intended
environmental diversity or dynamism, increase or decrease human oversight, or manage the inherent complexity
associated with certain functionalities. The high level of the INSYTE framework’s abstraction (e.g., through
the language used in the level descriptions) makes it applicable to a wide range of sectors, helping to support
consistent classification across sectors. To make it useful for specific industries, INSYTE could be adapted to align
with established sector-specific safety methods. For example, in the automotive sector, it could help us formally
describe the safety features of a driving situation based on physical models of driving dynamics.

INSYTE patterns can also indicate when the expectations on the human-in-the-loop are too demanding [9, 71].
For example, systems that score highly on depth of functionality (axis 4) are unlikely to be ones that users, even
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expert users, are able to verify as functioning correctly in real time. Thus, INSYTE can spotlight over-reliance on
the human to prevent hazards and mitigate risk during operation [86], indicating where alternative solutions
should be considered.

6.2.6 A better system of regulatory classification. Several nations and jurisdictions are developing risk-based
regulatory regimes for Al Some, like the EU, Canada, South Korea, and Brazil, are working towards risk-based
“hard law” with legally binding regulations [14, 91, 92, 125]. Others, such as the UK and Japan, are pursuing
risk-based “soft law” through non-binding guidelines [26, 48]. These risk-based frameworks classify Al systems by
the criticality of their application domain, with systems in safety-critical sectors classified as high-risk. However,
the INSYTE framework can show when a high-risk system (based on the criticality of application domain) is in
fact low on dimensions like underspecification or environmental dynamism. Such a system is therefore less likely
to cause (unforeseen) harm, incurs less uncertainty, and is more controllable, than a high-risk system embodying
higher levels on these dimensions. INSYTE’s dimensions can therefore help to improve upon simplistic risk-based
legislative categories; INSYTE patterns could even be used to calculate a global risk score for regulators and
insurers.

Many Al regulations are also principles-based, focusing on human values and ethical principles, such as fairness
[26, 93, 125]. Consideration of a system’s level on the underspecification and two environment dimensions of the
INSYTE framework, alongside use of tools like model cards [85], could help to determine how rigorously a system
should be tested for bias,for instance in underspecified systems where data shift is a concern. Furthermore, some
sector-specific bodies, like in the maritime domain [63], base regulatory oversight on a system’s autonomy level.
INSYTE can offer a more nuanced perspective on autonomy, identifying risk-relevant characteristics that may
otherwise be overlooked.

6.2.7 A tool to assist courts when considering liability. There are two ways in which the INSYTE framework could
also be useful when considering designer liability and product liability. First, it could help define a designer’s
duty by identifying when characteristics—like underspecification, adaptiveness, or environmental diversity—
make harm unusually likely for a system’s product class. Reaching specific INSYTE thresholds might even
trigger regulatory re-certification for updated Al systems. We postulate that this might usefully complement the
thresholds in Frontier Al Safety Frameworks; which are heavily focused on the capability of the model in one
particular aspect, e.g., cybersecurity [7]. Second, the framework could assist legal professionals in retrospectively
assessing harm foreseeability after an incident, indicating if risk mitigation was inadequate given the system’s
INSYTE pattern.

6.3 Concluding remarks

The INSYTE framework enables a nuanced, granular classification of Al and Al-enabled autonomous systems,
which aligns with the widely used OECD definition of a deployed Al system. The ability to classify and assess a
range of such systems on INSYTE'’s eight dimensions, and to represent this on a radar chart, offers fertile ground
for future research and to support multiple activities concerning their communication, design, development,
deployment, and regulation. As frontier Al technologies continue to evolve, their applications continue to diversify,
and as the standards and regulations governing their use are being developed and agreed upon, our framework
will require further assessment and may need fine-tuning to maintain its applicability to the entire spectrum of
Al systems enabled by such advances—a task that we plan to monitor closely and address as needed.
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APPENDIX A INSYTE APPLICATION EXAMPLES

The eight dimensions are each represented as an axis on the radar chart that the INSYTE framework uses. Here,
we illustrate how the INSYTE framework culminates in the visual representation of a system’s combinatorial
position on each of these axes (its “INSYTE pattern”). These worked examples come from the ongoing research
and development activities of some of the paper’s authors and their research collaborators. Both for transparency
and to ensure the examples are a useful resource for stakeholders applying INSYTE to their own systems, we
include the justifications report for each set of INSYTE patterns.

A.1  Automotive sector example: Automated Driving Components

Imagine that a technology corporation designs, develops, and manufactures automated driving components for
vehicle manufacturers to assemble and integrate into a modular automated driving system. Its offering comprises
three components that exemplify increasing complexity.

First, there is Automated Emergency Braking (AEB),

1 2 which performs emergency braking at different speeds,
Underspecification Adaptiveness . . 4
relying on machine-learnt perception models for the de-
5 tection of vehicles, pedestrians, and cyclists. The INSYTE
4 pattern for this component is given in Figure A.1.
8 3 3 Second, there is Highway Pilot Overtaking (HPO),
Oversight 2 / Breadth of . § . .
Independence T functionality which performs variants of overtaking and lane-level driv-
T \ ing behaviour, proactively adapting to foreseen uncer-
° i tainties on the highway, such as varying traffic density,
\ speed changes, and lane availability. Third, there is Traf-
: : fic Intersections (TI), which navigates complex, dynamic
7 \ ' / 4 intersections such as T-junctions, roundabouts, four-way
Tndependence fuanfitohnﬁity stops, and signal-free shared spaces. The INSYTE pattern

for the HPO and TI components are given in Figure A.2.
The supporting justifications report is given in Table A.1.

6 5
Environmental Environmental
Dynamism Diversity

Fig. A.1. INSYTE pattern for the AEB component
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1 2 1 2
Underspecification Adaptiveness Underspecification Adaptiveness

8 3 8 3
Oversight Breadth of Oversight Breadth of
Independence /functionality Independence functionality
7 4 7 > 4

Intervention Depth of Intervention Depth of
Independence functionality Independence functionality
6 5 6 5
Environmental Environmental Environmental Environmental
Dynamism Diversity Dynamism Diversity

Fig. A.2. INSYTE patterns for the HPO (left) and TI (right) components
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Table A.1. Justification Report for AEB, HPO, and Tl

System Justification Report

Automated Emergency Breaking
(AEB)

Level 1

AEB is primarily rule-based in its
decision logic, but incorporates
machine-learned perception models
for object detection.

Level 2

AEB reacts to multiple known types
of uncertainty (e.g., sudden braking,
obstacle appearance) using
predefined tactics like braking
thresholds and TTC calculations, but
does not adapt dynamically beyond
that.

Level 1

AEB performs variants of one task
type - collision mitigation - across
different speeds and object types, but
it fulfils only a narrow decision
criterion (emergency braking).

Level 2

AEB performs simple but fast
decision-making using fixed logic and
sensor inputs; depth is limited to
threshold-based or simple
ML-enhanced detection.

Level 2

AEB typically deals with a few types
of environmental element (vehicles,
pedestrians, cyclists) and has limited
interaction locic (e.g., brake if TTC <
threshold).

Level 2

AEB deals with sudden changes (e.g.,
vehicles stopping), but typically only
one or two factors (e.g., speed or
distance) vary at a time, and the rest
remain stable.

Level 3

AEB operates autonomously during
emergencies, but it is not involved in
extended driving so it requires no
intervention except for occasional
resets or disengagements.

Level 2

AEB typically functions without
human oversight, but its
interventions (e.g., sudden braking)
are occasionally flagged for review

Highway Pilot Overtaking (HPO)

Level 3

HPO decisions are typically driven by
learned models trained on driving
data, although some constraints
remain rule-encoded.

Level 4

HPO system proactively adapts to
multiple foreseen uncertainties (e.g.,
varying traffic density, speed changes,
lane availability) using both
predefined and dynamic planning
tactics, such as trajectory replanning
and vehicle intent prediction.

Level 3

HPO performs multiple related tasks
such as lane change, speed
adaptation, and safe distance
maintenance - variants of overtaking
and lane-level driving behaviour

Level 4 ‘
HPO must continuously predict other
vehicles’ behaviour, assess dynamic
risk, plan smooth trajectories, and
optimise for timing, all in real time.

Level 4

HPO operates in diverse highway
environments with many elements
(cars, trucks, lane types, road signs)
and undertakes complex interactions
with them (e.g., merging, overtaking,
and risk-aware negotiation)

Level 4

HPO faces dynamic traffic flow,
merging, overtaking, and lane
changes - often involving high speed
or high magnitude changes, with
medium frequency

Level 2

HPO handles overtaking without
continuous human intervention, but
may require occasional input (e.g., for
unclear traffic behaviour, unusual
merging situations) to ensure safe
execution.

Level 1

HPO is only allowed to operate under
active human supervision. Regular
operator monitoring (e.g., during
development testing or supervised
trials) ensures overtaking remains
within safe bounds.

Traffic Intersections (TI)

Level 3

Tl decisions rely on learned policies to
navigate complex, dynamic
intersections, with only partial
reliance on explicit traffic rules.

Level 5

Tl continuously adapts to a wide
variety of complex, multi-agent
environments and can improve its
behaviour through online learning or
policy updates when encountering
unforeseen traffic configurations or
behaviour patterns.

Level 5

Tl performs many variants of
different task types (stopping,
yielding, merging, unprotected turns,
crosswalk negotiation, emergency
manoeuvring, and multi-agent
interaction) across varied intersection
forms. It also fulfils multiple decision
criteria: safety, legality, time
efficiency, and compliance with local
driving norms.

Level 5

Tl integrates deep, multi-layered
reasoning (complex multi-agent
negotiations, prediction of intent and
behaviour, uncertainty-aware
planning, and hierarchical task
decomposition). It dynamically
reasons over conflicting goals, while
handling ambiguous traffic patterns.

Level 5

Tl must handle unbounded
environment types (e.g., various
intersection layouts, agent types,
signal systems) with a vast range of
possible interactions between
vehicles, pedestrians, cyclists, and
other road users

Level 5

TI must handle high-frequency,
high-speed, and high-magnitude
changes simultaneously (e.g, sudden
pedestrian crossings, vehcile
right-of-way shifts, signal phase
changes), especially in dense urban
intersections.

Level 1

Due to high environmental
complexity, the Tl system cannot
reliably operate without frequent
intervention or guidance, especially in
ambiguous or non-standard
intersection scenarios.

Level 0

Tl operates in highly dynamic and
uncertain environments. It is is still in
an early development stage or under
close test control, requiring
continuous human monitoring during
operation for safety assurance.
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A.2  Healthcare sector example: Clinical Conversational Assistant (CLARA)

CLARA is a cloud-based clinical conversational assistant that conducts automated natural-language voice calls
with patients, replacing human interaction. It conducts task-based clinical conversations, guides patients through
clinical pathways (e.g., checking for post-operative complications), and flags cases requiring human follow-up.
Advanced versions of CLARA can generate call summaries and initiate and execute downstream actions. The
INSYTE diagrams clarify how different versions of such an agent may exhibit different dimensions of autonomy;,
depending on their classification.

The first version, CLARA 1, completes a single task-based clinical conversation (e.g., checking for pre-defined
complications following a specific type of routine surgery). It relies on fine-tuned text classifiers that use natural-
language processing (NLP) models, such as Bidirectional encoder representations from transformers (BERT), to
classify patient inputs into pre-defined ‘intents’. Every conversational ‘pathway’ is scripted. The second version,
CLARA 2, is powered by a single Large Language Model (LLM)-based agent that receives instructions via a
prompt. It completes a single task-based clinical conversation in a more nuanced and adaptive way; it also
provides explanations of its outputs (i.e., decision whether significant or insignificant symptoms), conversation
summaries, and a recommendation on the urgency of a patient review. CLARA 3 is powered by'a hybrid system.
It combines the strengths of LLMs (prompted to do specific tasks like “understand the patient” or “generate
a coherent next sentence”) with deterministic, logic-based rules and algorithms to conduct the conversation.
This design leverages LLMs for fluent speech and understanding a range of speech without extensive training
data, while ensuring the verifiability of well-specified components. CLARA 4 is an ‘agentic’ Al system. Multiple
LLM-based agents conduct the task-based clinical conversation, while individual agents are provided with ‘tools’
so that CLARA 4 can also order tests, book scans, make follow-up appointments, and prescribe medicine as
actions arising from the conversation.

The INSYTE patterns for these four versions are presented in Figure A.3, with the supporting justifications
report in Table A.2.
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Table A.2. Justification Report for the four versions of CLARA

CLARA 1

Level 1

System is primarily rule-based,
but classification of patient
responses is partly learned
from data. Conversation flows
are pre-specified.

Level 1

System reacts to single type of
uncertainty (unclear patient
utterances) based on
predefined adaptation tactics
(repeat, restate, fallbacks).

Level 1

System conducts a single
clinical conversation, involving
a few output types (e.g.,
classifications of symptom
significance, reasoning,
responses) and one decision
criterion (flag for human
follow up).

Level 2

Task involves many routine
sub-tasks (extract information,
classify responses, match
intents, generate and
synthesise text/speech, decide
symptom significance, and flag
patient for follow-up).

Level 1

Few types of interacting
element in the environment
(system, patient, clinical
pathway, overseeing clinician).
The clinical conversation is the
main source of environmental
complexity.

Level 1

System released as a medical
product and is constant.
Conversational environments
are restricted in change
frequency and magnitude due
to pre-scripted flows.

| Level 4

Clinician identifies who
receives CLARA call and
follows up with patients
flagged. No intervention
during the call itself.

Level 2

Varies by clinical risk of
specific pathway, but regular
cl an review required by
regulation, especially for key
decision factors (e.g., symptom
classification). The system also
flags unclassifiable cases.

System Justification Report

CLARA 2

Level 2

Single-prompt LLM-based
system has been encoded
within minimal rules. Most of
the clinical conversation has
been learned from unlabelled
data with some ‘few-shot’
examples.

Level 4

System proactively reacts to
multiple, foreseen types of
uncertainty (e.g. patient
chit-chat) using highly
dynamic adaptation tactics
(e.g. engaging to build rapport,
but steering to key symptoms)
based on a pre-defined goal.

Level 2

System conducts variants of a
clinical conversation, involving
a few output types and task
types (conversation,
explanations, call summaries),
and a few decision criteria
(flag for follow up, uncertain
outcomes).

Level 4

Task involves simultaneous
sub-tasks and interconnected
decisions (e.g., next question,
red flags, answers,
conversation end). Complexity
of steps hard to define as
‘black box’ system.

Level 1

Few types of interacting
element in the environment
(system, patient, clinical
pathway, overseeing clinician).
The clinical conversation is the
main source of environmental
complexity.

Level 3

System releases may occur
more frequently because it
requires significantly less data
to address new patient cohorts,
move into new hospitals or
clinics, or quickly adjust to big
changes in patient behaviour.
Level 4

Clinician identifies who
receives CLARA call and
follows up with patients
flagged. No intervention
during the call itself.

Level 2

Varies by clinical risk of
specific pathway, but regular
clinician review required by
regulation, especially for key
decision factors (e.g., symptom
classification). The system also
flags unclassifiable cases.

CLARA 3

Level 3

Hybrid ‘deterministic
backbone’ explicitly codifies
requirements into sub-goals.
Beyond that, system learns to
classify intents and generate
responses based on a few
examples.

Level 3

System reacts to a few,
foreseen uncertainty types (e.g.
patient chit-chat) using both
predefined (e.g. engaging once,
then returning to next
specified task) and dynamic
(e.g. chit-chat about any
appropriate topic) tactics.
Level 2

System conducts variants of a
clinical conversation, involving
a few output types and task
types (conversations,
explanations, call summaries),
and a few decision criteria
(flag for follow up, uncertain
outcomes).

Level 3

Task involves many sub-tasks,
some of which are routine (text
extraction and rule-based
conversation coordination) and
others complex (reasoning and
coordination of multiple

‘ sub-components (agents)).

Level 1

Few types of interacting
element in the environment
(system, patient, clinical
pathway, overseeing clinician).
The clinical conversation is the
main source of environmental
complexity.

Level 3

System releases may occur
more frequently because it
requires significantly less data
to address new patient cohorts,
move into new hospitals or
clinics, or quickly adjust to big
changes in patient behaviour.

Level 4

Clinician identifies who
receives CLARA call and
follows up with patients
flagged. No intervention
during the call itself.

Level 2

Varies by clinical risk of
specific pathway, but regular
clinician review required by
regulation, especially for key
decision factors (e.g., symptom
classification). The system also
flags unclassifiable cases.

CLARA 4

Level 4

Agentic LLM-based system
mostly infers intended
function from high-level
objectives, with some learning
from data and trial and error.

Level 4

System proactively reacts to
multiple, foreseen types of
uncertainty (e.g. patient
chit-chat, changes in scan
availabilities) using highly
dynamic adaptation tactics
based on a pre-defined goal. |

Level 4
System performs variants of
many different task types
(conversations, explanations,
call summaries, and follow-up
actions, such as ordering scans
and tests, and prescribing
medicine).

Level 5

Task involves many very
complex sub-tasks and steps
(e.g., booking MRI scan
involves multi-step planning
and compliance with
guidelines and protocols). The
integration of sub-tasks
requires deep processing.

Level 4

Many types of interacting
element in the environment
(system, patient, clinical
pathway, overseeing clinician,
other systems, other
healthcare workers, other
clinical guidelines).

Level 3

System can operate in new
environments easily, but
regulations limit rapid,
frequent changes. However, the
magnitude of those changes
can be high (e.g., interpreting
X-rays or making referrals).

Level 5

Clinician identifies who
receives CLARA call and
follows up with patients
flagged. No intervention
during the call, but clinician

“signs-off” downstream tasks

as required by regulation.

Level 1

Varies by clinical risk of
specific pathway, but regular
clinician review required by
regulation, especially for key
decision factors (e.g., symptom
classification) and execution of
downstream tasks. The system
also flags unclassifiable cases.

[JCLARA 1 [[1CLARA 2 [ CLARA 3
CLARA 4
1 2
Underspecification Adaptiveness
5
8 3
Oversight Breadth of
Independence functionality
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A.3 Infrastructure Management sector example: Solar-farm Condition Analysis and Error
Recognition Robot (SCANNER)

The SCANNER robot (Solar-farm Condition ANalysis aNd Error Recognition Robot) an autonomous robot for
inspecting solar farms. A maintenance service company owns a number of these four-wheeled robots. They are
deployed from the company’s warehouse to various solar farm sites, where their mission is to identify issues
like dirty or malfunctioning solar panels, weed overgrowth, and structural defects such as corrosion. The robots
have two sets of onboard sensors: one set for navigation and one for inspection. Each robot has a stored map
(occupancy grid) of the solar farm. The robots are equipped with software for mission planning, autonomous
navigation (including obstacle avoidance), panel inspection, and to issue alerts if they need assistance. When a
panel defect is detected, the robots store relevant sensor and geolocation data for later analysis.

There are four versions of SCANNER. The first version, SCANNER 1, operates with a pre-defined mission. It is
given an ordered set of waypoints and is tasked with planning and navigating that exact path. Human operators
remotely monitor the robot’s telemetry data and can intervene or teleoperate it if needed, using WiFi or the
global carrier network (4G or 5G). The second version, SCANNER 2, is given an unordered set of waypoints as a
connected (directionless) graph and must plan a path that visits each connection (Chinese postman problem [83]).
This allows it to survey a defined section or the entire solar farm. It is also remotely monitored. The third version,
SCANNER 3, has the same functionality but it operates without real-time human oversight. It has built-in safety
margins and fallback procedures to handle hazardous situations, and can call for help in an emergency using WiFi
or the global carrier network. The most advanced version, SCANNER 4, is only given an outline of a solar farm
section. It autonomously determines the most effective way to cover that area and perform a complete inspection.
It also has built-in safety margins and fallback procedures and can initiate an emergency call for assistance. The
INSYTE patterns for these four versions are shown in Fig. A4 and the justification report is in Table A.3.
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Dimension

1 - Underspeci-
fication

2 -
Adaptiveness

3 - Breadth of
functionality

4 - Depth of
functionality

5 -
Environmental
diversity

6 =
Environmental
dynamism

7 —
Intervention
independence

8 — Oversight
independence

INSYTE: A Classification Framework for Traditional to Agentic Al Systems

Table A.3. Justification Report for four versions of SCANNER

SCANNER 1

Level 1

System navigates between
ordered waypoints using
simple path-planning
(Dijkstra’s algorithm) and
rule-based collision
avoidance algorithms.
Panel inspection uses
supervised classification
(labelled data).

Level 3

System given map of main
obstacles. It sometimes
reacts to multiple known
types of uncertainty
including new obstacles
(e.g., wildlife), changing
light levels or sensor faults
using predefined rules.

Level 3

System does several task
types (path following
between ordered waypoints,
obstacle avoidance,
collecting sensor data to
allow human oversight, and
collecting and analysing
sensor data to inspect
panels with variants for
hotspots, dirt, cracks and
corrosion variants).

Level 2

System performs simple but
fast decision-making using
fixed rules, ML
classification and sensor
inputs. Depth is limited to
thresholding and simple
ML-enhanced detection.

Level 2

System encounters: panels,
cables, terrain, limited flora
and wildlife. It does not
interact with-other systems
or humans.

Level 4

System deals with some
quick and medium
magnitude changes in the
environment (wildlife and
light-level changes). Other
changes are slow.

Level 3

Human operator intervenes
rarely, to correct navigation
mistakes.

Level 1

Human operator regularly
monitors the sensor data
gathered by the robot.

System Justification Report

SCANNER 2

Level 2

System navigates between
unordered waypoints using a
traditional algorithm (e.g., A*
graph search) and ML-based
collision avoidance algorithms.
Panel inspection uses
supervised classification
(labelled data).

Level 4

System given map of main
obstacles. It sometimes
proactively adjusts its path
between unordered waypoints
to avoid new obstacles or
uneven terrain. It adapts to
changing light levels and
sensor faults using dynamic
adaptation tactics. It can
update the ML models after
each inspection mission.

Level 3

System does several task types
(path planning, obstacle
avoidance, collecting sensor
data to allow human oversight,
collecting and analysing sensor
data for hotspots, dirt, cracks
and corrosion variants and
post-hoc model updating).

Level 3

System performs fast
decision-making with multiple
sub-tasks to adapt its path to
avoid collisions using sensor
inputs, including predicting
dynamic obstacle trajectories
and optimising its trajectory.
Inspection uses ML
classification.

‘ Level 3

System encounters: panels,
cables, diverse terrain, diverse
flora and wildlife. It interacts
with human maintenance
workers.

Level 5

System deals with some quick
and medium/high magnitude
changes in the environment
(movement of humans, robots,
wildlife, light changes). Other
changes are slow.

Level 3

Human operator intervenes
rarely, to correct navigation
mistakes.

Level 1

Human operator regularly
monitors the sensor data
gathered by the robot.

SCANNER 3

Level 3

System navigates between
unordered waypoints using a
traditional algorithm (e.g., A*
graph search) and ML-based
collision avoidance algorithms.
Panel inspection uses
supervised classification
(labelled data).

Level 4

System given map of main
obstacles. It sometimes
proactively adjusts its path
between unordered waypoints
to avoid new obstacles or
uneven terrain. It adapts to
changing light levels and
sensor faults using dynamic
adaptation tactics. It can
update the ML models after
each inspection mission.

Level 3

System does several task types
(path planning, obstacle
avoidance, detecting failures
and transmitting alerts,
collecting sensor data to allow
post hoc human oversight,
collecting and analysing sensor
data for hotspots, dirt, cracks
and corrosion variants, and
model updating).

Level 3

System performs fast
decision-making with multiple
sub-tasks to adapt its path to
avoid collisions using sensor
inputs, including predicting
dynamic obstacle trajectories
and optimising its trajectory.
Inspection uses ML
classification.

Level 3

System encounters: panels,
cables, diverse terrain, diverse
flora and wildlife. It interacts
with human maintenance
workers.

Level 5

System deals with some quick
and medium/high magnitude
changes in the environment
(movement of humans, robots,
wildlife, light changes). Other
changes are slow.

Level 4

Human operator only
intervenes in an emergency
situation, when requested by
the system.

Level 3

Human operator reviews the
sensor data after each mission,
to check whether the onboard
ML models need updating.

SCANNER 4

Level 5

System given a high-level
objective (survey area within
specified boundary), and plans

route using RL algorithms, having

been trained in a partially
specified environment. Panel

inspection is supervised (labelled)

and unsupervised (unlabelled).

Level 5

System only has a partial map of
obstacles to avoid. It proactively

plans and adjusts its route using

dynamic adaptation tactics, avoids
new obstacles, and adapts to light

level changes,sensor faults and
changing terrain. For high
environmental uncertainty, it
reacts with safe fallbacks. It

updates the ML models after each

inspection mission.

Level 4
System performs several task
types (overall route and adaptive

path planning, obstacle avoidance,

detecting and responding to

sensor failures (multiple variants),
transmitting alerts, collecting and

analysing sensor data (multiple
variants), and collecting sensor
data to update the models post
hoc).

Level 4

System proactively plans a route
adapted to the current situation
using deep reasoning RL and
performs fast decision-making to
adapt its path to avoid collisions
using prediction of intent and

behaviour, and uncertainty-aware

planning. It uses
uncertainty-aware classification
for inspection.

Level 3

System encounters: panels, cables,

diverse terrain, diverse flora and
wildlife. It interacts with human
maintenance workers.

Level 5

System deals with some quick and
medium/high magnitude changes
in the environment (movement of

humans, robots, wildlife, light

changes). Other changes are slow.

Level 4

Human operator only intervenes
in an emergency situation, when
requested by the system.

Level 5

Human operator only downloads
sensor data after an unsuccessful
mission, to identify system
failures and check whether ML
models need updating.
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[] SCANNER 1 [] SCANNER 2 [| SCANNER 3  [] SCANNER 4
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Fig. A.4. INSYTE patterns OC nts of the SCANNER robot
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