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Proximate human-robot teaming (pxHRT) is a complex subspace within human-robot interaction. Studies
in this space involve a range of equipment and methods, including the ability to sense people and robots
precisely. Research in this area draws from a wide variety of other fields, from human-human interaction to
control theory, making study design complex, particularly for those outside the field of HRI. In this paper,
we introduce a framework that helps researchers consider tradeoffs across various task contexts, platforms,
sensors, and analysis methods; metrics frequently used in the field; and common challenges researchers
may face. We demonstrate the use of the framework via a case study which employs an autonomous mobile
manipulator continuously engaging in shared workspace, handover, and co-manipulation tasks with people,
and explores the effect of cognitive workload on pxHRT dynamics. We also demonstrate the utility of the
framework in a case study with two groups of researchers new to pxHRT. With this framework, we hope to
enable researchers, especially those outside HRI, to more thoroughly consider these complex components
within their studies, more easily design experiments, and more fully explore research questions within the
space of pxHRT.
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→ Interaction design theory, concepts and paradigms; • Computing methodologies → Artificial intelligence.
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INTRODUCTION

Robots are increasingly moving from well-controlled spaces into human-centered environments,
including hospitals, homes, and disaster zones. These spaces are more dynamic and complex than
the laboratory and industrial settings robots have traditionally been used in and are often safety
critical.
Therefore, in order to perform well and decrease the risk to people in these environments, good
teaming between people and robots is essential. Such teaming will enable robots and humans to
augment each others’ abilities to perform more complex functions.
In order to develop methods to allow robots to do this, both researchers and robots need methods
to characterize interactions with human partners. While the exact elements that constitute effective
teaming are context-dependent, if researchers have techniques to well-characterized aspects of the
interaction, it will enable them to better understand how robots could react more appropriately
and fluently in a given situation. In turn, adaptations of these techniques could be used in robot
control architectures to improve their interactions with people. Without methods to characterize
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and evaluate the effects of their behavior, robots may inadvertently act in ways that degrade the
quality of their interactions in human-robot teams.
Dynamical and complex systems analysis techniques have emerged as powerful tools to assess
coordination in a variety of settings. Researchers have applied some of these techniques in HRI research, such as Granger Causality, Cross-Recurrence Quantification Analysis, and cross correlation.
[30, 38, 41].
The majority of work in proximate human-robot teaming (pxHRT) has focused on shared
workspace tasks [13, 21, 24, 53, 73] and handovers [11, 69], with relatively little on co-manipulation
tasks [17, 51]. Furthermore, in HRT, standard metrics have only recently been studied [23].
While there is a large body of work in proximate, physical HRT, to our knowledge there is no
systematic approach to design and run studies in this space. While some articles provide guidance
for HRI research (e.g., [6, 26, 27, 55]), little guidance targets pxHRT specifically. For instance,
frameworks exist for social HRI [3], user-centered HRI [32], and levels of robot autonomy [5],
among others. Onnasch and Roesler [55] recently proposed a taxonomy to assist with analyzing
HRI studies. Their framework includes three clusters: interaction context, robot characteristics,
and team classification. However, their taxonomy is more suited for retrospective applications, e.g.,
enabling researchers to examine prior studies to better compare and contrast HRI work. In contrast,
the framework we introduce in this paper is designed for prospective use, and specifically targeted
to pxHRT research.
Some recent work has also provided guidance specifically on designing HRI studies. For example,
Hoffman and Zhao [26] provide a thorough guide to designing HRI studies focused on experimental
research, from deciding on a research question, to designing the study, to performing statistical tests
and reporting results. Belpaeme [6] similarly offers advice to new HRI researchers, discussing some
critical decisions that need to be made during experimental design, as well as common mistakes
in data analysis. Both of these papers are extremely useful guides to new researchers designing
experiments. However, they discuss HRI research as a whole and do not touch on issues that are of
particular importance to pxHRT study design. We hope that our framework will complement these
other guides by providing advice explicitly aimed at pxHRT researchers.
In our framework, we suggest several steps and tradeoffs to consider while designing a pxHRT
study, and provide examples from the literature to illustrate how others have dealt with these
tradeoffs. We also discuss common challenges that occur specifically in pxHRT studies. We understand that many senior HRI researchers will already be familiar with the options and tradeoffs that
our framework introduces. However, we note that HRI is a relatively small subfield in robotics,
and many roboticists who do not specialize in HRI still conduct HRI studies, particularly pxHRT
research. This framework is geared toward that audience.
We demonstrate how our framework can be used by describing a case study from our own
research. We designed the study to inform the metrology of teaming by investigating the dynamics
between a person and robot performing several pxHRT tasks under different workload conditions.
We use this study to demonstrate how our proposed framework could be employed to design
pxHRT studies.
We further demonstrate the potential utility of our framework in a case study with two groups
of researchers new to the field of pxHRT. The researchers used our framework in the design of a
study and provided feedback via a short, semi-structured interview.
The framework we present will enable researchers to better navigate the pxHRT space and
design studies to analyze coordination in human-robot teams across different task contexts. The
framework is general enough to be used to investigate a wide array of challenges in a variety of
contexts. Running a study requires careful, thoughtful planning. Moreover, there are many design
considerations in pxHRT studies that researchers new to the area may not be aware of. By providing
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structure for these considerations, we hope this framework will ease the study design process,
enabling researchers to better use the time spent designing their studies, and thus produce more
well-thought-out studies. This, in turn, will potentially reduce the chance for unnecessary errors
along the way. Additionally, by providing researchers with a structure for study design, we hope
this framework will assist researchers in designing easily reproducible, transparent studies. We
hope that this will accelerate advancements in pxHRT research.
2
2.1

BACKGROUND
Study Design and Frameworks in HRI

Some recent papers have addressed study design in HRI broadly [6, 26]. Belpaeme [6] goes over
important decisions during HRI study design, including level of autonomy, lab vs. non-lab studies,
and single vs. long-term interactions. Belpaeme also discusses several problems that can occur in
collecting and analyzing data, such as concerns about null-hypothesis significance testing, selective
data publication, and the Hawthorne effect. Hoffman and Zhao [26] provide detailed steps for
experimental HRI studies. They break the process down into 10 stages, from research questions to
reporting, and provide suggestions and considerations for each stage.
As good study design principles for HRI clearly also apply to pxHRT, our framework naturally
overlaps with these guidelines for study design. However, because we focus on pxHRT, our framework includes elements that are not explicitly discussed in these broader guidelines. Thus, this
work complements these guidelines and provides additional support for researchers new to pxHRT.
Researchers have also proposed frameworks for HRI research generally. Onnasch and Roesler
[55] created a taxonomy to classify studies based on interaction context, robot characteristics, and
teams. This can be useful for designing studies, but also enables researchers to better compare
and contrast previous studies. Yanco and Drury [85, 86] proposed a taxonomy for classifying
human-robot interactions that included factors such as task type and criticality, level of shared
interaction among teams, and decision support for operators. Parashar et al. [57] reviewed previous
HRI taxonomies and used this to develop a taxonomy divided into system context, local dynamics,
and effects.
Additionally, some papers present guidance or frameworks for specific areas of HRI research.
These papers provide more details that are relevant to the areas they focus on, which may not be
applicable to other areas of HRI. For instance, Baraka et al. [3] proposed a framework for classifying
social robots. Similarly, Beer et al. [5] developed a framework for categorizing levels of robot
autonomy, drawing on classifications of levels of autonomy from human-automation literature.
Researchers also developed frameworks for user-centered HRI studies [32] and approaches for HRI
experiments with humanoid robots [27]. Like these papers, we propose a framework to guide study
design in a specific subfield of HRI, namely pxHRT.
In many fields, iterative study designs are common, where researchers explore their data then
make changes to many aspects of their experimental design[65]. This practice is particularly
common in context-rich, dynamic experimental settings, such as schools and health settings
[31, 66]. For example, in one of our experiments on human-robot trust and setting expectations [76],
we needed to determine exactly when in the study a robot should make an error. We iteratively
collected small batches of pilot data, analyzed it, then made slight modifications to our study design.
Once we saw effects more reliably, we finalized our study design and recruited participants for
the main experiment. Therefore, to represent this important aspect of study design, we include an
iterative loop around our framework.
Researchers also addressed practices specifically in the measurement and analysis of data. For
instance, Schrum et al. [64] found that HRI researchers rarely use Likert scales completely properly
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and developed recommendations for researchers to improve their use of such scales. Additionally,
many researchers are concerned about current p-value usage [6, 15], as well as the possibility for
researchers, intentionally or not, to get significant results, regardless of whether or not an effect
exists [68]. To avoid some of these problems, they recommend fully describing an experimental
design before collecting data and pre-registering the experiment (e.g., with the Open Science
Foundation) [6, 15, 68]. Any deviations from the planned experiment during or after data collection
should be explained in the paper.
2.2

Coordination in HRI

Coordination is a critical component of joint action, and thus will be important in many emerging
opportunities for proximate human-robot teaming. However, designing robots to coordinate well
with humans is difficult, particularly in human-centered spaces that are not explicitly designed to
accommodate robots.
Furthermore, there is a large amount of variance in the human population, so different people
may perform the same task in multiple ways. Rather than having a single strategy to coordinate
with people on a given task, robots must adapt their technique to the specific people they work
with. Researchers have investigated many strategies to individualize robotic behavior to a given
partner [24, 48, 51, 53]. For example, Nikolaidis and Shah [53] proposed a cross-training technique
in which a robot and person iteratively switch roles in a task so they learn how to best perform the
task together.
To date, much work on joint action has focused on shared workspace tasks (e.g., [13, 21, 24, 53, 73]),
as well as handovers [11, 69], with some work on co-manipulation (e.g., [17]). pxHRT research
intersects many different fields, from human factors to design to control theory. This can make the
literature space difficult to navigate, as many papers examining the same problem approach it from
widely varying perspectives. For instance, Hoffman and Breazeal [25] and Nikolaidis and Shah [53]
both explore how humans and robots can more efficiently and fluently coordinate with each other.
However, Hoffman and Breazeal [25] focused on a cognitive architecture for the robot to enable it
to better anticipate the person’s intent. Nikolaidis and Shah [53], on the other hand, focused on a
training method for the human and robot to allow them to have a better shared model of the task.
Conversely, researchers often use similar tasks to investigate vastly different questions. Peternel
et al. [58] and Reed et al. [60] both employ a cooperative crank turning task. Peternel et al. [58]
use this task to explore a control framework, whereas Reed et al. [60] characterize human-human
teams and discover different dynamics between human-human and human-robot teams.
Thus, diversity and complexity of the field, while useful for designing new methods for teaming,
can also make it harder to fully grasp. It can also hinder experimental design. Our framework
attempts to address these issues by suggesting methods for researchers to traverse this space.
2.3 Measuring Movement Coordination in Human-Human Interaction
Our framework includes different types of coordination analyses, many of which originated in
human-human interaction studies. For readers not familiar with these techniques, we provide
background here.
Research aimed at understanding human-human interaction incorporates many different approaches to evaluating the coordination of inter-agent behaviors. Together these approaches provide
a wide range of information about interpersonal interactions. For example, they can reveal differences in movement coordination associated with dancing expertise [77], as well as differences in
the temporal coordination of musical behaviors based on a musician’s role within an ensemble [83].
Coordination measures can also identify social cohesion and connection between human team
members. Researchers in interpersonal interaction have established strong connections between
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interpersonal movement coordination and reports of team-member liking and affiliation [43, 45] as
well as social attachment and cooperation [82]. They also found that coordinated movement can
have positive effects on collaborative problem-solving during teaming [44].
Measuring interpersonal coordination characteristics can provide reliable and meaningful information about human interaction. Higher levels of coordination are associated with better rapport
between individuals [43, 45], as well as better cooperation and collaboration during teamwork
[44]. Recent work also demonstrated that individuals observing human dyads expect that dyads
who exhibit synchrony will work well together and that observers are also more interested in
affiliating with these dyads [40]. Additionally, the range and frequency of phase relationships
between repetitive movements conveys information about the stability of coordination over a given
period of time. Specifically, for highly stable coordination a limited range of phase relationships are
visited with high frequency, while for unstable coordination a wide range of phase relationships
may be visited at relatively equal, often low, frequencies. For tasks that depend on the coordination
of joint actions between individuals performance is typically better if coordination is stable.
Beyond the general magnitude and stability of coordination, researchers can also evaluate
the influence interacting individuals have on each other’s behavior. Interpersonal coordination
depends on the fact that one individual has information about another’s behavior, such that they
are unidirectionally coupled to their actions. Commonly, all pairs of individuals engaged in an
interaction have information about each other and are therefore bi-directionally coupled. Behavioral
coordination arising from bi-directionally coupled individuals is characterized by mutual adaptation,
in which both actors adjust their actions to account for those of their co-actor.
Coordination characteristics like magnitude, stability, mode, and adaptation can also change over
the course of interpersonal interaction. As a result, the evolution of spatiotemporal coordination
characteristics can be as informative as the characteristics themselves. For example, continual
increases in the variability of relative phase relationships exhibited by two interacting individuals
over time predict an eventual inability to maintain the current coordinated state. Schmidt et al. [63]
observed this when they asked pairs of individuals to coordinate rhythmic leg movements in an
anti-phase pattern and introduced increases in movement frequency, leading to steady increases in
relative phase variability followed by a breakdown in the anti-phase coordination pattern.
In addition to the information one can gain from assessing the evolution of close spatiotemporal
coordination, one can also understand more about an interaction from looking at shared behavioral
structure between interacting individuals. By understanding the properties of human behavior as
consistent with those of dynamical systems, it is possible to render its evolution in reconstructed
phase space.
With this perspective, researchers developed cross-recurrence quantification analysis (CRQA)
to identify the presence and duration of overlaps in the behavioral dynamics of concurrent behaviors displayed by interacting individuals, quantifying the regularity, stability, predictability,
and homogeneity of an interaction (see [67, 78, 79] for detailed descriptions). Granger Causality
(GC) is another commonly used technique to examine relationships in time series data. It indicates
when information from one series is dependent on information from another series (see [4] for a
detailed explanation and software tools). For instance, it can be used to determine leader-follower
relationships [12].
Understanding movement coordination patterns contributes significantly to our ability to interpret many aspects of interpersonal interactions. The same approach can be used within human-robot
teaming. A few groups have already centered the importance of movement coordination within
human-robot interaction research to: propose the development of greater movement adaptation
abilities for social robots bidirectionally coupled to human co-actors [37–39], use oscillatory behavioral dynamics to control robot behavior during proximal human-robot interaction [35, 49],
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measure human movement behavior via mobile robot sensors [30], and use information about
human group coordination to plan and perform cohesive robot movements [29].

3

FRAMEWORK

Physical pxHRT is a large space with many different research questions, platforms, sensors, study
designs, measures, and analysis methods to choose from. Across each of these, researchers must
consider a wide variety of tradeoffs in terms of cost, time, and complexity. Additionally, during HRT
studies, numerous other challenges manifest themselves, including problems involving hardware,
systems, people, and data labelling and analysis. This makes it difficult to design and run studies
while balancing these tradeoffs and challenges.
In this paper, we introduce a new conceptual framework to help pxHRT researchers navigate
this space and support them in their efforts to design new lines of work. We derived this framework
from insights from the literature, as well as from our own experimentation. We suggest steps for
designing a study, and provide examples from the literature to elucidate each step.
Our framework consists of seven components (Fig. 2): the research question, task context,
platform, sensors, autonomy, evaluation, and analysis methods. Below, we describe the primary
connections between these components, as depicted by the grey arrows in Fig. 1. We emphasize
that all of the components of the study are interconnected to some extent, so any given component
should not be thought of as completely isolated from any other. However, we believe that the
connections described here are the ones with the most influence and should be carefully considered
by researchers during study design.
The research questions are particularly important as they will drive many other decisions during
the study design. This refers to the question the researcher is trying to answer by running the study.
For instance, a research question about whether spatial and temporal contrast affect human-robot
handover fluency will necessitate a study design that includes a handover [11]. Similarly, a research
question about how well a new algorithm enables a robot to team with groups of people will
result in an evaluative paradigm in which the robot interacts with at least two people at a time
[71, 74]. These questions are typically human-focused, robot-focused, or interaction-focused. For
example, a question about how humans and robots collaborate physically via haptic communication
is interaction-focused [60], while a question about how fluent people perceive a human-only vs.
a human-robot team to be is human-focused [21]. A question about how well a data-efficient
reinforcement learning approach can model physical human-robot interactions is robot-focused
[20].
The task context researchers choose will also affect several components, especially the platform
and sensors used for the study, as well as which analysis methods are most appropriate. The task
context includes the type of task used in the study, as well as how it is represented, particularly
whether it is continuous or discrete. Possible types of tasks include handovers (passing an object
between agents), co-manipulation (two or more agents moving the same object at the same time), and
share workspace tasks (two or more agents performing a task in the same space). If the researchers
want a co-manipulation task context, where two agents manipulate an object at the same time, they
will need a platform with a manipulator, whereas if they want a shared workspace task context, a
non-manipulator mobile robot or even a tabletop platform may be sufficient. Additionally, the task
context, in conjunction with the research question, will affect what types of sensors a researcher
needs. For example, in a handover task, a researcher may be interested in carefully tracking a
person’s hand movements, while for a shared workspace task, they may want to know the position
of the person’s body but not be concerned about the person’s hands specifically.
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While some analysis methods can be applied across almost any task context, others are narrower
in scope. An analysis of idle time may make sense for a shared workspace task, but is unlikely to
matter in a co-manipulation task, where the person and robot are both continuously active.
The platform and sensors that researchers choose to use will often be the resources already
available to them. For instance, researchers may already have certain robots or sensors in their
lab, in which case they may preferentially design experiments using these hardware components.
For example, they may have access to a platform with a mobile base but no manipulators, which
might push them towards a shared workspace task rather than a co-manipulation task. Thus, the
platform researchers decide to use will affect the task context.
Which sensors researchers choose may affect the level of robot autonomy and the analyses
researchers can perform. For instance, if the robot does not have access to sensor data that can
accurately determine the location of a person’s hand, it may be difficult for the robot to be fully
autonomous during a handover task. Additionally, some data processing, such as modeling human
arm motions, may require specific types of data, such as sensor measurements from different points
on a person’s arm [58]. Similarly, if a researcher wants to run analyses on the proxemics of the
person and robot, they will need to use sensors that will allow them to know the positions of both.
The level of autonomy of the robot is how much the robot does on its own versus how much it is
controlled by an operator. The autonomy will affect and be affected by the sensors the researcher
chooses, and may also impact the evaluative paradigm. For instance, to learn and imitate force
constraints for a collaborative task, the robot must have force sensors [62]. Similarly, if a robot
needs to autonomously coordinate with people during a synchronous motion task, like dancing, it
might need a way to visually sense those people [14, 29]. Furthermore, the task context will affect
autonomy, as a more complex task, such as performing surgery, may be more difficult or dangerous
to automate.
The level of robot autonomy may also affect the evaluation. The evaluation includes the details
of how the research question will be evaluated, such as the specific conditions that will be used, the
population participants will be drawn from, the specifics of how the person and robot interact, and
so on. The degree of autonomy could exclude some interactions that are beyond current limitations
of robots. For instance, a robot may have difficulty autonomously picking up a novel object from
an extremely cluttered environment. The evaluation paradigm also impacts the analysis methods
that researchers can use. If a researcher chooses to have relatively short trials, they may not be able
to use analyses like cross-correlation that require longer trial lengths. Thus, researchers should
consider what evaluative paradigms best allow them to answer their research question, while also
taking the desired levels of autonomy and analysis methods into account.
Finally, the analysis methods consist of the data being collected and the types of techniques
used to analyze that data. They are most strongly impacted by the sensors, evaluation, and task
context, as discussed previously. When designing a study, we hope that taking these connections
into account will assist researchers in determining the best design for their study.
In the following subsections, we will describe each component of our framework in more detail,
as well as important categories within each component, as listed in Fig. 2.
3.1

Research Questions

The first consideration of the framework are the kinds of questions an HRI researcher might ask
within the context of teaming. There are many ways researchers might generate a research question.
Often, researchers review relevant literature in the field and identify gaps where there are still
open questions. They may also devise a research question based on their own prior work. Similar
to our delineations within the HRI conference, these questions may be more technically-focused,
human-focused, and/or interaction-focused in scope. Technically-focused questions often attempt
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Fig. 1. Visualization of our framework for guiding researchers in the design of pxHRT studies. Grey arrows
show the main connections between components, though no component is completely independent from any
other component. Additionally, researchers will likely iterate on their study design several times.

to improve the capabilities of robots. pxHRT technical questions often involve designing a control
paradigm for a robot and comparing it against a baseline. There are no standard baselines for many
pxHRT tasks, so researchers will typically compare against another method that is commonly used
for the task. Other times, they will compare against a robot that has a fixed policy [48].
Many researchers have explored technically-focused questions [16, 17, 25, 29, 41, 46, 48, 52, 53,
56, 70]. Some choose to look at higher level architectures, such as the method the robot uses to
learn about and encode the task or world state. For example, Nikolaidis et al. [53] developed a
cross-training method to enable humans and robots to converge to a shared model of a collaborative
task. They then evaluated their model against a reinforcement learning algorithm in which the
human manually assigned rewards to robot actions. Other researchers focus on low-level controllers
to enable robots to better engage in pxHRT. Peternel et al. [58] developed a hybrid controller that
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Fig. 2. Important categories within each component in our proposed framework.

took the person’s arm stiffness into account. Technical questions are valuable for improving robot
function and extending robot capabilities. However, they often need to be informed by research on
human-focused and interaction-focused questions in order for the robot to act in a way people find
acceptable.
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Human-focused questions generally investigate people’s experiences with and perceptions of
robots. While these studies do not usually directly generate new robot capabilities, they can provide
insight into what capabilities robots need to collaborate with humans, and how current capabilities
should be integrated to improve pxHRT. In these cases, researchers might design an experiment
in which people interact with other people, robots, or both and examine the effects of different
conditions on people’s experience. For example, researchers have studied people’s reactions to
robot versus human assistants in industrial settings [21, 73], as well as when performing a comanipulation task with a human [80]. Gombolay et al. [21] investigated the effects of decision
making authority in human teams compared to human-robot teams during a shared workspace task.
They then provided recommendations for deploying robots into human work environments, based
on their results. These recommendations could be used as guidelines for desired robot behavior in
the design of controllers for pxHRT.
Finally, some researchers explore interaction-focused questions in their pxHRT research [35,
38, 41, 60]. Interaction-focused questions typically focus on characterizing the interactions among
human and/or robot team members. Results from these studies can provide insights into metrics
that can be used to evaluate and characterize interactions, as well as behaviors robots should exhibit
during proximal, physical teaming, which can inform controller design. For instance, Reed et al.
[60] examined the forces people display during a cooperative task when they can only communicate
haptically. They found that the force profiles were different when a person was paired with another
person than when they interacted with a robot that imitated their force profile, even when they
believed the robot to be another human. They also were able to characterize human dyads based
on the way they specialized their force output, which could be used to design more human-like
controllers for human-robot haptic interactions. Medina et al. [41] collected data from humanhuman handovers to design a controller for human-robot handovers. They used insights from the
human-human handovers to predict the desired trajectory and handover pose during human-robot
handovers.
The type of question a pxHRT researcher chooses to investigate will have a major impact on the
rest of their study design. It may affect whether only humans are involved, as could be the case in an
interaction-focused study, or if a robot is required, as is generally the case in a technically-focused
study. It also will determine whether different modes of robot behavior are needed, as would
often be the case in a technically-focused study, but not necessarily in an interaction-focused
study. Furthermore, when choosing their research question(s), researchers may want to consider
their level of expertise in different areas of pxHRT. For instance, if pursuing a technically-focused
question, experience with collaborative control architectures could be useful. On the other hand,
knowledge of time series and coordination analyses might be more relevant for an interactionfocused question. The question chosen will influence the way in which the study will contribute to
proximate human-robot collaboration, whether by improving robot capabilities, providing insights
into people’s experience with robots, or elucidating new ways to characterize interactions. Thus,
the type of research question(s) a pxHRT researcher asks will impact the rest of their decisions for
the study.
3.2

Task Context

After deciding on a research question, the researcher will likely want to determine the task context
of interest. This is an important decision in physical, proximate human-robot collaboration studies
because different task contexts require different methods of interaction between team members.
For example, constructing an object with someone and carrying a table with them are both forms
of proximate teaming. However, the dynamics involved and types of sensing required are very
, Vol. 1, No. 1, Article . Publication date: February 2022.

A Framework to Explore Proximate Human-Robot Coordination

11

different for those two tasks. Hoffman [23] identifies three distinct task contexts which play a role
here: shared workspace tasks, handovers, and co-manipulation tasks [11, 13, 21, 24, 29, 53, 69, 73].
Shared workspace tasks involve two or more agents working on a given task in the same space.
They may perform different subtasks within the task or perform the same subtasks in parallel.
For instance, in Nikolaidis and Shah [53] the person placed screws, which the robot then drilled
in. Additionally, Iqbal et al. [29] examined human-robot synchrony while dancing. A robot joined a
group of humans performing a simple dance and attempted to complete the moves at the same
time as the people.
Handovers are the direct transfer of an object between two agents, that is without setting the
object down during the transfer. Within this space, people focus on different aspects of handovers.
For instance, Cakmak et al. [11] explored how making the handover pose spatially distinct and temporally distinct from a carrying pose affected the timing of handovers. Moon et al. [47] investigated
how gaze behavior affects handover timing.
Finally, co-manipulation tasks involve both agents manipulating the same object, usually over
an extended period of time. Such tasks include manipulating both rigid and deformable objects. For
example, Mortl et al. [48] explored role allocation in dyads moving a large table, while Koustoumpardis et al. [33] investigated a control system for collaborative fabric folding. These tasks typically
involve force sensing, as people communicate through haptic channels during co-manipulation
[54].
In addition to the type of task, the task space may range from discrete to continuous. The way in
which a researcher chooses to view the task space will likely depend on the research question, and
it will affect the analysis methods the researcher can use. For example, a researcher could view a
shared workspace task as a series of discrete events. In this case, they may analyze the interaction
based on the timing of human and robot actions or by counting the number of times a certain event
occurs (for example, see [29]). Alternatively, they could consider it as a continuous interaction,
in which case they might analyze the data by looking at, say, the trajectories of a robot arm and
human arm, or by exploring causal relationships between their actions.
The research question will also influence the task context the researcher chooses. For instance, if
the researcher wants to explore a technical research question about a new control architecture for
handovers, the task context will naturally be a handover. However, other researcher questions may
be answerable in different task contexts, and it may even be interesting to explore them in more
than one task context. For example, an interaction-focused research question about proxemics
could be explored in any of the three task contexts mentioned above, and it could be informative to
see how the relative positions of the human and robot change in different task contexts. Also, the
platforms available to a researcher may influence which task context they choose (discussed in
Section 3.3), and these decisions may be made in tandem.
The task context can affect many choices downstream, including sensing requirements and
analysis techniques. For instance, some implementations of shared workspace tasks or handovers
require the robot to recognize the state of the task, or track precise movements of the person or robot
in real time, which can require sophisticated sensor systems, such as motion capture. This may not be
required in co-manipulation tasks, where the human and robot often have a static grip on the object.
Additionally, in contrast to shared workspace tasks and handovers, several common fluency metrics,
such as idle time and concurrent activity, are not applicable in co-manipulation tasks. Because the
agents are both continuously active during the task, such measures are uninformative. However,
because the agents are physically coupled for the entire task, other metrics, such as interaction
forces, become available. Thus, the type of task chosen will impact the analysis techniques available
to pxHRT researchers.

, Vol. 1, No. 1, Article . Publication date: February 2022.

12

3.3

Matsumoto et al.

Platform

Researchers must make many decisions concerning the platform(s) to use in pxHRT experiments.
A wide variety of robotic systems are available with varying capabilities, morphologies, and prices.
For instance, researchers must choose whether they want to use a mobile robot, such as the PR2 or
Pepper [21, 56, 70], or a stationary robot, such as a Sawyer arm or Jibo.
Different robots also have a wide variety of manipulation capabilities. Many social robots, like
Kuri, have no manipulators, but may provide affordances for teaming which may not be as readily
apparent in a Fetch or PR2. On the other hand, robots without manipulators can limit pxHRT
research to either mobility or language-related questions.
In addition to considering the tasks a given number of manipulators can perform, pxHRT
researchers should also consider the complexity of the system. The more manipulators a platform
has, the harder it becomes to avoid collisions. Furthermore, as the number of degrees of freedom of
the manipulator(s) increases, motion planning and control becomes more difficult.
Other capabilities of the robot must also be considered. The safety features, accuracy, computation
speed, maximum velocity, and strength of the robot will affect the types of tasks the robot can
do. For example, Baxter robots are considered relatively safe because their joints are somewhat
compliant, but they have a positional accuracy of ± 5mm. In contrast, the Kuka KR 60-3 has a
pose repeatability of ± 0.06mm, but is not compliant. Thus, a researcher interested in, say, the comanipulation of objects in home settings could use a Baxter, but someone focused on collaborative
precision manufacturing might prefer a Kuka.
The morphology of a robot can also affect people’s interaction with it [9]. Thus, whether to use
a humanoid robot like an iCub, a zoomorphic robot like an Aibo or Paro, or a mechanistic robot
like a TurtleBot should be reflected on, especially in more social settings.
Due to the costs associated with robot hardware, researchers may be restricted to use whatever
robots that they have at hand and/or are inexpensive. This can affect the tasks contexts they are
able to explore.

3.4

Sensors

In a proximate HRT study, researchers potentially need to sense many things, including the human,
robot, environment, objects, and task state. Sensors vary in their sensing modalities, accuracy, and
reliability, particularly when it comes to sensing human and robot motion [34]. Like platforms,
cost can affect which sensors a researcher uses; often they use what is already available. Thus,
for resource-limited laboratories, it can be helpful to both consider data collection and analysis
techniques which are flexible to work well with lower-cost sensing systems (e.g., Kinect vs. MoCap),
against the precision required for the method.
There are many ways to sense people during interaction. Some sensors focus on specific parts
of the body, such as arms or legs, while others sense the entire body. For example, an IMU sensor
might just sense a particular limb, while a motion capture system could be used to sense the whole
body. Therefore, a researcher exploring handover tasks might want to only monitor the person’s
arm, in which case an IMU sensor on the arm might be adequate and much cheaper than a motion
capture system. Furthermore, some sensors are better suited for detecting gross motion, while
others can detect fine motion [34]. Therefore, someone interested in co-manipulation of bulky
objects might opt for sensors that are better for gross motion, whereas if their focus is on handovers,
they might be better off with a sensor that more precisely identifies fine motion. Additionally, some
sensors, like an accelerometer, can detect motion, while others, such as a heart rate monitor or
galvanic skin response sensor, collect physiological signals.
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Researchers also often need a way to sense the robot they use, both in terms of monitoring for
errors and tracking the physical state of the robot. For instance, it will be necessary to monitor
robot errors that could affect the experiment, such as a controller crashing or the robot performing
an erroneous action. Software failures are often tracked in log files. Additionally, if the robot
acts incorrectly, this can often be identified manually, either by watching during the experiment
or looking at video recordings afterward. However, depending on the length and style of the
experiment, this can be time-consuming.
It may also be helpful to know the joint positions and location of the robot. This can often be
done easily with encoders the robot already has, making it a convenient sensing modality. In some
studies, such as a shared workspace study with the person and robot working in close proximity, it
may be necessary to track the robot’s location in a room to determine its location relative to users.
In some cases, this could be done by having the robot keep track of its position in a map, a capability
many robots possess. However, while this is often relatively straightforward and inexpensive, it can
sometimes result in unacceptably large dead reckoning errors. Because of this, it may be necessary
in some instances to track the robot with a motion capture or other sensing system.
Sensing the environment is also important, both for the robot’s function and for data analysis.
The robot may need to avoid obstacles in its environment or determine the current state of the task.
This can sometimes be done with sensors on the robot. For instance, the Toyota HSR has a LIDAR
sensor that it can use to avoid obstacles. Researchers will also need to track the environment to
determine the success of the interaction. For instance, in a co-manipulation task, they may want to
determine task progress or how precisely a human and robot place an object in a given position.
Researchers can use a variety of sensors to sense the environment, including LIDAR, cameras,
microphones, and force sensors.
What a researcher chooses to sense and the types of sensors used will affect the degree of
autonomy the robot can have during the study. For instance, if the robot can not sense its position
in space or sense objects around it, it may not be able to be fully autonomous in a co-manipulation
task. Similarly, if it cannot sense the position of a person’s hand, it may be difficult for it to
be autonomous in a handover task. Sensors will also affect the analysis methods available to a
researcher. For example, to evaluate the proxemics of a human-robot team, the researcher must
have some way to measure the position of both agents. To analyze the relative timing of events,
the researcher needs a way to sense when events occur.
3.5

Autonomy

The autonomy of a system is an important factor in a pxHRT experimental design. A robot may range
from being fully teleoperated to being fully autonomous. Some systems are partially teleoperated,
with a person manually controlling one or more aspects of its behavior, such as speech generation,
or the person may share control of the robot with an autonomous agent. Furthermore, some systems
react dynamically to the people around them or the environment, while in others, the actions are
predetermined and static. Autonomy is a complicated subject, and a full discussion is beyond the
scope of this paper; for a more complete consideration of autonomy in HRI, see [5].
There are different reasons a researcher might choose to use a teleoperated system or an autonomous system. For instance, it may be easier to teleoperate the system. In other cases, the
experimenter may initially teleoperate a system to collect data to train an autonomous system
on. Conversely, for some research, a teleoperated system may not be an option. If the researcher
is examining the efficacy of a controller they designed, they would not be able to use a fully
teleoperated system. Additionally, there are some methodological and ethical concerns with the
Wizard of Oz (WOZ) paradigm of teleoperation [61].
, Vol. 1, No. 1, Article . Publication date: February 2022.

14

Matsumoto et al.

If the researcher chooses to use a semi- or fully-autonomous system, they will likely need a
way to sense and model the components of their study. This may involve sensing or predicting
the person’s intention, trajectory, or preferences. They will need to either sense or know a priori
what state the environment is in. For instance, if the human and robot are moving around the
room carrying an object, the robot might need a map of the room the experiment takes place in.
Furthermore, the researcher will need to have some way to model the task the human and robot
perform, as well as a way to monitor the state the task is in. Finally, they will need to make decisions
about how to model the robot itself. This could involve the low-level controller used to control the
robot’s joints or a high-level control architecture.
The level of autonomy will also affect the evaluation in a number of ways. For one, some
evaluative paradigms may be excluded by the level of autonomy chosen. For instance, it may be
difficult for a person to teleoperate a robot that is expected to consistently respond to multiple
types of social signals from multiple people at once.
Additionally, the autonomy will influence the assumptions researchers make in their evaluative
paradigm. These will vary from study to study, but could include assumptions about knowledge of
the world state [53] or the observability of human actions or task state [52]. Researchers may also
assume prior knowledge of the task domain [70] or exclude certain aspects of the task [41]. These
assumptions, as well as the level of autonomy in and of itself, will affect the ecological validity of
the study and should be stated when reporting the study.
3.6

Evaluation

Researchers will want to select an evaluative paradigm, including the specifics of the tasks the
team will perform; the different conditions, if any, in the study; the number of humans and robots
per trial; where the study will take place; and so on. The details of the study evaluation should be
determined before collecting data for the study to reduce ethical concerns and increase the validity
of the study [68].
In general, in study design, there are many decisions researchers must make. Researchers will
determine the specifics of the task in the experiment, such as how many times tasks should
be performed. They will also decide where the study will take place and how long it will last.
Furthermore, they will set the conditions of the study, and participants should be randomly assigned
to these conditions.
Researchers also need to make decisions about participants, such as whether to use a betweensubjects or within-subjects design. Furthermore, researchers should consider the population participants are drawn from and how many participants to use. To determine the sample size, researchers
may conduct a power analysis. This requires an estimation of the anticipated effect size in the
study (which can sometimes be estimated from prior work in the area) and the statistical power
[26]. Sometimes, researchers also determine the number of participants based on what is typical in
the field, but power analyses are recommended.
Researchers will also need to determine how many people should participate in a given trial of
the study. If they are interested in how groups of people interact with a robot, they will need at
least two (and possibly more) participants in each trial [21, 29, 50]. On the other hand, if they are
interested in dyadic interactions between a person and robot, they will only need one participant
per trial [53, 59]. For example, if researchers want to explore how a robot can adapt to a person’s
level of fatigue in a dyadic interaction, they will need one participant per trial [59]. Other times,
the appropriate number of human participants may be less obvious. For instance, if the research
question concerns people’s social interactions with a robot, the way they interact might change
based on whether they are alone with the robot or also with other people. In this case, researchers
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must decide which case they are most interested in studying (or include this as a variable in their
study).
Regardless of the population or number of participants, researchers should also be aware of
and plan for effects on participant behavior from the conduction of the study. For instance, people
sometimes change their behavior when they believe they are being observed, which is known
as the Hawthorne effect [6]. They may interact differently with the robot in the context of an
experiment than they would outside that context. In-the-wild studies where people do not know
they are being observed can minimize the Hawthorne effect, as well as deceiving people about the
nature of the study (with proper IRB approval and informing them about the deception after the
study) [6]. Aside from this, the experimenter conducting the study may also unintentionally give
participants cues about what is expected from them, which could change the results [26]. These
effects can be managed in a variety of ways, including keeping experimenters blind to the condition
they administer, preventing the participant from seeing the researcher during the experiment, and
telling participants that the experimenter does not have personal involvement with what is being
investigated in the study [26].
Additionally, when including human subjects in an experiment, researchers will typically need
approval from an ethics review committee, known as an institutional review board (IRB) in the
United States. The purpose of IRBs is to ensure that participants are treated ethically. Most studies
involving human subjects need approval from an IRB before running the study, though if the
experiment involves minimal risk to subjects, the approval process may be expedited. When
running a study, make sure to plan for the time it will take for the appropriate ethics committees to
review it.
Finally, researchers must make decisions about the number of robots and the specifics of the
robot(s) behavior in their study. Similarly to the human subjects, researchers will decide how many
robots to use in each trial of the study. While at least one robot is often involved, in some cases, it
may be informative to see how people interact without a robot present in some conditions (e.g.,
[35, 60, 73]). For example, researchers may be interested in comparing how two people collaborate
with each other using only haptic communication, vs. a person and a robot [60]. Researchers will
also need to decide on the specifics of the robot’s behavior. What exactly will the robot be doing
during the task, and how will it do this? This may be tied to the level of autonomy of the robot. For
instance, if experimenters want to test an algorithm they developed, the robot will act based on
that algorithm, at least in one condition of the study.
The evaluative paradigm chosen will affect which analysis methods are most appropriate. For
example, techniques like cross correlation may require longer trial lengths than timing or accuracy
metrics. The points in the experiment at which questionnaires are administered will affect the
analyses that can be performed with those questionnaires. Also, as discussed above, decisions like
whether the study is between- or within-subjects will affect which analysis techniques can be used.
3.7

Analysis Methods

Finally, researchers will want to select analysis methods that well-support their research question.
This may involve evaluating the team, human, robot, or task. For instance, they might evaluate the
degree to which the team had a shared model of the task [53] or the degree of comfort the human
felt [73]. They could look at the amount of force on the robot’s gripper or task completion time
[25]. The components of their study that they want to analyze will affect the method they select.
Researchers can choose to analyze a wide variety of aspects of their study. They may want to
analyze people’s perceptions of and attitudes towards the robot. They could also investigate task
performance, information exchange, agent relationships, and causal relationships.
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For any given aspect of interest, there are often many different ways researchers can measure
and analyze it. For instance, researchers could measure the fluency of an interaction based on the
idle time during a task, by functional delay, or both [23]. Furthermore, most measurements and
analyses (with some notable exceptions, such as validated questionnaires) can be used to determine
different things. For example, researchers might analyze the distance between a robot and people
while a robot navigates a hallway, which could indicate how safe the robot is. However, another
study might use that same measure (e.g., distance) as an indication of how comfortable people feel
around the robot (if they are more comfortable with the robot, they might be willing to get closer
to it). In this subsection, we will discuss a variety of constructs researchers may want to investigate
in studies, and metrics and analyses for these constructs. We attempt to include a broad array of
methods, but this overview is not comprehensive: there are many constructs of potential interest
to researchers, and many ways to analyze them.
Additionally, the type of data they collect can be quantitative or qualitative (or both). Qualitative
data is often in the form of language [26]. It is often analyzed using techniques like thematic coding.
Meanwhile, quantitative data can somehow be translated into a number and is often analyzed
using null-hypothesis significance testing [6, 26]. However, there are concerns with this method,
particularly because p-values are often very different between experiments and because the 𝛼
values used to determine significance are proscribed somewhat arbitrarily. Furthermore, because
researchers have many choices when analyzing data, they may unconsciously find a significant
result even when no actual effect exists [19]. Additionally, reporting results as “significant” based
on the p-value being below a threshold sometimes misleads people to believe the difference is
meaningful, even though it may or may not be. Thus, some researchers suggest adopting other
types of statistical tests (such as Bayesian statistics) or for reporting confidence intervals rather
than p-values [6, 10, 15].
3.7.1 Perceptions and Attitudes. People’s perceptions and attitudes towards a robot (or robots)
are often of interest to pxHRT researchers. For example, researchers might want to know how
comfortable people feel around the robot [73], how much they trust the robot [53], or how fluent
they perceived the interaction to be [23]. One way to gauge people’s perceptions is by asking them,
such as through interviews or a questionnaire. Interviews can allow researchers to gain insight into
people’s thoughts. To analyze interviews, they may perform thematic analysis on the interviews,
finding common themes across participants’ responses. When conducting interviews, interviewers
should be careful not to ask leading questions. Otherwise, the results may be influenced by the
interviewer’s underlying expectations or biases, rather than reflecting the participant’s thoughts.
Questionnaires are a common and straightforward way to evaluate many aspects of teaming,
and can be used to evaluate human perceptions of workload, fluency, comfort, trust, usability,
preferences, and so on [23]. For instance, questionnaires indicated that participants were less
comfortable with a robotic assistant when its lights were flashing [73]. Nikolaidis and Shah [53]
used a questionnaire to find that participants trusted their system more compared to a baseline, and
Cakmak et al. [11] used a forced choice question to determine which robot poses people interpreted
as indicating a handover. There are many different types of questionnaires available to researchers,
and sometimes researchers develop their own questionnaires when no existing ones explore the
concepts they are interested in. In general, researchers should try to use a validated questionnaire
when possible, and they should validate any questionnaire they develop [64]. Likert scales are
one commonly used type of questionnaire, and there are many validated Likert scales. However,
recent work suggests that Likert scales in particular are commonly misused in HRI research [64],
so researchers should be mindful when using them to follow best practices. For instance, when
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analyzing data from a scale, the entire scale should be analyzed, not just data from a single item in
the scale.
Outside of directly asking people about their perceptions and attitudes, researchers can also
attempt to infer them from people’s behaviors. This can take many different forms, from measuring
the distance between a person and robot [53], to measuring physiological signals like skin conductance [2]. Researchers should be careful to ensure that the behavior they measure is actually
related to the perception or attitude they are interested in. Often, researchers use both self-reported
measures and observational or sensor-measured data (e.g., both questionnaires or interviews and
behavioral data) to assess people’s perceptions and attitudes.
3.7.2 Task Performance. Furthermore, experimenters might want to examine task performance.
There are a variety of ways in which they can do this. One common measure is how long it takes
a team or individual to complete a task [16, 21, 25, 41, 48, 52, 60]. Accuracy is another common
metric to measure task performance. The accuracy of a system can also indicate the performance
of an algorithm or control paradigm [16, 46, 56]. Additionally, it can be used to evaluate how well a
person and robot work together [16]. Generally, lower task completion times and higher accuracy
are considered better, though this may be complicated by factors like human preference (e.g., [7]).
Task performance can also be described by counting the number of times an event occurs. For
instance, Talamadupula et al. [70] looked at the number of resource conflicts in a simulation when
a robot attempted to coordinate a plan with a human.
Various timing metrics can also be used to characterize task performance. For instance, to evaluate
a system’s efficacy in a group task a researcher might examine how appropriate the robot’s timing
is in a group context [29]. Another metric of potential interest for characterizing task performance
is burstiness, which describes the distribution pattern of an activity and can range between periodic,
random, and very bursty [84]. Hoffman [23] also proposed several task fluency metrics that rely on
the timing of actions between robots and humans, specifically functional delay, human and robot
idle time, and the amount of time spent acting concurrently.
Researchers may also want to compare individual task performance to team task performance,
or human-human performance with human-robot performance. This will often involve similar
measures to the ones to characterize task performance generally, but will compare differences
between types of teams. For example, Lamb et al. [35] counted the number of times an avatar or
human picked up an object and the percentage of passes from one to the other to evaluate the
similarity between a human-human team and a human-avatar team. Reed et al. [60] looked at
how long an individual took to complete a task, as compared to a dyad, to investigate differences
between human-human and human-robot collaboration with only a haptic communication channel.
Similarity measures can also help researchers determine how similar their robot’s actions are to a
human’s, as well as the balance of the partnership between the robot and human. Iqbal et al. [29]
used the group synchronization index to determine how closely a robot timed its moves with a
human group.
3.7.3 Information Exchange. Researchers may be interested in information exchange between
agents performing the task. They may use accuracy or the time it takes a person to react to a
robot during a task to determine how well a person interprets a robot’s intent [17]. Nikolaidis and
Shah [53] investigated how well a team converged on a shared policy for a task by looking at the
similarity of the action sequences the human and robot expected. Researchers can also examine the
information exchanged haptically between agents [42, 60].
3.7.4 Agent Relationships. Another potential aspect of interest is the relationships between the
agents. This could include the roles that agents take on during a task, as well as how well they
, Vol. 1, No. 1, Article . Publication date: February 2022.

18

Matsumoto et al.

coordinate or work together. As discussed in Section 2, there are many possible ways to characterize
and analyze a relationship, including stability, mode, and adaptation. For instance, Reed et al. [60]
used the degree of specialization in a team to characterize different team types and roles. Morl
et al. [48] examined role allocation and how such allocation affected people’s perception of the
experience.
Force measurements are one way to examine relationships between agents. These can be used to
characterize interactions by looking at the disagreement between partners [48] or the contribution
of participants [60]. Mortl et al. [48] used the magnitude of force that agents exerted against each
other during a collaborative table moving task to evaluate the extent the agents disagreed with each
other during the task. Reed et al. [60] looked at the force profiles from two agents in a collaborative
crank turning task to determine how much each agent contributed.
3.7.5 Causal Relationships. Causal relationships are another way to characterize relationships,
both between team members and between other variables in the study. Windowed cross-correlation
and Granger Causality are two techniques that give insight into such relationships. For example,
Xu et al. [84] provide an example of Granger Causality between various parent and infant actions
while playing with toys (e.g., parent manual activity, infant gaze, etc.). Medina et al. [41] used
Granger Causality to determine the relationship between variables in a human-human handovers.
Papaioannou et al. [56] looked at the causality between the duration of a conversation between a
human and robot and the tasks they completed.
Finally, researchers may gain insights through qualitative analysis of their data, such as through
the use of visualization techniques. This approach is commonly used when analyzing time series
interaction data [75, 84]. Patterns they visually notice can indicate which quantitative analyses
might be most useful in future studies, and can be informative in and of themselves (e.g., [30]).
Data analysis can be an iterative process. The initial techniques used to analyze the data may not
provide meaningful results, in which case, researchers might explore other techniques. Additionally,
results from one analysis might point to other analyses that could be more informative. Researchers
can then include these analyses in future studies. However, when reporting results from a study, it
is important to explicitly note which analyses were planned and which are exploratory to avoid
p-hacking [26, 68].
4

CONSTRAINTS

There are many constraints that must be considered when designing a study. Time and monetary
constraints unavoidably must be dealt with. This includes the amount of time and money required
to design and obtain the required components of the study, run the study, and analyze the resulting
data. The complexity of the components involved will affect the time and cost. While this framework
will not eliminate these constraints, we hope that using it will assist researchers in fully using their
time and resources in a thoughtful, structured manner.
There are also many challenges that will likely arise during a study. These include hardware-,
systems-, and human-related challenges, as well as data labelling and analysis challenges.
Hardware inevitably fails occasionally, and researchers must deal with the outcomes. For instance,
Hoffman and Breazeal [25] experienced a hardware failure that made them unable to run five
participants, as well as two minor failures from which they were able to recover. However, in spite
of these setbacks, they were both able to produce meaningful results from the other participants in
their study. Therefore, if time and resources allow, it is often better to schedule more participants
than might be strictly necessary for the study in case of failures like these. When considering what
sensors and analysis techniques to use, it is generally advisable to account for possible failures.
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Systems-related challenges are also common. The dialogue system employed by Papaioannou
et al. [56], for example, was not completely adjusted to their shopping mall setting, which sometimes resulted in inappropriate or unhelpful answers. Sometimes it is possible to mitigate such
system limitations. For instance, many researchers limit users to a small subset of phrases when
communicating with the robot, which increases the accuracy of speech recognition systems. Some
people also choose to use a WOZ paradigm for aspects of the robot’s behavior that are difficult to
implement, especially if those components are not the main focus of the study.
Another challenge with many systems in HRT is that they have a high degree of complexity, and
often have many components. For instance, Talamadupula et al. [70] attempted to integrate four
subcomponents into their system, and were not able to fully include one of them. Additionally, some
systems require large amounts of data to train on, which is not always readily available. Because
of this, researchers sometimes use simulators to generate more data. For instance, Lombardi et al.
[36] used simulated agents to model people to create a data set on which to train their system.
Including participants in a study also comes with its own innate challenges. Sometimes participants are unable to complete tasks or perform tasks incorrectly [48, 73]. Participants had so much
difficulty completing the last segment of a table moving task that Mortl et al. [48] discarded that
portion of the data. Fortunately, these problems can often be somewhat mitigated by looking at
other segments of the task, as Mortl et al. [48] did, as well as by using many sensing modalities and
employing a variety of analysis techniques.
Another common research challenge involves data labelling and analysis. Some types of data
need to be coded by hand, which requires extra resources. For instance, Unhelkar et al. [73] had
two raters independently code their data. If a researcher does not have the resources to code their
data, they may prefer to use techniques that do not require hand-coding. Other times, researchers
collect too much data to process in a reasonable amount of time. For example, Medina et al. [41]
decided to simplify their grip force measurement by summing all of the force measurements from
the hand. If more data is collected than can be analyzed, it is often possible to analyze a subset of
the data, for instance, to analyze just the head movements from a motion capture system. In this
case, the excess data can be analyzed in later studies. However, researchers need to be careful when
doing this because choosing what data to analyze or report after running the study can result in
higher rates of false positives [68]. Whenever possible, researchers should conduct and report all
the analyses they planned in advance, and if they are not able to do so, they should clearly state
this and explain which analyses they chose to conduct and why.
Researchers will not be able to foresee every snag that will occur during their study, but they can
prepare in advance for some that are likely to occur. Additionally, some challenges, such as limited
resources for data analysis or integrating pieces into a system, can be mitigated by careful planning.
Researchers can decide what things they will need to do and estimate how much time each task
will take them, reducing the chance that they will run out of time for any given piece of the study.
Researchers may face a variety of challenges when running a study. Of course, this framework
will not make such problems disappear. However, by helping researchers thoroughly plan their
study in advance and prepare for such potential difficulties, we hope that they can be mitigated
and that dealing with them will be easier.
5

PILOT STUDY DEMONSTRATING AN APPLICATION OF THE FRAMEWORK

In our research program, we are exploring the relationship between workload and teaming dynamics
in human-robot dyads, with a particular focus on mobile co-manipulation in safety critical domains.
We now walk through a case study from our own work to show how we used our proposed
framework to guide us. While we explain our study design linearly for clarity, most decisions were
made in parallel to some extent. For instance, when deciding whether our task context should be
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Fig. 3. Tasks from our experiment. Our tasks included co-manipulation with deformable and rigid objects
and a shared workspace task, as well as a handover.

discrete or continuous, we also considered what kinds of analysis methods we might want to use,
since those decisions affect each other.
We began by deciding on a research question. To determine what types of questions we might
want to ask, we began by reviewing relevant literature in the field. To date, much work on pxHRT
has focused on shared workspace tasks (e.g., [13, 21, 24, 53, 73]), as well as handovers [11, 69] .
Even in these spaces, standard metrics were only recently proposed. While many studies employed
measures such as the magnitude of concurrent human and robot activity, human and robot idle time,
and functional delay, these were only evaluated in 2019 [23]. Additionally, they were evaluated
in, and have primarily been used in, shared workspace tasks, though some studies have also used
them to investigate handovers [11, 28].
Comparatively little has been done to evaluate people’s perceptions of coordination during
human-robot co-manipulation tasks. Faria et al. [17] investigated coordination between multiple
people and a robot when a robot poured water into cups the people held. They analyzed the
interaction using functional delay and reaction time, as well as self-reported measures. Additionally,
Nikolaidis et al. [51] evaluated a table carrying task, but only used self-reported measures for
coordination. The study was also online, which detracts from its ecological validity with respect to
real-world, physical human-robot interactions. Therefore, we were curious about what kinds of
coordination patterns people showed when performing co-manipulation tasks with a robot.
We also noticed that most studies focus on a single kind type of task, but in an environment like
a home, a robot may be expected to perform many different types of tasks, and smoothly switch
between them. Therefore we were interested in how people coordinate with robots while switching
between several tasks in a continuous interaction.
Additionally, we were interested in how workload might affect people’s coordination with and
reliance on a robotic partner. Prior work indicates that people might rely more on automation in
a high workload condition [81]. If people consistently perform differently under high workload
compared to low workload, robots may be able to use this information to make better inferences
about a person’s mental state or what is happening in the environment.
Thus, we were interested in the movement dynamics that humans exhibit with robots in different
task contexts under different workloads. One research question was whether mental workload
changes a human-robot team’s fluency while performing a variety of pxHRT tasks. We hypothesized
that the fluency and people’s perceptions of fluency would be different based on workload for
all types of tasks, as people may rely on the robot differently between low- and high-workload
conditions. Another question was how mental workload affects human-robot temporal coordination
patterns, particularly during co-manipulation tasks. We expected that the person might lead the
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Fig. 4. The decisions we made for the pilot study based on our framework. Options we chose are in red.

interaction more in a low-workload condition and less in a high-workload condition. We chose
interaction- and human-focused questions because we felt we needed to develop a method to
characterize human-robot teaming in different task contexts before developing a control paradigm
for a robot-focused study, and we felt interaction- and human-focused studies are more suitable
for the development of such methods. In future work, we plan to incorporate the results of this
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human-focused study into a control architecture for proximate teaming, and then test this control
architecture in a technically-focused study.
We then needed to select a task context. Because we were interested in the dynamics between a
person and robot performing different tasks during a continuous interaction, we needed to include
different types of tasks. We decided to include tasks from the three different task types identified
by Hoffman [23]: co-manipulation, handovers, and shared workspace tasks. When thinking about
the potential tasks we could include, we also considered that co-manipulating rigid and deformable
objects might be different, and thus included both in our study. Specifically, the person and robot
co-manipulated sheets and boxes, first placing sheets over a couch, and then moving boxes around
the room. Then, they alternated between handing over a paint roller and painting a stencil together.
By including these different kinds of tasks, we could explore whether the dynamics expressed by
the person and the fluency changed based on the task context.
Additionally, we had to decide whether we would view the task space as discrete or continuous.
We chose to primarily view the space as continuous, since many coordination analyses use continuous data. However, we also decided to include some discrete data, such as when the robot started
a task and when a handover was initiated and finished. This would allow us to use some of the
fluency metrics from [23], such as functional delay.
We also chose a platform to use. In order to perform co-manipulation tasks and handovers, the
robot needed at least one manipulator. We also wanted the robot to be mobile in order to perform
a co-manipulation task that involved motion around the room. Furthermore, we thought about
some of the capabilities the robot would need to complete the tasks in the study. It needed to be
relatively safe around people, since people would closely interact with it during the handovers
and shared workspace task. The robot needed to be somewhat precise to complete the tasks we
had in mind, though most tasks could still be completed if the robot had inaccuracies of several
centimeters. Additionally, we would like the robot to be able to move at a typical walking pace
to facilitate moving around the room with a person while co-manipulating an object. We were
not particularly concerned about the morphology of the robot, as how the morphology affected
people’s coordination strategies was not the focus of our study, though it could be an interesting
investigation in the future. With these considerations in mind, we chose to use the Toyota HSR, as
it was the only robot readily available to us that had both a mobile base and a manipulator. It also
fulfilled most of our other requirements, as it was designed to be safe around people and would be
precise enough to complete the study tasks. It was not quite as fast as we would have liked, but we
felt this limitation was acceptable, since people often adapt their walking pace to others.
With this platform in mind, we needed to choose what sensors to use. Since our research question
involved the person and robot’s interactions, we needed to sense both of their actions. We were
particularly interested in the person’s motion patterns, so we needed ways to sense their movements.
However, we did not have a motion capture system available to us, so instead we opted to use
skeleton tracking with a Kinect, a much cheaper option. The Kinect video data also allowed us to
keep track of the objects in the environment, as well as certain robot failures, such as when the
robot attempted to pick up a box and missed. We used Myo armbands, which collect IMU and sEMG
data, on both arms of participants. We also used the built in force sensor in the robot’s gripper to
measure the amount of force the person applied on the robot during some of the tasks.
Because our research questions involved human-robot interactions, we needed to sense the
robot in addition to the human. To sense the robot, we primarily employed sensors the robot was
already equipped with, such as encoders in the joints. We also made a map of the lab space and
used the robot’s mapping capabilities to track its location in the room. These techniques to sense
the robot were easy to implement and simple to collect data from, factors important to us due to
time constraints and the number of people on the project.
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During the experiment, the robot also needed information about its environment if we wanted it
to run autonomously. We used the force sensor in the gripper to provide information about the
person and certain events in the environment, and we used the Lidar to help localize the robot. For
instance, during the shared workspace task, the robot used its force sensor to determine when it
had come into contact with the paper it was supposed to be painting.
We also needed to decide on the level of autonomy of the robot. We chose to have the robot be
fully autonomous, as it would be difficult for a person to consistently and repeatably teleoperate
the robot for multiple 15 minute trials. Additionally, having an autonomous system increased the
ecological validity of the study, as all of the robots actions were within its actual capabilities without
human assistance. We decided to have the robot lead the interaction, as we could still address
our research questions this way, and it did not require an in depth model of the person. However,
during co-manipulation tasks, the robot assumed that when there was an upward or downward
force on its gripper (minus an approximation of the force of gravity), it meant the person wanted
to move the box up or down. We thought this would provide an easy way for people to influence
the interaction. We also provided the robot with full knowledge of the task and task state, as we
assumed that in most cases where it led the interaction, it would have access to this information.
Additionally, we decided on the specific evaluative framework to employ. Due to the specific
networking requirements of the robot we used, we set this study up in a lab space. This decreased
the ecological validity of the study, and to partially make up for this, we wanted a coherent narrative
to tie the tasks together. Therefore, we framed all of the tasks as pieces of a collaborative painting
scenario. In this framing, the person and robot first performed a co-manipulation task with sheets
(a non-rigid object) to cover a couch, as if to protect it during painting. Then, they moved several
boxes away from the painting area, and moved some boxes with supplies to the painting area (a
co-manipulation task with a rigid object). Finally, the person put paint on a roller, handed the
roller to the robot, held a stencil while the robot painted it, and took the roller back from the robot
(alternating between handover and shared workspace tasks).
Because many coordination analyses perform better with multiple tasks, we decided to have the
person and robot repeat each task multiple times in each trial. Because the robot was autonomous,
we were able to ensure that it did each task repeatably (outside of failure cases). For example, the
person and robot carried five sheets together, one after another. We also randomized the order of
the workload conditions, since we were manipulating that variable.
To answer our research question about the effects of workload on fluency, we needed to manipulate participants’ workload. We chose to have two conditions: a high mental workload and a
low mental workload condition. In the high mental workload condition, participants needed to
count the number of times they heard a certain tone amid other irrelevant tones, similarly to [8].
Aside from this, the high mental workload condition was the same as the low mental workload
condition.
We were interested in dyadic interactions, and so chose to have one human participate with
one robot in each trial. This was a pilot study, so we used a convenience sample. We recruited
university students via word of mouth, and scheduled anyone willing to participate, resulting in
14 participants. This is not a particularly deliberate way to determine the sample size, but it is a
simple way to recruit participants for a pilot study. We also decided to do a within-subjects study
design, as nothing in our design prevented this, and it provides greater statistical power [26].
We also needed to determine the specific robot behaviors during the task. We decided to have
the robot lead most of the interaction, as this made programming the robot a bit easier, but would
still allow us to address our research questions. We also included some pieces that the person could
lead, which we thought might make the task feel more collaborative. Specifically, the person could
decide how high the box or sheet was during the co-manipulation task. If they raised or lowered
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the object, the robot would sense the change in force in its gripper and would respond accordingly.
The person also could adjust the position of the robot before placing the sheet on the couch.
Finally, we chose the analysis techniques to use. We needed to assess people’s perceptions of
workload and fluency in order to address our research questions. We decided to use validated survey
measures to evaluate the workload [22] and fluency [23] experienced by the human, as these were
easy to administer and provided quantitative data relevant to our questions. We also decided to
use functional delay as an objective measure of fluency, as it is fairly simple to implement and has
been shown to coincide with people’s perceptions of fluency [23]. However, we only implemented
this for the handover task, as it did not make sense for the co-manipulation task. During the
shared workspace task, it was not clear at what point the person began experiencing delay, as
they often adjusted the stencil throughout the task. With further study, using these self-reported
survey measures along with more sensor-measured data could allow us to examine the connections
between these different types of metrics.
For our second research question, we also needed to analyze the person’s and robot’s movement
patterns during the co-manipulation task. We wanted to examine causal and agent relationships,
as these can be informative in regards to how agents coordinate with each other. Therefore, we
decided to analyze the co-manipulation tasks using Granger Causality to see which aspects of the
interaction could be used to predict other components. We chose this method because it indicates if
one time series is dependent on another time series, which can be used to infer agent relationships.
We also conducted cross-correlation and lag analysis on these tasks to see which agent led the
other during the interaction. This indicates if one time series follows another, and by how much it
lags behind the other. Granger Causality and cross-correlation are both common techniques for
analyzing coordination between agents.
While we are also interested in using other complex systems analyses, such as cross-recurrence
quantification analysis, these are more difficult to implement. Therefore, due to time and resource
constraints, we chose to save those for future work. We had also planned to use the Kinect data to
analyze the proxemics displayed by the person during the shared workspace task. However, again
due to resource constraints, we leave this to future work.
5.1

Procedure

Our study was approved by our University’s Institutional Review Board, under protocol number
161808XX.
Upon arriving at the lab, participants were asked to sign consent forms and read instructions for
the study. After this, they put one Myo armband on each arm and confirmed their understanding of
the task. They were able to ask one of the researchers questions at any time during the experiment.
The experiment consisted of two phases. In one phase, the person only did the tasks with the
robot. In the other, the person performed the tasks with the robot while doing a cognitive loading
task. Specifically, they had to count the number of times they heard a certain auditory stimulus
among other irrelevant noises, as in [8]. The conditions were counterbalanced. After each phase, the
participant completed the NASA Workload TLX scale [22] and the seven sub-scales for assessing
fluency proposed by Hoffman [23].
Within each phase, the participants first moved five sheets with the robot to cover a couch. This
provided a co-manipulation task with a deformable object. After moving all of the sheets, the person
and robot moved boxes together. This task enabled us to examine a co-manipulation task with a
rigid object. During these tasks, if the person tried to move the sheet or box up or down, the robot
would reactively move its arm up or down in response to the change in force. After completing
the co-manipulation tasks, the person and robot painted together in a task that combined a shared
workspace task and a handover. The person held a series of three stencils on a piece of paper, and
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the robot painted each stencil in with a paint roller (see Fig. 3). In between stencils and after the last
one, the robot handed the person the paint roller to apply more paint or to return the paint roller
to the tray. We analyzed the co-manipulation tasks with Granger Causality and cross-correlation,
and the handover task with functional delay.
Due to time constraints we leave analysis of the shared workspace task for future work.
5.2

Results

In this section, we will discuss results from running the pilot study. While our sample size of 14
participants would typically be too small to show statistically significant results (unless there is
a large effect size) or to generalize to the rest of the population, we include such results here for
demonstration. We follow the templates from [26] and [18] for reporting statistical tests in Section
5.2.3.
5.2.1 Participants. A total of 14 people were opportunistically recruited by word-of-mouth to
participate in our experiment. 6 were women and 8 were men. 12 were right-handed, 1 was left
handed, and 1 was ambidextrous. Their ages ranged from 21 to 30 years old, with a mean of 23.4
years. They self-reported an average mid-level experience with robots, and the majority were
graduate students. They were randomly assigned to do the high cognitive workload task in the
first phase or second phase of the experiment. Participants were compensated with $10 gift cards.
Data from three participants during the box carrying task and one participant during the painting
task was discarded due to missing data points.
5.2.2 Manipulation Check. To make sure our manipulation had the desired effect, we performed
a manipulation check using people’s responses to the NASA Workload TLX scale. To check our
manipulation, we ran a Wilcoxon signed-rank test. We found that participants reported a higher
mental demand in the high workload condition (𝑀 = 3.2, 𝑆𝐷 = 0.9) than in the low workload
condition (𝑀 = 1.6, 𝑆𝐷 = 1.0), 𝑊 = 99.5, 𝑝 = 0.001. This indicates that our cognitive task was
effective at increasing people’s experience of mental demand. No other measures from the Workload
TLX were significantly different (𝑝 ≥ 0.45), suggesting that the cognitive task was specific to mental
load and that the human-robot collaboration was not perceived as more physically or temporally
demanding while performing a cognitive task.
5.2.3 Analysis. Overall, our quantitative analyses were not as informative for these tasks as we
expected. For instance, to check if there was a difference in functional delay during handovers under
different workload conditions, we checked the data distribution for uniformity and determined
we needed a non-parametric test. Therefore, we ran a Wilcoxon signed-rank test. We found that
there was no significant difference in functional delay between the high mental workload (𝑀 = 5.2,
𝑆𝑡𝑑 = 4.7) and low mental workload (𝑀 = 4.5, 𝑆𝑡𝑑 = 2.3), 𝑊 = 51, 𝑝 = 0.74. This suggests that the
cognitive task did not interfere with the handover. It is possible that the handover employed in our
study was simple enough that cognitive load did not affect it.
Additionally, we ran a Granger causality analysis between accelerations of the human’s arm
and robot’s base and arm, using the Multivariate Granger Causality Toolbox in Matlab [4]. This
test also showed no statistically significant causal relationships for either covering the couch with
sheets (𝑝 > 0.07) or carrying boxes (𝑝 > 0.90). We had expected that robot acceleration would be
Granger Caused by the human arm acceleration in the box carrying task because the robot was
programmed to move its arm up or down if it felt a change in the force on its gripper through the
box. However, during the experiment, relatively few participants took advantage of being able to
move the box up and down, with several of our participants running the box into a table rather
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than lifting it over the table. This could be due to the participants forgetting that they were able to
move the box vertically, as discussed in Section 5.3.
We also found the data for the maximum lag between conditions for the sheet and box tasks was
non-parametric, so we ran a Wilcoxon signed-rank test. For the sheet task, we found no significant
difference between the high workload (𝑀 = 9.3, 𝑆𝑡𝑑 = 17.8) and low workload (𝑀 = −3.8,
𝑆𝑡𝑑 = 11.2) conditions, 𝑊 = 53, 𝑝 = 0.08. Similarly, for the box task, there was no significant
difference between the high workload (𝑀 = 4.0, 𝑆𝑡𝑑 = 16.7) and low workload (𝑀 = −3.1, 𝑆𝑡𝑑 = 9.4)
conditions, 𝑊 = 51, 𝑝 = 0.12.
We ran a Wilcoxon signed-rank test to check if any of the self-reported measures of fluency
in Hoffman’s scale [23] were significantly different between conditions. We found that scores
on subscale 5, which indicates team improvement, were significantly lower in the high mental
workload condition (𝑀 = 4.2, 𝑆𝑡𝑑 = 1.1) than in the low mental workload condition (𝑀 = 4.6,
𝑆𝑡𝑑 = 1.1), 𝑊 = 1.5, 𝑝 = 0.02. No other subscales showed significant differences. This is interesting
given that the robot was not learning and did not change its behavior during the study. This could
reflect that the person was able to concentrate more on collaborating with the robot in the low
workload condition. It is possible that this allowed the person to improve at the task, thus improving
team performance.
5.2.4 Exploratory Analyses. To look at trends that might inform future study iterations, we performed some exploratory, qualitative analyses. We initially plotted our raw data, but we realized the
data from our sensors was a bit noisy, making it hard to visually observe patterns. Therefore, we
filtered the human right arm acceleration and robot arm acceleration with a fourth-order, low-pass
Butterworth filter. Examining these graphs suggested patterns in our data that our quantitative
analyses could not capture. For example, during the sheet carrying task, several participants had
a similar pattern in which the changes in acceleration of their arm appeared lower as the robot
turned than during the rest of the task (see Fig. 5). Reviewing the videos of these participants, they
appeared to stand still while the robot rotated around them.
Additionally, for most of the task, particularly before lifting the sheet over the couch, the robot’s
arm did not frequently accelerate, and the acceleration changes were small, despite large changes in
the human’s arm acceleration. In contrast, during the box carrying task, the robot’s arm frequently
changed in acceleration, and the acceleration changes appear larger in magnitude than during
the sheet carrying task, even though changes in the human’s arm acceleration were often smaller
in magnitude than during the sheet carrying task (see Fig. 5). This suggests that the frequency
and magnitude of acceleration changes could inform a robot about the rigidity of an object it
co-manipulates with a person.
Though we have not yet had the opportunity to investigate the relative position and motion of
the person’s body and robot’s base, we plan to analyze this data in the future, as this could be more
informative than just looking at their arms.
5.3

Example Pilot Study Discussion

While our pilot study involved too few participants to yield substantial results, it revealed some
trends that warrant further study. For instance, the person’s arm tended to have smaller accelerations
when the robot turned during the sheet task. In this interaction, the robot acted as a leader, but if
this trend is also shown to occur when the person leads, it could be used as a signal to help the
robot determine when the person wants to initiate a turn.
Additionally, the robot’s arm tended to have larger accelerations and accelerate more frequently
when co-manipulating a box with a person as opposed to a sheet. This was surprising given that
most people had larger right arm accelerations for the sheet than the box, and the robot used the
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Fig. 5. Plots of the participant arm acceleration and robot arm acceleration for one round of the sheet carrying
task (left) and one round of the box carrying task (right). Acceleration data was filtered with a fourth-order,
low-pass Butterworth filter. The robot arm accelerates much less frequently and with a smaller magnitude
during the sheet carrying task than during the box carrying task.

same control algorithm for both tasks. If this trend is confirmed in larger studies, it could be a
useful way for robots to distinguish between rigid and non-rigid objects during co-manipulation
tasks. This could be useful in enabling the robot to identify the object or determine the person’s
goal.
During the study, we also noted that our long-duration study design meant participants sometimes
forgot which tasks they were supposed to perform, or what their role was. For example, many
participants were unsure whether they were supposed to hand the paint roller or the stencil to
the robot in the last task. This confusion likely impacted our results, as it resulted in participants
interrupting their collaboration with the robot to ask the experimenter questions.
Our case study is intended to serve as an exemplar for our framework, and well-illustrates the
complexity of conducting pxHRT studies.
6

CASE STUDY TO EVALUATE THE FRAMEWORK’S UTILITY

To determine the utility of our proposed framework, we also conducted a case study with researchers
new to the field of pxHRT. Observing how researchers without familiarity with the field used the
framework provided us with insight into how others could best use it. Additionally, the participants
gave us feedback which could be used in future pxHRT frameworks.
We recruited two groups of students who had not previously designed or run pxHRT studies
and had them design a pxHRT study using the framework. Both groups were in the process of
planning pxHRT related studies when we recruited them. Group 1 consisted of three students who
had recently completed their undergraduate degrees in scientific fields (P1, P2, and P3). They were
planning a study to investigate how a child could remotely teleoperate a mobile manipulator to
interact with other children. These students had a general idea of the questions they wanted to
ask, the task context for the experiment, and the robot they planned to use, but they had not yet
considered many details of the study.
Group 2 consisted of two engineering Master’s students (P4 and P5). They were planning a study
to look at how a robot running a navigation algorithm from our lab [72] could be situated in an
emergency department, possibly to deliver supplies to healthcare workers. Their study design was
a bit further along than Group 1, as they had discussed some ideas with a Ph.D. student who was
leading the project.
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Fig. 6. The Mural created by Group 1 while designing their study.

Both groups of students participated in a one hour study session over Zoom. During the sessions,
we first provided a brief overview of the framework and its components, as well as a walk through
of the example pilot study to demonstrate how the framework could be used. The students then
worked together to brainstorm a study design using the framework in Mural [1]. The Mural included
images of Fig. 1, Fig. 2, and bullet points of the choices from the pilot study for the students to
reference. They were asked to try to describe what they were thinking aloud as they worked.
Throughout the process, they were allowed to ask the experimenter any questions. After finishing
their study design, they briefly explained their study design to the experimenter, and then participated in a semi-structured interview to understand participants’ thoughts about the framework
and give them an opportunity to provide feedback.
We recorded the sessions and reviewed the footage to see the participants’ design process. We
also conducted thematic analysis on the interviews and found common themes in participants’
responses, which we report below.
While designing their study, Group 1 primarily used Fig. 2 to facilitate their design. They mostly
discussed one component at a time, but sometimes jumped between different components. For
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Fig. 7. The Mural created by Group 2 while designing their study.

instance, they started by specifying the type of research question they wanted to ask and what
in particular they wanted to investigate, and then moved onto the task context. However, while
discussing the task context, they also started talking about pieces of the evaluation, including the
setting, conditions, and participants, as well as the robot morphology. Additionally, while discussing
the sensors, they also considered how the abilities of a person operating the robot might change
based on the sensors, and how this might affect the interactant’s perception of the operator and
robot, which was relevant to their research question.
As mentioned above, the students in Group 2 were further along in planning their study than
the students in Group 1. They went through the framework more linearly than Group 1. While
outlining their study, they realized that there were some questions they were interested in, but
could not address in their current study. Therefore, in addition to the components of the framework,
they included a section for future questions, where they listed ideas they would like to explore in
the future.
From the semi-structured interviews, we learned that many of the students felt that the framework
provided structure during the study design process. For instance, P4 noted that “it made it really easy
to plug in the different things that we really wanted under different categories.” P1 said that they
were “walking through the different boxes in the framework” and were “trying to check those
boxes off.” P5 thought that “it’s good because it kind of helps to narrow down things and gives us
targets.”
Additionally, several of the students felt that it helped them focus on parts of the study they had not
previously considered and consider the details of the study design in more depth. P2 observed that
“we’ve never talked about like how many kids are going to be in the group or like how we’re going
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to evaluate it [...] I think like reading through the framework like really helped us like think about
that and [...] we kind of just like never considered that before.” Similarly, P1 said, “We would’ve
probably just come up with more surface level idea instead of making it more flushed out.”
Interestingly, some students also thought that the framework could help them in ways we had
not considered. P4 and P5 thought it might have assisted in their literature review process by
enabling them to better target their review. They posited that they might have been able to look for
specific literature in each component of the framework after outlining their study, thus narrowing
down their search. Additionally, P1 and P3 thought the framework could help them explore a
greater variety of possibilities. P1 felt it “helps you [...] think of things that you wouldn’t have
maybe explored before.” P3 said that it “helped me generate new ideas and questions” and “think
more broadly.”
Some students also expressed some concerns about the framework. P2 reflected that she “didn’t
really think beyond [the categories presented in the framework]” and wondered if she could be
“missing something.” P2 and P3 also felt that the version of Fig. 1 we provided them with was a bit
confusing, and P3 was not sure where to start with it. To alleviate this, we added a more thorough
description of our framework and the connections between components at the beginning of Sec. 3.
Furthermore, participants provided suggestions to potentially improve the framework. P4 felt
that safety was a potentially important topic that was not covered, and thought analyses for safety
should potentially be included in the analysis methods. P4 and P5 also recommended adding a place
for future research questions in the framework, which could be useful in projects with multiple
stages or to break down a research question into smaller pieces. Additionally, P1 suggested adding
“guiding questions” that could help researchers use the framework.
From our case study, we observed that researchers new to the field of pxHRT were able to use
our framework to design a study. Even participants who had not read the paper and received
only a brief introduction to the framework seemed to be able to utilize it well. Furthermore, the
participants felt that the framework was useful, providing structure during their design process
and enabling them to consider more details in their design. This indicates the potential utility of
our framework.
7

DISCUSSION

pxHRT is an important environment to consider within HRI, as many key applications require
robots to act contingently, fluently, and safely around people. Therefore, it is imperative that we
have well-designed, well-tested systems, and strategies for human-robot teaming.
Furthermore, many of the spaces robots are expected to enter, and are currently being deployed
in, are safety critical, such as hospitals or disaster zones. In these spaces, it is especially important
to minimize risk and promote good teaming, as the consequences of mistakes can include injury or
death. Thus, we need well-adapted teaming strategies for these spaces, and we need to develop
them quickly, as robots are already moving into such environments.
However, pxHRT research is complex. In any given experiment, there are likely to be several
sensors, one or more robots, and one or more humans. These systems are all often individually
complex, and the interactions between them only add to the complexity.
As participants in our case study indicated, our proposed framework provides pxHRT researchers
with a structured method to consider tradeoffs associated with experiments in proximate teaming,
and could help researchers new to the field plan studies in more detail or consider new aspects
of study design. By providing researchers with a structure to carefully plan studies, we hope to
improve the quality of study design, which may produce results with more impactful implications.
This in turn will allow for quicker advancements in pxHRT research and better-designed teaming
systems.
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Aside from the practical considerations of the field, from a more theoretical perspective, pxHRT
is a cognitively complicated space because it combines concepts from a wide range of fields,
from control theory to human factors to haptics. It is not possible for any one person to have a
well-rounded background in all of these fields. However, pxHRT researchers need to be aware of
techniques from these different spaces in order to explore new applications for existing methods,
as well as to design new ones. Our proposed framework provides researchers with a structure to
better understand their work within the context of pxHRT, as well as possible directions they can
explore.
With this framework, we hope to enable pxHRT researchers to more thoroughly consider the
components of their studies, more easily design experiments, and more fully explore pxHRT.
8
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