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ARTICLE INFO ABSTRACT

Keywords: Artificial Intelligence (AI) has potential to address the increasing demand for capacity in Air Traffic Control

Human-Al interaction (ATC). However, its integration poses several challenges and requires deep understanding of public perception.

;fu“ Insights from the context of Autonomous Vehicles (AVs), in which more studies have been done, can inform such
ame

understanding. In this article, we investigate how the public perceives the automated future of ATC in close
comparison to AVs. We conducted two studies to examine public trust and blame attribution toward human and
Al operators in different Human-Al Interaction (HAI) models, covering three levels of automation (Level 0: Al
tool, Level 3: Al trainee, and Level 5: AI manager). We also explored their perceptions of ATC and vehicle driving
(VD) by using ten task-related measures (Familiarity, Expertise, Tech Awareness, Openness, Media Discourse, Stake,
two measures of Uncertainty, Positive Safety, and Negative Safety) and five agent-related characteristics (Capability,
Robustness, Predictability, Honesty and Cooperativeness). The results showed greater trust and less blame attributed
to humans in both ATC and VD, except in the Level 3 Al trainee model where humans were blamed more than Al
We also found both similarities and differences in people’s perceptions of the two contexts. Our findings provide
evidence-based insights into how the public attribute trust and blame to the operators in ATC and VD. These
results will inform industries on the development and implementation of Al integration in aviation and advise
policymakers in evaluating public opinion on Al regulation.

Public perception
Automation levels
Air traffic control
Autonomous vehicle

Introduction 2014; Waymo, 2024). It could lead to reduced traffic congestion,

decreased fuel consumption and emissions, and improved efficiency and

Traditional transportation industries are undergoing a profound
transformation with the advent of automation technologies, with road
transportation being one prominent example of this change. The inte-
gration of automation, from driverless cars to autonomous trucks, is
rapidly reshaping the way people and goods move on roads. The centre
of this revolution appears to rely on the performance of the drivers. As
these technologies advance, there is potential for machine drivers to
support human drivers to dynamically optimise their driving patterns
(Van Arem et al., 2006; Spieser et al., 2014; Gao, Hensley and Zielke,

reliability in goods transportation (Olia et al., 2018; Zhao et al., 2022;
Yao et al., 2021; Matin and Dia, 2022; Gueriau and Dusparic, 2020). In
light of the significant benefits brought by automation, another critical
sector of transportation, the aviation industry is also looking at the po-
tential of automation to tackle their most significant change (Guleria
et al., 2021; Perez-Castan et al., 2022): the growing disparity between
the increasing demand for air travel and the limited capacity provided
by existing air traffic control (ATC) systems (IATA, 2020; ATM, 2024;
UK Department for Transport, 2022, 2024).

Abbreviations: ATC, Air Traffic Control; ATCO, Air Traffic Control Officer; VD, Vehicle Driving; AV, Autonomous Vehicle; HAI, Human-AI Interaction; Nat. Rep.

Sample, nationally representative sample.
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ATC officers (ATCOs) play a crucial role in ensuring safe and efficient
air travel. They monitor and direct aircraft as they navigate through
sectors of airspace. However, human cognitive capacity has its limits
(Lee et al., 2012; Li et al., 2021), and the complexity of the operation
means that simply hiring more ATCOs is not a sufficient solution to the
challenges faced in optimising ATC systems. During peak hours, ATCOs
are estimated to effectively manage up to 15 aircraft simultaneously,
although this number can vary depending on factors such as airspace
complexity, traffic density, and weather conditions (IOrganization,
2016, 2021; EUROCONTROL, 2023). This constraint poses a significant
challenge as air travel continues to grow. To address this capacity gap,
the aviation industry is exploring new technologies including Artificial
Intelligence (AI) techniques to facilitate conflict resolution and support
ATCOs (Van Rooijen et al., 2020; Guleria et al., 2024). However, slow
adoption of Al technologies persists due to the safety—critical nature of
ATC operations. Specifically, technical challenges in ATC—such as the
shorter buffer window for decision-making during emergencies, the
inherent uncertainty influenced by weather conditions (Erzberger et al.,
2012), and the rigorous standards for testing, training, and certifi-
cation—make Al integration complex and costly (Zhao and Rozier,
2014).

Beyond technical considerations, psychological perceptions play a
pivotal role in this potentially risky but revolutionary solution (Morton
et al., 2021; Borhan et al., 2019; Adnan et al., 2018; Zefreh et al., 2023;
Tang et al., 2025). The transition to Al-powered ATC is not solely about
system capability and safety; it also hinges on how the public and po-
tential users think about the usage of Al in ATC. As end-users of ATC
services, will people be willing to trust Al for critical decisions? The
potential for Al to revolutionise ATC operations lies in understanding
relevant psychological landscapes.

Therefore, in this study we aim to explore public perceptions and
attitudes toward the automated future of ATC, using Autonomous Ve-
hicles (AVs) as a reference. We will compare public trust and blame
attribution to human and Al agents in these two contexts across different
automation levels. Characteristics related to tasks and agents in these
two contexts will also be examined. This study will inform the industry
not only in understanding the public demand for Al development but
also in aligning with their expectations for Al deployment. Moreover,
shedding light on psychological attitudes in high-stakes areas facilitates
future research in analysing the underlying mechanisms.

Background

Human-AI Interaction Models in ATC vs. VD. The journey towards
automation involves multiple stages. Automation can range from
covering the entire process to only affecting a small part of it. Given this,
different ‘levels of automation’ were proposed. For instance, the Society
of Automotive Engineers (SAE) introduced the Levels of Driving Auto-
mation for autonomous vehicles (AVs) (SAE, 2018) in 2014 and the
automation taxonomy in air traffic control has also been established by
the Single European Sky ATM Research (SESAR) in 2020 (SESAR Joint
Undertaking, 2020). These levels are defined by the degree of automa-
tion (referred to as Al generally in this paper) and the extent of human
involvement. Notably, the progression from lower to higher levels of
automation, as proposed in both fields, exhibits a consistent pattern of
alignment, which is briefly summarised as follows:

e Level 0: No automation.

e Level 1: Decision support (in ATC)/ Driver Assistance (in AV).
e Level 2: Partial automation.

e Level 3: Conditional automation.

e Level 4: High automation.

e Level 5: Full automation.

With AVs stand out as one of the most mature Al applications in
industries, it provides comparable understanding for ATC development
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and allows us to anticipate potential hurdles and proactively address
them. Just as AVs encountered obstacles related to trust, safety, and
public acceptance during their adoption, similar issues may arise as Al
permeates ATC operations (Langford et al., 2022; Kang et al., 2025). A
comprehensive examination of public perceptions now will inform
strategic decision-making and facilitate effective implementation for the
future. In this study, we will focus on three of the six automation levels
(due to resource constraints), including the lowest level (Level 0), the
highest level (Level 5) and the middle ground (Level 3) to understand
public perceptions of automation in the contexts of ATC vs. AV.

Trust and Multidimensional Trust in Human-AI Interaction. Suc-
cessfully implementing Al systems requires more than technical profi-
ciency and strong performance metrics, such as capability and
robustness. It also demands incorporating human-centred attributes like
predictability, cooperativeness, and honesty. These are crucial qualities
that significantly influence the trust ascribed to agents in human-Al
interactions (Hancock et al.,, 2011; Malle and Ullman, 2021), as
frequently used in the literature and commonly voted by the public. A
brief explanation of these qualities (operationalised mainly based on
Malle and Ullman’s multidimensional trust framework) is provided
below:

Capability refers to whether an agent can manage the assigned task in

a safe, orderly, and expeditious way under all conditions.

e Robustness refers to whether an agent can minimize errors or main-
tain an “acceptable” behaviour in the presence of exceptional or
unforeseen operating conditions.

e Predictability refers to whether an agent can act consistently in a way

that aligns with its objectives and allows other agents to have a

reasonable expectation or enough understanding of its responses in

similar situations.

Cooperativeness refers to whether an agent can work as a team with

others to achieve common operational goals.

e Honesty refers to whether an agent can correctly report its decisions

without deceiving or withholding information from the recipients.

While capability may significantly influence trust (Kenesei et al.,
2022), its impact may vary between contexts or applications. In ATC,
where the stakes are high and domain specific knowledge is essential,
capability might be paramount, overshadowing other factors
(Organization, 2016). Whereas in vehicle driving (VD), given tasks are
more accessible to the public, cooperativeness could also play a vital
role—consider the dynamics of road-sharing with driverless vehicles
(Baber et al., 2005; Malik et al., 2021) and the mitigation of aggressive
driving behaviours (Liu et al., 2020; Craig et al., 2021). Therefore, by
examining public expectations of these unique qualities for agents in
both tasks (ATC vs. VD), we can better understand trust requirements
and foster confidence in their operational deployment.

Blame and Trust Damage after Al Failure. In an automated system,
when an error occurs how do people attribute accountability? This is a
question heavily studied in the field of AV. As summarised in (Bonnefon
et al., 2024), previous research found that in single-driver situations
machine drivers were blamed more than humans for the same mistakes.
However, in a shared-driving context, humans are often assigned more
blame than their AVs (Awad et al., 2018, 2020; Copp et al., 2023; Zhai
et al., 2023). As the human-Al interaction varies across the levels of
automation, this disparity in blame attribution becomes more pro-
nounced: as automation increases, the blame gradually shifts from
human drivers to AVs (Franklin et al., 2021; Zhang et al., 2021; Gill,
2020; Zhai et al., 2023). The collective blame placed on other stake-
holders, including government bodies and manufacturers, also increases
(Bennett et al., 2020). Nonetheless, the evidence is insufficient to draw
parallel conclusions for ATC, where the public are passengers rather
than operators (‘ATCOs’ in ATC; ‘drivers’ in VD).

Despite the critical role of ATC in ensuring aviation safety, blame
attribution within this context remains understudied, particularly
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regarding the integration of Al systems. While previous research has
identified a bias against airlines following incidents (Dean, 2024), the
impact of Al on blame attribution remains unclear until these systems
are involved in the decision-making process. Furthermore, the psycho-
logical stakes of Human-Al interaction failures go beyond the allocation
of blame. For instance, a malfunction in Level 5 AVs can lead to an
immediate loss of trust in the car, a reaction not observed with Level 3
AVs (Seet et al., 2022). Even minor errors, such as taking too long to
park, can significantly damage trust levels (Yokoi, 2024). However, little
is known about the extent of trust damage in ATC, particularly in an
industry with stringent safety standards and a culture that emphasises
“people create safety” (Kirwan, 2024). Thus, whether such damage will
be irreparable for Al in ATC is another focus in this study. Moreover, by
comparing the blame attribution and trust damage between human and
Al operators across different automation levels, we will better under-
stand if public bias, such as the blame asymmetry — where Al is blamed
more than humans for similar mistakes (Porsdam Mann et al., 2023; Liu
and Du, 2022; Pozharliev et al., 2023) — are influenced by the role Al
plays in operations.

Public Perception of Al in ATC vs. VD Although ATC and AV share
similarities in their automation trajectories within industrial develop-
ment, they differ significantly in how the public perceives them as task
domains. Public trust in AI adoption can be influenced by both psy-
chological traits of the agents (such as the trust dimensions mentioned
earlier) and task characteristics (Kuper and Kramer, 2024; Kaplan et al.,
2023; Si et al., 2024).

e Familiarity and Openness. There are far more drivers than air traffic
controllers (ATCOs), and people interact with driving more often,
either by driving themselves or seeing others drive. This familiarity
likely contributes to higher trust in AVs over ATC (Brannon et al.,
2007; Alhakami and Slovic, 1994). For example, self-reported un-
derstanding of AVs is positively associated with higher levels of trust
(DeGuzman and Donmez, 2024). In contrast, driving, as a common,
everyday activity that most people are familiar with, allows people to
rely on their personal experience and heuristic processing to form
opinions about its risks (Finucane et al., 2000). The driving envi-
ronment is also much more open to external factors, like unmanaged
traffic or unpredictable drivers, which can influence how risky it
feels (Filos et al., 2020; Etminani-Ghasrodashti, Kermanshachi,
Rosenberger and Foss, 2023; Mondy et al., 2025). On the other hand,
ATC operates in a highly controlled environment with strict pro-
cedures, making it seem safer but also more complex to the public
(Mogford et al., 1995; McDougall and Roberts, 2008).

Media Discourse Influence. Media priming effects and biases signifi-
cantly shape public opinions (Wasinger and Mann, 2020). High-
profile reports can have lasting impacts on public perceptions un-
less corrected (Lecheler and De Vreese, 2016). For example, when
news outlets report crashes involving AVs, public trust in AVs
diminishes.

Stakes and Uncertainty. The perceived trade-off between risks and
benefits can strongly influence public acceptance of new technolo-
gies, such as AVs (Li et al., 2024). The significant impact AI can have
therefore raises the bar for how understandable it must be
(Nussberger et al., 2022). Agent-related features, like explainability,
become especially important in high-stakes decisions—such as when
an algorithm recommends a medical treatment, compared to lower-
stakes contexts like film suggestions (Lombrozo, 2006). Another key
factor in decision-making is uncertainty: the more uncertain a task,
the more careful we need to be (Gigerenzer et al., 2022).

Expected Safety and Expertise. While safety is the top priority in both
ATC and VD, particularly in ATC—an industry with strict safety
protocols—psychological biases can lead to unrealistic safety ex-
pectations among the public (Fischhoff et al., 1978; Shariff et al.,
2021). These expectations may inadvertently compromise the ben-
efits that technology can offer society. Research has already shown
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that AVs need to be two to five times safer than human-driven ve-
hicles across various conditions for people to accept their potential
risks (Liu et al., 2019). Furthermore, compared to driving, a skill that
most people can master in a few months, ATCOs undergo rigorous
selection processes and years of specialised training to obtain their
licences for operation.

Research questions

This study draws from the rich literature on perception in the AV
context to investigate the safety—critical context of ATC. This includes
not only establishing a reference point of trust and blame attribution—
using their underlying similarities in the industrial trajectory of auto-
mation, but also examining the unique features of each that shape these
attitudes. Building on this, we explore public perceptions of Al opera-
tions in both sectors, with the aim to provide contextually informed
evidence. This evidence can guide industry stakeholders and govern-
ment bodies in facilitating the safe deployment of advanced technology
for the benefit of society. Therefore, with key study variables presented
in Table 1, our research questions are listed as the following:

Research Question 1: How do the public attribute trust and blame in
ATC compared to AV?

Research Question 2: How do agent types (Human vs. Al operator) and
Human-AI Interaction models (3 Automation levels) affect these trust
and blame attributions?

Research Question 3: How do public perception of agents’ charac-
teristics (5 trust dimensions: capability, robustness, predictability,
honesty, and cooperativeness) differ between ATC and AV?

Research Question 4: How do public perceptions of tasks’ character-
istics (Familiarity and Openness, Media Discourse, Stakes and Uncer-
tainty, and Expected Safety and Expertise) vary between ATC and VD?

Methods
Participants
Participants were recruited through the crowd-sourcing platform

Table 1
Study variables.

Between-Subject Variable

Human-AI Model a: Level 0 AI Tool (LO)
Interaction (HAI) Model b: Level 3 Al Trainee (L3)
Models Model c: Level 5 Al Manager (L5)

Within-Subject Variable
Air Traffic Control (ATC)
Vehicle Driving (VD) or Autonomous
Vehicle (AV)
Human Operator
Al Operator
Dependent Variables

Task (Context) Types

Agent Types

Attributions: Agent Task
Characteristics: Characteristics:
Study 1 (Convenience Initial Trust Capability Familiarity
Sample) Restored Robustness Expertise
Trust Predictability Tech Awareness
Blame Cooperativeness Openness
Honesty Media Discourse
Stake
Uncertainty
Positive Safety
Negative Safety
Study 2 (Nat. Rep. Initial Trust N/A N/A
Sample) Restored
Trust
Blame

Note. Operator: Air Traffic Control Officer (ATCO) in ATC vs. Driver in VD and
AV; Nat. Rep. Sample: nationally representative sample.
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Prolific and surveyed using the survey platform Qualtrics. Both platforms
are widely recognised in research for their ability to facilitate effective
testing with reliable samples (Palan and Schitter, 2018). Initially, we
collected a convenience sample of 321 UK residents. This was followed
by the collection of a nationally representative (Nat. Rep.) sample of
1,042 UK residents by age, gender and race, automatically weighted by
Prolific based on census data from the UK Office of National Statistics
(Prolific, 2024). The final size of the convenience sample was 301, with
a passing rate of 93.77 % for attention check. The final Nat. Rep. sample
consisted of 988 participants, with a passing rate of 94.82 %. Details of
the sample demographics are provided in Table 2.

Study design and procedures

Study Design. This study employed a mixed design, combining a 3
(HAI models) x 2 (Context: ATC vs. VD) x 2 (Agent: human vs. AI)
framework. Participants were first randomly assigned to one of three
Human-Al interaction (HAI) models and then exposed to two contextual
manipulations (randomly ordered) involving both human and Al
operators.

The three HAI models: (1) Model a: Level 0-AI Tool, (2) Model b:
Level 3-Al Trainee, and (3) Model c: Level 5-Al Manager, outlined task
assignments for both human and Al operators. Participants first read the

Table 2
Sample demographics.
Study 1 Study 2
Convenience (N = Nat. Rep. (N
301) =988)
Demographic n (%) = Number
Characteristics (Frequency)
Age Mean (SD) 42 (14.1) 46.59 (15.9)
18-24 31 (10 %) 107 (11 %)
25-34 94 (31 %) 187 (19 %)
35-44 47 (16 %) 147 (15 %)
45-54 56 (19 %) 161 (16 %)
55-64 58 (19 %) 258 (26 %)
65-74 13 (4.3 %) 103 (10 %)
75-84 2 (0.7 %) 25 (2.5 %)
85-100 0 (0 %) 0 (0 %)
Gender Male 112 (37 %) 478 (48 %)
Female 186 (62 %) 503 (51 %)
Other 3(1.0%) 7 (0.7 %)
Ethnicity White 258 (86 %) 844 (85 %)
Black 16 (5.3 %) 38 (3.8 %)
Asian 19 (6.3 %) 73 (7.4 %)
Mixed 4 (1.3 %) 16 (1.6 %)
Other 4 (1.3 %) 17 (1.7 %)
Education High School or 51 (17 %) 186 (19 %)
lower
Vocational or 76 (25 %) 206 (21 %)
College
Undergraduate 109 (36 %) 382 (39 %)
Postgraduate 64 (21 %) 210 (21 %)
Other 1 (0.3 %) 4 (0.4 %)
Socioeconomic status Mean (SD) 5.27 (1.51) 5.60 (1.53)
(SES)
LowSES 45 (15 %) 113 (11 %)
MediumSES 248 (82 %) 805 (81 %)
HighSES 8 (2.7 %) 70 (7.1 %)
FlyFrequency Never 31 (10 %) 96 (9.7 %)
Rarely 140 (47 %) 453 (46 %)
Sometimes 89 (30 %) 303 (31 %)
Frequently 38 (13 %) 124 (13 %)
Veryfrequently 3 (1.0 %) 12 (1.2 %)
DrivingFrequency Never 5 (1.7 %) 16 (1.6 %)
Rarely 16 (5.3 %) 25 (2.5 %)
Sometimes 30 (10.0 %) 87 (8.8 %)
Frequently 54 (18 %) 180 (18 %)
Veryfrequently 196 (65 %) 680 (69 %)

Note. Convenience: The Convenience Sample; Nat. Rep.: The Nationally Repre-
sentative Sample; Other: participants use other more self-evident labels.

Transportation Research Interdisciplinary Perspectives 32 (2025) 101545

HAI description (as shown in Fig. 1); comprehension checks were then
used to ensure the understanding of role assignment under each HAI
model. In the comprehension checks, participants were asked to identify
who has the control right in each HAI, which the correct answer is
human in the Al tool and Al trainee models, and Al in the Al manager
model.

Study 1 The convenience sample then rated trust, blame, restored
trust and 5 other qualities for both human and Al operators on a 10-point
Likert scale (1 [not at all] — 10 [very much]). Before answering the
restored trust questions, participants were provided with additional
information about the failure corresponding to each HAI model, which
had been fixed. Under the Al-tool model, the failure was caused by the
human operator’s misjudgement based on the AI’s miscalculation.
Under the Al-trainee model, the human supervisor failed to intervene
when Al trainee made a misjudgement. Under the Al-manager model,
the AI manager made a misjudgement which resulted in a safety risk.
The questions used are as the follows: (1) how much do you trust the
operator? (2) how much would you blame the operator for the failure? (3)
After the failure, how much would you still trust the operator? (4) how
capable, robust, predictable, honest or cooperative do you think the operator
is?

After the trust and blame attribution, participants were also asked
about their general perception of the two tasks (ATC vs. VD, randomly
presented), using the same scale (see Table 3).

Study 2 The Nationally Representative Sample were only asked three
specific questions related to trust, blame, and restored trust, following
the same experimental design as in Study 1.

During the debriefing, participants’ general demographic informa-
tion, including age, gender, ethnicity, education level, socioeconomic
status was collected. Their experiences of flying and driving such as fly
frequency and driving frequency were also asked to understand the
sample profile better. Then a debriefing message was presented to pro-
vide more explanation of the study. An open text box was also provided
for participants to enter their feedback or any other comments at the end
of the study.

Prior to taking part in the study, informed consent was obtained from
all participants. Participants were also debriefed at the end of the study,
with opportunities to provide feedback. The average completion time of
the study is approx. 7 min and £1 was paid to each participant for their
time.

Results
Trust (damage) and blame attribution

To answer research questions 1 and 2, we employed regression
models to examine the main effects of agent type (Al is compared with
the baseline human) and Human-AlI Interaction (HAI) (Level 0-AlI tool as
the baseline) on trust and blame attribution, using the Nat. Rep. sample
from study 2. As shown in Table 4, Al is significantly trusted less and
blamed more than human in both Air Traffic Control (ATC) and Vehicle
Driving (VD). HAI also affects these attributions in a more complex way.
Similar results were observed in study 1, using the convenience sample
(detailed results can be found in the Appendices A and B).

Specifically, for initial trust, human is trusted more than Al in all
three levels as displayed in parts A and C of Fig. 2. Moreover, trust is
lowest for the AI Trainee compared to the Al Tool in ATC (f = — 0.26,
SE =0.01, P < 0.05). Meanwhile, trust is lowest for the Al Manager than
the Al Tool in VD (f = — 0.32, SE = 0.11, P < 0.01).

For blame, as shown in the parts B and D of Fig. 2, human is blamed
more than Al only in the Al-trainee model, while they are assigned less
blame in the other two models. There is little difference observed be-
tween the Al Tool and the Al Manager model in terms of blame to human
or Al These patterns are consistent across ATC and VD.

Finally, restored trust, which is the newly rated trust after an initial
mistake has been fixed, is lower than initial trust for all automation
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Fig. 1. Participants were exposed to one of three levels of Human-Al Interaction (HAI) in Air Traffic Control and Vehicle Driving. Note. These levels were (a) Level 0:
No automation (AI Tool). The Al is used as a tool for information analysis. (b) Level 3: Conditional automation (AI Trainee). The Al takes actions under human
supervision. (c) Level 5: Full automation (AI Manager). The Al is in control of everything with no human intervention.

Table 3
Task characteristics measurement.
Measure Scale Description
la. Familiarity 1-10 How familiar are you with ... (ATC vs. VD)?
1b. Openness 1-10 How open is the environment to external factors in
... (ATC vs. VD)?
2a. Media 1-10 How likely do you think you’d hear about it on the
Discourse news, if there is a fatal incident that happened about
... (ATC vs. VD)?
2b. Tech 1-10 How aware are you of Al operating ... (ATC vs. VD)?
Awareness
3a. Stakes 1-10 For each task listed below (ATC vs. VD), imagine the
worst thing that could happen and how it would
affect everyone. How bad do you think the outcome
would be?
3b. Uncertainty 1-10 1. How likely do you think that future events can be
predicted from previous data, when Al is fully
deployed in (ATC vs. VD)?
2. How easy do you think it would be to list or
characterize all possible situations that an operator
may encounter in (ATC vs. VD)?
4a. Positive 0-100 How much safer than the average human would an
Safety % Al operator need to be before you would choose to
travel with it?
4b. Negative 0-100 How much safer than the average human would an
Safety % Al operator need to be before you would choose to
travel with it?
4c. Expected Years How many years of experience do you believe are

Expertise necessary to become a proficient (ATCO VS.

Driver)?

Note. 1-10 (not at all — very much); ATC: air traffic control; VD: vehicle driving; In
4a, 0% means not safer than any human operator — 100% means safer than all
human operators; In 4b, 0% means the AI operator has the same incident rate as
humans — 100% means eliminating all the incidents that average operators
make in the UK.

levels for both human and AI. Trust damage (Initial Trust minus
Restored Trust) is higher for human than for Al, particularly in ATC.
Interestingly, despite loss of trust in human, it is still higher than (initial)

Table 4
Regression results for trust and blame attributions.
Air Traffic Control Vehicle Driving
Initial Blame Restored Initial Blame Restored
Trust Trust Trust Trust
Agent [AI] —-2.50 0.54 -2.30 -1.80 0.70 —2.00
(0.08) (0.11) (0.10) (0.09) (0.11) (0.10)
ek dedkk Kk Kk ek dekk
HAImodel —0.26 0.26 -0.23 —0.05 0.14 0.02
(0.10) (0.14) (0.13) (0.11) (0.14) (0.14)
[Altrainee] * p= p = 0.09 p= p= p =0.86
0.06 0.63 0.32
HAImode —0.14 0.03 0.08 —0.32 —0.30 0.06
(0.10) (0.13) (0.13) (0.11) (0.14) (0.14)
[AImanager] p= pP= p=0.53 o * p = 0.66
0.13 0.80
Constant 8.80 7.00 7.30 7.70 7.00 6.70
(0.08) (0.11) (0.11) (0.09) (0.11) (0.11)
Observations 1,976 1,976 1,976 1,976 1,976 1,976
Note. **=*** significant at 0.001, 0.01, and 0.05 levels, respectively. The

human operator is the baseline for Agent; the Al tool model is the baseline for
HAI model; The Nat. Rep. sample from study 2 was used.

trust in Al across all three levels.

In general, humans are generally trusted more than AI across all
three HAI levels. However, Al is often blamed more, except when
humans are in supervisory roles, as in L3. When errors occur, even after
they have been fixed, trust in humans suffers significantly, particularly
in L3. For Al the loss in trust is less pronounced given its inherently
lower trust levels. Patterns of attribution in the VD context are consistent
with those observed here, underscoring similar dynamics in human-AI
interactions. Notably, the level of trust placed in ATC for humans
tends to be greater than that in VD.



P. Mei et al.

Trust

Measure ¢ Trust ¢ RestoredTrust

A.
Al manager - -
Al trainee - -
Al tool — -
4 6 8 10
Mean
C.
Al manager —-
Al trainee —— -
Al tool ——
4 6 8 10
Mean
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Fig. 2. Attribution (Study 2) of trust, blame, and restoration of trust after fixed mistake (using a 10-point Likert scale) in Human vs. Al operators across three Human-
Al Interaction (HAI) models: (A) Trust and Restored Trust in ATC; (B) Blame in ATC; (C) Trust and Restored Trust in VD; (D) Blame in VD. Each plot includes three
HAI models: LO-AI tool, L3-Al trainee, and L5-Al Manager, from the bottom to the top. Note. The dots on the solid lines show the mean difference with the
accompanying error bars delineating the 95% confidence intervals for these means. The dashed lines show the average attributions assigned to human and Al
operators combining the 3 HAI models. Mean ratings for human operators are shown in orange, while those for Al appear in green. The colours for restored trust
(after a mistake) are intentionally lighter, emphasising the decrease in trust following errors. (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)

Perception of ATC and VD as tasks

In order to understand research questions 3 and 4, how do the public
perceive Air Traffic Control (ATC) vs. Vehicle Driving (VD), we compare
public perception of the two tasks in 10 task characteristics and 5 agent
features, using the convenience sample from Study 1 (no relevant data
was collected from the Nat. Rep. sample in Study 2 due to resource
constraints). The ten task attributes assessed include familiarity,
required expertise, technology awareness, openness, media discourse,
stake, uncertainty, and positive/negative safety, as shown from top to
bottom in the left panel in Fig. 3.

Regression results in Table 5 (also depicted on the left side of Fig. 3)
indicate that significantly higher expertise (f = 2.30, SE = 0.14, p <
0.001) and safety are expected for ATC compared to VD, including both
positive (8 = 3.10, SE = 1.10, p < 0.05) and negative (f = 3.40, SE =
1.10, p < 0.05) safeties. ATC is also perceived to have a significantly
higher stake (4 =1.50, SE =0.12, p < 0.001), and uncertainties than VD
(8 = 0.33, SE = 0.01, p = 0.001; g = 0.29, SE = 0.11, p < 0.05).
Although both contexts have high media discourse, ATC at-tracts more
attention than VD (8 = 0.52, SE = 0.14, p < 0.01). However, the public
is much more aware of Al operating in VD (f = — 2.70, SE = 0.15,p <
0.001) and considers it to be more open than ATC (8 = — 1.40, SE =
0.12, p < 0.001). Despite this, familiarity with VD is not significantly
higher than with ATC (f = — 0.19, SE = 0.12, p = 0.14).

The 5 agent attributes measured are capability, robustness, predict-
ability, honesty, and cooperativeness for both human and AI operators
(detailed in Table 6 and depicted on the right side of Fig. 3). In the
context of ATC, human operators are perceived to have higher levels in

most attributes compared to Al, particularly in capability (3 = — 1.70,
SE = 0.13, p < 0.001) and robustness (4 = — 1.40, SE = 0.15,p <
0.001), with similar patterns observed in the VD context. Additionally,
the overall attribution across the five dimensions is higher in ATC than
in VD. Furthermore, the patterns for agent characteristic remain stable
across the three HAI levels while there is a noticeable decline in these
qualities at the L5 level, with Capability, Robustness and Cooperative-
ness being most affected (see Appendix C).

Overall, Fig. 3 reveals that while there are similarities in perceptions
between ATC and VD, notable differences exist in areas such as exper-
tise, technological awareness, openness and stakes. The expertise
required for ATC, along with the associated media discourse and stakes,
are markedly higher compared to VD. Conversely, greater levels of
technology awareness and system openness are perceived in VD than
ATC. Trust in ATC and VD shows agent-specific patterns, with humans
generally perceived as more capable, robust, and cooperative, especially
in ATC. Moreover, these attributes are invariably rated higher in ATC
than in VD.

Heterogeneity analysis

In order to validate the robustness of the trust and blame attributions
across different demographic groups, we conducted a heterogeneity
analysis using the Nat. Rep. sample from Study 2. This sample was
grouped by 7 demographic factors, including age, gender, ethnicity,
education, socioeconomic status, fly frequency, and driving frequency.
Across these 20 demographic subgroups (with more than 30 participants
in each), we compared people’s attitudes toward human and AI
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Level ¢ VD ¢ ATC
Air Traffic Control

Measure

Familiarity —— Agent Human E] Al

Expertise pes

TechAwareness

Openness g

MediaDiscourse

Vehicle Driving

|
Stake . Agent Human E] A

Uncertainty’ —

Uncertainty? ——

PostiveSafety R

NegativeSafety R o

50 60 70 80 90 100
Mean

Fig. 3. Perception differences Compared between Air Traffic Control (ATC) and Vehicle Driving (VD). Note. Red colour represents VD and blue for ATC. The dots on
the solid lines show the mean difference with the accompanying error bars delineating the 95% confidence intervals for these means. The spider plots reveal
consistent patterns across three HAI levels, thus, only the contrasts between human and Al contributions are depicted. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

Table 5
Regression results for task characteristics.
Familiarity Expertise Tech Awareness Openness Media Discourse
Context [ATC] —0.19 (0.12) 2.30 (0.14) —2.70 (0.15) —1.40 (0.12) 0.52 (0.14)
p — 014 Kk *kk *kk *k
Constant 4.60 (0.13) 1.90 (0.12) 5.70 (0.14) 6.20 (0.14) 7.80 (0.13)
Kk Fekk ek ek ek
Observations 602 427 602 602 602
Stake Uncertainty1 Uncertainty2 Positive Safety Negative Safety
Context [ATC] 1.50 (0.12) 0.33 (0.10) 0.29 (0.11) 3.10 (1.10) 3.40 (1.10)
ek %k * * *
Constant 7.80 (0.10) 6.40 (0.13) 5.10 (0.14) 72.00 (1.60) 71.00 (1.60)
Observations 602 602 602 537 542

Note. ***** * significant at 0.001, 0.01, and 0.05 levels, respectively; Vehicle driving(VD) is the baseline for Context.

operators. Twelve additional subgroups (such as other genders, ethnic- of trust, blame, and restored trust attribution, from the left panel to the
ities, education levels, flying very frequently, never driving, etc.) were right, within each subgroup.

excluded from the analysis due to small sample sizes and limited clarity. In the context of Air Traffic Control (ATC), humans consistently
Similar to Fig. 2 displayed above, Fig. 4 provides a detailed breakdown receive higher levels of trust than AI across 20 subgroups (see the left
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Table 6
Regression results for agent characteristics.
Capability Robustness Predictability Honesty Cooperativeness
In the context of Air Traffic Control
Agent [AI] —1.70 (0.13) —1.40 (0.15) —0.35 (0.15) —1.70 (0.16) 0.24 (0.16)
ok - ok p=013
Constant 8.40 (0.10) 8.10 (0.11) 7.70 (0.11) 8.30 (0.12) 7.70 (0.11)
Observations 602 602 602 602 602
In the context of Vehicle Driving
Agent [AI] —1.30 (0.14) —0.97 (0.16) 0.14 (0.17) —1.20 (0.16) 0.80 (0.17)
wkk Fekk p= 0.39 *kk Kk
Constant 7.60 (0.11) 7.30 (0.12) 6.90 (0.12) 7.60 (0.13) 6.90 (0.12)
dedkek Fedkk ek ek ek
Observations 602 602 602 602 602

Note. *** ** * significant at 0.001, 0.01, and 0.05 levels, respectively; the human operator is the baseline for Agent.

Trust and Blame in Demographic Subgroups for ATC (L3-Al trainee)

Agent + Human + Al

_ Trust Blame RestoredTrust
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35-44 - —_— - —_— — T —
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Fig. 4. Trust, Blame, Restored Trust Attribution in Demographic Subgroups for ATC in L3-Al trainee. Note. ‘DiffTrust’ refers to the difference between the Initial

B

Trust and Restored Trust; ‘D-’ refers to driving; ‘F-
were included.

panel), even when considering restored trust after a mistake (see the
right panel). However, blame attribution presents a more complex story,
varying by HAI models. As illustrated in Fig. 2, Al operators are blamed
more than human operators in the LO-AI tool and L5-AI manager models,
but less so in the L3-Al trainee model. To clearly highlight this variation,

refers to flying (as a passenger). For clarity in visualisation, only groups with more than 30 participants

Fig. 4's middle panel focuses exclusively on blame attribution within the
L3-Al trainee model. It further supports this pattern, revealing that most
subgroups only assign less blame to Al in L3. The greater blame assigned
to Al in models LO and L5 is demonstrated in the Appendix D (top panel).
These attributions showed a very similar pattern in Vehicle Driving (VD)
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and are detailed in the Appendix D (bottom panel) too.
Discussion

In this paper, we employed a convenience sample in Study 1 and a
Nat. Rep. sample in Study 2 to explore the public’s trust and blame
attribution in Air Traffic Control (ATC) compared to Vehicle Driving
(VD). Results were consistent across both studies. Specifically, we
focused on the effects of agent types and Human-AI Interaction (HAI)
models. Additionally, the convenience sample from Study 1 was used to
further investigate how task and agent characteristics differ between the
two contexts. The results revealed that people tend to trust human op-
erators more while assigning more blame to Al operators, in both ATC
and VD. Interestingly, the Level 3 Al trainee model showed an opposite
pattern. These results provide evidence-based insights into public per-
ceptions of Al integration in the critical field of ATC compared to VD.
This sheds light on the potential areas of concern and acceptance among
the public, thereby guiding the effective implementation of automation
in aviation for industries and policymakers.

Our findings reveal that the type of agent significantly influences
public trust and blame, both in ATC and VD contexts. It supports the
extensive literature documenting the human-AI asymmetry (Porsdam
Mann et al., 2023; Liu and Du, 2022; Pozharliev et al., 2023)-human
operators consistently receive greater trust but face less blame than Al
operators in most conditions (Zhang et al., 2024). This preference for
humans over Al also aligns well with the algorithm aversion effect,
where people are biased against Al regardless of its performance (Burton
et al., 2020). Furthermore, our results also expand this effect across
various contexts and automation levels.

When considering how context affects people’s trust and blame
attribution, interestingly, algorithm aversion appears even more pro-
nounced in more high-stakes and high-uncertainty contexts like ATC.
Jussupow et al. summarised several algorithm and human characteris-
tics that contribute to this effect, including agency, performance,
perceived capability, expertise, and social distance (Jussupow et al.,
2020). ATC in particular, underscores most of these factors. For
example, expertise and performance significantly impact how agents are
appreciated by the public (Hou and Jung, 2021; Bang and Frith, 2017;
Yalcin et al., 2023). Indeed, domain-specific knowledge is a necessity for
safe ATC operations, and licensed ATCOs clearly demonstrate this
expertise, leading to greater approval by the public.

When participants were asked about scenarios where agents made
errors but subsequently fixed them, they reported lower levels of trust
for both humans and AI compared to their initial trust levels. Al in
particular, suffers more from this trust damage following the effect of
algorithm aversion (Dietvorst et al., 2015). This reflects the stronger
negative responses people tend to associate with algorithms (Renier
et al., 2021). However, the variations in the trust and blame attribution
reveals a more complex case under the scope of HAI models.

Human operators are not merely trusted more or blamed less than Al
operators in a general sense. They are particularly preferred when Al is
less capable or responsible for more advanced tasks (Bigman and Gray,
2018). For instance, in level 0 automation, where humans are respon-
sible for everything and Al serves as a basic calculation tool, algorithm
aversion is particularly pronounced, resulting in the low levels of trust in
AL This human-in-the-loop system places humans in control of decision-
making and yields better performance from human operators (Agudo
et al., 2024). It also leads to more blame being directed at the AI oper-
ator when it provides incorrect calculations to humans.

Similar attribution patterns appear at the other end of the automa-
tion spectrum, where Al acts as the manager, capable of all tasks and in
charge of everything. In this model, humans are taken out of the loop.
Yet, we observe greater trust in humans and more blame assigned to Al
(Green and Chen, 2019). This preference for humans may emerge from
completely different reasons than those seen in level 0 automation.
While much of the appreciation for humans comes from perceived
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capability, it’s inevitable that Al will eventually outperform humans at
this full automation level. The aversion to Al at level 5 may instead stem
from the greater social distance people feel toward Al operators (Trope
and Liberman, 2010; Jussupow et al., 2020), especially when Al is seen
as replacing humans entirely.

Only at level 3, where Al matches human performance as a trainee
but requires supervision from human operators, does it receive less
blame. This human-on-the-loop system highlights the oversight role of
humans and limits AI’s autonomy in decision-making process (Ivanov,
2023; Janotta and Hogreve, 2024). At this juncture, which bridges the
two ends of the automation spectrum—from no automation to full
automation—the public may move beyond gut reactions and engage in
justice cognition. They consider humans as the ultimate decision-
makers, and recognise their greater accountability for shared actions
(Renier et al., 2021). This aligns well with the literature on AVs, where
human drivers are often blamed more than machine drivers (Awad et al.,
2020; Wotton et al., 2022; Bennett et al., 2020).

Furthermore, public perceptions of human and Al operators in the
contexts of ATC and VD complement the two key effects related to
agents and HAI models. Human operators are not only trusted more;
they are also perceived as more capable and robust compared to Al in
both ATC and AV. This multifaceted nature of trust underscores the
complex factors contributing to the appreciation of humans, especially
when interacting with AI (Lankton et al., 2015; Malle and Ullman,
2021). In addition to agent characteristics, public attitudes are influ-
enced by task-specific features. For example, ATC is associated with
higher expertise and stakes, whereas VD is more open to outsiders and
visible to the public. Considering these dynamic tasks, these differences
collectively position humans as all-around winners.

Implications

Our findings highlight the important role of public perceptions in the
adoption of automation technologies. Although technological advances
are central to this transition, how the public views and evaluates these
technologies strongly influences their acceptance across different
contexts.

First of all, for researchers and the wider designing communities of
automation for ATC, technology functionality is essential for develop-
ment (Vongvit et al., 2024), but it’s not an isolated concept. Without
good performance, trust in Al is delicate and can be easily damaged after
a mistake. Al operators should match human performance not only in
capability but also in qualities that support robustness and facilitate
human-AI collaboration (Kaplan et al., 2023). Interestingly, Al some-
times is perceived as more cooperative than humans in AVs, highlighting
an opportunity for improvement based on its inherent strengths.

Secondly, for policy makers, automation progression should not take
place solely at the pace of technological development. Thoughtful
assessment and consideration are necessary regarding the impact on
human operators, industries, and society. As automation increases, new
challenges will arise in human-AI interactions, making role assignment
critical. A well-balanced arrangement, allowing Al to excel in its
strengths while supporting humans in shared tasks, will promote tech-
nology adoption (Walsh and Feigh, 2021; Ivanov, 2023; Kumar et al.,
2024). Additionally, public attitudes toward technology are not purely
based on metrics. Broader social factors outside the lab also influence
their judgement (Araujo et al., 2020). Industries should value openness
and transparency in their operations to foster acceptance of new tech-
nology (Grant et al., 2023).

Limitations and future research

This study has several limitations that need to be address in future
studies. Firstly, while we represent the two ends of the automation
spectrum and the midpoint of this progression, our study only tested
three automation levels due to resource constraints. The other three
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automation levels detailed in SAE’s and SESAR’s taxonomies for AV and
ATC, respectively—namely, Level 1 for Decision Support, Level 2 for
Partial Automation, and Level 4 for High Automation (SAE, 2018;
SESAR Joint Undertaking, 2020)—were not included. Future research is
required to fully explore the impact of the complete set of HAI models,
identifying clear patterns in attitude changes associated with each
model as automation progresses. For example, we need to investigate
whether trust or blame consistently changes with higher levels of
automation. Additionally, the AI failures explored in this paper are not
exhaustive and reflect only one possible scenario based on the corre-
sponding HAI model. We exemplified these failures by the key re-
sponsibilities assigned to human and Al operators at each automation
level. However, other errors may occur during the process of human-AI
teaming.

Moreover, although we recruited a nationally representative sample
from the UK, our findings are still limited to this one country. In Study 2,
the Nat. Rep. sample only answered three questions related to trust and
blame. Thus, the results regarding public perceptions of task and agent
characteristics should be further validated in future studies. Addition-
ally, the Nat. Rep. sample was collected through Prolific with limited
intervention from the researchers. While Prolific has been recognised as
a reliable and effective platform for online human-subjects research
(Douglas et al., 2023), it is also recommended for future research to
consider multiple approaches and different demographic stratifications
(e.g., incorporating political affiliation).

Finally, our study relied on a vignette and question-based method,
which facilitated the presentation of future technology scenarios and
data collection. However, this approach is limited to self-reported
preferences. Future studies should explore other ways to capture trust
and blame, such as behavioural experiments or neuroimaging (McEvily
and Tortoriello, 2011; Ajenaghughrure et al., 2020). In addition, beyond
the public as end users, industry (companies, regulators, etc.) and op-
erators (e.g., ATCOs for ATC and drivers for AV) are also key stake-
holders. It is therefore important for future research to explore their
perspectives on Al in ATC and AV, and to broaden our understanding of
its implications across other transport safety systems, such as railway
(Jansson et al., 2023; Kusumastuti et al., 2025) and maritime manage-
ment (Baum-Talmor and Kitada, 2022; Morariu et al., 2025).
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Air Traffic Control Vehicle Driving

Initial Trust Blame Restored Trust Initial Trust Blame Restored Trust
Agent [AI] —3.00 (0.15) 1.10 (0.18) —2.20 (0.16) —2.40 (0.16) 1.10 (0.19) —2.00 (0.16)
HAI model —0.16 (0.19) 0.36 (0.22) —0.36 (0.28) —-0.19 (0.21) 0.26 (0.23) —0.31 (0.28)
[AI trainee] p = 0.40 p=0.11 p =0.20 p =0.36 p=0.27 p=0.26
HAI model —0.14 (0.18) —0.11 (0.22) —0.22 (0.28) —0.48 (0.20) —0.40 (0.23) —0.30 (0.28)
[AI manager] p = 0.46 p=0.63 p=0.43 wx p =0.08 p=0.29
Constant 8.60 (0.15) 7.00 (0.18) 7.30 (0.21) 7.80 (0.17) 7.10 (0.19) 6.80 (0.21)

ek *dkk F*kk ek Kk Kk
Observations 602 602 602 602 602 602
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Note. *** ** *significant at 0.001, 0.01, and 0.05 levels, respectively; the human operator is the baseline for Agent; the Al tool model is the baseline for
HAI model; the convenience sample from Study 1 was used.
Consistent results were found in Study 1 (Convenience sample) and Study 2 (Nat. Rep. sample).

Appendix B. Trust and blame attributions in Study 1 using convenience sample
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Comparative attribution of trust, blame, and restoration of trust after fixed mistake in Human vs. Al operators across three Human-AI
Interaction (HAI) models (using a 10-point Likert scale): (A) Trust and Restored Trust in ATC. (B) Blame in ATC. (C) Trust and Restored Trust in
VD. (D) Blame in VD. Consistent patterns were found across both Study 1 and Study 2. Each plot includes three HAI models: LO-AI tool, L3-Al trainee,
and L5-AI Manager, from the bottom to the top. Note. The dots on the solid lines show the mean difference with the accompanying error bars delineating the
95 % confidence intervals for these means. The dashed lines show the average attributions assigned to human and Al operators combining the 3 HAI models.
Mean ratings for human operators are shown in orange, while those for Al appear in green. The colours for restored trust (after a mistake) are intentionally
lighter, emphasising the decrease in trust following errors.

Appendix C. Perception differences for ATC and VD in 3 HAI models
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Al manager

Agent | | Human [@] A

Al manager

Agent E Human E Al

Perception differences Compared between Air Traffic Control (ATC) and Vehicle Driving (VD). Consistent patterns were found across 3 HAL
models in both ATC and VD. Note. The dots on the solid lines show the mean difference with the accompanying error bars delineating the 95 % confidence

intervals for these means.

Appendix D. Heterogeneity analysis for ATC and VD in 3 HAI models
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Trust and Blame in Demographic Subgroups in 3 HAI models for ATC and VD. Consistent patterns were found across 3 HAI models in both ATC
and VD. Note. ‘DiffTrust’ refers to the difference between the Initial Trust and Restored Trust; ‘D-’ refers to driving; ‘F-’ refers to flying (as a passenger). For

clarity in visualisation, only groups with more than 30 participants were included.

Data availability
I have shared the link to my data at the attach files step.
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