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Fig. 1. The updated scale was tested in two human-AI interaction scenarios with equivalent underlying game mechanics, where
participants cooperated with a baggage scanner (left) and an automated vehicle (right).
Trust is a highly relevant concept determining how users interact with AI systems. However, while trust is a multi-dimensional
construct influenced by various contextual factors, most subjective measurements assess it on a more general level. To better assess the
situation- and context-specific nature of trust, we update the situational trust scale for automated driving to allow assessment in other
domains. Initial results, based on a lab study with N=23 participants who completed the scale after cooperating with AI systems in two
independent scenarios (automated vehicle and AI-supported baggage scanner), confirm that all scale items load onto a single factor.
However, additional investigations will be necessary to determine to which degree the scale is sensitive to variations in automation
performance. Still, the updated scale can be considered a first step towards measuring situational in various application areas where
users interact with automated and AI-driven systems.
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INTRODUCTION

Trust is a core construct in the interaction between humans and technology. It has a long history in the human factors
and automation literature (especially in domains such as aviation, human-robot interaction, or automated driving)
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[4, 6, 19], and recently, it gained additional momentum due to the rise of artificial intelligence (AI) systems and emerging
issues regarding AI transparency and explainability [5, 10, 21]. The words “trust” and “trustworthiness” appear over 100
times in a regulatory proposal issued by the European Commission, at it is suggested that trust and beneficial use of AI
have a close relationship [3]. Further, “trust issues” have already contributed to various accidents (some even fatal) with
driving automation systems. For example, the US National Transport Safety Board concluded in the investigation of a
deadly crash of a Tesla driver that the driver “was overly confident in [Tesla] Autopilot’s capabilities”. Falsely attributed
capabilities (i.e., “overtrust”) in AI systems can yield dangerous outcomes, while on the other hand, relevant systems
may be rejected when they are not trusted by users (i.e., “distrust”). Consequently, trust in technology should be
calibrated to appropriate levels so that the benefit of technology can be exploited appropriately [14]. Trust is highly
context-specific [15], and a beneficial trust relationship requires users to assess a system concerning its performance and
the demands of the dynamic situations where systems are in use. To achieve calibrated trust and best utilize the construct
in research and the design of AI systems, the construct must be measured appropriately. Trust measurements can be
behavioral, physiological, or subjective. Behavioral measurements assess the outcome of the interaction, for example, in
terms of compliance (“response when an operator acts according to a warning signal”) and reliance (“warning system
indicates the system is intact and the user does not take precaution”) rates [12, 17]. However, behavioral measurements
are influenced by other psychological constructs (for example, situation awareness, distraction, etc.). Physiological
assessment like eye-tracking [7] or stress measurements [18] only allow to infer potential conclusions. Thus, both
behavioral and physiological assessment must be considered indirect rather than direct measurements. The only direct
ways to measure trust are subjective, for example, by asking users via questionnaires or interview techniques. Many
existing measurements, such as the “Automation Trust Scale” by Jian et al. [11] assess trust on a more general level and
do not allow investigating the temporal, situation- and context-specific nature of this multi-dimensional construct.
Thus, there is a need for additional measurements that can capture the varieties of changing system performance or
dynamic interactions. To counter, Holthausen et al. [9] have developed the “situational trust scale”. Still, this scale is
explicitly tailored to vehicle automation and does not support measuring trust in other domains. However, a more
generalized scale would be beneficial to allow investigating the dimension of situational trust in other domains and
allow comparison between them.
In this work, we present an adaptation of the scale proposed by Holthausen et al. [9], where we aimed at a more
generalizable measurement of situational trust. We have updated the wording to become more neutral and independent
of a particular system, added items that represent other essential factors (according to the trust model by Hoff and
Bashir [8]), and evaluated the result in a lab study where participants played a game developed in Unity 3D. The
game mechanics incorporate relevant aspects of user-trust relationships (such as changing system performance and
secondary tasks). We created two different interfaces for the game mechanics to investigate if the scale can be used
in different scenarios (in particular, an automated driving system as present in the original publication [9] and an
AI-supported baggage scanner, see Figure 1). Study participants were exposed to both settings and completed the
updated scale multiple times, where we dynamically varied the performance of the mimicked systems. Thereby, we
aimed at evaluating if (RQ1) the scale items load onto a single factor, (RQ2) if the scale can successfully
capture performance variations, and (RQ3) if these systems are different in terms of the trust ratings and
user behavior. Initial results based on 23 participants indicate slight differences between the two scenarios and confirm
that the questionnaire is a potentially valid measurement of situational trust, which allows investigating the construct
in a broader range of human-AI interaction scenarios.
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RELATED WORK AND SCALE DEVELOPMENT

Lee and See [14] define trust in automation as “the attitude that an agent will help achieve an individual’s goals in a
situation characterized by uncertainty and vulnerability”, which is formed as a result of analytic, analogical, and affective
processes. A great variety of factors have been revealed to influence trust over the years, and these factors have been
integrated into a conceptual model by Hoff and Bashir [8], who distinguish between dispositional, situational, and
learned trust. Situational trust is different from trait-based, dispositional factors and refers to contextual differences
in trust development. Thereby, Hoff and Bashir [8] distinguish between external (type and complexity of a system,
workload, task difficulty, workload, perceived risks and benefit, setting, and framing of a task) and internal (selfconfidence, expertise, mood, and attentional capacity) variability. Their conceptual model is frequently cited (over 1100
citations on Google Scholar), yet empirical evaluations of it are scarce [9]. One reason might be that many existing scales
address trust more generally. For example, trust scales have been proposed by Chien et al. [1], Körber [13], Schaefer
[20], and others, and those scales are (also because of many scale items) typically used at the end of an experimental
condition. To measure situational trust multiple times during an experiment (for example, to investigate the effect of
changing system performance over time), the scale by Holthausen et al. [9] provides six items referring to situational
factors (to be assessed on a 7-point Likert scale from “fully disagree” to “fully agree”). The scale evaluation (conducted
in the form of an online survey) confirmed situational trust as independent of more general, trait-based trust via factor
analysis. It was shown that the scale can capture performance variations in different situations. Still, as described
above, the original scale is tailored to the domain of automated driving systems and does not allow being used in
other scenarios. Thus, we have updated the individual scale items and included two additional items that cover other
important situational trust factors according to the Hoff Bashir model [8], namely mood, organizational setting, and
framing of the task (see Table 1).
Original Item
I trust the automation
in this situation
*I would have performed better
than the AV in this situation

Neutral Item

In this situation, the AV performs
well enough for me to engage
in other activities

Given the system’s performance,
there was no need to monitor it
continuously

*The situation was risky
*The AV made an unsafe judgement in this situation
The AV reacted appropriately
to the environment

*The situation was risky
*The system made an usafe judgement in this situation
The system reacted appropriately
in this situation
The system’s use is appropriate
in this setting if it behaves like it
did in this situation
I felt positive about working with
the system in the experienced
situations

-

-

I trust the system in this situation
*I would have performed better
than the system in this situation

Trust Factor
Type of system
System complexity
Self-confidence
Subject matter expertise
Perceived benefits
Workload
Task difficulty
Attentional capacity
Perceived risks

Factor Loading
.812
.752

.685
.796

Perceived risks

.907

Perceived risks
Perceived benefits

.893

Organizational setting
Framing of task

.898

Mood
Type of system

.885

Table 1. Situational Trust Scale items, based on the original formulation provided by Holthausen et al. [9]. *reverse scored.
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SCALE EVALUATION

We developed a computer game in Unity3D to evaluate the scale in different scenarios in a dual-task setting. In the
following, we will explain the details of the game on hand of the “baggage scanner” scenario (see Figure 1 left).
3.1

Game Mechanics and Interfaces

Study participants engaged in the game have to perform two tasks simultaneously. The primary task represents
cooperation with the AI system, which in the presented example, identifies problematic items (in particular, bottles with
liquid) in baggage parcels. Those are placed on a conveyor belt and are scanned by the AI in the screen center. In case
the AI detects a problematic item, it is removed. However, sometimes the AI makes an error, and a problematic baggage
parcel slips through as it is not detected correctly. This represents a “miss” by the AI, and we solely focused on misses
and did not include false positives (i.e., non-problematic item removed). The players’ task is to observe the system and
intervene manually by clicking on the baggage item if it is not detected. Simultaneously, the player is engaged in a
secondary number sorting task. A list of random numbers is presented on a second virtual display, which must be
sorted in ascending or descending order (see Figure 2). Players can navigate between the two screens using the mouse
wheel, and in case the secondary task is brought to the foreground, the view on the conveyor belt and the AI system
is obstructed and blurred. These mechanics allow investigating the monitoring behavior of the user, who is told to
perform as many secondary number sorting tasks as possible without missing items that are wrongly classified as safe.
In each trial, five congregations of baggage items are passing the conveyor belt, where we can configure the number of
errors the AI system makes in detecting them to vary the system’s performance. Consequently, the mechanics allow
investigating the effect of the scenario and varying performance on:
• Reliance Behavior , which can be assessed by quantifying the number correct interventions by the user vs. the
number of problematic baggage parcels that “slipped through” when the simulated AI system fails.
• Monitoring Behavior , which can be assessed by quantifying number and frequency of the user inspecting the
AI’s behavior (i.e., switching back from the secondary number ordering task to monitor the system).
• Subjective Situational Trust , which is assessed by letting the player complete the situation trust scale as
described above (see Table 1) after each trail (which consists of 5 subsequent scans).
For the other scenario, we modeled an automated driving task similar to the situations evaluated in [9]. Instead
of observing the baggage scanner, the user is placed in an automated vehicle that drives down a straight road with
multiple subsequent zebra crossings (see Figure 1 right). Analogous to the baggage scanner scenario, a person crosses
the street on five of these zebra crossings. The automated vehicle either detects the pedestrian and stops, or it continues
driving, requiring the pedestrian to step back (representing the failure situation). If such a failure occurs, the player can
manually stop the car. All other aspects (secondary number ordering task, obstructed/blurred view when the secondary
task is open to investigating the monitoring behavior, etc.) are precisely the same as the other scenario. Additionally,
the developed framework allows configuring the exact game logic (i.e., how many trials with a particular scenario,
sequences of performance/error rates), and also additional Likert scale questions to be displayed while playing the
game can be included using an XML configuration file.
3.2

Study Design

For the presented evaluation, study participants were exposed to a series of five trials (i.e., 25 situations as one trial
consists of 5 situations, i.e., scans or zebra crossings) for each of the two scenarios (baggage scanner and automated
4
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Fig. 2. Dual-task setting: In both the baggage scanner (left) and the automated vehicle scenario (right), participants had to complete
as many number sorting tasks as possible while intervening in case the AI system fails. When the secondary task was in foreground,
the view on the primary task was partly obstructed and blurred. The assignment of ascending/descending number sorting tasks was
randomized.

vehicle; within-subjects design in counterbalanced order). After each trial, they completed the situational trust scale as
outlined in Table 1. The performance of the AI systems was modified so that each participant experienced two trials
without any failure (i.e., 100% performance), while the remaining three trials had a random error rate between 1 and 3
failures, which yielded an overall performance of 76-96% over all trials. The order of the errors within an individual
trial and the order of faulty trials in the overall sequence was randomized.
3.3

Participants and Procedure

The present publication is based on the evaluation of the first N=23 participants (primarily students and University
staff; 13 male and 10 female, M = 35.65; SD = 14.61 years).
After expressing consent and completing a short demographic survey, we issued pre-test questionnaires addressing
perceived risks of AI technologies and propensity to trust [16]. Then, participants saw a short video explaining their
tasks for the first scenario (how to control the game, focusing on performing well in the secondary task while intervening
in case a failure occurs). Then, they experienced the five trials in the respective first scenario. The condition concluded
with another survey that included the trust in automation scale by Jian et al. [11] and the technology acceptance model
[2]. The publication at hand solely focuses on the ratings of the situational trust scale as described in Table 1. The whole
procedure was then repeated for the other scenario. The experiment lasted 45-60 minutes per participant, and the study
was conducted under consideration of the Universities’ precautions regarding the COVID-19 pandemic.
3.4

Results

The evaluation was carried out using IBM SPSS Version 27, and results are reported as statistically significant at p<.05.
In the following, we present the statistical analyses regarding the proposed research questions.
3.4.1 Scale Reliability and Factor Analysis. After reversing the respective items (see Table 1), we calculated Cronbach’s
alpha to assess the inter-item reliability of the scale. The analysis was performed by averaging the ratings for each scale
item over all trials independently for the two investigated scenarios. The results show a Cronbachs’ alpha of .900 for
the baggage scanner and .925 for the automated vehicle scenario, which indicates a high internal consistency.
Then, we calculated the average of the individual scale items across all investigated trials and over both investigated
scenarios (baggage scanner and automated vehicle) to conduct a factor analysis. The evaluation confirms that all 8 items
load onto a single factor, which suggests that the underlying construct of “situational trust” is successfully measured as
single trust dimension. The factor loading for each item can be seen in Table 1 on page 3.
5
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Fig. 3. Diagrams showing the mean situational trust scores for the automated vehicle (AV, left) and the baggage scanner (BS) scenarios
without and with one or more errors (error bars: 95% CI).

3.4.2 Scale Sensitivity. Given the high internal consistency according to Cronbach’s alpha, we calculated the scale
values for situational trust by averaging the individual scale items (see Figure 3). To investigate if the scale can
capture variances in automation performance, we calculated the average situational trust ratings for trials with and
without failures per user and conducted Wilcoxon signed rank tests for comparison. Regarding the automated driving
scenario, the difference was significant (𝑍 = −3.587, 𝑝 < .001). Participants trusted the vehicle significantly more
(𝑀 = 4.77, 𝑆𝐷 = 1.47) in error-free trials compared to situations with one or more errors (𝑀 = 3.27, 𝑆𝐷 = 1.34). However,
there was not significant difference visible for the baggage scanner scenario (𝑍 = −1.542, 𝑝 = .123), although descriptive
statistics indicate that participants attributed the baggage scanner higher situational trust when it operated error-free
(𝑀 = 4.57, 𝑆𝐷 = 1.12) than in situations with one or more failures (𝑀 = 4.09, 𝑆𝐷 = 1.31).
3.4.3 Differences between the Scenarios. We also compared the trials with and without failures between the two
scenarios using Wilcoxon signed rank tests. Results confirm what can be seen in Figure 3: While the situational trust
scale ratings were similar in trials without errors (𝑍 = −.909, 𝑝 = .363), the ratings for trials with one or more failures
differs between the automated vehicle and the baggage scanner scenario (𝑍 = −2.662, 𝑝 = .008), where the former
showed a higher trust decline.
Further, we compared the monitoring ratio and the number of completed secondary tasks between the two scenarios
for all trials with and without failures. Regarding the monitoring ratio, participants monitored the behavior of the
automated vehicle significantly more often than the baggage scanner. This is visible for both the non failure (automated
vehicle monitoring 𝑀 = .24, 𝑆𝐷 = .12; baggage scanner monitoring 𝑀 = .18, 𝑆𝐷 = .10; 𝑍 = −2.357, 𝑝 = .018) and
failure groups (automated vehicle monitoring 𝑀 = .29, 𝑆𝐷 = .12; baggage scanner monitoring 𝑀 = .17, 𝑆𝐷 = .09;
𝑍 = −3.057, 𝑝 = .002). A logical consequence of this behavior is the flipped number of completed number sorting
tasks, which are significantly higher for the baggage scanner scenario. In both the non-failure (number of secondary
tasks completed in the automated vehicle 𝑀 = 6.86, 𝑆𝐷 = 1.98; number of tasks completed in the baggage scanner
6
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scenario 𝑀 = 8.11, 𝑆𝐷 = 2.24; 𝑍 = −3.242, 𝑝 = .001) and failure groups (number of secondary tasks completed in the
automated vehicle 𝑀 = 6.09, 𝑆𝐷 = 1.71; number of tasks completed in the baggage scanner scenario 𝑀 = 8.33, 𝑆𝐷 = 2.49;
𝑍 = −3.726, 𝑝 < .001), participants completed more secondary tasks than in the automated vehicle scenario.
4

DISCUSSION

The results of the presented study suggest that a more neutral and less scenario-specific formulation of the “situational
trust scale” (initially developed for the use case of automated driving [9]) could yield to a general measurement for the
construct of situational trust, which is an important trust dimension according to the conceptual trust model proposed
by Hoff and Bashir [8]. We extended the scale by two additional items, which represent the organizational setting, the
framing of a task, and the user’s mood and type of system, to allow application to and comparison of other human-AI
interaction scenarios. We could obtain similar results as in the original publication of the scale [9]: The 8 scale items
show a high internal consistency according to Cronbach’s alpha, and a factor analysis confirms that they load onto a
single factor (RQ1).
However, regarding the presented evaluation, the scale showed higher sensitivity to performance variations in the
automated driving domain than the scenario of an AI-supported baggage scanner. In the automated driving scenario,
the situational trust ratings for trials with and without failures significantly differed, while such a difference was not
present in the baggage scanner scenario. There are multiple possible explanations for this behavior. The number of
study participants (N=23) in the presented evaluation was comparably low, and a larger sample might account for the
missing statistically significant effects in all performance variations. A higher sample size will also allow to investigate
the groups according to the number of (one, two, or three) failures individually, which was not performed in this initial
evaluation due to a lack of statistical power: a power analysis resulted in 36 participants needed to detect differences
in a 2 (scenarios) by 4 (failure groups) design (with an expected effect size of .25). Another explanation could be a
different perception of the risks associated with the two scenarios. Perceived risks are said to be an important factor in
trust formation [8, 15], and while failures of automated driving systems can quickly lead to safety-critical situations,
overlooking a bottle with liquid in a baggage scanner could be perceived as less risky from the perspective of study
participants. Given that a comparison of the trust ratings between the two scenarios showed differences only for the
failure groups (while no differences could be obtained for non-failure groups), maybe less risky scenarios require a
larger performance drop to show a significant decline in subjective situational trust (RQ2).
This explanation would fit other differences that have been obtained in this study. Participants completed a significantly higher number of the (secondary) number sorting tasks and, in turn, monitored the automation less frequently
when operating the AI-controlled baggage scanner, compared to the automated vehicle scenario (RQ3). Given that
there are, to our best knowledge, no other dedicated measurements for situational trust, we believe that the modified
and extended questionnaire still can provide a valuable tool for the community. Since trust in AI and explanations,
robotic, as well as automated systems is frequently addressed in HCI studies, an extended and generalized situational
trust scale will be important to compare results and identify trust-related differences and similarities between various
trust dimensions, context factors, and user interfaces in different application domains. With only 8 items, the scale
is also relatively small compared to other trust measurements [1, 13, 20], and it can be administered multiple times
during a study to evaluate different UI designs (for example, considering explanations or other HMI interventions),
experimental conditions, performance variations, or to research the temporal development of trust formation.
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LIMITATIONS AND FUTURE WORK

Although we put much effort into the game mechanics, intending to make the two investigated scenarios comparable,
we cannot completely rule out that the source of some observed differences (like the monitoring behavior or the number
of completed secondary tasks) emerge from other factors than participants’ perception of the scenarios. There exist
slight differences regarding the exact timings of the simulated systems’ actions and failures, and also the obstruction
due to the secondary task is slightly different. Still, we claim that comparing different results gathered in independent
studies would be even less valid. Another limitation in most trust-related lab studies is the absence of real risk, which
emerged solely from participants’ imaginations. In this sense, the visuals are also relatively schematic, and future
implementations should provide a more realistic visual appearance and interaction methods, for example, by putting
the scenarios in virtual reality.
Further, the evaluations presented in this work are based on a relatively small sample with only 23 participants. We
will include more participants, add additional scenarios, re-evaluate our initial results, and investigate other issues not
addressed in this work, like correlation analyses between error rates, monitoring behavior, and interventions to gain
better insights into the complex interplay between subjective situational trust and users’ behavioral responses. Finally,
the scale addresses a particular set of human-AI interaction scenarios, namely supervisory control situations. Those
are characterized by the continuous nature of the AI application in operation (i.e., a time critical setting). Still, a large
collection of AI systems are non-continuous decision aid systems, i.e., they allow users to evaluate and judge their
output without inherent time pressure. To allow the scale assessing such systems, some questions (such as “Given the
system’s performance, there was no need to monitor it continuously”, or one could speak of particular “decisions” instead
of “situations”) need to be adapted.

6

CONCLUSION

Many existing trust scales assess trust on a general level and do not consider the context-and situation-specific nature
of trust formation. Thus, new standardized measurements are needed to capture the concept of “situational trust” [8].
In this work, we have updated and extended the “situational trust scale for automated driving” (STS-AD) towards a
more neutral version (STS) that can be applied in multiple human-AI interaction scenarios. We evaluated the scale
with 23 participants, who cooperated with (simulated) AI-controlled automated systems in two different supervisory
control scenarios (automated driving and an AI-supported baggage scanner) and completed the scale after experiencing
different performance variations of these systems. Our results confirm the existence of situational trust as a relevant
trust dimension, where all items loaded onto the single factor. However, at this point we cannot confirm that the scale
is sensitive to performance variations in all investigated scenarios – while the situational trust ratings significantly
dropped when errors were present in the automated driving scenario, ratings were still comparably high when the
system performance dropped (to 76-96%) in the baggage scanner scenario. Further, we have revealed some differences
and similarities of the investigated scenarios, such as situational trust ratings concerning automation performance,
monitoring, and behavior in secondary tasks.
We will conduct additional evaluations with a larger sample to evaluate if researchers and designers can use the updated
situational trust scale in a wide range of human-AI interaction scenarios in the future.
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