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Abstract

Trust is a crucial element in industrial human-robot interaction,
yet little is known about how initial system descriptions shape
perceived trustworthiness of the system, not only before use. Trans-
parency about a system’s capabilities is crucial for reaching appro-
priate reliance and perceived trustworthiness. This paper under-
lines the importance of what users are told about a system before
their first contact. This information shapes their expectations about
the robot and early reliance. Thus, this study investigates how the
verbal framing of an industrial robot—either as a low-capability
prototype or a high-capability advanced technology—shapes per-
ceived trustworthiness of the system. Utilizing a VR simulation of a
poultry packing robot, participants (N=21) interacted with an iden-
tical system. Notably, participants working with the high-capability
framing rated the system as significantly more competent, showed
higher reliability ratings, and also tended to express trusting be-
havior sooner than those interacting with the system framed as
a low-capability prototype. The results show that communicated
competences affect perceived trustworthiness and trusting behavior
in a simulated, VR-mediated industrial human-robot interaction.
Based on those findings, we argue for the relevance of proper fram-
ing, as, e.g., improper framing poses a risk of a miscalibration when
system performance does not match its framing. Framing, thus, we
argue, is an under-valued dimension of evaluating trustworthiness
in (industrial) HRI.
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1 Introduction

Even in highly automated environments, such as in the food in-
dustry, human operators retain a supervisory role for oversight on
different levels, including intervention, and possible error recovery
[30]. The ability of the human operator to maintain an appropri-
ate level of reliance on the system - neither over-relying on the
automation nor under-utilizing it - directly affects the safety and
efficiency of system performance [15, 18].

Historically referred to as a trust calibration (i.e., [3]), this process
relies on various factors, such as individual human traits, context
of the interaction, aspects of the system itself (i.e., [8]), and how

Pat Treusch
pat@sdu.dk
University of Southern Denmark
Kolding, Denmark

the system capabilities are conveyed (i.e., [11]). Transparency is
a natural means for trust calibration [15]. In this paper, we use
transparency as an umbrella term for information that helps users in
trustworthiness assessment: to understand what the system is doing,
why it is doing it, and what to expect next [16]. This information
can be provided not only during interaction, but also as a priori
displacement before the first use [19] (i.e., during onboarding or by
providing documentation or training). For this work, trust is one
aspect constitutive of the human-robot relation in the workplace.
We understand it as the willingness of the user to rely on the robot’s
action [18] under the condition of uncertainty [15], based on the
expectations they form about the system’s capabilities. Various
studies examined how people form trust and reliance in different
application domains [16, 26, 28], however, much less is known about
how people form trusting behavior of the system based on early
trust cues in industrial settings (i.e., overview in [2],[9]).

Research on how capabilities of the system are presented to
the user shows that early descriptions of the system’s capabilities
can shape users’ mental models and trust judgments [9, 20, 23, 29].
Related work in HRI and pragmatics has similarly shown that the
linguistic introduction and description of a robot have an effect on
users’ expectations of what the robot can do [6]. In HRI, framing
has been established as a concept to capture the ways in which
a robot and its capabilities to act and interact are presented to
(future) users and operators by the developers (engineers). It refers
to providing “structure[s] of expectation” [31]— information that
shapes how users interpret its purpose, or capabilities prior to the
interaction [22]. The term framing thus describes a practice of
introducing a robot as a capable interlocutor. At the same time, it
is an analytical term, used to explore and understand framing as a
practice that grants a robot more than purely technical, operational
functions, but rather embeds it in a relation of seemingly reciprocal
expectations.

Previous work on framing focused on communicated privacy,
or social ability [27]; anthropomorphism vs functional design [22],
and [23] showed that verbal expectation setting can influence users’
perspectives on robot’s competences. The findings show mixed
results in their experiments with personal robots. Kopp et al. show
that linguistic framing changes the student’s trust in a collaborative
robot, and that the effect depends on whether the robotic arm
is framed as a cooperative partner Paul, versus a machine [13],
however, at the same time, they highlighted the need for context-
sensitivity and dependence on individual characteristics of the
recipients of the framing. Most closely related, Washburn et al.
showed that functionality framing shapes perceived reliability and
trustworthiness in a collaborative HRI task with a robot that makes
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intentional errors [34]. This highlights that early transparency
about the robot functionality and capability is not neutral; it shapes
initial trustworthiness assessments, even before users can observe
meaningful performance evidence.

In industrial settings, HRI research typically focuses on objective
measures, such as performance metrics, ergonomics, safety, and
alike [14, 33]. However, little is known about subjective trustworthi-
ness and how the subjective trustworthiness of the system affects
the behavioral outcomes of the interaction. Prior work shows that
early cues can bias users toward either unwarranted caution or
over-reliance [5, 24]. Such biases affect operator attention, inter-
vention timing, and overall human-automation team performance
[8, 15]. Building on this, we expect (or hypothesize) that framing
might shape perceived trustworthiness, even when an actual sys-
tem’s performance does not (yet) justify these perceptions. However,
we still lack empirical evidence on how these early cues function
when the robot is neither a social actor nor possesses anthropomor-
phic cues [22]. This is particularly relevant in industrial scenarios,
where operators often have to form rapid judgments about system
capability without social and anthropomorphic cues available in
non-industrial settings.

This article examines the relationship between system descrip-
tions and oral explanations as initial framing cues on the one hand,
and the emerging perceived trustworthiness of the system on the
other. We centrally ask how communicated competence, that is,
framing the system as either a low-capability prototype or a high-
capability advanced technology, shapes the perceived trustworthi-
ness of the system.

Our paper focuses on a human-robot teaming with an industrial
food-packing robot. We designed a case study in which we kept the
system behavior constant and varied only the framing. Through this,
our study aimed to isolate the influence of cues on trust formation
that were communicated before any form of actual interaction, with
a focus on perceived trustworthiness.

We aim to contribute empirical evidence to the effects of fram-
ing in HRI. We present evidence that a priori transparency about
capability [19] should be treated as a trustworthiness cue that can
influence operators’ reliance, and therefore must be treated care-
fully so that operators can later confirm (or reject) them during the
interaction with the robot [11, 15].

A virtual reality (VR) setup was used to create a representation of
an automated food-packing robot that communicates verbally with
the human operator, who collaborates with the robot to ensure
good outcome. VR enabled us to experiment in a realistic envi-
ronment to test the different approaches to the framing of a real
robotic system, MOZART, which is currently under development.
Furthermore, the setting allowed us to test different trustworthi-
ness cues by providing controlled exposure to the same system
behavior while manipulating only the communicated competence
(i.e., isolating framing while holding observable performance of the
robot constant).

With this rationale, we tested the following two hypotheses:

e H1: Framing the system as high-capability will increase the
participants’ perceived trustworthiness of the robot over
the low-capability framing.
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e H2: Participants in the high-capability framing condition
will demonstrate more trusting behavior than participants
in the low-capability framing condition.

2 Method

2.1 Participants

Twenty-one participants (11 in the low-capability; 10 in the high-
capability condition) were recruited in Odense, at the University of
Southern Denmark. The sample included 12 men and 9 women with
ages ranging from 19 to 51 years (M = 28.48, SD = 8.01). Participants
reported low prior experience with the technology used: 57% re-
ported no prior experience with robots, and 52% reported this was
their first VR experience. The study followed institutional ethical
guidelines and was previously cleared by the ethical board of TCD.
All participants in this between-subject study volunteered and re-
ceived no compensation. They all provided informed consent about
their participation, and were informed about the risks linked with
using virtual reality, including temporary disorientation or motion
sickness. Here, we followed the recommendation for conducting
ethical experiments in augmented reality by Madary and Metzinger
[17]. No participants reported any discomfort or sickness during or
after the VR experiment.

2.2 Scenario in virtual reality

The study was conducted using a Meta Quest Pro headset. The
headset displays a VR projection of an automated manipulation
and packing system as it is developed for the project MOZART
[21]. The VR solution itself was developed at Brno University of
Technology based on the work presented in [12]. Participants could
observe a scene displaying a Z-shaped industrial line handling and
packing chicken drumsticks into a plastic tray.

Figure 1: Simplified Al-generated illustration of the VR sce-
nario. A participant wearing a VR headset supervises the
Z-shaped packing line. Chicken drumsticks move onto the
robotic tile array (black tiles), which performs orientation
and transfer before the line continues to another section.
The operator (study subject) controls the system by clapping;
the system interacts with the user using voice utterances.
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Participants could walk around the virtual packing line and ob-
serve the system from different angles. All visual, auditory, and be-
havioral aspects of the experience were identical across conditions.
Background audio included ambient industrial noise (freesound.org,
ID 641039). The system was controlled using a Wizard-of-Oz setup
[1], a common practice in early-stage HRI experiments, in which
the experimenter controlled the audio prompts. For consistency, the
same person controlled the system for all participants. Participants
spent approximately 80 seconds with the VR headset on.

Figure 2: A screenshot of the robotic industrial line, which
operators had to control.

2.3 Task

Participants acted as operators responsible for monitoring the poul-
try meat-packing robot. Specifically, they were responsible for mak-
ing decisions about the speed of the line. Prior to the interaction
with the system, participants received instructions from the experi-
ment facilitators. They were told that the system could make errors
during the warm-up and that their job was to:

e Stop the line in case they see any errors, by clapping their
hands once.
o Increase the speed of the line by clapping their hands twice.

To appropriately control the system’s performance, participants
were provided with information about its function and the possible
consequences of their actions. They were informed that speeding
up the line too early could risk system damage, while delaying the
change of speed would increase food waste. They were specifically
instructed that it is their responsibility to determine the appropriate
moment to increase the speed. The rationale behind this narrative
framing of the robot is that, with this, we intended to increase
the perceived risk in the task, while providing only a limited, and
controlled amount of information about the system.

2.3.1 Experimental Manipulation. As our primary interest was to
test the effect of the system’s framing on perceived trustworthiness,
we created two experimental conditions that differed in how the
system’s capability was communicated prior to the interaction:
Condition A: Low-capability framing,.

“In this study, you will be overseeing an early proto-

type of an automated packing system. This version

was developed as part of a student research project,

exploring whether a low-cost solution could han-
dle chicken drumsticks on a conveyor line. The
system is still in an experimental phase, and its per-
formance has only been tested in a small number
of lab trials”
Condition B: High-capability framing

"In this study, you will be overseeing an advanced
automated packing system. This version was devel-
oped by a team of expert researchers and industry
partners working in robotics and Al for food pro-
cessing. The system uses state-of-the-art sensing
and control, and its performance has been exten-
sively tested in a wide range of lab trials."

Importantly, the manipulation focused only on the communi-
cated technical maturity and system validation; the system’s be-
havior remained the same under both experimental conditions.

2.4 Measures

Prior to the start of each experiment, participants completed a basic
demographic questionnaire in line with the standards commonly
required by the HRI community [35]. Using a tablet, we also col-
lected data on their prior experience with robots, virtual reality,
and their propensity to trust, based on [7].

To capture the self-reported level of perceived trustworthiness,
we utilized the Multidimensional Measure of Trust (MDMT). More
specifically, we used the subscales for Reliability and Competence
of the MDMT v2 (2020-09-01) [32]. Participants rated each item
on a 0-7 Likert scale (0 = not at all, 7 = very). As required by the
instructions, we also included a "does not fit" option, treated as a
missing value in the subsequent analysis.

Furthermore, we included three questions designed to provide
us with insights into whether the test subjects were affected by
the framing in the two experimental conditions. We asked about
how i) professionally engineered, ii) validated, and iii) extensively
tested the system was. We also collected data about how people
interacted with the system: the behavioral measure was the latency
(in seconds) between the end of the first instructions given by the
robot and the participant’s first "clap twice" action.

2.5 Procedure

Participants were approached in the corridor at the University of
Southern Denmark, and asked whether they had 10-15 minutes to
voluntarily participate in a short VR study. After agreeing, they
were guided to the research laboratory, given a tablet with the
consent form and initial survey. Participants were then seated,
received a short task introduction, including the framing manipula-
tion, and were invited to ask clarifying questions. Once ready, the
experimenter assisted them in putting on the headset. The virtual
environment initially displayed only a warehouse, allowing partici-
pants to familiarize themselves with it. The ambient factory noise
began to play, after which the experimenter read one of the two
framing scripts and asked participants to stand up and look around
for the production line.

Next, a pre-recorded audio script started. After ten seconds of
the ambient noise, participants heard the robotic system verbally
present a brief task explanation, instructing them to monitor the



line and decide when to speed it up or stop it by clapping their hands.
When this utterance ended, the experimenter started a stopwatch,
which ran until participants interacted with the system by clap-
ping their hands twice. This double clap prompted a pre-recorded
response from the system ("Request for a change of speed detected
.."", followed 20 seconds later by a second message ("Final speed
achieved.."). Participants were then informed that the experiment
was concluded and were asked to remove the headset.

Two participants (one from each condition) performed a single
clap during the experiment, which triggered a corresponding audio
prompt asking them to confirm a stop request or not take any fur-
ther action. Neither of them confirmed the request to stop the line,
and both subsequently clapped twice and successfully completed
the experiment at their own pace and their total time was counted.

Finally, participants completed the remaining questionnaire items
on perceived trustworthiness and the manipulation check. A short
debriefing followed, informing participants that the system was con-
trolled by the facilitator and informing them about the objectives
of the experiment.
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Figure 3: A participant wearing the Meta Quest Pro headset
during the VR task

3 Results

Data were collected via SurveyXact [25], and imported to SPSS 30
[10] for additional analysis. Missing values (one participant - using
"does not apply" option of the MDMT) were treated in the data file.
In addition, in line with the instructions of [32], two average values
were calculated for the Reliability and Competence sub-scales of
the MDMT scale. Independent samples t-tests were conducted to
evaluate the effects of framing on perceived trustworthiness and
behavior.

3.1 Manipulation Check

Participants in the high-capability framing condition rated the sys-
tem as more professionally engineered, more extensively validated,
and more thoroughly tested than those in the low-capability condi-
tion. All effects were statistically significant (see Table 1), which
confirms that the framing manipulation was successful.

3.2 Perceived Trustworthiness

Perceived trustworthiness of the system was measured using the Re-
liability and Competence sub-scales of the MDMT[32]. Participants
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presented with the high-capability framing rated the system as
more competent (t(18) = -2.39, p =.029, d = 1.59) and more reliable
(t(18) = —2.00, p = .061, d = 1.43) compared to those exposed to the
system framed as the low-capability one. The effect for Reliability
did not reach conventional significance with a two-tailed test. Thus,
H1 was supported for Competence, while Reliability showed an
effect in the hypothesized direction.

3.3 Behavioral Measure

The experiment also focused on quantifying the trusting behavior
of participants, which was operationalized in the time participants
took before they decided to increase the speed of the line. Partici-
pants in the high-capability condition reacted faster (M = 21.0 s, SD
= 11.3) than those in the low-capability condition (M = 44.9 s, SD =
39.2). This difference in means is consistent with H2: participants in
the high-capability framing appeared to show more trusting behav-
ior toward the system, even though they interacted with the same
robotic system. However, the results did not reach the conventional
level of significance using the two-tailed test (t(19) = 1.86, p = .079),
so this result should be rather interpreted as a directional trend.

Table 1: Descriptive statistics and independent-samples ¢-
tests for trustworthiness measures, behavioral response time,
and manipulation-check items.

Measure Condd N M SD t df p d
s Low 10 5.03 1.64

MDMT Reliability High 10 625 1.03 -2.00 18 .061 1.43

MDMT Competence 0% 10 430 " L74 )39 15 029 1.5

High 10 6.13 1.27

Reaction Time (s) Iﬁ?;jl 1o oot 318 186 19 079 081

. Low 11 3.82 1.60
Perc. Professional High 10 580 1.3 -3.16 19 .005 1.44

Low 11 3.18 1.54

High 10 510 1.66 -2.75 19 .013 1.60

Perc. Validation

. Low 11 4.18 1.66
Perc. Testing High 10 560 1.08 -2.29 19 .033 1.42

Note. Abbreviated measure labels are used for space reasons: Reaction Time = reaction
time to speed increase; Perc. Professional = perceived professional engineering; Perc.
Validation = perceived validation level; Perc. Testing = perceived testing
extensiveness. MDMT analyses exclude one participant who selected “does not fit”

We additionally analyzed whether the participant’s individual
propensity to trust [7] predicted the perceived trustworthiness of
the system or the effect of framing. Propensity to trust is a general
willingness to trust others. It influences initial trust judgments in sit-
uations with limited information [18]. Pearson correlations showed
that in our sample, trust propensity was not significantly associated
with MDMT Reliability (r = .25, p = .30) or MDMT Competence (r
= 24,p = 31).

4 Discussion

This study examined how a priori transparency and communicated
competence—verbal framing of an industrial robot system—shapes
perceived trustworthiness and trusting behavior. Our results showed
the same directional pattern across the self-reported and behavioral
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measures, although not all effects reached the conventional level of
significance. Participants exposed to the system framed as "more
competent” perceived the system as more competent and reliable
on the MDMT subscales. The ratings differed despite participants
in the low-capability condition observing the same system’s be-
havior. This extends previous work on framing, showing that early
cues affect user expectations [5, 24], even when the system’s actual
behavior remains unchanged.

The effect of framing manipulation showed the same directional
pattern. Participants in the high-capability condition prompted the
system to speed up sooner: on average, they waited for 21 seconds,
compared with 45 seconds in the low-capability framed condition.
Although not statistically significant in the two-tailed test, the
results are consistent with the data on perceived trustworthiness;
the lower statistical power may be due to the small sample size. Still,
the pattern is consistent with the interpretation that communicated
competence is linked to perceived trustworthiness, which guides
decision-making in situations where system behavior is ambiguous
or has not yet been observed. In this regard, our findings resonate
with work demonstrating that framing can outweigh observed robot
behavior in early interaction phases [23].

An essential aspect of our study was that participants interacted
with a short, immersive VR scenario in which behavioral cues were
limited. Under such conditions, framing may serve as the primary
interpretative cue, especially since the operator’s role was linked
to a perceived risk (i.e., damaging the line or wasting food). This
may explain why the effect on perceived trustworthiness was more
substantial than in studies focusing on anthropomorphic framing
[22]. The results indicate that when early system behavior provides
insufficient evidence of competence, users may rely on the framing
as the most reliable cue.

This suggests that, in the early stages of the industrial HRI, when
observable behavior is limited or ambiguous, inappropriate framing
can contribute to miscalibrated trust. If the way how the robot is
framed overstates the system’s capability, operators may prema-
turely rely on it; if framing understates the system’s capability,
operators may underutilize it. From a trust-calibration perspective,
this study confirms that framing can act as a high-impact trans-
parency cue: it can raise or dampen reliance before operators have
sufficient evidence to evaluate and validate the system’s real capa-
bilities and limits [4, 15]. This creates a practical implication for
industrial HRI: early capability descriptions should be designed so
they can be verified (or rejected/corrected) during use, and so they
do not overstate their capabilities in ways that promote premature
reliance [11]. Future work is needed to examine long-term inter-
actions with more fine-grained levels of framing and how these
contribute to trust development and future trust calibration.

5 Conclusion

In this paper, we explored the relationship between a communica-
tive framing of a robot prior to interaction and its impact on early
trust formation. As we show, the perceived trustworthiness is highly
dependent on the communicative framing: participants exposed to
the high-capability framing rated the system as more competent,
showed higher reliability ratings, and tended to act more quickly,
despite identical system performance (see Table 1). These findings

are in line with prior work showing that early setting of expectation
through framing (i.e., related to functionality) can shape the level of
perceived trustworthiness and responses to robot behavior [23, 34].
Taken together, this suggests that framing in industrial scenarios
should be treated as a strategic design lever to foster the ideal of
calibrated trust in HRI: capability descriptions should be chosen
deliberately to support appropriate reliance, and should be paired
with opportunities for operators to verify, reject, or revise these
expectations not only in the early stages of interaction [4, 11, 15].
We are aware of the limitations of this case study: the small
sample size, the exclusively quantitative data, the specific, short
mediated interaction through VR, and the absence of a baseline
condition. Also, the perceived risk was only introduced narratively
without any real behavioral consequences. Nevertheless, our find-
ings illustrate that participants relied strongly on the communicated
framing to form expectations, outweighing the (limited) behavioral
evidence available from their short interaction. This suggests a risk
of miscalibration in the early stages of industrial HRI, when system
capabilities are overstated or underspecified. Finally, we highlight
the importance of framing and emphasize the need to address it
further in future research, as it plays a significant role in forming
appropriate reliance not only in early (industrial) HRI.
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