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Abstract—It has long been assumed that when people observe 
robots they intuitively ascribe mind and intentionality to them, 
just as they do to humans. However, much of this evidence relies 
on experimenter-provided questions or self-reported judgments. 
We propose a new way of investigating people’s mental state 
ascriptions to robots by carefully studying explanations of robot 
behavior. Since people’s explanations of human behavior are 
deeply grounded in assumptions of mind and intentional agency, 
explanations of robot behavior can reveal whether such 
assumptions similarly apply to robots. We designed stimulus 
behaviors that were representative of a variety of robots in 
diverse contexts and ensured that people saw the behaviors as 
equally intentional, desirable, and surprising across both human 
and robot agents. We provided 121 participants with verbal 
descriptions of these behaviors and asked them to explain in their 
own words why the agent (human or robot) had performed them. 
To systematically analyze the verbal data, we used a theoretically 
grounded classification method to identify core explanation 
types. We found that people use the same conceptual toolbox of 
behavior explanations for both human and robot agents, robustly 
indicating inferences of intentionality and mind. But people 
applied specific explanatory tools at somewhat different rates 
and in somewhat different ways for robots, revealing specific 
expectations people hold when explaining robot behaviors.   

Keywords—human-robot-interaction, behavior explanation, 
mental state inference, folk psychology, theory of mind 

I. INTRODUCTION 
Many emerging applications of robotic technology involve 

humans and robots collaborating in healthcare, education, and 
domestic work. In these contexts, robots display increasingly 
sophisticated indicators of autonomous action (e.g., 
approaching, grasping, asking questions) and of mental activity 
(e.g., eye movements for attention, facial expressions for 
emotion). Psychological research has shown that people cannot 
help but infer mind and intentionality from such indicators [1], 
[2]. People’s perceptions and mental models of a machine 
collaborator are therefore likely to contain deep-seated 
inferences of mind and agency, which in turn direct human-
robot interactions [3]–[7]. In particular, people construct 
models of other agents to understand and predict their actions 
and to reduce uncertainty when interacting with them [8]. 

Perhaps the core guide toward understanding and 
prediction of others’ behavior is the human tendency to explain 
those behaviors [9]–[12]. Behavior explanations identify the 
causes and meaning of behavior, direct people’s perceptions 
and evaluations of others, and regulate their contributions to 
social interactions. Work in numerous disciplines has shown 
that human behavior explanations are fundamentally grounded 
in a conceptual framework of intentional agency and mind, 
typically referred to as “theory of mind” [13], [14] or “folk 
psychology” [15], [16]. This framework guides both people’s 
explanations and predictions of behavior but also inferences 
about specific mental states, such as beliefs, desires, intentions, 
and emotions [17].  

Initial evidence suggests that people may apply this 
framework of folk psychology to robots, ascribing mental 
states to them not unlike they do to humans. When observing a 
robot’s behavior, people try to grasp a robot’s mind by 
assigning humanlike traits or characteristics [3], [18] and by 
using or accepting mentalistic language to make sense of the 
robot’s behavior [19], [20]. Mentalistic inferences are also 
suggested by the activation of particular brain areas associated 
with mental model processing [5], [20] and in people’s gaze 
behavior [6]. Mental state ascriptions to artificial agents 
influence how we differentiate humans from such agents [19], 
whether we have empathy for robots and treat them well [21], 
and how we think about robot rights [22]. Thus, people’s 
conceptualization of robots as having a theory of mind may 
have profound implications for our interactions with these 
artificial collaborators.  

To document and understand people’s ascriptions of mind 
to robots, previous research has mainly relied on direct 
questions [23]–[27], predictions of certain behaviors [18], 
[28]–[30], and judgments of robots’ mental capacities [31], 
[32]. Such methods, however, are subject to a number of 
limitations: They are highly sensitive to the robot’s apparent 
function [33], the nature of the question (forced-choice vs. 
open-ended; [34]), and the robot’s specific physical appearance 
[35]. Furthermore, the measured mental state ascriptions are 
often course-grained (e.g., whether the robot generally has 
emotions or can reason logically [31], [36]), not fine-grained 
(whether the robot has a specific belief or desire). Finally, most 
methods suffer from experimenter demand and therefore do not 
assess people’s spontaneous mental state attributions. Attempts 
to assess such attributions in subtler ways are difficult without 
a broader theory and can appear ad-hoc (e.g., active vs. passive  
voice verb use [37]). New approaches using neuroimaging 
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appear promising, but inconsistent findings have been reported 
on the similarities between mental state inferences from human 
and robot behavior (see [20] for a review). Moreover, although 
neuroimaging techniques overcome some limitations of self-
reported perceptions of robots’ minds, they still are not 
sufficiently fine-grained as they document only an overall 
activation of regions involved in mind inference rather than 
inferences of specific mental states. Significantly, none of the 
methods used so far show whether people apply the broader 
conceptual framework of mind and action (their folk 
psychology) to robots. 

We propose a new way of investigating people’s mental 
state ascriptions to robots by carefully studying people’s 
explanations of robot behavior. Given the grounding of 
explanations in assumptions of mind and intentional agency, 
the study of behavior explanations can reveal specific concepts, 
processes, and even linguistic structures associated with mind 
inference. Explanations emerge in development just around the 
time children’s theory of mind is maturing [38], and they 
quickly take on characteristic linguistic forms [39]. Because 
they are often expressed verbally, they are directly observable 
with scientific methods [40]. In particular, they arise naturally 
in answers to simple why questions, so experimentally eliciting 
them is easy [41], [42]. Most important, they involve fine-
grained ascriptions of mental states that can be reliably 
classified with content analysis [12], [43].  

Behavior explanations are of course not meant to replace 
but rather complement other methods of illuminating people’s 
inferences about robot minds. The present research introduces 
explanations as a productive and unobtrusive technique to 
uncover novel insights into people’s readiness to infer mental 
states from robot behavior. This approach allows us to identify 
both similarities (e.g., using the same conceptual toolbox of 
folk psychology) and differences (e.g., contrasting rates of 
specific explanatory tools) in how people make sense of robot 
behavior. Another significant payoff in studying behavior 
explanations is that they can inform the development of 
explainable, intelligible robot behavior. The recent call for 
transparency and explainability of intelligent machines [44] 
can succeed only if we know what forms of explanations 
people actually find helpful and satisfying [45]. By identifying 
the forms of explanations people naturally offer for robot 
behavior we can build an initial blueprint for how robots 
themselves could explain their own behavior.  

II. THEORETICAL FRAMEWORK 

A. Behavior Explanations in Robot Studies 
Little research exists on how people explain robot behavior 

and how these explanations compare to corresponding 
explanations of human behavior [7]. A small number of studies 
qualitatively explored people’s accuracy of  mental models of 
an artificial system [26], [27], [46] or established that mental 
state inferences occur, without exploring in detail the content 
and function of these inferences in the overall explanations 
[25], [47]. 

A few studies set out to investigate the form of 
explanations people give of robot behavior but for various 
reasons did not systematically report the results. Wortham et al. 

[27] showed a video of a human-robot interaction and recorded 
participants’ explanations of the robot’s behavior. However, 
the researchers concluded that participants’ explanations were 
ambiguous and they discarded the data. Another study 
described a detailed coding system of people’s explanations of 
robot behavior but reported only judgments of intentionality 
[47]. In a third study, people interacted with a robotic ottoman 
[25] and were asked to explain the ottoman’s behavior. 
Unfortunately, the researchers did not systematically analyze 
these explanations but offered only sample quotes to support 
their conclusion that most participants considered the 
ottoman’s behavior intentional and ascribed mental states to it. 
All these studies raised the novel question of robot behavior 
explanations but did not yet provide direct evidence for how 
people explain robot behavior. 

The most detailed study of people’s explanations of robot 
behavior was recently presented by Thellman et al. [7].  In the 
study, participants viewed pictures of a human or a robot 
(Pepper) perform several behaviors in a kitchen and read an 
accompanying description of the behavior (e.g., “Ellis mops 
the floor”). The study protocol did not ask participants to 
explain in their own words what happened but to rate the 
plausibility of seven prepared causal explanations (e.g., goal, 
disposition, outcome) for each behavior. The researchers found 
these ratings of plausibility to be largely indistinguishable 
between robot and human actors and speculated that people’s 
folk concepts of intentional behavior may also be similar for 
human and robot agents. 

In the present study we directly examine people’s 
spontaneous explanations of robot behavior and analyze the 
conceptual assumptions of mind and intentionality revealed by 
these explanations. To do so we introduce a systematic 
theoretical framework that captures the fundamental concepts 
and assumptions people bring to bear on their explanations of 
behavior, for humans and potentially for robot agents. Within 
this framework we can methodically analyze people’s own 
explanations, delineate the specific explanatory tools they 
deploy, and identify intentionality and mental state inferences 
contained in these explanations.  

B. A Folk-Conceptual Theory of Explanation  
When explaining behavior, people distinguish sharply 

between unintentional and intentional behaviors [10], [48]. 
They explain unintentional behaviors by referring to a variety 
of causes (e.g., emotions, traits, other people, physical events) 
that are thought to directly bring about the unintentional 
behavior [49]. To explain intentional actions, however, people 
use a sophisticated set of distinctions that follow from their 
folk concept of intentionality [50] and its constituent mental 
states: primarily a desire for an outcome and beliefs about how 
a particular action leads to the outcome. To explain why an 
agent performed a given intentional action, people thus try to 
infer what specific desire and specific beliefs prompted the 
agent to perform the action. These are the reasons for which 
the agent acted. “What was her reason for ordering a second 
espresso?”—“She wanted to stay alert while preparing her 
lecture.” “What was his reason for suddenly being so nice?”—
“He thought he was speaking with an influential politician.” 



 
Fig. 1. Folk-conceptual theory of behavior explanations. 

Thus, when people conceptualize behaviors as intentional 
they often explain them by citing the agent’s mental states 
(primarily beliefs and desires), thereby providing reason 
explanations. Sometimes, however, people are at a loss for an 
explanation involving the agent’s reasons, or the reasons are 
uninteresting; in that case people retreat to “causal history of 
reason” (CHR) explanations [48] (see Fig. 1). CHR 
explanations still explain intentional behavior, but they step 
outside the agent’s own reasoning and refer instead to more 
general background facts—for example, that the agent is a 
member of a certain culture, has a certain personality, or found 
themselves nudged by a certain context. 

The key contrast, then, is that reasons cite the specific 
mental states on the agent’s mind before performing the action, 
whereas CHRs cite background factors that may have led up to 
those reasons—factors literally in the causal history of those 
reasons. Consider a person who decided not to vote in the last 
presidential election. We might explain this action by citing a 
reason (“they didn’t think their vote mattered”) or by citing a 
background factor (“their whole family is apolitical”). The 
family being apolitical is not something the agent actively had 
on their mind, but it does help explain the decision not to vote, 
as a “causal history” explanation.  

Once people offer a reason explanation, two further choices 
arise [48]. The first is what type of reason to provide (typically 
either beliefs, desires, or both). Belief reasons refer to the 
agent’s thinking and knowledge, drawing attention to the 
agent’s rational, deliberative side, whereas desire reasons 
highlight what the agent wants or needs [51]. Belief reasons, 
more than desire reasons, also provide idiosyncratic details 
about the agent’s decision-making process, including rejected 
options, specific plans of action, and likely consequences. As a 
result, belief reasons are generally less frequent when 
explaining the behavior of strangers [52].   

The second choice surrounding reasons arises for the many 
cases in which explanations are verbalized: whether to 
linguistically mark a belief reason or desire reason with a 
mental state verb (such as “they wanted” for a desire or “they 
thought” for a belief). This choice is optional but not trivial. 
Citing or omitting mental state markers can serve significant 
social functions, such as to distance oneself from the agent’s 
beliefs or to highlight the agent’s rationality [51], [52]. 

This theoretical framework (see Fig. 1) relies on 
distinctions that derive from an analysis of folk psychology and 
the components of people’s intentionality concept. Moreover, 
the framework has been empirically supported in numerous 
studies, showing that it makes correct predictions about how 
people differently explain their own and others’ behavior [52] 

as well as individual and groups’ behaviors [53], and about 
how people use explanations to manage their own and other 
people’s social standing [51], [52]. These studies relied on a 
detailed content-coding system [43] that examines people’s 
own verbal explanations and identifies reliably what 
explanation mode they chose (e.g., cause, reason, CHR), what 
specific reason they chose (belief, vs. desire), and whether the 
reason was marked with a mental state verb. Thus, applying 
this framework to the question of how people explain robot 
behavior, we have a solid theoretical foundation for 
differentiating forms of explanation that directly reflect folk 
psychological concepts. We also have numerous comparison 
data from the way people explain human behaviors. And we 
have a methodological tool that makes naturally occurring 
explanations measurable within this detailed and established 
conceptual space. 

C. Methodological Commitments 
In addition to this theoretical foundation, we adopted a 

number of methodological commitments. First, none of the 
previous studies on robot behavior explanations ensured that 
the behaviors people explained were equated, across human 
and robot agents, for basic properties that are known to 
influence explanations. In particular, explanations vary 
dramatically as a function of intentionality, surprisingness, and 
desirability [41], [54], [55]. Therefore, to determine whether 
people genuinely explain robot and human behaviors 
differently, we must examine behaviors that have stable 
intentionality, surprisingness, and desirability, whether 
performed by a robot or human agent. Otherwise, any seeming 
differences in how people explain robot and human behaviors 
may in reality be due to differences in how people perceive the 
behaviors (e.g., as more intentional or less surprising when 
performed by a robot). Second, to avoid prompting participants 
to make mental state inferences or encouraging them to use 
certain kinds of explanations, we asked them in a free-response 
format to explain why a given agent performed a given 
behavior. Resulting explanations that contain mental state 
references are then indicative of genuine and spontaneous 
ascriptions of mind to robots. 

D. Working Hypotheses 
The general hypothesis is that explanations of robot and 

human behavior will be similar in the kinds of concepts and 
linguistic tools people employ but that unique features of robot 
agents will elicit some reliable differences. Because tightly 
derived predictions are not possible in the absence of a detailed 
theory of “robot social perception,” we offer working 
hypotheses on such differences grounded in the folk-
conceptual theory of behavior explanation and past findings 
that employed it. We focus on the three major features of 
intentional behavior explanation.  

Hypothesis 1. For the contrast between reason explanations 
and causal history of reason (CHR) explanations, previous 
findings suggest that reason explanations from an observer 
perspective are more prevalent for (a) familiar (rather than 
unfamiliar) agents, (b) agents whose impression one tries to 
manage, and (c) individual agents (compared to collective 
agents, whose minds are less clearly delineated [52], [53]). 
Robots are less familiar than any human agent; people will 



generally be less motivated to manage a robot’s impression; 
and robots’ minds are less clearly delineated (at least for lay 
persons). Taken together we expect robot agents to elicit fewer 
reason explanations (relative to CHRs) than do human agents. 

Hypothesis 2. For the contrast between belief reasons and 
desire reasons, previous findings suggest that, from the 
observer perspective, belief reasons are generally more difficult 
to infer and more prevalent for agents whose impression one 
tries to manage, especially when highlighting the rationality of 
an agent [51], [56]. This leads to opposing hypotheses: On the 
one hand, inferring robots’ unfamiliar beliefs may be even 
more difficult than inferring humans’ beliefs, leading to a 
lower rate of belief reasons relative to desire reasons. On the 
other hand, assumptions of a robot’s rationality would increase 
the use of belief reasons for robots. In line with the latter 
hypothesis, the experimental philosophy literature suggests that 
people are more inclined to attribute beliefs and knowledge to 
robots than to attribute affect and desires [57]. If true, this 
tendency would also favor a greater relative use of beliefs over 
desires when explaining robot behaviors.  

Hypothesis 3. For the contrast between marked and 
unmarked reason explanations, we need to distinguish between 
belief markers and desire markers. By using belief markers 
(“she thinks”; “he believes”), explainers can distance 
themselves from the agent [56], emphasizing that the agent had 
a belief that the explainer did not necessarily share. Compare: 
“They told the joke because it’s funny” vs. “They told the joke 
because they think it’s funny.” In addition, explainer use belief 
markers to highlight agents’ rationality and reasoning [58]. 
Thus, to the extent that people see robot minds as distant from 
their own and/or want to highlight the robot’s rationality, 
people are likely to use more belief markers when explaining 
robot intentional behaviors. By contrast to belief markers, 
desire markers (“wanted”; “needed”) are conversationally less 
impactful, because at least in English the grammar of desire 
reasons reveals the agent’s desire state even without mental 
state verbs (through phrases such as “in order to” or “so that”). 
However, if people are indeed reluctant to ascribe desires to 
robots, then they may be particularly reluctant to mark those 
desires with verbs of “wanting,” “needing,” and the like.  

TABLE I.  BEHAVIOR STIMULI WITH MEANS AND STANDARD DEVIATIONS FOR HUMAN AND ROBOT AGENTS 

  Intentionality  
M (SD) 

Surprisingness  
M (SD) 

Desirability  
M (SD) 

Behavior 
Class 

Behavior Text Human Robot Human Robot Human Robot 

Surprising 
Intentional 

A [robot] nurse is taking care of an ill young boy in a local hospital. 
[She / It] brings him a big present. 

4.7 
(0.7) 

3.6 
(1.8) 

3.8 
(1.6) 

4.1 
(2.4) 

4.1 
(1.8) 

3.6 
(1.3) 

A security [officer / robot] is walking on the sidewalk. When [he / it] 
sees a fleeing pick-pocketer, [he / it] steps in front of the thief and 
grabs his arm. 

4.7 
(0.6) 

4.7 
(0.7) 

3.9 
(1.9) 

3.1 
(1.7) 

3.5 
(1.4) 

3.8 
(1.8) 

A [robot] assistant is working on [his / its] supervisor’s computer. [He 
/ It] searches through the directory for the supervisor’s private files 
and reads them all. 

4.5 
(1.0) 

2.8 
(3.4) 

4.9 
(1.7) 

6.4 
(0.8) 

-3.9 
(1.5) 

-3.9 
(1.3) 

A personal assistant [robot] is sorting through a stack of files. When 
the managing director asks to get him some lunch, [she / it] responds 
by saying, “Not now, please.” 

3.1 
(2.3) 

2.1 
(3.1) 

4.8 
(1.5) 

5.3 
(2.2) 

-1.0 
(1.6) 

-1.8 
(2.5) 

Unsurprising 
Intentional 

A [robot] host is standing at the entrance of the restaurant. [He / It] 
greets two incoming guests and immediately guides them to a table. 

4.8 
(0.5) 

4.6 
(0.7) 

1.7 
(1.4) 

2.2 
(1.6) 

3.1 
(1.8) 

3.6 
(1.7) 

A [robot] technician is about to replace the hard drive of a customer’s 
computer. [She / It] transfers all the files to a backup drive. 

4.7 
(0.7) 

4.6 
(0.8) 

1.5 
(1.2) 

2.2 
(1.8) 

3.5 
(1.5) 

3.5 
(1.8) 

A [robot] assistant is helping [his / its] supervisor in preparing an 
important presentation. Just moments before the meeting, [he / it] 
emails the final version of the presentation slides. 

3.4 
(2.1) 

3.1 
(2.7) 

2.7 
(1.8) 

2.8 
(1.9) 

0.8 
(2.3) 

1.7 
(2.7) 

A [robot] tutor is grading final exams. [He / It] gives a student an A, 
which makes her pass the semester. 

2.2 
(2.7) 

3.8 
(1.7) 

2.4 
(1.9) 

1.9 
(1.6) 

2.0 
(2.0) 

2.9 
(2.0) 

Current 
Intentional 

A [robot] soldier is exploring a building after a nuclear explosion. [He 
/ It] tells [his /its] teammates not to enter the boiling room without 
protective gear. 

4.5 
(1.0) 

4.9 
(0.4) 

1.7 
(1.2) 

1.9 
(1.3) 

4.2 
(1.1) 

3.6 
(2.8) 

A [robot] host is meeting a woman in the lobby. [He / It] looks at the 
woman, performing a beckoning gesture with [his / its] right hand. 

4.5 
(0.9) 

2.9 
(3.3) 

2.7 
(1.7) 

2.7 
(1.9) 

0.8 
(1.6) 

0.0 
(2.5) 

Unintentional 

A [woman / robot] is opening the door to enter the apartment 
building. [She / It] knocks out a fleeing burglar who was arrested 
shortly thereafter. 

-3.6 
(2.2) 

-2.6 
(3.3) 

5.8 
(1.4) 

5.1 
(2.0) 

1.9 
(1.9) 

1.6 
(2.1) 

A [robot] technician fails to tightly close a valve at the waste plant. 
Poisonous gas is released into a neighboring building. 

-3.6 
(1.6) 

-4.1 
(1.8) 

5.2 
(1.7) 

4.9 
(2.0) 

-4.6 
(1.2) 

-4.5 
(1.0) 

A [robot] custodian is mopping the floor in the entrance hall of a 
bank. [Her / Its] wet floor makes a bank robber slip, hindering him 
from exiting the building before the police arrive at the scene. 

-3.1 
(2.7) 

-2.7 
(3.5) 

5.2 
(1.3) 

3.7 
(2.5) 

1.9 
(2.1) 

2.1 
(2.7) 

A [robot] cook is baking a cake. [He / It] takes the cake out of the 
oven, moves backwards to set it down, and steps on a co-worker’s toes. 

-4.1 
(2.0) 

-4.3 
(1.6) 

2.7 
(1.5) 

3.1 
(1.9) 

-1.0 
(0.7) 

-1.8 
(1.5) 



III. METHOD 

A. Pretests: A Pool of Matched Stimulus Behaviors 
We designed text descriptions of robot and human 

behaviors for our study, as they allowed us to introduce robots 
with a variety of functions and roles, left robot appearance 
unspecified, and used a natural means by which people learn 
about behavior in general (e.g., in the news, in emails, or 
conversations). However, as mentioned earlier, in order to 
study any potential differences between explanations of human 
and robot behavior, we must ensure that people perceive the 
explained behaviors in the same way, whether performed by a 
human or robot agent. It is not enough to simply use the same 
phrasing in a behavior description and vary the subject noun as 
“robot” vs. “person.”  The behaviors must be perceived as 
highly similar on key properties. As a result, we conducted two 
initial studies to establish a robust pool of stimulus behaviors 
that are equated across robot and human agents for three key 
properties of behavior: intentionality, surprisingness, and social 
desirability—all of which are critical factors that influence 
behavior explanations [41], [54], [55].  

For Study 1 we identified candidate behaviors from the 
robotics and HRI literatures and from previous studies on 
human behavior explanations. We focused on likely-intentional 
behaviors, both surprising and unsurprising ones, and a few 
likely-unintentional ones (which are almost always surprising). 
Several of these behaviors are out of reach for extant robots, so 
we added a few behaviors that such robots are capable of 
performing—a class of behaviors we labeled “current.” We 
also attempted to populate each behavior class with socially 
desirable and undesirable exemplars. We recruited 239 
participants from Amazon Mechanical Turk to judge one half 
of each behavior class (unsurprising intentional, n = 14; 
surprising intentional, n = 28; current intentional, n = 26; and 
unintentional, n = 10), completing judgments for one agent 
type (human or robot) on one of the behavior properties 
(intentionality, surprisingness, or desirability). More details 
about the method and analysis can be found in [59]. In light of 
the results, we selected a pool of 28 matched stimulus 
behaviors whose properties were judged similarly for human 
and robot agents. However, the resulting behaviors did not 
evenly cover all behavior classes (e.g., there were few matched 
surprising intentional behaviors), so we conducted a second 
study. We began by rephrasing several stimulus behaviors from 
Study 1 that were closely matched on some but not all 
properties. In addition, we created six new unintentional and 
desirable behaviors, which had proven difficult to match in the 
first study. The resulting candidate behaviors again represented 
the four classes of behaviors: unsurprising intentional (n = 7), 
surprising intentional (n = 11), current intentional (n = 5), and 
unintentional (n = 11). The procedure and measurements were 
identical to those in Study 1, with the sole exception that 
participants in Study 2 (n = 126 from Amazon Mechanical 
Turk) judged all 35 behaviors for one agent type (human or 
robot) on one of the three behavior properties (intentionality, 
surprisingness, or desirability). 

In light of the results from both studies, we established a 
pool of 25 stimulus behaviors that were equated between robot 
and human agents for all three key properties of behavior: 

intentionality, surprisingness, and desirability. This pool 
consisted of four classes: unsurprising-intentional (n = 6), 
surprising-intentional n = 7), current-intentional (n = 2), and 
unintentional (n = 10) [59]. 

B. Study Design and Procedure 
For the present study, we selected 14 stimulus behaviors 

falling into the following behavior classes: 4 surprising 
intentional, 4 unsurprising intentional, 2 current intentional, 
and 4 unintentional; for each class, half of the behaviors were 
desirable, half undesirable. To achieve this balanced set we 
selected 12 items from the pool of stimulus behaviors 
described above and added two surprising intentional items 
(one desirable, one undesirable) from the extended pool that 
were matched on all properties, albeit not identical in degree. 
The added desirable one showed a statistically significant 
difference in surprisingness, but the behavior was clearly 
judged as very surprising for both human and robot agent. 
Likewise, the added undesirable one showed a statistically 
significant difference in intentionality, but the behavior was 
clearly judged as intentional for both human and robot agent. 
All 14 selected behavior stimuli are shown in Table 1. 

We chose a between-subjects manipulation of the agent 
factor to avoid making the purpose of our study salient, which 
a mix of human and robot agents in the same stimulus material 
would have done. We thus created two versions of an online 
questionnaire, differing only in the agent descriptors, human or 
robot, and participants were randomly assigned to either 
version. After participants gave their consent, we explained the 
study task: to consider various behaviors and to provide an 
explanation in their own words for why each agent performed 
the respective behavior (i.e., “Why did [he / she / it] do that?”). 
In the robot condition, we added that we were interested in the 
participant’s opinions about robot behaviors in the near future. 
Participants completed one practice item, the 14 experimental 
items in random order, and ended by providing basic 
demographics and indicating their knowledge of or experience 
with robots or the robotics field (using 1-6 point rating scales). 

C. Classification and Analysis of Explanations  
All explanation classifications followed the systematic 

guidelines of the F.Ex. coding system [43], as used in previous 
studies [51]–[53], [60]. To determine an explanation code, 
coders first decide on whether the explained behavior is likely 
intentional (such as “greet,” “save”); if it is intentional, coders 
determine whether a reason is mentioned (something the agent 
likely had on their mind when deciding to act—primarily 
beliefs and desires) or a factor that was in the causal 
background of the agent’s decision (CHR) but not on their 
mind (e.g., personality, environment, role). 

For example, the explained behavior “greets two guests” 
would be judged intentional (firmly supported by the pretest 
data). An explanation for it such as “The robot wanted to be 
polite” would be a (desire) reason; “its job was to be host” 
would be a CHR. The main focus of this paper is on such 
explanations of intentional behaviors. However, we also 
classified and analyzed all cause explanations of unintentional 
behavior, which are available in the supplementary materials.)   



To prepare the free-response data for analysis, two coders 
were trained and independently identified codable clauses in all 
verbal responses (87.1% agreement and Gwet’s AC1 = .85 
[61]1). Coders then classified all explanations into reasons vs. 
CHRs (90.2% agreement, κ = .79), reason type (91.8%, κ = 
.84), and mental state markers (93.2%, κ = .79). Beyond the 
standard F.Ex codes we also created a code for explanations of 
robot behavior in which participants referred to the robot being 
programmed (e.g., “It was programmed to read files”; “it did 
its programmed tasks”). Coding was done via automated text 
search and human checking (agreement was above 95%). Such 
program references could in principle be reasons (e.g., “it was 
programmed to want to be polite”) or CHRs (“it is 
programmed as a host”). In the present data, only a single 
program reference was a reason explanation (“The robot 
determined through its programming that the student was 
deserving of the A”); all other program references for 
intentional behaviors were causal history (CHR) explanations. 

The dependent variables were raw counts of explanation 
parameters (e.g., number of reason explanations per intentional 
behavior; number of belief reasons per behavior explained by 
reasons). These explanation parameters were averaged across 
all intentional behaviors to gain maximal representativeness of 
potential human-robot differences (but we briefly report the 
level of consistency within behavior classes). In addition to the 
average counts, we report percent scores when illustrating the 
relative dominance of one explanation type over another (e.g., 
percent reasons out of reasons + CHRs). We examined all 
hypotheses using mixed between-within analyses of variance 
(ANOVA), focusing on the statistical interactions of the agent 
factor with the relevant within-subject explanation parameter 
(e.g., reason vs. CHR). We report Cohen’s d effect sizes2.  

D. Participants 
We recruited 121 participants (58 males, 62 females, 1 

other) from Amazon Mechanical Turk (human agent condition 
n = 61, robot agent condition n = 60). The participants’ age 
ranged from 21 to 84 (M = 38.5, SD = 12.3), their educational 
level ranged from high school degree to doctoral and 
professional degrees, and they had little knowledge about (M = 
2.5, SD = 1.2) and experience with (M = 2.1, SD = 1.2) robots. 
There were no significant differences in those measures 
between participants from the two agent conditions. 

IV. RESULTS 
Analyses were based on a total of 121 participants (61 

explained human behaviors, 60 explained the corresponding 
robot behaviors). Average length of explanations was 
comparable for robot behaviors (M = 16.7) and human 
behaviors (M = 14.3), suggesting that participants put similar 
cognitive effort into their explanations. Overall, participants 
provided 1.34 explanations per behavior (95% CI: 1.24, 1.44). 
That number was slightly higher for human agents (M = 1.43, 
                                                        
1 This index has been derived mathematically and supported by Monte Carlo 
simulations as an improvement over Cohen’s k measure when margin rates 
are extreme (as is the case for identifying codable clauses).   
2 For interaction effects, proper effect size calculation requires dividing the 
full interaction contrast by two times the pooled standard deviation [62], d = 
((M11 – M12) – (M21 – M22))/2σ.   

SD = 0.64) than robot agents (M = 1.25, SD = 0.43), F(1, 119) 
= 3.44 p = .066, d = 0.34.  

Hypothesis 1 stated that robot agents would elicit fewer 
reason explanations (relative to CHRs) than would human 
agents. As Figure 2 shows, this hypothesis was supported, as 
explainers offered relatively fewer reasons for robots (M = 
0.67, SD = 0.37) than for humans (M = 1.01, SD = 0.35) but 
relatively more CHRs for robots (M = 0.70, SD = 0.39) than for 
humans (M = 0.50, SD = 0.41), interaction F(1,119) = 28.26, p 
< .001, d = 0.71. This human-robot asymmetry in the use of 
reasons vs. CHRs held consistently within each behavior class 
(desirable-undesirable, surprising-unsurprising, and for current 
behaviors). However, more than half of participants’ CHR 
explanations for robot actions referred to the robot’s 
programming. So we tested whether the reason-CHR 
asymmetry was driven by such program-referring explanations. 
Indeed, when we conducted the analysis again, considering 
only program-unrelated CHRs, the above interaction effect 
dropped sharply, F(1,119) = 3.42, p = .067, d = 0.19. (The 
effects within behavior classes were also consistently 
reduced.). Thus, people explain robot actions overall with 
fewer reasons and more CHRs, but the strong presence of CHR 
explanations relative to reason explanations (51% for robot 
actions vs. 33% for human actions) is spurred by over half of 
the CHRs referring to the robot’s programming.   

 
Fig. 2. Explainers of human intentional actions, relative to robot actions, 
used more reason explanations and fewer causal history of reason (CHR) 
explanations. More than half of the considerable number of CHR explanations 
given for robot actions referred to the robot’s programming. 

Hypothesis 2 concerned the contrast between belief reasons 
and desire reasons.3 As Figure 3 shows, explainers of human 
action offered more desire reasons (M = 0.77, SD = 0.25) than 
belief reasons (M = 0.49, SD = 0.29), F(1,116) = 18.71, p < 
.001, d = 1.04; by contrast, explainers of robot actions offered 
as many desire reasons (M = 0.57, SD = 0.33) as belief reasons 
(M = 0.58, SD = 0.29), F = 0. This pattern yields a human-
robot asymmetry for reason types, interaction F(1,116) = 9.27, 
p = .003, d = 0.39, and it is consistent across behavior classes 
(desirable-undesirable, surprising-unsurprising, and for current 
behaviors). This asymmetry supports the hypothesis that 
people are reluctant to attribute affect and desire to robots but 
feel comfortable attributing beliefs to them [57]. 

                                                        
3 Within reason explanations, people may offer beliefs, desires, or valuings 
[12], [43]. However, as is often the case, the rate of valuings was negligible  
(< 2%), so we conducted all reason type analyses on beliefs and desires only. 



 
Fig. 3. Explainers of human actions provided more desire reasons than belief 
reasons, whereas explainers of robot actions provided an equal number of the 
two reason types. 

Hypothesis 3 involved the contrast between marked and 
unmarked reason explanations as a result of people either 
distancing themselves from the agent and/or highlighting the 
agent’s rationality. For both types of reasons (i.e., beliefs and 
desires), we assessed whether the explainer explicitly marked 
the offered reason with a mental state verb. Generally, people 
tended to offer reason explanations without markers, but the 
use of such markers showed two contrasting human-robot 
asymmetries (see Fig. 4). On the one hand, people offered 
marked belief reasons more often for robots (31.6% of the 
time) than for humans (10.4%), F(1,112) = 22.2, p < .001, d = 
0.88. On the other hand, they offered marked desire reasons 
more often for humans (33.6%) than for robots (18.3%), 
F(1,107) = 9.2, p < .001, d = 0.58. Moreover, the three-way 
interaction between reason type, marker, and agent type was 
strong, F(1,105) = 29.3, p < .001, d = 0.85. This pattern 
suggests that, when explaining robot behaviors with reasons, 
people are far more comfortable ascribing explicitly marked 
beliefs to robots than to ascribe explicitly marked desires to 
them (those that use the words “want,” “need,” etc.).   

 
Fig. 4. When offering belief reasons (top), people use more mental state 
markers for robot agents than for human agents; when offering desire reasons 
(bottom), people use fewer mental state markers for robot agents. 

V. DISCUSSION 
A growing body of research indicates that many of the 

processes that guide people’s interactions with humans also 
guide their interactions with robots. In particular, initial studies 
suggest that people ascribe mental states to robots not unlike 
they do to humans [20]. However, much of this evidence relies 
on experimenter-provided questions, self-reported judgments, 
or general indicators of mind inference. The present research 
sought to contribute new evidence on people’s mind perception 
of robots through the study of behavior explanations. People 
naturally provided such explanations when asked simple why 
questions, and the concepts and linguistic structures they used 
in explaining robot behavior revealed several patterns of 
inferences about robot minds and intentional agency.  

Overall, people used the same toolbox of explanations for 
both robots’ and humans’ intentional actions, namely reason 
explanations that refer to the agent’s own beliefs and desires 
supporting the given action, and causal history explanations 
that provide the broader causal background to those reasons. In 
addition, however, people applied the specific explanatory 
tools at somewhat different rates and in somewhat different 
ways for robots. We briefly discuss these patterns in turn.  

First, as is standard in ordinary behavior explanations [60], 
people provided about twice as many reasons as causal history 
of reason explanations (CHRs) for human agents. In giving 
reason explanations, people simulate the agent’s mental states 
(primarily beliefs and desires) that led to the decision to act. 
Accordingly, as half of people’s explanations of robots’ actions 
were reasons, people seemed to exhibit spontaneous mental 
state inferences for robot agents. Further inspection also shows 
that only 3/60 explainers of robot actions used no reason 
explanations at all. At the same time, people offered relatively 
more CHR explanations when explaining robot actions than 
when explaining human actions. The unique contributor to this 
asymmetry was a class of CHRs that referred to the robot’s 
program or its programmers. It is noteworthy that such 
program references never occurred in reason explanations of 
robot behavior, so the reasons people provided for these 
behaviors represent uncontaminated evidence for inferences of 
robot mental states. But in spite of people’s general inclination 
to apply folk psychology to robot behavior, they did not ignore 
the fact that a robot is a mechanical device and sometimes (in 
about 30 percent of all intentional behavior explanations) 
offered simple mechanistic explanations (e.g., that the robot 
was programmed to greet a guest or designed to protect 
people). 

Second, examining the type of reasons people offered, we 
observed that desire reasons were more frequent than belief 
reasons in explanations of human behavior, as is typical for 
people’s explanations of strangers’ behaviors [52]. In 
explanations of robot behaviors we saw a relative increase to 
use belief reasons and a decrease to use desire reasons. As 
suggested by previous research [57], people are comfortable 
considering robots as having beliefs and knowledge, as being 
rational; but they are less comfortable portraying robots as 
having needs and wants, as being affective. Nonetheless, the 
differences here were small, and people still cited desire 



reasons in just over half of the cases of providing reason 
explanations for robot behaviors.  

Third, the use of mental state markers was overall quite 
similar—just as for human agents, people explained robot 
agents’ behaviors often without an explicit mental state verb.  
However, people used more belief markers and fewer desire 
markers when explaining robot actions compared to human 
actions. This diverging pattern of using markers reinforces the 
above interpretation of people’s greater comfort with robots’ 
thinking (permitting relatively more belief markers than 
humans used) and less comfort with robots’ desires (prompting 
relatively fewer desire markers than humans used).  

Increased use of belief markers, in particular, also functions 
as a way of “distancing” oneself from the agent [51]—
indicating that one does not necessarily share the agent’s 
beliefs that explain their actions. It is possible, then, that 
participants distanced themselves to some degree from the 
“minds” of robots. In the future it might be instructive to assess 
people’s general attitudes toward robots to see whether greater 
rejection of machines goes along with greater belief marker use 
for distancing purposes. Future studies might also compare 
people’s distancing tendencies from robots with their 
distancing from outgroups; after all, robots are in significant 
ways a novel kind of outgroup. 

All the documented patterns—both the similar general 
explanation tendencies and the specific human-robot 
asymmetries—held up consistently across behavior classes 
(desirable-undesirable, surprising-unsurprising), and for 
current behaviors as well as near-future behaviors. This 
consistency strengthens the conclusion that we have identified 
genuine explanation tendencies for robot behaviors, not just 
contingent associations for specific actions. Furthermore, it 
strengthens the conclusion that we have identified systematic 
patterns of mental state inferences: (a) a considerable tendency 
to ascribe mental states to robots in the form of reasons (but 
still less overall than the rate of ascribing mental states to 
humans); (b) a preference specifically to ascribe belief reasons 
and a reluctance to ascribe desire reasons; and (c) an 
amplification of this combination of preference and reluctance 
when using explicit mental state verbs to ascribe beliefs and 
desires. Taken together, we have both amply documented 
spontaneous mental state inferences to robots and also 
discovered boundary conditions for such inferences. 

A. Limitations and Future Directions 
A limitation of the current research is the focus on text 

descriptions of the target behaviors. We attempted to narrow 
the ambiguities of interpretation by referring to concrete roles 
and locations for each behavior, and we systematically equated 
each behavior for perceptions of intentionality, desirability, and 
surprise across human and robot agents. The consistency of 
results across behavior classes boosts our confidence that the 
findings are generalizable. Nonetheless, we cannot be certain 
that enriched contexts (including live interactions) will lead to 
the same patterns of results. 

Another limitation is that the manipulation of agent type 
was implemented by means of minimal descriptions (e.g., a 
soldier → a robot soldier; a cook → a robot cook). Even though 

many studies [63]–[65] suggest that people, at least in Western 
societies, hold similar representations of robots, we exerted no 
experimental control over those representations. Once more, 
however, the consistency of results across behaviors, roles, and 
locations provide some assurance of generalizability. Even if 
people imagined entirely different robots for each behavior, 
these images had little impact on the results. It thus appears 
promising that the small manipulation (of placing a “robot” 
into the same role and location as a human) had such 
systematic and interpretable results. However, future variations 
of wording, information, and images or videos of agent 
behaviors would clearly strengthen the generalizability of our 
results. The challenges of achieving consistent live human-
robot interactions are well-known, and experimenters have to 
worry that participants will be distracted by the robot’s 
imperfections and even failures, and that they will actually not 
explain the same behaviors for human and robot targets. An 
intermediate step might be virtual- or augmented-reality 
experiments, which can guarantee the robot’s reliability and 
still allow for inclusion of a range of behaviors, roles, and 
robot appearances.  

B. Conclusion 
To our knowledge, this is the first study that has rigorously 

analyzed people’s free-response explanations of robot 
(compared to human) behavior. Given the grounding of 
explanations in assumptions of mind and intentionality, the 
study of behavior explanations can reveal how the specific 
concepts, processes, and even linguistic structures associated 
with mind inference are applied to robots. Indeed, our results 
show that people’s spontaneous, free-response explanations of 
robot behavior rely on similar conceptual tools as they do for 
human behavior. Even though people also offer unique 
program-referring explanations of robot behaviors, these 
explanations occurred only as CHR explanations, not as reason 
explanations (e.g., people didn’t write It was programmed to 
think X). This suggests that people’s reason explanations are a 
relatively clean reflection of folk psychology and mental state 
inference in robot behavior explanations. Beyond these general 
similarities, people also used some specific explanation tools 
differently for robots, and previous work suggests that these 
patterns reveal a general preference to think of robots as 
rational rather than motivational-affective beings. 

The explanations participants provided for robot behaviors 
could serve as an initial blueprint for how robots themselves 
should explain their own behavior. In order to make AI and 
robots explainable, transparent, and trustworthy [66] designers 
need to understand how people make sense of such agents, and 
therefore what kinds of explanations would be illuminating 
[67]. In earlier work, we presented how the conceptual 
framework and psychological mechanisms of human behavior 
explanation could inform the development of explainable robot 
behavior [45]. Our present results suggest that, at least at 
current levels of familiarity with technology, people readily 
apply the familiar concepts and linguistic tools of folk 
psychology when making sense of robot behavior. This implies 
that people will be comfortable when robots explain their own 
behavior using the framework of reasons and the language of 
beliefs and desires that are so dominant in human interactions. 
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