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Abstract

Most often, potential users aren’t well informed about the trustwor-
thiness of Al products when selecting them. They may therefore
show misplaced (dis-)trust towards Al products. Here, participants
were presented with (hypothetical) Al products (smart fridges, voice
assistants) of (hypothetical) brands that were paired with a graphi-
cal, traffic light-like label conveying low to high Al trustworthiness
or they were presented with Al products without such a label
(baseline). Higher trustworthiness levels as indicated by the AI
trustworthiness labels increased trust, acceptance, and the inten-
tion to use Al products, as well as the monetary value participants
attributed to AI products, but did not affect the evaluation of an
Al product’s brand. These findings suggest that labels effectively
communicated differences in Al trustworthiness. Interestingly, the
evaluation of unlabeled AI products corresponded to Al products
labeled with an intermediate trustworthiness level, highlighting
biased assessment and the need to communicate Al trustworthiness
to potential users.
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1 Introduction

Artificial intelligence (Al) is permeating more and more aspects of
our everyday lives promising to benefit both individuals, organi-
zations, and society as a whole. For instance, required text, image,
or video material can now easily be generated using generative
AT and AI can support us in optimizing products or services, in
enhancing productivity and efficiency, and in lowering the costs
of tasks [19]. However, Al also bears dangers (e.g., supporting/in-
creasing biases and discrimination, spreading of misinformation,
safety risks of mistakes and failures). Its potential can therefore
only be realized when human-AlI interactions are suitably shaped
[2, 15, 16, 18, 19, 22, 29, 32, 33]. Thus, it is important that users as
well as those who might become users (potential users) are able to
assess the trustworthiness of Al before and when using it (see e.g.,
criteria for trustworthy AI put forward by the European Commis-
sion, [11], see also [52] for theoretical considerations).This helps
ensure they do not misplace their (dis-)trust in a corresponding Al
product, obstructing its acceptance and use (but see e.g., [19, 27]
for corresponding challenges).

The acceptance and adoption of technical systems and Al has
most commonly been considered and evaluated using variants of
the Technology Acceptance Model (TAM; e.g., [8, 39, 56]), the Uni-
fied Theory of Acceptance and Use of Technology (UTAUT; e.g.,
[56]) and their extensions. Concerning the relationship between
trust, acceptance, and the adoption of technology/Al, the TAM
was recently extended to intelligent systems (i.e., Al; Intelligent
Systems TAM, ISTAM,; [58]), integrating several models of trust in
technology into the TAM (integrated model of organizational trust:
[40]; trust in automation: [23, 34]). According to the ISTAM, trust
is one of, if not the essential precursor of technology/Al acceptance
and use (see [59] for a model similarly showing the antecedents
and impact of trust in the context of social media). This implies
that it is essential to ensure that the general public can trust in Al
to an appropriate degree to support its further adequate acceptance
and adoption in various domains of our lives.

A trustor’s (e.g., a user’s) trust derives from a corresponding
assessment of a trustee’s (e.g., an Al brand’s) trustworthiness. That
is, trustors determine whether a trustee is worthy of receiving trust
(perceived trustworthiness) [34, 41, 52]. This assessment relies on
trustworthiness cues (e.g., [52]; see e.g., [4], for a taxonomy of such
cues) which can be used to determine system characteristics (e.g.,
information on system uncertainties). Note that a person’s trust
in an Al or corresponding trust and trustworthiness judgements
(perceived trustworthiness) do not necessarily align with the Al’s
actual, objective trustworthiness considering all relevant pieces
of information or with a trustworthiness assessment that would
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be justified given the information available to users [11, 52]. This
study focuses on perceived trustworthiness irrespective of an Al
product’s actual, objective trustworthiness as might be determined
by experts based on its features. To separate these two aspects and
focus on perceived trustworthiness, I deliberately presented only
hypothetical Al products.

At present, it is very difficult, effortful, and time-consuming for
potential users to gain detailed information on the trustworthiness
of Al in order to develop an informed assessment (i.e., reading
corresponding fineprint containing legal information and docu-
mentation, searching for missing details, etc.). It is important to
note that both misplaced distrust, preventing Al acceptance and
adoption [7, 58], as well as misplaced trust, leading to expectancy
violations and reduced Al acceptance and adoption in the longer
term [24, 49], are detrimental to a further successful integration of
Al into society and our everyday lives (see also [52]). Moreover,
recent studies showed that (potential) users are, at present, hardly
able to assess the trustworthiness of Al based on the information
available to them [19, 52]. Furthermore, they generally have rela-
tive low understanding of Al and its potential applications [19, 27].
Conversely, there is strong, often unjustified public endorsement of
at least some Al products [19]. (Potential) users often inaccurately
(or at least unjustifiedly based on the available information/cues
[52]) presume that safeguards like those proposed in the criteria for
trustworthy Al put forward by the European Commission [15] are
in place for Al products (e.g., for Al used in healthcare or human
resources contexts; [19]). That information on the trustworthiness
of an Al is not available in an easy-to-access and easy-to-process
format may strongly contribute to this. The lack of reliable, easy-to-
access, and easy-to-process information on Al products might also
be one of the reasons why most (potential) users judge Al based
on heuristics rather than assessing detailed information on corre-
sponding Al products [3, 36, 38]. One example for such a heuristic
is that (potential) users are more trusting towards Al developed by
universities or research institutions as compared to Al developed
by private companies [19].

1.1 Aims of the Current Study

In the present study, I aimed to replicate and substantially extend
prior work (see section 2) on the impact of Al trustworthiness labels
with multiple levels indicating low to high trustworthiness.

First, whereas prior work focused on trust, I additionally deter-
mined whether the impact of Al trustworthiness labels and biases
that could previously be shown by comparing evaluations for la-
beled and unlabeled AI products propagate to Al acceptance and
adoption/intention to use. Moreover, I additionally determined
whether the evaluation of corresponding (hypothetical) Al brands
is also affected by the trustworthiness level indicated by an Al
trustworthiness label.

Second, the study my methodology directly builds on (Pfeuffer
[47, 48], see section 2) focused on a single dimension contributing to
trustworthiness assessment, data security and data privacy. Here,
I aimed to determine whether a global AI trustworthiness label
that incorporates various dimensions of trustworthiness similarly
impacts on trust (and further variables of interest). Determining
this is essential to derive clear recommendations for the design of
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corresponding multi-level AI trustworthiness labels. Whereas a
global Al trustworthiness label might be processed and interpreted
the fastest, for instance, uncertainty about the contribution of each
single dimension could lead to reduced effectiveness or even adverse
effects. This calls for a comparative assessment of a global Al
trustworthiness label.

Third, central prior work used a setting of very low ecological
validity. Here, I established a context more realistically resembling
real-life advertisement encounters to replicate and extend prior
findings in a more ecologically valid setting.

2 Related Work

2.1 Determining Trustworthiness —
Trustworthiness Cues and Labels

To counter the lack of information on an AI’s trustworthiness, it
has been proposed that trustworthiness cues (e.g., [36, 52], see also
[10]; e.g., the transparency of certain information in the documen-
tation) could be used to determine an AI's trustworthiness. Yet,
such cues are, unfortunately, themselves not always easily acces-
sible. Recently, studies have begun to investigate Al certification
labels as a better-suited alternative to convey Al trustworthiness
([1, 14, 17, 48, 50, 51], see [20] for first label recommendations, see
also [6], see also e.g., [12] for the impact of describing AI using
verbal labels like “trustworthy” or “reliable” and [35] for the per-
ception of written content labeled as created by Al versus not).
Importantly, such label suggestions most often focus on certifica-
tion labels which simply convey that a certain minimum threshold
of trustworthiness has been passed by a corresponding product.
In these cases, only the presence versus absence of such a binary
certification label indicates a product’s trustworthiness. However,
in practice, a corresponding certification process is, at present, often
optional and not obligatory. Thus, (potential) users might be uncer-
tain about whether the absence of the certification label indicates
low trustworthiness of a product or brand. It could, for instance,
simply show that the brand or product has not been evaluated for
the label yet. In turn, (potential) users might arrive at a too positive
trustworthiness assessment, presuming that a corresponding prod-
uct without a certification label has not been labeled yet instead
of perceiving the product as untrustworthy. This constitutes an
advantage of multi-level labels (i.e., labels conveying the degree
to which respective trustworthiness criteria are met, e.g., [47, 48])
as compared to certification labels that qualify products only by
their presence/absence. The existence of a corresponding multi-
level label conveys that the product has been certified, whereas its
level conveys a more nuanced assessment of the product’s trust-
worthiness. Whereas certification labels are typically orientated
at minimum thresholds (e.g., minimum requirements according to
corresponding legislation), multi-level labels can convey both the
adherence to certain minimal requirements (e.g., lowest label level)
as well as the degree to which additional aspects corresponding to
an ideal, desirable standard are implemented (e.g., medium to high
label levels).
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2.2 Trust Calibration with Multi-Level
Trustworthiness Labels

A recent study by Pfeuffer [47, 48] took inspiration from the Nutri-
Score label (established European food label indicating nutritional
value) and assessed to what degree a similar graphical, traffic light-
like label (as compared to a text-based label) can convey information
on the data security and data privacy of Al products and correspond-
ingly affect (potential) users perception and evaluation of these Al
products. That is, Pfeuffer [47, 48] focused on persons who have
not yet decided to buy and/or use a (hypothetical) Al product (i.e.,
potential users). Participants were presented with two types of Al
products, smart fridges and voice assistants (each represented only
by a corresponding, generic icon) that were first shown without a
label (baseline phase) and then presented again with a data secu-
rity and data privacy label indicating a low, intermediate, or high
data security and data privacy level achieved by the hypothetical AI
product. Participants indicated their trust in and Al anxiety towards
each Al product. Pfeuffer [47, 48] found that trust increased and Al
anxiety decreased with higher data security and data privacy levels
indicated by the corresponding label. Importantly, baseline ratings
corresponded to the rating of an Al product with an intermediate
data security and data privacy level. This suggests the existence
of a bias towards intermediate judgements when evaluating Al
products without further information on them. In a second phase,
participants were further presented with two data security and
data privacy labels of different levels and asked how much more
they would be willing to pay for the Al product of the respective
higher data security and data privacy level. Again, the value partic-
ipants attributed to an Al product (i.e., how much more they were
willing to pay) scaled with data security and data privacy levels.
Pfeuffer [47, 48] argued that these findings suggest that multi-level
labels might be an appropriate means to convey aspects of Al trust-
worthiness to potential users. This could provide an appropriate
assurance mechanism for Al trustworthiness (see also [19]) and
help (potential) users calibrate their Al trustworthiness judgements.
Note that the study of Pfeuffer [47, 48] showed differences between
multi-level graphical and text-based labels that conveyed the same
information. Text-based labels were overall associated with higher
trust and lower Al anxiety, whereas participants were willing to
pay more for Al products labeled with a graphical label, which was
described as easier to process. Importantly, effects of data secu-
rity and data privacy levels did not systematically differ between
label types. Thus, it was not possible to determine one label type
that would generally be more recommendable for multi-level Al
trustworthiness labels.

Although the study of Pfeuffer [47, 48] provided very relevant
findings regarding the impact of multi-level AI trustworthiness
labels (there focusing only on the single trustworthiness dimension
data security and data privacy), it nonetheless had several short-
comings. For instance, it focused primarily on trust as a precursor
of acceptance and intention to use, however, did not test whether
effects of Al trustworthiness labels propagated also to Al accep-
tance and intention to use. Moreover, the setting which presented
only two broader Al product categories (smart fridges and voice
assistants represented only by an icon), had low ecological validity
for actual real-life advertisement contexts.
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2.3 The Present Study’s Objectives and
Contribution to the Literature

First, in the following study building on Pfeuffer [47, 48], I provided
a more realistic and ecologically valid setting for Al product eval-
uation showing both individual product images of (hypothetical)
Al products as well as logos of (hypothetical) brands. Like Pfeuf-
fer [47, 48], I intentionally focused on hypothetical Al products
(i.e., non-existing smart fridges and voice assistants) and a sample
from the general public, that is, potential users who have not yet
bought and/or used the respective hypothetical AI products. Po-
tential rather than actual users are of particular interest regarding
Al trustworthiness labeling, as they have even more limited access
to information on Al products and corresponding trustworthiness
cues than actual users.

Second, I aimed to replicate (trust, attributed value) and extend
(to acceptance, intention to use, and brand evaluation) their findings
for a global Al trustworthiness label that represents a conjunction
trustworthiness score (integrating multiple trustworthiness dimen-
sions rather than only focusing on data security and data privacy
like Pfeuffer [47, 48]). Specifically, I developed trustworthiness
labels based on the seven criteria of trustworthy Al put forward by
the European Commission [15]. To achieve optimal comparability
between the results of Pfeuffer [47, 48] and the present study, I
focused on the same Al product types. Moreover, I used their ex-
act graphical labels, now representing a global Al trustworthiness
score in this study. The graphical instead of text-based label type
is particularly suited for this endeavor, as it does not contain any
text elements which would, inevitably, vastly differ between single-
dimensional (Pfeuffer [47, 48]) and global, multi-dimensional (the
present study) text-based Al trustworthiness labels.

Third, I further aimed to extend the study of Pfeuffer [47, 48]
by additionally assessing the impact of advertisement statements
on the perception and evaluation of Al with and without AI trust-
worthiness labels (see e.g., [26], for evidence that labels such as
the Nutri-Score can guard against advertisement claims). Corre-
spondingly, I expected to find that trust, acceptance, intention to
use, attributed value, and brand evaluation would increase for AI
products with low to high trustworthiness levels as indicated by the
corresponding label. In line with the idea that labels can shield (po-
tential) users against advertisement influences, I further expected
to see a small or no impact of advertisement statements on labeled
Al products. However, I expected the presence versus absence of
advertisement statements to affect the perception and evaluation
of unlabeled Al products (at baseline).

Fourth, the findings of Pfeuffer [47, 48] pointed towards a bias of
(potential) users to attribute intermediate levels of trustworthiness
(there only related to data security and data privacy) to Al products
when no further information is available. It is essential to replicate
and confirm this bias as well as assess to what degree it translates to
the acceptance of and the intention to use Al products to ascertain
how heavily potential users may unjustifiedly show (dis-)trust, (in-
)acceptance, and (non-)intention to use Al products in lack of Al
trustworthiness information. This assessment is most relevant to
determine the need for corresponding legislation regarding labels
conveying the trustworthiness of Al products. Correspondingly, I
expected to replicate the finding of Pfeuffer [47, 48] that baseline
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trust ratings roughly correspond to the perception and evaluation
of Al products of an intermediate Al trustworthiness level and I
expected to observe a similar pattern for acceptance and intention
to use ratings.

Finally, fifth, I aimed to exploratorily assess the influence poten-
tial users’ individual characteristics (specifically their general trust
in Al irrespective of a specific Al product, i.e., product-unspecific,
and their Al literacy) had on the impact Al trustworthiness infor-
mation conveyed by a corresponding label had on their perception
and evaluation of Al products.

This study makes the following empirical contributions to the
literature:

« It extends the work of Pfeuffer [47, 48] to a more realistic
and ecologically valid setting by providing an assessment
context that more accurately reflects real-life Al product
advertisement encounters.

It replicates the findings of Pfeuffer [47, 48] regarding the
impact of Al trustworthiness levels indicated by a corre-
sponding label on (potential) users’ trust. In particular, it
also replicates and thus confirms Pfeuffer’s [47, 48] novel
finding that (potential) users show a bias to attribute inter-
mediate trustworthiness to Al in the absence of information.
The study further extends these findings beyond trust, assess-
ing and demonstrating parallel patterns for Al acceptance
and intention to use.

Moreover, I used the same graphical label type as Pfeuffer [47,
48] to reflect trustworthiness in a global, multi-dimensional
context. This allowed me to comparatively assess differences
between global, multi-dimensional (the present study) and
single-dimensional Al trustworthiness labels (Pfeuffer [47,
48]).

Additionally, this study is the first to consider the impact of
label-indicated AI trustworthiness levels (singularily and in
conjunction with advertisement claims) on brand evaluation
in this context.

Finally, this study extends the findings of Pfeuffer [47, 48] by
assessing and confirming the moderating effect of a person’s
individual propensity to trust Al and Al literacy on how
effective Al trustworthiness labels are in altering (potential)
users’ perceptions and evaluations of Al products.

3 Methods

This study was preregistered in the Open Science Framework (OSF;
https://doi.org/10.17605/OSF.IO/W6PCM). The materials, data, and
analysis scripts are available via OSF (https://doi.org/10.17605/OSF.
I0/4ZFUW). This study was approved by the local ethics commit-
tee of the Catholic University of Eichstatt-Ingolstadt and adheres
to local laws and regulations as well as international standards
regarding research involving human participants.

3.1 Participants

A prior study on data security and data privacy labels for Al prod-
ucts assessed 102 participants to find conclusive Bayesian evidence
for the impact of an Al product’s data security and data privacy
level conveyed by a corresponding label on potential users’ trust
in, anxiety towards, and monetary value attributed to Al products
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[47, 48]. The impact of multi-level Al trustworthiness labels on the
acceptance or intention to use Al products as well as on the evalua-
tion of the corresponding brand has not been assessed previously.
Thus, I followed a Bayesian approach for sample size determination
[53]. I started with a sample of 100 participants and planned to
increase sample size in groups of 20 participants until the Bayesian
stopping criterion was reached. My stopping criterion was a Bayes
factor BFy, (in favour of an effect) or BF; (against an effect/in
favour of the null hypothesis) larger than 3 (or smaller than 1/3)
for the effect of trustworthiness level and advertisement on the
dependent variables trust, acceptance, and intention to use.

The Bayesian stopping criterion was met at sample size 100.
All participants provided written informed consent prior to their
participation and received monetary compensation for taking part.
Participants who aborted the experiment or who failed one of the at-
tention checks were excluded and replaced. Participants (members
of the general public who indicated their willingness to participate
in online studies; at least 18 years old, German native speakers,
residing in Germany or Austria) were recruited via Prolific and the
final sample included 100 participants (71 male, 27 female, 2 diverse;
age: M = 34.6 years, SD = 10.2 [range: 19 — 68 years]; education: 2
low-level secondary school leaving certificate without and 3 with
vocational training, 4 intermediate-level secondary school leaving
certificate, 37 A levels/high school diploma, 49 university degree).
This European sample was intentionally chosen, as the described
criteria for an Al trustworthiness label’s level I selected were the
seven criteria for trustworthy Al issued by the European Commis-
sion [15]. Thus, I selected a sample who would directly be affected
by legislation related to these criteria and/or the introduction of cor-
responding labels. Participants’ general, product-unspecific trust
in automation/Al, assessed at the beginning of the study via the
propensity to trust and trust in automation subscales of the trust
in automation questionnaire (TiA; [28]; 5 items; Likert scale from 1
- strongly disagree to 5 — strongly agree; continuous predictor for
exploratory analyses), was 15.0 on average (SD = 3.8; [5; 24]). At
the end of the study, I additionally assessed participants’ Al literacy
using the Meta Al literacy scale (MAILS; [5]) which assesses the
superordinate factors Al literacy (subscales apply Al, understand
Al detect AL, Al ethics; continuous predictor for exploratory analy-
ses), Al self-efficacy (subscales Al problem solving, learning), and
AT self-competency (subscales Al persuasion literacy, Al emotion
regulation), and the independent subscale create Al (34 items total;
Likert scale from 0 to 10 to indicate individual ability/competence).
Participants reported an average of 125.6 (SD = 28.5; [51;179]) on
the scales of the superordinate Al literacy factor, a mean score of
7.3 (SD = 11.6; [0;37]) on the create Al subscale, an average of 37.7
(SD = 12.3; [3;60]) on the scales of the superordinate self-efficacy
factor, and an average of 44.1 (SD = 9.1; [24;60]) on the scales of
the superordinate self-competency factor of the MAILS.

3.2 Stimuli and Apparatus

Participants took part online on their own computers, laptops, or
tablets. Participation on mobile phones was not allowed to ensure
that stimuli were displayed sufficiently large to inspect all details.

Two types of (hypothetical) Al products (smart fridges, voice
assistants) were used. These two Al product types were deliberately
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chosen as they were previously used in the study of Pfeuffer [47, 48]
and therefore allowed for direct comparisons between the present
results and the results of Pfeuffer [47, 48] as well as clear attribu-
tions of potential differences in findings. Al product types were
introduced and their general functions briefly described at the begin-
ning of the study. Specifically, the central features typically fulfilled
by these two types of Al products (e.g., smart fridge: supervising
and restocking grocery supplies) as well as the data commonly
collected by them (e.g., smart fridge: credit card information for
directly ordering groceries) were briefly described in a short infor-
mation paragraph on the Al products. Per AI product type, eight
different, Al-generated images of corresponding Al products (one
per combination of trustworthiness level and advertisement condi-
tion) were used and randomly assigned to conditions. Furthermore,
each Al product was randomly assigned the logo of a (hypothetical)
brand. The 16 brand names were pseudowords (UniPseudo, [44],
English words, length: 5-6 letters) and the corresponding brand
logos containing these brand names were generated using Al For
the advertisement conditions, per Al product type, four different ad-
vertisement texts (German) matching the respective product were
assigned to the four trustworthiness level conditions (see Figure 1
for exemplary stimuli).

Trustworthiness labels were three-level, graphical labels that
resembled a horizontal traffic light (traffic light circles/trustworthi-
ness levels: green = high trustworthiness, yellow = intermediate
trustworthiness, red = low trustworthiness; the filled circle indi-
cated the Al product’s trustworthiness level; see e.g., [47, 48, 55],
for label types used in prior studies). The trustworthiness labels
were introduced at the beginning of the study following the intro-
duction of the Al product types. Participants were instructed about
the trustworthiness levels and informed that the trustworthiness
levels indicated by the trustworthiness label represented the degree
to which a corresponding Al product adhered to the seven crite-
ria of trustworthy Al put forward by the European Commission
[15] which were each briefly described. Please note that the focus
of this study was not to investigate the optimal thresholds for AI
trustworthiness levels for corresponding Al trustworthiness labels,
but to assess how participants evaluated Al products presented
with as compared to without such AI trustworthiness labels. Thus,
participants received detailed information on the trustworthiness
criteria, but were only informed that the trustworthiness labels
indicated whether all of these criteria were jointly overall met to
a low (red traffic light label), intermediate (yellow traffic light la-
bel), or high degree (green traffic light label). I intentionally did
not communicate any specific level allocation criteria, thresholds
underlying Al trustworthiness levels, or information on how the
seven Al trustworthiness criteria were combined into this global Al
trustworthiness score. This was done to ensure that the impact of
AT trustworthiness labels could not be attributed to the exact crite-
ria underlying the different Al trustworthiness levels in this study.
That is, the label levels were intentionally illustrative without a
formal mapping. I chose this approach as, in my opinion, at present,
objective criteria for attributing Al trustworthiness levels (globally
across criteria or locally for a single criterion) do not yet exist to a
degree sufficient for determining/computing the trustworthiness of
a particular Al product. This approach is further parallel with to the
approach of Pfeuffer [47, 48] and thus supports the comparability
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of results. In my opinion, setting objective criteria necessitates a
transdisciplinary effort (see also e.g., [31]) once the effectiveness of
Al trustworthiness labels (i.e., their impact on potential users’ per-
ceptions and evaluations of Al) is firmly established. Furthermore,
as the present study used only hypothetical Al products, the Al
features of which were not detailed, there were no objective criteria
for allocating Al trustworthiness levels to these hypothetical Al
products in the present context. This, in turn, allowed me to ran-
domly pair Al product pictures, brand logos, and Al trustworthiness
labels to thus better partial out the impact of Al product appearance
in my analyses.

3.3 Design and Procedure

Participants first provided informed consent, filled in demographic
information as well as answered five items of the TiA questionnaire
([28]; subscales propensity to trust and trust in automation; Likert
scale from 1 - strongly disagree to 5 - strongly agree; continuous
predictor for exploratory analyses). Then, they received informa-
tion on the two exemplary Al product types (smart fridge, voice
assistant) used in this study and their function as well as on the
AT trustworthiness labels and the meaning of the three trustwor-
thiness levels indicated by them (low, intermediate, high degree
of adherence to the 7 criteria for trustworthy Al set forth by the
European Commission, including a brief description of each of the
7 criteria; see [15]). Two attention check questions were integrated
in this part to filter out and replace inattentive participants.

The subsequent experiment consisted of three phases (see Fig-
ure 1 for study design and time course). In the first phase, the
label phase, trustworthiness level (baseline/none vs. low vs. in-
termediate vs. high) and advertisement (present vs. absent) were
systematically manipulated and participants’ trust in, acceptance
of, an intention to use Al products were assessed (16 trials, 8 per
Al product type: 4 trustworthiness levels x 2 advertisement con-
ditions). The following label comparison phase compared two Al
trustworthiness label levels per trial (trustworthiness level compar-
ison: low-intermediate vs. intermediate-high vs. low-high) and
assessed the monetary value participants attributed to Al products
that reached the respective higher trustworthiness level (6 trials,
3 per Al product type: 3 trustworthiness level comparisons). The
final brand evaluation phase assessed how the evaluation of the (hy-
pothetical) brands (represented by their logos) was affected by the
trustworthiness level and advertisement conditions encountered in
the label phase (16 trials: 4 trustworthiness levels x 2 advertisement
conditions x 2 Al product types).

In the label phase, per trial, participants were presented with one
image of a (hypothetical) Al product together with a (hypothetical)
brand logo, an Al trustworthiness label (AI trustworthiness labels
were absent in the baseline conditions), and a brief advertisement
text related to the function and potential of the respective prod-
uct (in the advertisement present conditions only; e.g., “Hort zu.
Denkt mit”/Eng: “Listens. Thinks things through.”; see Figure 1
for an example of the stimuli). A trial’s Al product image, brand
logo, AI trustworthiness label (if applicable), and advertisement
text (if applicable) were presented together for 4 seconds first. Then,
the dependent variable questions appeared below and participants
were able to answer. Per trial, participants were asked to rate their



CHI *26, April 13-17, 2026, Barcelona, Spain
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2. label comparison phase
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3. brand evaluation phase
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Figure 1: Study Design and Time Course

trust in (trust in automation subscale of the trust in automation
questionnaire; [28]; 2 items; Likert scale from 1 - strongly disagree
to 5 — strongly agree), acceptance of (3 items; [19]; Likert scale from
1 - strongly disagree to 5 — strongly agree), and intention to use (be-
havioral intention subscale of the Unified Theory of Acceptance and
Use of Technology, UTAUT?2, questionnaire; [57]/German transla-
tion: [21]; 3 items; Likert scale from 1 - strongly disagree to 7 -
strongly agree) the corresponding Al product. Participants either
first encountered the eight trials of the smart fridges and then the
eight trials of the voice assistants or vice versa (condition order, Al
product image, and brand logo independently randomized).

Subsequently, in each trial of the label comparison phase, partici-
pants were informed which Al product type (smart fridge/”smarter
Kihlschrank” vs. voice assistant/”KI-gestiitzter Sprachassistent”)
they should consider (no Al product images were shown) and were
presented with two Al trustworthiness labels (trustworthiness level
comparison: low-intermediate vs. intermediate-high vs. low-high)
on the left (respective lower trustworthiness level) and right (re-
spective higher trustworthiness level). They were asked to indicate
how much more they would be willing to pay for an Al product of
the respective higher AI trustworthiness level (percent price rela-
tive to the Al product with the respective lower Al trustworthiness
level). Again, the order of Al product types was randomized. Per
Al product type, the order of Al trustworthiness level comparisons
was randomized.

In each trial of the final brand evaluation phase, one of the brand
logos used in the label phase was presented again and participants
were asked to evaluate the brand logos (Likert scale from 1 - very
negative to 9 — very positive).

At the end of the study, participants filled out the MAILS ques-
tionnaire to assess their Al literacy (Meta Al literacy scale; [5];
34 items across 9 subscales, representing 4 superordinate factors;
Likert scale from 0 to 10 to indicate individual ability/competence

in the respective Al-related domain). They were then debriefed
and had the chance to provide comments on anything they deemed
relevant before ending the study and receiving their monetary
compensation.

4 Results
4.1 Data Preparation

The scores for trust, acceptance, and intention to use were com-
puted by averaging the ratings on the items of the respective scales
per trial (i.e., per participant, condition, and Al product type). For
the analyses of trust, acceptance, and intention to use across trust-
worthiness levels and advertisement conditions, difference scores,
computed by subtracting the respective rating in the baseline - no
label, no advertisement condition from each condition with a label,
were used. This allowed me to directly display the result pattern as
deviations from baseline due to the presented Al trustworthiness
labels (method adapted from Pfeuffer [47, 48]). I further used the
raw scores for trust, acceptance, and intention to use to compare
the baseline conditions in which advertisement was present and
absent to quantify the impact of the advertisement on Al product
evaluation in the absence of Al trustworthiness labels. For the
analyses of attributed value, I excluded outliers (2.8%), that is, an-
swers that deviated by more than 3 SDs from the sample mean.
For attributed value and brand evaluation, the raw answers for the
respective question were entered into the analyses.

For exploratory analyses, I additionally considered the influence
of a person’s product-unspecific general trust in automation/Al
(initial TiA questionnaire, propensity to trust) and their Al literacy
(superordinate factor Al literacy of the MAILS questionnaire). For
these analyses, TiA and Al literacy sum scores were z-standardized
to be used as continuous predictors.
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4.2 Data Analyses

I chose a Bayesian analysis approach to quantify both evidence in
favour of as well as against an effect of trustworthiness level/trust-
worthiness level comparison and advertisement on the dependent
variables of interest. Bayes factors BF;, show the evidence in favour
of an effect (i.e., the alternative hypothesis), whereas Bayes factors
BF); quantify the evidence against an effect (i.e., in favour of the
null hypothesis). I report all results in terms of Bayes factors BFy
in favour of an effect. That is, a BF{j = 4 indicates that the data are
4 times more likely given the data under the alternative hypothesis
than the null hypothesis (i.e., a corresponding effect exists). Con-
versely, a BFjy = 0.25 (1/4) indicates that the data are 4 times more
likely under the null hypothesis (i.e., there is evidence against an ef-
fect). All analyses relied on the default Jeffreys-Zellner-Siow (JZS)
priors (Cauchy distributions with r = V2/2), which are standard
objective priors for Bayes factor computation. These priors are de-
signed to provide stable evidence quantification without imposing
strong prior beliefs about effect size magnitude. Furthermore, this
prior choice equates the analysis approach of Pfeuffer [47, 48] and
thus optimized the comparability of results.

I conducted Bayesian linear mixed model (BLMM) analyses per
dependent variable and compared models that did versus did not
include a respective effect of interest to calculate Bayes factors BFy.
The maximum model per dependent variable included the fixed ef-
fects of trustworthiness level (low vs. intermediate vs. high), adver-
tisement (present vs. absent), and their interaction (dependent vari-
ables: trust, acceptance, intention to use, brand evaluation) or the
fixed effect of trustworthiness level comparison (low-intermediate
vs. intermediate-high vs. low-high; dependent variable: attributed
value). For the random effects structure, I compared a (fixed effects)
maximum model that included intercepts for participants, Al prod-
uct images, and brand logos (only participants for attributed value)
and random slopes for all independent variables and their interac-
tion against a (fixed effects) maximum model that only included
the intercepts. When the corresponding BFy, indicated that the
random slopes contributed to explaining the data, random slopes
were included for all model comparisons. When the correspond-
ing BFy, indicated that the random slopes did not contribute to
explaining the data, models that only contained random intercepts
were used for model comparisons. Note that I had indicated that
I would separately check the contribution of each random effect
in the preregistration of the study but shifted to this approach to
reduce computation effort. BF;; > 3 or < 1/3 were considered as
conclusive.

For the dependent variables trust, acceptance, and intention to
use, I additional conducted Bayesian LMMs to compare ratings at
baseline (without an AI trustworthiness label) for Al products dis-
played with versus without advertisement. These analyses followed
the same principles and the maximum model included a fixed effect
of advertisement, random intercepts for participants, Al products,
and brand logos, and a random slope for advertisement.

Exploratory analyses per dependent variable additionally in-
cluded the z-standardized continuous predictors product-unspecific
general trust in Al (initial TiA score) or Al literacy (superordinate
factors Al literacy of the MAILS questionnaire) as well as all possi-
ble interactions between each singular continuous predictor and
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the fixed effects. As the two continuous predictors were correlated,
t(98) = 3.13, p = .002, r = .30, separate models each including only
one continuous predictor were computed. Due to the computa-
tional effort, these exploratory analyses only used models with the
corresponding random intercepts, but not random slopes. More-
over, for the exploratory analyses, I started with a minimum fixed
effects model that included fixed effects of trustworthiness level,
advertisement, and their interaction (dependent variables: trust,
acceptance, intention to use, brand evaluation) or the fixed effect of
trustworthiness level comparison (dependent variable: attributed
value) and tested whether models that additionally included an
effect of or interactions with the respective continuous predictor
better accounted for the observed data pattern.

All Bayesian model comparisons indicated adequate uncertain-
ties of the estimates. Note that conclusions were stable across
different plausible random-effects structures, indicating robustness
against model specification.

4.3 Baseline Evaluations of Al products

Trust ratings at baseline (without trustworthiness label or adver-
tisement) were 2.54 (SD = 0.96) for the smart fridges and 2.41 (SD =
0.95) for the voice assistants. Acceptance ratings at baseline (with-
out trustworthiness label or advertisement) were 2.45 (SD = 1.0) for
smart fridges and 2.42 (SD = 0.95) for voice assistants. Intention to
use ratings at baseline (without trustworthiness label or advertise-
ment) were 2.62 (SD = 1.67) for smart fridges and 2.50 (SD = 1.42)
for voice assistants (see Figure 2A-2C for data distributions).

4.4 Trust

As expected, trust increased with higher trustworthiness levels indi-
cated by the AI trustworthiness labels, BF;y = 7.34 x 1023! +2.96%.
There was conclusive evidence against an impact of advertisement,
BF;y = 1.66 x 1078 +1.11%, or the interaction of trustworthiness
level and advertisement, BF;y = 7.56 x 1078 +3.17%, on trust. At
baseline (without an Al trustworthiness label), there was conclu-
sive evidence against a contribution of advertisement, BF;, = 0.16
+0.93% (see Figure 2D).

The exploratory analysis including product-unspecific general
trust in Al showed conclusive evidence against an effect of product-
unspecific general trust in Al on trust at the level of individual
AT products, BFg = 0.19 £2.85%, as well as against the interac-
tion of advertisement and product-unspecific general trust in Al,
BF;o = 0.11 +2.25%, and against the three-way interaction, BF;y =
0.02 £21.46%. There was conclusive evidence in favour of an interac-
tion between trustworthiness level and product-unspecific general
trust in Al BF;o = 1.09 x 10* +2.13% (see Figure 4A). Descriptively,
for AI products of higher trustworthiness levels, trust increased
with increasing product-unspecific general trust in Al, whereas for
Al products with low trustworthiness levels, trust decreased with
increasing product-unspecific general trust in Al Similarly, the ex-
ploratory analysis including Al literacy showed conclusive evidence
against an effect of Al literacy, BF;y = 0.19 £1.60%, against the in-
teraction of advertisement and Al literacy, BFjg = 0.13 £2.74%, and
against the three-way interaction, BF;y = 0.04 +3.84%. However,
there was conclusive evidence for an interaction of trustworthiness
level and Al literacy, BFy = 8.08 £1.58% (see Figure 4B). Again, trust
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Figure 2: Trust, Acceptance, and Intention to Use Ratings at Baseline as well as per Trustworthiness Level and Advertisement
Condition. A) to C) show participants’ ratings in the baseline condition (without AI trustworthiness label) in the absence
of advertisement text. D) to F) display participants’ ratings relative to a participant’s respective baseline (without label and
without advertisement) rating of the corresponding Al product per trustworthiness level (low vs. intermediate vs. high) and
advertisement (absent vs. present) condition. A value of 0 indicates a rating equivalent to a participant’s rating of the AI product
at baseline without any trustworthiness label or advertisement text. Values below 0 indicate ratings lower than at baseline and
values above 0 indicate ratings higher than at baseline. Violins around the respective mean depict the corresponding rating

distribution per condition.

ratings descriptively increased with increasing Al literacy for Al
products of high trustworthiness, whereas trust ratings decreased
with rising Al literacy for Al products of low trustworthiness.
Assessing the impact of the continuous predictors at baseline,
expectedly, I found conclusive evidence that trust ratings increased
with product-unspecific general trust in Al scores, BF;j = 8.66 x
107 +3.58%. There was conclusive evidence against an interaction
of advertisement and product-unspecific general trust in Al, BF;( =
0.07 £3.33%. For the continuous predictor Al literacy, I also ob-
served increases in trust at baseline with increasing Al literacy
scores, BFyg = 27.01 +£1.15%, but conclusive evidence against an
interaction of advertisement and Al literacy, BFjy = 0.12 +7.02%.

4.5 Acceptance

Acceptance increased with higher trustworthiness levels indicated
by the Al trustworthiness labels, BF;y = 4.89 x 1023% +1.28%. There
was conclusive evidence against an impact of advertisement, BF;o =
3.48x107° +1.54%, and against the interaction of trustworthiness
level and advertisement, BF;y = 8.06 x 10™° +1.89%, on acceptance.

At baseline (without an Al trustworthiness label), there was con-
clusive evidence against a contribution of advertisement, BF;, =
0.02 +1.12% (see Figure 2E).

The exploratory analysis including product-unspecific general
trust in Al showed conclusive evidence against an effect of product-
unspecific general trust in Al on acceptance, BFyy = 0.21 +£1.94%,
as well as against the interaction of advertisement and product-
unspecific general trust in AI, BF;; = 0.11 £6.05%, and against the
three-way interaction, BF;( = 0.02 £19.72%. There was conclusive
evidence in favour of an interaction between trustworthiness level
and product-unspecific general trust in Al BF;o = 9.65 x 10° +2.57%
(see Figure 4C). Descriptively, for Al products of higher trustwor-
thiness levels, trust increased with increasing product-unspecific
general trust in Al, whereas for Al products with low trustwor-
thiness levels, trust decreased with increasing product-unspecific
general trust in Al The exploratory analysis including Al literacy
revealed inconclusive evidence against an effect of Al literacy on ac-
ceptance, BFy = 0.37 +2.81%, as well as conclusive evidence against
the interaction of advertisement and Al literacy, BF;j = 0.10 +2.34%,
and against the three-way interaction, BF;y = 0.04 £2.94%. I found
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conclusive evidence in favour of an interaction between trustworthi-
ness level and Al literacy, BF; = 9.65 x 10® £2.57% (see Figure 4D).
Descriptively, Al products of higher trustworthiness levels showed
increases in acceptance with increasing Al literacy. Conversely,
Al products with low trustworthiness levels, showed decreases in
acceptance with increasing Al literacy.

At baseline, I found conclusive evidence that acceptance rat-
ings increased with product-unspecific general trust in Al scores,
BF;( = 4.66 x 10* +1.06%. Furthermore, there was conclusive evi-
dence against an effect of the interaction between advertisement
and product-unspecific general trust in Al on acceptance, BF; =
0.08 +1.43%. For the continuous predictor Al literacy at baseline
conditions, acceptance increased with increasing Al literacy scores,
BFo = 28.64 +£2.05%. There was conclusive evidence against an
interaction of advertisement and Al literacy, BF;y = 0.09 +1.59%.

4.6 Intention to Use

In line with my expectations, intention to use increased with higher
trustworthiness levels indicated by the Al trustworthiness labels,
BF;o = 3.02 x 10198 +1.87%. There was conclusive evidence against
an impact of advertisement, BFyo = 2.02 x 10™° +1.84%, and against
the interaction of trustworthiness level and advertisement, BF;; =
517 x 1077 +2.44%, on the intention to use the AI products. At
baseline (without an Al trustworthiness label), there was conclu-
sive evidence against a contribution of advertisement, BF;, = 0.12
+0.65% (see Figure 2F).

The exploratory analysis including product-unspecific gen-
eral trust in Al showed conclusive evidence against an effect of
product-unspecific general trust in Al on the intention to use
Al products, BFj; = 0.21 £2.94%, as well as against the interac-
tion of advertisement and product-unspecific general trust in Al,
BF;( = 0.14 £2.28%, and against the three-way interaction, BF;; =
0.02 +2.33%. Yet, there was conclusive evidence in favour of an in-
teraction between trustworthiness level and product-unspecific gen-
eral trust in Al BF;o = 2.72 x 1012 +12.0% (see Figure 4E). Intention
to use descriptively increased with increasing product-unspecific
general trust in Al for Al products of higher trustworthiness levels,
whereas the intention to use Al products decreased with increas-
ing product-unspecific general trust in AI for AI products of low
trustworthiness as indicated by the Al trustworthiness label. The ex-
ploratory analysis including Al literacy found conclusive evidence
against an effect of Al literacy on intention to use, BFq = 0.27
+6.95%, as well as against the interaction of advertisement and Al
literacy, BFyg = 0.10 £7.72%, and against the three-way interaction,
BF{ = 0.03 +1.68%. There was conclusive evidence in favour of an
interaction between trustworthiness level and Al literacy, BF;o =
1.71 x 10% +6.95% (see Figure 4F). Descriptively, the intention to use
an Al product increased with increasing Al literacy for AI products
of higher trustworthiness levels, whereas the intention to use Al
products decreased with increasing Al literacy for Al products of
low trustworthiness.

At baseline, I found conclusive evidence that intention to use
ratings increased with product-unspecific general trust in Al scores,
BF;( = 9.36 x 10° +1.59%. There was conclusive evidence against
an effect of the interaction between advertisement and product-
unspecific general trust in Al on the intention to use Al products,
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BFg = 0.08 £1.51%. At baseline, intention to use ratings further
increased with increasing Al literacy scores, BF{q = 30.23 £1.21%.
There was conclusive evidence against an interaction of advertise-
ment and Al literacy, BFg = 0.08 +1.53%.

4.7 Attributed Value

In line with my expectations, attributed value increased from the
trustworthiness level comparison low-intermediate to intermediate-
high and low-high, BF; = 2.55 x 10%® +0.56% (see Figure 3A).

The exploratory analysis including the continuous predictor
product-unspecific general trust in Al showed inconclusive ev-
idence against an effect of product-unspecific general trust in
AL BFy = 0.37 +£2.05%, as well as conclusive evidence against
an interaction of trustworthiness level comparison and product-
unspecific general trust in Al BF{q = 0.05 +3.62% (see Figure
4I). The exploratory analysis including the continuous predictor
Al literacy showed conclusive evidence against an effect of Al
literacy, BFyy = 0.329 +3.73%, as well as against the interaction
of trustworthiness level comparison and Al literacy, BF;, = 0.04
+3.51% (see Figure 4J).

4.8 Brand Evaluation

Contrary to my expectations, there was conclusive evidence against
an impact of trustworthiness level on brand evaluations, BF;q =
0.04 £2.73%. Evidence against an impact of advertisement, BF;, =
0.29 +1.17%, and of the interaction between trustworthiness level
and advertisement, BF;q = 0.25 £1.57%, on brand evaluations was
also conclusive (see Figure 3B).

The exploratory analysis including the continuous predictor
product-unspecific general trust in Al revealed that brand evalua-
tions improved with higher product-unspecific general trust in Al
scores, BF{g = 601.96 +8.52%. Furthermore, there was conclusive
evidence against interactions of trustworthiness level and product-
unspecific general trust in A, BF;y = 0.03 £8.77%, against advertise-
ment and product-unspecific general trust in Al, BF;q = 0.09 £9.54%,
and against a three-way interaction of trustworthiness level, ad-
vertisement, and product-unspecific general trust in Al BF;, =
0.03 £3.73% (see Figure 4F). The exploratory analysis including the
continuous predictor Al literacy showed that brand evaluations im-
proved with higher Al literacy scores, BF;y = 42.29 +3.06%. There
was conclusive evidence against interactions of trustworthiness
level and Al literacy, BF;y = 0.01 +3.09%, and advertisement and Al
literacy, BFy = 0.09 £3.07%, and inconclusive evidence against a
three-way interaction of trustworthiness level, advertisement, and
Al literacy, BFj( = 0.40 +5.43% (see Figure 4G).

5 Discussion

The aim of this study was threefold. First, I wanted to replicate
(trust, attributed value) and extend (acceptance, intention to use,
brand evaluation) the findings of a prior study by Pfeuffer [47, 48],
assessing the impact of data security and data privacy labels on the
perception and evaluation of Al products, to global Al trustworthi-
ness labels based on the criteria for trustworthy Al put forward by
the European Commission [15]. Second, I aimed to replicate and
extend the corresponding findings of Pfeuffer [47, 48] regarding
potential users’ biased, unfounded, intermediate trust in unlabeled
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Figure 3: Attributed Value and Brand Evaluation per Con-
dition. A) shows the value attributed to an Al product of a
higher trustworthiness level (% price of the AI product of
lower trustworthiness participants are willing to pay to re-
ceive the respective Al product of higher trustworthiness)
for each trustworthiness level comparison (low-intermediate
vs. intermediate-high vs. low-high). B) depicts brand evalua-
tion (negative to positive) per trustworthiness level (low vs.
intermediate vs. high) and advertisement condition (absent
vs. present).

Al products. Third, I aimed to explore the influence of potential
users’ product-unspecific general trust in Al products and their Al
literacy on the effect Al trustworthiness labels had on their percep-
tion and evaluation of Al products. To do so, I paired hypothetical
Al products with hypothetical brand logos and either presented an
AT trustworthiness label (indicating low vs. intermediate vs. high
trustworthiness) together with the Al product-brand logo pair or
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did not present an Al trustworthiness label (baseline condition with-
out label). Furthermore, I manipulated whether an advertisement
text was shown with the AI product or not. I assessed the impact
of the Al trustworthiness label’s trustworthiness level and the ad-
vertisement on participants’ trust in, acceptance of, and intention
to use Al products, as well as their evaluation of corresponding
brands. In another phase of the experiment, I further compared
Al trustworthiness labels of two different trustworthiness levels
(low-intermediate vs. intermediate-high vs. low-high) and assessed
how much more participants were willing to pay (attributed value)
to receive the Al product of the respective higher trustworthiness
level.

As hypothesized, perceptions and evaluations of Al products
scaled with Al trustworthiness level as indicated by the Al trustwor-
thiness label. Participants showed more trust (replicating [47, 48]),
more acceptance, and a more pronounced intention to use Al prod-
ucts labeled with a higher as compared to lower trustworthiness
levels. Furthermore, participants were willing to pay more (attrib-
uted value) for Al products that achieved a higher trustworthiness
level (replicating [47, 48]). These findings replicate the findings of
Pfeuffer [47, 48] for trust and attributed value and extend them to
more realistic and ecologically valid AI product information ma-
terial (as compared to generic icons used in [47, 48]) as well as
to measures of acceptance and the intention to use Al products.
Overall, these findings demonstrate, first and most importantly,
that labels conveying Al trustworthiness information in a quick-
to-process format effectively communicate Al trustworthiness and
correspondingly affect potential users’ perception and evaluation
of Al products. Second, the present findings show that trustworthi-
ness information conveyed by Al trustworthiness labels also yields
an influence on the perception and evaluation of Al products when
individual products, brand logos, and advertisement information
are displayed (realistic and ecologically valid advertisement setting)
rather than only the same generic placeholder product icon (as
was the case in [47, 48]). Third, whereas Pfeuffer [47, 48] used a
label to convey Al trustworthiness information related to a single
dimension (data security and data privacy), the present study in-
corporated (visually identical) global AI trustworthiness labels that
represented the adherence of an Al to a conjunction of trustwor-
thiness criteria (the seven criteria for trustworthy AI put forward
by the European Commission; [15]). Nonetheless, I demonstrated
that Al perceptions and evaluations scaled based on the trustwor-
thiness level indicated by this label reflecting a conjunction of trust-
worthiness criteria. This indicates that both overarching, global,
multi-dimensional labels reflecting a conjunction of criteria as well
as labels reflecting a single evaluation dimension are effective in
communicating trustworthiness and in helping (potential) users
calibrate their individual AI trustworthiness assessments.

Note, however, that I observed evidence against an impact of
Al trustworthiness labels on the evaluation of corresponding Al
product brands. Prior research on evaluative conditioning (see
e.g., [9, 43], for reviews) in the marketing context showed that ma-
nipulations pairing brands with affective stimuli ([43] for a short
review) and manipulations which shift product evaluations to the
negative or positive can also affect brand evaluation [45]. Yet, stud-
ies demonstrating such evaluative conditioning effects most often
used multiple pairings of stimuli and a single stimulus pairing (as
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Figure 4: Results of the Exploratory Analyses per Dependent
Variable. A) to H) depict the influence of product-unspecific
general trust in AI (A, C, E, G) and Al literacy (B, D, F, H; con-
tinuous predictors) on the dependent variables trust, accep-
tance, intention to use, and brand evaluation as well as their
interactions with the fixed effects trustworthiness level (low
vs. intermediate vs. high; colors corresponding to trustwor-
thiness label’s colours per level) and advertisement (absent vs.
present). I) and J) show the influence of product-unspecific
general trust in AI (I) and Al literacy (J) on attributed value as
well as their interactions with the fixed effect trustworthiness
level comparison (low-intermediate vs. intermediate-high
vs. low-high).
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used here) is rarely sufficient for evaluative conditioning effects to
emerge, as corresponding associative learning based on a single
exposure is too weak (but see [54]). Thus, it remains for a future
study to ascertain whether Al trustworthiness labels affect brand
evaluations when participants encounter paired Al products, brand
logos, and AI trustworthiness labels multiple times before evaluat-
ing brands. A first corresponding study, could, for instance, directly
built on the present experiment, focus only on pairing Al product-
brand logo pairs with an Al trustworthiness label of a low to high
level, and show each Al product-brand-label combination multiple
times before assessing brand evaluation. Specifically, each time an
Al product-brand-label combination is presented, only questions
regarding one dependent variable (e.g., trust, acceptance, inten-
tion to use, and possibly additional dependent variables of interest,
e.g., risk/stakes assessment) could be asked or even only a single
question could be asked each time. This would not unduly extend
the study duration, but nonetheless lead to multiple exposures and
evaluations of the Al product-brand-label combination and would
make evaluative conditioning effects on brand evaluations more
likely to be observed in the following.

Interestingly, I further observed evidence against an impact of
advertisement statements on the perception and evaluation of Al
products both at baseline as well as across Al trustworthiness levels.
The advertisement statements I used can be considered as promo-
tion messages which have been shown to be effective in positively
affecting the evaluation of hedonic products and the willingness
to pay for them (e.g., [42]; see e.g., [13, 46], for general reviews on
the effect of advertisement). As I ensured that participants viewed
Al products for at least 4s before evaluating them, I can also be
fairly certain that they processed the advertisement statements.
Nevertheless, the advertisement statements I used portrayed bene-
fits of the two types of Al products in a generic way rather than
presenting specifics on the potential benefits of an Al product (e.g.,
statistical claims: advertisement statements using concrete data on
how much time can be saved or by how much productivity can be
increased; see e.g., [37], for evidence on statistical vs. narrative ad-
vertisement claims). Whereas the present study speaks against an
impact of advertisement on the evaluation of the Al product types I
used in general, further research needs to determine whether other
types of advertisement claims (e.g., statistical claims like “increases
your productivity by 87%”) affect the evaluation of Al products
more effectively. Once such an advertisement effect can be shown
at baseline, it becomes possible to investigate to what degree Al
trustworthiness labels guard against the influence of advertisement
(see [26], for corresponding evidence regarding the Nutri-Score) as
I intended.

Crucially, assessing trust, acceptance, and intention to use, I
relied on baseline-adjusted measures for my main analyses. That
is, values of 0 correspond to a person’s rating at baseline (without
an Al trustworthiness label and without advertisement statements).
Values larger than 0 indicate more trust, acceptance, or intention
to use than at baseline, whereas values below 0 indicate less trust,
acceptance, or intention to use than at baseline. Replicating and
extending the findings of Pfeuffer [47, 48], I found that, across
dependent measures, intermediate trustworthiness levels corre-
sponded to ratings around 0, that is, to ratings at baseline without
any Al trustworthiness label. It is noteworthy that I obtained this
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finding even though I intermixed baseline conditions with the three
Al trustworthiness levels in comparison to Pfeuffer [47, 48] who
first assessed Al product ratings at baseline before manipulating Al
trustworthiness (data security and data privacy, specifically). One
might argue that participants tended towards mid-scale ratings at
baseline in the study of Pfeuffer [47, 48], as they had not received
any information to evaluated Al products based on when providing
baseline ratings. However, this criticism should not apply in the
present study where unlabeled Al products were presented inter-
mixed with Al products with an Al trustworthiness label, directly
contrasting baseline and labeled trustworthiness conditions. That
participants nonetheless defaulted to baseline ratings that aligned
with ratings they provided for intermediate trustworthiness levels
(even though there was substantial variance in baseline ratings
themselves), points towards common biases in the perception and
evaluation of Al products. It appears that, in the absence of rele-
vant information, (potential) users attribute an intermediate level
of trustworthiness to any Al product (see also the corresponding
discussion in [47, 48]). This puts them at risk to show either inac-
curate/unjustified trust or inaccurate/unjustified distrust towards
Al products which are both detrimental to the successful imple-
mentation of Al in society [7, 24, 49, 58]. In my opinion, especially
this finding strongly calls for the implementation of obligatory
multi-level AI trustworthiness labels for Al products in correspond-
ing legal regulations concerning Al to support (potential) users of
Al products in calibrating their Al trustworthiness assessment. It
further illustrates a benefit of multi-level Al trustworthiness labels
as compared to certification labels: Comparisons between baseline
ratings without further information on Al products and AI product
ratings at different Al trustworthiness levels constitute a new and
promising method of assessing and tracking biases in the evaluation
of Al trustworthiness.

However, please note that the need for Al trustworthiness labels
to inform (potential) users’ about an Al product’s trustworthiness
I underscore here based on the results of this study mainly stems
from the presently prevalent lack of transparency and the difficulty
of obtaining corresponding information regarding Al products. Ide-
ally, (potential) users themselves should be empowered to evaluate
the trustworthiness of Al products. Yet, given the present lack of
transparency and obstructions to information access on Al prod-
ucts, (potential) users can hardly find trustworthiness cues (see e.g.,
[36, 52] for corresponding research) to conduct a trustworthiness
assessment themselves. This is further complicated by the speed
of advancements regarding Al products and a corresponding need
to constantly keep up with current developments. Finally, users
who already have access to an Al product typically gain access to at
least some trustworthiness cues. However, the potential users who
have not yet acquired a respective Al product this study focused
on are even more limited in terms of the information available
to them. Especially regarding these potential users’ pre-usage Al
trustworthiness assessment, I conclude that my findings highlight
existing biases and misconceptions. Thus, Al trustworthiness labels
issued by an organization, that is trustworthy itself, can support Al
trustworthiness assessment in the absence of more detailed infor-
mation especially for yet undecided, potential users of Al products.
Nonetheless, the existence of Al trustworthiness labels would and
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should never be a reason to stop advocating for more transparent
documentation and communication regarding Al products.

Furthermore, it is conceivable that the correct interpretation of
trustworthiness cues in Al products also depends on (potential)
users’ Al literacy. Importantly, I further found evidence that in-
terindividual differences in a person’s general, product-unspecific
trust in Al and differences in their Al literacy modulated the im-
pact of Al trustworthiness levels conveyed via corresponding labels
on participants’ perception and evaluation of AI products. The
more trusting and literate regarding Al participants were, the more
positively they rated their trust, acceptance, and intention to use
corresponding Al products with a high trustworthiness level and
the more negatively they rated their trust, acceptance, and inten-
tion to use corresponding Al products with a low trustworthiness
level. That is, Al trustworthiness labels yielded stronger effects
on a potential user’s perception and evaluation of an Al product
when they were generally more trusting and when they experi-
enced themselves as relatively highly literate regarding AL These
results extend prior findings suggesting that higher Al literacy is
associated with higher trust in AI and more frequent use of Al
([25, 30]) and present a more nuanced picture. That is, Al literacy
only seems to be associated with more positive perceptions of Al
like increased trust when Al trustworthiness is evaluated as rela-
tively high. Conversely, however, perceptions and evaluations of
Al products labeled as untrustworthy become even more negative
for persons with higher Al literacy. At present, these findings have
to be interpreted cautiously as a contribution of floor effects to the
pattern of results cannot be ruled out. Nevertheless, especially the
findings regarding the impact of Al literacy are of interest as they
might suggest that potential users might need at least a certain
minimum knowledge/understanding of Al to adequately benefit
from trustworthiness information conveyed by Al trustworthiness
labels (or other trustworthiness cues; see e.g., [36, 52]). This hy-
pothesis should be further investigated in future studies. If it were
confirmed, it would advocate for both a need of introducing Al
trustworthiness labels as well as measures to increase Al literacy
to ensure that the trustworthiness information conveyed by such
labels (as well as potentially other trustworthiness cues) yields a
strong impact on (potential) users’ perception and evaluation of Al
products.

Note that the present study which used trustworthiness criteria
established within the scope of the EU legislation on AI ([15, 16])
focused on German-speaking EU citizens living in Germany and
Austria that is, persons who are also affected by corresponding EU
Al legislation. At present, I cannot determine whether my find-
ings regarding the impact of Al trustworthiness labels focusing on
criteria particularly discussed in the EU can be extended to, for
instance, non-EU citizens who might be used to diverging local
Al legislation. The present study communicated trustworthiness
criteria that vastly differed from those used in the study of Pfeuffer
[47, 48] (which focused on data security and data privacy inspired
by a Swiss labelling suggestion [55]). Nonetheless, it replicated the
impact of Al trustworthiness label levels on potential users’ trust.
This tentatively suggests that Al trustworthiness labels yield an
impact irrespective of their exact criteria. This might tentatively
indicate that corresponding impacts of Al trustworthiness labels
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also replicate in other populations. Yet, this first needs to be con-
firmed empirically. One especially noteworthy population future
studies should focus on are actual active users of non-hypothetical
Al products and changes in their perceptions and evaluations of Al
they are interacting with. These studies should investigate active
users’ perceptions and evaluations of Al depending on which Al
trustworthiness information (e.g., low-high trustworthiness as indi-
cated by an Al trustworthiness label) they initially received on the
corresponding Al Furthermore, my present sample, for instance,
mainly consisted of participants who reached high educational lev-
els and therefore allows only tentative conclusions for participants
of lower educational levels. Future studies need to reassess partici-
pant groups underrepresented in the present sample before clear
conclusions can be drawn for them.

Moreover, the present study did not yet consider a multi-
layered/multi-agent perspective of the trustee (i.e., the Al product).
That is, users’ trustworthiness assessments and corresponding trust
may be derived based on the AI's brand and or the platform via
which it is provided (e.g., Meta, OpenAl, etc.) as well as the content
or services delivered by the Al (e.g., recommendations, decisions,
outputs), or the contributions of other system users (e.g., training
data or reviews; see e.g., [52], see [59] for a corresponding multi-
layered trust/trustworthiness perspective in the context of social
media usage). Future studies should additionally implement a multi-
agent perspective of the trustee. This is of particular interest when
comparing actual active users of an Al system and its potential
users who do not yet have accessed the Al system and, thus, for
instance, have not yet actively experienced the Al system’s content
and services.

6 Conclusion

Taken together, I show that Al trustworthiness conveyed via cor-
responding, graphical labels successfully communicates Al trust-
worthiness information and scales potential users’ perception and
evaluation of Al extending from trust to acceptance and intention
to use. Potential users are at risk for misplacing trust as well as
distrust in AI products, as they appear to default to attributing
intermediate trustworthiness to Al products they have no further
information about. This highlights the need to communicate Al
trustworthiness to potential users in an easy-to-process format, for
instance, by using graphical Al trustworthiness labels. Finally, my
findings suggest that individual trust in Al irrespective of specific
Al products and Al literacy may influence the impact of such Al
trustworthiness labels and call for further corresponding research.
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