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Maria Wirzberger (maria.wirzberger@iris.uni-stuttgart.de)2

1University of Stuttgart, Institute of Aircraft Systems, Stuttgart, Germany
2University of Stuttgart, Interchange Forum for Reflecting on Intelligent Systems, Stuttgart, Germany

Abstract

As AI-driven concepts like Single-Pilot Operations challenge
traditional two-pilot operations, debates among manufacturers,
pilot unions, and regulators highlight the need for empirical ev-
idence on how AI uncertainty affects human cognition and per-
formance. This research compares human-human and human-
AI cockpit teams, focusing on workload and performance when
the pilot monitoring role is assumed by AI. 34 pilots completed
simulated takeoff scenarios under three conditions: a human
co-pilot, a reliable AI co-pilot, and a faulty AI co-pilot. Results
indicate that collaboration with reliable AI can sustain work-
load levels and team performance comparable to human crews,
whereas faulty AI behavior corresponds to increased workload
and degraded team performance. Further analyses suggest that
performance degradation is linked to undetected AI errors and
AI limitations. Although pilots were often able to compensate
for AI shortcomings, team collaboration was adversely affected,
underscoring the importance of AI reliability and transparency
for safe human-AI teaming.

Keywords: Human-AI Teaming; Workload; Performance;
Taskload; AI; Aviation; Cognition; Single-Pilot Operations

Introduction
In aviation, a well-established task-sharing concept divides
responsibilities between the Pilot Flying (PF) and Pilot Mon-
itoring (PM) to reduce failure probability and enhance ef-
ficiency through redundancy, error detection, and balanced
workload. However, Single-Pilot Operations (SiPO) have be-
come a hardly discussed topic in the past years. While manu-
facturers promote these concepts and pilot unions raise safety
concerns (Puca & Guglieri, 2025), the European Union Avi-
ation Safety Agency (EASA) has halted further pursuit due
to the lack of demonstrated safety equivalence compared to
two-pilot operations with current technologies (Zon & Roe-
len, 2025). This underscores the need for validated advanced
automation and AI to support a sole operator for a safety level
comparable to two-pilot operations. EASA distinguishes three
AI levels by autonomy and adaptability under human over-
sight: assisting functions (Level 1), human-AI teaming (Level
2), and more autonomous systems (Level 3) (Soudain, 2024).
Advances in AI could enable SiPO to achieve comparable
safety levels to or even exceed those in conventional two-pilot
operations by leveraging effective human-AI task-sharing (Ko-
rentsides et al., 2024; Ziakkas et al., 2025). But potential effi-
ciency gains may also cover safety-critical inefficiencies. Due
to the absence of the PM role in SiPO, the pilot’s individual

performance becomes highly critical for flight safety and in-
troduces major challenges in workload management (Ziakkas
et al., 2025). The strong link between performance, task de-
mands and workload underscores the importance of balanced
workload for safe flight operations. Performance is optimal
when task demands match operator capacity as reflected in
perceived workload, whereas both underload and overload
degrade performance. When demands exceed human capac-
ity, performance declines sharply, unless task demands are
reduced or tasks are delegated (de Waard, 1996). While SiPO
flight-simulator studies have examined workload and perfor-
mance effects during regular and irregular events, they lack
the involvement of human-AI teaming (HAIT) (Faulhaber,
2019; Miranda, 2025). Prior work explored AI assistants
in SiPO to support situational awareness (SA) and decision-
making, addressing key HAIT aspects such as workload and
system transparency, while highlighting both potential and
challenges (Duchevet et al., 2022; Minaskan et al., 2022).
However, the effects of AI uncertain outcomes induced by
machine-learning models on workload and team performance
remain an unresolved research gap. This black-box behavior
of AI amplifies new hazards in novel human-machine teaming
concepts, resulting in "unknown unknowns" (Graydon et al.,
2025). Preventing AI-induced accidents in HAIT requires
frameworks and real-world validation that address uncertain
AI behavior (Graydon et al., 2025; Kirwan, 2025; Korentsides
et al., 2024). Consequently, as part of their research agenda for
effective HAIT, the National Academies of Science, Engineer-
ing and Medicine (2022) call for models and metrics to better
assess team effectiveness, thereby highlighting challenges in
training via simulation-based evaluation, and the need for in-
tegrated human factors and AI engineering approaches.

The research reported in this paper contributes insights on
HAIT in SiPO by systematically examining the impact of
an AI serving as PM on team performance and workload
as safety-critical factors, relative to conventional two-human-
pilot crews in an aviation specific scenario. Thereby, it ad-
vances prior work by explicitly incorporating uncertain AI be-
havior that can induce irregular conditions, enabling a more
realistic assessment of performance and workload effects in
safety-critical operations.

Related Work
Survey-based studies have examined AI’s role in mitigating
SiPO risks. Ziakkas et al. (2025) highlight AI’s potential to
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improve decision-making and workload management, while
identifying HAIT, trust and regulation as key challenges.
Complementing this, Zinn et al. (2023) addressed high per-
ceived risks of SiPO related to pilot overload, incapacitation,
automation, and responsibility. Although an introduced AI-
and remote-pilot-supported concept reduced perceived sever-
ity of some workload- and automation-related risks, willing-
ness to operate SiPO remained low, underscoring the need
for task-level analyses across flight phases that account for
AI failures and actively involve pilots to support trust and
operational feasibility.

Faulhaber (2019) found that pilot workload in SiPO was
comparable to two-pilot operations under regular conditions
but increased during turbulence and irregular events, accom-
panied by performance issues like missed checklist items.
These findings are reinforced by Miranda (2025), which
showed stable performance and manageable workload under
regular conditions with aural automation support, whereas
unanticipated aircraft system failures led to elevated work-
load, reduced SA, and performance degradation characterized
by attentional tunneling. Together, these studies highlight that
unexpected failures can induce cognitive overload, impairing
even basic task execution. Minaskan et al. (2022) showed that
proactive AI interfaces improved SA in SiPO, while workload
remained largely comparable to two-pilot operations, with
slight increases likely due to system novelty. Duchevet et
al. (2022) demonstrated that AI support for aborted-landing
decisions was generally appreciated but raised trust and ex-
plainability concerns when alerts were unclear or irrelevant.

Kirwan (2025) defined requirements for efficient HAIT in
aviation, emphasizing workload management and human per-
formance as central success factors. The framework high-
lights the importance of shared SA, clear human authority,
and AI explainability, particularly under irregular conditions,
and translates these principles into concrete evaluation crite-
ria for different conditions. Kirwan (2025) calls for empiri-
cal studies to refine these requirements. Lorrig et al. (2025)
have already developed an evaluation framework for assessing
HAIT in SiPO that addresses AI uncertainty. The framework
proved feasible for structured HAIT evaluation of workload
and performance but revealed shortcomings in authority defi-
nition and the reference scenario.

Research Objectives and Hypotheses
This paper empirically evaluates HAIT in a SiPO-relevant,
aviation-specific flight simulator study, extending prior
survey-based and conceptual work through task-level analyses
across varying AI behaviors (Ziakkas et al., 2025; Zinn et al.,
2023). Building on Faulhaber (2019) and Miranda (2025), AI
is introduced as a team-mate, with a focus on irregular condi-
tions caused by faulty AI behavior rather than aircraft or en-
vironmental failures. While prior aviation HAIT studies pri-
marily examined AI decision-support under regular conditions
(Duchevet et al., 2022; Minaskan et al., 2022), this research
investigates the effects of AI uncertainty on workload and

team performance, addressing a critical gap in safety-relevant
SiPO evaluation. The study responds to recommendations to
refine HAIT requirements (Kirwan, 2025) by providing em-
pirical evidence on workload and performance, extending and
refining the framework of Lorrig et al. (2025) for a larger sam-
ple study, and following the National Academies of Science,
Engineering and Medicine (2022) agenda through an inte-
grated human factors and AI engineering approach. Building
on prior research, the following hypotheses are formulated:
H1a Interacting with a non-faulty AI-PM results in a work-

load similar to interacting with a human-PM.
H1b Interacting with a faulty AI-PM results in a higher work-

load than interacting with a human-PM.
H2a Interacting with a non-faulty AI-PM results in a level of

team performance similar to interacting with a human-PM.
H2b Interacting with a faulty AI-PM results in a lower team

performance than interacting with a human-PM.

Method
Participants
In total, 34 pilots (𝑟𝑎𝑛𝑔𝑒𝐴𝑔𝑒 = 18-79, 𝑀𝐴𝑔𝑒 = 38.95, 𝑆𝐷𝐴𝑔𝑒 =
14.09) participated; 97.06% identified themselves as male and
2.94% as female. Most were commercial or former commer-
cial pilots (61.76%), followed by private pilot license holders
(35.29%) and students with extensive knowledge of piloting in
Microsoft Flight Simulator 2020 (MSFS2020) (2.94%). The
majority were Germans (94.12%). The participants further
held different experience levels in piloting A320-family air-
craft measured in flight hours (𝑟𝑎𝑛𝑔𝑒ℎ𝑜𝑢𝑟𝑠 = 0-11000, 𝑀ℎ𝑜𝑢𝑟𝑠

= 1556.74, 𝑆𝐷ℎ𝑜𝑢𝑟𝑠 = 2658.77). Participants received a mon-
etary compensation of 45 Euro to account for their time. The
data collection and analysis was approved by the ethics com-
mittee at the University of Stuttgart (approval number: 25-
037).

Study Design
The study employed a within-subject design to examine the ef-
fects of HAIT in SiPO on workload and team performance (see
Fig. 1). Using a refined evaluation framework based on Lor-
rig et al. (2025), pilot workload and team performance were
assessed during the high-workload A320neo takeoff phase.
Uncertainty in AI behavior was emulated through reliable and
faulty AI-PM conditions, resulting in three experimental con-
ditions: a two-pilot reference condition with a human PM,
a SiPO condition with a non-faulty AI-PM, and a SiPO risk
condition with a faulty AI-PM.

Scenarios
Cockpit tasks are normally divided between the PF, who ac-
tively controlles the aircraft, and the PM, who supports and
monitors the operation, while command authority remains
with the Pilot in Command (PiC). Participants completed five
A320neo takeoff scenarios, acting as both PF and PiC, with
full responsibility for flight safety and leading the multi-crew
cooperation.
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Figure 1: Study design diagram showing the interrelations
between dependent variables (DVs): Workload and team per-
formance, the independent variable (IV): Team composition
and the covariate (CV): AI failure rate

Reference Scenario (PF + human-PM): Participants per-
formed the standardized A320 takeoff procedure in a two-pilot
configuration, following airline standard operating procedures
(SOPs). After the takeoff call, the thrust was set, flight mode
annunciations (FMAs) were monitored and called, and critical
callouts (e.g., "Thrust Set", "100 knots", "V1", "Rotate", "Pos-
itive Climb") were executed by the PM and cross-checked by
the PF. The PF conducted aircraft handling actions (e.g., rota-
tion, thrust reduction), while the PM monitored system states
and executed configuration changes (landing gear and flap re-
traction) upon command. The autopilot could be engaged at
any time. The scenario ended once the aircraft reached clean
configuration after flap retraction to position zero.

Non-faulty AI scenarios (PF + AI-PM1, PF + AI-PM2):
The procedure remained fundamentally the same. However,
the human co-pilot was substituted by the AI-PM system. So,
the AI assumed all PM tasks specified by the SOPs. The
participant in the role of PF communicated with the AI-PM
via voice commands and remained responsible for monitor-
ing AI responses and verifying correct task execution. In
case of missing AI responses, the PF was required to repeat
commands or manually perform the task.

Faulty AI scenarios (PF + faulty AI-PM1, PF + faulty AI-
PM2): The procedure remained the same, but intended AI
errors were included. The AI either announced “V1” prema-
turely and failed to retract the landing gear despite confirming
the action (faulty AI-PM1), or acknowledged a command to
set flaps to position 1 but incorrectly set them to position 3
(faulty AI-PM2). In both cases, participants were responsible
for detecting and correcting the AI errors to ensure successful
task completion.

Surrogate AI
A deterministic, scenario-driven surrogate AI was employed
to manipulate simulator variables and execute event-based
actions. For more immersive human-AI interaction, the sys-
tem was extended with speech interaction using the Google
Speech-to-Text API (Google Cloud, n.d.), enabling contin-
uous voice command recognition. The AI-PM corresponds
to EASA Level 2a automation due to its deterministic, pilot-

directed behavior, while simulating selected Level 2b collab-
orative aspects through voice interaction and a shared opera-
tional goal.

Experimental Setup
A desktop-based MSFS2020 setup was used to collect par-
ticipants’ behavioral responses. For immersive purposes and
handling quality, a curved display and several flight control
hardware was used as shown in Fig. 2. The setup further
comprised headsets for voice interaction and an eye-tracking
system was set up as PF monitor in front of the participant to
cover relevant indicators for task completion (see Fig. 3).

Figure 2: Hardware Setup used for recording participants’
task-related responses.

Figure 3: Eye-tracking display, including Airspeed Indicator,
Flight Mode Annunciator (FMA), Vertical Speed Scale (V/S),
Flap and Slat Indicator and Wheel State (LDG Gear).

Workload
Participants’ workload was assessed after each scenario using
the NASA Task Load Index (NASA-TLX; (Hart & Staveland,
1988)) on a 20-point Likert scale ranging from very low to
very high demand. In line with the advantages described by
Casner and Gore (2010), the repeated measurement ensured
that the perceived task experience was still present. Generally,
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the NASA-TLX enables the assessment of workload in six dif-
ferent dimensions and seeks to account for biases arising from
participants’ beliefs about their own performance (Casner &
Gore, 2010). It has been widely validated (Braarud, 2021;
Flägel et al., 2019; Longo, 2018; Xiao et al., 2005), with
reported scale reliabilities of .75 < 𝛼 < .86 across domains.

Performance
Performance was defined as the successful execution of tasks
during the takeoff phase in an A320neo aircraft. The overall
goal of a successful takeoff was systematically decomposed
into 26 sub-tasks, defined by SOPs. These covered critical
takeoff phases, including pre-takeoff procedures, runway roll,
rotation and initial climb phase and configuration manage-
ment. Beyond task completion and timeliness, performance
included adherence to prescribed role allocation and effective
communication between the PF and PM, as incorrect role as-
signment negatively affects monitoring and decision-making
(Becker & Ayton, 2024; Behrend & Dehais, 2020). SOPs de-
fine task and authority allocation between PF and PM and are
followed to ensure comparability between conventional two-
pilot and AI-supported configurations. Communication via
standardized commands was treated as a critical performance
component, aligning with Kirwan (2025). In line with best
practices for simulator-based training by Salas et al. (2009),
two complementary performance metrics were defined:
• Team Performance considers the correct execution of tasks

and compliance with the role allocation and responsibilities
of each team member as defined by the SOPs.

• Overall Task Performance assesses whether all tasks were
completed successfully, regardless of the correct role dis-
tribution. This score reflects stronger the individual perfor-
mance of the participants as PiC.

Procedure
After being welcomed, all participants provided informed con-
sent and their demographic data. Subsequently, they were
briefed on their role as PF and PiC. To familiarize with the
simulator and the required procedures, they further completed
a short flight training session. After achieving two failure-free
takeoffs, training proceeded with the AI-PM. Thereby, partic-
ipants received information about the AI role and the available
commands. Each participant performed at least one takeoff
with the AI-PM during training. After eye-tracker calibra-
tion, participants flew the reference scenario followed by four
AI-PM scenarios in randomized order. Workload was mea-
sured after each scenario using the NASA-TLX. Finally, they
received their monetary compensation and were debriefed.

Scoring
Workload The NASA-TLX scoring procedure was modi-
fied by cutting the individual weighting of the six dimensions
to avoid fatigue effects of the participants. This approach cor-
responds to the often applied RAW-TLX, in which dimension
scores are averaged directly into an overall workload score,

without the paired comparison step (Hart, 2006). The aggre-
gated NASA-TLX total score showed good internal consis-
tency (𝛼=.84), comparable to prior research (Braarud, 2021;
Flägel et al., 2019; Longo, 2018; Xiao et al., 2005).

Performance Performance was evaluated using an event-
based scoring framework. It comprised standardized criteria
for each of the 26 tasks defined, accounting for correct task
execution, timing tolerances, procedural requirements, and
selected human-observed behaviors. The final performance
score was derived using binary scoring. Taken together, the
approach for computing the overall task performance can be
described mathematically as indicated by Lorrig et al. (2025):

𝑃𝑆(𝛿, 𝜏) =
𝑁∑︁
𝑖=1

𝛿𝑖 · 𝜏𝑖 (1)

𝛿𝑖 =

{
1 if task 𝑖 was completed
0 otherwise

𝜏𝑖 =

{
1 if 𝑡𝑖 ≤ 𝑇

(𝑖)
max

0 otherwise
(2)

• 𝑃𝑆(𝛿, 𝜏): Performance Score as a function of task comple-
tion (𝛿) and timeliness (𝜏)

• 𝑁: Total number of defined tasks
• 𝛿𝑖: Binary indicator for whether task 𝑖 was completed
• 𝜏𝑖: Binary indicator for whether task 𝑖was completed within

the allowed time
• 𝑡𝑖: Actual time taken to complete task 𝑖

• 𝑇
(𝑖)
max: Maximum allowed time to complete task 𝑖

Team performance additionally considered role allocation,
represented by the subvariable 𝜌. Accordingly, the formula
was extended to include the evaluation of correct task alloca-
tion in accordance with the SOPs as follows:

𝑃𝑆(𝛿, 𝜏, 𝜌)𝑇𝑒𝑎𝑚 =

𝑁∑︁
𝑖=1

𝛿𝑖 · 𝜏𝑖 −
𝑁∑︁
𝑖=1

(1 − 𝜌𝑖) (3)

𝜌𝑖 =

{
1 if task 𝑖 was executed by the correct role (SOPs)
0 otherwise (−1 point penalty)

(4)
• 𝜌𝑖: Binary indicator for whether task 𝑖 was executed by the

correct role (1 = yes, 0 = no)
To ensure comparability, performance scores in faulty AI sce-
narios were normalized to scenario specific maximum scores
that accounted for intentional AI errors and altered role allo-
cations. Overall normalized task performance was assessed
descriptively, whereas normalized team performance com-
prised the focus of the subsequent analyses, as it captured task
fulfillment, timeliness, communication, and role allocation.

Results
Effects of team composition on workload and team perfor-
mance were analyzed using linear mixed models (LMMs) with
dummy coding, including the different team compositions as
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fixed effects, workload and team performance as dependent
variables, and the number of unforeseen failures of an im-
plemented speech recognition API as covariate. Participant-
specific variance was captured by a random intercept. Mod-
els were estimated in Python using statsmodels (Seabold
& Perktold, 2010) with Restricted Maximum Likelihood
(REML). Planned contrasts compared each AI-based condi-
tion with the PF + human-PM reference (𝑁𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 = 170,
𝑛𝑔𝑟𝑜𝑢𝑝𝑠 = 34) in a balanced design. Fixed effects were as-
sessed via asymptotic z-tests and 𝛽-weights were calculated
following Cohen (1988) using the standard deviations of the
dummy-coded predictor and the dependent variable.

Workload
Workload remained comparable between the human-PM and
non-faulty AI-PM scenarios, with minor increases in men-
tal demand and effort. In contrast, faulty AI-PM behavior
increased perceived workload, particularly mental and tem-
poral demand, effort, and frustration, with the faulty AI-PM2
condition showing the largest effect as shown in Fig. 4.

Figure 4: NASA-TLX scores per scenario and TLX dimen-
sion. Whiskers represent the range of values within 1.5 times
the IQR, excluding outliers.

LMM analyses confirmed the absence of significant differ-
ences between scenarios with a non-faulty AI and the reference
sencario, but small to medium significant workload increases
for faulty AI compared to the reference scenario, supporting
H1a and H1b (see Table 1) for the tested sample. An 𝐼𝐶𝐶 of
0.66 revealed high between-participant variability.

Table 1: LMM results for workload: Fixed effect 𝛽-weights,
the standard errors SE, 𝑝-values and 95% confidence interval.

Condition 𝛽 SE z 𝑝 95%CI
AI-PM1 0.05 0.46 0.84 .403 [-0.52, 1.29]
AI-PM2 0.08 0.47 1.28 .201 [-0.32, 1.51]
fAI-PM1 0.13 0.46 2.44 .015 [0.22, 2.03]
fAI-PM2 0.35 0.47 6.46 <.001 [2.10, 3.94]

Performance
Team and overall task performance were highest in the refer-
ence condition, remained largely unchanged with AI-PM1 and
AI-PM2, but decreased in faulty AI-PM scenarios, especially
for interacting with the faulty AI-PM1. Overall task perfor-
mance shows larger variability in the faulty AI-PM1 scenario,
while team performance does in the remaining scenarios, as
shown in Fig. 5.

Figure 5: Normalized Team and Overall Task Performance.
The whiskers represent the range of values within 1.5 times
the IQR, excluding outliers.

LMM analyses confirmed the absence of a significant per-
formance loss with reliable AI, but significant reductions in
team performance with faulty AI, supporting H2a and H2b
(see Table 2). Results further showed that team performance
was significantly negatively impacted by speech recognition
failures (𝑏 = −0.03, 𝑆𝐸 = 0.01, 𝑧 = −5.75, 𝑝 < .001).

Table 2: LMM results for normalized team performance:
Fixed effect 𝛽-weights, the standard errors SE, 𝑝-values and
95% confidence interval.

Condition 𝛽 SE z 𝑝 95%CI
AI-PM1 -0.09 0.01 -1.16 .248 [-0.02, 0.01]
AI-PM2 -0.11 0.01 -1.81 .071 [-0.03, 0.00]
fAI-PM1 -0.46 0.01 -7.29 <.001 [-0.07, -0.04]
fAI-PM2 -0.17 0.01 -2.22 .027 [-0.03, -0.00]

Discussion
Within the current debate around prerequisites for safe AI-
supported SiPO, particularly the cognitive and performance-
related impacts of AI-induced errors and uncertainty raises
open questions. Building on recommendations by Zinn et
al. (2023), we conducted task-level analyses across takeoff
scenarios, explicitly considering AI failures, and actively in-
volving pilots. Comparing both faulty and non-faulty AI-PM
support to a conventional two-pilot setting in a simulated en-
vironment, we inspected both human workload and takeoff-
specific team performance. Overall, the observed effects were
consistent with the expected outcomes: In line with H1a and
H2a, perceived workload and team performance remained on
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a comparable level when interacting with the non-faulty AI-
PMs. By contrast, workload was significantly increased and
team performance significantly decreased when collaborating
with a faulty AI co-pilot, confirming both H1b and H2b. Fur-
thermore, the failures of the speech-recognition AI were found
to have a significant negative impact on team performance and
workload was shaped by strong inter-individual differences.

Extending prior work (Faulhaber, 2019; Minaskan et al.,
2022; Miranda, 2025), workload remained comparable to the
two-pilot scenario in SiPO with a non-faulty AI-PM, but in-
creased significantly with faulty AI, markedly faulty AI-PM2.
This pattern matches findings indicating that malfunctions and
irregular events elevate workload (Faulhaber, 2019; Miranda,
2025), even when this malfunction is embodied by a faulty
AI system. In line with Faulhaber (2019), descriptive results
indicate that workload was driven by frustration and temporal
demand. Moreover, in faulty scenarios, elevated perceived
effort and mental demand may have resulted from increased
monitoring and corrective task demands. The high between-
participant variability likely reflects differences in experience
and training, with varying ability to compensate for AI errors,
consistent with de Waard (1996).

Team performance declined under irregular conditions,
likely driven by increased workload and less task accuracy
(Faulhaber, 2019; Miranda, 2025). The results show that
workload was higher in the faulty AI-PM2 condition than in
reference and faulty AI-PM1 conditions, despite stronger per-
formance degradation when collaborating with the faulty AI-
PM1. Moreover, sub-task analyses suggest that undetected AI
errors were a primary contributor to performance losses ob-
served in the faulty AI-PM1 condition. Such pattern implies
that workload was elevated when AI errors were detected and
actively managed, whereas undetected AI errors resulted in
lower subjective workload and poorer team performance, pos-
ing a safety risk. Increased variability in overall task perfor-
mance when collaborating with the faulty AI-PM1 indicates
substantial inter-individual differences in how participants re-
sponded to faulty AI behavior. While some participants were
able to detect and compensate for errors effectively, others
showed marked performance decrements. Consequently, per-
formance degradation may further reflect the link between SA
and performance (Endsley, 2020). Overconfidence in AI-PM
information or insufficient time or cues to fully comprehend
the situation may have led to bad outcomes (Endsley, 2020),
consistent with findings that unexpected errors reduce SA (Mi-
randa, 2025). Pilot training differences may have further con-
tributed to performance variability, as our sample comprised
both private and commercial pilots. However, performance
degradation was not solely driven by individual performance.
Descriptive-level comparisons imply a dissociation between
overall task success and HAIT quality. While participants
as PiC largely ensured successful takeoffs, team performance
was degraded under AI conditions. Speech recognition errors
directly impaired communication and caused SOP-violating
task misallocations, contributing directly to reduced team per-

formance. Overall, the findings indicate that potentially un-
noticed AI malfunctions, frequent speech recognition errors,
and the resulting SOP violations were the main drivers of the
observed decline in team performance. However, overall task
success was largely maintained when AI errors were detected.

The findings underscore the benefit of simulator studies to
include faulty AI behavior to capture AI uncertainty and pilot
recovery strategies, informing effective HAIT in SiPO and
requirements for safe AI systems in aviation (Kirwan, 2025;
National Academies of Science, Engineering and Medicine,
2022; Zinn et al., 2023). Unnoticed or misinterpreted AI
failures emerged as a key risk, degrading SA and team per-
formance, highlighting the need for transparent AI and ef-
fective human-in-the-loop interaction (Endsley, 2020, 2023),
while maintaining balanced workload. The observed unpre-
dictability of the speech-recognition AI further illustrates cur-
rent black-box limitations and reinforces the demand for re-
liable AI (Graydon et al., 2025; Kirwan, 2025). Given the
high safety standards in aviation, the results require critical
scrutiny. While pilots compensated for AI failures under con-
trolled conditions, this may not hold in complex real-world
scenarios where aircraft system failures could amplify these
effects. Flight deck AI should be introduced incrementally,
while ensuring sufficient explainability, adjusted pilot train-
ing, well-defined fallback procedures and understanding of
HAIT long-term effects to sustain performance and mitigate
new hazards (Kirwan, 2025; Van Droogenbroeck et al., 2025).

Key limitations include equal task weighting in the per-
formance score and a deterministic, non-proactive AI design.
Methodological constraints arose from speech-recognition re-
liability and limited ecological validity of the desktop-based
simulator. The short study duration and limited sample diver-
sity restrict long-term insights and generalizability. Moreover,
no comparison with an unreliable human PM was included.
Future work could use the recorded eye-tracking data for in-
depth analyses of mechanisms underlying workload, perfor-
mance, trust and SA. The multi-level performance approach
proved valuable and may be transferable to other SOP-driven
domains with adapted scenarios and task-sharing schemes.

Conclusions
This research contributed to empirically analyzing effects of
AI on human cognition and performance in SiPO. Results
show that workload and team performance remain comparable
to two-pilot teams when AI functions reliably, but degrade
significantly with erroneous AI. Performance was affected by
unnoticed AI failures and shortcomings of the implemented
AI system, while human operators were usually capable of
leading the team to success. Overall, the findings indicate that
AI supports performance in SiPO when it is highly reliable.
With unreliable AI, team success depends strongly on AI
transparency and individual human performance. Increased
workload and unnoticed errors emerge as central challenges
for efficient HAIT and should be tackled to embed AI as a
reliable colleague in future cockpits.
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