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Abstract

AI systems are increasingly recognized as sociotechnical sys-
tems whose impacts emerge not only from algorithmic behav-
ior, but also from the contexts in which they operate. While
Trustworthy AI (TAI) provides a foundational framework for
AI governance, several sociotechnical legitimacy conditions
remain difficult to systematically evaluate within predomi-
nantly artifact- and compliance-oriented approaches. This pa-
per proposes a relational framework for evaluating contextual
legitimacy in AI-enabled sociotechnical systems as a comple-
ment to conventional TAI-oriented evaluations. The frame-
work identifies and operationalizes sociotechnical legitimacy
conditions that remain fragmented, implicit, or weakly ad-
dressed within existing trustworthy AI approaches, and em-
pirically applies them to TAI-oriented Urban Digital Twin lit-
erature. The findings suggest that complementing TAI with
a relational sociotechnical perspective is necessary for more
comprehensively evaluating the legitimacy of contemporary
AI deployments.

Introduction
AI systems are increasingly embedded within complex so-
ciotechnical environments in which technical infrastruc-
tures, institutions, citizens, and the environment continu-
ously interact (Kudina and Van De Poel 2024). In these
contexts, evaluating AI systems predominantly through
compliance-oriented and artifact-centered interpretations of
requirements such as robustness, transparency, fairness, or
explainability is often insufficient for understanding their
broader societal implications (Selbst et al. 2019). A sys-
tem may satisfy formal Trustworthy AI (TAI) require-
ments while simultaneously reinforcing technocratic gov-
ernance (Morozov 2013), marginalizing communities (Eu-
banks 2018), concentrating infrastructural power (Sadowski
and Bendor 2019), or generating unsustainable environmen-
tal and economic costs (Strubell, Ganesh, and McCallum
2019). For example, urban prediction systems relying on
smartphone or digital payment data may systematically ex-
clude populations lacking access to these infrastructures,
rendering specific communities effectively invisible within
computational representations (Van Dijk 2020). These ten-
sions are not properties of the algorithmic artifact alone,
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but emerge from the relations between technology, soci-
ety, and the environment within which AI systems oper-
ate. This raises the need for evaluating what we define as
contextual legitimacy: following organizational legitimacy
theory (Suchman 1995), the socially constructed perception
that an AI-enabled system’s actions are appropriate within
a given normative, institutional, and material context, nego-
tiated relationally rather than assessed solely against fixed
technical criteria. Unlike artifact-centered and compliance-
oriented evaluations, contextual legitimacy requires examin-
ing how AI systems redistribute power, shape participation,
represent social reality, and generate systemic costs across
sociotechnical environments. Ethical Guidelines of Trust-
worthy AI (EGTAI) (European Commission High-Level Ex-
pert Group on AI 2019) provides a foundational frame-
work for AI governance through requirements such as ro-
bustness, transparency, fairness, accountability, and human
oversight. While these principles have significantly shaped
AI governance, several legitimacy conditions remain diffi-
cult to systematically evaluate within predominantly techni-
cal and compliance-oriented interpretations of TAI require-
ments (Mittelstadt 2019; Selbst et al. 2019; Kudina and Van
De Poel 2024). Existing frameworks primarily evaluate eth-
ical properties at the level of the artifact, often overlooking
broader sociotechnical conditions — governance arrange-
ments, participation asymmetries, representational biases,
uneven distributions of costs and benefits — that human-
centered AI perspectives (Shneiderman 2020) similarly fore-
ground by situating systems within the lived contexts of the
people they affect. This paper addresses this gap by propos-
ing a sociotechnical framework for evaluating contextual le-
gitimacy in AI-enabled sociotechnical systems. Grounded
in sociotechnical systems theory (Emery and Trist 1960)
and critical AI studies (Eubanks 2018; Kudina and Van
De Poel 2024), the framework models AI-enabled systems
through the reciprocal relations between technology, soci-
ety, and environment. From these relations emerge four an-
alytical lenses — governance, relational, representational,
and contextual — operationalized through 19 sociotechni-
cal dimensions capturing recurring legitimacy-related mech-
anisms identified across critical AI and sociotechnical liter-
ature. The framework is not intended to replace TAI require-
ments, but to complement them by making visible sociotech-
nical legitimacy conditions that remain insufficiently fore-
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grounded within dominant TAI evaluations. To empirically
assess the relevance of this perspective, we conduct a sys-
tematic literature review (SLR) of TAI-oriented Urban Dig-
ital Twin (UDT) research. UDTs were selected as an analyt-
ically relevant domain because they represent paradigmatic
AI-enabled sociotechnical systems in which algorithmic in-
frastructures, governance processes, data practices, and cit-
izens are deeply entangled (Nochta et al. 2021; Ruohomäki
et al. 2024). Applying the proposed framework to the SLR
corpus, we show that many sociotechnical legitimacy con-
ditions remain underexamined within existing TAI-oriented
evaluations.

Methodological Approach
This study adopts a three-stage methodological approach
combining conceptual framework construction with ex-
ploratory empirical validation. The first two phases follow
an interpretive theory-building approach grounded in so-
ciotechnical systems theory and critical AI studies, aimed at
identifying and operationalizing legitimacy-related dimen-
sions of AI-enabled sociotechnical systems. The third phase
empirically applies the resulting framework through a struc-
tured systematic literature review in order to assess how
these sociotechnical legitimacy conditions remain insuffi-
ciently foregrounded within dominant TAI evaluations.

Phase 1. RQ1: How can the contextual legitimacy of AI-
enabled sociotechnical systems be systematically evaluated?
To address RQ1, the first phase focused on constructing
a sociotechnical framework for evaluating contextual legit-
imacy in AI-enabled sociotechnical systems, grounded in
sociotechnical systems theory and critical AI studies. AI-
enabled sociotechnical systems were modeled as recipro-
cal relations between technology, society, and environment.
From this relational model, four analytical lenses were iden-
tified through which contextual legitimacy can be exam-
ined: governance, relational, representational, and contex-
tual (Figure 1). Framework construction followed an it-
erative interpretive process in which conceptual modeling
and literature analysis mutually informed one another. The
relational model guided the thematic synthesis of critical
AI and sociotechnical literature, through which recurrent
legitimacy-related mechanisms were identified and orga-
nized around four core relational concerns — governance,
participation, representation, and systemic conditions —
providing the theoretical grounding for the proposed ana-
lytical lenses. Each analytical lens was subsequently opera-
tionalized through a set of sociotechnical dimensions cap-
turing analytically distinct legitimacy-related mechanisms
recurrently identified across the literature. This process re-
sulted in the evaluation framework presented in the follow-
ing section, consisting of four analytical lenses and 19 so-
ciotechnical dimensions.

Phase 2. RQ2: How does the proposed sociotechnical
framework complement TAI-oriented evaluations in identify-
ing sociotechnical legitimacy conditions within AI-enabled
systems? The objective of this phase is to examine how the
sociotechnical dimensions identified in the proposed frame-
work intersect with and extend existing TAI-oriented eval-
uations. To address this, we developed a structured analyt-

3. TECHNOLOGY
Representational Lens

Data

Compute Infrastructure

Models / Algorithms

Software / Interfaces

Rules / Objectives /
Functions

SOCIETY
(Individuals, Communities,

Institutions)

Institutions

Communities / Cultures

People / Users

Norms / Values / Practices

Perceptions / Knowledge /
Competencies

1. TECHNOLOGY →
SOCIETY

Governance Lens

2. SOCIETY →
TECHNOLOGY
Relational Lens

4. CONTEXT / ENVIRONMENT
Contextual Lens.

Figure 1: Sociotechnical Framework of AI-enabled so-
ciotechnical systems and the four analytical lenses emerg-
ing from relations between technology, society, and environ-
ment.

ical mapping between the seven TAI pillars and the 19 so-
ciotechnical dimensions composing the proposed sociotech-
nical framework. The mapping was developed through a sys-
tematic close reading of the EGTAI. Each paragraph associ-
ated with the seven TAI pillars was individually analyzed to
identify which sociotechnical dimensions emerged as neces-
sary conditions for the substantive operationalization of the
corresponding TAI objectives within AI-enabled sociotech-
nical systems.

Phase 3. RQ3: How are the sociotechnical dimensions
identified in the sociotechnical framework engaged within
TAI-oriented literature on a paradigmatic AI-enabled so-
ciotechnical system? This phase focused on empirically ap-
plying the proposed framework through a systematic liter-
ature review of Urban Digital Twins (UDTs), selected as
a paradigmatic AI-enabled sociotechnical system. The sys-
tematic literature review analyzed a corpus of 80 papers.
Each paper was systematically analyzed through the pro-
posed sociotechnical framework in order to evaluate the ex-
tent to which the identified sociotechnical dimensions were
explicitly engaged within TAI-oriented UDT literature. For
each sociotechnical dimension, the analysis recorded the
level of engagement according to four coding categories:
ignored, handled uncritically, handled critically, and oper-
ationalized. The resulting scores were subsequently aggre-
gated at both dimension and analytical lens levels to identify
recurring patterns, systematic blind spots, and forms of crit-
ical engagement across the reviewed literature.

Sociotechnical Framework for Contextual
Legitimacy Analysis

Phase 1 resulted in the sociotechnical framework for evalu-
ating contextual legitimacy presented in this section. In AI-
enabled sociotechnical systems, three interdependent enti-
ties can be identified: technology, society, and environment.
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Technology refers to the AI-enabled system itself; society
refers to the individuals, communities, and institutions in-
teracting with it; and environment refers to the broader po-
litical, economic, cultural, and material conditions within
which these interactions occur. Within this model, AI sys-
tems are understood not as isolated technical artifacts, but as
systems shaped through reciprocal relations between tech-
nological infrastructures and social actors, both of which
are continuously influenced by their surrounding environ-
ment (Figure 1). From these relations emerge four analyt-
ical lenses through which the contextual legitimacy of AI-
enabled sociotechnical systems can be evaluated.

Governance lens. The first analytical lens examines how
AI-enabled technologies reshape power, authority, and con-
trol in sociotechnical environments. It captures dimensions
related to governance structures, technocracy, surveillance,
marginalization of communities, corporate influence, and le-
gitimacy (Figure 1, relation 1).

Relational lens. The second analytical lens examines how
individuals and communities perceive, engage with, and par-
ticipate in AI-enabled systems. It captures dimensions re-
lated to participation, technical literacy, human reliance on
algorithmic systems, and the construction of algorithmic au-
thority (Figure 1, relation 2).

Representational lens. The third analytical lens examines
how reality is represented within AI systems through data,
models, and computational abstractions. It captures dimen-
sions related to visibility, intersectionality, and biased data
practices (Figure 1, relation 3).

Contextual lens. The fourth analytical lens examines the
broader contextual conditions within which sociotechnical
systems operate, including temporal, economic, and envi-
ronmental constraints and costs. It captures dimensions re-
lated to sustainability, resource distribution, and systemic
impacts (Figure 1, relation 4).

Each analytical lens is operationalized through a set of
sociotechnical dimensions capturing recurring legitimacy-
related mechanisms identified across critical AI and so-
ciotechnical literature (Orlikowski and Gash 1994; Or-
likowski 2007; D’Ignazio and Klein 2023; Crawford 2025;
Strubell, Ganesh, and McCallum 2019). These dimensions
make the analytical lenses empirically observable within
real-world AI deployments. We identified 19 sociotechni-
cal dimensions summarized in Table 1. While analytically
distinct, these dimensions are empirically entangled and fre-
quently co-occur within AI-enabled sociotechnical systems,
forming a unified evaluative framework for examining con-
textual legitimacy. Existing frameworks have addressed re-
lated concerns from complementary angles: Selbst et al.
(2019) identify the abstraction traps through which AI sys-
tems fail when decontextualized from their sociotechnical
environment, while (Virk 2022) proposes a taxonomy of al-
gorithmic harms as system outputs. The proposed frame-
work extends both contributions by shifting the analytical
focus from failure modes and output harms to the relational
conditions that generate them, and by explicitly grounding
each dimension within the TAI evaluative structure — en-
abling systematic assessment of contextual legitimacy rather
than post-hoc identification of its absence. Furthermore, the

framework is intentionally open: the 19 dimensions rep-
resent a theoretically grounded but non-exhaustive starting
point, derived inductively from critical AI and sociotechni-
cal literature, and intended as a basis for future extension
as new legitimacy-related mechanisms are identified across
emerging AI deployment contexts.

Analytical Dimensions of Contextual Legitimacy
Governance Lens The governance lens examines how
AI-enabled systems configure, redistribute, and legitimize
power relations within sociotechnical environments. It ad-
dresses the following analytical question:

How do AI-enabled systems redistribute power, au-
thority, and control within society?

Seven dimensions operationalize this lens. These dimen-
sions emerge from more specific analytical sub-questions
concerning how power is structured, exercised, and legit-
imized across sociotechnical systems.

Who holds power? Within AI-enabled sociotechnical
systems, power can be concentrated both institutionally and
economically. At the institutional level, Technocracy (D1)
captures the displacement of political judgment and demo-
cratic deliberation by technical rationality and data-driven
governance (Morozov 2013; Malleson et al. 2024). Closely
related, Corporate and neoliberalist vision (D2) examines
how private technological actors and market-oriented gover-
nance logics increasingly shape public infrastructures and
political decision-making, often generating forms of ven-
dor lock-in and infrastructural dependency (O’Neil 2017;
Pasquale 2015; Sadowski and Bendor 2019).

How is this power exercised? Following sociotechnical
approaches that distinguish multiple scales of social orga-
nization, power within AI-enabled sociotechnical systems
can be analyzed across three interconnected levels: the micro
level, concerning individuals and their interaction with tech-
nological systems; the meso level, concerning communities
and collective social groups; and the macro level, concerning
global geopolitical and infrastructural relations (Virk 2022).
Each level makes visible different legitimacy-related dimen-
sions. At the micro level, power can shape both imaginar-
ies and individual behavior. Imposition of dreams (D3) con-
cerns the capacity of technological systems to shape collec-
tive imaginaries, aspirations, and socially desirable futures
(Wang 2021; Bina, Inch, and Pereira 2020), while Surveil-
lance (D4) captures the expansion of dataveillance, algo-
rithmic monitoring, and behavioral control enabled by per-
vasive digital infrastructures (Wang 2021; Krivỳ 2018). At
the meso level, power can operate through the uneven rep-
resentation and visibility of social groups within sociotech-
nical infrastructures. Marginalization of Communities (D5)
concerns how data-driven governance and AI-enabled in-
frastructures can systematically disadvantage specific social
groups, not as incidental failures, but as structural conse-
quences of how power is exercised through technological
systems (Eubanks 2018; Noble 2018). Finally, at the macro
level, Digital colonialism (D6) concerns asymmetric techno-
logical dependencies through which external technological
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Analytical Lens ID Sociotechnical Dimension
Human

agency &
oversight

Robustness
& safety

Privacy &
data

governance
Transparency

Diversity
and fairness

Societal &
environmental

well-being
Accountability

L1 – Governance
Power, Legitimacy,
and Control

D1 Technocracy • • • • •

D2 Corporate and Neoliberalist
Vision

• • • •

D3 Imposition of Dreams • • •

D4 Surveillance • • •

D5 Marginalization of
Communities

• • •

D6 Digital Colonialism • •

D7 Digital Universalism •

L2 – Relational
Human Reliance
and Participation

D8 Technical Positivism •

D9 Oracle Effect • • • •

D10 Skill Gap in Citizens • • • •

D11 Lack of Participation • • • •

D12 Lack of Evaluation • • • • • •

L3 – Representational
Data Justice and
Representation

D13 Lack of Intersectionality • • •

D14 Invisible People • •

D15 Biased Data Practices • •

D16 Citizen datafication •

L4 – Contextual
Costs and
Sustainability

D17 Time Impact

D18 Economic Impact

D19 Sustainability • •

Table 1: Sociotechnical dimensions operationalizing the four analytical lenses of the proposed sociotechnical evaluation frame-
work.

infrastructures, governance models, and epistemic frame-
works are imposed across different geopolitical and socio-
economic contexts (Kwet 2019; Couldry and Mejias 2019).

What assumptions legitimize these power relations?
Power relations within AI-enabled sociotechnical systems
are also sustained by epistemic assumptions concerning
what aspects of social reality can be represented, measured,
and therefore governed through technology. Digital univer-
salism (D7) examines the assumption that social reality can
be fully represented through digital abstraction, legitimizing
universal technological models while marginalizing situated
and contextual forms of knowledge.

These dimensions evaluate how AI-enabled systems config-
ure sociotechnical power relations and shape the governance
conditions under which contextual legitimacy is constructed
and contested.

Relational Lens This examines the relational conditions
through which individuals and communities engage with,
interpret, and exercise agency toward AI-enabled systems.
It addresses the following analytical question:

How do people relate to AI-enabled systems, and to
what extent are they able to meaningfully understand,

question, and participate in them?

Five dimensions operationalize this lens. These dimensions
emerge from analytical sub-questions concerning how tech-
nological authority is perceived, how engagement with AI-
enabled systems is structured, and which conditions enable
or constrain meaningful participation and accountability.

How are AI-enabled systems perceived? This dimension
examines how authority and legitimacy are attributed to AI-
enabled systems. Two dimensions are analytically relevant.
Technical positivism (D8) captures the assumption that data-
driven systems are inherently neutral and objective, natural-
izing their authority and limiting critical scrutiny (Pasquale
2015; Eubanks 2018; Jasanoff and Kim 2019). The Ora-
cle effect (D9) describes the tendency to treat AI-generated
outputs as authoritative and unquestionable, delegating epis-
temic judgment to automated processes (Selbst et al. 2019;
O’Neil 2017).

How do people relate to AI-enabled systems? The re-
lation between individuals and AI-enabled systems can be
examined across both individual and collective levels, cap-
turing how agency, participation, and the capacity to contest
technological authority are unevenly distributed within STS.
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At the individual level, Skill Gap in Citizens (D10) con-
cerns inequalities in technical literacy that limit the capac-
ity of certain populations to understand, navigate, contest,
and meaningfully engage with the systems that govern them
(Van Dijk 2020). At the collective level, Lack of participa-
tion (D11) captures the exclusion of affected communities
from the design, deployment, and evaluation of AI-enabled
systems, reproducing structural asymmetries between those
who govern technological systems and those subjected to
them (Selbst et al. 2019; Mittelstadt 2019).

What structural conditions constrain accountability?
The perceptual and relational asymmetries described above
are reinforced by a structural condition operating across both
individual and collective levels. Lack of evaluation (D12)
concerns the absence of mechanisms and indicators capa-
ble of assessing the broader social impacts of AI systems
beyond technical performance metrics (Mittelstadt 2019;
Mehrotra et al. 2026). Without robust frameworks for so-
cial evaluation, these asymmetries remain difficult to iden-
tify, contest, and govern. This dimension therefore helps ex-
plain why relational asymmetries often remain unaddressed
despite formal accountability mechanisms.

These dimensions evaluate whether AI-enabled systems en-
able meaningful participation and informed engagement, or
instead reinforce asymmetries of agency and dependence.

Representational Lens The representational lens exam-
ines how social reality is represented within AI-enabled sys-
tems through data, models, and computational abstractions.
It addresses the following analytical question:

Whose realities become visible, represented, and ac-
tionable within AI-enabled systems, and whose are
excluded or distorted?

Four dimensions operationalize this lens through three rep-
resentational conditions: omission, bias, and datafication
without agency.

Representational omission. Representational omission
concerns the incomplete or absent representation of indi-
viduals within AI-enabled systems. This can operate both
as partial omission and complete exclusion. Lack of inter-
sectionality (D13) captures the omission of overlapping di-
mensions of identity and social experience within compu-
tational representations (Crenshaw 1989; Benjamin 2023).
Invisible people (D14) concerns the exclusion of individuals
and communities that fall outside dominant data collection
infrastructures (Crawford 2025; D’Ignazio and Klein 2023).

Representational bias. This concerns the incorporation
and reproduction of social and institutional biases within
computational representations. Biased data practices (D15)
examine how data collection, aggregation, labeling, and
evaluation processes reproduce existing inequalities and in-
stitutional assumptions within AI-enabled systems (Barocas
and Selbst 2016; D’Ignazio and Klein 2023).

Datafication without agency. This concerns the reduction
of individuals to data profiles and computational abstrac-
tions within AI-enabled systems. As data subjects, individu-

als are reduced to computational profiles detached from so-
cial context and self-determination (Pasquale 2015; Van Di-
jck 2014). As end users, they are positioned as passive recip-
ients of system outputs with limited capacity for contestation
or agency (Selbst et al. 2019). This dimension is captured
through Citizen datafication (D16) (Pasquale 2015).

These dimensions evaluate whether AI-enabled systems re-
produce partial, exclusionary, or distorted representations of
social reality.

Contextual Lens The contextual lens examines the
broader material and systemic conditions within which AI-
enabled sociotechnical systems operate. It addresses the fol-
lowing analytical question:

What material conditions, costs, and systemic con-
straints shape the legitimacy and applicability of AI-
enabled systems?

Three dimensions operationalize this lens. These dimen-
sions emerge from analytical sub-questions concerning the
temporal, economic, and environmental conditions that con-
strain the sustainability and applicability of AI systems.

Temporal conditions. Time impact (D17) concerns both
the substantial time required to develop and maintain AI-
enabled systems and the temporal mismatch between the
pace of social change and the lifecycle of those systems,
which may become obsolete or socially misaligned before
they can be effectively operationalized (Selbst et al. 2019;
Pasmore et al. 2019).

Economic conditions. Economic Impact (D18) examines
the unequal distribution of economic costs, investments, and
benefits associated with AI infrastructures and governance
models, which may reinforce existing socioeconomic in-
equalities across communities, institutions, and geopolitical
contexts (Sadowski and Bendor 2019; Hollands 2015).

Environmental conditions. Sustainability (D19) captures
the environmental costs associated with AI-enabled sys-
tems, including energy consumption, computational infras-
tructures, and resource extraction (Strubell, Ganesh, and
McCallum 2019; Schwartz et al. 2020; Patterson et al. 2021).

These dimensions evaluate whether AI-enabled systems re-
main materially sustainable and socially applicable within
the environments in which they operate.

Relating TAI and Contextual Legitimacy
To examine how the proposed framework complements con-
ventional TAI-oriented evaluations, we developed a map-
ping between the seven TAI pillars and the 19 sociotech-
nical dimensions of the framework. Table 1 summarizes the
resulting associations, with superscript numbers referring to
the corresponding EGTAI paragraphs.

Human Agency & Oversight AI systems supporting hu-
man autonomy and decision-making(62) require meaningful
forms of human oversight. From a fundamental rights per-
spective(63), TAI mandates impact assessments aimed at pro-
tecting individual freedoms, directly engaging D4 – Surveil-
lance and D3 –Imposition of Dreams. On the dimension of
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human agency(64), users must receive adequate knowledge
and tools to interact with AI systems, directly engaging D10
– Skill Gap in Citizens. Preserving user autonomy further
requires avoiding both the structural delegation of decision-
making authority to technical systems (D1 – Technocracy)
and the uncritical acceptance of AI-generated outputs (D9 –
Oracle Effect). Finally, human oversight(65) requires mean-
ingful participation across the three recommended modali-
ties — human-in-the-loop, human-on-the-loop, and human-
in-command — directly engaging D11 – Lack of Participa-
tion and D12 – Lack of Evaluation. The requirement further
intersects with D7 – Digital Universalism and D8 – Techni-
cal positivism, where technological authority remains insuf-
ficiently contestable.

Technical Robustness & Safety Technical robustness is
grounded in harm prevention(66), which TAI explicitly ex-
tends to physical and psychological integrity. This directly
engages both D3 – Imposition of Dreams and D4 – Surveil-
lance. On resilience to attack and security(67), TAI requires
protection against adversarial exploitation and system mis-
use, intersecting with D2 – Corporate and Neoliberalist Vi-
sion. On fallback plan and general safety(68), the require-
ment that systems do not harm individuals or the envi-
ronment directly engages D19 – Sustainability, while risk
assessment presupposes evaluative mechanisms capable of
capturing broader systemic effects through D12 – Lack of
Evaluation. On accuracy(69), the obligation to mitigate in-
correct predictions and communicate uncertainty intersects
with D9 – Oracle Effect. Finally, reliability and repro-
ducibility(70) require evaluation metrics capable of specify-
ing the contexts in which system performance remains valid,
directly engaging D12 – Lack of Evaluation.

Privacy & Data Governance Privacy is established by
TAI as a fundamental right in the context of AI(71). On pri-
vacy and data protection(72), systems must not be used for
unlawful purposes, directly engaging both D2 – Corporate
and Neoliberalist Vision and D4 – Surveillance. On data
quality and integrity(73), TAI emphasizes the relevance of
data to the deployment context. This directly engages D15
– Biased Data Practices, as well as D13 – Lack of Intersec-
tionality and D14 – Invisible People. The requirement fur-
ther intersects with D6 – Digital Colonialism, particularly in
cross-context deployments of AI models and data practices.
Finally, on access to data(74), meaningful access to and con-
testation of personal data presuppose the technical literacy
required to understand and exercise those rights, directly en-
gaging D10 – Skill Gap in Citizens.

Transparency Transparency requires that the relevant el-
ements of AI systems be accessible and interpretable(75). On
traceability(76), comprehensive documentation constitutes a
prerequisite for meaningful accountability and system eval-
uation. On explainability(77), TAI requires that individuals be
able to understand system decisions, directly engaging both
D10 – Skill Gap in Citizens and D11 – Lack of Participation.
The right to request explanations further intersects with D9
– Oracle Effect. The requirement that systems communicate
their degree of influence on decision-making processes di-

rectly engages D12 – Lack of Evaluation. Finally, on com-
munication(78), TAI requires that AI systems be identifiable
as such and that their limitations and levels of accuracy be
communicated in accessible terms. These requirements fur-
ther intersect with D1 – Technocracy.

Diversity, Non-Discrimination & Fairness TAI requires
that inclusion and diversity be ensured across the entire AI
lifecycle(79), directly engaging D11 – Lack of Participation
and D1 – Technocracy. The requirement further intersects
with D5 – Marginalization of Communities, D13 – Lack of
Intersectionality, and D14 – Invisible People. On avoidance
of unfair bias(80), particular attention must be paid to D15
– Biased Data Practices. On accessibility and universal de-
sign(81), systems must remain user-centered rather than re-
ducing individuals to computational objects, directly engag-
ing D16 – Citizen Datafication. The requirement addition-
ally intersects with D10 – Skill Gap in Citizens. Finally,
stakeholder participation(82), requires mechanisms capable
of evaluating and incorporating stakeholder feedback over
time, directly engaging D12 – Lack of Evaluation.

Societal and Environmental Well-Being TAI establishes
that AI systems should generate benefits that are broadly dis-
tributed across society(83), directly engaging D5 – Marginal-
ization of Communities and D13 – Lack of Intersectionality.
On environmental sustainability(84), TAI recognizes ecolog-
ical impact as a constitutive dimension of responsible AI,
directly intersecting with D19 – Sustainability. On social
impact(85), TAI acknowledges the capacity of AI systems to
shape social relations and collective imaginaries, engaging
D3 – Imposition of Dreams. Meaningful assessment of these
impacts further presupposes evaluative mechanisms extend-
ing beyond technical performance metrics, directly engaging
D12 – Lack of Evaluation. Finally, on society and democ-
racy(86), TAI emphasizes the effects of AI on democratic in-
stitutions and social structures, directly engaging D1 – Tech-
nocracy, D2 – Corporate and Neoliberalist Vision, and D6
– Digital Colonialism.

Accountability Accountability operationalizes the pre-
ceding TAI requirements through mechanisms of evalua-
tion, contestation, and redress(87). On auditability(88), TAI
requires evaluative procedures capable of assessing AI sys-
tems beyond technical performance metrics, directly engag-
ing D12 – Lack of Evaluation. The requirement addition-
ally intersects with D2 – Corporate and Neoliberalist Vision.
On minimisation and reporting of negative impacts(89), ac-
countability presupposes the capacity to contest and respond
to harmful system outputs, directly engaging D9 – Oracle
Effect and D11 – Lack of Participation. On trade-offs(90),
TAI acknowledges that conflicts between requirements may
emerge and must be resolved based on ethical principles and
fundamental rights rather than technical efficiency alone,
engaging D1 – Technocracy. Finally, on redress(91), TAI
emphasizes the need to protect vulnerable individuals and
groups, directly intersecting with D5 – Marginalization of
Communities, where structural disadvantage limits access to
redress mechanisms.
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Structural Patterns Across the Mapping
The mapping reveals four structural patterns that highlight
the complementary value of the proposed framework with
respect to TAI requirements. First, D12 – Lack of Evalua-
tion emerges as the most transversal dimension across the
mapping, appearing as a necessary condition in nearly every
TAI pillar. This suggests that requirements such as auditabil-
ity, explainability, and impact assessment presuppose evalu-
ative mechanisms capable of assessing broader sociotechni-
cal effects beyond technical system performance. Second,
D17 – Time Impact and D18 – Economic Impact receive
no explicit treatment within TAI requirements, despite sub-
stantially shaping whether those requirements can be met
in practice. This absence suggests a structural gap between
the normative formulation of TAI principles and the material
conditions required for their implementation across different
institutional and socioeconomic contexts. Third, D6 – Dig-
ital Colonialism surfaces only weakly and indirectly across
the mapping, primarily in relation to data governance and
democratic integrity. The geopolitical asymmetries through
which AI infrastructures, models, and governance frame-
works are transferred across different social and cultural
contexts therefore remain weakly operationalized within
conventional TAI evaluations. Fourth, D1 – Technocracy and
D2 – Corporate and Neoliberalist Vision intersect with mul-
tiple TAI pillars — particularly those related to human over-
sight, transparency, accountability, and democratic gover-
nance. This highlights how questions concerning the con-
centration and legitimization of power remain implicit rather
than explicitly addressed within conventional TAI-oriented
evaluations. Overall, the mapping suggests that several so-
ciotechnical legitimacy conditions remain fragmented, in-
directly addressed, or weakly operationalized within con-
ventional TAI evaluations. Rather than introducing entirely
external concerns, the proposed framework reorganizes and
systematizes evaluative conditions that often remain implic-
itly dispersed across existing TAI requirements.

Empirical Evaluation
Empirical Research Design
Operational Definition of AI-Enabled Urban Digital
Twins For the purpose of this study, an Urban Digital Twin
(UDT) is defined as a digital representation of an urban
environment integrating data-driven models, simulation ca-
pabilities, and decision-support functionalities connected to
urban processes (Dembski et al. 2020; Digital Twin Con-
sortium 2020; Shao and Helu 2022). To distinguish UDTs
from static urban models or offline simulations, only sys-
tems explicitly supporting monitoring, prediction, simula-
tion, or decision-making through continuously updated ur-
ban data were considered. A paper was classified as ad-
dressing an AI-enabled UDT when AI techniques consti-
tuted an explicit functional component of the UDT archi-
tecture. This included, for example, machine learning, pre-
dictive analytics, optimization algorithms, computer vision,
generative AI, or AI-based decision-support systems inte-
grated within urban digital twin workflows (Huang et al.
2021; Ferré-Bigorra, Casals, and Gangolells 2022; Xu et al.

TAI pillar Additional query terms

Human agency and oversight (”human agency” OR ”human oversight”)

Technical robustness and safety (”technical robustness” OR ”safety”)

Privacy and data governance (”privacy” OR ”data governance”)

Transparency (”transparency”)

Diversity, non-discrimination,
and fairness

(”diversity” OR ”non-discrimination” OR
”fairness”)

Societal and environmental
well-being

(”societal well-being” OR ”environmental
well-being” OR ”sustainability” OR
”environmental impacts”)

Accountability (”accountability” OR ”responsibility”)

Table 2: Queries used for the Phase 3 SLR. All queries
shared the common base (”urban digital twin” OR ”city dig-
ital twin”) AND (”AI” OR ”artificial intelligence”).

2024). Static 3D city models, descriptive dashboards, and
systems without explicit AI-enabled functionalities were ex-
cluded. City-scale digital representations for urban decision
support were included even when not fully satisfying strict
synchronization or bidirectional coupling criteria.

SLR Protocol and Inclusion Criteria The literature
search was conducted across Google Scholar, Scopus, and
DBLP in September 2025 and updated in May 2026. To
identify TAI-oriented AI-enabled UDT literature, we de-
fined one query per TAI pillar using UDT-, AI-, and TAI-
related keywords. The complete query set is reported in
Table 2. Papers were included if they i) described an AI-
enabled UDT according to the operational definition pro-
vided in the previous Section; ii) explicitly addressed at least
one TAI-related requirement or evaluative concern; iii) pro-
vided sufficient conceptual or technical detail to evaluate
sociotechnical legitimacy conditions through the proposed
framework; and iv) were written in English. Review papers
and surveys were used exclusively for backward reference
analysis and excluded from the empirical coding corpus. Af-
ter deduplication, screening, and backward snowballing, the
final corpus consisted of 80 papers1.

Analytical Coding Procedure For each dimension, the
coding assessed whether the corresponding legitimacy con-
dition was treated as an explicit evaluative concern within
the paper, rather than merely acknowledged implicitly. As
a preliminary step, each paper was associated with the TAI
pillar through which it had been retrieved — as identified
by the search query in Table 2 — and the sociotechnical
dimensions mapped to that pillar in Table 1 were used as
the primary analytical entry points. Evidence was identified
through close reading of introductions, conclusions, and pas-
sages addressing social, governance, or representational as-
pects relevant to the framework. Four levels of engagement
were identified:

1The full corpus of papers included in the systematic literature
review is will be made available on arXiv.
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• Issue ignored: the legitimacy condition is not explicitly
mentioned;

• Issue handled uncritically: the issue is present, whether
explicitly or implicitly, but is accepted as given without
examining its broader implications;

• Issue handled critically: the issue is explicitly acknowl-
edged and critically discussed;

• Issue operationalized: the issue is translated into explicit
evaluative, methodological, or governance mechanisms.

Examples from the reviewed corpus illustrate the
four levels of engagement. At the operationalized level,
Villanueva-Merino et al. (2024) explicitly addresses the im-
pacts of urban AI systems on elderly populations by propos-
ing concrete evaluative mechanisms and participatory de-
sign approaches (D11, D12). At the handled critically level,
Nechesov and Ruponen (2024) acknowledges the need to
include diverse citizen groups in AI civic participation sys-
tems and recognizes unequal technical literacy as a barrier to
meaningful engagement (D10), without fully formalizing a
systematic methodological response. At the handled uncrit-
ically level, Nanthasamroeng et al. (2026), despite pursuing
sustainability objectives, does not examine whether the com-
putational costs of the deployed AI models may partially off-
set the environmental benefits pursued (D19). Finally, at the
ignored level, Xiao et al. (2024) makes no reference to in-
tersectionality or to the exclusion of populations absent from
dominant data infrastructures (D13, D14).

Empirical Findings
Findings are presented at two complementary levels. First,
the analysis is conducted at the pillar level, examining
whether papers associated with a given TAI pillar also en-
gage the sociotechnical dimensions identified in the previous
mapping as necessary conditions for the substantive opera-
tionalization of that pillar. Second, the analysis is conducted
at the analytical lens level, examining the overall treatment
of the four analytical lenses of the proposed framework in
order to identify broader patterns of sociotechnical engage-
ment, systematic blind spots, and differences in critical treat-
ment across the reviewed corpus.

Pillar-level Analysis At the pillar level, the analysis ex-
amines whether papers associated with a given TAI pillar
also engage the sociotechnical dimensions identified in the
previous mapping as necessary conditions for the substan-
tive operationalization of that pillar. For each TAI category,
we analyzed the subset of associated papers and evaluated
the level of engagement of each mapped sociotechnical di-
mension according to the four coding categories introduced
above. Figure 2 shows the distribution of papers for each TAI
pillar across the four levels of engagement: ignored, handled
uncritically, handled critically, and operationalized.

Human Agency & Oversight (11 papers) Papers associ-
ated with this pillar show a predominantly uncritical treat-
ment of the mapped sociotechnical dimensions. In particu-
lar, D7 – Digital Universalism, D3 – Imposition of Dreams,
and D8 – Technical positivism are present in more than 90%
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Figure 2: Engagement distribution across sociotechnical di-
mensions within the corresponding TAI pillar.

of the corpus without an explicit evaluative concern, sug-
gesting that assumptions regarding the neutrality and de-
sirability of AI-enabled urban systems remain largely un-
questioned. More critical treatment emerges around D1 –
Technocracy and D4 – Surveillance, where critical handling
reaches 55% and 45% respectively, indicating partial aware-
ness of power concentration and behavioral control dynam-
ics. D11 – Lack of Participation and D12 – Lack of Eval-
uation record the highest shares of critical and operational-
ized handling within this pillar, suggesting growing atten-
tion toward participatory governance and broader mecha-
nisms of social evaluation. The findings indicate that liter-
ature addressing Human Agency & Oversight still opera-
tionalizes agency primarily at the level of technical inter-
action and user control, while only partially engaging with
the broader structural conditions shaping participation, con-
testability, and oversight.

Technical Robustness & Safety (15 papers) Papers associ-
ated with this pillar display a predominantly uncritical treat-
ment of the mapped sociotechnical dimensions. In partic-
ular, D3 – Imposition of Dreams and D9 – Oracle Effect
are handled almost exclusively without critical reflection,
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consistent with the strongly technical framing characteriz-
ing this pillar. D4 – Surveillance shows the most contested
profile, with papers distributed almost evenly across ignored,
uncritical, and critical handling, suggesting emerging aware-
ness of monitoring and data governance concerns. D12 –
Lack of Evaluation presents the most differentiated distri-
bution, including the highest share of operationalized cases
within this pillar. At the same time, D19 – Sustainability is
treated predominantly uncritically: environmental sustain-
ability is invoked almost exclusively as a goal or intended
outcome of AI-enabled urban systems, while the environ-
mental costs associated with AI infrastructures are rarely ex-
amined. Overall, robustness and safety are framed primarily
in technical and infrastructural terms, with limited engage-
ment with their broader sociotechnical implications.

Privacy & Data Governance (14 papers) Papers associ-
ated with this pillar present the highest concentration of ig-
nored sociotechnical dimensions across the TAI analysis. In
particular, D6 – Digital Colonialism, D13 – Lack of Inter-
sectionality, and D14 – Invisible People are almost entirely
absent from the reviewed corpus, indicating that privacy and
data governance are predominantly framed in technical and
procedural terms. More critical treatment emerges around
D4 – Surveillance, suggesting partial awareness of monitor-
ing and data exploitation concerns, while D10 – Skill Gap in
Citizens records moderate levels of critical handling related
to inequalities in data access and understanding. Overall, the
findings suggest that existing privacy-oriented literature re-
mains weakly engaged with the broader sociotechnical con-
ditions shaping exclusion, representation, and power asym-
metries in data governance.

Transparency (10 papers) Papers associated with this pil-
lar display a comparatively more balanced distribution be-
tween uncritical and critical handling across several so-
ciotechnical dimensions. In particular, D1 – Technocracy,
and D9 – Oracle Effect show evenly distributed levels of
uncritical and critical treatment, suggesting more consistent
engagement with transparency-related sociotechnical con-
cerns than in other TAI pillars. D10 – Skill Gap in Citizens
presents a distinctive profile, being either ignored or han-
dled critically, with limited uncritical treatment. This sug-
gests that technical literacy is recognized as a substantive
condition for transparency rather than taken for granted.
D11 – Lack of Participation and D12 – Lack of Evaluation
present the most differentiated profiles, including the only
operationalized cases observed within this pillar. Overall,
the findings indicate that transparency-oriented literature en-
gages more directly with issues of explanation, contestabil-
ity, and evaluation, while still providing limited operational
responses to the broader sociotechnical challenges associ-
ated with transparency in AI-enabled urban systems.

Diversity, Non-Discrimination & Fairness (11 papers)
Papers associated with this pillar display the most inter-
nally heterogeneous profile across the TAI analysis. D1 –
Technocracy records the highest rate of critical handling ob-
served for this dimension across all pillars, while D12 –
Lack of Evaluation reaches the highest share of operational-

ized cases in the corpus. In contrast, dimensions directly re-
lated to social exclusion remain weakly addressed: D14 –
Invisible People is ignored in the large majority of papers,
and D13 – Lack of Intersectionality shows similarly lim-
ited engagement. More moderate levels of critical treatment
emerge for D5 – Marginalization of Communities and D16 –
Citizen Datafication. Overall, the findings reveal a structural
tension within this pillar: while diversity-oriented literature
engages critically with governance and evaluation concerns,
it remains comparatively weak in addressing the sociotech-
nical conditions most directly related to exclusion and rep-
resentational inequality.

Societal & Environmental Wellbeing (24 papers) Papers
associated with this pillar display a predominantly uncritical
treatment of the mapped sociotechnical dimensions. In par-
ticular, D3 – Imposition of Dreams and D2 – Corporate and
Neoliberalist Vision are rarely addressed as explicit evalua-
tive concerns, while D6 – Digital Colonialism is largely ig-
nored across the corpus. D12 – Lack of Evaluation presents
the most differentiated profile, including moderate levels of
critical and operationalized handling, while D5 – Marginal-
ization of Communities records limited operational engage-
ment. At the same time, D19 – Sustainability is treated pre-
dominantly uncritically. Overall, despite its explicit focus
on societal and environmental concerns, this pillar repro-
duces many of the structural blind spots observed across the
broader corpus, particularly regarding colonial, representa-
tional, and systemic dimensions.

Accountability (7 papers) Papers associated with this pil-
lar display a predominantly uncritical treatment of the
mapped sociotechnical dimensions. In particular, D9 – Or-
acle Effect and D1 – Technocracy are rarely addressed as
explicit evaluative concerns, while D2 – Corporate and Ne-
oliberalist Vision remains partially ignored across the cor-
pus. More differentiated profiles emerge for D5 – Marginal-
ization of Communities and D12 – Lack of Evaluation, the
latter recording the highest share of operationalized cases
within this pillar. Overall, despite the limited sample size,
the findings suggest that accountability within urban digital
twin literature is framed primarily in terms of technical eval-
uation and system performance, with comparatively weaker
engagement with broader questions of social responsibility,
contestability, and structural inequality.

Analytical Lens-Level Analysis Aggregating results
across the four analytical lenses highlights systematic dif-
ferences in how sociotechnical legitimacy conditions are
treated within TAI-oriented UDT literature. Within the gov-
ernance lens, the dominant pattern is one of predominantly
uncritical treatment of structural power relations and their
underlying legitimacy assumptions. D1 – Technocracy, D2
– Corporate and Neoliberalist Vision, D3 – Imposition of
Dreams, and D4 – Surveillance are frequently present across
the corpus, but are treated predominantly uncritically, sug-
gesting limited reflexive engagement with the ways AI-
enabled urban systems concentrate authority, shape behav-
ior, and normalize particular forms of governance and au-
thority. More structurally oriented dimensions remain even
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less developed: D5 – Marginalization of Communities re-
ceives only limited critical treatment, while D6 – Digital
Colonialism is almost entirely ignored across the corpus. Fi-
nally, D7 – Digital Universalism is handled almost exclu-
sively uncritically, indicating that assumptions regarding the
universality and neutrality of computational representations
remain largely unquestioned. Overall, the findings suggest
that broader geopolitical asymmetries, structural inequali-
ties, and legitimacy assumptions remain weakly addressed
within existing TAI-oriented UDT literature. The relational
lens presents the most internally differentiated profile across
the four analytical lenses. D8 – Technical Positivism and D9
– Oracle Effect are treated predominantly uncritically, in-
dicating limited reflexive engagement with assumptions of
technological neutrality and algorithmic authority. In con-
trast, D10 – Skill Gap in Citizens, D11 – Lack of Participa-
tion, and especially D12 – Lack of Evaluation display com-

paratively higher levels of critical and operationalized han-
dling. The findings suggest that existing literature increas-
ingly addresses participation and social evaluation mecha-
nisms, while paying less attention to the relational asymme-
tries and legitimacy assumptions through which AI systems
acquire authority and social acceptance. Within the repre-
sentational lens, the dominant pattern is the limited treat-
ment of dimensions related to representational exclusion. In
particular, D13 – Lack of Intersectionality and D14 – Invis-
ible People are largely ignored across the reviewed corpus,
indicating limited attention to which individuals, identities,
and social experiences remain excluded from computational
representations. D15 – Biased Data Practices is more fre-
quently acknowledged, though predominantly handled un-
critically, indicating that bias is often treated as a techni-
cal data-quality issue rather than as a broader sociotechnical
condition shaping exclusion and inequality. Similarly, D16 –
Citizen Datafication is acknowledged more often than oper-
ationalized. Taken together, these findings suggest that rep-
resentational concerns extensively discussed within broader
AI ethics literature — particularly intersectionality and rep-
resentational exclusion — remain only weakly integrated
into domain-specific UDT evaluation and governance prac-
tices. Finally, the contextual lens is represented solely by
D19 – Sustainability, as D17 – Time Impact and D18 – Eco-
nomic Impact are not associated with any TAI pillar and
therefore fall outside the pillar-based analysis. At the same
time, sustainability functions primarily as the motivating ob-
jective driving the development of AI-enabled urban solu-
tions, which partly explains the comparatively large size of
this pillar’s corpus. However, the environmental costs asso-
ciated with AI infrastructures themselves are rarely made
explicit, creating a structural blind spot in the evaluation of
the sustainability profile of these systems.

Conclusion
This paper proposed a sociotechnical framework for eval-
uating contextual legitimacy in AI-enabled sociotechnical
systems. The analytical mapping and empirical evalua-
tion show that several legitimacy conditions remain only
partially operationalized within conventional TAI-oriented
evaluations: while participation, transparency, and evalua-
tion receive increasing critical attention, structural condi-
tions — power concentration, representational exclusion,
digital colonialism, and systemic sustainability — remain
comparatively underexamined. These findings suggest that
artifact-centered and compliance-oriented evaluations alone
are insufficient for capturing how AI legitimacy is con-
structed and contested in practice, motivating the proposed
framework as a complementary, systematic lens for assess-
ing these conditions. Future work should extend its empiri-
cal application beyond the UDT domain to assess which ob-
served blind spots generalize across AI-enabled sociotech-
nical systems and which remain domain-specific.

Declaration on the Use of AI
The authors used generative AI tools exclusively for (i)
graphical refinement and completion of author-created fig-
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ures and sketches, and (ii) editing and polishing of author-
written text for clarity and readability. No AI-generated
scientific content, analyses, interpretations, or conclusions
were directly included in the manuscript without substantial
human authorship, revision, verification, and full responsi-
bility by the authors.
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