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Abstract
Aligning the perceived trustworthiness and trusting behavior
of users with the capabilities and characteristics of AI sys-
tems is considered central to the adoption of AI systems in
society. However, achieving such a trustworthiness alignment
faces major practical obstacles, at least with more complex
notions of trust that go beyond mere reliance on an AI system.
The present article identifies five fundamental obstacles that
arise in the trustworthiness assessment and alignment process
and that threaten to make any trustworthiness alignment un-
feasible in practice. To address these obstacles, we introduce
a novel DELIB-TRUST framework which goes beyond the
conventional causal-behavioral framework of trust calibration
and incorporates elements of deliberation and reason-giving.
We evaluated our framework by conducting an expert study
with 12 HCI/AI practitioners and provide actionable steps for
its implementation. Through its evaluation, we show how the
framework can help close important gaps that exist due to un-
acknowledged value-laden decisions and interpretative steps
in efforts to achieve trustworthiness alignment.

Introduction
Achieving trustworthy AI has become a key goal both for
AI developers and policy makers. Trustworthy AI is deemed
crucial for the acceptance of the technology, its societal up-
take, the emergence of consumer markets, and, not least, re-
sponsible development and use of the technology. An im-
portant assumption in research on trust in and trustworthi-
ness of AI is that the trustworthiness of a system is a func-
tion of design characteristics, such as the performance, the
biases, and the transparency of a system (Kaur et al. 2023;
Liao and Sundar 2022; Mehrotra et al. 2024a,b; Vereschak,
Bailly, and Caramiaux 2021).

Trustworthy AI itself is not enough for societal accep-
tance of AI, though, as people also need to trust it (Braun,
Bleher, and Hummel 2021; Laux, Wachter, and Mittelstadt
2024). Even an AI system that has been carefully designed
may be perceived as untrustworthy. If, for instance, a system
makes a crucial decision, such as recommending a medical
treatment or providing financial advice, but cannot explain
the rationale behind that decision in a way that is under-
standable to users, it may lead to skepticism or rejection.
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In this sense, people may under-trust certain AI systems.
Yet, besides under-trusting AI systems, individuals may also
over-trust AI systems, meaning that they place their trust in
systems designed in a way that does not warrant. There-
fore, a key challenge in shaping human-AI interactions in
view of the growing proliferation of AI in people’s lives
is to align individuals’ perceptions of trustworthiness with
what has been called ’actual trustworthiness’ of AI sys-
tems (Tomsett et al. 2020; Wischnewski, Krämer, and Müller
2023; Lucas, Becerik-Gerber, and Roll 2024; Schlicker et al.
2025a). Achieving such ’calibrated’ or ’appropriate’ trust
means avoiding both too much and too little trust in an AI
system1.

While achieving alignment between actual and perceived
trustworthiness seems plausible in abstract terms, it involves
a demanding process with intricate methodological chal-
lenges when it is put into practice. Specifically, it requires:
(a) making assessments of actual and perceived trustworthi-
ness i.e., arriving at valid and reliable measures, (b) finding
ways to make valid comparisons between these two sides
and also (c) to align them. The state of research leaves
us with an important gap regarding this process. Previous
work has outlined the general challenge of aligning the two
sides of actual and perceived trustworthiness (Wischnewski,
Krämer, and Müller 2023; Lucas, Becerik-Gerber, and Roll
2024; Mehrotra et al. 2024a; Schlicker et al. 2025a; Liao
and Sundar 2022). It has pointed to relevant components
that make up actual (Li et al. 2023) and perceived (Schlicker
et al. 2025b) trustworthiness. It has furthermore highlighted
the need for a communication process of conveying infor-
mation about an AI system and its actual trustworthiness to
influence and align trustworthiness perceptions (Schlicker
et al. 2025a; Liao and Sundar 2022). However, prior work
has not dealt with the detailed challenges and practical steps
of measurement and establishing the equivalence of metrics
required in this process.

In this article, we look more closely at what makes the
trustworthiness assessment and alignment process work and
what it takes to put it into practice. We ask what practi-
cal challenges arise from the HCI perspective in the pro-
cesses of aligning actual with perceived trustworthiness of

1For a detailed discussion and distinctions of these concepts,
see Mehrotra et al. (2024a)
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Figure 1: We identify and discuss five critical obstacles which need to be overcome to achieve an alignment between actual
and perceived trustworthiness of an AI system. The imbalance between and use of different scales for assessing actual and
perceived trustworthiness represents the challenge of evaluating what it means to have comparable measures and an alignment
or misalignment between the two sides. Also, the exclamation mark indicates the problematic nature of the trustworthiness
comparison and alignment.

an AI system. While existing research assumes that cal-
ibrating an appropriate level of trust is generally achiev-
able (Mehrotra 2021), our analysis indicates that the prac-
tical feasibility remains an open question, at least with
more complex AI agents. The conventional trust calibra-
tion paradigm operates under the assumption that trustwor-
thiness can be objectively measured and effectively com-
municated to users through transparent design choices and
explainable AI interfaces (Naiseh et al. 2021; Cancro, Pan,
and Foulds 2022). This approach typically involves develop-
ing standardized metrics for system performance, reliabil-
ity, and fairness, then translating these technical specifica-
tions into user-comprehensible formats such as confidence
scores, uncertainty indicators, or explanatory visualizations.
Providing users with accurate information on an AI sys-
tem’s capabilities and limitations can help users in forming
appropriately calibrated trust levels that align with the sys-
tem’s actual trustworthiness profile (Liao and Sundar 2022;
Wischnewski, Krämer, and Müller 2023; De Visser et al.
2020; Okamura and Yamada 2020; Zhang, Liao, and Bel-
lamy 2020; Hoff and Bashir 2015; Mehrotra et al. 2024a,
2025).

However, aligning trusting behavior and perceived trust-
worthiness with actual trustworthiness faces major practical
obstacles, specifically in the effort to make verifiable assess-
ments of actual and perceived trustworthiness and to com-
pare and align the two. This seemingly straightforward pro-
cess masks significant complexities in both the assessment
and communication phases of trust calibration (Jacovi et al.
2021; Ferrario 2025). The assessment of actual trustwor-

thiness presents considerable challenges, particularly when
moving beyond narrow technical metrics, such as reliabil-
ity, to encompass broader notions of ethical AI behavior,
contextual appropriateness, and social responsibility (Baro-
cas, Hardt, and Narayanan 2023; Selbst et al. 2019). Even
when having quantified actual trustworthiness, there is no
clear standard of comparison to match it with measures of
perceived trustworthiness. Furthermore, the assumption that
users rationally process and correctly interpret trustworthi-
ness information overlooks intricacies of cue interpretation
and the inherently subjective and contextualized nature of
trust formation. Research on human-AI interaction has al-
ready demonstrated that a one-size-fits-all approach to trust-
worthiness communication may be inadequate (Wang et al.
2021; Miller 2019) and needs to be more differentiated.

Building on and extending previous research, we will
first discuss five practical obstacles to realizing an align-
ment of actual and perceived trustworthiness (Figure 1) and
discuss ethical harms, specifically for people’s autonomy,
that result from ignoring these obstacles. We use this dis-
cussion as a basis for developing a complementary frame-
work, DELIB-TRUST. This model departs from the behav-
ioral foundations of the trust calibration process and incor-
porates elements of reason-giving: Specifically, (a) disclos-
ing the reasons for choosing trustworthiness characteristics,
(b) exploring the meaning of actual and perceived trustwor-
thiness scores and discrepancies between them, (c) reflect-
ing on cue interpretability and reasons for cue selection,
and (d) reflecting on the working of the trustworthiness as-
sessment and alignment process. With these additional ele-
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ments, this framework accommodates the fact that the trust-
worthiness assessment and alignment process necessarily in-
volves value-laden choices and interpretative steps for which
there is no objectively correct solution. These choices re-
main implicit and unacknowledged with a behavioral ap-
proach to trust calibration which sees this calibration chal-
lenge as a matter of objective measurements and of using
cues to causally influence trustworthiness perceptions.

Overall, we make three key contributions:
• First, we point out blind spots in the form of under-

theorized aspects in the process of trustworthiness
assessment and alignment by discussing key obsta-
cles that, if left unaddressed, lead to gaps in that pro-
cess and entail ethical harms.

• Second, from these gaps we derive a novel frame-
work for aligning actual and perceived trustworthi-
ness that takes the deliberative and socially con-
structed nature of trustworthiness into account.

• Finally, we validate the framework through an ex-
pert study with 12 HCI/AI practitioners to exam-
ine the descriptive, evaluative, and generative pow-
ers (Beaudouin-Lafon 2004) of the framework.

Background
While trustworthiness, as a propensity to not disappoint
someone’s trust, cannot be directly observed, concrete agent
properties can be taken as an indication of trustworthiness.
According to Mayer, Davis, and Schoorman (1995)’s model
that has been highly influential for HCI research, three cen-
tral dimensions that reflect trustworthiness are a trustee’s
benevolence, competence, and integrity. These concepts are
tailored to interpersonal relations and presume intentionality
of the actors in question. Intentionality here means that the
actors do not simply behave in certain ways influenced by
external causes, but attach subjective meanings to their ac-
tions which we cannot presume of AI systems. However, it
is possible to adopt a behavioral interpretation of trustwor-
thiness that does not depend on intentionality, as has been
done with Lee and See (2004)’s seminal contribution on
trust and automation. Rather than speaking of benevolence,
competence, and integrity, they characterize AI systems in
terms of goal alignment, performance, and consistency, re-
spectively. Similar to this approach, subsequent conceptions
of trustworthiness see trustworthiness as multi-dimensional
in the sense that trustworthiness is tied to various attributes
of an agent. Frameworks of trustworthy AI have similarly
elaborated a range of characteristics that are held to consti-
tute trustworthiness (Thiebes, Lins, and Sunyaev 2021; Kaur
et al. 2023).

Realizing the alignment between perceived trustworthi-
ness among AI system users and the trustworthiness of an
AI system as a function of its characteristics faces various
challenges at least with more advanced AI systems that have
agent-like qualities. For simpler applications that are de-
signed for performing a specific task, one can narrowly con-

ceptualize the actual trustworthiness of the system as its re-
liability, a function of its performance and ability to achieve
certain pre-defined outcomes. For instance, one can use a
measure of the joint performance of an AI system and a hu-
man performing a given task (McDermott and Brink 2019).
Based on this measure, one can assess how differences in
the propensity to trust the AI system lead to different out-
comes in the performance measure. What amounts to opti-
mal trust is then what optimizes this measure of joint task
performance. Reliability of the AI system and a person’s
trust in it are thus anchored in an external standard.

However, the trust problem becomes more complex with
AI systems and for AI systems performing tasks for which
we do not have clearly definable standards. Certain AI sys-
tems may show subtle biases in their behavior, meaning
that their goals may diverge from that of their users. AI
chatbots based on large language models show ethnic, gen-
der, or political-ideological biases in their outputs that may
be subtle and hard to detect (Choudhary 2025; Hartmann,
Schwenzow, and Witte 2023; Reveilhac and Morselli 2025;
Tao et al. 2024). In these cases, not only the performance
and reliability of the system are of interest when thinking
about their trustworthiness, but also their goal alignment (in
analogy to benevolence), and their consistency in adhering
to certain standards or principles (in analogy to integrity)
are relevant dimensions. AI agents thus present major del-
egation challenges similar to human agents: they can have
hidden goals, information, and behaviors (Krafft, Zweig,
and König 2020). These systems may develop misaligned
sub-objectives (Russell 2020) or exhibit deceptive behaviors
like sycophancy producing outputs designed to please users
rather than provide accurate information (Park et al. 2024).
These behaviors complicate the notion of trustworthy AI and
require more comprehensive trustworthiness assessment as
well as cues to align user trust with system capabilities (Liao
and Sundar 2022; Schlicker et al. 2025a).

An important approach for achieving an appropriate level
of trust lies in assessing “actual” and “perceived” trust-
worthiness and using cues that shape people’s trustworthi-
ness perceptions (Liao and Sundar 2022; Lucas, Becerik-
Gerber, and Roll 2024; Mehrotra et al. 2024a; Schlicker et al.
2025a; Wischnewski, Krämer, and Müller 2023). Research
that has conceptualized this process to align trustworthiness
has pointed to a set of characteristics that are relevant for
actual trustworthiness, such as robustness, fairness, privacy,
and explainability (Li et al. 2023). While these character-
istics can be inspected individually, contributions that de-
scribe trustworthiness of AI systems recurrently see these
individual characteristics as constituting the overall trust-
worthiness of an AI system (Bisconti et al. 2024; Lucas,
Becerik-Gerber, and Roll 2024; Kaur et al. 2023; Schlicker
et al. 2025a). Similarly, perceived trustworthiness is tied to a
range of evaluative criteria, such as perceived performance,
safety, and usability (Schlicker et al. 2025b).

Crucially, users of the AI systems may not get an idea of
the trustworthiness of an AI system without being provided
information about characteristics of the system (Schlicker
et al. 2025a; Liao and Sundar 2022). When interacting with
an AI system, users cannot infer from the outputs alone
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what, e.g., the system’s performance, biases, or fairness are.
This would need to be systematically assessed and commu-
nicated to users in the form of information about the system,
commonly understood as cues. Furthermore, various cogni-
tive factors and people’s mental models shape how people
process cues and thus have consequences for the gap be-
tween actual and perceived trustworthiness (Bansal et al.
2019; Steyvers and Kumar 2024). To align perceived with
actual trustworthiness, it is therefore essential to use cues
from which users can form accurate perceptions of AI sys-
tem characteristics that, in turn, inform their trustworthiness
perceptions.

The idea of matching system design properties and per-
ceived trustworthiness provides crucial guidance for AI sys-
tem design and a communication of this design that caters
to the needs and wants of humans. However, the viability of
this general framework for achieving an appropriate level of
trust depends on various assumptions that need to be met in
practice. As we argue in the next section, this effort involves
severe obstacles.

The Five Obstacles
Producing a measure of “actual trustworthiness” based
on how an AI system is engineered and assessing per-
ceived trustworthiness before making targeted interventions
to align the two seems like a straightforward approach.
However, making this approach work depends on realizing
linkages and translation processes between the truster and
trustee, and also between individual trustworthiness charac-
teristics and overall trustworthiness both on the side of the
truster and the trustee. Several obstacles emerge when trying
to realizing these linkages.

Obstacle 1: Examine actual trustworthiness based the
AI systems’ properties - Step 1. The first obstacle arises
when trying to combine individual trustworthiness charac-
teristics. Trustworthiness is a global evaluation of an agent.
Yet, the assessment of trustworthiness of an AI system will
generally be a composite measure of relevant system charac-
teristics, such as performance, fairness, transparency (Liao
and Sundar 2022). When aggregating individual characteris-
tics into an overall trustworthiness score, one faces a major
challenge. One can devise or use existing measures, for ex-
ample, for performance such as AUC-ROC or the F1 score,
for the goal alignment or biases of AI systems (Wan et al.
2023), for the transparency (Bhatt et al. 2021; Holzinger,
Carrington, and Müller 2020), or even a Language Expla-
nation Trustworthiness (LExT) score (Shailya et al. 2025).
However, having these assessments does not provide one
with a recipe for combining these measures into a compos-
ite score. They all have different units and scales, and one
would first need to make them commensurable to be able to
add them up.

Yet, there is no single correct way of making individual
characteristics commensurable. There is no ground truth to
questions like what is the objective trustworthiness value for
a given performance or explainability score of an AI sys-
tem. For instance, having assessed the performance of an AI
system at a task as AUC-ROC = 0.78 does not tell us that

the system is X percent trustworthy or has a trustworthiness
of X on a scale from 0 to 10. Even if this were possible,
there would still be the additional problem of adding such
new metrics up into overall trustworthiness because we have
no true weights for the individual characteristics. Specify-
ing these weights ultimately requires a value judgment. At
this point, we thus run into the first obstacle, the lack of an
aggregation rule.

Making system characteristics commensurable and aggre-
gating them into an overall trustworthiness assessment is
a matter of human discretion, since there exists no ground
truth for such a translation process. This is a fundamental
obstacle when trying to derive the overall “actual trustwor-
thiness” of an AI system from a set of system characteris-
tics. This obstacle is tied to the fact that developers and re-
searchers necessarily bring their own positionality to their
evaluation of AI systems, and that this can remain obscured
as their own blind spot (Raji et al. 2020; Dobbe, Krendl
Gilbert, and Mintz 2021). Any way of assessing actual trust-
worthiness can, therefore, only be a convention rather than
yielding a true, objective underlying property of an AI sys-
tem. We thus identify a first gap at step 1 of the trustworthi-
ness assessment and alignment process that exists as long as
the obstacle of a lack of an aggregation rule is not overcome
and value-laden choice is not made explicit.

Measuring perceived trustworthiness - Step 2. For the
perceived trustworthiness of an AI system, one can probe
people’s perceptions regarding trustworthiness characteris-
tics like performance or transparency, and then examine
how much each of them adds to the overall perceived trust-
worthiness among users (e.g., overall trustworthiness rat-
ing). This can be done statistically through probing how
much evaluations of different characteristics contribute to
overall perceived trustworthiness. Notably, these statistically
and indirectly estimated implicit weights of the characteris-
tics do not necessarily match the consciously stated explicit
weights that people assign to those characteristics (Busacca
and Padula 2005). For instance, users may on average state
that transparency is the most important characteristic of an
AI system for them (explicit importance), but when inspect-
ing the associations between individual perceived character-
istics and overall perceived trustworthiness, perceived trans-
parency may show a comparatively weak association (indi-
cating implicit importance) with this stated overall trustwor-
thiness.

Nonetheless, obtaining scores for perceived trustworthi-
ness of the AI system and of individual system characteris-
tics is generally feasible. One can use semantically intelligi-
ble scores, such as through letting individuals rate their per-
ceived trustworthiness on a scale from 1 to 5 (Wischnewski
et al. 2024). In this way, they can provide both global eval-
uations of an agent’s trustworthiness and evaluations of in-
dividual aspects such as performance and fairness. This step
is straightforward and faces no obstacles when users’ sub-
jective weights have been determined. Measuring perceived
trustworthiness does, however, face certain constraints that
have important consequences for the subsequent stage in-
volving the comparison of actual and perceived trustworthi-
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ness.
It is not a feasible to ask people about technically detailed

perceptions of an AI system, such as its performance (Lu-
cas et al. 2016). We cannot realistically ask people how they
perceive the performance of an AI system in terms of its
AUC-ROC. They will hardly state that they think its AUC-
ROC score is, e.g., 0.74. Rather, people will commonly have
to rate performance or other features on intelligible scales,
such as from 1 = very low to 5 = very high. One could also
ask users openly about their perceptions and they might give
less structured answers like “not biased at all” or “perform-
ing very well” (see, e.g., (Terblanche et al. 2023)). In any
case, there are limits to asking people about their percep-
tion of characteristics deemed relevant for trustworthiness.
In practice, there will be no constellation in which one ob-
tains both objective measures and perceptions that are on the
same scale. Due to these limitations further obstacles arise
when trying to compare actual and perceived trustworthiness
measures.

Obstacles 2 and 3: Quantify the discrepancy between the
assessed and perceived trustworthiness - Step 3. At the
stage of comparing the two sides of trustworthiness, we run
into the second obstacle, the lack of a common metric. There
is no underlying shared natural metric for both actual and
perceived trustworthiness measures that would allow us to
interpret the difference between these two measures both re-
garding the overall trustworthiness assessments and evalua-
tions of individual trustworthiness characteristics. Yet, with-
out a common measurement metric, one cannot properly as-
sess the discrepancy between them.

Numeric measures of the actual and of the perceived trust-
worthiness may be formally comparable, but we do not
know if, e.g., the score 0.8 for actual trustworthiness has
the same meaning as 0.8 for perceived trustworthiness. The
same holds true for the evaluation of individual character-
istics of trustworthiness, such as performance and trans-
parency. For the perceived trustworthiness score, we may
know, based on the rating questions posed to users, that a
score of 0.8 reflects the semantic content “very trustwor-
thy”, which is more than “somewhat trustworthy” and less
than “completely trustworthy”. For the actual trustworthi-
ness score, one would need to translate the numbers of char-
acteristics like a performance score into such semantic cat-
egories to make the scores comparable. Yet, we cannot pre-
sume that this works in the same way as for the perceptions
of trustworthiness, and the problem of a lacking common
metric reappears.

This translation process is again one that involves value
judgments and that is necessarily based on someone’s in-
terpretation of trustworthiness characteristics like relevant
performance scores for an AI system. One must decide
about the threshold for saying that a certain performance
scores makes a system ”very trustworthy” 2. Comparing the

2This translation problem becomes particularly intricate with
measure of complex characteristics. For instance, evaluation met-
rics used to assess text generation quality of explanations in LLMs
are designed to provide an indication of their trustworthiness.
Yet, these measures may not comprehensively cover relevant as-

two sides of trustworthiness in our example is further com-
pounded by the fact that our overall perceived trustworthi-
ness score may be informed by other criteria that we have
not considered. Perhaps it is also determined by the usabil-
ity of the system at least to some extent. This equally casts
doubt on whether we are actually comparing the right mea-
sures.

Another form of discretion enters the act of comparing the
two sides of trustworthiness: actual and perceived due to a
third obstacle, that of the selectivity of trustworthiness char-
acteristics and concrete measures. Which concrete charac-
teristics should one use for a trustworthiness assessment and
the eventual comparison in the first place? This is not a prob-
lem of commensurable metrics, but instead one of compa-
rable sets of characteristics concerning the AI system and
users’ perceptions of the AI system. Developers of the AI
systems and those doing the trustworthiness assessment can
select from a broad range of concrete characteristics and spe-
cific measures for them (Li et al. 2023; Lekadir et al. 2025).
Indeed, for measures of aspects such as explanation quality,
HCI researchers appear to be divided on which measures are
the most suitable (Markus, Kors, and Rijnbeek 2021; Miró-
Nicolau, Jaume-i Capó, and Moyà-Alcover 2025). In sum,
by not explicitly dealing with obstacles number two (lack of
common metric) and three (selectivity of characteristics and
measures), we end up with an important second gap in the
trustworthiness assessment and alignment process. What is
missing at the third stage of this process is a way of making
sense of how the measures for actual and for perceived trust-
worthiness relate to one another and how we can interpret
differences between them.

Obstacle 4: Choose suitable cues for reducing the dis-
crepancy between actual and perceived trustworthiness
- Step 4. Having registered the difference between actual
and perceived trustworthiness, the trustworthiness assessor
devises cues for reducing the discrepancy. A central ques-
tion is where the cues about trustworthiness of an AI system
originate. Some contributions suggest that such cues should
come from the systems and their developers themselves.
This approach is implicit, for instance, in the account by
Liao and Sundar (2022), which also posits that ‘good’ trust-
worthiness cues must be truthful (Liao and Sundar 2022).
In their description of an AI use case, however, they focus
on other conditions that need to be met for good cues while
simply assuming that the truthfulness condition is satisfied
for the creators.

In practice, we cannot take for granted that providers use
truthful cues, though. They primarily want to market prod-
ucts (Belanche et al. 2024). If people trust their product more
than it is warranted, providers would need to communicate
cues which lower trust to achieve trust calibration. Yet, they
hardly have an incentive to send signals which are unfa-

pects. For instance, BERT embeddings neglect critical dimensions
like consistency and robustness to counterfactual or paraphrased
prompts, which are essential for a thorough evaluation of explana-
tion reliability (Devlin et al. 2019). This makes it difficult to state
how a given score for the evaluation metrics translates into trust-
worthiness.
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vorable for their products and would hurt their sales. Even
if providers are legally compelled to provide truthful cues
that are relevant in the sense that they reflect trustworthiness
characteristics, providers may still do so but mix these cues
with other cues that are especially effective in influencing
trust without being relevant. The latter kind of cues could be
design aspects that enhance usability or anthropomorphizing
features of artificial agents that increase people’s propensity
to use them. Importantly, banning the use of such additional
cues hardly seems an option. The provider can justify them
with user experience and user satisfaction, which does make
them truthful.

This fourth obstacle, the lack of incentives to select rele-
vant cues, is not a problem for the system provider as they
are the ones selecting cues. Rather, it is a problem for the
goal of properly aligning actual and perceived trustworthi-
ness. This obstacle thus has to be addressed by other parties,
a point we will come back to when discussing possible ways
to address the identified obstacles.

Obstacle 5: Difficulty of Cue Interpretation - Step 5.
The assessor of the system does, however, generally face the
fifth obstacle, the difficulty of cue interpretation. When pro-
viding individuals with cues that are relevant for the eval-
uation of trustworthiness, we cannot presume that individ-
uals understand these cues. As situational awareness theory
(Endsley 1995) posits, users need to have certain capabilities
to process information about technologies to extract action-
able knowledge and may need special training to understand
AI system properties.

It is precisely because individuals cannot reliably use cues
to infer properties of an AI system that many possible cues
are useless or can be manipulative and that there may be in-
centives to provide irrelevant but effective cues. Cues about
AI system properties can evoke trust even when trust is not
justified, as is the case, for instance, with usability features
that make systems more likable and foster affective trust
(Ciriello, Chen, and Rubinsztein 2025). Indeed, AI systems
can be designed to evoke positive emotions among users that
may compensate for functional deficiencies and promote use
of the technology (Koenig and Mehrotra 2025). This means
that cues may be causally effective in bringing about trust
in an AI system, but these cues may not reflect underlying
characteristics that could be justified as warranting trust.

Further, following cue utilization theory (Koriat 1997),
the cues that people actually utilize can differ from valid
cues that accurately reflect certain attributes or outcomes.
Liao and Sundar (2022)’s account of trustworthiness cues
addresses this issue as it posits that good trustworthiness
cues need to be not only effective but also relevant, i.e., re-
flect characteristics that are central to trustworthiness, such
as performance and biases. Still, the cues that convey the
most relevant information about AI system trustworthiness
may be the hardest for users to understand. Such cues may
not be understandable to the vast majority even in a ba-
sic sense. Technical assessments of characteristics like the
performance, fairness, biases, or explainability will hardly
be comprehensible to most users. Regarding explainable AI
methods, for instance, different ways of providing explana-

tions about AI systems are not equally comprehensibly for
different audiences (Brennen 2020).

Not only do there exist different measures (Koyejo et al.
2014), but even the scores for a given measure do not tell one
whether the score is “good”. For performance scores like the
AUC-ROC, it is debatable and ultimately a matter of conven-
tion what counts as a “good” performance, what should be
the threshold (Bartolucci, Singh, and Bae 2016; Lenat and
Feigenbaum 1991; Leushuis et al. 2009; Padhy et al. 2019).
Just like there is a certain discretion in choosing a threshold
at which to categorize, e.g., performance as “good”, there is
equally discretion involved in translating such “good” per-
formance into a trustworthiness score.

Finally, it may be acceptable that the assessor uses cues
that are effective even while they are not relevant and thus
foster trust in ways that are detached from the actual trust-
worthiness. This may be the only way to reduce a discrep-
ancy between actual and perceived trustworthiness, which
is a commendable goal. Doing so can go both ways, i.e.,
to avoid that users are trusting far too much or too little.
However, merely influencing users’ trustworthiness percep-
tions in this way, i.e. causally and without them necessar-
ily aware of it, is potentially deceptive. In any case, what is
missing at the stage of signaling via cues about the AI sys-
tem is additional information that makes cues interpretable
and makes transparent why they have been chosen as signals
that should warrant trust.

The DELIB-TRUST Framework
If the obstacles described further above remain unaddressed,
the trustworthiness assessment and alignment process re-
mains incomplete due to several gaps which also create ethi-
cal problems. As we argue in the following, additional el-
ements are needed in the process to close these gaps. To
close the gap that occurs when assessing actual trustwor-
thiness (first gap), assessors need to go beyond merely ap-
plying or positing a certain way of aggregating a select set
of assessed AI system characteristics. The step of aggrega-
tion involves a use of discretion that must be acknowledged
as there are always alternative ways of doing the aggrega-
tion. Assessors thus need to disclose the aggregation rule
they use and justify it as suitable. As a part of this dis-
closure, they need to spell out why they assume that the
scales of the assessments for different trustworthiness char-
acteristics can be made comparable. They also need to spec-
ify why they chose certain weights for these characteristics
when creating the composite trustworthiness score even if
they simply assumed equal weights. For this purpose, asses-
sors could use use standardized reporting sheets in which
they provide reasons for the approach in a structured fash-
ion. This could also entail clarifications of why alternative
possible approaches have not been chosen. With this require-
ment of reason-giving, a deliberative element enters the first
stage of the trustworthiness assessment and alignment pro-
cess (DELIB-TRUST layer 1).

Dealing with the interpretative gap that occurs when try-
ing to assess the discrepancy between actual and perceived
trustworthiness (second gap) equally requires an element
of reason-riving. The assessor needs to make sense of the
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scores resulting from the actual and perceived trustworthi-
ness assessment and how these scores relate to each other. To
understand what the scores mean, one needs to obtain users’
reasons for why they perceive the trustworthiness of an AI
system at a given level and what role different criteria play
in this regard. Users would need to be given the opportunity
to consciously reflect about obtained trustworthiness scores
and what they mean in terms of semantic categories. Asses-
sors might, e.g., score the fairness of a system low while
users perceive its fairness as high and probe whether users
would evaluate the system differently if they had the same
information as the assessors. In line with participatory mod-
eling processes (Lee et al. 2019), assessors would thus es-
tablish a common understanding of the trustworthiness as-
sessment process and its results both among users and as-
sessors. In this way the assessors can probe whether the reg-
istered numeric differences between objective and perceived
trustworthiness are understandable for and justifiable toward
users. With this additional element of deliberation (DELIB-
TRUST Layer 2), assessors can better understand what lies
behind the calculated discrepancy between actual and per-
ceived trustworthiness.

Finally, closing the gap that arises when using cues to in-
fluence perceived trustworthiness (third gap) requires mech-
anisms that promote truthful and relevant signaling of trust-
worthiness characteristics in a way that is also effective. For
this to be the case, those using the cues will need to provide
additional explanations and justifications, especially if they
choose cues that are more effective but less relevant. Specif-
ically, they will need to provide information that makes
their cues interpretable and give reasons for the choice of
their cues, elaborating on and justifying the chosen trustwor-
thiness cues and why these signals warrant trust (DELIB-
TRUST Layer 3). As part of this approach, assessors may
also use labels that visually assure a high performance, fair-
ness, and transparency, and that refer to a credible source
(Fischer, Liebig, and Morik 2024; Scharowski et al. 2023).
While the design of the trustworthiness alignment process
matters for whether truthful cues are interpretable for users,
overcoming the obstacle of a lack of incentives of providers
to choose relevant cues is not possible from within this pro-
cess. It requires mandating that independent third parties,
and not providers, use cues such as certification, labels, and
additional information (Fischer, Liebig, and Morik 2024;
Laux, Wachter, and Mittelstadt 2024). Note, however, that
this pushes the trustworthiness problem one step further as
the third parties must be seen as trustworthy themselves for
cues to be credible and effective.

All in all, the above-mentioned three elements imply that
assessors must disclose their own inevitable positionality
and standards when it comes to assessing AI system trust-
worthiness and devising ways to achieve alignment between
actual and perceived trustworthiness. The three deliberative
elements that are crucial for complementing the trustworthi-
ness assessment and alignment process introduce moments
of reflection on assessments and the cues used for the in-
tended alignment. They ensure that assessing AI trustworthi-
ness and influencing users’ perceptions of trustworthiness do
not occur behind users’ backs and safeguard the autonomy

of those who must do the trusting.
Precisely because the DELIB-TRUST framework adds el-

ements of reason-giving at various stages that create a space
of discretion and value judgment, it creates an occasion for
assessing the adequacy of these elements and their contex-
tualized application. Based on the preceding considerations,
we thus also identify an overarching meta-layer as a key part
of the DELIB-TRUST framework. This fourth layer estab-
lishes ongoing reflection and revisability of the entire trust-
worthiness assessment and alignment process and allows for
evaluating the need to make adjustments in the implementa-
tion of the other three layers (DELIB-TRUST Layer 4).

Overall, the DELIB-TRUST framework conceptualizes
trustworthiness as a socially constructed phenomenon re-
quiring elements of structured interpretation and deliber-
ation besides objective measurement. It thus moves be-
yond the traditional behavioral paradigm and the ”cue →
trust” model, embracing the unavoidable interpretative and
normative dimension of trustworthiness assessments. This
framework operates through four interconnected compo-
nents, each addressing specific obstacles to effective trust
calibration:
1. Disclosure Layer: This layer forms the foundational

transparency component, requiring explicit documenta-
tion of assessment methodologies, rationale for charac-
teristic selection, and justification for aggregation ap-
proaches. This layer directly addresses the lack of pre-
existing aggregation rules by mandating transparent ex-
planation of how diverse trustworthiness characteristics
are weighted and combined.

2. Evaluation Harmonization: This layer creates semantic
bridges between technical metrics and user perceptions,
addressing the absence of common measurement met-
rics. The harmonization process also recognizes that dif-
ferent stakeholder communities may require different in-
terpretive lenses while working toward appropriate trust-
worthiness perceptions.

3. Cue legitimation: This layer establishes mechanisms
promoting the effective, truthful and relevant signaling of
trustworthiness characteristics. It acknowledges that ef-
fective trust calibration requires not just suitable cues but
also cue interpretation capabilities among diverse user
communities. Third-party certification processes and reg-
ulatory frameworks create accountability structures that
reward genuine transparency and penalize misleading
representations.

4. Deliberative Processes (Meta-level): Finally, the de-
liberative processes layer provides structured mecha-
nisms for multi-stakeholder dialogue, argumentation,
and consensus-building for reflecting on the trustworthi-
ness assessment and alignment process. It recognizes that
trustworthiness judgments often require contextual inter-
pretation that cannot be predetermined through algorith-
mic means alone.

Evaluation of the Framework
To evaluate our framework, we utilize the three powers: de-
scriptive, evaluative, and generative of interaction models
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described by Beaudouin-Lafon (2004). We conducted an ex-
pert review asking HCI/AI practitioners to examine the value
of the framework in ways that relate to those three powers.
Beaudouin-Lafon (2004) and report on any new insights the
experts gained with the framework and any challenges in ap-
plying it. Overall, we conducted semi-structured interviews
with 12 HCI/AI practitioners who have varying experience
with trustworthiness assessment based on their work or prior
publications. We recruited participants from our social and
professional networks. The interviews lasted approximately
60 minutes and were conducted remotely.

Our sample was composed of 7 women and 5 men aged
between 30 to 42 years (M = 33.14). All participants were
from Europe. We spoke with two PhD candidates in their
last year of PhD, three postdoctoral researchers, a medical
doctor who is also a data scientist working at a public health
care institute, one AI certification manager and one solu-
tion architect at a technical inspection association, two in-
dustry design (MS) and user experience (Ph.D.) researchers
and one assistant and one associate professor. All of them
work in the domain of trust in human-AI interaction 3.

Our interview protocol consisted of two phases. In the
first phase, we provided a detailed explanation of the five
obstacles to trust calibration with the help of Figure 1 and
then discussed the four layers of DELIB-TRUST framework
as a means to study and overcome these obstacles. During
the second phase of our interview protocol, we asked them
to critically examine our framework with questions relating
to its descriptive, evaluative and generative power. A list of
questions asked can be found in the appendix.

Descriptive power: We assessed our framework’s de-
scriptive power by asking participants about how the frame-
work covers existing challenges linked with trustworthi-
ness assessments. We found that through complementing
the trustworthiness assessment and alignment process with
the layers of the DELIB-TRUST framework, it is possible
to comprehensively cover the problem space. As the inter-
views with practitioners showed, the deliberative elements
described above allow practitioners to characterize what oc-
curs during trustworthiness assessment more completely.

One participant, P8 stated that at least to some extent, pro-
cesses of justification already occur, but often stay hidden.
When creating AI systems, developers make choices that
they document and for which they give reasons. They choose
certain metrics and justify them. Yet, these deliberative ele-
ments, according to the interviewee, often remain inchoate,
obscuring the expert consensus and value judgments under-
lying seemingly objective standards. For instance, a justifi-
cation can simply be a reference to a state of the art. Yet,
this state of the art is itself the product of expert deliber-
ations that led to a consensus about, e.g., suitable metrics.
The framework thus highlights the conventionalized nature
of existing approaches and measures. Similarly, P9 men-
tioned that fairness metrics can be a contentious issue, and
that the choice of a certain metric and also of cut-off points

3Within our community, our sample could be readily identifi-
able. To protect the anonymity of our participants, we do not pro-
vide a mapping of demographic information to participant IDs.

for acceptable scores need to be discussed and justified. Ulti-
mately, without transparency of the way in which trustwor-
thiness is assessed, P12 stated, overall trustworthiness be-
comes a black box.

Another expert (P1) observed that ”individual standards
influence the actual trustworthiness,” noting that fairness,
for example, could mean equal distribution or need-based
allocation depending on context. The framework recognizes
that ”different ways to conceptualize fairness” exist, and
that the Disclosure Layer must make explicit not just which
characteristics were chosen, but which definitions of those
characteristics were applied. As the participant noted, ”it
should be clear what the trustworthiness alignment refers
to, [...] that there might be different standards among the
stakeholders.” P1, P8 and P9 all pointed to the value of
the framework’s disclosure layer making hidden choices and
their justification explicit, requiring transparent explanation
of how diverse trustworthiness characteristics are weighted
and combined attesting to the value of the framework to de-
scribe real problems.

Experts also found that the identified gaps from Figure
1 describe real practical problems. As one participant ex-
plained regarding healthcare AI and the issue of cue selec-
tion (P2): ”If my system is just 60% accurate in terms of pre-
diction... is there any incentive, especially for the AI system
provider or deployer, to show less accuracy for its users?”
Another expert (P7) elaborated on the problem of cue inter-
pretability among different stakeholders, noting that ”what
doctors would need would be very different from what nurses
would need, what hospital management staff would need,
and what patients would need”. P3 highlighted the frame-
work’s sociotechnical focus as both a strength and limita-
tion: ”I think it focuses a little bit more on the process of
implementing [AI] systems which is utmost important but...
I don’t think it covers as much when it comes to how do we
build these systems.” To give an example, this expert noted,
”your solution to the fact that there’s no way to aggregate
[trustworthiness dimensions] is to be transparent about how
you aggregate which makes sense from a sociotechnical per-
spective while acknowledging the technical aggregation still
remains a challenge.”

Proposed refinements: Participants suggested that the
connection between obstacles and framework components
should be made more explicit, possibly through direct la-
beling in the figure itself. Additionally, the role of different
actors (service providers, deployers, researchers, users) in
each layer could be clarified within the framework to pre-
vent the perception that it represents a linear process rather
than concurrent activities by different stakeholders.

Evaluative power: Evaluative power is about the ability
to make comparisons in the problem space. The added eval-
uative power of the DELIB-TRUST framework lies in a bet-
ter ability to assess and compare the validity of trustwor-
thiness alignments. Particularly the framework’s emphasis
on context emerged as a key evaluative strength in the in-
terviews. P5 noted, ”it very much emphasizes context here,”
contrasting this with traditional trust scales. P5 illustrated
this using the Human Robot Trust scale, where dimensions

1570



like ’ethical’ may not always be relevant, despite being cru-
cial in other situations, leading to difficulties with the ”not
relevant option.” P10 agreed that the framework is useful be-
cause ”it drills that down a little bit more. That the context
there is important for what’s relevant,” demonstrating that
this contextual sensitivity enables more meaningful and rel-
evant comparisons.

P2 provided a healthcare-specific validation of the evalu-
ative power of the framework. When discussing the disclo-
sure and evaluation harmonization components, P2 empha-
sized that for clinicians, ”interpretability is important be-
cause they wouldn’t do something they don’t understand,
even if they see a very high accuracy.” This highlights how
the framework enables evaluation of whether trustworthi-
ness assessments address the right dimensions for the right
stakeholders, rather than applying one-size-fits-all metrics.

Another interviewee, P9, noted that the framework could
highlight and help to deal with a lack of comparability
of trustworthiness assessments as it would lead to more
transparency regarding these assessments while clarifying
whether different underlying notions of trustworthiness have
been used for different assessments. Similarly, P8 estimated
that the framework would not itself lead to comparability of
trustworthiness assessments since its layers are themselves
of a deliberative sort and thus not fixed. Yet, the framework
could guide efforts to achieve comparability of trustworthi-
ness assessments. It would do so by highlighting important
aspects that need to be included in the comparison. As P3
noted, the framework helps ”compare existing practices”
by making explicit the normally implicit choices even if it
doesn’t prescribe universal standards for those explanations.

Proposed refinements: The evaluative power could be
strengthened with more guidance on when and how to com-
pare assessments that use different standards or definitions
for trustworthiness characteristics. Further, while the socio-
technical focus is appropriate, participants suggested ac-
knowledging more explicitly where technical implementa-
tion choices affect comparability, even if the framework may
remain agnostic about which technical approaches to use.
For example, two organizations might assess ”robustness,”
but one uses adversarial testing on a closed model while an-
other relies on red-teaming an open-source system. These
different technical setups can make direct comparison of
their trustworthiness claims difficult.

Generative power: The generative power of the DELIB-
TRUST framework lies in its ability to generate new ques-
tions that can help identify instances in which the alignment
process can become derailed. It contributes to a more re-
flexive design process in which discretion is made explicit
and subjected to deliberation. By adding the deliberative
elements described above, the framework can inform new
approaches at the various stages of the trustworthiness as-
sessment and alignment process, informing standard pro-
cedures for implementing this process. These potentials of
the framework are reflected in the interviewees’ responses.
For instance, one participant (P3) noted how applying the
Evaluation Harmonization principle can prompt AI system
deployers to question whether their definition of ”fairness”

aligns with how affected communities actually understand
fair treatment which in turn can lead them to design or re-
design stakeholder consultation processes before finalizing
their assessment criteria.

According to one of the interviewees, P9, the frame-
work would raise important questions of who was involved
in the trustworthiness assessments and alignment process
and made key decisions. Referring to AI in health care, P9
pointed to the importance of including practitioners and ide-
ally also patients in the attempts to make sure that AI sys-
tems are trustworthy since AI could alter the trust relation-
ship between patients and health care practitioners. Notably,
the interviewee also pointed out that these challenges are not
fundamentally new and were already present since practi-
tioners needed to become increasingly capable to assess the
reliability of statistical evidence in health care.

P8 stated that the framework emphasized the bigger issue
of the discrepancy between actual and perceived trustwor-
thiness while current efforts in practice are directed mainly
at detail questions of how to assess individual aspects that
are relevant for trustworthiness. P8 furthermore noted that a
current focus on technical aspects of trustworthiness assess-
ments means largely sidelining the perception side of trust-
worthiness. Indeed, for a mere conformity and compliance
assessment, P12 noted, assessing characteristics relevant for
trustworthiness is already enough from the point of view of
an assessing body. Yet, P12 also stated, the perception of
trustworthiness in relation to an assessed actual trustworthi-
ness is arguably of particular interest for developers as these
want to see their products getting adopted.

Proposed refinements: Interviewees suggested that the
role of different stakeholders would need to be part of the
deliberation process envisioned by the framework and name
of the incentive alignment layer would be more accurate as
cue legitimation. Based on the suggestions provided by our
experts, we visualize our framework with additional clarifi-
cations in Figure 2.

Discussion
Auditing frameworks like the ISO/IEC 42001 and the NIST
AI Risk Management Framework posit sets of criteria com-
pliance with which is deemed crucial for trustworthy AI sys-
tems. They do not specify, however, how those criteria could
be combined to measure overall trustworthiness. Yet, such
an assessment would be needed to compare AI systems re-
garding their trustworthiness. Further, those frameworks are
not concerned with comparing assessed trustworthiness of
AI systems with users’ perceptions of trustworthiness. Yet,
this comparison is important for identifying discrepancies
that indicate too little or too much trust.

Problematizing such discrepancies, research has concep-
tualized the assessment of both actual and perceived trust-
worthiness of AI systems and ways of aligning them (Bis-
conti et al. 2024; Lucas, Becerik-Gerber, and Roll 2024;
Kaur et al. 2023; Schlicker et al. 2025a). However, like ex-
isting auditing frameworks, this research leaves the epis-
temic authority with the assessor of trustworthiness, assum-
ing that the assessor can arrive at a true measure of trust-
worthiness that justifies altering users’ perceptions through
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Figure 2: The revised DELIB-TRUST Framework addressing five obstacles to trust calibration through integrated components
with key stakeholders and focus.

suitable cues. The DELIB-TRUST framework differs in this
regard as it understands any assessment of the worthiness of
trust as a claim that needs to be made explicit and validated
by the trustees. It adds several deliberative elements to the
trustworthiness assessment and alignment process that are
needed to address discretion and value-laden choices which
are always made, even if only implicitly. These deliberative
elements entail that the process of assessing and aligning
trustworthiness cannot take place behind users’ back. In this
way, it goes beyond a behavioral approach of measuring and
causally influencing alignment between actual and perceived
trustworthiness which can occur without users being aware.

The behavioral model of trust calibration is compatible
with a wide range of use cases. If there is a clearly de-
fined joint task and criterion of joint task performance of
a human and AI agent, trust calibration can be anchored in
this criterion. In other cases, the behavioral model works be-
cause trustworthiness can boil down to a question of perfor-
mance and reliability, such as with an interpretable recom-
mender system that performs a single clearly defined task
and with known possible biases. A consensus on how to
assess such reliability is then conceivable. The behavioral
approach of trustworthiness assessment and alignment will
arguably work well, for instance, in aligning reliance on an
AI system with the prediction accuracy of the system (Wis-
chnewski, Krämer, and Müller 2023; Klingbeil, Grützner,
and Schreck 2024; Schemmer et al. 2023; Huang et al.
2025). Yet, with more complex systems, the goals that the
system may realize and the biases that it can show are more
varied and intricate, as evidenced by more elaborate forms
of deception by certain AI systems (Park et al. 2024).

Assessing such more comprehensive and demanding no-

tions of trustworthiness involves value-laden decisions about
which characteristics and concrete measures to choose, and
how to weigh and jointly translate them into an overall trust-
worthiness measure. There is no a priori suitable way of do-
ing this. While it is certainly possible to score an AI system
on various characteristics, such as performance and fairness,
it is unclear what such measures and corresponding numbers
mean in terms of trustworthiness as an inherent, objective
property. This is always also a question of interpretation and
judgment, not just measurement.

Conclusion
At the heart of the practical challenges in achieving appro-
priate trust for an AI system lies a fundamental question:
how do we conceptualize and understand ”actual trustwor-
thiness” of a system in the first place. With simpler AI sys-
tems or when assessing the the joint performance of humans
and machines, such actual trustworthiness can be reduced
to reliability. However, with more complex AI systems that
are agent-like and can show more complex behaviors and
biases, a more complex notion of actual trustworthiness in-
volving various relevant characteristics is warranted. It then
becomes important to acknowledge that any assessment of
’actual trustworthiness’ is conventional rather than an inher-
ent objective property of an AI system. Without acknowl-
edging this, we risk treating trustworthiness as a natural,
measurable property while it is fundamentally a social and
contextual judgment. This is why we propose the DELIB-
TRUST framework to overcome the identified obstacles. We
hope with this work, the AI ethics community acknowledges
the discussed obstacles and our proposed framework paves
the path to overcoming them.
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Ethical Considerations Statement
This study was approved by the ethics committee of
the researchers’ university (approval number 2025-11-24-
461). All twelve participants took part voluntarily in semi-
structured interviews conducted remotely; informed consent
was obtained prior to each session. To protect participant
anonymity, demographic characteristics are reported only
at the aggregate level, and no mapping of demographic at-
tributes to participant identifiers is provided, given that the
relatively small and professionally identifiable sample could
render individuals recognizable within their community.We
note that participants were recruited through the authors’
social and professional networks. While this facilitated ac-
cess to relevant expertise, it introduces a potential for se-
lection bias toward perspectives already sympathetic to so-
ciotechnical framings of trustworthiness. Participants were
exclusively European-based HCI and AI practitioners; the
viewpoints of AI users, affected communities, or practition-
ers from non-Western regulatory contexts were not directly
solicited. The framework’s evaluation therefore reflects the
deliberative norms and professional cultures of a specific ge-
ographic and disciplinary community, a limitation that must
be borne in mind when generalizing its prescriptions.

Adverse Impact Statement
Several adverse consequences of this work deserve acknowl-
edgment. First, the DELIB-TRUST framework, by formal-
izing deliberative requirements across four layers, could be
absorbed into existing organizational practices as a com-
pliance ritual rather than as a genuine shift in accountabil-
ity, a risk Balayn et al. (2023) identify as ”checkbox cul-
ture.” Organizations may perform reason-giving for aggre-
gation rules or cue selection without meaningfully opening
these choices to scrutiny or external challenge. The frame-
work provides no enforcement mechanism against such co-
optation. Second, by cataloguing the five obstacles as fun-
damental and potentially insurmountable, the paper risks
discouraging practitioners from attempting trustworthiness
alignment at all, particularly in resource-constrained public
sector or civil society contexts where such alignment is ar-
guably most urgent. The paper should be read as motivating
structured deliberation, not as validating abandonment of the
effort.

Third, the deliberative overhead introduced by the frame-
work is not equally distributed. Large technology providers
can absorb the costs of systematic disclosure and stake-
holder consultation; smaller deployers, community health

organizations, municipal governments, social enterprises
may not. If the framework becomes a de facto regula-
tory expectation without corresponding support structures,
it may inadvertently concentrate legitimate AI deployment
among well-resourced actors. Fourth, the framework’s eval-
uation rests on practitioners who are themselves producers
of trustworthiness discourse. End users particularly those
in low-rights situations such as welfare recipients, patients
in under-resourced healthcare systems, or communities sub-
ject to predictive policing were not consulted. The frame-
work’s claims about user autonomy protection are therefore
made without direct evidence from the populations whose
autonomy is most at stake. Finally, the Cue Legitimation
layer could, in practice, be wielded by providers to ratio-
nalize existing trustworthiness communications rather than
interrogate them. Requiring that cues be ”justified or made
transparent as appropriate” leaves open who adjudicates ad-
equacy, and regulators assigned this role may lack the tech-
nical capacity or political independence to do so meaning-
fully.

Social Impact
The DELIB-TRUST framework has the potential to produce
meaningful positive effects in the governance of AI systems,
particularly in high-stakes public sector deployments. By
making explicit the value-laden and interpretative dimen-
sions of trustworthiness assessment that are currently ob-
scured behind seemingly objective metrics, the framework
supports more contestable and democratically accountable
AI governance. Citizens and civil society actors gain a vo-
cabulary and a procedural expectation with which to chal-
lenge how AI trustworthiness is constructed and communi-
cated, directly strengthening user epistemic autonomy. The
framework is also timely with respect to emerging regula-
tory requirements.

The EU AI Act mandates transparency and human over-
sight for high-risk AI systems, but provides limited guidance
on how trustworthiness is to be assessed or communicated.
DELIB-TRUST’s disclosure and evaluation harmonization
layers could inform conformity assessment procedures and
the work of notified bodies, offering a structured basis for
audits that go beyond narrow technical performance bench-
marks. By foregrounding multi-stakeholder deliberation, ex-
plicitly naming regulators, domain experts, deployers, and
end users as co-participants in trustworthiness assessment,
the framework opens a space for marginalized communi-
ties to participate in decisions that affect them. In health-
care, criminal justice, and social benefit contexts, this par-
ticipatory orientation could shift trustworthiness assessment
from a technical exercise conducted by providers toward a
sociotechnical process that reflects the values and risk tol-
erances of affected populations. Over time, the meta-level
deliberative layer (Layer 4) further supports iterative refine-
ment, enabling trustworthiness governance to adapt as AI
systems evolve and as new forms of harm become apparent.
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2024. The dark side of artificial intelligence in services. The
Service Industries Journal, 44(3-4): 149–172.
Bhatt, U.; Antorán, J.; Zhang, Y.; Liao, Q. V.; Sattigeri,
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