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Design optimizations in human-Al collaboration often focus on cognitive aspects like attention and task load. Drawing on work design
literature, we propose that effective human-AI collaboration requires broader consideration of human needs (e.g., autonomy) that affect
motivational variables (e.g., meaningfulness). In a simulated drone oversight experiment, participants (N=274, between-subject) faced
10 critical decision-making scenarios with varying levels of choice restrictions with an Al recommending only 1, 2, 4 or all 6 possible
actions. Restricting participants to one selectable action improved task performance (with a perfect Al) but significantly reduced
perceived autonomy and work meaningfulness, and these effects intensified over time. In conditions with multiple action choices,
participants with higher perceived autonomy performed better. The findings underscore the importance of considering motivational

factors to design successful long-term human-AI collaboration at work.
CCS Concepts: » Human-centered computing — Empirical studies in HCI; User studies;

Additional Key Words and Phrases: autonomy, psychological needs, motivation, human oversight, Al decision support

1 Introduction

Al-based systems can support users in complex or time-sensitive scenarios by providing for example decision recommen-
dations [5, 9, 29, 70, 95]. Typically, the goal of such systems is to improve overall task performance (e.g., decision accuracy,
decision time). Thus, most research has focused on optimizing the accuracy of Al methods [53, 54, 56, 63, 72] or the joint
human-AI performance, by considering cognitive factors such as users’ attention [17, 62], cognitive load [24, 36, 39], or
their understanding of Al recommendations [4, 5, 45].

However, there is a history of research in work psychology showing that effectiveness in work tasks, including
decision-making, depends not only on human cognition but also on human motivation [13, 34, 68], which are closely
linked to considering psychological needs (e.g., a need for autonomy, a need for competence; [73]). Regarding the
design of Al-based systems to support humans at work, we see only few works so far that consider the influence of
motivational aspects on worker satisfaction and performance [6, 8, 18]. Research on human-Al interactions still mostly
emphasizes cognitive and performance-related aspects. Problematically, when focusing predominantly on optimizing
for cognitive aspects, this can even undermine motivational aspects of work. For example, in an attempt to reduce
users’ cognitive load, designers may consider implementing Al-based decision support that reduces the choices that

users have for actions. Simultaneously, such a restriction of choices can reduce users’ perceived autonomy potentially
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undermining people’s perceived meaningfulness of their task with meaningfulness being one central variable related to
long-term job motivation and satisfaction [68]. Ironically, this can then also negatively impact long-term human-AI
joint performance given the importance of motivation and satisfaction for job performance [13]. Thus, we argue that
human-Al interaction also needs to be optimized considering motivational aspects.

Motivated by theories from the work design literature (e.g., [34, 57, 68]), this paper aims to establish a relationship
between psychological needs, motivational variables and users’ performance when interacting with Al systems at work.
Specifically, our goal is to explore how the restriction of choices through Al systems affects the psychological need for
autonomy, and how this relates to users’ motivation and task performance in Al-supported decision-making tasks. We
present results from an experimental study that tested the consequences of reducing people’s choices for actions in a
simulated drone oversight task. Participants were in the role of a human overseer of an autonomous drone that faced
different critical situations that required the human overseer to decide for an action on how the drone can safely resolve
the situation. The four between-participant experimental conditions were that the human overseer received decision
support by an Al-based system that offered six actions to resolve the situation, or that of those Six actions only Four
vs. Two vs. One were selectable while the other options were grayed out (i.e. not recommended by the AlI). Following
theories in work design, we hypothesized that restricting the number of Selectable Actions would affect participants’
perceived autonomy. We expected that this will impact downstream motivational aspects of work such as perceived
meaningfulness, with potential effects on human task performance in the oversight task.

Our findings revealed that having only One Selectable Action decreased participants perceived autonomy and perceived
meaningfulness of the task compared to being able to choose between Two or more actions (while increasing the
decision accuracy, since the remaining action was always correct). This effect increased over time. In the conditions
that had more than only One Selectable Action, participants who felt more autonomous were also the ones who showed
a better decision accuracy.

We see three main contributions of this paper. First, we highlight the importance of considering motivational aspects
in designing beneficial and effective human-Al interactions and highlight the value of the work design literature for this
endeavor. Second, we show that whereas restricting participants’ choices during the oversight task increased their task
performance (an effect that strongly depends on the accuracy of the Al-based decision support), this can also reduce
their perceived autonomy and perceived meaningfulness of their work. These effects on such motivational aspects
of work grew stronger over time showing the need to examine human-Al interactions in the longer term. Third, our
findings emphasize the importance of evaluating the effects of motivational aspects on joint human-Al performance at

work given that participants who felt more autonomous also performed better than those who felt less autonomous.

2 Related Work
2.1 Al-supported decision-making

Research on Al-supported decision-making covers many domains [44]. For example, Al-based systems can support
decision-making in domains such as education [71], finance [1, 3, 14, 95], healthcare 3, 11, 12, 31, 41], hiring [45, 49, 55]
or law [30, 42, 52, 91].

One key goal of Al-supported decision-making is to foster effective decisions. The effectiveness of human-Al
collaborations can be measured, for instance, by the joint decision accuracy of humans and Al systems [53, 54, 56,

63, 72, 75, 83]. Other measures of effectiveness include the time required for decision-making with Al-based systems,
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especially in time-critical decision contexts [53, 56, 71, 83]. In theory, effective human-AI collaboration is possible, and
studies show that Al-based systems can improve decision-making across various contexts [44].

However, recent studies indicate that human-AlI collaborations can also lead to suboptimal outcomes, as the joint
performance of humans and systems may often be worse than fully automating tasks with an Al-based system
[5, 9, 29, 70, 95]. For example, users of Al-based systems may find it difficult to discern accurate from inaccurate system
outputs [27, 30, 94], and, as a consequence, they may override actually accurate system outputs and follow inaccurate
ones instead [28].

Thus, research aims to make human-AI collaborations more effective. A large share of attempts to optimize human-AI
decision-making to date has been focused on cognitive aspects relating to human decision-making performance. For
example, the area of XAl tries to achieve better joint performance by enhancing people’s understanding of Al-based
decision processes and outputs [38, 48, 50, 72, 92]. This should help users decide when to follow, reject, or adapt system
outputs [10, 75]. Other research aims to improve joint decision-making by designing systems that can communicate
uncertainty in their outputs, ultimately targeting a similar goal as explanations: providing users with better insights
into when to follow or reject system outputs [5]. In an attempt to encourage more thoughtful decision-making, further
research suggests using cognitive forcing methods, such as altering the timing of when users receive Al-based outputs
(e.g., only after users have made an initial decision [10, 46]), or introducing a time lag until people receive the Al-
based output [8]. Other research focuses on optimizing users’ cognitive load, for example, by automatically adapting
interfaces to their current workload [51] or reducing the perceptual load of users by changing the presentation of
information-dense interfaces [24].

While optimizing cognitive aspects in human-AI decision-making is crucial, work psychology literature reviewed
in the next section emphasizes the role of psychological needs and motivational factors for worker effectiveness
and satisfaction. In line with emerging research highlighting the importance of considering motivational aspects for
optimizing human-Al interaction [6, 80], in this paper we want to explore in how far this generalizes to work supported

by Al-based systems.

2.2 Motivational Aspects of human-Al Collaboration at Work

Work psychology literature emphasizes that effectiveness in work tasks, such as decision-making, depends not only on
human cognition but also on human motivation [13, 34, 57, 68]. In human-Al interaction, these motivational aspects
have only recently begun to receive attention [6, 80] with researchers such as Steyvers and Kumar [80] calling for studies
to explore the impact of motivational factors, particularly on the long-term use of Al tools. Therefore, in the following,
we focus on work psychology literature to understand the relationship between psychological needs, motivation, and
performance, which has a long history of research in the work context (e.g., [34]).

The importance of motivational aspects of work can be understood by considering the core functions of human
motivation: Motivation gives direction, that is which behavior one chooses to perform, it affects the degree of effort one
invests in a behavior, and it impacts the persistence and duration of that effort [13, 90]. All else being equal, a motivated
worker should therefore perform better for a longer period of time than a less motivated worker. Furthermore, research
typically expects and finds a strong relation between motivation and satisfaction [40, 57, 68], meaning that motivated
workers are also expected to be more satisfied with their work for a longer period of time.

There are various streams of research that help us understand which factors in human-AI collaboration might
contribute to motivational aspects of work. These streams share a common focus on describing psychological needs and

psychological processes that contribute to motivating work environments.
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Self-Determination Theory is one of the broadest and most comprehensive theories describing three basic psychological
needs that contribute to human motivation: a need for autonomy, competence, and relatedness ([73]). The need for
autonomy refers to having choices and being the initiator of one’s own actions; the need for competence pertains to
engaging in optimally challenging tasks and effectively achieving desired outcomes; the need for relatedness refers to
feeling a sense of belonging and building relationships with others. In the workplace, autonomy is positively associated
with motivation and well-being [40, 88]. Autonomy can also positively affect work performance and effort [15, 87].
Beyond the work context, research shows positive effects of autonomy on positive affect and well-being [74, 78, 84].

Most of what is proposed by the Self-Determination Theory is consistent with the key propositions in the work
design literature. While there are many theories and models to draw from (see, e.g., [33, 34, 57, 58]), we decided to build
on the SMART model by Parker & Knight [68] to further understand how fulfilling psychological needs can contribute to
effective human-Al collaborations. The SMART model refers to five different characteristics of work that influence work
satisfaction through different psychological processes: Stimulating work characteristics, Mastery of work characteristics,
Autonomous work characteristics, Relational work characteristics, and Tolerable work characteristics. In this paper
we particularly focus on the effects of autonomous work characteristics that are supposed to affect users primarily
through motivational aspects. Specifically, Parker & Knight argue that having choices and control with respect to
the decisions one makes at work and with respect to how to do their work will lead to a higher perceived autonomy
and, consequently, a higher perceived work meaningfulness [68]. In the long term, this is expected to contribute to a
higher motivation at work and to a higher job satisfaction. These propositions are supported by meta-analyses of work
psychology studies showing that autonomy relates to variables such as meaningfulness, motivation, and job satisfaction
[40].

Interdisciplinary research on the effects of implementing Al at work implies that Al-based systems may strongly
affect people’s autonomy [64, 67]. For example, research on the algorithmic management of Uber drivers and platform
workers shows that Al-based tools managing workers can undermine workers’ perceived feelings of being in control
of how they can perform their work [47, 60]. Ulfert et al. found that a system’s level of automation influenced users’
intention to use the system, but did not find evidence that high-autonomy decision support systems increase stress
[86]. Findings from a study by Passalacqua et al. indicate that fully automating the selection of optimal decisions,
compared to involving users in the decision selection, negatively impacted their perceived autonomy and motivation
during the training for an assembly line task [69]. In a case study by Strich et al. [82], loan officers, whose primary task
was to input information into an Al-based system and communicate the Al-based decision to loan applicants, were
found to start manipulating the input data to be able to affect the Al-based outputs and thus regain their autonomy
over the Al-controlled decision processes. De Vreede et al. [18] conducted a study where participants with always
available Al-support felt less autonomous but performed better than those who could choose whether the Al-support
was revealed for each decision. We suspect that the effect on decision accuracy in the experiment by De Vreede et al.
was due to the experimental conditions rather than the participants’ perceived autonomy. Specifically, the experimental
conditions were designed in a way that could make deciding correctly easier if the Al-support was always available. In
the condition where participants had to turn on the Al-support, decisions might have been worse because the (mostly
accurate) support was used less. This highlights the importance of analyzing the effects of perceived autonomy on

decision accuracy while properly accounting for potential effects of the accuracy of available Al-support.
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3  Method

Motivated by the work design literature, the goal of our research was to explore which role psychological needs and
motivational processes play in the design and use of Al-decision support systems at work. Given the research in this field
discussed above, we were particularly interested in perceived autonomy as one of three major psychological needs, and
how a restriction in users’ perceived autonomy might impact motivational aspects such as perceived meaningfulness
and in conclusion users’ task performance.

Therefore, we devised an online experiment where participants were tasked to monitor an autonomously flying
delivery drone and its sensor values and quickly decide on suitable actions when the drone encountered critical
situations (e.g., low battery or strong winds).

We chose this task because it represented a realistic scenario for decision-making under time constraints that
participants would be able to relate to. At the same time it allowed us to measure the task performance as a result of the
drone crashing or being saved. To integrate Al recommendations and simplify the task for participants inexperienced
in drone flying, the monitoring interface provided users with six actions to choose from for how to resolve the critical
situation (e.g. landing the drone or flying higher) rather than giving participants full control over the drone’s flight. This
enabled us to easily integrate different levels of (simulated) Al support. In three of the four experimental conditions, the
Al-based system provided additional decision support by graying out certain actions that the AT would not recommend.
Given that the grayed-out actions were also not selectable anymore, this restricted participants in their choice and thus
their autonomy.

In the following, we describe our research questions, study design, and data collection. Our study was approved by
the department’s ethical review board and preregistered via the Open Science Foundation, where we also published the
collected data.

3.1 Research Questions

Based on our theoretical reasoning informed by the Self-Determination Theory and the work design literature, we
expect that the degree of restriction people experience through Al-support in a decision-making task will affect users
in multiple ways. First, we expect that restricting users’ choices will negatively affect users’ perceived autonomy and
will detrimentally affect downstream motivational effects on users’ perceived meaningfulness, task motivation, and
task satisfaction. These motivational effects may also negatively impact users’ overall task performance.

However, decreasing the number of Selectable Actions in a decision-making task can also reduce users’ task load
[7, 16]. Additionally, in case of a reliable and highly accurate Al-based systems, having few Selectable Actions can also
directly contribute to increased joint human-AlI decision accuracy given that actions that would lead to unfavorable
outcomes will not be recommended by the system (see also [18]). Therefore, reducing the number of Selectable Actions
might positively affect users’ decision accuracy and reduce the task load they experience.

We thus face contradicting possible effects of restricting users’ choices in the decision making task: restricting choices
may reduce users’ perceived autonomy which can detrimentally affect motivational aspects, thus also potentially
decreasing task performance; but restricting choices may also reduce users’ task load or may have a direct positive
influence on task performance by reducing the number of ineffective available choices. Given these contradicting effects
that could play out differently in our experimental conditions, we refrained from proposing directed hypotheses for our
experimental conditions, and instead ask the following research questions:

Does the difference in the number of Selectable Actions affect ...
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RQ1la. ...users’ perceived autonomy?

RQ1b. ...users’ perceived meaningfulness?

RQlc. ...users’ task motivation?

RQ1d. ...users’ task load?

RQle. ...the accuracy of decisions made in the drone handover task?
RQI1f. ...users’ decision time?

RQ1g. ...users’ task satisfaction?

Additionally, we explore whether perceived autonomy, meaningfulness, task motivation, and task satisfaction are

related to ...

RQ2a. ...the accuracy of decisions made in the drone handover task.

RQ2b. ...users’ decision time.

3.2 Participants

We conducted an a-priori calculation of the required sample size with G*Power [23]. We determined a required sample
size of N = 271, to achieve a power of 1-BETA = .95 given an ALPHA level of .05 and expecting a medium effect size
of f = .25 in a between-participants ANOVA with four conditions.! We decided to conduct the study as an online
experiment on Prolific, where we restricted the sampling to English-speaking participants, participants with a prior
approval rate greater than 95%, and who joined Prolific more than a year ago. We collected data from 280 participants
(151 female, 129 male, age: 18-71, M = 33.25, SD = 9.81). The participants were compensated with £6.32 for participating
in the study (median completion time: 40 minutes, this amounts to an hourly wage of £9.48).

In line with our preregistered exclusion criteria, we excluded four participants who stated that their data should
not be used, and two participants who experienced technical issues. There were no participants who showed clear
signs of inattentive responding (e.g., all participants took longer for their participation than our preregistered exclusion

criterion of 15 minutes).

3.2.1 Study design. The experiment was a between-participants study with Selectable Actions as the experimental
factor. The different levels of Selectable Actions are One, Two, Four, and Six Selectable Actions. For each handover scenario,
the participants saw six possible actions, but depending on the experimental condition some of them were grayed
out and not selectable, as shown in Figure 1. The action that successfully resolved the situation was always available.
Accordingly, in condition One, the only Selectable Action would always resolve the critical situation successfully. Actions
selectable in conditions Four and Two were selected based on outcomes from the study performed by Gundappa et al.

[32], where the other Selectable Actions were the ones most often chosen by participants.

3.3 Task and Procedure

Participants watched ten 40s-videos of simulated drones flying autonomously. Their task was to monitor the camera
output and displayed sensor values to make an informed choice at the end of each video, when participants had to take

control of the drone during a critical situation where they then had to choose a suitable action that would avoid a crash.

Note that consistent with our preregistration, we finally decided to use linear mixed models for most of the analyses given that they can efficiently
analyze and communicate the direction of main effects and interaction effects of independent variables. Given the similarity between ANOVA analyses
and regression analyses such as linear mixed models, these calculations should also be suited to approximate the required number of participants for
linear mixed models.
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Go Up Go Down Go Left Go Up Go Down Go Left
Go Right Land Immediately Land on Mountain Top Go Right Land Immediately Land on Mountain Top
(a) One Selectable Actions (b) Two Selectable Actions
Go Up Go Down Go Left Go Up ‘Go Down Go Left
Go Right Land Immediately Land on Mountain Top Go Right Land Immediately Land on Mountain Top
(c) Four Selectable Actions (d) Six Selectable Actions

Fig. 1. Differences in the decision-making user interface depending on experimental conditions.
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Fig. 2. Screenshots of the Drone Monitoring Interface. On the top left, a screenshot of the demo task is shown, where participants see
a video recorded by the drone and information about the current status of the drone. In the top middle, the legend of all icons which
were used in the interface is shown. This legend was shown to the participants during the entire video of the drone. Ten seconds
before the participants had to make a decision, the drone entered a critical situation, which was indicated by an auditory signal and
highlighted icons for critical values, as shown in the top right. After these ten seconds, the participants saw six possible actions, and
depending on the experimental condition some of them were grayed out indicating they were not available as seen in the bottom
screenshot of the Two Selectable Actions condition. In this demo task, the critical situation was the drone approaching trees which

could be resolved by going up.

Figure 2 shows the monitoring interface and video feed of the drone. Sensor values included: the distance to the
remote control, the current altitude and battery level, if the propeller and camera are working, if it is possible to land
immediately, the distance to the next obstacle, the current wind speed and speed of the drone, and the current weather

condition.
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Toward the end of each video, the drone was in a critical situation that required a handover to the human overseer,
which was indicated by an auditory signal. At this point, the video highlighted the sensor values related to the critical
situation. After ten seconds a second auditory signal was played, the video disappeared and six actions were displayed
(see Figure 2, bottom): fly higher, fly lower, fly to the left, fly to the right, land immediately, or land at a (varying) location.
Depending on the condition some of the actions were grayed out (see below). Participants were instructed to choose
an action as quickly as possible and had up to seven seconds to decide. To resolve the critical situation successfully,
participants had to consider the corresponding sensor values and video feed to consider the possibility of landing at
specific locations.

There were three types of critical situations: weather conditions, technical problems, and physical obstacles. Weather
conditions caused a critical situation if the wind speed passed a certain threshold (unknown to participants) or if
the current weather was rainy, snowy, windy, or foggy and the altitude was too high or too low. Technical problems
occurred when the camera or propeller stopped working or the battery was too low. Physical obstacles led to critical
situations when the distance to the next obstacle was too little or flying at the current altitude was dangerous.

After deciding on an action, participants were asked to fill out three open-ended questions to justify their answer
(see supp. material). These ensured that people did not choose actions at random. If they did not choose an action, they
were asked to give a reason. After that they were provided with feedback stating if their chosen action saved the drone
or why it crashed.

After the 1st, 5th, 9th, and 10th (last) trial, participants filled out a questionnaire with Likert-scale items assessing
their perceived autonomy, meaningfulness, task motivation, work satisfaction, and mental demand + temporal demand
(which we combined to users’ task load). In the final trial, there was no action that resolved the critical situation, always
leading to a crash. This was to ensure that participants experienced at least one crash so that we could additionally ask
questions related to their perceived responsibility in the last questionnaire. Table 1 shows the items in the questionnaire
relevant to this paper. See Table 5 in the Appendix for the full set of questions asked, including additional exploratory
variables, such as stress, trust, and responsibility-related variables. Since our analysis focused on the perceived autonomy
and its impact on motivational variables, we restricted our results to the variables most relevant for these goals.

In the beginning of the experiment, participants received written instructions about the task, the meaning of sensor
values, the types of critical situations, and possible actions. After the participants had all the required information, they
were instructed to solve a trial task. In the trial task, they had the opportunity to make their own decision. Regardless of
their decision, they got to know which action would have resolved the critical situation successfully. We also provided
them with examples for this task on how to fill the open-ended questions. Exact instructions and screenshots from all

steps of the experiment are provided in the supplementary material.

3.4 Implementation and Video material

The study we created was based on a previous study performed by Gundappa et al. [32]. They used their simulation
framework that extends Microsoft AirSim [76] and can be used to create a variety of handover situations. In total, they
created 20 different scenarios using two existing AirSim environments (i.e, park and valley environment). In our study,
we used ten scenarios that had only one action that resolved the critical situation successfully. We made this choice so
that there is room for wrong decisions in the Two and Four Conditions, while we did not want to make the participants
lose trust in the recommendations by making correct actions not selectable. One of the scenarios is provided in the
supplementary materials. We embedded the videos in a web page, which enabled us to create this interactive task and

recruit participants on the Prolific Platform.
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Table 1. An overview of the variables and corresponding questionnaire items collected and analyzed in this paper, the rounds after
which each question was asked, and the sources from which they were adapted.

Concept Question(s) Ref

Perceived Autonomy ’T am so restricted by the available actions that I can hardly [89]
make my own decisions.” (inversely coded)
’T can make decisions about how to prevent crashes

independently’
Perceived Meaningfulness "The work I do is important. [77]
"The work I do is meaningful’
Task Motivation 'T have fun performing the task. [25]
Task Satisfaction T feel fulfilled performing the task’ [65]
Task Load "The task was mentally demanding’ [35]

"The pace of the task was hurried or rushed’

3.5 Measured Variables

We used self-report items to measure perceived autonomy, meaningfulness, task motivation, task satisfaction and task
load on a 7-point Likert scale (1 - strongly disagree to 7 - strongly agree). The items we used are shown in Table 1 along
with references to the literature from which we sourced these items. All additionally measured variables not included
in this paper are shown in Table 5 in the Appendix. Self-report items were measured multiple times (after the 1., 5., 9.,
final scenario).

Note that given the substantial overall correlation between task motivation and task satisfaction (r = .87), for the
remainder of this paper, we decided to only report task motivation because the findings for task satisfaction were nearly
identical.

Additionally, for all ten scenarios, we measured two decision-related variables: decision accuracy and decision time.
Decision accuracy was calculated for each participant as the percentage of selected actions that led to a successful
outcome (i.e. drone not crashing) in the first nine rounds. If a participant did not select an action, this was counted as
inaccurate. The last scenario was excluded because all actions led to a crash. Decision time was measured as the time

after participants saw the available actions until they chose a specific action.

4 Results
4.1 Analysis

We decided to split our analysis into three parts, each requiring different approaches for statistical analysis. In sub-
section 4.2, we report the overall effects of Selectable Actions on our dependent variables, averaging results from all
scenarios and repeated questionnaires. To test for significant differences, we chose a Kruskal-Wallis test combined with
Dunn test with Bonferroni correction for the post-hoc comparisons of all experimental conditions. In subsection 4.3,
we were interested in understanding how Selectable Actions impacted decision-related variables, perceived autonomy,
and motivational factors over time. To this end, we treated Decision Round as an additional independent variable and
report results from linear mixed models that test for interaction effects of the Selectable Actions and the Decision Round.
Finally, in subsection 4.4, we combined the data of those conditions where participants had at least two actions to
choose from (i.e. Two, Four, and Six (informed by our results in subsection 4.2). Our goal was to analyze the effects of

perceived autonomy, meaningfulness, and task motivation on decision accuracy and decision time. To this end, we
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Fig. 3. Differences in perceived autonomy, meaningfulness, task motivation, and task load on a 7-point Likert Scale between the

experimental conditions

report results from linear mixed models where perceived autonomy, meaningfulness, and motivation were added as

predictors beyond Selectable Actions and the Decision Round.

4.2 The impact of the number of Selectable Actions

Research Questions 1a-f asked about the effects of Selectable Actions on various decision-related and self-report variables.
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Fig. 4. Differences in Decision Accuracy in Percentage and Decision Time in milliseconds between the Experimental Conditions

Selectable Actions significantly affected participants’ perceived autonomy (H = 38.35, p < .001), meaningfulness
(H = 15.52, p = .001), and task load (H = 30.71, p < .001). As visualized by the box-plots in Figure 3, with One Selectable
Action, participants felt less autonomous than having Two (p < .001), Four (p < .001), or Six (p < .001). Participants
judged the task as less meaningful when having One Selectable Action compared to having Two (p = .02), or Six (p = .001).
Also, with One Selectable Action they had a lower task load than with Four (p < .001), or Six (p < .001). In contrast, there
was no significant difference for Motivation across all conditions (see Figure 3c).

The number of Selectable Actions also significantly affected the decision accuracy (Figure 4a) (H = 128.88, p < .001).
Pairwise post-hoc comparisons showed participants having One Selectable Action to make better decisions than
participants having Two (p < .001), Four (p < .001), or Six (p < .001) (Figure 4a). Although visually there is a trend that
decision accuracy decreased with an increasing number of selectable actions, no significant differences were found
when comparing conditions with more than one action to choose from.

We also found a significant difference in the decision time between the experimental conditions (H = 28.79, p < .001).
Participants who had One Selectable Action decided faster than those with Two (p < .001), Four (p < .001), or Six (p < .001)
(Figure 4b). No significant differences were found when comparing conditions with more than one action to choose

from.

4.3 Changes in the effects of Selectable Actions over time

The findings up to now indicate that there are general differences between the experimental conditions but mostly
between the condition with One Selectable Action and the conditions that had at least some available choice for an

action. Given that the effects of varying Selectable Actions may only unfold over time or may grow stronger over time,
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Fig. 5. Differences in perceived autonomy, meaningfulness, task motivation, and task load over time in each condition on a 7-point
Likert Scale

we decided to additionally examine interactive effects of the Selectable Actions and the Decision Round, that is after how
many scenarios the questionnaire was asked (1st, 5th, 9th, or 10th).

Figure 5 and Table 2 show the results of linear mixed model analyses with the dependent variables perceived
autonomy, meaningfulness, motivation, task load, and decision time. The decision round is nested within participants
as every participant experienced 10 decision rounds where we captured the relevant dependent variables four times.
As predictors in the linear mixed models we included a) the Selectable Actions as a dummy-coded variable with One
Selectable Action as the reference condition, b) the four Decision Rounds with Decision 1 as the reference condition, and
¢) the interaction effect between the Selectable Actions and the Decision Round.

For perceived autonomy, Figure 5a together with the significant interaction effects between the Decision Round
and the Selectable Actions reported in Table 2 show that over time, the differences in perceived autonomy become
larger. While at decision 1, there were comparably small differences for Selectable Actions, the differences between One
Selectable Action and the other conditions were larger for later rounds.

For perceived meaningfulness, only for the ninth and for the final round were there significant interaction effects
(see Table 2). This indicates that over time the difference in perceived meaningfulness between the condition with One
Selectable Action and the other conditions became larger (see Figure 5b).

For task motivation (Figure 5c) and task load (Figure 5d) there were no clear effects other than a main effect for the
Decision Round indicating a lower perceived task load for later rounds.

For the decision time, there were also no clear effects other than participants taking less time for the later rounds
than for the first round.

Building on the results up to this point, we can respond to the Research Questions 1a-1f: The number of Selectable

Actions...

RQ1la. affected users’ perceived autonomy. The differences between One Selectable Action and the other conditions
was stronger for later rounds than for Decision Round 1.

RQ1b. affected users’ perceived meaningfulness. The differences between One Selectable Action and the other condi-
tions was stronger for later rounds than for Decision Round 1.

RQ1c. did not affect users’ task motivation.
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Table 2. Linear mixed model analyses with the dependent variables perceived autonomy, meaningfulness, motivation, task load, and

decision time

Dependent variable:

Autonomy Meaningfulness TaskMotivation TaskLoad MeanDecisionTime
Intercept 4.31* (0.18) 4.96** (0.21) 5.04** (0.22) 3.29** (0.15) 4,011.33** (163.79)
2 Actions 0.31 (0.25) 0.12 (0.29) 0.25 (0.31) 0.09 (0.21) 473.12* (231.63)
4 Actions 0.23 (0.25) —0.00 (0.30) 0.02 (0.31) 0.29 (0.21) —97.10 (232.48)
6 Actions 0.45 (0.25) 0.31 (0.30) 0.10 (0.31) 0.28 (0.21) 56.87 (232.48)
Decision 5 -0.21 (0.15) -0.10 (0.13) 0.01 (0.17) -0.23** (0.05)  —1,101.45** (210.27)
Decision 9 —0.14 (0.15) —0.24 (0.13) ~0.10 (0.17) —0.19" (0.05)  —1,141.52* (210.27)
Decision 10 ~0.46** (0.15) -0.43"* (0.13) -0.19 (0.17) -0.16** (0.05) -931.03** (210.27)
2 Actions:Decision 5 0.68** (0.21) 0.34 (0.18) 0.22 (0.24) 0.13 (0.07) —157.15 (297.36)
4 Actions:Decision 5 0.44* (0.22) 0.29 (0.18) 0.07 (0.24) 0.11 (0.07) 417.74 (298.45)
6 Actions:Decision 5 0.50" (0.22) 0.19 (0.18) 0.15 (0.24) 0.17* (0.07) 289.13 (298.45)
2 Actions:Decision 9 0.33 (0.21) 0.34 (0.18) 0.07 (0.24) 0.07 (0.07) 287.27 (297.36)
4 Actions:Decision 9 0.42 (0.22) 0.55** (0.18) 0.38 (0.24) 0.03 (0.07) 706.60* (298.45)
6 Actions:Decision 9 0.43* (0.22) 0.40* (0.18) 0.10 (0.24) 0.12 (0.07) 632.72" (298.45)
2 Actions:Decision 10 0.20 (0.21) 0.51** (0.18) —0.06 (0.24) 0.13 (0.07) —46.01 (297.36)
4 Actions:Decision 10 0.71* (0.22) 0.69** (0.18) 0.38 (0.24) 0.10 (0.07) 447.12 (298.45)
6 Actions:Decision 10 0.49* (0.22) 0.54** (0.18) 0.28 (0.24) 0.13 (0.07) 398.21 (298.45)
Observations 1,096 1,096 1,096 1,096 1,096

Note: The reference condition for Actions is 1 Action; the reference condition for Decision is Decision 1. *p<0.05; **p<0.01

RQ1d. affected users’ task load. There was no clear significant interaction effects between the number of Selectable

Actions and the Decision Round.

RQ1e. affected the decision accuracy in the drone handover task. Participants who had One Selectable Action performed

better than participants in the other conditions.

RQ1f. affected users’ decision time. Participants who had One Selectable Action took less time to decide than par-

ticipants in the other conditions. There was no clear significant interaction effects between the number of

Selectable Actions and the Decision Round.



14 Cedric Faas, Richard Bergs, Sarah Sterz, Markus Langer, and Anna Maria Feit
Table 3. Linear mixed models with the dependent variable decision accuracy
Dependent variable:
PercentageCorrectAnswers
1) (2 3 4)
Intercept 0.25** (0.06) 0.54** (0.06) 0.48"* (0.06) 0.55"* (0.07)
Autonomy 0.05"* (0.01)
Meaningfulness —0.01 (0.01)
TaskMotivation —0.00 (0.01)
TaskLoad —0.02 (0.01)
4 Actions ~0.02 (0.06) —0.02 (0.06) ~0.02 (0.06) ~0.02 (0.06)
6 Actions —0.16™ (0.06)  —0.15" (0.06)  —0.15" (0.06)  —0.15" (0.06)
Decision 5 0.20"* (0.05) 0.22"* (0.05) 0.22"* (0.05) 0.22"* (0.05)
Decision 9 0.13** (0.05) 0.14** (0.05) 0.14** (0.05) 0.14** (0.05)
4 Actions:Decision 5 ~0.10 (0.07) ~0.11 (0.07) —0.11 (0.07) ~0.11 (0.07)
6 Actions:Decision 5 —0.04 (0.07) —0.05 (0.07) —0.05 (0.07) —0.05 (0.07)
4 Actions:Decision 9 ~0.00 (0.07) 0.00 (0.07) 0.00 (0.07) 0.00 (0.07)
6 Actions:Decision 9 0.13 (0.07) 0.14* (0.07) 0.14* (0.07) 0.14* (0.07)
Observations 615 615 615 615
Note: The reference condition for Actions is 2 Actions; the reference condition for Decision
is Decision 1. (1)-(4) reflect that those are four different linear mixed models, (1) tests the
effect of perceived autonomy, (2) meaningfulness, (3) task motivation, and (4) task load on
the percentage of correct answers.*p<0.05; **p<0.01
Table 4. Linear mixed models with the dependent variable decision time
Dependent variable:
MeanDecisionTime
(1) (2 () (@)
Intercept 4,579.66™* (231.09) 4,119.91* (224.38) 3,937.71"* (219.45) 4,646.55"* (223.84)
Autonomy —20.59 (36.06) - - -
Meaningfulness - 71.87* (31.19) - -
TaskMotivation - - 103.36"" (28.74) -
TaskLoad - - - —47.87 (46.26)
4 Actions —571.84* (227.14) -561.84" (225.88) —546.34" (224.71) -560.91* (227.10)
6 Actions —413.33 (227.18) —430.06 (225.93) —401.48 (224.65) —407.41 (227.08)
Decision 5 ~1,248.90°* (209.45)  —1,275.79%" (209.56)  —1,282.57"* (209.07) ~1,263.46** (208.92)
Decision 9 —850.22"* (208.88) —861.54"* (209.45) —851.25™* (208.97) —859.80"* (208.94)

Decision 10

4 Actions:Decision 5
6 Actions:Decision 5
4 Actions:Decision 9
6 Actions:Decision 9
4 Actions:Decision 10
6 Actions:Decision 10

—982.27"* (208.96)
569.88 (296.45)
442.64 (296.39)
421.05 (296.34)
347.48 (296.34)
503.66 (296.89)
450.20 (296.51)

—983.29"* (209.44)
578.33 (297.26)
457.13 (297.30)
404.43 (297.33)
341.12 (297.26)
480.36 (297.31)
442.54 (297.26)

—951.58"* (209.09)
589.73* (296.64)
453.53 (296.62)
387.45 (296.74)
342.46 (296.61)
447.91 (296.88)
409.64 (296.77)

—978.43* (208.87)
573.88 (296.47)
447.85 (296.47)
417.49 (296.47)
347.95 (296.48)
491.59 (296.47)

444.20 (296.47)

Observations

820

820

820

820

Note: The reference condition for Actions is 2 Actions; the reference condition for Decision is Decision 1. (1)-(4) reflect that those
are four different linear mixed models, (1) tests the effect of perceived autonomy, (2) meaningfulness, (3) task motivation, and
(4) task load on the percentage of correct answers.*p<0.05; **p<0.01
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4.4 Motivational variables and their relation to decision-making

Research Questions 2a-b asked whether perceived autonomy, meaningfulness and task motivation affect decision-related
variables. To explore this, we calculated another set of linear mixed models with the dependent variables decision
accuracy (Table 3) and decision time (Table 4). For these analyses, we excluded participants from condition One, since
there was virtually no variance between participants’ decision accuracy in this condition given that they always received
the successful solution as a recommendation by the Al-based system. We also excluded the final round of the study in
which all participants were forced to take a decision leading to a crash, thus having no variance between participants in
their decision accuracy.

The linear mixed models thus included dummy-coded variables that modeled Two Selectable Action as the reference
condition, dummy-coded variables that modeled Decision Round 1 as the reference condition, and interaction effects
between Selectable Actions and Decision Round. We included autonomy, meaningfulness, and task motivation in different
linear mixed models to test whether they affect the decision-related variables beyond the experimental condition,
beyond the decision round, and beyond the interactive effects between the experimental condition and the decision
round.

For decision accuracy, we found that perceived autonomy was significantly positively related to participants’ decision
accuracy. This was not the case for perceived meaningfulness and motivation.

For the decision time, we found that autonomy was not associated with decision time. Instead, we found that higher
motivation and meaningfulness were associated with significantly longer decision times.

Regarding Research Questions 2, we can thus respond that,

RQ2a. the accuracy of decisions made in the drone handover task was positively related to perceived autonomy.

RQ2b. participants’ decision time was positively related to their perceived task meaningfulness and motivation.

5 Discussion

The goal of this study was to examine whether an Al-based system that restricts the available choices of users to different
degrees affects decision-related variables, perceived autonomy, and motivational aspects of human-Al interaction. The

main findings of this study are

(1) that having a choice positively affected perceived autonomy and perceived meaningfulness of the task with
effects growing stronger over time,

(2) that when having a choice, perceived autonomy was associated with higher decision accuracy, while meaning-
fulness and motivation were associated with longer decision times, and

(3) taking the choice away from the participants positively affected their decision accuracy, owing to the nature of

our task and the highly accurate Al-based support.

Together these findings provide first evidence on the impact that Al-based systems can have on workers psychological
needs and motivation and how this might affect overall work performance. In the following, we discuss these results in

more detail and point out limitations of our study and opportunities for future work.

5.1 The effects of having a choice

Restricting choices for our participants improved their decision accuracy, decreased their decision time, and reduced
the task load. These findings are in line with research showing that highly accurate and reliable Al-based systems

can improve joint human-AlI decision accuracy [22]. The positive effect on decision accuracy is also in line with De
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Vreede et al’s [18] finding that restricting users’ choices can positively affect joint human-AI decision accuracy. This is
positive news for the use of Al systems in decision-making tasks. In our study, this effect was most clearly reflected in
the better decision accuracy of the participants who only had one available action compared to the other conditions.
Eventually, these participants had no real "choice" than to approve the system recommendation or to wait and ignore
the recommendation, which would have led to a drone crash. At first glance, this may sound like an unrealistic scenario
— why even have a human overseer in such situations? However, given emerging legal regulations, such as the European
Union’s Al act, demanding the involvement of human overseers for high-risk tasks [27, 79] (which includes the operation
of autonomous drones, cf. Art. 6 and Annex 1(20) of the AI Act), we believe the scenario of having a human overseer
simply approving Al-based recommendations with a limited degree of choice is realistic, though legal certainty on this
matter will only be reached in the future. Importantly, those positive effects of restricting the Selectable Actions on
decision accuracy strongly depend on the reliability of the Al-based recommendations given that it is to expect that
overseers will tend to follow also inaccurate Al-based recommendations [27, 62]. Thus, the positive effects of restricting
people’s choices through Al-based recommendations will be less clear in cases where the Al-based system does not
always offer the correct solution. Given that perfect and near-perfect recommendations by Al-based systems are unusual
and will probably also be unusual in the forseeable future, this is an important consideration when restricting users’
autonomy through Al-based systems.

The positive effects of restricting participants’ choices on decision accuracy stand in contrast to their motivational
effects. In contrast to only having one selectable action, having even just some choice (i.e., Two Selectable Actions)
positively affected participants’ perceived autonomy and meaningfulness of their task. Crucially, the differences between
One and other conditions became stronger over time. Consistent with the Self-Determination theory [73], the work
design literature [34, 57], and the SMART model of work design [68], offering users some choices in their interaction
with an Al-based system can be positively related to their need for autonomy and can have beneficial motivational
effects reflected in their perceived meaningfulness of the task. In contrast, when users have little choice than to follow
the recommendation of an Al-based system, over time they may start feeling useless as their behavior in the task is void
of perceived meaning. In the long term, ignoring such detrimental effects on human needs and motivational variables
may not only be negative for users motivation but also for their well-being with possible negative effects of jobs with
little motivating appeal on people’s mental health [66].

Consistent with this interpretation, whereas the number of selectable choices did not affect participants’ motivation
(and task satisfaction) in this study, we may expect that such effects could show during long term interaction with
the system. Based on the SMART model and the broader work design literature, perceived meaningfulness is one of
the strongest predictors of worker motivation and satisfaction over time [40, 66, 68]. In our study, participants only
experienced 10 decision rounds and an effective interaction with a system for about 10 minutes. This may not be
enough to find long-term effects on user motivation. But even with just 10 minutes of interacting with the system, our
participants started to question the meaningfulness of their role in this task. Thus, one key implication of the current
study is that it will be crucial to conduct more long-term interaction studies to test for motivational effects in human-AI
collaboration - studies that are still rare in human-AI research [21]. Additionally, the effects on perceived autonomy
and meaningfulness are important insights for the future design of human oversight jobs and of jobs where Al-based
systems affect users’ autonomy.

What may also be important to consider for future research is to find the right balance between considering users’
need for autonomy and overwhelming users with too many choices. De Vreede et al. [18] showed that too much

autonomy i.e., letting people decide freely when to use and when not to use an Al-based system, can be detrimental for
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joint human-AI decision accuracy. In our study, having Four and Six available choices led to higher perceived task load
and both conditions were related to lower decision accuracy than having one available option. Eventually, having too
much choice could even undermine users’ perceived autonomy in a way that users will feel that they are not in a good
position to make informed decisions. This curvilinear effect of autonomy is also reflected in evidence from the work
design literature that shows that it is important to find a suitable degree of autonomy because autonomy misfit (i.e.,
too low and too much autonomy) can undermine people’s motivation and well-being at work [81], and can lead to
detrimental effects such as users manipulating input data for Al-based systems to regain their autonomy [82].

In that regard, one implication of our study could be that as long as users have some choice, increasing available
choices even more may not have further beneficial effects on variables such as perceived autonomy or meaningfulness.
To put it differently, a certain degree of restriction in a way that an Al-based system restricts ineffective actions may
not have detrimental effects on motivational variables important for effective long-term human-AI collaboration. In
safety critical scenarios where it is important to minimize erroneous decisions, this is positive news. It may be possible
to restrict users’ choices in human-Al interactions in a way that leads to good joint performance without detrimentally
impacting users’ perceived autonomy — as long as they are left with some choice. Clearly, this conclusion comes with
ethical issues. For example, knowing that it is enough to ensure that people have some choice in order to uphold
their perceived autonomy means that it may be enough to provide users with pseudo-choices or with the ability to
slightly change the system with effects that are of little practical importance [20]. Responsible design of human-AI
collaboration needs to consider such potentially unethical ways of making people feel autonomous when all they have

are pseudo-choices.

5.2 Perceived autonomy is positively related to decision accuracy - meaningfulness and motivation are

positively related to decision time

In the conditions with some choice, those participants who felt more autonomous were also the ones who performed
better. This supports propositions and findings by the work design literature that perceived autonomy can contribute
to task performance [40, 68]. In theory this kind of a positive effect may have been expected to also correspond to
a stronger motivation of users. Yet, motivation was not significantly positively associated with decision accuracy in
our analyses. We propose that this again calls for future research that examines the effects of design decisions that
affect motivational aspects of human-Al collaboration in the long term. Potentially, in longer-term interactions it
will be possible to provide insights on the expected relations between perceived autonomy, meaningfulness, and task
motivation.

Interestingly, we found that task meaningfulness and motivation was related to a longer time that participants took
for their decisions. On the one hand, this could mean that those participants who found the task to be more meaningful
and who were motivated did their best in the task trying to think through their decisions for the Selectable Actions.
On the other hand, this association could mean that those people who found the task less meaningful and were less
motivated wanted to finish it more quickly. Both of these interpretations for the findings would have been stronger if
we had found relations between meaningfulness and/or motivation and decision accuracy that went beyond the effect
of the experimental manipulations. Future research needs to more closely examine the relation between motivational
variables and decision-related variables to uncover relations that are likely reciprocal: motivational variables affect
decision-related variables (e.g., high motivation leads to high decision accuracy), and decision-related variables affect

motivational variables (e.g., high decision accuracy leads to high motivation) [85].
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5.3 Limitations and Future Work

There are three main limitations of the current study that we want to highlight. First, participants only experienced a
simulated drone oversight task without any real-world consequences. This can affect self-report items relating to users’
perception of the oversight task. Nevertheless, we tried to simulate a realistic situation by showing participants videos
of drone flights and by simulating time pressure.

Second, participants only experienced ten scenarios and all of them ended in critical situations. In reality, people
oversee drones for a longer period of time and optimally experience only a low number of critical situations. This may
also be one reason for not finding significant differences between the experimental conditions for variables such as task
motivation that may only play out after a prolonged period of time. Thus, for more generalizable insights on the role of
selectable options on long-term implications on variables important for job satisfaction, future work would optimally
simulate longer-term interactions with Al-based systems. However, this comes with many additional complexities and
costs. We believe that for future research it will be worth investing these efforts given the findings and implications
of the current study and given other recent research that highlights the importance of understanding the impact of
human-Al interaction design on motivational variables and human needs [6].

Third, participants presumably had limited experience in flying drones and were no experts in human oversight tasks.
This lack of expertise might have affected their overall perceived autonomy, as well as further motivational variables
that we captured in this study. Still, we believe that the current study included a task where our participants were able
to immerse themselves into and where they were capable of quickly understanding their responsibilities in the task.
We are not sure how conducting the current study with experts would change the current results. This may depend
on whether the person tasked with overseeing the drone was an expert drone pilot or an expert overseer. For expert
drone pilots, reducing the autonomy may be more impactful than for expert overseers who may be used to having only
limited points in time where they are supposed to intervene. However, this is a hypothesis for future work where it
may be interesting to more closely examine motivational differences between people with different backgrounds who

are supposed to fill the role of human overseers in high-risk tasks.

6 Conclusion

Beyond optimizing human-Al interactions for cognitive variables, it is important to also consider motivational variables
which are often associated with satisfying human psychological needs [68, 73]. In this regard, the current study examined
the impact of restricting people’s choices on their perceived autonomy and on downstream motivational variables
and task performance via an Al-based decision support in an oversight task. Our findings highlight that restricting
choices can be effective in helping people make accurate decisions. At the same time, restricting choices can undermine
human overseers’ perceived autonomy and important motivational variables such as the perceived meaningfulness of a
task, particularly in the long term. The finding that people who felt more autonomous were also the ones who showed
better decision accuracy further highlights the potential positive effects that considering human needs in human-AI
interaction design can have on the joint performance of humans and Al-based systems. The most promising direction
for future research that we see based on the current study is to conduct studies where humans and systems interact over
the long term because this will help to better understand the impact of motivational variables in human-AI interactions

that may only become stronger over time.
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A Additional Questionnaire Items

Table 5. Exploratory questionnaire items and measured concepts

Concept Question(s) Ref
Personal Responsibility ’I was responsible for the crash of the drone’ [37]
Causality T caused the drone to crash. [26]
’T could have avoided crashing the drone’
’I could have prevented the drone from crashing’
Knowledge ’T could have foreseen the crash of the drone’ [26]
’T understand why the drone crashed’
Intention ’T had the intention of crashing the drone’ [26]
Control T felt like I was in control over the crash of the drone’ [61]
Trust ’I can trust the system’ [43]
’I can rely on the available options.
Disengagement ’I feel that I have become disconnected from my work task. ’ [19]
Exhaustion I feel tired performing the task.’ [19]
Stress ’T am currently stressed by the task’ [59]
Blame "To what extent do you think you are to blame for the drone crash? [2]
"To what extent do you think the system is to blame for the drone
crash?’
"To what extent do you think you should be morally condemned for the
crash of the drone?’
Punishment "To what extent should you be punished for the crash of the drone?’ [93]
"To what extent should the provider of the system be punished for the
crash of the drone?’
Performance ’T was successful in accomplishing the task’ [35]
Physical Demand "The task was physically demanding’
Effort ’T had to work hard to accomplish my level of performance’
Frustration ’I was irritated, stressed, and annoyed during the task’
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