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The last several years have been characterized by an increasing autonomization of technology. Advanced
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technologies are now capable of learning and interacting. These capabilities expand the scope in which tech-
nology can be used. As a result, these increasingly autonomous machines and programs are completing an ever-
growing number of tasks in collaboration with humans. This is why it is important to determine whether
increasing levels of autonomy affect how technical systems are perceived by their human counterparts. An online
survey experiment using vignettes to describe technical systems with varying levels of autonomy was employed
to test the effects of technical autonomy on the dimensions of social cognition (i.e., warmth and competence) and
mind perception (i.e., experience and agency). The findings show that increasing levels of technical autonomy
impacted how the technical systems were socially perceived. More specifically, the findings suggest that the more
autonomous a technical system is, the more competence and agency it will be ascribed. Conversely, increasing
levels of technical autonomy had no effect on the ascription of warmth and experience. These results highlight

that technical autonomy is relevant to and effectively shapes social judgements regarding technology.

1. Introduction

Advanced technical systems are widespread in today’s world taking
over more and more tasks in our society. For example, advanced algo-
rithms are used in personnel selection (van Esch, Black, & Ferolie, 2019)
and the assessment of offenders (Dressel & Farid, 2018). Social robots
care for the elderly and educate children (Broadbent, 2017). Their
ability to complete such complex tasks changes the relationship between
humans and machines. Machines are no longer mere tools (Rammert,
2011), but rather a type of companion (de Visser, Pak, & Shaw, 2018) or
teammate (McNeese, Demir, Cooke, & Myers, 2018; Seeber, Bittner,
et al., 2020). Their role has changed from one of decision supporter to
that of actual decision maker (Nissen & Sengupta, 2006).

For technical systems to fulfill such complex tasks, machines must be
able to respond to situations for which they have not been pre-
programmed (Araujo, Helberger, Kruikemeier, & de ). As a result, such
systems are described as becoming more intelligent and autonomous
(Corti & Gillespie, 2016; Seeber, Bittner, et al., 2020). Although there is
no universal definition of technical autonomy per se, scholars seem to
agree on some of its prerequisites. Adaptability and machine learning
are considered core features of autonomous technology (de Visser et al.,
2018; Jordan & Mitchell, 2015; Seeber, Waizenegger, et al., 2020). The
capacity to interact with and enlarge their source data is another feature
of technical autonomy (de Visser et al., 2018; Jordan & Mitchell, 2015;
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Seeber, Waizenegger, et al., 2020). Yet this does not mean that every
technical system is equipped with the characteristics that shape tech-
nical autonomy. Rather, current developments include different tech-
nical systems that operate on various levels of technical autonomy. This
means that technical autonomy should not to be understood as a binary
category (i.e., a technical system is either autonomous or
non-autonomous) but rahter as a gradual property. According to this
view, technical autonomy consists of different levels (de Visser et al.,
2018; Endsley, 2017; Simmler & Frischknecht, 2021) or as comprised of
various dimensions (Beer, Fisk, & Rogers, 2014). This suggests that there
can be different types or levels of technical autonomy. Endsley (2017),
for example, introduced the notion of “semi-autonomous systems” to
indicate that technology today does not reach full autonomy, nor is it
strictly determined. Simmler and Frischknecht (2021) proposed a tax-
onomy for capturing technical autonomy that is comprised of five
consecutive levels, providing an even more precise conception of how
increasing technical autonomy can be mapped and described. It seems
that the understanding of what technical autonomy is, is becoming
clearer and more nuanced. However, the focus of the work cited above
lies mainly on technology, or put differently, on the machine part of the
human-machine collaboration.

The implementation of increasingly autonomous technical systems is
associated with a wide array of social questions (Morris, Schlenoff, &
Srinivasan, 2017; Rahwan et al., 2019). This calls for a more thorough
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understanding of how people respond to them, especially as the actions
of autonomous technical agents are becoming more intractable, opaque
and difficult to comprehend (Rahwan et al., 2019). For example, it is
important to explore the extent to which increasingly autonomous ma-
chines are seen as responsible for their actions (Awad et al., 2020; Banks,
2019) and whether decisions made by autonomous algorithms are seen
as trustworthy or fair (Hoddinghaus, Sondern, & Hertel, 2021; Lee,
2018). These studies highlight that it not only matters what the machine
is objectively capable of, but rather how people subjectively perceive
technical system and their actions. This is further illustrated by Lee
(2018), who found that the actions of an algorithm mattered as much as
what people thought the algorithm was capable of doing, when those
people were asked to judge its trustworthiness and fairness. From this, it
follows that people’s perceptions of technical systems play an important
role in human-machine interactions. In fact, the significance of such
perceptions has been emphasized in the literature on human-machine
(Araujo et al., 2020; Lee, 2018; Sundar, 2020) and human-robot inter-
action (Dautenhahn, 2007). Despite the recognition that people’s per-
ceptions of technology are relevant and important, little is known
regarding if and how increasing levels of autonomy shape such per-
ceptions. Therefore, this research aims to fill this gap by systematically
exploring whether and how technical autonomy shapes social perceptions.

2. The social perception of technology

Various studies have shown that humans treat, perceive, and interact
with technologies as if they are social actors (for an overview see e.g.
Reeves & Nass, 1996). For example, research has found that people
apply social norms such as politeness when interacting with computers
(Nass, Moon, & Carney, 1999) and rely on gender stereotypes (Nass,
Moon, & Green, 1997). Initial work in this area focused on computers,
technical systems unable to learn or increase their source data, and thus
machines that operate at a rather low level of autonomy. These findings
have been replicated with more sophisticated technical agents such as
chatbots and robots, in the former offering evidence that people tend to
interact with them as if they are human (Corti & Gillespie, 2016) and in
the latter categorizing them according to gender stereotypes (Eyssel &
Hegel, 2012). Thus, people react socially to technical agents, regardless
of whether they are simple computers or advanced chatbots.

This tendency to perceive and treat non-human entities such as
computers and robots as if they are human is called anthropomorphism
(Epley, Waytz, & Cacioppo, 2007). Anthropomorphizing non-human
entities is a highly adaptable heuristic for making sense of one’s envi-
ronment (Epley et al., 2007). Children and adults alike describe a wide
range of non-human entities and phenomena (such as animals or the
weather) in anthropomorphic ways (Zlotowski, Proudfoot, Yogees-
waran, & ). Voice (Schroeder & Epley, 2016), movement patterns
(Broadbent, 2017), and facial cues (Kim, Zhang, & Park, 2018) have all
been found to reinforce the tendency to anthropomorphize technical
agents. However, anthropomorphism only appears on an implicit level;
when participants were asked explicitly if they would ascribe
human-like characteristics to robots, they said they would not (Zlo-
towski et al., 2015). Thus, anthropomorphizing technical agents is
considered an unintentional process that happens automatically (Epley
et al., 2007). From this, it follows that people tend to attribute human
characteristics to technical systems and treat technical systems like so-
cial actors. For this reason, the dimensions of social cognition, as well as
the dimensions of mind perception, are worthy of closer examination
because both capture social perceptions in a very basic manner.

In the field of social cognition, it is well-recognized that people
perceive other entities, usually other people or groups of people, in
terms of warmth and competence; together, these perceptions comprise
the universal dimensions of social cognition (Fiske, 2018; Fiske, Cuddy,
& Glick, 2007). The warmth dimension describes the perceived intent of
an entity and includes ascriptions of friendliness and helpfulness,
whereas the competence dimension describes the perceived ability of an
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entity and includes ascriptions of intelligence and efficacy (Fiske et al.,
2007). Findings in the field of social cognition research have already
been applied to human-machine interactions. The Robotic Social Attri-
butes Scale, an instrument for measuring people’s judgment of robots,
draws upon these two universal dimensions of social cognition (Carpi-
nella, Wyman, Perez, & Stroessner, 2017). However, no general pattern
of warmth and competence ascriptions to technical systems can be
inferred from the literature. On the one hand, there is evidence that
robots are ascribed more competence than warmth (Pan, Croft, & Nie-
meyer, 2018). On the other hand, Kim, Schmitt, and Thalmann (2019)
found in their study of a service robot that anthropomorphic features
affect the judgment of warmth but not of competence. Ascriptions of
warmth have also been found to predict trust in human-machine in-
teractions. The more warmth a technical system is ascribed, the more
trustworthy it appears (Kulms & Kopp, 2018). Furthermore, a study
explicitly investigating the impact of the perceived level of technical
autonomy on the social perception of intelligent personal assistants
(such as Amazon’s Alexa and Apple’s Siri) suggested that growing au-
tonomy increases ascriptions of both warmth and competence (Hu, Lu,
Pan, Gong, & Yang, 2021). In sum, these findings suggest that people
tend to ascribe warmth and competence to technical systems and that
increasing levels of technical autonomy may lead to more ascribed
warmth and competence.

Another approach to understanding social perception centers on a
more specific domain: the mind. Researchers have investigated if and
under what conditions an entity is perceived as having a mind. Ac-
cording to this paradigm, mind perception is comprised of two di-
mensions: experience and agency (Gray, Gray, & Wegner, 2007; Waytz,
Gray, Epley, & Wegner, 2010). While experience describes whether an
entity is ascribed the capacity to sense and feel, agency indicates if an
entity is ascribed the ability to plan and act (Waytz, Gray, et al., 2010).
According to Gray et al. (2007) mind perception is closely interlinked
with an entity’s moral status: Someone (or something) perceived has
having substantial agency is considered a moral agent, and as such bears
moral responsibility. Inversely, entities perceived as being capable of
experience are regarded as moral patients, and as such possess moral
rights (Waytz, Gray, et al., 2010).

In their study of mere ascription of mind perception dimensions Gray
et al. (2007) compared different entities with regards to how much and
what type of mind they were ascribed. This comparison showed that
human beings are attributed a considerable amount of agency and
experience. An animal such as a frog is attributed little agency but much
experience. In that study, participants were also asked to rate a social
robot, which was ascribed a medium amount of agency and almost no
experience. Thus, people tend to ascribe mind perception dimensions to
technical systems. The ascription of a mind is closely interlinked with
contextual factors such as the function a technical system fulfills. If a
technical system primarily performs social tasks and acts as a caregiver,
it is perceived as having a stronger capacity to experience (as opposed to
a condition where the same system primarily performs economic tasks
and acts as a salesperson) (Wang & Krumhuber, 2018). In an experiment
with a self-driving car, participants ascribed more agency and experi-
ence to a vehicle that was given a name, voice, and gender, as compared
to a self-driving car without these cues (Waytz, Heafner, & Epley, 2014).
Additionally, (un)predictability has been found to be a determinant in
ascribing a mind; the more unpredictable the entity acts, the more
mindful it appears (Waytz, Gray, et al., 2010). Applied to the concept of
technical autonomy, which renders actions of technical systems opaque,
this suggests that an increasing level of autonomy might make the
ascription of a mind more likely.

2.1. The present study
Overall, the findings reported above show that people readily ascribe

to technical systems concepts and variables that are usually employed in
human-human perception, such as warmth, competence, agency, and
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experience. In studies concerned with mind perception, these ascriptions
were found to follow a persistent pattern; technical systems were
ascribed more agency (and thus the capacity to act) than experience
(and thus the capacity to sense) (Gray et al., 2007; Stafford, MacDonald,
Jayawardena, Wegner, & Broadbent, 2014). However, none of the
studies cited above systematically tested how increasing levels of tech-
nical autonomy shape such perception. The pattern of ascription related
to the universal dimensions of social cognition (i.e., warmth and
competence) is less clear. Some studies indicated that technical systems
were ascribed competence but not warmth (Pan et al., 2018), whereas
other findings suggested that under increasing levels of technical au-
tonomy perceived warmth and competence increased (Hu et al., 2021).
In other words, the current state of knowledge on the influence of
increasing autonomy on the social perception of technology is both
ambiguous and fragmentary. Likewise, the notion that technical au-
tonomy is gradual and different from automation is relatively new (see,
e.g., Simmler & Frischknecht, 2021). Rather, over the past several de-
cades, technical systems have been treated as constants (Sundar, 2020),
and generally, the perception has been that a simple computer tends to
elicit more or less the same social response as a sophisticated virtual
assistant (see e.g., Nass & Moon, 2000; Reeves & Nass, 1996).

Thus, the goal of the present study is to further explore how
increasing levels of technical autonomy generally affect such ascriptions.
To do so, this research systematically explores if and how increasing
levels of technical autonomy affect the social perception of a technical
system. We hypothesize that the level of technical autonomy shapes how
the technical system is socially perceived, and thus affects how much
warmth, competence, experience, and agency it is ascribed. We further
expect that the more autonomous the technical system is, the more
warmth, competence, experience, and agency it will be ascribed.

To experimentally test the effect of increasing levels of autonomy on
social perception, vignettes were developed for the different groups that
illustrated varying levels of autonomy. To do so, the approach of
Simmler and Frischknecht (2021) was employed because it provided a
straightforward description of five different, consecutive levels of
technical autonomy. According to their research, technical autonomy is
mainly shaped by four dimensions: indetermination, non-transparency,
adaptability, and openness. A technical system that is completely
determined and transparent, unable to adapt to its environment, and not
open (i.e., closed) is said to have no autonomy. Conversely, an inde-
termined, non-transparent, adaptable, and open system is considered to
reach the highest level of technical autonomy. In between lie three other
levels of autonomy, or what they called non-transparent, indetermined,
and adaptable systems. A more detailed description of the five possible
levels of technical autonomy and what technical features delineates
them can be found in Table 1. It is important to note that the taxonomy
represents autonomy in terms of today’s possibilities, and further de-
velopments might allow for even higher levels of technical autonomy.

3. Method

This study employed a one-factorial between-subject design. Tech-
nical autonomy was the single factor and consisted of five different
levels. In order to anchor the impressions of the technical system, a
condition describing a human being was added. This resulted in six
different experimental conditions.

3.1. Participants

All participants (N = 300) were recruited via Amazon’s Mechanical
Turk (m-turk). M-turk samples have been proven to be valid and of
similar quality as data collected by more conventional means
(Buhrmester, Kwang, & Gosling, 2011; Casler, Bickel, & Hackett, 2013;
Paolacci, Chandler, & Ipeirotis, 2010). To ensure high data quality,
participants were selected based on three criteria. They had to be US
residents, have a Human Intelligence Task (HIT) approval rate greater
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Table 1
Five Levels of Technical Autonomy and Main Characteristics (Simmler &
Frischknecht, 2021)* and their Correspondence in the Vignette.

Level of Technical Features of Technical Correspondence with the Vignette

Autonomy Autonomy
Deterministic system determined, completely predetermined,
transparent, the same input always leads to the
non-adaptable, same output,
closed easily traceable,
neither learns nor adapts,
the data are specified,
the system is closed
Non-transparent determined, completely predetermined,

system non-transparent, the same input always leads to the
non-adaptable, same output,
closed not easily traceable,
neither learns nor adapts,
the data are specified,
the system is closed
not completely predetermined,
non-transparent, the same input does not necessarily
non-adaptable, lead to the same output,
closed not easily traceable,
neither learns nor adapts,
the data are specified,
the system is closed

Indetermined system indetermined,

Adaptable system indetermined, not completely predetermined,
non-transparent, the same input does not necessarily
adaptable, lead to the same output,

closed not easily traceable,
able to learn and adapt,
the data are specified,
the system is closed

Open system indetermined, not completely predetermined,
non-transparent, the same input does not necessarily
adaptable, lead to the same output,

open not easily traceable,
able to learn and adapt,
the data are not specified,
the system is open

*Property changes leading to higher levels of technical autonomy are marked in
italics.

than 98%, and completed more than 500 HITs. Participants were paid
$1.20 for taking part in the study.

Participants were randomly assigned to one of the six conditions
(consisting of the five levels of autonomy and one human control con-
dition, see Table 1), resulting in 50 participants per condition. 12 par-
ticipants had to be excluded because they failed at least one attention
check. This resulted in a final sample of 288 participants (120 females,
167 males, and 1 person reporting “other” for gender). The mean age
was 37.09 years (SD = 11.41).

3.2. Materials

3.2.1. Manipulation

Depending on the condition the participant was assigned, they
received a description either of a technical system or human being. The
descriptions were constructed based on the conception of technical au-
tonomy provided by Simmler and Frischknecht (2021). Four technical
characteristics were considered relevant for technical autonomy (i.e.,
transparency, determinism, adaptability, and openness; these were
varied among the conditions). The structure of each description was
held constant. Only the system’s characteristics were modified, and the
rest of the description was held as constant as possible. The key char-
acteristics were marked in bold font (as indicated in the sample vignette
below). Participants received the following vignette, with the descrip-
tion matching the level of technical autonomy according to the assigned
condition.

The actions of the technical system are [completely/not
completely] predetermined, which means that the same input
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[always/not necessarily] leads to the same output. The steps to get
from input to output [are/are not] easily traceable and transparent to
an outsider/observer. The technical system [can neither/is able to]
learn (n)or adapt to the environmental conditions in which it is
embedded. The data upon which the system is based [are/are not]
specified in advance. Therefore, the system is [closed/open].

Table 1 depicts the five conditions in greater detail, and illustrates
how the manipulation fit the respective levels of autonomy proposed by
Simmler and Frischknecht (2021). It is important to note that these
descriptions were deliberately kept generic, text-based, and abstract
because the goal of the experiment was to generally explore social per-
ceptions as a function of technical autonomy. By providing a bare and
abstract description of the technical system with regards to its capabil-
ities, it is possible to isolate the effects of technical autonomy. In order to
do so, appearance (Kim et al., 2018; Schroeder & Epley, 2016) and task
domain (Wang & Krumhuber, 2018) had to be experimentally controlled
by holding them constant, as both could have impacted participants’
social perceptions. Put differently, by describing a technical system
fulfilling a task such as caring for the elderly or including images or
videos of a particular technical system, the effect of the technical au-
tonomy could potentially have been confounded.

For exploratory reasons, a human (control) condition was also
included in the experiment. This condition served to classify and
contextualize the results. Participants in this condition received the
following instruction: “Think of human beings in general. Try to imagine
their capabilities and characteristics.”

3.2.2. Dependent variables

All responses concerning the dependent variables were made on a 5-
point Likert scale ranging from 1 (not at all) to 5 (very much). All items
were presented in a randomized order to counterbalance any possible
presentations effects. The survey measured four dependent variables:
warmth and competence (together comprising the universal dimensions
of social cognition) and experience and agency (together comprising the
two dimensions of mind perception). The universal dimensions of social
cognition, warmth and competence, were operationalized with the items
suggested by Fiske (2018). The competence scale consisted of the
following items: competent, intelligent, skilled, efficient, assertive, and
confident (Cronbach’s o = 0.84). The warmth scale was composed of the
following items: warm, trustworthy, friendly, honest, likable, and sincere
(Cronbach’s a = 0.89). The mind perception dimensions were oper-
ationalized according to Wang and Krumhuber (2018). The agency scale
consisted of the following items: exercise self-control, think analytically, be
rational, remember, and plan (Cronbach’s o = 0.87). The experience
dimension was measured with the following items: experience emotions,
have feelings, be emotional, desire, and understand others (Cronbach’s o =
0.98).

3.2.3. Control variables

Possible covariates were also included in the survey experiment. The
personal tendency to anthropomorphize served as the first control var-
iable and was measured with the questionnaire developed by Waytz,
Cacioppo, and Epley (2010) (Cronbach’s o = 0.79). The instrument
contained items such as “To what extent does a cheetah experience
emotions?” Controlling for the personal tendency to anthropomorphize
was important, it was possible that the stronger this tendency was, the
more the participant would ascribe dimensions of social cognition and
mind perception variables. Technical affinity, the second control vari-
able, was operationalized with items proposed by Franke, Wessel, and
Attig (2018) (Cronbach’s o = 0.82). This included items such as “I try to
understand precisely how a technical system works.” Including technical
affinity allowed the possible confounding effects of participants’ interest
in and experience with technical gadgets to be controlled, as knowledge
and online self-efficacy have been found to be relevant determinants in
technology perception (Araujo et al., 2020).
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3.2.4. Manipulation and attention checks

In the manipulation check, participants were asked how autonomous,
independent, self-sufficient, and self-reliant the system was according to
their point of view. These items were employed in the self-developed
perceived autonomy scale (Cronbach’s o = 0.9). A total of three atten-
tions checks were built in between the dependent and control variables
to identify inattentive participants. These three items took the form of
directed queries (sample item: “In this row, click (undecided)*), as
suggested by Abbey and Meloy (2017). The answer was considered
correct if the participant clicked what was indicated in the query and
incorrect if they clicked something else.

3.3. Procedure

The survey experiment was completed online and programmed on
Unipark. After a general introduction, participants were provided with
the following instructions on how to complete the survey: Below, you will
receive a description of a technical system and how it functions. Please read it
carefully and make sure you understand the system’s features. Of course, you
may read the description more than once. When reading, please imagine this
system in as much detail as possible. Then the participants received a
description of a technical system, depending on the condition to which
they were randomly assigned. The most important features of the
technical system were emphasized in bold font. In the human control
condition, participants were instructed to simply rate their impressions
of human beings in general. Then, participants received the following
statement: You have just read a description of a technical system. Now, you
must evaluate it. Note that there is no correct answer. Simply rate the items
according to your impressions. The participants then rated their impres-
sions regarding the universal dimensions of social cognition: compe-
tence and warmth. Next, they were instructed to read the same
description of the technical system (or the human being) again and rate
items related to the dimensions of mind perception: agency and expe-
rience. Then, participants were instructed to complete the manipulation
check items and asked to briefly describe what kind(s) of technical
system(s) they had in mind when completing the survey. The two con-
trol variables of technical affinity and personal tendency to anthropo-
morphize were then measured. Lastly, participants provided
demographic information and were given the opportunity to provide
general feedback. Finally, the participants were thanked and received a
payment code.

4. Results
4.1. Preliminary analyses

All scales were found to be sufficiently reliable; therefore, all items
were used for further analysis. In order to test if the manipulation
worked (i.e., if the vignettes did in fact manipulate technical autonomy),
a one-way analysis of variance (ANOVA) was conducted of the five levels
of technical autonomy (ranging from deterministic to open systems) as
factors, and the amount of perceived autonomy as a dependent variable.
Because the assumption of equal variances was violated, a robust one-
way ANOVA using Welch’s procedure revealed a statistically signifi-
cant main effect (F(4,116.4) = 3.206, p = .015, npz = 0.047). This
suggests that the vignettes in fact manipulated technical autonomy.

4.2. Effects of technical autonomy

To explore the effects of technical autonomy on the general social
perception of a technical system, a multivariate analysis of variance
(MANOVA) was conducted of the levels of technical autonomy as in-
dependent variables and ascriptions of warmth, competence, agency,
and experience as dependent variables. The group means and standard
deviations can be found in Table 2. In order to check if the MANOVA was
eligible, a series of Pearson’s correlations were performed among all the
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Table 2
Means and standard deviations of experimental conditions.
Warmth Competence Experience Agency
M SD M SD M SD M SD
Deterministic system 2.51 0.92 3.22 0.96 1.28 0.59 2.47 1.04
Non-transparent system 2.42 0.81 3.15 0.86 1.38 0.85 2.57 0.91
Indetermined system 2.24 0.85 2.82 0.85 1.37 0.73 2.39 1.21
Adaptable system 2.29 0.81 3.16 1.05 1.34 0.70 2.96 1.06
Open system 2.51 0.88 3.41 0.90 1.40 0.63 3.20 1.01
Human 4.28 0.74 4.45 1.02 4.89 0.26 4.49 0.68

dependent variables to see if they correlated in a moderate fashion. The
correlation pattern depicted in Table 3 suggests that a MANOVA was
appropriate. Additionally, a Box M test was conducted and found not to
be statistically significant (M = 53.37, p = .11), indicating that the
covariance matrices were roughly equal among the groups. As hypoth-
esized, the MANOVA revealed a statistically significant multivariate
effect of technical autonomy, Wilk’s 4 = 0.86, F(16,6703) = 2.214, p =
.004, 11p2 = 0.037. This statistically significant effect persisted when
including the personal tendency to anthropomorphize and technical
affinity as covariates, Wilk’s 1 = 0.86, F(16,697) = 2.253, p = .003, npz
= 0.039.

To follow up this analysis, the univariate effects of technical auton-
omy on every dependent variable were explored separately. The cova-
riates remained in the model in order to further control for their effects.
Before doing so, a Levene’s test was run, which suggested that the
assumption of homogeneity of the variances was met (smallest p =
.378). On the one hand, these univariate analyses revealed a statistically
significant main effect of technical autonomy on competence (F(4, 231)
= 2.218, p = .042, 11p2 = 0.042). Follow-up tests revealed that partici-
pants perceived the open system as significantly more competent (M =
3.39, SE = 0.128, p = .023) than the indetermined system (M = 2.801,
SE = 0.126). Regarding the deterministic (M = 3.19, SE = 0.126), non-
transparent (M = 3.12, SE = 0.125), and adaptable systems (M = 3.22,
SD = 0.126), no differences were found. This is in line with the hy-
pothesis, according to which technical autonomy has an effect on the
ascription of competence. However, the assumption that the higher the
level of autonomy is, the more competence is ascribed received only
partial support.

Another statistically significant univariate main effect was found on
agency (F(4,231) = 6.085, p < .001, npz = 0.095). Follow-up tests using
the Bonferroni adjustment showed that the open system (M = 3.20, SE =
0.148) was ascribed statistically significant more agency than were the
deterministic system (M = 2.44, SE = 0.146, p = .004), the non-
transparent system (M = 2.54, SE = 0.14, p = .017), and the inde-
termined system (M = 2.39, SE = 0.149, p = .002). Additionally, the
adaptable system (M = 3.02, SE = 0.146) was ascribed statistically
significant more agency than the indetermined system (M = 2.39, SE =
0.149, p = .031). Thus, this is in line with the hypothesis that technical
autonomy affects the ascription of agency and supports the hypothesis
that the more autonomous a technical system is the more agency it is
ascribed in tendency.

On the other hand, the univariate analyses showed no statistically
significant main effect of technical autonomy on warmth (F(4, 231) =

Table 3
Correlations among dependent variables.
M SD 1 2 3 4
1. Warmth 2.39 0.85 1
2. Competence 3.15 0.94 .68 1
3. Experience 1.35 0.70 .53 .33 1
4. Agency 2.72 1.09 .49 .63 .39 1

* Note that the human condition was excluded from this analysis as it was not
part of the MANOVA.

0.697, p =.595, 11p2 =0.012) and on experience (F(4, 231) = 0.357,p =
.839, npz = 0.006), indicating that the group means did not differ in a
statistically meaningful manner. Follow-up tests using the Bonferroni
correction revealed no differences among any of the experimental con-
ditions. Thus, the findings regarding the ascription of warmth and
experience both were not in line with the hypotheses. For better clarity,
Fig. 1 depicts the mean ascription of warmth, competence, experience,
and agency across the five experimental conditions.

4.3. Contrasting technical systems with humans

As explained above, for exploratory reasons, a human control group
was included in the experimental design. However, it became evident
that the human control condition differed drastically (and thus statisti-
cally significantly) from the conditions capturing technical autonomy;
this was true for every dependent variable and the manipulation check.
Thus, the condition was excluded from the main analyses, as the
experiment was designed to explore the social perception of autonomous
technologies and not to compare autonomous technical systems with
humans. Because the assumption for MANOVA was violated, a Kruskal
Wallis Test was conducted. This test revealed, a significant effect of
technical autonomy on all dependent variables (i.e. warmth, compe-
tence, agency and experience), largest p < .001. Additionally, follow-up
tests using the Dunn-Bonferroni adjustment revealed that the human
control condition differed statistically significantly from every level of
technical autonomy in all dependent variables (all differences below p
< .001). Fig. 2 further highlights the difference between the conditions.

5. Discussion

The experiment described above was designed to explore if
increasing levels of technical autonomy mattered for social perception,
and if so, how increasing levels of technical autonomy might shape these
social perceptions. Ascription patterns were systematically tested by
operationalizing technical autonomy with theoretically grounded vi-
gnettes and thus describing technical systems operating on different
levels of autonomy. The results suggest that increasing levels of tech-
nical autonomy did indeed influence the social perception of the tech-
nical systems. In particular, increasing levels of technical autonomy
changed the ascription of competence and agency, while ascriptions of
warmth and experience did not change under conditions of increasing
technical autonomy. Furthermore, the results presented above were
neither due to personal tendency for anthropomorphizing nor to tech-
nical affinity, as they were experimentally controlled due to their
potentially confounding effects. It is also important to note that tech-
nology, even at a high level of autonomy, was attributed significantly
less warmth, competence, experience, and agency than human beings.

In a broad sense, the results suggest that increasing levels of technical
autonomy affect the social perception of technology in general. The
evidence presented above suggests that technical autonomy shapes how
technical systems are socially perceived, and therefore is an important
point to consider when investigating human-machine interactions. Past
research has argued that factors such as embodiment (Hoffmann, Bock,
& Rosenthal vd Piitten, 2018, pp. 370-378), voice (Waytz et al., 2014),
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Fig. 1. Mean ascriptions of social cognition and mind perception dimensions. Mean scores adjusted for covariates, anthropomorphism, and technical affinity by

condition. Error bars represent standard errors.
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Fig. 2. Mean ascriptions of social cognition and mind perception dimensions including the human control condition. Mean scores adjusted for covariates,
anthropomorphism, and technical affinity by condition, including the human control condition. Error bars represent standard errors.

gender (Eyssel & Hegel, 2012), and the social role (Wang & Krumhuber,
2018) a technical system is assigned all matter with regards to how it is
socially perceived. Technical autonomy complements these findings by
emphasizing that it may also be important to consider the level of au-
tonomy at which the technical system operates.

In a narrower sense, the results also provide evidence of how the
perception of technology is altered under conditions of increasing
technical autonomy. While technical autonomy affected the ascription
of competence and agency, it had no effect on ascriptions of warmth and
experience. This pattern is in agreement with the results of past research
on how technical agents are generally perceived: as more competent
than warm as well as having more agency than experience (see for
example Gray et al., 2007; Pan et al., 2018; Stafford et al., 2014).

Additionally, the data contain evidence that ascriptions of compe-
tence and agency change under conditions of increasing levels of tech-
nical autonomy. The open system and the adaptable system, both
operating on relatively high levels of autonomy, were ascribed more
agency than technical systems operating at lower levels of autonomy.
This difference thus became evident at the level where technical systems
are described as capable of learning and adapting (see Simmler &
Frischknecht, 2021). The significant increase of agency ascriptions thus

might be explained by the adaptability of technical systems. Further
investigating how machine learning algorithms shape social perception
thus could be an interesting area for further research. Regarding the
ascription of competence, a surprising pattern was observed. Although
the open system was regarded as the most competent, the indetermined
system was considered the least competent. According to the taxonomy
of Simmler and Frischknecht (2021), this means that it was not a system
operating at a low level of autonomy but one at an intermediate level of
autonomy that was ascribed the least competence. The data allow no
direct conclusions about why this was the case. A possible explanation
for this may be that the indetermined system contains a random factor
(Simmler & Frischknecht, 2021). This could have given the impression
of an arbitrary or random system and thus might have had a negative
impact on the ascription of competence.

Conversely, technical autonomy had no effect on the ascription of
experience. Experience is closely related to having and expressing
emotions (Gray et al., 2007) and thus may simply have been too far
removed from what a technical system, regardless of its level of auton-
omy, can realistically be ascribed. Likewise, the findings indicate no
effect of increasing levels of autonomy on the ascription of warmth,
which is in contrast to the results of Hu et al. (2021). According to that
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study, the higher the perceived autonomy of an intelligent service as-
sistant was, the more warmth participants ascribed to it. One potential
explanation of why the present study failed to replicate these findings
might lie in the operationalization of technical autonomy. While this
study presented generic vignettes referring to “a technical system,” Hu
et al. (2021) investigated the effects of intelligent virtual assistants, and
thus technical agents with anthropomorphic features such as names and
voices that fulfilled social tasks and helped or assisted human beings.
Past research has shown that characteristics such as a human-like
appearance increases perceptions of warmth (Kim et al., 2019), and
that occupying a social role determines the ascription of experience
(Wang & Krumhuber, 2018). Thus, it may be that technical autonomy
per se impacts the ascription of competence and agency, while bodily or
contextual features such as a friendly face or social role impact the
ascription of warmth and experience. Because this study does not pro-
vide a potential explanation for this, future research should explore how
technical autonomy interacts with other factors. A deeper understanding
of how the perception of warmth and technical autonomy relate is
crucial because the perception of warmth seems to determine trust
(Kulms & Kopp, 2018), and trust is highly relevant in the context of
human-machine interactions (de Visser et al., 2018).

As this study’s aim was to explore the impact of technical autonomy
in only a general sense, no direct behavioral consequences of these as-
criptions were measured. However, by matching the findings with re-
sults from past research, two possible implications become clear. First,
competence and agency describe behavioral and intellectual abilities,
and the results suggest that people ascribe more intellectual ability to
technical systems described as operating with higher levels of technical
autonomy. Because of this, people may be more likely to act on sug-
gestions and recommendations from systems operating at higher levels
of autonomy. Yet, this remains only a proposition. In their series of ex-
periments, Logg, Minson, and Moore (2019) showed that people in fact
are willing to rely on the advice of algorithms. Future research should
also investigate how increasing levels of technical autonomy affect this
willingness, what actual impacts (if any) increasing levels of technical
autonomy have on decisions, and if people do, in fact, tend to rely more
heavily on outputs produced by systems with greater levels of auton-
omy. Secondly, in the present research, as the autonomy level increased,
more agency was attributed to the technical system. Entities described as
being capable of agency are considered moral agents, which are usually
regarded as being responsible for their actions (Waytz, Gray, et al.,
2010). So far, it has been shown that machines are blamed less for errors
than are humans (Awad et al., 2020). However, it may be that judgments
regarding responsibility change under conditions of increasing technical
autonomy. Whether or not advanced technology is regarded as respon-
sible for its actions could for example have implications for future
legislation.

The experiment and findings presented here have certain limitations.
Two of those limitations are related to the application of generic vi-
gnettes that abstractly described technical autonomy and did not pro-
vide any further information. First, this may have been difficult to
understand. However, the manipulation check showed that perceived
autonomy differed across the conditions and that the relationship was
linear (i.e., the higher the level of autonomy described in the vignette,
the more autonomous the technical system was perceived by the par-
ticipants). This suggests that the manipulation of the level of autonomy
did work as intended and the vignettes were sufficiently comprehend-
ible. Second, the generic vignettes might limit the applicability of the
results in more specific contexts. The perception of technology and
human reactions to it might vary by contexts (Rahwan et al., 2019). For
example, Wang and Krumhuber (2018) demonstrated that a robot was
ascribed more experience when it fulfilled a social role as opposed to
when that same robot fulfilled an economic role. Given this context
dependence of human-machine interactions, it might be that technical
autonomy is perceived differently when it is implemented in a hospital
rather than an investment bank. Thus, testing the effects of technical
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autonomy on social ascription patterns across different social contexts
would be an interesting area of further research. Another concern is
related to the external validity of the results. The data were gathered via
an online experiment, and thus did not allow for predictions regarding
the influence of increasing levels of technical autonomy in the real
world. In the real world, human-machine interactions take place in
complex settings where attention is never directed to a single feature of
the technology. Thus, the experiment likely overestimated the effects of
technical autonomy in the real world. Lastly, due to this experiment’s
explorative nature, possible moderators and mediators were not
considered in the design. Likewise, it was beyond this paper’s scope to
test associations between warmth, competence, experience and agency
and how the levels of autonomy shape combinations of these
perceptions.

6. Conclusion

Self-driving cars, predictive policing software, and care robots all
require advanced technical capabilities such as the ability to adapt to
their environment and enlarge their initial source data (Rahwan et al.,
2019). As a result, these technical systems have become more autono-
mous. This study explored the influence of increasing levels of autonomy
on how machines are socially perceived, since people tend to treat
technology as a social actor (Nass & Moon, 2000). For many years, the
prevailing view was that people reacted socially to technology and that
functionality played little role in the response (i.e., a simple computer
would elicit roughly the same social response as an advanced, adaptable
recommender system) (Reeves & Nass, 1996). Technical functioning
such as technical autonomy was considered a constant (Sundar, 2020)
and thus regarded as negligible. Counter to this, the present work sug-
gests that the functioning of a technology does, in fact, matter for social
perception because under conditions of increasing technical autonomy,
social perceptions differ and change. Technical autonomy is a relevant
variable that matters in human-machine interactions.
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