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ABSTRACT

Reading partners’ actions correctly is essential for successful coordination, but in-
terpretation does not always reflect reality. Attribution biases, such as self-serving and cor-
respondence biases, lead people to misinterpret their partners’ actions and falsely assign
blame after an unexpected event. These biases thus further influence people’s trust in their
partners, including machine partners. The increasing capabilities and complexity of ma-
chines allow them to work physically with humans. However, their improvements may
interfere with the accuracy for people to calibrate trust in machines and their capabilities,
which requires an understanding of attribution biases’ effect on human-machine coordina-
tion. Specifically, the current thesis explores how the development of trust in a partner is
influenced by attribution biases and people’s assignment of blame for a negative outcome.
This study can also suggest how a machine partner should be designed to react to environ-
mental disturbances and report the appropriate level of information about external condi-

tions.
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CHAPTER 1
INTRODUCTION

The robotics and human factor communities have shown growing interest in the concept
of machines working as teammates alongside human operators (Schraft, Meyer, Parlitz, &
Helms, 2005; Santis, Siciliano, De Luca & Bicchi, 2008; Lien & Verl, 2009; Unhelkar, Siu
& Shah, 2014). In light of recent achievement in robotics, machines can now be designed
to interact more closely with humans and partner with them to complete a variety of joint
physical tasks. Joint physical tasks specifically require the coordination of two or more
agents that often demand haptic joint action (Agravante, Cherubini, Bussy & Kheddar,
2013; Cherubini, Passama, Crosnier, Lasnier & Fraisse, 2016; Granados, Yamamoto, 2017;
Kucukyilmaz & Demiris, 2018). To achieve successful coordination, it is essential to pos-
sess an appropriate level of trust in a machine partner. By guiding a person’s reliance, trust
can influence human intention and behavior when interacting with machines (robots and
automation). Trust thus plays an important role in human-machine coordination (Parasura-
man & Riley, 1997; Freedy, DeVisser, Weltman & Coeyman, 2007; Groom & Nass, 2007;
Chen & Barnes, 2014; Kaniarasu & Steinfeld, 2014) and should be taken into account in
physical coordination as well.

Although there are many studies have already addressed on the indicators that ex-
plain people’s behaviors in physical human-machine coordination such as interaction force
(Jarrass¢, Charalambous & BurdetLi, 2012; Mortl, Lawitzky, Kucukyilmaz, Sezgin,
Basdogan &, 2012), few of them consider people’s trust in machines. As machines now

can be designed to work with people closely as partners, to further explore people’s trust



in machines during physical coordination it is therefore relevant and necessary in order to

achieve successful acceptance and use of machine partners.

Trust in machine

The development of trust is a dynamic closed-loop process. When people interact
with machines (robots and automations), the quality of the interaction with machine influ-
ences people’s level of trust. This fact is best understood by considering the effect of fail-
ures on trust. A human operator’s trust in machine declines when severe failures happen
and then recovers gradually during the following successful interaction. Further, trust de-
clines with accumulated failures until the operator understands the fault and learns to ac-
commodate it (Itoh, Abe & Tanaka,1999; Lee & Moray, 1992; Lee & See, 2004).

There are multiple factors that can influence an individual’s trust in a machine.
When people are following the information provided by machines, such as a pilot in the
aviation context, there are three elements that influence the trust humans build towards
machines and their uses: purpose, process, and performance. The purpose factor is related
to the level of automation used, the process factor relates to whether the automated system
employed is suitable for the specific task, while the performance factor relates to the sys-
tem’s reliability, predictability, and capability (Lee & See, 2004). Furthermore, people’s
trust in a machine can be affected by the degree of the perceived transparency and available
observability of the automation to the human operator (Verberne, Ham & Midden, 2012).
In addition, task complexity, performance saliency, and decision freedom have been sug-

gested to have an impact on the level to which the human operator relies on the automated



system (Parasuraman, Molloy & Singh, 1993; Mazney, Reichenbach & Onnasch, 2012;
Hoff & Bashir, 2015).

The underlying cognitive schemes that people tend to apply to filter information
from other agents can affect the degree of trust of the human operator in machines as well.
People tend to rely more readily on the information provided by the machine compared to
a human aide, though the content and the delivered method provided both by the automa-
tion and the human aid are similar (Dzindolet et al, 2001). One possible explanation for
this difference between trust in humans and trust in machine is the cognitive schemas peo-
ple apply to filter the assessments of aid behaviors. Cognitive schemas are either high ex-
pectation assessments in the case of automation or low expectation assessments in the case
of humans (Dzindolet, Pierce, Beck & Dawe, 2002). Such filtering of observed aid behav-
ior prompts operators to adopt a particular aid monitoring strategy. For example, whether
to be aware of the aid’s behavior when interacting with automation; or less sensitive to the
errors, making them less noticeable while interacting with a human advisor. This monitor-
ing strategy combines with the primary bases of human trust judgements, which are either
performance-linked or knowledge-linked (Lerch, Prietula & Kulik, 1997).

Moreover, a followed-up research concluded that people often exhibit a positivity
bias in their trust of novel machine (Dzindolet, Peterson, Pomranky, Pierce & Beck, 2003).
This positivity bias could also be a reason that human operators have an unrealistically
high expectation of the aid reliability from machine. Therefore, the operator’s initial trust
in machines is based on faith (Hoff & Bashir, 2015). However, this trust rapidly dissolves
following system errors; as relationships with machines progress, dependability and pre-
dictability replace faith as the primary basis of trust (Madhavan & Wiegmann, 2007b).
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By guiding the human operator’s reliance, trust can influence human intention and
behavior when coordinating with machines. It is defined as an attitudinal judgment of the
extent to which the human operator can rely on the information obtained by automation to
achieve their goals, particularly in situations involving risk and uncertainty (Lee & See,
2004; Freedy et al, 2007; Park, Jenkins & Jiang, 2008). Operators who trust a machine
more tend to rely more heavily upon it, while individuals with low levels of trust in auto-
mation tend to rely less on automation (de Vries, Midden, & Bouwhuis, 2003; Lee &
Moray, 1992; Merritt, 2011; Merritt & Ilgen, 2008; Wang, Jamieson, & Hollands, 2009).

The importance of appropriate trust in a machine cannot be emphasized enough.
Inappropriate trust in machines can lead to negative repercussions (Dzindolet, Pierce, Beck,
Dawe & Anderson, 2001; Visser & Parasuraman, 2011; Chen & Barnes, 2012; Wickens,
Hollands, Banbury & Parasuraman, 2015; Robinette, Allen, Howard & Wagner, 2016). For
example, a recent study about the investigation of the consequences when people over trust
in an autonomous robot in emergency evacuation scenarios (Robinette, Allen, Howard &
Wagner, 2016). Therefore, calibrating appropriate levels of trust in a machine based on the
exact capacities of the machine is vital for the success of the interaction (Parasuraman &

Miller, 2004).

Trust Calibration and Attribution

Trust calibration is defined as the correspondence between a person’s trust in the
automation and the exact capabilities of the machine (Lee & Moray, 1994). Based on the
perceived capability of the machine and the quality of interaction, people determine an

estimated calibration for a machine. A well-studied concept in the psychology field that
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correlates to this process is attribution. Attribution is an action when people create a causal
explanation for other’s or their own behavior based on the perceived information in their
social environment. When people coordinate with machines, attribution serves as a tool for
people to interpret machines’ actions and use the interpretation as a reference of machines’
capability, thus, deciding the amount of trust people possess in the machines.

However, attribution is often difficult when people cannot gain much insight into
the behavior underlying a system. As machines become more complex, it becomes neces-
sary to have efficient sharing of responsibility between the human and the machines based
on their capabilities for a more efficient coordination. It is also important to have a way to
clarify the responsibility of an unwanted result. To be more specific, in order to identify
reliability of a machine as well as recognize its capability, tracking the sources of errors
that occur during the coordination is necessary (Kaniarasu & Steinfeld, 2014). Moreover,
error tracking can help people calibrate their trust in machines. A concept closely related
to error tracking is blame. Error tracking is the process of identifying the cause of an error;
blaming is the act of holding the cause of a negative outcome at fault (Parasuraman & Riley,
1997). Deciding who or what to blame is an important part of making sense of complex,
difficult situations. In addition, blame means that people can be held accountable (post-
hoc) for negative outcomes that were their responsibility (predetermined), and aid in pro-
social activity. However, attribution bias results when certain factors influence people to
attribute blame inaccurately, thus affecting human trust in machines.

There has been some prior work in studying blame in the context of human machine
coordination which provides evidence that the attribution bias can be observed when peo-

ple blame the machine partner for the negative result. For example, Kim and Hinds (2006)
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observed the application of an autonomous robot that collaborated with a group of nurses
in a real-world hospital setting. They found people tend to blame others for errors more
than they blame themselves. In addition, when workers noticed inexplicable behavior or
errors by the robot, nurses often blamed coworkers for having done something to mess up
the robot. Relevantly, Eunil et al (2011) have touched upon the topic of how blame/credit
attribution affects the user’s trust on the robot. However, their study was focused on how
positive or negative feedback would impact user trust in the robot and acceptance of the
robot. Kaniarasu and Steinfeld (2014) investigated how the robot assigns blame for an error
which affects people’s trust in robots. The result indicated that the introduction of blame
attribution by the robot lowers user trust in the robot. In addition, users feel positively
toward the robot that gives them credit and lack trust in the robot when it degrades them.
Although the above research was principally designed to study and explain the factors in-
volved in blame as it relates to negative outcome, researchers actually put little effort into
exploring the relationship between people’s blame, their trust in a machine and attribution.

People constantly make attributions regarding the cause of their own and others'
behaviors; however, rather than operating as objective perceivers, people tend to contribute
to perceptual errors that lead to biased interpretations of their social world (Funder, 1987).
This phenomenon may be the result of attribution bias, and encompasses a range of related
biases. Attribution biases have been shown to direct people’s assignment of blame subcon-
sciously. Particularly, there are two common attribution biases that correlate to the devel-
opment of human trust in machines during coordination. These biases are correspondence

bias (Wisse, 2010) and self-serving bias (Madhavan & Wiegmann, 2004).



Attribution Biases and Human Machine Coordination

Correspondence bias is the tendency to judge a person based on their internal char-
acteristics rather than the external situation they might be facing (Jones, 1979; Gilbert &
Malone, 1995). That means when two agents work together, if environmental instability
occurs and influences their partner’s behavior, people tend to overestimate the role of dis-
positional factors and underestimate the role of environmental instability. Relatedly, cor-
respondence bias is identified as a potential explanation for inappropriate trust calibration
(Wisse, 2010). Muir (1987) argued that people are more likely to attribute a perceived un-
predictability of a machine to the machine's properties than to environmental instability,
even when the environmental instability is the main cause of the machine’s unpredictable
behavior. Moreover, when a person assigns responsibility with correspondence bias to a
machine partner, he/she will tend to underestimate the machine's predictability and depend-
ability. Because predictability and dependability are critical factors that affect people’s
trust (Lee & Moray, 1992; Muir & Moray, 1996), human trust in the machine will decrease.
Thus, this phenomenon should be taken into account when designers and researchers de-
sign machines to avoid misuse and disuse of machine.

However, the possibility is raised that the correspondence bias, as demonstrated
previously, might simply be a problem of incomplete information. In Ross et al.’s (1977)
experiment, as in many studies that demonstrate correspondence bias, it was difficult for
individual participants to precisely determine the strength of the situation. To confirm the
robustness of the correspondence bias, recent research suggests that correspondence bias
can persist even when information about both behavior and situation are known with equal

clarity and are presented in the same format and modality (Moore et al, 2010).
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Subsequently, self-serving bias refers to the tendency for people to blame negative
outcomes on external factors, while giving credit to themselves for positive outcomes (Da-
vis & Davis, 1972; Millar & Ross, 1975). This bias can be observed in both individual
activities such as one-on-one sports which clearly define a winner (De Michele, Gansneder
& Solomon, 1998) and group activities such as team sports in which the outcome would
be distributed among all team members (Lau & Russell, 1980). Besides, previous research
indicated that in social interaction, partners’ actions are more salient and provide more
pertinent cues than the environment (Jones & Nisbett, 1971). Therefore, when people co-
ordinate with others, they are more likely to attribute the negative outcome to their partner
compared to themselves or environmental factors (Walther & Bazarova, 2007). In addition,
when people coordinate with others as a group, the effect of self-serving bias might be
mitigated (Zaccaro, Peterson & Walker, 1987).

Interestingly, previous research has found that in the context of coordination, people
tend to blame technology for mistakes and errors while also exhibiting reluctance to credit
positive outcomes to their non-human partners (Sampson 1986, Morgan 1992, Friedman
1995), or even to anthropomorphic agents. Moon and Nass (1998) found that if participants
were coordinating with a computer assistant whose personality is dissimilar to theirs, they
will tend to exhibit self-serving bias, especially in the case of a negative outcome. Similarly,
self-serving bias was observed when people interact with robots. You, Nei, Suh and Sundar
(2011) found that when a robot was put in the role of instructor and made different types
of verbal evaluations of participants’ performance, participants tended to dismiss criticism
from the robot and attributed blame to the robot, while claiming credit for themselves when

their performance was rated positively. Relatedly, self-serving bias was observed in the

8



scenario in which control is shared between participants and machines. Vilaza, Campos,
Haselager and Louis (2014) designed a computer game which requires both an Al (artificial
intelligence) and a participant to control the direction of a ball to avoid obstacles and collect
the target item together. Their findings indicated that participants were shown to blame the
Al when they lost a game, whereas they took credit when they won a game. These studies
imply that self-serving bias can be observed in the context of human-machine coordination.

Additionally, although the self-serving bias can be observed in varied areas, the
underlying cause of the self-serving bias still remains controversial (Shepperd, Malone &
Sweeny, 2008). One popular explanation is that the self-serving is associated with the self-
protective bias. That is, when people receive negative evaluations, they tend to reject the
criticism, while those receiving positive evaluations tend to accept the praise to enhance

their self-esteem (Swann & Schroeder, 1995; Sedikides, Campbell, Reeder & Ellio, 1998).

Attribution Biases and Trust in Machine

Similar to human relationships, in coordinative environments, where two or more
entities work together to accomplish the task at hand, these two attribution biases may
direct the way people interact with their partners. To be more specific, the development of
interpersonal trust can be viewed as an attribution process. For example, an individual may
develop beliefs about another person’s trustworthiness based on whether the person’s be-
havior is judged to be caused by internal versus external factors. (Krosgaard, Brodt &
Whitener, 2002). Also, attribution biases are found to relate to trust in partners. Ferrin and
Dirks (2003) manipulated the initial trust levels (high or low) by indicating if their partner
shared all relevant information and the accuracy of shared information. Besides initial trust
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level, three types of reward structures were manipulated. Each pair of participants was
assigned to experience evaluation criteria that were either based on the performance of
their dyad (cooperative structure), their partner’s performance (competitive structure), or
half of their dyad and half of their partner’s performance (mixed reward structure). Also,
each pair of participants was informed that the highest-scoring participants would be in-
cluded in a lottery to win $75. Their results suggested that the reward structure influences
trust, more importantly, people’s attribution was able to provide a useful framework for
understanding the complex, diverse, and multiple routes through which trust may develop.

Consequently, one pressing question is if the findings on people coordinating could
be transferred to human-machine coordination; can people’s attribution biases affect a ma-
chine’s perceived trustworthiness in the same way?

If people interpret the motivation and reason underlying their machine partner’s
actions incorrectly, their trust and belief in their partner might be built erroneously. With
the concept of human and machine coordination being embraced in the near future, the
relationship between attribution biases and human trust in machine should be explored in
more depth to achieve appropriate trust in machine partners.

Therefore, our present work sets out to understand the assignment of blame to dif-
ferent participating entities involved in the smallest possible unit of physical human-ma-
chine coordination (a person, a machine counterpart, and a task environment) and how it
impacts human trust in a machine. More importantly, we examine the role of how attribu-
tion biases act in the development of human trust in the context of human machine joint

activity. We asked:
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In the context of an unexpected environmental event that causes a partner to behave
unpredictably, which results in an unwanted outcome, to which entities will people
assign blame for the negative outcome: themselves, their partner, or the environ-
mental event?

Following research question 1, can attribution biases be observed in the context of
physical coordination?

Specifically, following research question 1 and 2, is there any significant difference
in the assignment of blame between physical coordination with a human partner
and a machine partner?

To what extent do attribution biases influence human trust in their partner in the
context of physical coordination?

Following research question 4, does trust develop differently when coordinating

with a human partner compared to a machine partner?
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CHAPTER 2
METHOD
We seek to gain insight into how human trust in a machine develops after experiencing an
unexpected event during coordination. Also, we explored the potential relationship be-
tween attribution biases and trust. From previous findings, we know that with the engage-
ment of self-serving bias, people tend to blame a negative outcome to their partner and are
less likely to blame themselves. Furthermore, with the introduction of correspondence bias,
people tend to consider that their partner’s behavior is due to their internal characteristics
rather than external factors that the partner might be facing. Therefore, we can conclude
that during a coordination with an unexpected event, if the outcome is negative, people
would tend to blame the negative outcome to their partner more when compared with the
same coordination without the unexpected because people would consider their partner’s
internal characteristics indirectly affect the result. The hypotheses are formally stated as

follows:

H1: Effect of self-serving bias on attribution of blame, participants will be more
likely to blame their partner for the negative outcome, rather than to blame themselves (or
the unexpected event).

H2: Effect of self-serving bias on trust, if participants blame the negative out-
come on the human partner, rather than themselves (or the unexpected event), participants’

degree of trust in their partner will be significantly lower than their initial trust.
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H3: Effect of the correspondence bias on attribution of blame, with the intro-
duction of an unexpected event, participants’ degree of blame for a negative outcome on
their partner will be significantly higher than the case without an unexpected event.

H4: Effect of the correspondence bias on trust, with the introduction of an unex-
pected event, participants’ degree of trust in their partner will be significantly lower com-

pared to the case without an unexpected event.

Experimental design

To test our hypotheses, we applied a between-subject experimental design with
self-reported measures following a joint physical coordination task. The present study ran-
domly assigned participants to coordinate with an unfamiliar human partner and complete
one of two conditions — a baseline condition, and a surprise condition that involved a des-
ignated unexpected event during a coordinated transportation task in order to investigate
the effect of correspondence bias. Self-reported trust in partners, surprise level of an unex-
pected event, facial expression in response to surprise, and attribution of blame were the
dependent variables that were measured.

A transportation task was designed to demonstrate joint physical coordination in a
laboratory setting for this study. That is, participants were asked to lift an object with their
partner from the designated area on the ground to the assigned table, and then lift the object
back to the area. The box, which contained three bricks with 5.75 1bs and a cup with 200ml
of water, was used as the object for participants to transport during the coordination task.
During the transportation process, participants were asked not only to maintain the stability

of their movement to prevent the water spill, but also complete the task as soon as possible.
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Also, all pairs of participants were informed that the completion time and the water they
keep in the cup during the transportation task would be measured as their performance, and
the group with the best performance among all the pairs of participants received a $30
Starbucks gift card. This task would repeat five times in total including one practice trial.
To create a standardized environmental instability, we introduced a warning tone as an
unexpected event in our study. Participants were told beforehand that during the warning
tone, they have to stop moving and stay still, and then, when the warning tone ends, they
can continue their previous actions.

Our coordinated transportation task can be seen as a “microworld” study; a mi-
croworld is a simplified version of a real system in which the essential elements are retained
and the complexities eliminated to make experimental control possible (Brehmer & Dorner,
1993; Lee & See, 2004). The elements we manipulated in the design of the coordinated
transportation include motivation, familiarity, and competing demand.

The experimental setting for motivation in this study was derived from the study
conducted by Ferrin and Dirks (2003). In the present study, the cooperative reward struc-
ture and competitive structure were applied. Participants were informed that their perfor-
mance will be based on their dyad, also, they had to compete with other pairs of participants
to win the monetary prize. Subsequently, in order to bring about participants’ sense of
blame, at the end of the experiment, participants were told that based on their performance,
they did not win the gift card. The intention of using a sense of competition was to create
a scenario of failure, without causing actual harm, in which it could be observed how the

participants reacted to it.

14



Second, for familiarity, the joint transportation task is prevalent in our daily life.
Most of our participants are already familiar with the nature of the joint transportation task
as well as the disturbance that may happen during the task, so that they are likely to learn
the task with relatively little training.

Last but not least, people often face competing demands on their time and cognitive
resources (Merritt & Ilgen, 2008). To be more specific, in this study, participants have to
balance the competing demands of speed and accuracy. To achieve this, participants were
told that they had to complete the task as soon as possible and also keep stable to prevent
water from spilling in order to simulate the competing demands people might experience

in everyday life.

Participants

Twenty-six participants (10 females, 16 males) from Arizona State University par-
ticipated this study. Nineteen out of the twenty-six participants were recruited from an
online course credit management system, while the remaining were recruited either via
paper flyers or in-person recruitment. All participants reported that they had no prior ex-
perience working with manipulator robots, were able to comfortably lift, were not familiar
with the other participant with whom they would be coordinating on the designed task,
were able to carry 10 lbs with their dominant arm, and were comfortable communicating
in English. All participants were required to be at least 18 years old. To aid in study re-
cruitment, participants who were recruited from the online course credit management sys-

tem would receive one research credit after completing the experiment.
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Equipment and Materials

A motion capture system (Optitrack, Natural Point, Corvallis, OR, USA) was set
up to capture the motion behaviors of participants. The physical setup of the equipment
relative to participants is shown in Fig. 1 and Fig. 2. Instructions for the task were delivered
by researchers using a Powerpoint presentation and a script, to explain the task and spatial
stimuli in the task environment. A semitransparent plastic box, which contained three
bricks with 5.75 1bs and a cup with 200ml of water, was used as the moving object for the
coordinated transportation task.

The task environment included a table, and two blue squares. One marked on one
side of the table, and one marked on the ground, both indicating where the box should be
placed. Also, another two blue squares on each side of the box contain either number one
or number two. Different numbers were used to differentiate the standpoints of the partic-
ipants. This visual representation of the task was purely to aid participants in task comple-
tion and to provide a more controlled setting for communicating each task to participants.
Finally, surrounding the area were motion sensors and a desk with a computer for recording

data (See Fig 3).

Figure 1. Experiment setup Figure 2. Motion capture de-  Figure 3. Experiment sur-
vices and speakers rounding
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Unexpected event. For creating an unexpected event to understand the effect of cor-
respondence bias, we followed the principles about the prior knowledge of the unexpected
event made by Kochan, Breiter, and Jentsch (2004). In the study, a 250 Hz tone was played
continually for four seconds during the surprise condition at trial two and trial four via
Logitech Z313 Speaker System.

Surprise, instead of startle, was implemented in this study in order to minimize and
avoid the harm that participants might experience as well as potential uncontrollable situ-
ations which might occur during the experiment, the intensity stimuli of an unexpected
event can cause different reactions of individuals, such as surprise and startle. Surprise is
defined as a cognitive-emotional response to something unexpected, which results from a
mismatch between one’s mental expectations and perceptions of one’s environment (Horst-
mann, 2006; Meyer, Niepel, Rudolph, & Schiitzwohl, 1991; Schiitzwohl & Borgstedt,
2005). Unlike startle, which always occurs as a response to the presence of a sudden, high-
intensity stimulus surprise can be elicited by an unexpected stimulus or by the unexpected
absence of a stimulus (Rivera et al, 2014). In our study, participants were given knowledge
in training about how to respond to the tone, which makes the warning tone a surprise, not

a startle.

Measures
Trust measurements: Muir trust scale. Based on the findings by Merritt and Llgen
(2008), we expect to observe that there are different constructs of trust in the questionnaire

results after a short period of interaction. In this study, subjective ratings of trust in
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automation were obtained on a 5-point Likert-type scale, ranging from 1 (strongly disagree)
to 5 (strongly agree), built after scales used by Merritt and Ligen (2008). One item assesses
overall trustworthiness of a partner, and the other four items each relate to the trust-related
factors in Muir’s (1987) theory.

The exact questionnaire was conducted a couple of times during the process of ex-
periment. The first questionnaire was conducted right after the training slides were intro-
duced by researchers to measure participants’ initial trust in their human partner. The sec-
ond questionnaire was conducted after all the tasks in the experiment were completed. Ta-
ble 1 shows the Cronbach's alpha for each scale. See Table 2 (Appendix) for a summary of

the trust responses in each condition.

Table 1
Cronbach’s Alpha Values of the Muir’s Trust Scale of the Different Conditions
Baseline Surprise
Initial Post Initial Post
(n=12) (n=12) (n=14) (n=14)
781 .859 .740 .825

Note. Cronbach's Alpha is a measure of the reliability of the scale as a whole. Alpha ranges from zero to
1.0 (highest).

Attribution measurement. To access participants’ attribution of blame, a categori-
cal questionnaire was used in this study. The constructs of people’s responsibility and at-
tribution of blame in a human partner or a machine in the context of coordination has been
studied in human-computer interaction (HCI) (Moon& Nass, 1998; Moon, 2003) and re-
cent human-robot interaction (HRI) (Kim & Hinds, 2006; Groom et al, 2010; Kaniarasu &
Steinfeld, 2014). In these studies, categorical approach has been used by most of them.

This study modified the scale used by Kim and Hinds (2006) to replace the word “other”
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and “robot” with “partner” and “the warning tone” according to our hypotheses. Also, for
this study, we only attempt to understand the effect of blame on human trust, hence, the
final outcome would always be negative. Therefore, this study only asks participants their
assignment of blame and the level of responsibility for the negative outcome, rather than
having the participant attribute both the credit of a successful outcome and blame of an
unsuccessful outcome.

The same questionnaire of attribution of an unsuccessful result was implemented
in both surprise and baseline conditions. All questions were answered on a 7-point Likert-
type scale ranging from 1 (strongly disagree) to 7 (strongly agree). For each entity for
blaming (self, partner, or the warning tone), participants were asked two questions and the
final scores were the average scores of the two values. Table 3 shows the Cronbach's alpha
for each scale. Table 4 (Appendix) displays the summary of the attribution of blame re-
sponses in each condition. This questionnaire was administered through Qualtrics, an

online survey tool.

Table 3
Cronbach’s Alpha Value for the Dependent Variables

Cronbach’s o

Scales Baseline Surprise
(n=12) (n=14)
Attribution of blame to self .835 .986

- I was responsible for the unsuccessful result

- I was to blame for the unsuccessful result

Attribution of blame to the partner .869 935

- My partner was to blame for the unsuccessful result

- My partner was responsible for the unsuccessful result

Attribution of blame to the warning tone .000 989

- The warning tone was to blame for the unsuccessful result

- The warning tone was responsible for the unsuccessful result

Note. Cronbach's Alpha is a measure of the reliability of the scale as a whole. Alpha ranges from zero to
1.0 (highest).
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Surprise measurement. Surprise, not startle, can be measured by both subjective
self-report and behavioral methods. In this study, we applied a 7-point Likert-type scale
ranging from 1 (strongly disagree) to 7 (strongly agree) as self-report measurement to as-
sess the subjective surprise levels participants experienced (Reisenzein et al., 2006). Any
participant who reported five or higher on the self-report surprise scale was considered
surprised. The self-report surprise scale was used after the warning tone was played. As
well, the facial expression checklist for surprise was used to serve as an objective reference
of whether or not participants were surprised. Participants’ facial expressions were docu-
mented by researchers by hand while the warning tone was playing. Any participant who
showed at least one facial expression was considered surprised (Ekman & Rosenberg,
1997).

Participant demographics. To address potential confounds in explaining the rela-
tionship between trust and attribution of blame, demographic measures of age, height,
weight, if participants speak English natively, self-identified multi-tasking tendency, and
whether or not they were using their dominant hand during the task were included in the
analysis. Table 5 provides summative descriptive statistics of demographics for baseline

and surprise conditions.
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Table 5
Descriptive Statistics of Demographics Information of Participant for Each Condition

Baseline Surprise
(n=12) (n=14)
Factor M SD M SD
Height (inches) 66.67 4.186 67.71 4.746
Factor
Age
18-23 92% 57%
23 -28 8% 43%
Native Speaker of English
Yes 9 12
No 3 2
Multitasker
Yes 11 12
No 1 2
Dominant Hand Usage
Yes 12 11
No 0 3
Weight (1bs.)
120 - 160 75% 29%
160 — 200 25% 57%
200 — 240 0% 14%

Note. For continuous and ordinal data, we report the mean and standard deviation, categorical data we
report the frequency and percentage.

Procedure

Upon both participants arrival and greeting, two of the researchers provided each
participant with a brief overview of the study and asked him/her to read and sign an in-
formed consent form, fill out a demographic survey, and an initial trust questionnaire. Then,
the researchers explained the task to the participant and took him/her through a training
session to familiarize the participant with the transportation task, the monetary prize, and
instruction participants have to follow during the warning tone. After instructing partici-

pants to locate to the designated spot, they would be asked to go through a training trial.
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Once confirmed that the participants have no further questions about the experimental task,
the participants then performed the experimental task described in the experimental design
section four times. In the condition with an unexpected event, a warning tone would be
played during trial two and trial four. While the warning tone was played, researchers
would document the participants’ facial expressions for surprise. Once the warning tone
was gone, participants could continue their previous actions. At the end of trials two and
four, each participant would be asked how surprised they were. After completing the four
trials, the participants would be informed that based on their performance, they did not win
the prize. Subsequently, the participants were asked to fill out a post-trust questionnaire.
As the final step, we debriefed the participants of the nature of the study. The overall pro-
cedure took less than one hour. The motion data and completion time were recorded by the
researcher who sat behind the black curtain on the left side of the participant throughout
the experiment. The facial expression checklist for the surprised reaction caused by the

warning tone was recorded by the researchers standing next to each participant.

Analysis

Initially, the collected data was analyzed by the Shapiro-Wilk test for normal dis-
tribution and Levene’s statistic for homogeneity of variance. The data of baseline condition
violated homogeneity of variance. Therefore, nonparametric statistics was used for the
baseline condition. To interpret the within-subject effects of the different entities partici-
pants blamed for the negative outcome, Friedman two-way analysis of variance test with
Wilcoxon signed-rank tests were used for the baseline condition and a one-way analysis of

variance was applied for the surprise conditions. Further, the difference between initial

22



trust and post-task trust was revealed using paired samples t-test. Following this, to inves-
tigate the between-subject effects of the introduction of the warning tone on attribution of
blame and trust in partner, two independent sample t-test were executed. Finally, we used
Pearson’s correlation test and linear regression to further explore the presence of a rela-
tionship between our measures within each condition, including initial and post-task trust,
and the attribution of blame. To achieve that, we averaged the values of each item in trust
questionnaires by participants. Next, we calculated the difference between the initial and
post-task trust scores. For the results of the blame questionnaire, the scores of each item
were standardized with the scores of partner-blame as a baseline. The higher standardized
scores represent the participant assigning more blame to their partner. Lastly, we calculated
the difference using the standardized score and saw how they differ between self-blame
and warning tone-blame. In order to address potential confounds in explaining the relation-
ship between trust and attribution of blame, participants’ demographic information was
analyzed by Spearman’s correlation with initial trust, post-task trust and the standardized
scores of the attribution of blame within each condition. We used an alpha level of .05 for
all statistical tests except Wilcoxon signed-rank test. Data were evaluated using SPSS.

In addition, the usage of motion capture devices was for recording participants’
motion patterns for a different study about developing an algorithm for robots to collabo-

rate with humans and thus will not be included in this study.
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CHAPTER 3
RESULT

Twenty-six participants were included in this study. Among them, six pairs of par-
ticipants were in the baseline condition and the other seven pairs of participants were in
the surprise condition. All of the participants were assigned to complete the physical coor-
dination task with another unfamiliar human partner. This preliminary analysis served as a
reference which allowed us to gain insight into the further human-machine coordination.

Initially, the collected data were analyzed by the Shapiro-Wilk test for normal dis-
tribution. In the baseline condition, blame scores obtained in self-blame were: df(10) =
0.909, p = .272, in partner-blame, df{(10) = 0.871, p = .102; and in warning tone-blame:
df(10) = 0.366, p < .01. The result disclosed the data of warning tone-blame violated the
normal distribution. Further, the Levene’s statistic for equality of variances indicated a
significant difference (F(2, 27) = 8.552, p = .01) in baseline condition suggesting there was
a violation of homogeneity of variance. Therefore, nonparametric statistics was used.

Likewise, for the surprise condition, the Shapiro-Wilk test for blame scores ob-
tained in self-blame were: df(12) = 0.926, p = .342, in partner-blame, df(12) = 0.878, p
=.082, and in warning tone-blame, df(12) = 0.894, p = .131. The result indicated that the
data were normally distributed. Next, the Levene’s statistic for equality of variances indi-
cated no significant difference (F(2, 32) = 0.75, p = .48) in surprise condition suggesting
there was no violation of homogeneity of variance. Therefore, parametric analysis was

chosen.

Effects of Self-Serving Bias
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In hypothesis one, we argued that the engagement of self-serving bias would lead
participants to make more attributions of blame to their partner and less to the participants
themselves or the involvement of the warning tone. Friedman two-way analysis of variance
test was executed to explore if there was a statistically significant difference between the
self-blame, partner-blame scores, and the warning tone-blame. The result revealed that
there was a significant difference (y*(2) =10.47, p = .005) between the three blamed enti-
ties. Post hoc analysis with Wilcoxon signed-rank tests was conducted with a Bonferroni
correction applied, resulting in a significance level set at p < .017. Median (IQR) for the
self-blame, the partner-blame and the warning tone-blame scores were 2.75 (1.88 to 5),
2.25(1to3.25)and 1 (1 to 1), respectively. There were no significant differences between
the self-blame and the partner-blame scores (z = -1.38, p = .168) or between the partner-
blame and the warning tone-blame scores (z = -2.20, p = .028). On the other hand, there
was a statistically significant difference in the self-blame score versus the warning tone-
blame score (z =-2.53, p = .011). Further, Kendall’s effect size value (W = 0.80) suggested
a strong practical significance. Table 6 shows the descriptive statistics and results of Fried-

man two-way analysis of variance test and Wilcoxon signed-rank test.

Table 6
Descriptive Statistics and Results of Friedman Two-Way Analysis of Variance Test and Wilcoxon Signed-
Rank Test of the Different Responses of the Attribution of Blame Questionnaire in the Baseline Condition

N M SD Percentiles Z p
25th 50th 75th
(Median)
Self-blame 10 3.25 1.86 1.88 2.75 5.00 -1.37 168
Partner-blame 10 2.30 1.40 1.00 2.25 3.25 -2.53* 011
Warning tone-blame 10 1.05 0.16 1.00 1.00 1.00 -2.20 .028

Note. * Wilcoxon signed-rank test is significant at the 0.017 level (2-tailed).
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For the surprise condition, a one-way analysis of variance indicated that there was
no significant difference (F(2,22) = 0.194, p = .83) on the entities (the participants them-
selves, their partner, or the warning tone) that participants blamed for the negative out-
come. Therefore, we concluded that the self-serving bias was not able to be observed in
the present study setting. Table 7 presents the descriptive statistics of the two conditions.
Table 8 shows the result of one-way analysis of variance test. Figures 4 and 5 present the
means for attribution of blame questionnaires responses (self-blame, partner-blame and

warning tone-blame) with 95% confidence intervals for each condition.

Table 7

Descriptive Statistics of the Result of Attribution of Blame Questionnaire Responses in the Surprise Con-
dition

N Mean SD SE 95% Confidence Interval
Lower Bound  Upper Bound
Self-blame 11 3.46 1.56 47 241 4.50
Partner-blame 12 2.83 1.74 .50 1.73 3.94
Warning tone-blame 12 3.17 2.03 .59 1.88 4.45
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Figure 4, Mean response scores (range Figure 5, Mean response scores (range
from 1 to 7) for attribution of blame from 1 to 7) for attribution of blame
questionnaire in the baseline condition (N questionnaire in the surprise condition (N =
= 12). Error bars denote 95% confidence 14). Error bars denote 95% confidence
intervals. intervals.

Table 8
One-Way Analysis of Variance of the Result of Attribution of Blame Questionnaire Responses in the
Surprise Condition

Source df SS MS F p
Between Groups 2 2.23 1.11 347 .709
Within Groups 32 102.56 3.21
Total 34 104.79

On average, in the baseline conditions, participants tend to blame themselves (M =
3.25, SD = 1.86) for the negative result compared to when they blame their partner (M =
2.30, SD = 1.40). On the other hand, participants in the surprise condition are more likely
to blame themselves (M = 3.46, SD = 0.16) compared to when they blame the warning tone
(M =3.17, SD = 2.03) and their partner (M= 2.83, SD = 1.74). However, these differences
were not statistically significant.

In hypothesis two, we argued that participants’ trust would decrease with the en-

gagement of the self-serving bias. However, even the self-serving bias cannot be observed
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in the present study, our result suggesting the collected data were opposite to our hypothe-
sis in both conditions. That is, participants trust in their partner more after completing the
coordination task. In the baseline condition, the participants’ post-task trust score is higher
compared to their initial trust score, but the difference was not significant (#(11) =-1.91, p
=.08). In the surprise condition, the result of pair sample t-test revealed a significant dif-
ference (#(13) = -2.33, p = .037; d = 0.62) between participants’ post-task trust and the
initial trust in their partner. Cohen’s d suggested that the effect size of this analysis was
found to have moderate effect (d = 0.60). Table 9 (Appendix) presents the descriptive sta-
tistics of the two conditions. Figures 6 and 7 present the means for initial and post-task

trust scales responses with 95% confidence intervals for each condition.
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Figure 6, Mean response scores (range Figure 7, Mean response scores (range
from 1 to 5) for initial and post-task trust from 1 to 5) for initial and post-task trust
scales in the baseline condition. Error bars scales in the surprise condition. Error bars
denote 95% confidence intervals. denote 95% confidence intervals.

Effects of Correspondence Bias

In hypothesis three, we argued that with the introduction of the warning tone, par-

ticipants in the surprise condition would be more likely to blame their partner compare to
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baseline condition. However, the results indicated no support for this hypothesis. There
was little difference (#(20) = 0.001, p = .999) between in the standardized scores of blame
attribution to the partner in the baseline condition (M = 0.00, SD = 1.72) as compared with
the surprise condition (M = 0.0008, SD = 2.11). The hypothesis four predicted that with the
introduction of an unexpected event, participants’ degree of trust in their partner will be
significantly lower compared to the case without an unexpected event. That is, the decrease
of trust in the partners for the surprise condition (M = 0.417, SD = 0.76) should be larger
than the baseline condition (M = 0.443, SD = 0.71). However, there was no significant
difference found in the result of independent t-test (#(24) = -0.91, p = .928). These results
suggested correspondence bias cannot be observed in the present experimental condition.
Tables 10 and 11 present the results of an independent sample t-test for both conditions.
Figure 8 shows the means for the differences of the average initial and post-task trust scores

in each condition.

Table 10
Results of an Independent Sample T-Test Between the Conditions for the Attribution of Blame
Condition N Mean D SE Paired difference of p
mean
Aturibution of - Baseline 15 590 172 054 00083 001
blame
Surprise 12 .001 2.11 0.61
Table 11
Results of an Independent Sample T-Test Between the Conditions for the Trust Difference
Condition N Mean D SE Paired difference of p
mean
Trust difference Baseline 12 417 7554 2181 -.0262 -.091
Surprise 14 443 J111 1901

29



0.9 1
0.8 1
0.7 1
0.6 1
0.5 1
0.4 1
0.3 1
0.2 1
0.1 1

Difference Between Two
Construct of Trust

-0.1

Baseline Surprise
Conditions

Figure 8, Mean scores for the differences of
the average initial and post-task trust scores
in each condition. Error bars denote 95%
confidence intervals.

Finally, Pearson’s correlation indicated that in the baseline condition, attribution of
blame and the post-task trust in the partner were strongly negatively correlated (#(13) =
-.636, p = .048). However, there was no significant correlation found between initial trust
or the development of trust with attribution of blame (see table 12 for the result of correla-
tion). To further examine the correlations, linear regressions of the mean values between
the post-task trust and the attribution of blame showing significant differences. The results
indicated that the entities people blame for the negative outcome explained 40.4 % of the
variance (R’ = .404, F(1,8) = 5.427, p = .048) in the post-task trust. Table 13 presents the
result of linear regression. The significant predictor of the post-task trust was the attribution
of blame in their partner. On the other hand, in the surprise condition, Pearson’s correlation

test revealed that there was no significant result found between each variable (see table 14

for the result of correlation).
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Table 12
The Result of Correlations Between the Initial trust, Post-Task Trust and Attribution of Blame for the
Baseline Condition

1 2 3
1. Initial trust —
2. Post-task trust .360 —
3. Attribution of blame -.565 -.636* -

Note. * Correlation is significant at the 0.05 level (2-tailed).

Table 13
Linear Regression of Post-Task Trust Predicted by the Attribution of Blame for the Baseline Condition

Source
B SE B s t

p
Attribution of blame -.286 123 -.636 -2.330* .048

Note. * Linear regression is significant at the 0.05 level (2-tailed).

Table 14
The Result of Correlations Between the Initial Trust, Post-Task Trust and Attribution of Blame for the
Surprise Condition

1 2 3
1. Initial trust —
2. Post-task trust 508 —
3. Attribution of blame 195 147 -

Further, Spearman’s correlation indicated that in the baseline condition, partici-
pants’ age and their self-report recognition of multitasker was strongly negative correlated
(r(12) =-1.00, p <.01). Also, whether or not the participants are native speakers of English
was strongly negative correlated with self-identified as a multitasker ((12) = -1.00, p
<.01). See table 15 (Appendix) for the result of correlation.

In the surprise condition, participants’ heights were found to correlate with initial
trust (» (14) = .619, p = .02) and post-task trust (#(14) = .659, p = .01) with large effects.
Also, the result revealed that participants’ dominant hand usage strongly correlated to par-

ticipants’ age (r(14) = -.603, p = .02), their self-report recognition of multitasker (r(14)
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=.782, p=.001) and if they are native speaker of English (#(14) =.782, p =.001). Besides,
the result indicated that participants’ weights are strongly correlated to participants’
age(r(14) = .644, p = .013), if they are native speaker of English (#(14) = -.683, p = .007),
their self-report recognition of multitasker (r(14) =-.683, p =.007), and if the participants
used their dominant hand to complete the task ((14) =-.631, p = .016). See table 16 (Ap-
pendix) for the result of correlation.

Additionally, the self-report surprise level and the facial expression checklist for
surprise used in our study showed that the first warning tone was creating the surprise
response but the second warning tone was not effective. 6 out of 14 participants report 5 or
higher scores on the first warning tone and only one participant showed surprise at the
second warning tone. Similarly, half of the participants showed surprise in their facial ex-
pression for the first warning and only 2 showed surprise at the second. Table 17 presents
the descriptive summary for the responses of these two measurements.

Table 17

Descriptive Summary for the Responses of Facial Expression Checklist for Surprise and Self-Report Sur-
prise Scale

Facial expression check list Self-report surprise scale
No Yes <5 25
First warning tone 7 7 8 6
Second warning tone 12 2 13 1

Note. Six characteristics were used to analyze the facial expression which were the movement of their
eyebrows, eyes, jaw, if there are any sudden movements, if there are any sudden noises, if participants
look surprised and if they gaze in the direction of their partner. Self-report surprise scale ranges from 1
(Not at all surprised) to 7 (As surprised as one can be).
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CHAPTER 4

DISCUSSION
In this study, we applied a physical coordination task to explore the effect of attribution
bias including self-serving bias and correspondence bias on people’s trust and their attrib-
ution of blame. However, the hypotheses regarding both biases were not supported. We
found little evidence of the presence of the effects. Besides the investigation of these effects,
we gleaned three major findings from testing the hypotheses.

First, the hypothesis regarding the engagement of the self-serving bias was not sup-
ported. However, on average, our results suggest that when people coordinate with an un-
familiar human partner and they end up in a negative result, people will be more likely to
shift blame toward themselves or an unexpected environmental event compared to their
human partner. This result is opposite to our hypothesis about the engagement of self-serv-
ing bias. This might be the result of the fact that self-serving bias in causal attributions
appear to be weakened when people perform in groups (Zaccaro, Peterson & Walker, 1987)
Also, this may be due to the similarity of the participants and the friendliness of the partic-
ipants. Our sample mainly consisted of college students who are studying in Arizona State
University, generally majoring in the same program and might have future interaction with
each other. Besides, participants’ friendliness can also influence the attribution of blame.
Although participants were separated when they answered the trust and attribution of blame
questionnaires, and were informed the result would not be disclosed to anyone other than
the researchers involved in this experiment, the possible future connection and their friend-
less can still influence their answers. This finding is consistent with and can be extended
to support the conclusion made by Groom, Chen, Johnson, Kara and Nass (2010). That is,
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friendliness affects how people attribute blame, not only when they interact with another
human, but also with their machine partner. In addition, this finding may be evidence that
the individual’s differences and needs should be taken into account when designers are
designing the machines.

Second, the results demonstrated a significant difference between post-task and in-
itial trust in the partners when an unexpected event was involved in the physical coordina-
tion. Surprisingly, instead of experiencing a decrease of trust, people are likely to gain more
trust in their partner after the unexpected event. In addition, it is interesting to note that
people who have been through the coordination without the involvement of the event did
not show the same pattern. This may be caused by the increased understanding of the situ-
ation they are facing including the environmental situation and the partner’s behavior, and
thus, possessing more trust in their partner.

Finally, the result revealed that how participants assign blame for the negative out-
come is a significant predictor for how they will rate post-task trust in their partner. An
implication is that which entities people assign blame to may affect the amount of trust
they have in their partner. For instance, when a joint task resulted in a negative outcome,
people may tend to blame themselves or their partner, moreover, this tendency can further
influence the content of both ongoing and future interactions with the partner. However,
the attribution of blame was only a significant predictor of post-task trust, not initial trust.
This could be the result of the lack of understanding of their partner at the first impression.
This conclusion is consistent with the findings in human-machine interaction and human-
robot interaction that the transparency of machines and robots impacts people’s trust in
them (Lyons& Havig, 2014, June; Wortham & Theodorou, 2017). Furthermore, this
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implication can complement the previous study in the human-machine interaction about
blame. Kim and Hinds (2006) argued that transparency of the machine may impact the way
people assign blame to the machine. This study further suggested that transparency of the
machine may not only affect people’s assignment of blame but also their trust in the ma-
chines.

From the results of checking the potential confound for the relationship between
trust and attribution of blame, we found that in the surprise condition: the taller the partic-
ipants are, the more trust they give to their partner for both the initial trust or the post-task
trust. This phenomenon may be due to the relation between the force participants use and
their self-confidence to complete the task alone successfully, which may be a confound of
our study. Besides the finding about the usage of force, there are multiple correlations that
were found by the analysis. Although the result indicated strong significant differences, the
significance of these correlations was due to the similar pattern of answer. To measure
participants’ demographic information, the present study used the nominal scale for gender
(male, female), if participants self-reported they are native speakers of English, if they are
multitaskers, and if they completed the task with their dominant hand (Yes/ No). The ratio
scale was used for weight (120-160; 160-200; 200-240). The usage of these scales may
lead to incorrect statistical results. Future research may use different types of question-
naires to get more precise data.

In addition, the result indicated a significant difference between the self-blame
score and the warning tone-blame score in the baseline condition. This difference is fore-

seeable since we did not include the warning tone in the baseline condition.
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Observations from the interactions among humans give insight into how we interact
with robots. In a series of studies based on a research paradigm called computers are social
actors (CASA), Nass and his colleagues have demonstrated that social rules guiding hu-
man—human interaction may apply equally to human—computer interaction, with users re-
sponding to machines as independent entities rather than as a manifestation of their human
creators (Sundar & Nass 2000). Similarly, evidence demonstrated that people treat robots
as social actors and robots are not always perceived by their users as technologies (Fried-
man, Kahn & Hagman, 2003; Lee, Park, & Song, 2005; Young, Hawkins, Sharlin & Iga-
rashi, 2009). These studies indicate that social psychological theory can enlighten our un-
derstanding of how people interact with technologies.

Likewise, our study builds upon human to human interaction and aims to further
explore the differences and similarities when people coordinate with machines. Although
our hypotheses were inconclusive in the present study, we believe our work provides
some evidence for the necessity for looking into the effects of attribution bias in further

human-machine coordination.

Limitation

We present several limitations for the present research. First, we used a sample of
college students, which is common in past research. However, the homogeneous back-
ground of the students may be a potential confound of this study. In addition, the sample
consists of students who may not be able to represent the broader population, because they
are generally well-educated and exposed to technology. Therefore, we suggest future re-

searchers collect data from a larger sample to enhance the diversity of participants’
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background. The second limitation was the motivation of the participants. Motivation lev-
els may differ from individuals. We attempted to increase and standardize motivation by
offering a $30 prize to the best participants with the best performance. However, we cannot
confirm the incentive of our manipulation. The third limitation was that the value of the
object and the risk to carry objects would likely greatly affect trust and the behavior of the
participants. In this study, a box containing three bricks with 5.75 lbs and a cup with 200ml
of water was used as the object to transport. However, real world applications would likely
involve much more uncertain situations and objects that are much heavier, and that could
possibly injure the person. Such uncertainties and risks would likely be taken into account
in completing the task, which is not considered in this study. It is worth exploring if these
considerations could impact human trust in their partner and their attribution of blame.
Finally, this study was a part of a larger on-going study, causing other variables to affect
the results received. For example, two other questionnaires were used in this study. Each
of the questionnaire contains more than twenty questions and relates to other constructs of
trust such as trust in automation (Jian, 2000) and interpersonal trust scale (Rotter, 1967).
This may enhance the participants’ mental fatigue to answer the questions and can influ-
ence participants’ answers by making them answer with less self-reflection. Besides the
irrelevant questionnaire, motion capture devices, which were used for a different study,
might lead participants to be more aware of their movements compared to the case without
the existence of them.

We anticipate the continued works in this area will improve the experimental set-

ting by considering and adjusting for these limitations.
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Conclusion

In this study, we aimed to gain understandings on the effect of attribution biases
such as self-serving bias and correspondence bias on the development of human trust in
their partner in the coordination context. Based on the findings from the literature review,
we predicted that in the coordination context, people would blame their partner more when
the result of the coordination was negative, at the same time, their trust in the partner would
decrease due to the negative outcome. Second, we assumed that if an environmental insta-
bility such as if an unexpected event occurred during the coordination which then results
in a negative outcome, the levels of blame to their partner would be higher and their trust
in their partner would be lower compared to the case without the environmental instability.

We designed a “microworld” transportation coordination task and conducted a be-
tween-subject experimental design study to examine the hypotheses by randomly assigning
participants into either the coordination involving a designated warning tone which serves
as an unexpected event or without the warning tone (which does not hinder the task).

Although the study was well-designed, our results suggested that our predictions
were not supported by the collected data. The effects of the attribution biases were not
observable in the present study. However, there are three findings we gleaned from the data
analysis. First, we found that the friendliness of people may be a factor that affects their
assignment of blame. Second, the gained understanding of the situation including the task
environment and the partner’s behaviors may be a catalyst for gaining human trust in their
partner. Third, the result indicated that how people assign blame for the negative outcome
may influence the amount of trust they give to their partner. In addition, participants’ height

might be a potential confound for research in physical coordination.
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In spite of the present study being built upon physical human to human coordination,
we believe these findings can enlighten our understanding of wider areas such as automa-
tion-aid scenario and coordination in general. Given the findings of this study, future in-

vestigation on the effects of attribution biases in human-machine coordination is necessary.
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ARIZONA STATE UNIVERSITY
Research Participant Information and Consent Form

Title of research study: Dynamic Modeling of Joint Object Transport
Principle Investigator: Erin Chiou, Erin.Chiou@asu.edu

Primary student researcher: Yiwei Wang, Yiwei. Wang.3@asu.edu

Description of The Research

You are invited to participate in a research study on joint physical coordination because you are between
the age of 18-55, not pregnant or susceptible to heart disease, able to consent to participate in this study,
have no previous direct interaction with the partner you are participating with, and can comfortably
transport 10 1bs without aid.

The purpose of the research is to examine measures of dyadic human physical coordination in a joint object
transport task. The information gathered will be used to answer research questions regarding fundamental
cognitive mechanisms that govern performance of people interacting with each other. This understanding
will support the design of human-robot teams to improve their joint effectiveness.

This study will include staff, students, or affiliates of Arizona State University and will take place at in the
Technology Center building at the Polytechnic campus.

What will my participation involve?

If you decide to participate in this research you will be asked to complete a series of tasks with, or while
interacting with, a partner. You will also be asked to answer a series of questions related to your percep-
tions of the interaction, understanding of the task, your experience with joint object transport, and some de-
mographics information that is pertinent to evaluating the task. Your total participation will be approxi-
mately 1 hour.

How many people will be studied?
We expect about 60 people will participate in this research study.

What if I consent to participate, but I change my mind later?
If at any point you feel uncomfortable or simply changed your mind about participating, you may stop the
study and leave at any time. This will not be held against you.

Are there any risks to me?
We do not anticipate any risks to you from participation in this study.

Are there any benefits to me?
We do not expect any direct benefits to you from this study. However, we hope that in the future, society
will benefit from this study as a result of improved technologies including robot helpers.

Will I be compensated for my participation?

We will not be giving any compensation for this study. Although, if your apart of a course that offers class
credit, please follow the steps below.

Prior arrangement has been made with certain class instructors, for students to receive class credit for par-
ticipating in this study. If this applies to you, please initial next to the statement below and write in your
course number and name.

Yes, I would like to receive class credit (list approved course):
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If you do not have regular access to parking near the study site at the time of scheduling, you will be com-
pensated for one-hour parking at the hourly lots on the Polytechnic campus. You must show your parking
stub.

If you need to withdraw prior to the end of the study, you will not receive participation credit.

How will my confidentiality be protected?
Your name and contact information will be collected for the sole purpose of receiving course credit. If you
choose not to receive course credit, you do not need to provide this information.

Because demographics information may be key factors in the task, we ask that you do your best to answer
all questions accurately. Study responses will be kept confidential.

While there will likely be publications as a result of this study, your name and any identifiable information
will not be used in any other way. Only group characteristics will be published.

Whom should I contact if I have questions?

You may ask questions about the research at any time. If you have questions after you leave today, you
should contact the Principal Investigator Erin Chiou at Erin.Chiou@asu.edu. You may also contact the pri-
mary student researcher, Yiwei Wang at Yiwei.Wang.3@asu.edu.

The study and consent form were reviewed and approved by the Social Behavioral IRB. You may contact
them at (480) 965-6788 or at research.integrity@asu.edu if:

If your questions or concerns are not being answered by the research team.
If you cannot reach the research team.

If you want to talk to someone besides the research team.

If you have questions about your rights as a research participant.

If you want to get information or provide input about this research.

Your participation is completely voluntary. Please sign and date below if you would like to continue with
the study. Thank you!

Signature: Date:
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Now that you are finished, I’d like to tell you a little bit more about the study. You were
told that the purpose of this study was to investigate teams’ cooperation pattern in the con-
text of competition. Actuality, we were interested in developing an algorithm for robots to
collaborate with humans as well as people’s trust formation during the cooperation. Also,
in order to standardize the experience and motivation that every participant has in this study,
all participants would be told that the group with the best performance will receive the
monetary prize. However, all of the participants will be told they are failed to win the prize
at the end of the study.

we apologize for not telling you the full purpose of the study at the beginning. To protect
the integrity of this research, we could not fully divulge our hypotheses at the start of the
experiment. I hope you can see that if participants knew exactly what we were interested
in studying, they might change their answers a little bit, which would negatively affect the
quality of our research conclusions.

As you know, your participation in this study is voluntary. If you so wish, you may with-
draw at this point, at which time all records of your participation will be destroyed. You
will not be penalized if you choose to withdraw, you’ll still receive a half of course credit.
Are you comfortable with us using your data? Do you have any questions? If you have
questions later, you can e-mail me using the contact information provided on the consent
form. If you have questions about your rights as a participant, you can e-mail the IRB using
the contact info also provided on the consent form.

Finally, we ask that you don’t talk about any details of the study with other students or any
potential participants. If participants know the true purpose of the study ahead of time, it
will skew our results, so please do not share any information about the study.

Thank you very much for your participation today. We hope you found it enjoyable. If you
would like to have a copy of the results e-mailed to you, please let me know and I will take

your email address.

Have a great day!
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Instructions and Notes:

e Depending on the nature of what you are doing, some sections may not be applicable to your re-
search. If so, mark as “NA”.

e  When you write a protocol, keep an electronic copy. You will need a copy if it is necessary to make
changes.

1 Protocol Title
Include the full protocol title: Dynamic Modeling of Joint Object Transport

2 Background and Objectives
Provide the scientific or scholarly background for, rationale for, and significance of the research
based on the existing literature and how will it add to existing knowledge.
e  Describe the purpose of the study.
e Describe any relevant preliminary data or case studies.
e Describe any past studies that are in conjunction to this study.

Joint object transport scenarios are common in daily work. Moving furniture, assembly, and installation
involve planned and emergent motor movements between two or more individuals. Studies have previ-
ously explored joint action and social connection, however there is increasing initiative to develop ro-
bots with advanced control policies that may augment performance in object transport in ways that a
partner or partners might. While rich social channels facilitate synchronous movement, dynamic role al-
location, and replanning, these channels in physical human-robot collaboration (PHRC) are often unso-
phisticated or misleading, resulting in choppy interaction and unintended consequences. The context of
these situations are often dynamic and complex, involving continuously evolving environments, task de-
mands, and physiological as well as mental states and events. As a result, infrequent or rare events that
occur may represent dramatically different constraints than routine operation entails. An important emo-
tional response from human actors in these scenarios is surprise.

Surprise is a critical factor in joint object transport in several ways. Expectations about one’s own abili-
ties, their partner, the environment, goal and interactions with the object may all be violated by emergent
signals. Some signals such as a coworker injury may shift the demands completely from transporting the
physical load to another task, while the presence of a supervisor may represent acute pressures to exert
more in the task or to be more careful. As these events are perceived, individuals may update their
model of the context to more accurately reflect the current constraints of the system. This new model
may be indirectly observable through changes in physical or physiological measures such as interaction
force, motion, or through self-report.

Establishing consistent patterns in relevant measures of joint object transport following surprise may
elucidate the process of recovery, avoidance, and increasing interaction stability with human dyads. This
insight may aid in the development of augmentative technologies, such as assistive robots or wearable
sensors that can facilitate adaptation to unexpected events that elicit surprise, as well as fulfill primary
intended purposes such as increasing efficiency in routine situations.

3 Data Use
Describe how the data will be used.
Examples include: e  Results released to participants/parents
e Dissertation, Thesis, Under- e Results released to employer or school
graduate honors project ¢ Other (describe)

e  Publication/journal article,
conferences/presentations

e Results released to agency or
organization
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The data will be used for publication in journal articles and in conference submissions and presentations.
De-identified or aggregate data may also be used as part of class practicums or K-12 outreach activities
that the researchers are involved in.

4 Inclusion and Exclusion Criteria
Describe the criteria that define who will be included or excluded in your final study sample. If you
are conducting data analysis only describe what is included in the dataset you propose to use.
Indicate specifically whether you will target or exclude each of the following special populations:

e  Minors (individuals who are under the age of 18)

Adults who are unable to consent

Pregnant women

Prisoners

Native Americans

Undocumented individuals

Our recruitment criteria will target adults age 18 or older, who are able to consent, and can comfortably
transport items weighing 10 1bs with one arm and without assistance from technology (self-reported).
We will exclude minors, adults who are unable to consent, pregnant woman, prisoners, and undocu-
mented individuals. We will also exclude non-English speakers due to limitations of our study team and
also because it is not critical for our research question, as well as exclude adults over the age of 55 due
to their potential physical ability that would make this group unlikely to be part of a population that
would be routinely transporting heavy objects alongside robots in the next decade.

5 Number of Participants
Indicate the total number of participants to be recruited and enrolled: 200 participants are estimated for
this study.

6 Recruitment Methods
e Describe who will be doing the recruitment of participants.
e Describe when, where, and how potential participants will be identified and recruited.
e Describe and attach materials that will be used to recruit participants (attach documents or
recruitment script with the application).

Only the researchers listed on the IRB protocol (trained ASU faculty and students) will be involved in
the recruitment of participants. A combination of online and physical flyers listing a short description of
the study and recruitment criteria will be posted in publically accessible locations, such as campus bulle-
tin boards, Craig’s list, and community centers. The researchers may also recruit through their personal
networks, email lists, and other avenues in which they are familiar with the norms of solicitation in the
group, or have received advanced permission from managers of those groups, such as established study
subject pools. Prospective participants will be asked to contact the researchers and confirm that they
meet the study criteria before scheduling will take place.
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7  Procedures Involved
Describe all research procedures being performed, who will facilitate the procedures, and when they
will be performed. Describe procedures including:

e The duration of time participants will spend in each research activity.

e The period or span of time for the collection of data, and any long term follow up.

e  Surveys or questionnaires that will be administered (Attach all surveys, interview ques-
tions, scripts, data collection forms, and instructions for participants to the online applica-
tion).

Interventions and sessions (Attach supplemental materials to the online application).
Lab procedures and tests and related instructions to participants.

Video or audio recordings of participants.

Previously collected data sets that that will be analyzed and identify the data source (At-
tach data use agreement(s) to the online application).

The researchers will be running a between-subjects design with four randomized groups. These groups
will involve interaction with a human dyad or human robot dyad. Prior to participants arriving, they will
fill out individual consent forms. Following consent, the study will begin by sending an email to partici-
pants guiding them to take an Interpersonal Trust survey. After that is completed and the participants
arrive in the lab they will begin by being exposed to a series of simple physical coordination tasks with a
partner or robot. After the training slide, they will be ked another Interpersonal Trust Survey. These
tasks will be essentially jointly lifting and holding an object (10 lbs or lighter) and coordinating their ac-
tions with their partner or robot to reach an intended location. Motion-capture data that uses video and
markers attached to participants’ arms and the interaction force of the object will be recorded as partici-
pants complete the task. Depending on the study group:

1. the task may also involve an infrequent, low-intensity auditory tone, signalling that the interac-

tion should be ceased until the tone ends.
2. Participants may observe an example of the infrequent, low-intensity tone.
3. Participants may have facial expression data observed and documented.

8 Compensation or Credit

e Describe the amount and timing of any compensation or credit to participants.
Identify the source of the funds to compensate participants
Justify that the amount given to participants is reasonable.
If participants are receiving course credit for participating in research, alternative
assignments need to be put in place to avoid coercion.

Students in introductory psychology or equivalent courses will receive course credit in lieu of an alter-
nate assignment. The alternate assignment will be to write a two-page paper on dyadichuman and robot
coordination, which the faculty researchers believe are commensurate with the experience and time
spent completing the study.

9 Risk to Participants
List the reasonably foreseeable risks, discomforts, or inconveniences related to participation in the
research. Consider physical, psychological, social, legal, and economic risks.
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The reasonably foreseeable risks, discomforts, or unexpected inconveniences related to participation in
the research are minimal. These may include: disrupting their daily routine to travel to the study site,
have difficulty finding parking, potentially receiving a parking ticket if they do not comply with parking
signs or our instructions, experiencing boredom with the task if they had high expectations about the dy-
adic coordination task, experience anxiety when asked to complete multiple tasks simultaneously, expe-
riencing anxiety working with a partner or robot and experiencing anxiety when we collect information
about their age, height or weight, and experiencing anxiety from being deceived about the potential
prize. We plan to minimize these risks and discomforts by being as flexible as reasonably possible in
scheduling, or in some cases rescheduling study participation, providing a map and information about
parking well in advance of their scheduled time so they can prepare to travel to the study site, fully ex-
plain the task, and to communicate clearly that they may stop the study at any time, and that their name
or contact information will not be connected to the data file we collect from them, and that study find-
ings will only be reported in aggregate. We will also debrief the participant about the use of deception in
this study.

10 Potential Benefits to Participants
Realistically describe the potential benefits that individual participants may experience from taking
part in the research. Indicate if there is no direct benefit. Do not include benefits to society or oth-
ers.

There are no other direct benefits to participants.

11 Privacy and Confidentiality
Describe the steps that will be taken to protect subjects’ privacy interests. “Privacy interest” refers
to a person’s desire to place limits on with whom they interact or to whom they provide personal
information. Click here for additional guidance on ASU Data Storage Guidelines.

Describe the following measures to ensure the confidentiality of data:

e Who will have access to the data?

e  Where and how data will be stored (e.g. ASU secure server, ASU cloud storage, filing cab-
inets, etc.)?

e How long the data will be stored?

e Describe the steps that will be taken to secure the data during storage, use, and transmis-
sion. (e.g., training, authorization of access, password protection, encryption, physical con-
trols, certificates of confidentiality, and separation of identifiers and data, etc.).

e [Ifapplicable, how will audio or video recordings will be managed and secured. Add the
duration of time these recordings will be kept.

e [Ifapplicable, how will the consent, assent, and/or parental permission forms be secured.
These forms should separate from the rest of the study data. Add the duration of time these
forms will be kept.

e Ifapplicable, describe how data will be linked or tracked (e.g. masterlist, contact list, re-
producible participant ID, randomized ID, etc.).

If your study has previously collected data sets, describe who will be responsible for data security and
monitoring.

Only the study personnel listed in the IRB will have access to the data. Data will be stored on ASU se-
cure servers, conventionally accessible only through password-protected computers and password-pro-
tected accounts. Any paper data (i.e., consent forms with names and signatures) will be located in a
locked file cabinet for up to 1 year following data collection, after which those materials will be shred-
ded and recycled. Participant ID number counting upwards from 100 will be assigned to participants in
the order that they are scheduled. While this assignment procedure is not completely random and thus
potentially traceable, we believe the convenience for auditing the data that this approach allows out-
Weighs the potential risk to any breach in participants’ privacy.
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12 Consent Process
Describe the process and procedures process you will use to obtain consent. Include a description
of:
Who will be responsible for consenting participants?
Where will the consent process take place?
How will consent be obtained?
If participants who do not speak English will be enrolled, describe the process to ensure
that the oral and/or written information provided to those participants will be in that lan-
guage. Indicate the language that will be used by those obtaining consent. Translated con-
sent forms should be submitted after the English is approved.
Only the study personnel listed in the IRB trained in human subject research ethics will be responsible
for consenting participants. Consent will take place before participant s arrive to the study suite, they
will receive the consent form via email, after they sign up for the study. Consent will involve going
through a electric consent form making them aware of the potential benefits and reiterating that they
may choose to end their participation at any time should they feel any discomfort. Participants must
electronically sign the consent form and send it back to researchers prior to arrival at the study site. If
participants do not fill out consent form, they will be removed from the study and will not be able to par-
ticipate. All study activities will be conducted in English.

13 Training
Provide the date(s) the members of the research team have completed the CITI training for human
participants. This training must be taken within the last 4 years. Additional information can be
found at: Training.

Erin Chiou, 23-Aug-2016

Wenlong Zhang, 15-Mar-2017

Yiwei Wang, 31-Jul-2017

Pouria Salehi, 18-Oct-2016

Glenn Lematta 27-Jan-2016

Chi-Ping Hsiung 1-Sep-2017

Kyleigh Rahm 20-Sep-2017

Alex Shaw 24-Apr-2017
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