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A B S T R A C T   

This study tests how individuals attribute responsibility to an artificial intelligent (AI) agent or a human agent 
based on their involvement in a negative or positive event. In an online, vignette experimental between-subjects 
design, participants (n = 230) responded to a questionnaire measuring their opinions about the level of re-
sponsibility and involvement attributed to an AI agent or human agent across rescue (i.e., positive) or accident (i. 
e., negative) driving scenarios. Results show that individuals are more likely to attribute responsibility to an AI 
agent during rescues, or positive events. Also, we find that individuals perceive the actions of AI agents similarly 
to human agents, which supports CASA framework’s claims that technologies can have agentic qualities. In order 
to explain why individuals do not always attribute full responsibility for an outcome to an AI agent, we use 
Expectancy Violation Theory to understand why people credit or blame artificial intelligence during unexpected 
events. Implications of findings for practical applications and theory are discussed.   

In simple terms, a self-driving car is a vehicle that uses an artificial 
intelligent (AI) system to evaluate information from sensors to make 
decisions while on the road (Kim, Na, & Kim, 2012; Vellinga, 2017). The 
deployment of these vehicles has been touted as a catalyst to revolu-
tionize the future of transportation by decreasing accidents, reducing 
traffic, and improving the environment by lowering emissions (Rahman, 
Hamid, & Chin, 2017). The belief that self-driving cars will decrease 
accident rates is attributed to their limited reliance on human input, 
which implies that AI programming has the ability to outperform human 
judgment (Teoh & Kidd, 2017). The progress of automation technologies 
in cars within recent years has been significant, and these technologies 
are expected to be deployed on a mass scale within the next decade 
(Borraz, Navarro, Fernández & Alcover, 2018; Lee, Jung, Jung, & Shim, 
2018). 

Despite this hype of potential, a series of negative events involving 
self-driving cars have called their reliability into question and prompted 
legislative calls for regulation (Wakabayashi, 2018). For example, in 
March 2018, an Uber Technologies Inc.-owned self-driving car struck 
and killed a pedestrian in Phoenix, Arizona. The fatality garnered 
widespread public attention and created controversy about the safety 
and legality of this form of AI-enabled technology. Even before the tragic 
Uber fatality, self-driving cars had not gained significant recognition, 

much less trust from the public. Kohl, Knigge, Baader, Böhm, and 
Krcmar (2018) examined general attitudes toward self-driving cars 
(using Twitter data before the Uber accident) and found that individuals 
expressed more tweets about risks about employing a self-driving car 
than they do for their benefits. Another study about the perception of 
self-driving cars found that the acceptance of self-driving cars increases 
when the AI driver is expected to show better performance than human 
drivers (Gambino & Sundar, 2019). 

Unlike previous empirical work in this area of research, this current 
study seeks to understand perceptions of AI agents in self-driving cars 
using a human-computer interaction (HCI) approach, which focus on the 
interaction between users and computing devices to help create more 
user-friendly environments (Ebert, Gershon, & Veer, 2012). We draw on 
this line of thinking since scholars have generally theorized about AI as 
more than a simple tool, but as an agent—an entity that interacts with 
human beings (Guzman & Lewis, 2019). The central issue this study 
takes up is perception—how do we think about AI-enabled drivers 
compared to human drivers on the road? Answering this question allows 
us to inform better policy, improve marketing and understand the 
diffusion and adoption of what is anticipated to be a fundamental part of 
modern life. As AI technology diffuses throughout society, we inevitably 
confront its costs and benefits against its practicality and the perceptions 
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we have about them. In turn, we may form differences in perceptions 
from our relationships with AI technologies compared with other forms 
of technological tools we currently use. Therefore, studies about how 
responsibility is attributed to AI are crucial and urgently needed 
(Coeckelbergh, 2019). The following section outlines how we set out to 
understand the ways that people perceive AI in both positive and 
negative situations, and we apply the lens of two theoretical frame-
works: schema theory and attribution theory. 

1. The distinction between the perception of agents and their 
actions 

Research examining how responsibility and blame are attributed to 
agents contends that the evaluation of an event and the evaluation of an 
agent should be considered separately when forming moral judgements 
about others (Malle, Guglielmo, & Monroe, 2014). Therefore, in this 
paper, we argue that the agents (human vs AI) and their actions should 
be evaluated separately. Since artificial intelligence has often been 
deemed as a less autonomous being (Cevik, 2017), it is possible that 
reactions to AI’s actions may not be the same as reactions toward the AI 
itself (as an entity). For instance, people might think that Apple’s Siri 
conversation style is kind, but that Siri herself is not kind because her 
responses are programmed. Thus, this study will test both approaches, 
examining self-driving car scenarios by looking at the agent, as well as 
their actions. The perception of an AI agent, or an AI-enabled self--
driving car, is theorized using schema theory while perceptions about 
actions are theorized with attribution theory. 

2. Schema theory and Computers-Are-Social-Actors 

Recent studies characterize self-driving cars not only as vehicles that 
do not rely on human control and input, but rather as autonomous be-
ings that possess their own agency (Ratan, 2019). This form of agency is 
primarily derived by the way these technologies are anthropomor-
phized. By having more humanness-associated characteristics, machines 
can be perceived differently based on how we expect them to interact 
(Go & Sundar, 2019). It has been found that self-driving cars with high 
levels of anthropomorphism lead people to trust their actions (Waytz, 
Heafner, & Epley, 2014). Therefore, it is expected that people may 
perceive a self-driving car similarly as an “agent” that can embody 
human-like qualities rather than a typical vehicle that is not autonomous 
and requires direct action from a human. To determine the extent to 
which people can perceive this degree of similarity toward a self-driving 
car, this study employs schema theory to help explain the cognitive 
processes of information perception. 

Schema theory is an approach that can explain how people may 
perceive an artificial intelligent agent, or what we refer to as an AI 
driver, to be more or less similar to a human driver. A schema is a 
cognitive framework that is built upon an individual’s past experiences 
in order to perceive, comprehend, and recall new information (Bartlett, 
1932; Brewer & Treyens, 1981). Schemata function to decrease the 
complexity of situations in order to facilitate receiving new information 
so that typical situations can be processed without the effort of 
acknowledging and interpreting familiar objects and ideas (Harris & 
Sanborn, 2014; Kleider, Pezdek, Goldinger, & Kirk, 2008). 

While schema theory has often been used in media effects research 
(Dixon, 2006; Meirick, 2006; Scheufele, 1999; Scheufele & Tewksbury, 
2006), it has not yet been applied to perceptions of performance for 
emerging forms of technology like AI. One recent study found that 
schema, mental shortcuts for efficient information processes, induced 
from human-human interaction were applicable to both human and AI 
agents, while schema triggered from human-machine interaction can 
only be applied to AI agents (Velez et al., 2019). When behavior per-
formed by AI appears similar to human behavior, it is likely that people 
apply their schemata and evaluate AI similarly to humans. For instance, 
people attribute responsibility to AI agents when they engage in ethical 

violations as they would to human violators of the same behavior (Hong 
& Williams, 2019; Shank & Desanti, 2018). 

A similar argument was made by Computers-Are-Social-Actors 
(CASA). CASA argues that people mindlessly apply the same social 
heuristics used for human interactions to computers (Nass & Moon, 
2000). CASA is from the concept of mindlessness of Langer (1992), who 
claims that the unconscious awareness state of an individual depends on 
the context of interactions and relies on past experiences and knowl-
edge. Gambino, Fox, and Ratan (2020) suggested the extended appli-
cation of CASA through the development of social scripts for 
human-machine interactions. Previous CASA studies examining 
human-computer interaction find that humans attribute similar levels of 
social behavior biases such as gender stereotyping, personality, and 
expertise recognition toward machines (Nass, Moon, & Green, 1997; 
Nass & Lee, 2001). As a theoretical framework that focuses on how 
humans perceive technology as social actors, CASA can be applied to 
types of human-machine communication that do not necessitate verbal 
communicative interactions (e.g., operating a self-driving car as a 
driver). We arrive at this claim by upholding original CASA experi-
mental conditions, which were experiments which found that humans 
could perceive computers, who engaged in non-reciprocal interactions, 
as social actors (Nass & Moon, 2000). Recently, many CASA studies 
utilize experimental vignettes to examine how people evaluate machine 
agents (Dang & Liu, 2021; Höddinghaus, Sondern, & Hertel, 2021; 
Pelau, Dabija, & Ene, 2021). 

Both schema theory and CASA assume people’s intuitive perceptions 
are based on preexisting knowledge and experiences, which leads to 
indistinctive behaviors toward machines and humans. Based schema 
theory and CASA, we argue that the schema people have about human 
drivers will be triggered when seeing AI-enabled drivers’ humanlike 
performances, which can lead to an unconscious attribution of social 
norms. Therefore, people will evaluate AI drivers as they assess human 
drivers. In other words, it is assumed that AI and human drivers will be 
treated similarly. The context of this study tests how different actors are 
perceived based on their involvement in a driving scenario that results in 
either a negative and positive outcome. Taking these factors together, 
following hypothesis is proposed. Therefore, the following hypothesis is 
proposed: 

H1: For both an AI-enabled driver and a human driver, the actions of 
a driver in a positive event will be more positively assessed than the 
actions of a driver in a negative event. 

3. Attribution theory—defensive attribution 

After a condemnable offence occurs, people often search for infor-
mation to determine who or what should accept fault. Attribution theory 
explains how people identify causal links in order to form judgments 
about an event (Fiske & Taylor, 1991). Based on the theory, this study 
examines how an individual recognizing that a driver is a form of AI 
instead of a human may influence the level of perceived attribution a 
person places on it. Since computers now function as social actors, some 
studies have investigated how liability should be allocated to 
non-human agents when they cause blameworthy outcomes. This theory 
has been often used in research examining blame attribution in acci-
dents (e.g., Hill, 1975; Jeong, 2009; Rickard, 2014). Thus, we expect this 
theory can extend our thinking to include a self-driving car as an active 
social actor in a driving scenario with an accident. 

Defensive attribution, which is a component of attribution theory, 
argues that people attribute more responsibility to harm-doers with less 
personal or situational similarity (Shaver, 1970; Burger, 1981). This is 
basic ego protection just in case the same event happens to them. Adding 
to this, defensive attribution is often theorized to explain how people 
perceive accidents caused by non-human agents. In this process, humans 
refer to machine heuristics when employing defensive attribution to 
other entities that are not humans. Machine heuristics is a concept that 
helps explain how humans and machines are distinguished and 
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perceived differently from one another (Sundar & Kim, 2019). Although 
CASA claims that individuals treat technology as social actors, previous 
research examining machine heuristics find that people assume humans 
have qualities that are distinctive from technology. Machine heuristics 
argues that people distinguish themselves from machines; they think 
machines are colder, but also more just and trustworthy than humans. 
For instance, there are cases in which people evaluated AI-written news 
articles more credibly than articles written by humans (Liu & Wei, 2018; 
Tandoc, Yao, & Wu, 2020). On the other hand, people expect less 
interactivity from machines than humans (Go & Sundar, 2019). These 
studies illustrate that people have different assumptions toward AI 
agents, because they distinguish machines from other humans. Ac-
cording to machine heuristics, it is expected that people will differen-
tiate humans and machines, which leads to them to feel more attached to 
human drivers than AI-enabled drivers. In the context of self-driving cars 
and applying attribution theory, we can expect that people would 
generally identify with an AI driver less than they do with a human 
driver because of its machine-distinctive traits. In this case, participants 
are hypothesized to identify more with a human driver, compared to an 
AI driver, in an accident based on inherent human-like similarities. 
Therefore, because attribution theory posits that we are more likely to 
blame others unlike us, it suggests that people would be more likely to 
blame an AI-enabled driver than a human driver for the same error: 

H2. People will attribute more responsibility to an AI-enabled driver 
than a human driver when involved in a negative event. 

The usage of attribution theory is not only limited toward negative 
situations; it has also often been employed to explain the attribution of 
positive events (Sirin & Villalobos, 2011). In a landmark study by 
Medway and Lowe (1975), the valence of an event’s outcome and the 
level of attributed responsibility for an event was dependent on the 
severity of the overall outcome. However, the relationship between the 
perceived similarity between agents and the level of attribution in 
positive settings (which this paper seeks to examine) has yet to be 
investigated. Based on the same logic of how responsibility is attributed 
in negative events, it can be expected that AI-drivers will be attributed 
with less credit and praise than human drivers when they both achieve 
the same positive task. A recent study found that people often experience 
anxiety and concern when giving out compliments for fear of mis-
estimating the impact their praise might have on others, thus people 
reduce the amount of compliments they give (Boothby & Bohns, 2020). 
In other words, to the extent that people prefer to distinguish themselves 
from machines (Cha et al., 2020; Fox et al., 2015), they would be hes-
itant to compliment AI agents that they are less attached to than 
humans. This lessened degree of attribution of responsibility may be 
attributed to how humans perceive themselves dissimilarly to technol-
ogy. Taken together, these suggest the following two research questions: 

RQ1. Is there be an interaction between the valence of an event’s 
outcome (i.e., positive or negative) and the type of driver (human vs AI)? 

RQ2: Will people attribute less responsibility to an AI-enabled driver 
than a human driver in a positive outcome? 

4. Method 

A 2 × 2 experiment, between-subjects design was conducted where 
both the identity of agents in a situation (e.g., human vs. artificial in-
telligence) and the varying valence of an event’s outcomes (e.g., positive 
vs. negative) were considered. Employing a vignette design, a fictitious 
news article with a positive scenario was presented as a rescue, in which 
the agent (AI vs human) saved a driver and took them to a hospital. The 
other version of a fictitious news article with the negative scenario was 
presented as a crash. The manipulation used fictitious news articles for 
all four combinations (AI rescue, AI crash, human rescue, and human 
crash, see below). The dependent variables for the study were the sub-
ject’s perception of the agents and their level of responsibility attributed 
to the driver. 

4.1. Participants 

Amazon Mechanical Turk (MTurk) was used to recruit participants. 
Participants who participated in the survey more than once were 
excluded, leaving 230 participants from the 273 who were initially 
recruited. Power analyses using G-Power (Faul, Erdfelder, Lang, & 
Buchner, 2007) suggested the potential to detect medium-sized effects. 
The youngest participant was 19 years old, while the oldest participant 
was 70 years old (M = 33.21, SD = 12.64). In terms of gender, 62% of 
participants identified as male and 38% participants identified as 
female. 

4.2. Procedure 

Participants who agreed to participate in the study were given one of 
two types of reading stimuli in the form of a fictitious news article. Using 
articles as vignettes is a method that has been often used to test people’s 
attitudes and reactions (Billard, 2018; Hong, 2020). One article was 
based on an actual news report detailing how an AI driver saved its 
passenger from a potentially fatal acute pulmonary embolism (Ferris, 
2018). The following paragraphs of the story were from the rescuing 
condition with an AI driver: 

The artificial intelligent (AI) driving system in a self-driving car is 
being credited with having helped save a man’s life after its AI driver 
mode was enabled and drove him to a hospital when he suffered a 
pulmonary embolism. 

Yesterday, 29-year-old David McGill was driving to work when he 
felt an excruciating pain in his abdomen and chest. McGill recounted 
how he set the autonomous driving function on his self-driving car. “I 
thought it was easier to have the car drive me to the hospital rather than 
calling an ambulance,” McGill said. After being enabled, the self-driving 
car’s AI driver drove McGill to a nearby hospital. 

In the human driver condition, this article replaced the AI by intro-
ducing the driver as a “rideshare driver” in a Greenlight rideshare, a 
fictitious company that does not exist. 

The negative outcome/crash news articles were based on a hypo-
thetical car accident situation that led to the death of a passenger. A 
story about an accident with the death of a passenger was used because 
it demonstrated a contrast to the article that was about saving a person 
from immediate death. The following paragraphs are a sample reflecting 
the accident condition with the human driver: 

Yesterday, a GreenLight rideshare car was involved in an accident 
after it suddenly lost control due to a slippery road condition because of 
heavy rain. A passenger in the car died in the accident. 

Local police said the car was driven by a 41-year-old Michael Smith. 
The car suddenly lost control and collided with a tree. There was one 
passenger, 29-year-old David McGill, inside the car at the time of the 
crash. He was pronounced dead when first responders arrived at the 
scene of the accident. The car did not hit any other pedestrians and the 
passenger was the only casualty. 

In the AI condition, the human driver was replaced with a self- 
driving AI agent. The full articles are attached in an appendix A. 

After reading a given news article, all participants were asked to 
report their perceptions of the driver and their thoughts on how 
responsible the driver was about the depicted incident. Also, their atti-
tudes toward AI, their competency in having knowledge about AI, and 
their demographic information were asked. Participants were debriefed 
after they finished their survey. 

5. Measures 

Because this study examines different attitudes towards the agent 
and the outcome, different measurements were used to measure each. 
Also, scales measuring attitudes toward AI, and their competency in AI 
knowledge were created and measured (see appendix B). The order of 
both scales and the questions within each were randomized. 
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Perception of drivers. The impression of the driver was measured 
using a scale for opinions about the agent (Brave, Nass, & Hutchison, 
2005). The measurement included questions asking how caring the 
driver is and how trustworthy the driver seems, such as choosing be-
tween sincere vs. insincere or friendly vs. unfriendly. An exploratory 
factor analysis (EFA) of 16 items using principal axis factoring with 
orthogonal (varimax) rotation yielded one factor with eigenvalues >1 
(KMO = 0.97), accounting for 69.32% of the total variance with sig-
nificant Bartlett’s test of sphericity, χ2 = 3550.34, p < .001. This 
seven-point bipolar scale reached high reliability (α = 0.97). Higher 
average ratings indicate more positive perceptions toward the driver in 
the given article. 

Evaluation of attributed responsibility. To measure how much re-
sponsibility is attributed to the driver, this study used the revised causal 
dimension scale (CDS-II) with four subscales: locus of causality (α =
0.84), external control (α = 0.85), personal control (α = 0.86), and 
stability (α = 0.83) (McAuley, Duncan, & Russell, 1992). Since there are 
four subscales that are suggested, a confirmatory factor analysis (CFA) 
was conducted. The results (NFI = 0.92, CFI = 0.96, GFI = 0.93, TLI =
0.94, SRMR = 0.05, RMSEA = 0.06) showed a good model fit of this 
measurement. Participants were asked to report how much they agree 
with given statements, such as 1) The cause of the event is something 
that was manageable by the driver vs. was not manageable by the driver 
and 2) The cause of the event is something that the driver will do again 
vs. the driver will not do again. This 12-item seven-point bipolar scale 
overall reached high reliability (α = 0.88). Higher average ratings 
indicate that more responsibility is attributed to the driver. 

6. Results 

We begin by testing the experiment’s manipulation on the valence of 
a driving scenario and participant’s perceived similarity to a driver. 
Responses were analyzed between different scenarios with an indepen-
dent samples t-test. The manipulation effects of the valence of scenario 
(e.g., Is the event described in the article positive or negative?) revealed 
a significant difference between positive (M = 5.71, SD = 1.27) and 
negative (M = 3.36, SD = 2.20) events; t (228) = 9.97, p < .001, and the 
manipulation effects of “perceived similarities with drivers” (e.g., How 
much do you find yourself similar to the driver?) also showed a signif-
icant difference between human and AI drivers (M = 5.07, SD = 1.51) 
and AI (M = 4.55, SD = 1.87); t (228) = -2.33, p = .021. The results from 
the manipulation check questions confirmed that the conditions were 
distinct, which allowed the analysis of main effects. 

Two sets of independent t-tests were conducted for H1, which pre-
sumed more positive assessments of drivers in the rescuing scenario 
compared to the accident scenario, regardless of the driver types. One 
set was analyzed using data only from the AI driver scenario and the 
other set using data only from the human driver scenario. There was a 
statistically significant difference between the rescuing scenario (M =
4.22, SD = 1.53) versus the accident scenario (M = 3.63, SD = 1.35) 
when the driver was artificial intelligence [t (113) = 2.20, p = .030, d =
0.41]. Similarly, there was a significant difference between the rescuing 
scenario (M = 5.00, SD = 1.67) versus the accident scenario (M = 4.00, 
SD = 1.18) when the driver was a human [t (113) = 3.70, p < .001, d =
0.69]. The t-test results confirmed that H1 was supported. 

To test H2 claiming more responsibility attribution toward an AI 
driver than a human driver in the accident scenario, the level of blame 
and praise were respectively analyzed using analysis of variance 
(ANOVA). Levene’s tests were conducted and showed the followings: 
blame [F (1, 115) = 0.45, p = .51] and praise [F (1, 111) = 0.21, p =
.65]. A one-way ANOVA with the same dependent variable using data 
only from the accident scenario was conducted for H2, which asked 
whether people blame AI more than human drivers. There was no sta-
tistically significant effect from the identity of drivers on the level of 
blame [F (1,115) = 0.05, p = .83]. The level of blame toward the AI 
driver (M = 4.46, SD = 1.09) was similar to the human driver (M = 4.41, 

SD = 1.15). H2 was not supported. 
A two-way ANOVA was conducted to test RQ1, which argues that the 

identity of drivers and the valence of an event’s outcome have an 
interaction effect on the level of attributed responsibility to drivers. The 
dependent variable for this analysis was the evaluation of attributed 
responsibility. Levene’s test was conducted to assess the equality of 
variances, and rejected the homogeneity of variances [F (3, 226) = 0.86, 
p = .46], meaning that the ANOVA was appropriate to conduct. RQ1 
considered an interaction effect between the valence of the incident and 
the identity of drivers in terms of attributing responsibility. The overall 
CDS-II outcomes showed an insignificant result for the valence of event 
[F (1, 226) = 0.20, p = .66], the identity of drivers [F (1, 226) = 3.06, p 
= .08], and the interaction [F (1, 226) = 2.12, p = .15]. 

However, there was an interaction effect found in one of the sub-
scales of CDS-II. While the external control [F (1, 224) = 0.938, p =
.334], the personal control [F (1, 224) = 2.26, p = .134], and the locus of 
control [F (1, 224) = 0.170, p = .680] did not show any interaction 
effect, there was an interaction between the valence of events and the 
identity of drivers in terms of the stability [F (1, 224) = 5.44, p = .021, 
ηp2 = 0.02]. Table 1 shows the descriptive statistics for ANOVA. Addi-
tionally, the identity of drivers showed significant outcomes regarding 
stability [F (1, 224) = 6.40, p = .012, ηp2 = 0.03] and personal control [F 
(1, 224) = 5.40, p = .021, ηp2 = 0.02]. Participants thought AI drivers 
(M = 4.78, SD = 1.19) were more likely to repeat the action when placed 
in similar circumstances in the future compared to human drivers (M =
4.37, SD = 1.24). Also, they reported that the given situations were more 
manageable by AI drivers (M = 4.71, SD = 1.52) than human drivers (M 
= 4.23, SD = 1.64). 

A one-way ANOVA was conducted using data only from the rescuing 
scenario to test RQ2, which assumed less responsibility attribution to-
ward an AI driver than a human driver in the rescuing scenario. There 
was a statistically significant effect of the identity of drivers on the level 
of praise [F (1,109) = 4.57, p = .04, ηp2 = 0.04]. The level of praise was 
higher for the AI driver (M = 4.76, SD = 1.24) than the human driver (M 
= 4.25, SD = 1.25). The outcomes suggest that being AI or a human can 
influence the level of praise. Also, subscales revealed relevant findings. 
While the external control [F (1, 111) = 2.54, p = .114] and the locus of 
control [F (1, 111) = 0.01, p = .93] did not show a significant outcome, 
there was a significant difference human and AI drivers in terms of the 
stability [F (1, 111) = 10.83, p = .001, ηp2 = 0.09] and the personal 
control [F (1, 111) = 6.34, p = .013, ηp2 = 0.05]. The AI driver was 
deemed to have more control (M = 4.97, SD = 1.58) than the human 
driver (M = 4.17, SD = 1.79) at the time of the rescuing and more likely 
to repeat it (M = 4.95, SD = 1.28) than the human driver (M = 4.18, SD 
= 1.20). 

7. Discussion 

This study aims to understand how individual’s attribute 

Table 1 
Descriptive statistics for ANOVA regarding identity of drivers and the outcome 
valence.  

Valence of Incidents AI driver Human Driver 

M SD N M SD N 

Rescuing (CDS-II) 4.76 1.24 57 4.25 1.25 56 
Accident (CDS-II) 4.46 1.09 58 4.41 1.15 59 
Rescuing (Stability) 4.95 1.28 57 4.18 1.20 56 
Accident (Stability) 4.61 1.08 58 4.55 1.25 59 
Rescuing (Locus of Control) 4.49 1.55 57 4.46 1.56 56 
Accident (Locus of Control) 4.31 1.50 58 4.44 1.48 59 
Rescuing (Personal Control) 4.97 1.58 57 4.17 1.79 56 
Accident (Personal Control) 4.45 1.42 58 4.28 1.51 59 
Rescuing (External Control) 4.61 1.44 57 4.20 1.30 56 
Accident (External Control) 4.46 1.52 58 4.38 1.22 59 

Note. The scale ranges from 1 (strongly negative) to 7 (strongly positive). 
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responsibility differently between two types of agents—an AI technol-
ogy and a human—when they perform the same action. One major 
finding of this study from both the overall measurement of responsibility 
attribution and its subscales is that people praise an AI-enabled tech-
nology significantly more compared to humans when the event results in 
a positive outcome. On the other hand, there was no significant differ-
ence in attribution in a negative event. This result explains how the 
outcome valence of an event may influence how people attribute re-
sponsibility toward an AI agent. It suggests that we are more likely to 
praise AI than a human given the same results. However, it contradicts 
the hypothesis based on attribution theory which suggested that we 
would insulate human agents from negative outcomes. In cases of 
attribution that results from a negative-valence event, an AI agent would 
be deemed more responsible than a human and vice-versa. Given the 
conditions and findings of the experimental design, attribution theory 
based on interpersonal communication may not be as applicable to sit-
uations involving human-machine interaction. In order to better explain 
why this contradiction emerges, we turn to Expectancy Violation Theory 
(EVT). This theory has been applied to human-computer interaction 
(Spence, Westerman, Edwards, & Edwards, 2014) and can offer a clearer 
understanding of how individuals may praise AI agents more strongly 
than human agents in a given situation. 

7.1. Using EVT to explain actions by AI 

EVT is a communication theory that examines how individuals react 
and respond to unexpected interpersonal events. The theory states that 
when individuals face positive violations of expectations in an interac-
tion, they perceive the outcome as more favorable. On the flip side, a 
negative violation within an interaction can cause them to perceive the 
outcome as less favorable (Burgoon & Hale, 1988; Burgoon & Jones, 
1976). While EVT was originally based on proxemics, the theory has 
been applied to verbal, computer-mediated communication, and now 
has been used in human-computer interaction environments (Bonito, 
Burgoon, & Bengtsson, 1999; Edwards, Edwards, Spence, & Westerman, 
2016). For example, Burgoon et al. (2016) and Westerman, Cross, and 
Lindmark (2019) used EVT to investigate how people see embodied 
agents or chatbots that deviate from their social expectations of an 
interaction both positively and negatively. Similarly, a recent finding 
showed that the evaluation of AI-composed music relied on expectancy 
violations (Hong, Peng, & Williams, 2020). 

We assume that this theory can better explain the differences in 
attribution between positive and negative outcomes coming from AI and 
human agents. In other words, people may experience different expec-
tancy violations with human-machine interactions than human-human 
ones. For instance, if people have low expectations of self-driving cars 
compared to humans (much less the expectation that an AI driver could 
save a passenger compared to the expectation that a human driver 
could), then reading the stimulus in this experiment would not change 
their attitudes. While this study did not measure their expectations of a 
self-driving car, it is possible that people have a low expectation of a self- 
driving car’s ability. It is likely the case that they would not expect a self- 
driving car to proactively transport a rider to a hospital because as 
Sundar and Kim (2019, p. 538) noted, people consider machines to be 
mechanical. Therefore, when AI does save lives, which defies the 
assumption that machines can only perform a given assignment, it elicits 
a positive violation of their expectations. This could lead to more posi-
tive responsibility attribution. The unexpected performance of AI saving 
a person may have affected the understanding of self-driving car pro-
ducing consistent results. We expect EVT can explain this better. 

There may be different expectations deriving from the anthropo-
morphic aspect of self-driving cars. Ratan (2019) suggests the concept of 
“Avacars” to explain that cars may increasingly be seen as an autono-
mous being having their own identity, rather than being a mere vehicle. 
Nass argues that CASA is a concept that explains people’s anthropo-
morphic behaviors, which refers to treating non-human entities like 

humans, such as attributing social rules to machines (1994), but it does 
not mean that people think machines are human (2000). However, 
recent CASA research found that an anthropomorphic factor (i.e., a 
cartoon character) moderates the level of social attributes applied to 
machines (Lee, 2010). Therefore, people may have different expecta-
tions about self-driving cars based on how much they think the vehicles 
are autonomous and anthropomorphic. This possible expectancy viola-
tion may have been relevant to the evaluation of the locus of control. 

This study cannot confirm whether people had expectations about 
self-driving cars and whether there was any expectancy violation 
because it did not measure the AI heuristics a priori. However, the re-
sults suggest that people think AI has more control of itself and is more 
likely to repeat the same behaviors than human beings. Future research 
should specifically investigate these expectations to test whether EVT is 
a viable theoretical foundation going forward. 

7.2. Theoretical implications 

While the participants in this study reported dissimilar reactions 
based on the identity of agents in terms of attributing responsibility, 
their perceptions of these agents were based on the valence of the events. 
Participants perceived drivers in the rescuing scenarios more positively 
compared to those in accident scenarios regardless of their identity. It 
can be inferred from these findings that people evaluate AI agents just as 
they assess human agents. This finding lends support to explaining how 
schema theory can be extended from human-computer interactions to 
human-AI interactions. Also, this study suggests that perceiving AI 
agents similarly to human agents without any interaction can be 
explained by schema theory. While the CASA paradigm is often used to 
explain how people interact with machines (see Guzman, 2018), these 
studies only examine whether social behaviors are attributed to ma-
chines only in direct interaction settings. Previous work does not 
compare whether the level of attribution of a machine is regarded the 
same as individuals attributing responsibility to humans. By comparing 
perceptions of human and AI performances directly with schema theory, 
it can be possible to explain how people evaluate AI just as they assess 
human beings. While the applicability of CASA is only limited to direct 
interacting settings between humans and machines, schema about ma-
chines can further explain behaviors toward machines that do not 
involve face-to-face interactions. This approach can be valuable in 
guiding future research in other human-computer contexts. 

Also, this study partially supported the defensive attribution argu-
ment that personal or situational similarity influences the level of re-
sponsibility attribution (Burger, 1981; Shaver, 1970). While the theory 
was first devised based on interpersonal interactions, the results of this 
study suggest that the attribution of responsibility toward machines 
should consider particular aspects of human-machine communication. It 
is assumed that various biases and understandings of machines play a 
crucial role when blaming and praising AI performances. 

7.3. Limitation and future directions 

Aside from not considering EVT in our initial theorizing, another 
limitation of this study is that people’s experiences of driving were not 
taken into account, such as having a driver’s license or experiences with 
car accidents. Not only their understanding of AI but also attitudes of 
driving would have influenced the level of attributing responsibilities. 
For instance, people who have experienced a car accident as a driver 
would perceive the given car accident article about differently compared 
to the ones without any experience. Future studies about self-driving 
cars should consider this factor. Also, this study used only one positive 
and one negative event. Using multiple different scenarios for each 
positive and negative case would have decreased potential biases com-
ing from the article. Therefore, using different stories is advised for 
future studies. The lack of comparability between the negative and 
positive scenarios should have been more delicately controlled because 
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the positive scenario was an unusual case, compared to the accident 
scenario, which was more mundane. There was no attention check 
question in this study. Excluding participants who did not participate in 
this study mindfully would have shown clearer findings. 

This project was primarily concerned with examining how human 
perceptions of responsibility of an AI-enabled driver were impacted by 
the outcome of a driving scenario. The results of the study indicate the 
complexity in the sociotechnical relationship humans share with tech-
nology. This study adds to extant literature on the relationship humans 
are developing with AI-technologies. In a recent article, Guzman and 
Lewis (2019) urge communication scholars to rethink how the tradi-
tional boundaries of communication may not fit with how humans 
interact with emerging forms of artificial intelligent agents. The authors 
lay out a research agenda for scholars by highlighting three areas of 
inquiry that include the functional, relational, and metaphysical ele-
ments AI-technologies may have with humans. This study attempts to 
answer their call to extend our understanding of how we perceive our 
relationship toward these emerging technologies as they become part of 
our day-to-day lives. With the inevitable development and integration of 
self-driving cars in the near future, research in this area is imperative to 
provide designers and consumers of these technologies with knowledge 
about the use and effects of these agents. 
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Appendix A 

I. AI driver and Accident scenario 

Passenger died in self-driving car accident on a slippery road. 
By Alex Robbins. 
May 13, 2019. 
SAN FRANCISCO — Yesterday, a self-driving car was involved in an 

accident after it suddenly lost control due to an unidentified cause by the 
artificial intelligent (AI) driver that is currently being investigated. A 
passenger in the self-driving car died in the accident. 

Fatal accident caused by AI driver. 
Local police said the self-driving car was set in AI autonomous 

driving, where the AI driver had a full control of the car at the time of the 
accident. The AI driver system, which had been driving for two years, 
suddenly lost control of the car and collided with a tree. There was a one 
passenger, 29-year-old David McGill, inside the car at the time of the 
crash. He was pronounced dead when first responders arrived to the 
scene of the accident. The car did not hit any other pedestrians and the 
passenger was the only casualty. 

Nexus, the self-driving car’s manufacturer, pointed out the severity 
of this accident. The company released a statement earlier today that 
prioritized the safety of its passengers. 

II. AI driver and Rescue scenario 

AI driver saves passenger’s life by steering him to hospital. 

By Alex Robbins. 
May 13, 2019. 
SAN FRANCISCO — The artificial intelligent (AI) driving system in a 

self-driving car is being credited with having helped save a man’s life 
after its AI driver mode was enabled and drove him to a hospital when he 
suffered a pulmonary embolism. 

Passenger rescued by AI driver. 
Yesterday, 29-year-old David McGill on his way work using the AI 

driver system in his car when he felt an excruciating pain in his abdomen 
and chest. McGill recounted how he was glad he set the autonomous 
driving function on his self-driving car. “It was easier to have the car 
drive me to the hospital rather than calling an ambulance,” McGill said. 

The self-driving car’s AI driver, which McGill had been using for two 
years, drove him to a nearby hospital. 

Nexus, the self-driving car’s manufacturer, pointed out the severity 
of this incident. The company released a statement earlier today that 
prioritized the safety of its passengers. 

III. Human driver and Accident scenario 

Passenger died in self-driving car accident on a slippery road. 
By Alex Robbins. 
May 13, 2019. 
SAN FRANCISCO — Yesterday, a GreenLight rideshare car was 

involved in an accident after it suddenly lost control due an unidentified 
cause by the driver that is currently being investigated. A passenger in 
the car died in the accident. 

Fatal accident caused by driver. 
Local police said the car was driven by a 41-year-old Michael Smith. 

Smith, who had been driving for GreenLight for two years, suddenly lost 
control of the car and collided with a tree. There was one passenger, 29- 
year-old David McGill, inside the car at the time of the crash. He was 
pronounced dead when first responders arrived to the scene of the ac-
cident. The car did not hit any other pedestrians and the passenger was 
the only casualty. 

GreenLight, the rideshare company, pointed out the severity of this 
accident. The company released a statement earlier today that priori-
tized the safety of its passengers. 

IV. Human driver and Rescue scenario 

Rideshare driver saves passenger’s life by steering him to hospital. 
By Alex Robbins. 
May 13, 2019. 
SAN FRANCISCO — A GreenLight rideshare driver is being credited 

with having helped save a man’s life after the rideshare driver drove his 
passenger to a hospital when he suffered a pulmonary embolism during 
a ride. 

Passenger rescued by driver. 
Yesterday, 29-year-old David McGill rode in a Greenlight rideshare 

to work when he felt an excruciating pain in his abdomen and chest. He 
could not speak because of the pain at that time, but his GreenLight 
driver, 41-year-old Michael Smith who had been driving for GreenLight 
for two years, recognized that his passenger was in pain and drove him 
to the closest hospital. “I thought it was easier to drive the passenger to 
the hospital rather than calling an ambulance,” Smith said. 

GreenLight, the rideshare company, pointed out the severity of this 
incident. The company released a statement earlier today that priori-
tized the safety of its passengers. 

Appendix B 

Perception of drivers 

Indicate how well the adjective represents the driver in the article 
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you just read. 
Compassionate - - - - - - - Not Compassionate. 
Unselfish - - - - - - - Selfish. 
Friendly - - - - - - - Unfriendly. 
Cooperative - - - - - - - Competitive. 
Likable - - - - - - - Unlikable. 
Pleasant - - - - - - - Unpleasant. 
Appealing - - - - - - - Unappealing. 
Not irritating - - - - - - - Irritating. 
Trustworthy - - - - - - - Untrustworthy. 
Honest - - - - - - - Dishonest. 
Reliable - - - - - - - Unreliable. 
Sincere - - - - - - - Insincere. 
Intelligent - - - - - - - Unintelligent. 
Smart - - - - - - - Dumb. 
Capable - - - - - - - Incapable. 
Warm - - - - - - - Cold. 
Evaluation of attributed responsibility. 
To what extent do you agree with the following statements? 
The cause of the event is something that … 
Reflects more of the driver - - - - - - - reflects more of the situation 
Was manageable by the driver - - - - - - - was not manageable by the 

driver 
The driver will do again - - - - - - - the driver will not do again 
The driver could regulate - - - - - - - the driver could not regulate 
Others have control over - - - - - - - others have no control over 
Pertains to the driver - - - - - - - does not pertain to the driver 
Is stable over time - - - - - - - is variable over time 
Is under the influence of other factors - - - - - - - is not under the in-

fluence of other factors 
Is something about the driver - - - - - - - is something about other 

factors 
The driver had influence over - - - - - - - the driver had no influence 

over 
Is unchangeable - - - - - - - is changeable 
Other factors can regulate - - - - - - - other factors cannot regulate. 
Attitudes toward AI. 
(From “Strongly Disagree” to “Strongly Agree”) Please rate the extent 

to which you agree with the following statements: 
AI is a positive force in the world. 
AI research should be funded more. 
AI is generally helpful. 
There is a need to use AI. 
Competency in AI knowledge. 
(From “Extremely Unconfident” to “Extremely Confident”) How 

would you rate your confidence in the following: 
Explaining what artificial intelligence is. 
Having a conversation about artificial intelligence. 
My knowledge about artificial intelligence. 
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