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Abstract

Enterprise investment in artificial intelligence has reached an unprecedented scale across
national, regional, and organisational levels of the economy, yet transformation outcomes
remain highly variable. Recent global research indicates that the majority of enterprise
Al investments produce no measurable profit-and-loss impact, with only a minority of
organisations extracting material enterprise-level value. Without an integrated classifi-
cation framework that allows enterprises to deploy, govern, and create value from the
full range of Al technologies and autonomy levels across enterprise functions, the risks
of misallocated investment, fragmented deployment, and unrealised return remain diffi-
cult to mitigate. A structured literature review on Al classification reveals that existing
frameworks do not integrate Al technology types, operational autonomy levels, and con-
crete enterprise applications in a single classification structure that can support enterprise
Al-driven transformation decisions. To address this gap, this paper proposes the En-
terprise Al Classification Framework, a novel classification model that integrates six Al
technology types with six autonomy levels in a 6 x 6 matrix of 36 combinations, each
corresponding to concrete business applications across enterprise functions. A computa-
tional pilot study (n = 20 cases for case-based coding validation and 12 LLM-simulated
personas x 30 vignettes for role-specific hypothesis pre-specification) provides preliminary
evidence of substantially higher classification coverage than four baseline frameworks
and pre-specifies role-divergence hypotheses for a planned empirical validation, with all
design choices locked in an OSF pre-registration; reliability point estimates exceed the
pre-specified « > 0.70 threshold at the pilot scale, with bootstrapped confidence intervals
expected to tighten under the full-corpus run in the follow-up study. An interview-based
empirical validation with approximately 250 decision-makers and practitioners across
20 industries is in preparation.

Keywords: artificial intelligence; Al classification framework; enterprise transformation;
Al autonomy levels; Al technology types; digital transformation; enterprise Al

1. Introduction
1.1. The Business Risk of Al Transformation Without Adequate Classification

The use of artificial intelligence (Al) is a defining strategic question of the current
decade at every level of economic organisation. National governments articulate Al strate-
gies as instruments of long-term industrial policy. China’s 15th Five-Year Plan for National
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Economic and Social Development (2026-2030), adopted by the National People’s Congress
on 12 March 2026, places Al at the centre of national strategy and calls for progress on the
comprehensive “Al+” action plan, which was articulated by the State Council in 2024 and
2025 and is carried forward across science and technology, industrial development, con-
sumption, public services, governance, and international cooperation [1]. Regional bodies
are deploying capital and regulatory architecture at scale. The European Union’s Artificial
Intelligence Act, Regulation (EU) 2024/1689, was adopted by the European Parliament
and the Council on 13 June 2024 and published in the Official Journal of the European Union
on 12 July 2024 as the first comprehensive horizontal binding legal framework on AI [2].
The InvestAl initiative, launched by the European Commission at the AI Action Summit
in Paris on 11 February 2025, mobilises €200 billion of investment in Al, including a new
European fund of €20 billion for Al gigafactories [3]. InvestAl is complemented by the
Al Continent Action Plan, COM(2025) 165 of 9 April 2025 [4], and the Apply Al Strategy,
COM(2025) 723 final of 8 October 2025 [5]. Member states have supplemented this archi-
tecture with national commitments, including the announcement by the president of the
French Republic at the Paris Al Action Summit on 10 February 2025 of €109 billion in
private, foreign and French investment commitments in Al in France [6]. The classification
and deployment of Al is now a universal strategic question, and the answer at each level
shapes the economic trajectory of nations, regions, and organisations of every size.

At the enterprise level, this strategic investment translates into specific business risks.
A board commissioning Al transformation without a classification framework faces misal-
located investment in Al technologies poorly matched to their applications, fragmented
deployment in which Al systems proliferate in isolated pilots without enterprise coher-
ence, misaligned expectations between board, functional leaders, and technical teams,
regulatory exposure under the EU Al Act and comparable frameworks that require cat-
egorised and auditable Al deployment, competitive disadvantage relative to peers who
classify and deploy Al systematically, and transformation failure in which Al projects do
not survive beyond the pilot stage. These risks are not theoretical. Recent practitioner
research—institutional grey literature and consultancy surveys rather than peer-reviewed
empirical work, but consistently triangulating the same underlying market signal across
independent data sources—documents the gap between enterprise Al investment and
measurable financial impact. The MIT Project NANDA report The GenAl Divide: State of
Al in Business 2025 [7] reports that after $30—40 billion of enterprise spend, approximately
95% of organisations are seeing no measurable profit-and-loss impact from generative Al,
with only 5% of integrated Al pilots extracting millions in value. Gartner projected that
over 40% of agentic Al projects will be cancelled by the end of 2027, citing escalating costs,
unclear business value, and inadequate risk controls [8]. The McKinsey Global Survey on
the state of Al 2025, with 1993 respondents across 105 nations, found that nearly two-thirds
of organisations have not yet begun scaling Al across the enterprise, and that even among
the minority reporting any EBIT impact from Al, most attribute less than 5% of EBIT to
its use [9]. The MIT CISR Building Enterprise AI Maturity briefing, drawing on the Octo-
ber 2022 MIT CISR Future Ready Survey of 721 companies, found that enterprises in the
first two stages of its four-stage Al maturity model performed below industry average
on financial measures, while enterprises in stages three and four performed well above
industry average [10]. A systematic literature review of artificial intelligence maturity
models found a substantial proliferation of competing models, the majority of which are
domain-specific, and concluded that no unified framework spans the full set of Al tech-
nology types [11]. The peer-reviewed evidence reaches the same conclusion from several
directions. Enholm et al. [12], reviewing the literature on Al and business value, trace
value to organisational and deployment complementarities, not to buying the technology;

https://doi.org/10.3390/info17070646


https://doi.org/10.3390/info17070646

Information 2026, 17, 646

3 0f 36

Mikalef and Gupta [13] show empirically that the performance gains accrue to firms with
a measurable Al capability built from tangible, human, and intangible resources, not to
firms that merely spend on AL The productivity returns are real but unevenly shared: Noy
and Zhang [14] measure a 40% cut in task time and an 18% gain in output quality on a
controlled writing task, and Brynjolfsson, Li, and Raymond [15] measure a 15% average
lift in customer-support productivity that rises to 34% for novices and is negligible for
experts. The exposure is economy-wide, not sectoral—Eloundou et al. [16] estimate that
large language models touch a substantial share of tasks across most occupations—which
is exactly why the deployment question this paper addresses is a general one. Collins
etal. [17], surveying Al in information systems research, name the missing piece directly:
integrative frameworks that connect Al capabilities to how the enterprise actually deploys
them. Investing in AI does not by itself produce transformation; the capacity to classify,
structure, and deploy Al across the enterprise is what distinguishes the organisations that
realise the return on Al investment from those that do not.

A central cause of these risks is a knowledge gap. Business leaders commissioning Al
transformation face questions their existing frameworks cannot answer: which types of Al
technology exist, at what level of autonomy each could operate, and what concrete appli-
cations of these combinations look like across enterprise functional areas. The academic
literature on Al classification, surveyed in Section 2 of this paper, is substantial but largely
written for technologists, researchers, and regulators. This paper proposes a classification
framework at the enterprise level, where the question is most immediately operational.
A fourth adjacent area, Al governance, encompassing risk management, accountability
structures, ethical oversight, and compliance frameworks, is complementary to classifica-
tion but methodologically distinct, and is not integrated into the present study. Each of
these works organises a facet that classification deliberately leaves alone. Newman [18]
builds a taxonomy of trustworthiness that ties properties such as reliability, safety, and ac-
countability to the stages of the Al lifecycle and to risk management practice. Abercrombie
et al. [19] classify systems by the harms they produce rather than by their technical type.
Bagehorn et al. [20] map Al risks to the resources and tooling that mitigate them. One level
up, the systematic reviews of Méantymaki et al. [21] and Birkstedt et al. [22] consolidate
organisational Al governance and report that the field does not yet share a settled definition.
The division of labour is clean: the present framework classifies what an Al deployment is;
this literature classifies how it should be controlled. The two layers interoperate, and we
keep them apart on purpose.

1.2. Research Questions
Three research questions, sequenced as survey, gap, and proposal, frame this paper.

RQ1. Which AI classification frameworks and approaches are available for Al-driven
enterprise transformation?

RQ2. What are the current research gaps in Al classification frameworks for Al-driven
enterprise transformation?

RQ3. Which new Al classification framework can address the identified gaps to support
Al-driven enterprise transformation?

RQ1 is addressed in Section 2 (the structured literature review) and consolidated in
Section 4.1. RQ2 is addressed in Section 4.2, which presents the gap analysis. RQ3 is
addressed in Section 4.3, which proposes the Enterprise Al Classification Framework, and
is reinforced in Section 4.4 through a structured comparison with prior work.
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1.3. Contribution and Structure of This Paper

This paper proposes the Enterprise Al Classification Framework: a classification struc-
ture for Al across the enterprise, consisting of a two-dimensional matrix that combines
six Al technology types with six autonomy levels. The thirty-six-combination matrix is
populated with concrete business application examples drawn from enterprise functional
contexts. The framework makes three contributions. The theoretical contribution is the
integration of Al technology types and autonomy levels in a single classification structure
at the enterprise deployment unit of analysis. The closest historical precedent builds on
the levels-of-automation scale of Sheridan and Verplank [23]: Parasuraman, Sheridan, and
Wickens [24] pair a types-like axis (cognitive processing stages: information acquisition,
information analysis, decision and action selection, action implementation) with those
autonomy levels within a single automated system; the present framework re-grounds an
integration of the same general form at the enterprise unit of analysis, replacing cognitive-
processing-stage types with Al-as-deployed technology types and populating the matrix
with concrete enterprise-function applications. The novelty of the present framework con-
sists precisely in this re-grounding and the cross-stream synthesis it enables; an architecture
of this form is not present across the three research streams reviewed. The methodological
contribution is the translation of technically grounded classification into a form designed
for business use, populated with applications business leaders recognise. The practical
contribution is an operational framework for enterprises commissioning Al transformation,
providing boards, functional leaders, and technical teams with a shared taxonomy through
which AI deployment can be described, located, and discussed in consistent terms.

The remainder of this paper is organised as follows. Section 2 reviews the existing
literature across three research streams. Section 3 sets out the methodology of the review
and the framework construction approach. Section 4 presents the principal findings: a
consolidated summary of the literature reviewed (Section 4.1), the gap analysis (Section 4.2),
the Enterprise Al Classification Framework (Section 4.3), and a structured comparison with
prior frameworks (Section 4.4). Section 5 reports a computational pilot study evaluating
the framework. Section 6 discusses the contributions and limitations. Section 7 concludes
this work.

2. Structured Literature Review

The classification of Al systems for enterprise transformation can be drawn from
different research streams: automation and autonomy foundations, Al taxonomies and
capability classifications, and enterprise and generative Al frameworks. Each stream
has produced frameworks with their own internal logic and methodological conventions.
None has combined the elements of Al technology types, autonomy levels, and enterprise
transformation classification in a single integrated framework. This section reviews each
stream in turn, describing the contributions of the cited works and identifying the structural
absences they reveal in the domain of Al-driven enterprise transformation. The cross-stream
synthesis and the gap statement that motivates the framework are presented in Section 4.

2.1. Stream A: Automation and Autonomy Foundations

Stream A originates in teleoperation and human-machine systems research, where the
central question is how authority is distributed between human operators and computer
control. The stream has developed in three phases: a foundational phase establishing a
unidimensional levels-of-autonomy scale; a second phase introducing a two-dimensional
model that separates types of automation from levels of autonomy; and a third phase,
contemporary with foundation models and agentic Al, that produces multi-dimensional
classification frameworks.
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Sheridan and Verplank [23] proposed a ten-level scale of levels of automation in
human-computer decision-making in their 1978 MIT Man-Machine Systems Laboratory
technical report on undersea teleoperators. The report orders the levels from a level at
which the human does the whole job up to a level at which the computer does the whole
job. The scale has shaped subsequent work across automotive, aerospace, healthcare
robotics, and human—computer interaction research. The unit of analysis is the individual
automated system; classification of Al technology types and enterprise deployment contexts
are outside the scope of the report.

Parasuraman, Sheridan, and Wickens [24] proposed that automation can be applied
to four classes of functions, which they label types: information acquisition, information
analysis, decision and action selection, and action implementation. Each type can be
automated to differing degrees. The ten-point scale they propose, based on the previously
proposed scale of Sheridan and Verplank [23], refers mainly to automation of decision and
action selection; the authors note that the scale can be applied with some modification
to information acquisition, information analysis, and action implementation, although
the number of levels will differ between the stages. The framework is intended to guide
engineering choices about where and at what level to introduce automation within an
individual automated system; classification at the enterprise level is outside the scope
of this article.

Dellermann, Ebel, Sollner, and Leimeister [25] proposed the concept of hybrid intelli-
gence, defined as the ability to achieve complex goals by combining human and artificial
intelligence, thereby reaching superior results to those each of them could have accom-
plished separately, and continuously improve by learning from each other. The framework
is configurational rather than level-based; it identifies design dimensions along which hu-
man and machine contributions can be distributed for a given task, rather than proposing
an ordinal scale of autonomy. The framework is designed for individual hybrid systems; it
does not offer an enterprise classification or a mapping across Al technology types.

Morris et al. [26] proposed the Levels of AGI framework. The framework introduces
levels of AGI performance, generality, and autonomy as a common language to compare
models, assess risks, and measure progress along the path to artificial general intelligence.
Performance and generality are presented in a matrixed taxonomy, and autonomy is pre-
sented separately as a six-level scale of human—Al interaction paradigms. The framework
is centred on the Al system and on the path to AGI rather than on enterprise deployment.

Feng, McDonald, and Zhang [27] defined five levels of escalating agent autonomy
characterised by the roles a user can take when interacting with an agent: operator, collabo-
rator, consultant, approver, and observer. The framework treats autonomy as a deliberate
design decision separate from an agent’s capability and operational environment, and is
intended to inform agent governance and design. Like the AGI framework, the unit of
analysis is the individual Al agent; classification across Al technology types or across an
enterprise is not provided.

Porter et al. [28] proposed the INSYTE classification framework. INSYTE considers
the essential characteristics of an Al system across eight dimensions grouped into four
categories: system design (underspecification and adaptiveness); system functionality
(breadth of functionality and depth of functionality); operating environment (environmen-
tal diversity and environmental dynamism); and operational independence (independence
from intervention and independence from oversight). Each dimension is scored on a
scale from Level 0 to Level 5, and the system’s combination of scores is depicted on an
eight-axis radar chart. The framework supports classification of Al systems ranging from
traditional rule-based systems to embodied and agentic Al and is aligned with the OECD
definition of a deployed AI system. Its focus is the characterisation of individual Al
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systems across multiple dimensions; enterprise transformation application is outside the
framework’s purpose.

SAE International published the standard J3016 [29] as the recognised international
taxonomy and definition for terms related to driving-automation systems for on-road
motor vehicles. The standard distinguishes six levels of driving automation from Level 0
(no driving automation) to Level 5 (full driving automation), defined by the division of
dynamic driving task between the human driver and the automated driving system across
longitudinal and lateral vehicle motion, object and event detection and response, and
fallback. Although developed for on-road motor vehicles, the SAE J3016 six-level scheme
has become the dominant lay reference point for “levels of autonomy” across general
Al discourse, regulatory documents, and the management literature, and consequently
it serves as a cognitive anchor for the autonomy axis presented in Section 4.3.2. The
unit of analysis in J3016 is, like the rest of Stream A, the individual automated system;
the standard does not extend to enterprise classification, to Al technology types beyond
automated driving, or to deployment-level division of authority across heterogeneous
enterprise functions.

Across the trajectory from a unidimensional levels-of-autonomy scale in 1978 to SAE
J3016 (2021) and the eight-dimension INSYTE framework (2025), the unit of analysis in
Stream A has remained the individual Al system. The stream provides a detailed analytical
framework for characterising the autonomy and structural properties of an Al system but
does not extend to the classification of Al across an enterprise.

2.2. Stream B: Al Taxonomies and Capability Classifications

Stream B comprises classifications of Al as a class of technology, developed across three
institutional sources: European and United States policy research bodies, management and
information systems researchers, and labour economists. The stream’s unifying question is
what Al is, what it does, and which tasks it is suited to; the unit of analysis is the technology
or the task rather than the deployed system.

The EIT Cross-KIC taxonomy of the European Al ecosystem [30], produced under
the Cross-KIC activity “Innovation Impact Artificial Intelligence” with EIT Climate-KIC
as the lead work package, surveyed thirty-five existing Al classification frameworks and
consolidated their content along eight observed dimensions of comparison. The taxonomy
itself organises the European Al landscape across five dimensions: industries, enterprise
functions, locations, Al capabilities, and enabling technology types. Within the Al capabili-
ties dimension, the report identifies eight broader capability categories: computer vision,
computer audition, computer linguistics, robotics, forecasting, discovery, planning, and
creation. The framework is positioned as a reference for European Al ecosystem mapping
and policy coordination. Its capability axis is single-dimensional and is not paired with
autonomy levels.

Samoili et al. [31] published AI Watch. Defining Artificial Intelligence 2.0: Towards an
Operational Definition and Taxonomy for the Al Landscape as a Joint Research Centre technical
report. The taxonomy organises Al into a set of core domains (reasoning, planning, learning,
communication, and perception) and transversal domains (integration and interaction,
services, and ethics and philosophy), each with associated subdomains. The taxonomy
was developed to support the European Commission Al Watch initiative, which monitors
Al policy and adoption across the European Union. Its purpose is policy monitoring and
cross-country comparison; the taxonomy does not pair domains with autonomy levels or
with an enterprise classification.

Theofanos, Choong, and Jensen [32] published the Al Use Taxonomy: A Human-
Centered Approach as NIST AI200-1. The taxonomy comprises sixteen human-Al activities
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defined in Table 1 of the report: content creation, content synthesis, decision making, detec-
tion, digital assistance, discovery, image analysis, information retrieval /search, monitoring,
performance improvement, personalization, prediction, process automation, recommen-
dation, robotic automation, and vehicular automation. The taxonomy is human-centred,
positioning the user and the use context at the centre of the classification, and supports
the NIST AI Risk Management Framework. The taxonomy describes Al activities along a
single axis; pairing with autonomy levels is outside its scope.

Table 1. Stream-specific search strings.

Stream Search String (Boolean)

(“levels of autonomy” OR “levels of automation” OR “autonomy framework” OR
A “human-AI authority” OR “levels of AGI”) AND (“classification” OR “taxonomy”
OR “framework”)

(“AI taxonomy” OR “Al classification” OR “Al capability taxonomy” OR “Al use
taxonomy”) AND (“operational definition” OR “policy” OR “capability categories”)

(“enterprise AI” OR “Al maturity” OR “generative Al taxonomy” OR “agentic AI” OR
C “multi-agent system”) AND (“framework” OR “classification” OR “maturity model” OR
“business transformation”)

Davenport and Ronanki [33] proposed a management-oriented classification of cogni-
tive technologies organised by the type of business task each addresses: process automation,
cognitive insight, and cognitive engagement. Davenport’s subsequent monograph The
Al Advantage [34] elaborates the taxonomy into a practitioner reference framework for
enterprise Al deployment. The classification is influential in management practice and in
the executive-education literature, but it organises Al by business task addressed rather
than by Al technology type or by autonomy level, and the three categories are coarser than
the categories required for an enterprise to identify and procure Al as a discrete budgetary
unit. The taxonomy does not pair its categories with autonomy levels.

Brynjolfsson and Mitchell [35] proposed a Suitability for Machine Learning (SML)
rubric assessing the degree to which a given task is amenable to current machine learning
techniques. The rubric scores tasks on eight criteria including the availability of large
training data, the well-defined nature of input-output mappings, the absence of long
chains of logical reasoning, and the tolerance for errors. The companion task-based study
by Brynjolfsson, Mitchell, and Rock [36] applies the SML rubric across occupations and
tasks in the United States economy. The framework is task-classificatory rather than
technology-classificatory: it asks how machine-learning-suited a task is, not what type
of Al technology a deployment is or at what autonomy level it operates. The framework
is widely cited in the management and labour economics literatures as a complement to,
rather than substitute for, technology-type taxonomies.

Stream B provides well-developed classifications of what Al is, what it does, and
which tasks it is suited to. Its unit of analysis is Al as a class of technology rather than
the individual system or the enterprise. The stream provides a structured answer to the
question of what categories of Al exist but does not pair those categories with autonomy
levels or with a classification of enterprise deployment contexts.

2.3. Stream C: Enterprise and Generative Al Frameworks

Stream C has developed across management research, information systems scholar-
ship, computational science, and consulting practice. The stream encompasses structural
taxonomies, capability hierarchies, agentic architectures, and adoption-stage maturity mod-
els that organise Al at the level of the enterprise. Its unit of analysis is the enterprise as a
deployer of AL
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Herrmann [37] proposed a unified framework for artificial intelligence in enterprise
applications, based on a systematic review and science mapping of 26,143 publications.
The framework is depicted as an Euler diagram in which two structural dimensions are
mapped: a vertical dimension reflecting a hierarchy of analytics together with computer
hardware and planning/optimisation, and a horizontal dimension that maps decision
support system types separately from Al and identifies overlap with three Al paradigms
(symbolic, algorithmic, and metaheuristic) together with supporting information- and
communication-technology infrastructure. The framework is directed at enterprise Al but
does not pair structural categories with autonomy levels.

Bashir [38] proposed the Strategic Enterprise Artificial Intelligence (SEAI) conceptual
hierarchical framework, distinguishing four levels: disconnected enterprise Al, Linked
enterprise Al, strategist enterprise Al, and integrative enterprise Al. The framework char-
acterises the strategic linkage of enterprise Al to business strategy at four progressively
integrated stages. It does not pair the structural categories with autonomy levels and does
not offer concrete business application examples mapped across Al technology types.

Stein [39] proposed a taxonomy of generative Al use cases in business contexts. The
framework synthesises five perspectives drawn from academic and industry literature
(application context, value creation, strategic alignment, technical autonomy, and data
governance) and organises them through a four-layer complexity ladder running from
(A) work assistants, (B) automated code generation, and (C) system-integrated text genera-
tion, to (D) tool use. The taxonomy is mapped across two application contexts: internal
employee empowerment and external customer experience enhancement. Its scope is
generative Al specifically rather than the full range of Al technology types.

Sapkota, Roumeliotis, and Karkee [40] proposed a conceptual taxonomy distinguishing
Al agents from agentic Al The taxonomy characterises Al agents as modular systems driven
by large language models for task-specific automation, advanced through tool integration,
prompt engineering, and reasoning enhancements; in contrast, it characterises agentic Al as
a paradigm marked by multi-agent collaboration, dynamic task decomposition, persistent
memory, and coordinated autonomy. The taxonomy provides comparative analysis across
the two paradigms and clarifies vocabulary in a literature in which terms such as agent,
agentic, and autonomous are used inconsistently.

Panigrahy [41] proposed the Multi-Agentic Al Systems framework, organising
enterprise-grade multi-agent systems into four layers: an Environment Layer that in-
tegrates the framework with organisational systems through standardised application
programming interfaces; an Agent Layer containing specialised agents categorised by
function as perception, cognition, action, and coordination agents; a Knowledge Layer for
information management, ontologies, and machine learning repositories; and a Control and
Management Layer for governance, policy enforcement, and monitoring. The framework
addresses the architectural structure of multi-agent enterprise Al but does not provide a
classification across Al technology types beyond agentic AL

Arunkumar, Gangadharan, and Buyya [42] published a unified taxonomy of agentic
Al architectures on arXiv, decomposing agents into six functional categories—perception,
brain, planning, action, tool use, and collaboration—and reviewing the transition from
single-loop agents to hierarchical multi-agent systems. The autonomy treated by Arunk-
umar et al. [42] is that of the Al agent itself, considered at the system-architecture level;
this differs from the deployment-level division of authority used in the present paper,
which describes how decision rights are split between human and Al for a given enterprise
deployment regardless of the system’s underlying capability.

Sadiq et al. [11] published a systematic literature review of Al maturity models, draw-
ing on eight academic sources and finding that the most frequent number of maturity levels
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is five and that maturity grids and continuous representations with five levels are currently
trending. Fornasiero et al. [43] extend this line empirically, proposing and applying an
Al and big-data maturity model across a sample of European process-industry firms and
reporting differentiated maturity across operational dimensions. Weill, Woerner, and Sebas-
tian [10] developed the Building Enterprise Al Maturity model, drawing on a 2022 survey
of 721 companies and interviews with sixteen executives at nine enterprises. The model
defines four stages of enterprise Al maturity—experiment and prepare, build pilots and ca-
pabilities, develop Al ways of working, and become Al future ready—each associated with
distinct financial performance characteristics. Both maturity-model frameworks present
enterprise Al maturity as a single-axis staged progression and do not specify which Al
technology types operate at which autonomy levels.

Iansiti and Lakhani [44], in Competing in the Age of Al, proposed an enterprise-level
model of the “Al factory” in which a firm’s data pipeline, algorithm development, exper-
imentation platform, and software infrastructure jointly constitute a learning operating
model that scales without the diminishing returns of traditional operating models. The
framework characterises the structural shift from process-centric to Al-centric enterprise
operation and is a widely cited reference point in management literature on enterprise Al
strategy. It does not propose a classification of Al technology types or of autonomy levels,
and the framework’s categories operate at the level of the firm-wide operating model rather
than the individual deployment.

Acemoglu and Restrepo [45] articulate a typology distinguishing automation that
displaces labour from technologies that reinstate labour through new tasks. The typology
informs the macroeconomic literature on Al and employment and provides categories for
analysing the labour-market consequences of automation, but it is not a classification of Al
systems by Al technology type or autonomy level for enterprise deployment.

Beyond academic frameworks, two standards bodies and a small group of practitioner-
research organisations contribute reference structures relevant to enterprise Al classification.
ISO/IEC 42001:2023 [46] specifies requirements for an Al management system at the organ-
isation level, prescribing controls covering Al policy, Al system lifecycle, data management,
third-party relationships, and continual improvement, but does not propose a classifi-
cation of Al by Al technology type or autonomy level. The NIST AI Risk Management
Framework [47] provides a voluntary framework for managing risks across the Al lifecy-
cle through four core functions (govern, map, measure, and manage) and complements
the NIST AI 200-1 use taxonomy [32] as a paired use-and-risk pair, but does not pair Al
activity categories with autonomy levels. Major practitioner research organisations pub-
lish recurring Al frameworks across multiple scales of analysis. The Boston Consulting
Group produces both a country-level AI Maturity Matrix scoring seventy-three economies
across six ASPIRE indicators (ambition, skills, policy and regulation, investment, research
and innovation, and ecosystem) [48] and an enterprise-facing Al Radar tracking C-suite
adoption [49]; Deloitte’s State of Generative Al in the Enterprise [50] (quarterly survey series,
wave four fielded July-September 2024, n = 2773 respondents) and Accenture’s Technology
Vision [51] (annual trends report, twenty-fourth year, 2024) provide complementary practi-
tioner views. None extends the multi-dimensional structural rigour of the country-level
work to enterprise-facing Al deployment classification with formal type and level axes; the
gap this paper addresses is precisely that extension.

One adjacent literature reference studies the enterprise as a deployer of Al through the
lens of value and capability rather than classification, and it bounds the present contribution
from the side. Enholm et al. [12] review Al and business value and trace value to organisa-
tional complementarities; Mikalef and Gupta [13] operationalise an Al capability construct
and tie it to creativity and firm performance; Collins et al. [17] map the Al information
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systems agenda and flag the scarcity of integrative deployment frameworks; Kanbach
et al. [52] read generative Al through business-model innovation and derive propositions
on how it reshapes value creation and capture across software, healthcare, and financial
services. The limit is the same one in every case: this work establishes whether and how
much value enterprise Al creates, but not which type of Al runs at which level of autonomy.
That descriptive question is the one the present framework answers, and a value model
can be built on top of it.

Stream C provides structured taxonomies, agentic architectures, staged maturity
models, and standards-derived management systems for enterprise Al The stream does
not integrate Al technology types with autonomy levels and does not map concrete business
application examples simultaneously across both dimensions for enterprise transformation.

2.4. Section Signpost

The three streams reviewed above together constitute a body of work on Al classi-
fication, each contributing a distinct perspective at a distinct unit of analysis. Section 4
returns to this body of work to consolidate the principal findings of the review (Section 4.1),
to articulate the structural gap that motivates the framework proposed in this paper
(Section 4.2), to introduce the Enterprise Al Classification Framework as the response to
that gap (Section 4.3), and to position the framework against the prior work reviewed here
through a structured comparison (Section 4.4).

3. Methodology

This section sets out the methodology in three parts: the scope and selection criteria
applied to the literature, the construction approach used to develop the Enterprise Al
Classification Framework, and the forward plan for empirical validation. The present
contribution is the framework, the literature analysis that motivates it, and a computational
pilot study reported in Section 5; an interview-based empirical validation is forthcoming.
The research programme as a whole follows a review-then-empirical architecture—a struc-
tured literature review and integrated framework, followed by an empirical validation
study—whose methodological lineage is set out in Section 3.2.1.

3.1. Review Scope and Selection Criteria

The literature review reported in Section 2 was conducted as a structured literature re-
view following the PRISMA 2020 reporting items [53] adapted to a non-clinical, conceptual
review. The review does not claim exhaustive coverage of every relevant work; rather, it
identifies, screens, and includes the contemporary classification frameworks most directly
relevant to the structural gap that motivates the present paper. This scoping decision is
consistent with the review-then-build approach followed in the authors’ prior work, in
which a comparable structured review identified a defined set of adoption models and
integrated theories prior to proposing a new integrated model (Section 3.2.1).

Information Sources and Search Dates.

The information-source list comprises six electronic resources, which we grouped by
type rather than treat as interchangeable databases: two multidisciplinary citation indexes
(Web of Science Core Collection and Scopus), three publisher full-text platforms (Elsevier
ScienceDirect, ACM Digital Library, and IEEE Xplore), and one academic search engine that
aggregates across publishers without applying an editorial quality filter (Google Scholar,
used only for citation tracing and coverage checks rather than as a primary identification
source). These are supplemented by structured search of the institutional repositories of
European and United States policy research bodies (European Institute of Innovation and
Technology, European Commission Joint Research Centre, National Institute of Standards
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and Technology, MIT Center for Information Systems Research, and SAE International). The
search window covered publications from 1978 (Sheridan and Verplank, the foundational
anchor work for Stream A) to the search closing date of 1 May 2026. The identification
counts reported in Figure 1 were obtained via the OpenAlex API (https://api.openalex.org,
accessed on 25 June 2026). OpenAlex is a free, openly licensed bibliographic database cover-
ing approximately 250 million scholarly works across all major venues. It is used here as a
comprehensive substitute for the closed databases that require institutional API credentials.
The closed-database queries are reserved for the full-corpus run in the follow-up study; the
included-works set is robust to the substitution, since the included works are identified
through structured selection rather than through database hit counts alone. on 1 May 2026
with the Boolean phrase set combined using OpenAlex’s title_and_abstract.search
filter and the publication-date filter from_publication_date:1 January 1978.

Search strategy.

Three stream-specific search strings were applied (Table 1). Each string was executed
in title, abstract, and keyword fields where supported, with date and language filters
set to peer-reviewed or recognised-institutional output in English. Forward and back-
ward citation tracing from a defined set of anchor works (Sheridan and Verplank [23],
Parasuraman et al. [24], Samoili et al. [31], Theofanos et al. [32], Herrmann [37], and Weill
et al. [10]) supplemented database search.

Eligibility criteria.

Inclusion required: (i) that the candidate work proposed, advanced, or substantively
reviewed a classification structure relevant to one of the three streams; (ii) that the work
was peer-reviewed or issued by a recognised policy or research institution; and (iii) that the
work was retrievable in primary form for source verification. Exclusion criteria removed
candidates that addressed adjacent fields not within the present scope: explainable Al, algo-
rithmic fairness, Al alignment, and Al evaluation each have substantial literatures of their
own and are recognised as adjacent rather than overlapping with Al classification. Stream-
specific selection prioritised foundational contributions and recent multi-dimensional exten-
sions in Stream A (a mature canonical literature), the principal contemporary European and
United States Al taxonomies in Stream B, and the principal subdomains of contemporary
enterprise Al framework research in Stream C. The differing reference count per stream
reflects the breadth of active subdomains rather than a difference in selection rigour.

Screening and selection.

Records identified through database search were progressively reduced through the
PRISMA 2020 pipeline reported in Figure 1. The upstream mechanical filtering—deduplication,
automated metadata exclusions (paratext exclusion, abstract present, peer-reviewed
publication type, two-tier citation threshold), title-and-abstract LLM screening (Google
Gemma 3 27B operating against the eligibility criteria of this section), and full-text LLM
eligibility assessment via Unpaywall-retrieved open-access full text—was conducted pro-
grammatically through the screening pipeline, reducing the 24,223 OpenAlex-identified
records to 314 records meeting full eligibility. The anchor-selection stage, in which 28 anchor
works were selected from the 314 eligible records for narrative synthesis in Section 2, was
conducted by the two authors independently; disagreements on anchor selection were re-
solved by discussion. The remaining 286 eligible records are retained as candidate material
for the synthesis expansion in the follow-up study.
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Figure 1. PRISMA 2020 flow diagram for the structured literature review. Identification counts
were obtained on 1 May 2026 via OpenAlex using the stream-specific anchor phrases in Table 1;
per-publisher cross-check counts are reported in Table 2. Records removed before screening comprise
34 cross-stream duplicate records, the same 4111 citation-tracing candidates (deferred as a block to the
follow-up study), and automated PRISMA-2020 metadata filters (paratext exclusion, abstract present,
peer-reviewed publication type, two-tier citation threshold: >25 citations pre-2020, >3 citations
2020+), yielding 2806 records eligible for screening. Title-and-abstract screening (Google Gemma
3 27B, eligibility criteria of Section 3.1) passed 1110 records. Full-text eligibility assessment retrieved
open-access full text via Unpaywall (PDF 215, HTML 48, abstract-only fallback 742, none 105) and re-
applied the stricter “proposes versus applies” rule via Gemma 3 27B; 314 records met full eligibility. Of
these, 28 were anchor-selected for narrative synthesis in Section 2; the additional 286 eligible records are
retained as candidate material for the synthesis expansion in the follow-up study. Citation tracing yielded
4111 additional candidate records aggregated across the six anchor works (4001 via OpenAlex cites:
and referenced_works fields for Sheridan and Verplank [23], Parasuraman et al. [24], Theofanos
et al. [32], and Herrmann [37]; 95 via Semantic Scholar for Samoili et al. [31]; 15 via manual Google
Scholar and PDF endnote lookup for Weill et al. [10] MIT CISR, which is institutional grey literature
outside both citation graphs). These 4111 candidates were not run through screening in the present pilot
scope; concentration in domain-specific applications of anchor concepts and practitioner commentary
suggests an eligibility-pass rate well below the 39.6% observed on the OpenAlex phrase-matched corpus,
and the included-set is not expected to grow materially under full citation-tracing screening.
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Quality appraisal.

Off-the-shelf appraisal instruments do not fit a conceptual review. AMSTAR 2 [54] and
ROBIS [55] were built to appraise reviews of randomised or non-randomised healthcare-
intervention studies, and they assume an effect-estimate study design that a classification
review does not have; we considered them and set them aside, in line with their own
stated scope. In their place, an appraisal protocol adapted to a methodological and con-
ceptual review was applied along four criteria: (i) reporting transparency, governed by
adherence to PRISMA 2020 [53]; (ii) source standing, requiring peer review or issuance by
a recognised standards or policy institution; (iii) retrievability of the work in primary form
for direct source verification; and (iv) contemporary relevance, enforced through the two-
tier citation-and-recency threshold reported in Figure 1 (>25 citations for pre-2020 works,
>3 for 2020-and-later works), which functions as a proxy impact-and-currency gate on a
fast-moving topic. Forward and backward citation tracing from the anchor works—the
procedure automated by the Citationchaser tool [56]—was used to surface high-relevance
records that string search alone would miss. A small number of older works are retained
deliberately as canonical anchors whose validity is foundational rather than time-bounded
(most notably Sheridan and Verplank [23] for the levels-of-autonomy lineage and Parasura-
man et al. [24] for the types-and-levels integration); for the contemporary evidence base,
recency was enforced by the two-tier threshold and by the addition of recent peer-reviewed
journal sources during revision.

Table 2. Per-publisher identification counts for the structured literature review, derived from Ope-
nAlex publisher-filtered queries on 1 May 2026. Each cell is the count of works whose title or abstract
matches the stream’s pipe-OR phrase set and whose primary location is published by the named
publisher. The IEEE, ACM, and Elsevier rows substitute for direct queries against IEEE Xplore,
ACM Digital Library, and Elsevier ScienceDirect, respectively, where direct API access is unavail-
able. The six commercial-publisher rows together account for 10.9% of the 24,223 records identified
across the three stream-specific OpenAlex queries; the remaining 89.1% are with open-access pub-
lishers (MDPI, Peer], JMIR), arXiv preprints, conference proceedings outside the six publishers, and
institutional repositories (NIST, JRC, EIT, MIT CISR).

Publisher (OpenAlex Proxy for) Stream A Stream B Stream C Combined % of All
IEEE (IEEE Xplore) 297 1 78 376 1.6%
ACM (ACM Digital Library) 45 0 11 56 0.2%
Elsevier BV (ScienceDirect) 1361 5 174 1540 6.4%
Springer Nature 216 1 37 254 1.0%
Wiley 386 1 33 420 1.7%
MIT Press 3 0 2 5 0.0%
Six commercial publishers, sum 2308 8 335 2651 10.9%
All venues (OpenAlex) 15,805 75 8343 24,223 100.0%
Synthesis approach.

Included works were grouped into three research streams identified a priori from the
anchor works: (A) automation and autonomy foundations, (B) Al taxonomies and capa-
bility classifications, and (C) enterprise and generative Al frameworks. Each stream was
synthesised narratively in Section 2, with each work characterised against four cross-stream
descriptors: unit of analysis, axis of classification, intended audience, and presence/absence
of integration with the other streams’ classifications. The cross-stream gap statement in
Section 4.2 aggregates these descriptors.
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3.2. Framework Construction Approach

The Enterprise Al Classification Framework was constructed as a Design Science
Research (DSR) artefact following the framework of Hevner et al. [57] and the process
model of Peffers et al. [58]. The classification structure is the artefact, the structural gap
identified in Section 4.2 is the problem, and the design objectives derived in Section 3.2.2
below specify what a successful artefact must achieve. The taxonomy itself was developed
using the iterative method of Nickerson, Varshney, and Muntermann [59] (hereafter “the
Nickerson method”), which is the recognised reference method for taxonomy development
in information systems research and provides explicit ending conditions against which a
taxonomy can be evaluated.

3.2.1. Methodological Lineage

The DSR framing applied here extends the integrative approach validated in the
authors’ prior peer-reviewed work on integrated adoption models for foundational tech-
nologies [60]. The 2022 work integrated the Technology Acceptance Model of Davis with
the Capability Maturity Model (Carnegie Mellon Software Engineering Institute) in a single
architecture for managing technology adoption, extending TAM with the parameters Level
of Knowledge and Perceived Risk and extending CMM from five to seven levels by adding
Awareness and Knowledge as the first two stages. The integrative principle of pairing two
previously separate dimensions in a single architecture addressed a structural gap in the
foundational-technology adoption literature in the same way that the framework proposed
in the present paper addresses a structural gap in the enterprise Al classification literature.
The same review-then-empirical research architecture (structured review and proposed
integrated framework, followed by an empirical study across 20 industries) is applied here.

3.2.2. Design Objectives (DSR Step: Define Objectives of a Solution)

Three design objectives governed the construction of the Enterprise Al Classification
Framework, derived from the gap statement in Section 4.2 and the practical risks identified
in Section 1.1.

DO1—Integration. The framework must integrate the two dimensions that the litera-
ture addresses separately but not jointly: Al technology types and operational
autonomy levels.

DO2—Deployment-level granularity. Each axis must be defined at the granularity at
which enterprises actually identify, procure, deploy, and manage Al, rather than at
the granularity of system-internal cognitive processing (as in Parasuraman et al. [24])
or capability-development trajectories (as in Morris et al. [26]).

DO3—Shared-taxonomy tractability. The classification must be tractable as a shared tax-
onomy across the heterogeneous stakeholders responsible for Al transformation,
including boards, functional leaders, enterprise architects, technical teams, and risk
and compliance officers.

3.2.3. Taxonomy Development Using the Nickerson Method

The Nickerson method [59] prescribes an iterative procedure with two complementary
approaches per iteration—empirical-to-conceptual (E2C, examining a subset of objects
and extracting characteristics) and conceptual-to-empirical (C2E, deriving characteristics
from theory and applying them to objects)—terminated when the resulting taxonomy
meets a set of objective and subjective ending conditions. Following Nickerson, the meta-
characteristic of the present taxonomy was specified as the deployment-level identity of an
enterprise Al system, expressed jointly in (a) what the technology does and (b) the division
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of authority between human and Al in operating it. Both axes derive directly from this
meta-characteristic. The development proceeded through four iterations:

Iteration 1 (C2E, types axis). Capability taxonomies from Stream B (EIT Cross-KIC [30],
JRC AI Watch [31], NIST AI 200-1 [32]) were synthesised and reduced toward cate-
gories at the granularity at which enterprises procure Al as a discrete budgetary unit.
Initial set: nine candidate types.

Iteration 2 (E2C, types axis). Candidate types were applied to a working set of contem-
porary enterprise Al deployments observed across industry. Three candidate types
collapsed (audition into conversational; recommendation into predictive; robotic au-
tomation absorbed into physical Al as a deployment context), yielding the six retained
types T1-Té.

Iteration 3 (C2E, levels axis). The levels-of-autonomy tradition of Stream A (Sheridan and
Verplank [23], Parasuraman et al. [24], Morris et al. [26], Feng et al. [27], Porter
et al. [28]) and the SAE J3016 driving-automation scale [29] were synthesised and re-
projected from the individual-system unit of analysis onto the enterprise deployment
unit of analysis (DO2). The synthesis yielded six levels L1-L5 with an additional
L6 representing multi-system orchestration; the L5-L6 transition is non-ordinal, a
property explicitly acknowledged in Section 4.3.2.

Iteration 4 (E2C, full matrix). The 6 x 6 matrix was applied during construction to enter-
prise Al deployments across supply chain, marketing, customer service, manufactur-
ing, and finance. The application demonstrated that the matrix accommodates con-
current occupation of multiple cells by a single enterprise function. No deployment in
the working set required a new type or level; the taxonomy met the conciseness and
comprehensiveness ending conditions for the working set examined. The populated
function-level matrices produced during construction are reserved for the empirical
follow-up study described in Section 7.

The taxonomy is evaluated against the Nickerson ending conditions in Section 3.2.4.

3.2.4. Evaluation Against Nickerson’s Ending Conditions

Objectiveness. Each axis is defined by a single dimension (technology function for the
types axis; division of authority for the levels axis), and each cell is uniquely located
by its (type, level) coordinates.

Conciseness. The framework consists of two axes of six categories each, falling within
Miller’s 7 £ 2 heuristic that Nickerson recommends as a conciseness anchor. The
36-cell matrix is large enough to discriminate but small enough to be held in working
memory by a stakeholder.

Robustness. Different deployments of the same technology occupy different cells (e.g., a
predictive Al system at L2 in credit approval vs. L4 in dynamic pricing), evidencing
the discriminative capacity of the matrix.

Comprehensiveness. The four-iteration application across six enterprise functions did not
surface a deployment that required a new type or level; the working set examined is
bounded, and a wider corpus is examined in the computational pilot study (Section 5).

Extendibility. The matrix admits sub-typing within types (e.g., predictive Al — classification,
regression, recommendation) and sub-levelling within levels (e.g., L4 — parameter
ranges by risk tier) without disturbing the principal axes.

Explanatoriness. Each cell carries a statement of the division of function between human
and Al providing a directly readable description of the deployment regime to a
non-technical reader.
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The taxonomy met all six ending conditions for the working set examined; compre-
hensiveness and robustness are tested at scale in the computational pilot study reported in
Section 5.

4. Results

This section presents the principal findings of the research, structured around the three
research questions and the structural comparison with prior work. Section 4.1 consolidates
the literature reviewed in Section 2 and answers RQ1. Section 4.2 articulates the gap
that motivates the framework and answers RQ2. Section 4.3 presents the Enterprise Al
Classification Framework, the principal contribution of this paper, and answers RQ3.
Section 4.4 positions the framework relative to the prior frameworks reviewed in Section 2
through a structured comparison along four dimensions.

4.1. Analysis of the Literature Reviewed

The literature review presented in Section 2 covered the twenty-eight anchor works
selected for narrative synthesis from the 314 records meeting full eligibility (Figure 1),
spanning three research streams. Stream A, the automation and autonomy foundations
literature, originates in 1978 with Sheridan and Verplank’s ten-level scale of automation,
develops through the two-dimensional types-and-levels model of Parasuraman, Sheridan,
and Wickens, includes the configurational hybrid intelligence framework of Dellermann
et al. [25], extends through the SAE J3016 driving-automation standard, the modern AGI
taxonomy of Morris et al. [26], and the user-role-based agent autonomy framework of Feng,
McDonald, and Zhang, and culminates in the eight-dimension INSYTE classification of
Porter et al. [28] Across the stream, the unit of analysis is the individual Al system; the
stream supplies an analytical framework for characterising the autonomy and structural
properties of an Al system but does not extend to the enterprise. Stream B, the Al tax-
onomies and capability classifications literature, comprises the principal contemporary Al
capability and use taxonomies developed by European and United States policy research
institutions—the EIT Cross-KIC ecosystem taxonomy with its eight capability categories,
the JRC AI Watch operational definition with five core domains and three transversal
domains, and the NIST AI 200-1 taxonomy of sixteen human-AlI activities—supplemented
by the management-oriented cognitive-technologies taxonomy of Davenport and Ronanki
and the Suitability for Machine Learning rubric of Brynjolfsson and Mitchell. The stream
provides structured answers to what Al is and what it does, but does not pair categories
with autonomy levels. Stream C, the enterprise and generative Al frameworks literature,
classifies Al at the level of the enterprise across structural taxonomies [37,38], generative Al
complexity [39], agentic architectures [40—-42], maturity models [10,11], enterprise operating-
model accounts [44], automation typology from labour economics [45], Al management
standards [46,47], and practitioner-research frameworks [48-51]. The stream addresses the
enterprise as a deployer of Al but typically along a single axis; it does not integrate Al tech-
nology types with autonomy levels and does not map concrete applications simultaneously
across both dimensions. RQ1 is answered: a substantial body of literature exists on Al
classification, but it is distributed across three streams, each with its own unit of analysis,
audience, and structural conventions.

4.2. Gap Analysis Across the Three Research Streams

Each of the three streams answers a different question. Stream A asks how autonomous
a given system is. Stream B asks what type of Al it represents. Stream C asks at what
stage of adoption maturity the enterprise sits. None of the three answers the question a
board commissioning Al transformation actually asks: which Al technology types, at which
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autonomy levels, with what concrete applications across the enterprise functional areas
where Al is deployed. The gap is structural rather than incidental. The levels-of-autonomy
literature characterises system autonomy in depth but does not address Al technology types
or enterprise applications. The Al capability taxonomies catalogue what Al is and what it
does, but pair these categories neither with autonomy levels nor with concrete enterprise
applications. The enterprise and generative Al frameworks address the enterprise as a
deployer but typically along a single axis: structural taxonomies of deployment categories,
agentic architectures of multi-agent systems, generative Al complexity ladders, or single-
axis maturity progressions. No reviewed framework maps concrete business applications
simultaneously across Al technology types and autonomy levels in a form designed for
enterprise transformation decision-makers.

The absence of an integrated framework is not a purely academic concern; it shapes
the risk profile and the value trajectory of enterprise Al. On the risk side, the business
consequences identified in Section 1.1 persist because decision-makers lack a classification
architecture that answers the integrated question: investment is allocated without sys-
tematic matching of Al technology types to business applications, deployment fragments
across isolated pilots, boards and technical teams operate with different vocabularies, regu-
latory categorisation becomes difficult to demonstrate, and enterprise Al posture becomes
difficult to benchmark. On the opportunity side, an integrated classification framework
would enable systematic value creation through matched Al-to-application deployment,
structured innovation across the enterprise rather than within isolated functions, and trans-
formation programmes that connect board-level intent to business application reality. The
gap in the literature is therefore both a risk gap and an opportunity gap. RQ2 is answered:
the structural gap across the three research streams is the absence of any framework that
integrates Al technology types with autonomy levels in a single classification structure pop-
ulated with concrete enterprise applications. The Enterprise Al Classification Framework,
presented in Section 4.3, is proposed as the response to this gap.

4.3. The Enterprise Al Classification Framework

The framework integrates two dimensions of enterprise Al in a single structure: the
types of Al technology that an enterprise deploys, and the levels of autonomy at which these
technologies operate. The framework is organised around a 6 x 6 matrix of 36 combinations,
each describing the operational regime under which a given Al technology type operates
at a given autonomy level. The matrix is the framework’s primary artefact, designed for
direct use by business leaders commissioning and directing enterprise Al transformation.
Section 4.3.1 introduces the first axis, the six Al technology types. Section 4.3.2 introduces
the second axis, the six autonomy levels. Section 4.3.3 presents the full 36-combination
matrix. Section 4.3.4 describes how a business decision-maker applies the framework.
Section 4.3.5 addresses the location of agentic Al on the framework.

4.3.1. Six Al Types

The first axis, the types axis, classifies Al technologies by the type of function they
perform at the enterprise deployment level. Six types are distinguished, each representing
a distinct type of Al technology that an enterprise can identify, budget for, procure, deploy,
and manage as a unit. The types are not mutually exclusive in application; a single
enterprise deployment may combine multiple types, as in a customer service platform that
integrates conversational Al for user interaction, predictive Al for escalation routing, and
generative Al for response drafting. The types are mutually distinct as types of technology.
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T1 Decision Al

Decision Al addresses planning, scheduling, and resource optimisation. The defining
characteristic is that the system determines what action to take, when, and with what
resources, based on an explicit objective function. Decision Al is deployed in enterprise
contexts including supply chain planning, workforce scheduling, logistics routing, and
production planning, where the task is to compute an optimal or near-optimal allocation of
resources against constraints.

T2 Predictive AL

Predictive Al addresses forecasting, classification, and recommendation. The defining
characteristic is that the system predicts an outcome or classifies an instance based on
patterns learned from historical data. Predictive Al is deployed in enterprise contexts in-
cluding demand forecasting, customer churn prediction, credit risk scoring, fraud detection,
and predictive maintenance, where the task is to generate an inference about a future or
unobserved state.

T3 Generative Al

Generative Al addresses content creation, code generation, and synthesis. The defining
characteristic is that the system produces novel artefacts that do not exist in its training
data, including text, imagery, audio, video, code, and structured data. Generative Al is
deployed in enterprise contexts including marketing content production, product design,
software development, research and development, and knowledge synthesis, where the
task is to generate original output at scale.

T4 Conversational Al

Conversational Al addresses natural language dialogue and interactive exchange. The
defining characteristic is that the system conducts an interactive conversation with a user
or another system, maintaining context across turns. Conversational Al is deployed in
enterprise contexts including customer service, internal helpdesks, virtual assistants, and
voice interfaces, where the task is to resolve a request through dialogue rather than through
a static query response.

T5 Visual Al

Visual Al addresses image and video analysis, recognition, and processing. The
defining characteristic is that the system interprets visual information to extract meaning
or to produce a decision or action. Visual Al is deployed in enterprise contexts including
quality inspection, medical imaging, security surveillance, document processing, and retail
analytics, where the task is to derive insight or action from visual data.

T6 Physical AL

Physical Al addresses robotics, autonomous vehicles, drones, and other systems
that perceive and act in physical environments. The defining characteristic is that the
system operates in the physical world rather than the digital world alone. Physical Al is
deployed in enterprise contexts including warehouse automation, autonomous delivery,
manufacturing robotics, agricultural drones, and surgical robotics, where the task requires
sensing and acting in a physical environment.

A note on the abstraction level of the types axis is warranted now that the six categories
have been introduced. The six types are not all distinguished by the same logical crite-
rion: T1 decision and T2 predictive are distinguished by the function the system performs;
T3 generative is distinguished by the nature of the output produced; T4 conversational is
distinguished by the modality of interaction with the user; T5 visual is distinguished by the
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modality of input the system interprets; and T6 physical is distinguished by the operating
environment in which the system acts. The axis is therefore deployment-categorical rather
than logically taxonomic in the strict sense: the categories are the units by which contempo-
rary enterprises identify, budget for, procure, and govern Al as discrete deployments, rather
than mutually exclusive logical partitions of the space of all Al systems. This design choice
is deliberate and follows from design objective DO2 (Section 3.2.2): an axis defined at the
granularity at which an enterprise actually deploys, manages, and procures Al is more use-
ful for the framework’s intended audience than a logically purer partition that fragments
single procurement decisions across multiple categories or aggregates technically distinct
deployments under a single label. The framework treats each type within a multi-type
deployment as a separate locus on the matrix. The axis satisfies the Nickerson explana-
toriness ending condition (each category is recognisable to a non-technical reader) and
the conciseness ending condition (six categories falling within Miller’s working-memory
bound) at the cost of strict logical orthogonality across the axis. We retain this trade-off
explicitly rather than concealing it.

The types axis is defined by the type of technological function, not by the cognitive
processing stage within a single system as in Parasuraman et al. [24] and not by the
capability developmental trajectory as in Morris et al. [26]. This distinction matters for
enterprise application: a business leader commissioning Al transformation needs to identify
which type of Alis being deployed, which is a question about the technology, not a question
about the cognitive architecture of the system or its position on a capability progression. The
six types represent the principal categories of Al technology that contemporary enterprises
identify, procure, and deploy as distinct functional units; finer partitions risk fragmenting
categories that enterprises treat as a single procurement, while coarser partitions obscure
technologically distinct deployments that require different management.

4.3.2. Six Levels of Human-AI Authority and Coordination

The second axis, the levels axis, classifies Al deployment by the regime of human-AI
authority and coordination under which the deployment operates. Six levels are distin-
guished. Levels L1 through L5 form an ordinal progression along a single dimension—the
degree of human involvement in the operational loop—in the levels-of-autonomy tradition
reviewed in Section 2.1, adapted from the individual-system unit of analysis that char-
acterises that tradition to the enterprise deployment context in which business leaders
commission and direct Al Level L6 is qualitatively distinct: it characterises deployments
in which multiple Al systems coordinate as an ecosystem, regardless of whether each
constituent system is itself at L4 or L5. The L5-L6 transition is therefore non-ordinal—L6
is not “more autonomous” than L5 in the sense that L5 is more autonomous than L4, but
rather introduces a coordination regime overlaid on the underlying single-system auton-
omy levels. We retain L6 on the same axis because, from the perspective of an enterprise
leader commissioning Al, the question of whether the deployment is a single system or an
orchestrated ecosystem is a sibling question to the autonomy-of-the-single-system question
and is most usefully answered alongside it. Readers who prefer a strictly ordinal autonomy
axis may treat L1-L5 as the ordinal autonomy scale and L6 as a coordination flag set on
a deployment whose constituent systems already occupy positions L1-L5; the matrix in
Section 4.3.3 accommodates either reading.

L1 Assistive.

Al provides information or analysis and the human performs the action. The human
does the work and Al supports. Characteristic deployments include dashboards that surface
trends for a human analyst, decision-support tools that compile relevant information
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for a practitioner, and co-pilot interfaces that offer suggestions the human may accept
or disregard.

L2 Advisory.

Al recommends options or courses of action and the human decides. The human
decides and Al advises. Characteristic deployments include recommendation systems that
propose ranked options for a human to select among, triage tools that suggest routing
decisions, and planning assistants that generate candidate plans for human selection.

L3 Supervisory.

Al makes decisions and the human approves before execution. The human approves
and Al decides. Characteristic deployments include credit approval systems that produce
a decision for human sign-off, content moderation that flags items for human review, and
clinical decision-support that proposes a course of action for clinician confirmation.

L4 Delegated.

Al acts independently within defined parameters and the human monitors. The
human monitors and Al acts. Characteristic deployments include dynamic pricing that
adjusts prices within bounded ranges, fraud detection that blocks transactions meeting
defined criteria, and automated content publication within approved templates and topics.

L5 Autonomous.

Al operates without real-time human intervention. The human sets goals and Al
executes. Characteristic deployments include algorithmic trading systems operating within
risk envelopes, autonomous warehouse robotics fulfilling orders end-to-end, and closed-
loop quality control systems that detect, decide, and act without human involvement in the
operating cycle.

L6 Orchestrated.

Multiple Al systems coordinate together in an integrated workflow. The human over-
sees the ecosystem and the Al systems collaborate. Characteristic deployments include
multi-agent logistics platforms in which routing, scheduling, and inventory systems coor-
dinate autonomously, integrated customer experience platforms in which conversational,
predictive, and generative Als cooperate across channels, and smart-factory architectures
in which vision, decision, and physical Als coordinate production.

The levels axis describes the regime of human—AI authority and coordination for a
given enterprise deployment, not the capability of the Al system considered in isolation. A
given Al technology can operate at different levels depending on the enterprise context,
risk tolerance, and regulatory environment: a predictive Al system may operate at L2 in
credit approval (recommending a decision for human review) and at L4 in dynamic pricing
(adjusting prices within defined parameters). The level is a property of the deployment, not
of the technology alone. The cardinality of six levels was determined through the Nickerson
iteration described in Section 3.2.3 and aligns conceptually with the six-level scales of the
SAE J3016 driving-automation standard [29] and the Levels of AGI framework [26], both
reoriented here to the enterprise deployment context. Five levels would collapse the
L5-L6 distinction between single-system autonomy and multi-system orchestration that
enterprises encounter in practice; seven or more would fragment regimes that stakeholders
distinguish as a single category in shared discussion.
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4.3.3. The 36-Combination Types x Levels Matrix

Combining the types axis (Section 4.3.1) and the levels axis (Section 4.3.2) produces
a 6 x 6 matrix of 36 combinations. Each combination represents a specific pairing of Al
technology type and autonomy level, stated in terms of the division of function between
human and Al. A combination is located by its type (row) and level (column): for example,
the cell at T2 predictive Al x L3 supervisory describes a predictive Al deployment operating
at supervisory autonomy, in which the system produces a decision and a human approves
before execution. A business leader identifying an enterprise Al initiative locates it on the
matrix by answering two questions: what type of Al is being deployed, and at what level of
human authority is it operating. Table 3 presents the matrix at the abstract level, describing
the operational regime in each of the 36 cells without privileging any single enterprise
function. Function-specific populated matrices—in which each cell is instantiated with
concrete business applications drawn from a particular enterprise function—are the form
in which the framework is applied in practice and are reserved for the empirical follow-up
study described in Section 7.

Table 3. The Enterprise Al Classification Framework: 6 x 6 matrix of Al technology types x autonomy

levels, with abstract operational regime at each cell.

L1 Assistive L2 Advisory L3 Supervisory L4 Delegated L5 Autonomous L6 Orchestrated
Surfaces resource  Recommends Produces plan or fel?nlfaig(ivithm Runs plannin Decision Als
T1 Decision Al and option plan or allocation  allocation; human boE nded and alPllocatiorig coordinate planning
information for options for approves before arameters: autonomousl across functions
the planner human selection  execution p - y or networks
human monitors
Produces

T2 Predictive Al

Displays forecasts
or risk patterns for
human review

Recommends
classifications or
actions; human
decides

classification or
scoring; human
approves before
action

Triggers actions
within defined
thresholds;
human monitors

Runs forecast-
and-act cycles
end-to-end

Predictive Als share
inferences across
networked partners

T3 Generative Al

Drafts content for
human authoring

Suggests content
variants; human

Produces content
artefact; human
reviews and

Publishes content
within approved
templates; human

Produces and
releases content

Generative Als
coordinate content

selects . end-to-end across channels
approves monitors
Resolves
Sugwests responses Recommends Handles dialogue; interactions Conducts dialogue Coordinates across
T4 Conversational Al &8 P dialogue options; human approves  within defined lifecycle without ~ channels and
for human agents o . . : - .
human selects binding actions intents; human intervention back-office systems
monitors

Highlights regions ‘Ijiesilc;rinrnends fliioscsl;icf;tion Executes visual Felizs Eﬁ?&?gsus Visual Als share
T5 Visual Al of interest for lassifications: decision: h classification recosiu recognition across
. classifications; ecision; human i inspection .9
human review . within thresholds distributed nodes
human selects confirms end-to-end
Augments human Suggests motion g;i?fﬁiniiysmal Operates within O}F esri;ltaels m Physical Al fleets
T6 Physical Al 8" paths or actions; ’ defined zones; phy! coordinate
physical work approves before . environment .
human executes . human monitors operations
motion end-to-end

The matrix accommodates instantiation across enterprise functional contexts. In sup-
ply chain, all six Al types operate concurrently at different autonomy levels: decision Al at
L1-L5 for planning and routing, predictive Al at L1-L5 for demand forecasting and risk
flagging, generative Al at L1-L5 for supplier communications, and so on, with cross-Al
coordination falling at L6. In customer service, conversational Al operates across the
autonomy range from response suggestion at L1 through fully autonomous handling at
L5 and multi-channel orchestration at L6. In marketing, generative Al and predictive Al
span content generation, segmentation, channel orchestration, and conversion optimisation,
from drafting support at L1 through autonomous campaign execution at L5. In manufactur-
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ing, visual Al operates from defect highlighting at L1 through closed-loop quality control
at L5. In finance, predictive Al operates from trend display at L1 through autonomous
portfolio management at L5. In operations, decision Al and predictive Al cover forecasting,
scheduling, quality control, and process automation, typically from advisory support at
L2 through delegated execution at L4. In research and development, generative Al and
predictive Al support design exploration, simulation, and knowledge synthesis, reach-
ing supervisory-to-autonomous operation at L3-L5 in well-bounded subdomains. These
functional illustrations are signposted here as one-line examples rather than presented
as populated tables; the function-by-function populated matrices belong to the empirical
follow-up study (Section 7). Each function carries its own characteristic combination of
Al types and autonomy levels; the matrix provides a consistent classification architecture
across all functions.

The matrix integrates elements that the reviewed literature addresses separately: the
autonomy dimension draws on Stream A’s levels-of-autonomy tradition, adapted from the
individual-system unit of analysis to the enterprise deployment context; the type dimension
draws conceptually on Stream B’s Al capability taxonomies, refined to six categories that
an enterprise can identify and deploy; and the cross-functional illustrations introduced
above draw on Stream C’s enterprise-context grounding. No prior framework reviewed in
Section 2 integrates these elements in this form.

4.3.4. Framework Application Logic

The framework is designed to provide a shared taxonomy through which all stake-
holders responsible for enterprise Al transformation can describe, locate, and discuss Al
deployment in consistent terms. Without a shared taxonomy, the parties to a transfor-
mation programme each describe Al deployment in terms specific to their role, and the
conversation fragments across organisational boundaries. The framework addresses this
fragmentation directly. Senior leaders responsible for strategic Al investment and direction,
and the practitioners who design, execute, and govern specific transformation programmes,
share the framework as a common reference. Both groups encounter the same matrix
and the same illustrative applications, allowing strategic intent and operational execution
to align around a common view of enterprise Al deployment, which is a precondition
for coherent decision-making across the organisation. The application logic proceeds in
three steps.

The first step is identification. A given enterprise Al deployment is located on the
matrix by determining its type of Al technology and its current level of human—-AI authority.
The deployment’s position is fixed by the intersection of these two coordinates. Multiple
deployments within the same enterprise function are located independently and may
occupy different combinations in the matrix, reflecting the enterprise’s actual portfolio
rather than a single point estimate.

The second step is assessment. The matrix supports comparative assessment of the
enterprise’s current Al portfolio against three reference points: the distribution of combi-
nations the enterprise currently occupies, the combinations occupied by peer enterprises
in the same function or industry, and the combinations where additional value or risk re-
duction could be realised through deployment. The classification is descriptive rather than
normative; the framework does not prescribe that any specific combination is the correct
destination, and decisions about target combinations reflect business strategy, regulatory
environment, and risk tolerance rather than framework design.

The third step is direction. The matrix supports decisions about where to invest in
new Al deployment, where to advance the autonomy level of existing deployments, where
to constrain or supervise deployments more closely, and where to retire or replace Al that
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is poorly matched to its enterprise context. The two-dimensional structure makes these
decisions visible and discussable across boards, technical teams, and functional leaders.
The framework therefore functions as a classification and decision-support architecture for
enterprise Al transformation.

4.3.5. Locating Agentic Al on the Framework

Agentic Al deployments—systems that decompose tasks dynamically, invoke tools,
maintain persistent memory, and coordinate as multi-agent ensembles [40-42]—are an
increasingly prominent form of enterprise Al in 2026 and warrant explicit treatment. The
framework accommodates agentic Al through three locating moves rather than a separate
axis. First, an individual agent is located on the matrix by the type of function it performs
(T1-T6) and the autonomy level at which the enterprise has authorised it to operate (L1-L5).
A research agent that drafts and revises analyst briefings under human approval is a
T3 generative deployment at L3 supervisory; a procurement agent that issues bounded
purchase orders under monitoring is a T1 decision deployment at L4 delegated. The
agentic implementation pattern (LLM-based reasoning, tool invocation, memory) does not
in itself change the cell on the matrix; what fixes the cell is the function performed and
the operational regime granted. Second, multi-agent ensembles in which heterogeneous
agents coordinate are located at L6 orchestrated, with the constituent agents simultaneously
occupying their respective (T, L1-L5) cells. A customer experience platform in which a
conversational agent (T4) coordinates with a predictive routing agent (T2) and a generative
response-drafting agent (T3) is recorded as occupying three constituent-agent cells (T4 x Ly,
T2 x Ly, T3 x L) and additionally three L6 cells (T4 x L6, T2 x L6, T3 x L6) reflecting the
ensemble-level coordination regime. Third, agents whose action repertoire spans multiple
types—common in generalist LLM-based agents—are recorded across the relevant rows
simultaneously rather than forced into a single row, with each row recording the autonomy
level applicable to that function within the deployment. The framework therefore provides
a multi-cell representation for agentic Al, preserving the descriptive resolution that a
single-cell forced fit would obscure.

4.4. Comparison with Prior Frameworks

The framework is positioned in relation to the prior work reviewed in Section 2
through a structured comparison along four dimensions: whether the framework classifies
Al by Al technology type, whether it classifies Al by autonomy level, whether it integrates
both axes, and whether it is designed for enterprise deployment contexts. The four di-
mensions correspond to the central classification question of each of the three research
streams reviewed in Section 2 (Stream A’s autonomy axis, Stream B’s Al technology types,
Stream C’s enterprise deployment focus) plus the cross-stream integration that motivates
the present paper; the criteria are derived from the structure of the literature rather than
selected post hoc to favour the proposed framework. Table 4 presents the comparison.

The comparison illustrates the structural position of the framework. No prior frame-
work reviewed combines positive answers across all four dimensions. Stream A frame-
works address autonomy levels but typically without an Al technology type classification,
and Parasuraman et al. [24] is the closest historical precedent for a types x levels inte-
gration but uses cognitive processing stages within an individual system rather than Al
technology types deployed across an enterprise. Stream B frameworks address Al tech-
nology classification but without an autonomy levels axis. Stream C frameworks address
enterprise deployment but typically along a single axis, with neither the Al technology
type breakdown nor the autonomy level dimension present in Stream A and B work. The
framework is positioned as the integration of these three lines of contribution into a single
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architecture designed for Al-driven enterprise transformation. The structural comparison
presented here completes the answer to RQ3 begun in Section 4.3: the new Al classification
framework proposed in this paper occupies a structural position in the Al classification
literature that no prior framework occupies.

Table 4. Comparison of the proposed framework with prior Al classification frameworks.

Framework Al Types Autonomy Levels Both Axes Integrated Enterprise Focus
Sheridan and 5 .
Verplank [23] No Yes (unidimensional scale)  No No

Partial (cognitive Yes (cognitive

Parasuraman et al. [24] processing stages) Yes types x levels) No
Dellermann et al. [25] No No (configurational) No Partial
Morris et al. [26] P?rtlal (cap ability Yes Partial No
dimensions)
Feng et al. [27] No Yes (user-role focused) No No
Yes (two sub-dimensions
. under Operational
Porter et al. INSYTE [28] E(;rgfuncgigniaclali?ther Independence: E?e(r:;tti}(’)ﬁfs x levels No
typolog Intervention and &
Oversight)
Yes (multi-dimensional
structural taxonomy: five
EIT Cross-KIC [30] dimensions including Al No No (no autonomy axis) No
Capabilities and
Enterprise Functions)
Samoili et al. JRC Al Yes (oPeratlonal A¥
domain/subdomain No No No
Watch [31]
taxonomy)
Theofanos et al. NIST Al . .
200-1 [32] Yes (activity categories) No No No
Yes (three cognitive task
Davenport and categories: process Partial
. automation, cognitive No No .
Ronanki [33,34] . o (management-oriented)
insight, cognitive
engagement)

Brynjolfsson and Nf) (tiask-sultabmty No (labour economics unit
K criteria, not Al No No .
Mitchell [35,36] . of analysis)

categorisation)

Yes (Euler diagram of
Herrmann [37] fields and subfields) No No Yes
Bashir [38] No No (single-axis No Yes

SEAI hierarchy)

Partial (technical

Stein [39] Partial (genAl only) autonomy as one of No Yes
five perspectives)

Sapkota et al. [40] Partial (agentic Al only) Partial No Partial

Weill, Woerner, and . . .

Sebastian [10] No No (single-axis maturity) No Yes

Enterprise Al Yes (six Al . .

Classification Framework  technology types) Yes (six autonomy levels)  Yes (6 x 6 matrix) Yes

Note. The agentic-architecture frameworks of Panigrahy [41] and Arunkumar et al. [42] are addressed in the
Stream C review (Section 2.3) but are not included in Table 4 because they characterise the internal architecture of
multi-agent Al systems rather than the four classification dimensions used in the table.

5. Computational Pilot Study

This section reports a computational pilot study designed to test the Enterprise Al
Classification Framework against four baseline frameworks before the interview-based
empirical validation described in Section 7. The pilot study is conducted in two parts.
Study A is a case-based coding validation across a corpus of publicly documented enter-
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prise Al deployments, measuring the framework’s coverage, inter-coder reliability, and
discriminative power against baselines. Study B is a multi-persona classification stress test
that operates as a pre-specification of role-specific hypotheses for the planned 250-interview
validation. The locked rulebook v1.0, the LLM coder prompts, the pre-specified hypotheses,
and the analysis plan constitute the pre-registration package; the package was filed as a
pre-registration on the Open Science Framework on 12 May 2026 under a twelve-month em-
bargo, ahead of the full 240-case run that will produce the Study A metrics in the follow-up
empirical study.

5.1. Study A: Case-Based Coding Validation
5.1.1. Design

A corpus of approximately 240 publicly documented enterprise Al deployments is
assembled from six source classes: peer-reviewed and management-research case studies
(MIT CISR, MIT SMR, Harvard Business Review, California Management Review), publicly
published consultancy case studies (McKinsey, BCG, Bain, Deloitte, Accenture, KPMG, EY),
industry analyst entries (Gartner Hype Cycle, IDC, Forrester), vendor case studies (after
deduplication), regulator and standards-body filings, and news-reported deployments.
Inclusion requires that the deployment is at enterprise scale, that the source contains
sufficient detail to determine what the Al does and how human-AI authority is distributed,
that the source is retrievable in primary form, that the publication date is 2020 or later, and
that the source is available in English, German, French, or Spanish. The corpus is stratified
across industry, enterprise size, and geography. The full inclusion and exclusion criteria are
specified in the locked Study A coding rulebook accompanying this paper.

5.1.2. Coding Protocol

Each case is independently coded by two large language model coders (Claude Opus
4.7 and NVIDIA Nemotron 3 Super 120B-A12B) using a locked prompt that operationalises
the Enterprise Al Classification Framework and four baseline frameworks—the Parasura-
man types-and-levels model [24], the NIST AI 200-1 use taxonomy [32], the SEAI hierar-
chy [38], and the MIT CISR Building Enterprise AI Maturity model [10]. A 12% sample is
independently coded by the second author blind to the LLM codes, providing a calibration
check on the LLM-LLM agreement. For the 20-case pilot, three cases (P-001, P-006, P-014)
were spot-checked by the second author at the 15% rate; the second author’s classifications
matched both LLM coders on all three cases (3/3 cell-set agreement). The full 240-case em-
pirical run will extend this to a random sample of approximately 28-30 cases (12%), drawn
after the LLM coding is complete so that the human classifier remains blind. Disagreements
between the two LLM coders are resolved by a third LLM (Google Gemma 3 27B) acting as
adjudicator with a separate prompt that frames the disagreement and asks for resolution
given the case description; a cross-vendor adjudicator was chosen over a same-model
second-pass to reduce the shared-bias risk between coder and adjudicator. The locked
v1.0 pilot used Gemma 3 27B as adjudicator under design decision D2 (free-tier API quota);
a conditional reversion to Gemini 3 for the adjudicator and to Gemini 2.5 Pro alongside
Claude Opus 4.7 as the two coders is noted as future work for the full 240-case run if budget
permits. The adjudicated codes are the final classifications for analysis.

Four design choices in the coding protocol are locked in the rulebook and recorded
explicitly here. First, where the source does not specify human approval procedures, the
coder defaults to L3 supervisory for high-risk applications (regulated industries, safety-
critical, employment, credit) and to L4 delegated for low-risk applications; this reduces
the unclassifiable rate while introducing a known L3/L4-band bias that is reported in the
analysis. Second, coder confidence is recorded for the framework classification only, not for
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each baseline, in the interest of operational simplicity at this stage of the pilot. Third, the
corpus stratification targets (eight industries, three enterprise-size bands, four geographies)
are validated against actual source availability through a 20-case pilot extraction before
the full corpus is assembled. Fourth, all four design decisions are recorded in a versioned
design decision log alongside the rulebook and were locked at OSF pre-registration on
12 May 2026; the original choices are not overwritten so that the audit trail remains intact.

5.1.3. Hypotheses and Metrics
Four pre-specified hypotheses test the framework’s structural claims.

H1 Coverage. The proportion of corpus cases assigned a non-unclassifiable code under
the framework exceeds the proportion under each of the four baselines by at least
10 percentage points.

H2 Reliability. Krippendorft’s « for the framework’s type and level axes is at least 0.70 and
is at least as high as the corresponding « for each baseline’s classification axes.

H3 Discriminative power. The Shannon entropy of the empirical case distribution across
occupied cells of the framework, normalised by log, of the number of occupied cells,
exceeds the corresponding normalised entropy for each baseline.

H4 Heatmap. The empirical density of cases across the framework’s 6 x 6 matrix is re-
ported as a heatmap, separately by industry on the full corpus, as the principal
empirical artefact of Study A. Figure 2 reports the heatmap for the n = 20 pilot
corpus; the per-industry panels are produced from the full corpus in the empirical
follow-up study.

L1 L2 L3 L4 L5 Leé
Assistive Advisory Supervisory Delegated Autonomous Orchestrated

T1 Decision Al 1 1
T2 Predictive Al 1

T3 Generative Al 1 1

T4 Conver-
sational Al

T5 Visual Al 1

T6 Physical AI 1

Casespercell: 1 1 2 3 (max)

Figure 2. H4 cell-density heatmap from the Study A pilot corpus (n = 20 adjudicated cases). Each
cell reports the number of pilot cases whose final adjudicated classification occupies that (type, level)
coordinate, with shading proportional to that count (40 cell occupations across the 20 cases; 24 of
36 cells occupied). Levels L1-L5 are taken directly from the adjudicated cell codes; the L6 column is
derived from the three cases coded as orchestrated, each contributing one L6 cell per constituent type
under the multi-cell representation of Section 4.3.5. The pilot corpus is not stratified by industry; the
per-industry panels described under H4 are produced from the full corpus in the empirical follow-up
study (Section 7). At the pilot scale the modal band is the L3-L4 (supervisory—delegated) region,
consistent with the L3/L4 default rule recorded in the coding protocol.

A fifth analysis (H5) examines the residual of cases coded unclassifiable under the
framework as a qualitative analysis: residual cases are grouped by emergent theme to
surface concrete refinements to the framework rather than fundamental gaps.

https://doi.org/10.3390/info17070646


https://doi.org/10.3390/info17070646

Information 2026, 17, 646

27 of 36

5.2. Study B: Multi-Persona Classification Stress Test

Study B operates as a pre-specification of role-specific hypotheses for the planned
250-interview validation. Twelve personas matching the planned interview population
were operationalised as large language model role specifications: chief executive officer,
chief information officer, chief technology officer, chief financial officer, head of supply
chain, head of marketing, head of customer service, chief risk or information security
officer, head of human resources, non-executive board member, Al lead, and enterprise
architect. All persona classifications were produced by Google Gemini 2.5 Flash Lite,
accessed through the free-tier Google Al Studio quota. Each persona classified the same
30 standardised Al deployment vignettes spanning the framework’s matrix and including
a deliberate subset of edge cases (the L1-L2 boundary, multi-agent orchestration, multi-
modal foundation models, prohibited-tier emotion recognition, single-deployment-without-
enterprise-context). For each (persona, vignette) pair, the persona returned (a) the current-
state framework classification, (b) the target-state classification at three-year horizon, and
(c) a brief justification.

Three pre-specified hypotheses were defined for Study B. H6(a) predicted that cross-
persona agreement on the current-state classification would meet a Krippendorff’s & > 0.70
threshold, evidencing the framework’s shared-taxonomy claim. H6(b) predicted that cross-
persona agreement on the target-state classification would fall below &« < 0.70, evidencing
role-specific divergence on strategic direction. H6(c) predicted that the risk-conservative
persona pair (chief financial officer plus chief risk officer) would target autonomy levels at
least one level lower than the technology-aggressive persona pair (chief technology officer
plus Al lead) on finance and credit deployments, controlling for vignette.

Study B is a synthetic pre-specification check rather than an empirical validation:
the twelve personas are LLM-simulated against author-specified role descriptions, and
the thirty vignettes are author-written. The result characterises the internal coherence of
the role-divergence hypothesis specifications and the operational behaviour of the LLM-
persona instrument, not the behaviour of real role-holders, which is the subject of the
planned 250-interview validation. At this synthetic scale, all three pre-specified hypotheses
behaved as designed: cross-persona a« on the current-state classification was 0.730, just
above the 0.70 threshold; cross-persona a on the target-state classification was 0.402, well
below the same threshold; and the H6(c) divergence on finance and credit deployments
measured +1.10 levels in the predicted direction (CFO and CRO mean target level 3.40;
CTO and Al lead mean target level 4.50; ten observations per group across the five finance
and credit vignettes), with a bootstrapped 95% confidence interval on the difference of
[+0.70, +1.50] (11peot = 2000, paired persona-group resampling) excluding zero and the
Hé6(c) pre-specified >1.0 threshold contained in the CI. The role-specific direction-of-travel
pattern between risk-conservative and technology-aggressive roles therefore emerges in the
synthetic instrument at the magnitude pre-specified as the empirical-study target; whether
real role-holders reason as the LLM personas predict is the central empirical question of
the planned 250-interview validation. The full Study B protocol, vignette set, persona
specifications, and per-vignette breakdown are part of the OSF pre-registration package
described in the Data Availability Statement (osf .i0/6jnza), filed under a twelve-month
embargo and to be released on OSF upon publication.

5.3. Pilot Results

The pilot was conducted in three stages culminating in a full 20-case two-coder + adju-
dicator run at locked rulebook v1.0. A 20-case single-coder rulebook stress test (Coder A
only) was run first against rulebook v0.3 and surfaced five operational refinements (LLM
dual-use coding, T2/T5 boundary tie-breaker, L6 threshold tightening, Defense-industry
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stratification, low-confidence reason capture). A 20-case two-coder + adjudicator pilot
at v0.3 produced & on the framework’s primary-cell-type axis of 0.578 and on the level
axis of 0.729; coverage was 100% framework on both coders versus 75% on the SEAI and
MIT CISR baselines on Coder A’s careful application of the unclassifiable rule. Five further
findings from the v0.3 two-coder pilot were folded into rulebook v0.4 (LLM dual-use
rule strengthened with worked examples; T2 /T5 tie-breaker added; L6 negative markers
added; adjudicator output schema constrained; SEAI/MIT-CISR unclassifiable instruc-
tion strengthened). The full 20-case v0.4 (later locked as v1.0 for the OSF pre-registration
package) produced the headline metrics in Table 5.

Table 5. Study A pilot metrics at locked rulebook v1.0 (full 20 cases, Coder A: Claude Opus 4.7;
Coder B: NVIDIA Nemotron 3 Super 120B-A12B; Adjudicator: Google Gemma 3 27B). Bootstrapped
95% confidence intervals computed by case-level resampling with replacement, 1,,,; = 2000.

Metric Value 95% CI Target Verdict

« primary cell type, nominal 0.809 [0.582, 1.000] >0.70 H2 met (point)
a primary cell level, ordinal 0.802 [0.530, 0.935] >0.70 H2 met (point)
« primary cell T + L pair, nominal 0.628 [0.395, 0.832] >0.70 close, below
Cell-set agreement (full equality) 12/20 (60%) — —

Framework coverage, Coder A 100% — —

Framework coverage, Coder B 100% — —

SEAI baseline coverage, Coder A 70% — —

SEAI baseline coverage, Coder B 0% — strict v1.0 rule applied

MIT CISR baseline coverage, Coder A 70% — —

MIT CISR baseline coverage, Coder B 0% — strict v1.0 rule applied

Multi-cell occupation rate, both coders 40% — matches design
L6 attribution rate, Coder A/Coder B 15%/10% 10-15% in design band
Disagreements adjudicated 8 of 20 — —

The metrics below are point-estimate signals at the locked v1.0 rulebook on n = 20 cases;
the bootstrapped 95% confidence intervals are wide and include values below the pre-
specified thresholds. The full 240-case run in the follow-up study is expected to tighten the
intervals substantially. H1 (coverage) is supported at the pilot scale: framework coverage
at 100% on both coders exceeds the average baseline coverage of approximately 35% by
approximately 65 percentage points, well above the pre-specified 10-percentage-point
threshold. The Coder B 0% baseline coverage on SEAI and MIT CISR reflects the strict v1.0
unclassifiable instruction operating on cases lacking the enterprise-strategic context that
those baselines require; reported per-coder (Coder A SEAI 70%, Coder A MIT CISR 70%),
the framework-versus-baseline coverage gap remains substantial but is better calibrated
than the cross-coder average suggests. H2 (reliability) is met at the point estimate on both
axes (type &« = 0.809, level « = 0.802). The bootstrapped 95% confidence intervals on the
type and level axes ([0.582,1.000] and [0.530, 0.935]) extend below the 0.70 pre-specified
threshold; the lower bounds reflect the small sample size (n = 20) of the pilot, and the
full 240-case run in the follow-up study is expected to tighten the Cls substantially. The
combined T + L pair « of 0.628 (CI [0.395,0.832]) falls short of the 0.70 threshold at the
point estimate; analysis of the eight disagreements shows that level-axis disagreements
cluster predominantly on the L1 (assistive) versus L2 (advisory) boundary, the residual
rulebook ambiguity that will be the principal site of refinement in the full-corpus run.
The blind human spot-check on three of the twenty cases (15%) returned 3/3 cell-set
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agreement with both LLM coders, consistent with the framework’s reliability claim on the
easy-case subset of the corpus; the full random-sample human spot-check is deferred to the
empirical study. Type-axis disagreements (four of eight) are all on multi-cell edge cases
where the framework’s multi-cell representation accommodates either coder’s enumeration
of subsystems; none reflect a structural failure of the type axis. The Coder B SEAI and
MIT CISR coverage of 0% reflects the strict v1.0 unclassifiable instruction operating as
designed: where the case description is a single deployment without explicit enterprise-
strategic context, Coder B abstains rather than force-fits.

5.4. Limitations of the Synthetic Evaluation

Four limitations of the synthetic evaluation should be acknowledged. First, large
language model coders and personas are not substitutes for human experts. The two-LLM
coding pair plus human spot-check protocol is designed to detect divergence between
LLM consensus and human judgment, but does not eliminate the possibility that both
LLM coders share systematic biases the spot-check fails to catch. Second, the corpus
is restricted to publicly documented deployments, which over-represents deployments
that organisations choose to publicise and under-represents quietly operating production
systems and failed deployments. The empirical validation in the follow-up paper addresses
this exposure by sampling deployments through the 250 interview partners rather than
through the public-source corpus. Third, Study B’s persona simulations are grounded in
role specifications constructed by the authors and may reflect the authors” assumptions
about role-specific reasoning patterns; the 250-interview study will test whether real role-
holders reason as the LLM personas predict. Fourth, the L1 versus L2 boundary on the
autonomy axis was identified in the v0.4 pilot as the principal residual ambiguity in the
rulebook; this boundary is operationally subtle (the difference between an Al that informs
a decision the human would have made anyway and an Al that proposes options among
which the human selects) and is the most likely site of inter-coder disagreement at the full
corpus run. The synthetic evaluation is therefore positioned as a computational pilot study
and a pre-specification mechanism, not as a substitute for the empirical validation.

6. Discussion
6.1. Theoretical and Practical Contributions

The theoretical contribution is structural: Al technology types and autonomy levels
are integrated into a single classification structure populated with concrete enterprise ap-
plications, an architecture none of the three reviewed streams provides. Stream A classifies
the autonomy of automated systems on an ordinal scale at the unit of the individual system.
Stream B classifies Al as a class of technology along categorical taxonomies of capability
or activity. Stream C classifies enterprise Al either as a staged adoption progression or
as a structural taxonomy of deployment categories. Each dimension has matured within
its own stream, but none combines the three. The framework integrates the autonomy,
technology-type, and enterprise-context dimensions in one architecture: the autonomy
question is moved from the individual-system unit of analysis to the enterprise deployment
context, the technology-type classification is refined into six categories an enterprise can
identify and deploy, and the result is grounded in concrete business application examples
across enterprise functional contexts.

The practical contribution is an operational framework for enterprises commissioning
Al transformation. The framework provides a shared taxonomy through which boards,
functional leaders, and technical teams can describe, locate, and discuss Al deployment in
consistent terms, addressing the misalignment between these stakeholder groups identified
in Section 1.1 as a structural risk of contemporary enterprise Al. The framework supports
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portfolio assessment, peer benchmarking, and the systematic identification of investment,
advancement, constraint, and retirement decisions across the enterprise Al deployment
landscape. The framework is a classification artefact rather than a governance artefact;
integrating Al classification with enterprise IT governance practice is a distinct undertaking
left to future work, and recent systematic reviews map that governance agenda and its
open questions [21,22].

6.2. Practical Implications and Intended Beneficiaries

A framework earns its keep only when someone uses it. It is worth saying plainly, then,
who uses this one and what they get out of it. Seven groups benefit, each in a different way.

Boards and senior executives gain a portfolio-level instrument for Al investment gover-
nance. By locating every enterprise Al initiative on the 6 x 6 matrix, a board can
see at a glance where its Al spend is concentrated, whether the portfolio is skewed
toward low-autonomy assistive deployments or toward higher-risk autonomous
ones, and where investment is missing. The practical value is a defensible basis
for capital-allocation and risk-appetite decisions that the value-gap evidence [12,13]
shows are otherwise made without a structured view.

Functional and business-unit leaders gain a planning instrument for their own function.
By instantiating the matrix for, say, supply chain or customer service, a functional
leader can plan the progression of a deployment from advisory toward delegated or
autonomous operation as confidence and controls mature, and can benchmark that
progression against peers.

Enterprise architects gain a mapping notation. The matrix provides a consistent vocabu-
lary for documenting the Al estate, identifying redundancy and integration oppor-
tunities, and recording the multi-cell footprint of agentic and multi-agent systems
(Section 4.3.5).

Risk, compliance, and security officers gain a categorisation aid for regulatory exposure.
The type-and-level coordinates map naturally onto the risk-tiering logic of the EU
Al Act and comparable regimes, supporting the categorised, auditable deployment
inventory those regimes require; the framework interoperates with, rather than
replaces, the governance instruments reviewed in Section 1.1 and [21,22].

Al vendors and consultancies gain a positioning vocabulary, able to describe an offering
by the cells of the matrix it occupies and the autonomy transitions it enables, rather
than by marketing category.

Policymakers and standards bodies gain a common reference structure that bridges the
system-level autonomy standards of Stream A and the capability taxonomies of
Stream B at the enterprise unit of analysis where deployment, and therefore regulation,
actually bites.

Researchers gain an empirical instrument: the matrix is the coding scheme for the com-
putational pilot study (Section 5) and the planned 250-interview validation, and is
reusable as a measurement frame for future enterprise Al studies.

6.3. International Comparison of Findings

The Enterprise Al Classification Framework is derived from Al technology type and
autonomy level, neither of which is jurisdiction-specific. Its applicability is therefore global.
What varies by jurisdiction is the distribution of enterprise deployments across the matrix,
the regulatory environment in which they operate, and the policy responses to the value
gap. The three jurisdictions discussed below illustrate the latter; the planned 250-interview
validation will characterise the former across twenty industries and multiple regions.
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The structural gap is global; the appetite for closing it is not. The evidence shows
sharp regional differences in how hard enterprises are actually pushing on Al, and those
differences shape how the framework would be applied in each setting.

The strategic-investment signals reviewed in the introduction are cross-national to
begin with: China’s 15th Five-Year Plan, the European Union’s InvestAl and AI Continent
programmes, and the national commitments announced at the Paris Al Action Summit
together show governments on three continents treating Al classification and deployment
as industrial-policy priorities. The value gap shows up across jurisdictions, not within one:
the global surveys behind the motivating statistics span North America, Europe, and Asia,
and the peer-reviewed evidence is distributed the same way, with productivity studies run
in the United States [14,15] and business-value and capability work drawing on European
and international samples [12,13]. Adoption intensity, however, diverges sharply. Official
European statistics for 2024 [61] record wide cross-country dispersion in enterprise Al
use—from above one quarter of enterprises in the Nordic and Benelux economies to low
single digits in parts of central and eastern Europe—and firm-level studies attribute this
dispersion to differences in digital capability, firm size, and external environment rather
than to the technology itself. The study of European small and medium-sized enterprises
by Arroyabe et al. [62], drawing on a sample of more than twelve thousand firms, finds
digital and innovation capabilities to be the dominant determinants of adoption, and the
European process-industry maturity assessment of Fornasiero et al. [43] finds maturity to
vary by operational dimension even within a single sector and region.

Two implications follow for the framework. First, because the structural gap—the
absence of an integrated type-and-level classification—is present wherever enterprises
deploy Al the framework’s relevance is not confined to any one regulatory or economic
setting; the same 6 x 6 structure applies whether an enterprise operates under the EU Al Act,
under the more sectoral United States approach, or under China’s state-directed programme.
Second, because adoption intensity and maturity differ across regions, the distribution
of an enterprise’s deployments across the matrix is expected to differ systematically by
jurisdiction: enterprises in high-maturity economies are likely to occupy higher-autonomy
and orchestrated cells more densely, while enterprises in lower-maturity economies are
likely to cluster in the assistive and advisory columns. The planned 250-interview validation
across 20 industries is designed to sample internationally so that this cross-jurisdictional
variation in the matrix distribution can be measured directly rather than assumed, which is
the natural next step in establishing the framework’s external validity.

6.4. Limitations

Several limitations should be acknowledged. First, the structural integration of Al tech-
nology types with autonomy levels presented in this paper is grounded in the comparative
literature analysis of Section 2 and the construction approach described in Section 3; this
paper’s empirical content is limited to the computational pilot study reported in Section 5,
with interview-based validation deferred to the follow-up paper described in Section 7. Sec-
ond, the framework’s full applicability is realised through detailed application matrices for
each enterprise function with concrete combination content tailored to the specific deploy-
ment patterns of that function. The present paper presents the framework as an abstract
6 x 6 matrix (Table 3) with cross-functional signposting; the development of populated
function-level matrices for the full set of enterprise functions (supply chain, marketing,
customer service, manufacturing, finance, human resources, research and development,
information technology operations) is reserved for the empirical follow-up study described
in Section 7. Third, the cross-functional examples illustrating how the matrix accommo-
dates instantiation may evolve as Al technology matures and as new enterprise use cases
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emerge, although the matrix architecture is expected to remain stable; the framework’s
illustrative content is therefore time-bounded in a way that the framework structure is not.

7. Conclusions

Investment in Al-driven enterprise transformation has now reached a scale that de-
mands a structured classification framework. Enterprises across every sector deploy Al
across the six Al technology types examined in this paper, at autonomy levels ranging from
assistive support to fully autonomous operation; the pace of investment has outrun the
conceptual frameworks needed to navigate it coherently.

This paper has addressed three research questions. RQ1 asked which Al classifica-
tion frameworks and approaches are available for Al-driven enterprise transformation.
Section 2 synthesised twenty-eight anchor works selected from 314 records meeting full
eligibility across the automation and autonomy literature, the Al taxonomies and capabil-
ity classifications literature, and the enterprise and generative Al frameworks literature;
Section 4.1 consolidated the answer. RQ2 asked what current research gaps exist in Al
classification frameworks for Al-driven enterprise transformation. Section 4.2 identified the
structural gap as the absence of any framework that integrates Al technology types with
autonomy levels in a single architecture populated with concrete enterprise applications.
RQ3 asked which new Al classification framework can address the identified gaps. The
Enterprise Al Classification Framework, proposed in Section 4.3 and defended through
structured comparison in Section 4.4, is the answer offered by this paper. The framework
combines six Al technology types with six autonomy levels in a 6 x 6 matrix of thirty-six
combinations, each describing the operational regime under which a given Al technology
type operates at a given autonomy level, providing a shared taxonomy through which
all stakeholders responsible for Al transformation can describe, locate, and discuss Al
deployment in consistent terms.

The contribution of the framework is theoretical, methodological, and practical. Theo-
retically, it integrates three previously separate research conversations into a single classi-
fication architecture. Methodologically, it translates a technically grounded classification
into a form designed for business use, populated with applications business leaders recog-
nise. Practically, it provides an operational framework for enterprises commissioning
Al transformation, supporting portfolio assessment, peer benchmarking, and systematic
decisions on investment, advancement, constraint, and retirement of Al deployments. The
framework has been operationalised into an enterprise platform that allows organisations
to analyse, design, and develop their Al portfolio across the 6 x 6 matrix; the platform is
the first working implementation of the classification and demonstrates its applicability to
real-world enterprise Al decision-making.

The forward research plan proceeds in three concrete steps. The first step is empirical
validation of the framework with decision-makers, enterprise architects, transformation
practitioners, and risk and compliance officers across 20 industries, assessing whether the
structural assumptions of the framework hold in practice and whether the framework
supports the shared-taxonomy purpose for which it is designed. The validation will apply
the integrated TAM x CMM methodology established in the authors’ prior peer-reviewed
research on integrated adoption models for foundational technologies [60], in which a
structured literature review and proposed integrated framework were validated in a subse-
quent empirical study across 20 industries and 125 business leaders. That prior delivery,
conducted by the authors within the same review-then-empirical two-paper architecture
applied here, supports the feasibility of the 250-interview target as a calibrated exten-
sion of the delivered 125-leader baseline rather than a speculative scale-up. The second
step is the development of detailed function-level matrices for the full set of enterprise
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functions—supply chain, marketing, customer service, manufacturing, finance, human re-
sources, research and development, and information technology operations—in which each
cell of the framework matrix (Table 3) is instantiated with concrete business applications
drawn from the function’s deployment patterns. The third step is longitudinal application
of the framework as enterprise Al deployments evolve, tracking how organisations migrate
across combinations in the matrix over time and documenting the patterns of advancement
and retirement that emerge.
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CISR Center for Information Systems Research (MIT)

DSR Design Science Research

EIT European Institute of Innovation and Technology

EU European Union

FYP Five-Year Plan

GenAl Generative Artificial Intelligence

INSYTE  Intelligent Systems classification framework [28]

JRC Joint Research Centre (European Commission)

KIC Knowledge and Innovation Community (EIT)

L1-Le Autonomy Levels (Assistive, Advisory, Supervisory, Delegated, Autonomous, Orchestrated)

MIT Massachusetts Institute of Technology

NANDA Networked Agents and Decentralized Architecture (MIT)

NIST National Institute of Standards and Technology (United States)

NPC National People’s Congress (China)

OSF Open Science Framework

PRISMA  Preferred Reporting Items for Systematic Reviews and Meta-Analyses

RQ Research Question

SEAI Strategic Enterprise Artificial Intelligence [38]

SLR Systematic Literature Review

SME Small and Medium-Sized Enterprise

T1-T6 Al Types (Decision, Predictive, Generative, Conversational, Visual, Physical AI)
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