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1 Introduction
In the past two decades, the field of social robotics has experienced remarkable growth and, with it,
a proliferation of studies focused on long-term human–robot interaction (HRI) over the course
of multiple days, weeks, and months. A social robot possesses features and capabilities that enable
it to interact with humans in ways that resemble social interactions between people [14]. Such
robots can exhibit behaviors such as recognizing and expressing emotions [127], understanding
and generating natural language [65], adapting to different social contexts [123], and even demon-
strating a degree of empathy [82]. For many, the goal of social robotic study is to support a future
where robots are not just present in individual lab sessions but are integrated longitudinally into
daily lives.

By our accounts, the number of HRI research papers examining longitudinal social robot use has
tripled from pre-2013 to 2023 (Section 4). Bajones et al. [7] have highlighted this transformation by
noting that whereas the “burning question in HRI studies” was once “how many participants do I
need?” it is now “how long should my study run for?” Such a shift reflects the field’s progression
beyond initial experimentation in social robotics and toward a deeper understanding of how robots
can be effectively deployed in real-world applications. In a future where robots are integrated into
our homes, schools, offices, and medical facilities, it becomes increasingly essential to research the
dynamics of long-term interactions spanning days, weeks, months, and even years.

From a research perspective, the study of repeated HRIs offers several unique advantages com-
pared with single sessions. For one, many types of robotic interactions require longitudinal engage-
ment in order to have a positive effect. Robots that help the user develop a new skill or behavior
change fall into this category, such as tutoring, training, and therapeutic robots. Additionally, as
with human–human relationships, the relationship between humans and robots develops tem-
porally. Answering questions surrounding how to create healthy and robust HRI relationships,
how to personalize them, and what types work best in which settings are important benefits of
long-term study. Finally, factors such as usage patterns, drop-off rates, and strategies for sustaining
engagement [8, 160, 165] are crucial to understanding the effective integration of robots into
daily life and society. Only through long-term deployments can researchers explore how users
adopt robots and what methods impact successful adoption. A deeper discussion of the benefits of
long-term HRI study is presented in Section 2.2.

While the benefits of long-term HRI study are many, their pursuit often translates to researchers
devoting more time, resources, and effort to build and deploy such systems [121]. Long-term studies
involve multiple sessions and can often require deployments in uncontrolled, real-world environ-
ments. Consequently, the robots used in such studies must be more robust and sophisticated with
advanced hardware and software components, often requiring full autonomy and a consideration
of how the robot should behave at all hours of the day in multiple contexts. Studies investigating
research topics such as personalization and maintaining engagement often require even deeper
design and development for adaptive features. Ensuring privacy and managing data collection in
a live environment also becomes increasingly intricate, and recruiting participants for extended
periods can be challenging. A deeper discussion of the benefits of long-term HRI study is presented
in Section 2.3.

Given the multitude of challenges associated with valuable long-term HRI studies, it becomes
particularly important for researchers to learn from prior similar efforts. As long-term HRI pro-
gresses, it becomes essential to avoid unnecessary replication of work, identify gaps in knowledge,
and pinpoint opportunities for advancement. In this spirit, we provide a comprehensive review
of long-term HRI studies conducted over the past 20 years as a valuable resource for researchers.
Our work fills a notable gap in the literature, as the last in-depth review of long-term social robots
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[78] was conducted more than a decade ago in 2012. Building upon this prior work, our study
presents a thorough analysis of 120 long-term studies spanning 7 major domains, such as education,
entertainment, physical health, and mental health. Our analysis covers the period from 2003 until
the time of analysis (April 2023), providing a comprehensive overview of the progress made in the
field. To ensure inclusiveness and capture relevant trends, we have defined long-term in our corpus
as studies deploying social robots with the same users for three or more sessions across 3 distinct
days (e.g., one session per day for 3 days, once a week for 3 weeks). By adopting this criterion, we
aim to adopt an inclusive methodology and identify patterns and insights that can contribute to a
deeper understanding of long-term HRI. However, we also discuss alternative approaches to the
long-term definition in Section 2.1.

In our analysis, we explore patterns over time and across domains for a number of study
design aspects, including the longitudinal characteristics of the studies, the types and number
of participants involved, study locations, defining elements of HRI, and the types of results and
engagement measures employed. Figure 1 shows four different long-term social robotic interaction
studies from our corpus, which vary widely across the characteristics we analyze. For instance,
the studies vary in dyadic ((a) and (d)) interactions to triadic (c) and group interactions (b). The
ages of participants in our studies ranged from children ((b), (c)) to the elderly (d). Some studies
were conducted in the wild, such as in the home (c) or schools (b). Others ((a) and (d)) were done
in laboratory environments. Lastly, they span a variety of domains, including education ((a) and
(b)), social skills training (c), and exercising (d). By sharing insights and patterns on the design of
such studies, we seek to empower the HRI community to collectively address challenges, refine
methodologies, and foster innovation in the field of long-term HRI. We conclude this review with a
discussion of the primary gaps and opportunities for future research in the domain of long-term
HRI, as well as provide researchers with a number of study guidelines.

2 Background
In the following sections, we delve into a working definition of long-term within the context of HRI,
explore the benefits and challenges inherent in conducting extended HRI research, and provide an
overview of prior reviews in the realm of long-term HRI studies.

2.1 What Is Long-Term HRI?
As this review covers the topic of long-term HRI, the first question one may ask is: what does
“long-term” signify in the context of social robotics? Could any repeated interaction with a robot be
considered long-term, or is there an unspoken rule that a study must meet in order to be considered
part of this category? Multiple perspectives are available in the HRI literature with no single
agreed-upon approach. Many studies are organized around distinct sessions between users and
robots, so one logical approach is to consider a minimum number of sessions. Kory-Westlund
et al. take this approach for inclusion in their review of long-term, socially interactive agents
(SIAs) [71], utilizing five sessions as their cutoff (while also acknowledging the arbitrary nature
of this choice). By this measure, five sessions with an adaptive robotic tutor of Ramachandran
et al. [116] would be considered long-term, but three sessions of Donnermann et al. [31] or four
sessions of Jones and Castellano [60], also with adaptive robotic tutors, would not. Positing that
there is a considerable difference between four and five sessions as a cut-off may not be productive.
Furthermore, if five sessions were to occur on the same day, rather than spread out over multiple
days, the “long-term” claim becomes more challenging. Relatedly, how should we consider a series
of five 3-minute sessions over a week in comparison to five 30-minute sessions? While the number
of sessions may be an easy yardstick, this alone does not tell the whole interaction story.
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Fig. 1. Four long-term social robotic interaction studies from our corpus, which vary widely across the
characteristics we analyze: (a) an investigation into the persistence of first impressions of a Furhat robot
[107], (b) a Robovie robot that interacts with children in a classroom setting [62], (c) a robot that provides
social skills training for children with Autism Spectrum Disorder (ASD) [131], and (d) a robot that provides
exercising motivation to the elderly [34].

Perhaps a better approach would be to calculate the total interaction time with a robot over the
study period. A few studies report this metric explicitly, such as Afyouni et al. [1] (averaging 2 hours
22 minutes of free-use interactions over 1 week) or Kidd and Breazeal [66] (averaging 50.6 days).
However, most authors do not measure or calculate this metric, perhaps due to complexity or a
lack of historical precedent. Total interaction time also fails to capture any information on time
gaps between interactions. However, a more core challenge persists: a certain number of minutes
or days of interaction may have different implications for robots within different domains and
purposes. What is “long-term” for a tutoring robot may be different from that of a game-playing
robot, based on interaction aspects such as the cognitive load of the activity or inherent repetition
in the content.

Another approach to bench-marking a “long-term” definition is to instead use a measurement of
the interaction having passed the novelty effect [78]. The novelty effect is generally characterized by
a shift from initial excitement with a new experience to more stable and meaningful engagement.
Capturing passing this effect means that researchers can be more sure that their results represent
truly “long-term” social robot effects rather than shorter-term responses to novelty. For instance,
Bajones et al. [7] argued that a claim of surpassing the novelty phase could be made with reasonable
confidence only after a 3-week period, thus setting their study duration at 21 days. Prior work
has attempted to establish when the novelty effect wears off [78, 160]. However, there is no fixed
or universally agreed-upon timeframe given the numerous variables that can influence novelty

ACM Transactions on Human-Robot Interaction, Vol. 14, No. 3, Article 55. Publication date: June 2025.



Long-Term Interactions with Social Robots 55:5

effects. For instance, the complexity of the interaction affordances on the robot may impact how
inherently engaging it is and the diversity of features to explore. Alternatively, the setting of the
robot (e.g., public vs. private) may impact the level of desire a user has to interact with the robot.
Such variability ultimately places the responsibility on researchers to substantiate attenuation of
the novelty effect in their specific use-case scenario by employing appropriate metrics and analysis,
which relatively few authors in our corpus have done. Among those who have, Weiss et al. [160]
noted the presence of novelty effects by observing a decline in attachment levels with a Vector
robot after just 2 weeks out of a 30-week study. In contrast, Bodala et al. [13] found no discernible
evidence of novelty effects even after five weekly sessions involving a mindfulness training robot.
This result presents a conundrum: Was there an absence of novelty from the start, or was 5 weeks
not yet enough time to overcome them?

With no one hard and fast rule, we adopt broad strokes in this review with regard to the definition
of long-term. We thus consider studies as having more than 3 sessions across 3 separate days, with the
same user, as applicable to our corpus of long-term social robotics studies. In this way, long-term
studies are inherently multi-session, but not all multi-session studies are long-term (for instance,
studies with two sessions).While we do not aim to set a strict definition for “long-term”HRI from our
analysis, we do seek to illuminate how the field to date has considered long-term characteristics for
HRI studies. In Section 4.1, we share how our corpus spans a wide range of temporal characteristics
(sessions, days, interaction time, etc.) and offer ways researchers can consider these elements for
future studies.

2.2 Benefits of Long-Term HRI Research
Long-term HRI studies require significant resources and effort. In this section, we highlight three
high-level reasons why researchers may want to consider investing in conducting long-term
HRI studies.

2.2.1 Unique Interaction Types. A number of robot interaction types and benefits are only
possible with long-term deployments. Certain robotic systems designed to teach new skills, such as
tutoring, physical training, or cognitive training necessitate multiple sessions over an extended
period to effectively support skill development (e.g., [26, 31, 34, 53, 80, 117, 151, 157, 161]). Assessing
the effectiveness of these programs also requires longitudinal measurements to demonstrate the
user’s skill acquisition over time. Therapeutic robots, such as those supporting individuals with
mental health challenges [133] or Autism Spectrum Disorder (ASD) [67], benefit from a long-
term study in similar ways. Successful therapeutic engagements are often repetitive in nature [90],
and long-term interaction allows researchers to observe the effects of sustained engagement on the
well-being of individuals receiving therapy.

2.2.2 User Perceptions and Relationships. Another benefit from long-term study is the ability to
explore how a user’s perceptions of a robot and their relationship with the robot may change over
time. Kory-Westlund et al. discuss the notion of moving “beyond interaction to relationship” with
long-term HRI [71]; just as relationships between humans can enhance learning, health, and social
outcomes, building and sustaining deeper relationships with robots can do the same. For example,
Paetzel et al. [107] found that while the perceived competence of a robot remained steady over
multiple repeated sessions, perceived threat and discomfort fluctuated. Jeong et al. [58] found that
a home-based social robot was able to build rapport and working alliance while supporting the
mental well-being of college students. Fostering positive relationships is particularly important for
companionship-based robots, such as general home robots or those addressing loneliness in elder
care [15, 19, 57, 59, 106, 110].
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2.2.3 Robot Adoption and Long-Term Engagement (LTE). Long-term studies also offer valu-
able insights into the adoption of robots in various settings. Factors such as usage patterns, drop-off
rates, and strategies for sustaining engagement [8, 160, 165] are crucial to understanding the effec-
tive integration of robots into daily life and society. One specific area of interest is the examination
of the novelty effect and its impact on user interactions with robots [142, 146]. Consequently, a
key challenge for long-term HRI is designing systems that continue to engage users even after the
novelty effect has subsided [106, 141]. Only through studying long-term robot deployments can
researchers explore strategies and design principles that promote both adoption and sustained user
engagement, ensuring that robots maintain their effectiveness.

2.3 Challenges of Long-Term HRI Research
Despite the many benefits, there are several non-trivial challenges when considering long-term
studies. We present a brief overview of many of the challenges faced by the studies in our corpus
of long-term HRI research. Such hurdles reinforce the need for an understanding of the current
state of the domain.

2.3.1 Autonomous, In-the-Wild Deployments. During longer-term deployments, there is often a
greater need for robot autonomy, in order to avoid having a human operator always present. Not
all long-term studies face this challenge, but many require building autonomous systems with more
complex development such as supporting a fuller set of robotic features and behavioral planning,
wireless connectivity, remote data logging, easy remote troubleshooting, and so on.

Many long-term studies are also conducted in in-the-wild environments such as homes, schools,
or hospitals. These settings allow for the study of robots in real-world contexts and can also provide
access to relevant participants at scale. However, in-the-wild deployments require significantly
more adaptive systems, as the research team has no control over the environmental variables. Each
home or school is very different from each other, and the robot needs to operate in these varied
locations. For example, perception systems must accommodate variable noise, safety measures must
predict a wider range of potential scenarios, and behavioral planning must work under variable
conditions.

2.3.2 Recruitment and Adherence. Recruiting participants for long-term research studies can be
significantly more complex compared to recruiting for single-session studies. Participants must
be available for multiple sessions instead of a single day, and the longer a study, the more likely
participant routines or circumstances may change. Depending on the setting, some participants will
also need to be willing to accept the robot into relatively more private spaces, such as their homes
and schools. All these factors canmake it more difficult to findwilling participants.When interacting
with a robot for one or a limited number of sessions, most users can stay engaged and adhere to
the protocols, especially with researcher supervision. With long-term systems, engagement must
be sustained past initial novelty. This is a bigger challenge for in-the-wild settings, where there is
limited researcher oversight and users must choose for themselves whether to interact with the
system. In these manners, long-term systems have a deeper requirement to be engaging, or have
visible benefits to the user, so that users continue to incorporate the robotic system as a part of
their life.

2.3.3 Dynamic Content and Personalization. Creating sufficient content and robot behaviors
can be cumbersome, especially if providing novel content for every interaction over multiple
months or years. It is significantly more difficult to create sufficient and engaging content for
long-term sessions than for short-term interactions as the user will not want to interact with a
robot performing the same or too-similar utterances and actions each session.
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Relatedly, many robotic studies have demonstrated the benefits of personalizing content for
each user [44, 113]. However, content creation becomes especially difficult when considering
personalization. Not only is sufficient long-term content needed, but it also requires consideration
of diverse user characteristics such as age, preferences, and skill levels.1 Additional challenges
specific to personalization include creating robust user modeling systems and effective action
selection mechanisms based on the user’s state. On the whole, the development of novel robotic
interactions is often lengthier and more complex for long-term interactions than single-session
ones.

2.3.4 Cost. An additional factor when creating a long-term study is the cost of the systems.
Social robots are expensive, and many are often needed at once when conducting long-term
deployments with multiple users in parallel. If only one robot is used at a time, many studies would
take years to complete if it only interacts with one user at a time. In addition to robots, multiple
copies of computers, cameras, and other hardware must be acquired. The increased cost can limit
the type, length, and number of long-term studies that can be conducted.

2.4 Prior Long-Term HRI Reviews
There have been two prior reviews in the domain on long-term HRI [71, 78]. The first, published by
Leite et al. in 2012, focused on long-term social robots to the date of publishing [78] and included
24 papers. The authors include papers in which the robot interacts socially with users and engages
them for extended periods of time (without defining in detail what is considered to be an extended
period of time). The primary goal of the reviews was to highlight the main findings of the studies
in their corpus and discuss open areas for future work in long-term HRI. Particular attention was
paid to the results of studies that could show interaction with the novelty effect.

In their results, Leite et al. [78] categorize each of the 24 papers into 1 of 4 categories: health
care and therapy, education, work environments and public spaces, and home robots. Regarding
health care and therapy robots, overall there were positive results for therapeutic and health-related
scenarios, but most studies had limited sample sizes in the domain. Their discussion regarding
educational robots focused on children and stated that the robot’s form factor and behavior greatly
impacted the interactions. When discussing work environments and public spaces robots, the
authors state that it is difficult to make general conclusions due to the great variety of studies and
the relatively small sample sizes. Lastly, they discuss home robots and mention the importance of
overcoming the novelty effect so people continue using them in the long run. The authors define
the novelty effect as having worn off when the user becomes familiar with the robot and starts
preferring new robot behaviors.

There are three main differences between the study of Leite et al. and ours.The first is the addition
of new papers published between 2013 and mid-2023. Many important works have been done in
the field over the past decade that we capture in our review corpus. The second difference lies
in our qualifications for our corpus. While Leite et al. include studies of robots interacting with
new users each day (e.g., a receptionist or mall guide), we limit our review to studies that track
the same user over time with a robot. In this way, we distinguish between long-term interaction
deployments, where a user is experiencing the long-term nature of the robot, and long-term research
deployments, where an individual user may only see the robot once. Our focus is on the former, and we
mean this type of longitudinality when using the term “long-term” in this work. Finally, we investigate
characteristics around a study’s location and domain separately, such as a health robot used in a

1It is important to note that the recent developments and applications of large-language models in HRI make these challenges
easier to overcome now than they have been in the past. However, virtually all of the studies in our corpus did not have
access to this technology at the time of study.
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home versus a care facility. Given the smaller number of studies at the time, studies in the Leite
et al. corpus were more correlated between their locations and domains.

The second prior review on long-term HRI is a book chapter on long-term SIAs published in
2022 [71]. Although their scope is broader than ours by including digital agents, Kory-Westlund
et al. include a section on long-term embodied social robots. The authors use the criteria of “at least
five sessions over any length of time per session and for any elapsed time from the first encounter
to the fifth or more” and find 67 studies fitting these criteria. Like the 2012 review paper by Leite
et al., they focus their discussion on the different applications of long-term robots and discuss
the following three areas “social robots and children,” “social robots and health and wellness,”
and “living with consumer robots.” The authors discuss key takeaways from the results of studies
in these domains as well as highlight the importance of building relationships over time with
long-term SIAs. Our review is complementary to this work, with several key differences. Our
review utilizes different inclusion criteria, specifically a minimum of 3 sessions with the same user
over 3 days. We additionally analyze these studies for trends over the past two decades across seven
key HRI domains and a multitude of study design characteristics as further described in Section 3.

3 Review Method
In this section, we describe the method for compiling our corpus. In order to systematically review
social robots deployed in long-term situations over the past two decades, we developed the following
criteria for paper inclusion:

(1) The study must involve social interaction between at least one robot and at least one human.
We did not include studies in which the robot only had functional use with little to no social
elements (e.g., [98, 103]).

(2) The participants and the robot must have interacted for at least 3 sessions (either as required
by the study or from the user’s free use) over a minimum of 3 separate days.

(3) The robot interacted with the same user for at least three sessions, and data were tracked for
the user throughout the sessions. This excludes long-term studies in public spaces where the
robot was interacting with a different user every time (e.g., [43, 63]), or where data were not
clearly tracked for the same user (e.g., [48, 152]).

(4) The robot must be or appear to be an autonomous agent to the user. Wizard-of-Oz studies are
included in the meta-analysis as long as participants believed the robot to be autonomous.
We did not include telepresence studies (e.g., [17]) or studies where the participants mainly
controlled or programmed the robot (e.g., [5]). Additionally, we did not include studies that
were solely design-focused, in which the user did not interact with the robot in a deployed
manner (e.g., [76]).

(5) The robot must be physically present (embodied) during the interaction. We included studies
with multiple experimental conditions if at least one had an embodied robot. We did not
include studies where the robot was only represented on a screen or as an avatar (e.g., [153]).

We first included all papers from Leite et al. [78], that fit our criteria. For papers after 2012,
we proceeded with a keyword search on Google Scholar and relevant conference and journal
proceedings. We used the following keywords for our search: long-term; long term; in-home; in
home; home deployment; repeat use; repeated use; multi-session; multisession; in the wild; in-the-wild;
weeks months; and longitudinal, alongside robot or robotics. Journal and conference proceedings
included Human-Robot Interaction (HRI), International Symposium on Robot and Human Interactive
Communication (RO-MAN), International Journal of Social Robotics (IJSR), Journal of Human-Robot
Interaction (JHRI), Transactions in Human-Robot Interaction (THRI), and Science Robotics. Papers
were added to a queue based on their abstract and then manually assessed by the authors for each
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element of our criteria. The earliest published paper included in the corpus was published in 2003
[135], and the survey cutoff date was April 2023.

In total, we found 118 papers that fit our criteria, which represent 120 studies. The number of
studies and papers differ as some papers (e.g., [72]) presented several separate studies that fit our
criteria, and others had multiple papers derived from the same data which were not included in
our final corpus. Our research team reviewed the papers and annotated key information from each,
as outlined below. When unsure or in disagreement, the annotators discussed a paper together
to reach a consensus on which category or number best represented the situation. The following
information was extracted from each paper.

Temporal Qualities.

—Year : The year the paper was published.
—Study Period : The average number of days the study was performed for each user. This was
most often reported directly by the paper authors themselves. When the period was not listed
in days, we assumed that 1 week is 7 days and 1 month is 30 days, in order to calculate an
estimated number of days for the study. For example, “4 sessions within 2 weeks” [150] has a
study period of 14 days, while 1 session every week for a total of 10 sessions [37] totaled a
70-day study period estimate (the sessions need not be on the same day per week). In the rare
cases where the study period was unclear, such as “for a semester,” we listed the study period
as unknown.

—Number of User Sessions: The average number of sessions between a robot and participant, as
relevant. Some studies were not session-based and were instead labeled as “free use” if the
use was entirely up to the user or “daily use” if participants were instructed to generally use
the robot on a daily basis.

—Session Length: The average number of minutes per session (as relevant).
—Total Interaction Time: The average total time, in minutes, that each participant spent with
the robot during the study. When this information was not given explicitly in a paper, we
manually calculated an estimated length of time based on other listed characteristics in the
paper.

Application Domains, Participants, and Study Location.

—Domain: The main domain of the study. We classified studies into the following domains:
physical health, mental and cognitive health, education, entertainment, service and workplace,
general purpose (i.e., home robots that provide several general uses), and ASD. Although
studies in the ASD domain can overlap with physical and mental health, we chose to identify
it as its own distinct category due to the prevalence of studies focused on ASD.

—Participants: The number of data-generating participants in the study. We only consider the
number of participants that interacted with a physical robot. For example, in [26], only 20 out
of 61 participants interacted with an embodied robot; the other participants interacted with
systems that did not include a robot. Therefore, we considered the number of participants
to be 20. We also do not consider participants who were excluded from the analysis due to
varying reasons such as technical difficulties or leaving the study prematurely.

—Age Group: The primary age group of the participants. We grouped participants into different
age groups: infants (0–3 years), children (3–12), teens (13–17), adults (18–65), elderly (65+),
and mixed. When over 80% of participants fell into one particular category, we classified it as
the majority category instead of mixed.

—Location: The primary location where the study took place. We categorized each study into the
following locations: home, school, care home, hospital, rehabilitation facility, daycare, laboratory,
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workplace, museum, and other. We considered a paper as taking part in the workplace category
when the study’s location was an office, business location, or similar. For example, a corporate
office for employees or a car rental agency. While schools and hospitals are workplaces for
teachers and doctors, we categorized these papers as their own locations, given the uniqueness
of these environments.

—Country: The primary country where the study occurred or participants were recruited.

Study and Robot Qualities.

—Robot Platform: The primary robot(s) or robotic platform(s) used in the study.
—Autonomy: The level of autonomy of the robot. We classified whether the robot was designed
to be autonomous, semi-autonomous (mix of autonomous and operated by a person), or
non-autonomous.

— Interaction Dynamic: How many people participated in the interaction. We classified inter-
actions into six primary types: dyadic (one robot and one person), triadic (one robot and
two people), group (one robot and a group or family), observer (one person observing others
interacting with the robot; e.g., [145, 154]), mixed (varied among the previous categories; e.g.,
[80, 135]).

—Personalization and Adaptation (Y/N):The level of personalization and adaption of the robot.We
labeled Yes if the robot adapts its actions to that of the user or personalizes them longitudinally,
and No if otherwise.

Results and Measures.

—Qualitative Results (Y/N): Whether the study had any qualitative results. We labeled Yes if
the paper presents a discussion or analysis of any qualitative findings, and No if the paper
does not. The definition of qualitative for this review includes non-numerical subjective
measures, including but not limited to: open survey responses, interviews, ethnographic
methods, and behavioral observations. If some numerical data was collected but the predom-
inant analysis, results, and discussion presented were qualitative, the paper was labeled as
qualitative only.

—Quantitative Results (Y/N): Whether the study had results from a quantitative analysis pre-
sented. We labeled Yes if the paper presents a statistical analysis of quantitative findings,
or No if the paper does not report any quantitative findings. At times, studies presented
quantitative analyses on qualitative results. These were judged as quantitative in addition to
qualitative if the results presented multiple numerical analyses toward the authors’ claims.
Studies presenting descriptive metrics (e.g., interaction counts or survey averages) alongside
predominantly qualitative results were not considered quantitative. A small number of studies
that collected longitudinal data for training machine learning models were also classified as
quantitative.

—Conditions (Y/N): Whether the study had conditions in pursuit of statistically significant
results. We labeled Yes if the paper presents a statistical analysis of separable and controlled
conditions, or No if the paper does not have conditions or does not perform a statistical
analysis of study conditions.

—LTE (Y/N): Whether the study reported a user’s engagement over time during the study. We
labeled Yes if the paper reports LTE, or No if not.

—Engagement Measure: Details of how engagement was measured. We labeled the different
types of engagement measures each paper used (e.g., user-reported survey, study drop-out
rate, continued interaction with the robot) if user engagement is reported in the paper.
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Fig. 2. Number of studies meeting our review criteria by year. The bar for 2023 highlights the partial data
collected between January and April 2023, in contrast to the more complete data from previous years.

4 Findings
This section contains an analysis of the 120 studies included on the basis of our aforementioned
criteria (Section 3). All studies, along with a subset of the key characteristics, can be found in the
Appendix. As seen in Figure 2, the number of such studies has been increasing steadily over the
past two decades. The types of long-term interactions investigated have, in turn, also expanded
widely. Here, we report on the defining characteristics of long-term studies since 2012, as outlined
in Section 3, including study lengths, participant types, interaction locations, interaction modalities,
and application domains. We additionally highlight methods for measuring LTE and for improving
long-term outcomes, such as personalization and adaptation. To analyze trends over time, we often
report shifts in different study characteristics across two decades: 2003–2012 and 2013–2023.

4.1 Temporal Qualities
In this section, we first analyze the myriad ways researchers have reported on the temporal
characteristics of long-term HRI studies.2 These include the overall study period, the number of
interactive sessions with a robot, the lengths of these sessions, and the total interaction time per
user over the course of the study. As seen in Figure 3, these characteristics vary widely. For instance,
some studies report on three sessions given across several weeks (e.g., [22, 31, 97]), while others
(e.g., [8, 138]) investigate tens of sessions over multiple months.

4.1.1 Study Period. The study period is defined as the number of days from the first study session
a participant has with the robot system to the final session with the system. Given the intentional
breadth of our inclusion criteria for long-term interaction, we find a large variety of study periods
(" = 48.4 days, SD = 70.2 days). These ranged from the minimum 3 days [151] to 570 days [73],
as illustrated in Figure 3(a). For seven papers, which total eight studies, the study period was not
reported [27, 29, 31, 72, 85, 99, 129].

2It is important to note that not all studies in our corpus make claims of being “long-term” despite meeting our qualifications
for inclusion. Some authors utilize terms such as “multi-session” (e.g., [38, 97]) or “longitudinal” (e.g., [13, 70]) to describe
the nature of their study rather than “long-term.” Our corpus includes all studies that met our criteria, separate from any
authors’ claims.
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Fig. 3. Comparison of study length and frequency between 2003–2012 and 2013–2023. The distribution of the
studies based on study length is shown in (a). For studies that were sessions-based rather than free use of the
robot system, distributions of the studies based on the number of sessions (b) and session length in minutes
(c) are shown. Lastly, the distribution of studies based on total study length in hours as reported or estimated
by the reported number of sessions and session length is shown in (d). We compare the distributions across
two decades to examine emerging trends in light of the rapid growth in long-term HRI research.

Investigating the primary motivations of studies that are shorter versus longer, we observe
several patterns. For studies shorter than 2 weeks (# = 17), we find that the goal of the study was
often exploratory or in the evaluation of a new technique. For instance, nine of these studies aimed
to investigate user perceptions and usability of a robot in a new environment (e.g., [2, 39, 58, 107,
158]) or the relationship built between participants and the robot (e.g., [1, 68]). Four of the studies
that were shorter than 2 weeks sought to validate new technical methods (e.g., [3, 32, 38, 151]), and
four studies show participant improvements on a new skill or task (e.g., [2, 117]). In contrast, many
of the studies that occurred over the span of 3 months or longer (# = 14, [8, 26, 36, 53, 72, 73, 102,
106, 120, 138, 139, 148, 160, 165]) explored the adoption, engagement, and usage patterns of robots
in long-term settings. Such a divide makes sense, as studies aimed at longer-term engagement and
usage necessitate that the study period lasts beyond any novelty effects.

Comparing study periods by decade, we find that more studies with shorter periods have occurred
in the recent decade (2013–2023). For example, of the 23 studies in the first decade (2003–2012) that
report a study period, only 5 (21.7%) of them have a study period of less than 1 month. In contrast,
48 (53.9%) of the 89 studies reporting a study period in 2013–2023 report one that is less than 1
month. The increase in long-term studies over shorter periods of time can be considered in one of
two manners: either the lengths of long-term studies have decreased over time, or there has been
a natural progression from single-session studies into multi-session studies. We find there is an
emergence of studies that do not intend to examine the long-term effects of the robot interaction,
but rather to investigate certain elements of usability and instruction that require a handful of
sessions instead of just one (e.g., [2, 158]).
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4.1.2 User Sessions. In addition to the number of days of a study, we report on the duration and
number of user sessions with a robot. These measures capture the amount of direct interaction a
participant has with a robot. A session is characterized as a specific duration when a participant
is expected to interact with the robot system. Eighty-six studies (71.7%) in our corpus reported
a particular number of sessions per participant and are thus considered to be session-based. For
sessions-based studies, we find that the number of sessions varies widely from 3 sessions [10, 22,
31, 56, 80, 81, 85, 107] to 1,559 sessions [106], as illustrated in Figure 3(b). The average number of
sessions for a study in our corpus, excluding the 2017 paper by Ostrowski et al. [106] as a clear
outlier, is 15.5 sessions (SD = 23.9). For 21 studies, the number of sessions per participant was not
reported.

Of the session-based studies, 77 (64.2% of the overall corpus) report a specific session length.
For these studies, we find that the duration of each session varies widely from 1 minute [68, 106]
to 3 hours [72] (" = 26.9 minutes, SD = 28.2 minutes). The remaining 32 studies did not report
a specific time duration of the sessions. Similar to findings over time of study periods (Section
4.1.1), more studies occurred with fewer sessions and shorter session lengths during 2013–2023
than during 2003–2012 (Figure 3(c)).

In our corpus, 10 studies are neither session-specified nor session-based because the number and
the length of sessions were not reported. An additional 11 studies reported that the user sessions
were self-directed daily use (# = 9 [23, 30, 83, 87, 93, 102, 111, 119, 124]) or free use3 across the
entire study period (# = 2 [7, 39]).

4.1.3 Total Interaction Time. Three studies directly reported the total interaction time per
participant [1, 55, 135]. Many of the remaining studies reported session lengths alongside the
number of sessions. In order to compare sessions-based and free-use studies on the amount of
participant-to-robot time, we present an estimate of the total interaction time per participant
for each study. We estimated the total interaction time by multiplying the number of sessions
by the session length for each study that reports both values (# = 76). Together, the 79 studies
demonstrate an average interaction time per participant of 553.6 minutes (SD = 1,173.5), ranging
from 10 minutes [122] to 120 hours [8]. As seen in Figure 3(d), we observe a slight decrease in the
number of studies with less than 2 hours of interaction length published during 2013–2023 (N  = 7,
41.2%) compared to 2003–2012 (N  = 31, 50.0%).

4.2 Application Domains, Participants, and Study Locations
In this section, we classify our corpus of long-term studies based on their domain, participant
information, and location (Figure 4). While the first few studies in long-term HRI focused primarily
on education [61, 79], behavioral interventions for children with ASD [120, 129], or the general
perception of robots [135, 145], more recent studies cover a wide range of applications. For instance,
providing service to support employees in an office environment [155] or improving cognitive
health by encouraging exercise [128]. Section 4.2.1 outlines seven categories of primary application
domains: education, mental and cognitive health, general purpose, physical health, entertainment
and game-play, and service and workplace.

In Sections 4.2.2 and 4.2.3, we additionally classify studies based on their participant age ranges
(ranging from infants to the elderly) and the number of participants with reported data. Occasion-
ally, the domain dictates the participant type of the study, such as children using an education
robot, though this is not always the case. Often, the location of a study is related to its domain

3We define “free use” as users having complete control over when and how to use the robot. We acknowledge some
researchers may not have reported casual guidance given to participants and that some participants may have felt implicit
pressure to use the robot regularly.
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Fig. 4. Distribution of study qualities, an overview of key attributes in long-term HRI studies conducted over
the past two decades. The distribution is presented across four main dimensions: study domains (a), study
locations (b), participant age groups (c), and countries where the studies were conducted (d). It is important
to note that the largest category, “Other,” in (d) encompasses 20 countries, each contributing less than 2% to
our current dataset.

and participant types, such as a rehabilitation robot for the elderly being deployed into a care
home. Given that most long-term HRI research is motivated by preparing robots for real-world
applications, considering a study’s environment in relation to its participants and domain can
be valuable.

4.2.1 HRI Domains. We find that long-term studies in our corpus fall into the following primary
domain classifications: Education (# = 31, 25.8%), Mental and Cognitive Health (# = 24, 20.0%),
General Purpose (# = 21, 17.5%),ASD (# = 20, 16.7%), Physical Health (# = 13, 10.8%), Entertainment
and Game-Play (# = 7, 5.8%), and Service and Workplace (# = 4, 3.3%). A summary of areas of
study per domain is below:

—Education (# = 31, 25.8%): Within studies in the Education domain, robot interactions tend
to be focused on tutoring or teaching skills in reading (e.g., [15, 19, 165]), math (e.g., [10, 56,
114]), language (e.g., [150, 158, 162]), handwriting (e.g., [18, 54]), and other common academic
subjects (e.g., [60, 77]). For the majority of the studies in this domain (# = 26, 83.9%), the
population of interest is children between the ages of 3 and 12, with the robot most often in a
school (# = 17) or the home (# = 6).

—Mental and Cognitive Health (# = 24, 20.0%): Studies within this domain can be organized into
three categories: elder care, condition-specific rehabilitation, or general wellness. Ten studies
target cognitive stimulation for elderly participants, ages 65 or older, either in the individual’s
home (N = 2; [2, 87]) or care homes (N = 8; [24, 33, 39, 40, 42, 156, 157]). Condition-specific
studies (N = 8; [8, 30, 73, 102, 111, 126, 158, 159]) examine the robot interactions with users
with a diagnosed cognitive disorder such as Dementia, Down Syndrome, or Alzheimer’s. The
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remaining seven studies [13, 58, 59, 68, 124, 128, 144] primarily examine improving mental
and cognitive health in typically developing adults.

—General Purpose (# = 21, 17.5%): Studies in the General Purpose domain are generally focused
on investigating user perceptions of, and user engagement with, the robot. For instance,
studies in this category have shown that users enjoyed the robotic interactions (e.g., [27, 57]),
were motivated to interact with the robot (e.g., [29, 86, 96]), and demonstrated changes in their
perception of (e.g., [72, 107, 146]) or engagement with the robot throughout the study (e.g.,
[70, 106, 119, 135, 160]). Further studies examined methods for behavioral personalization
and adaptation of the robot due to user preferences (e.g., [3]), used the robot as a tool for
understanding the target population better (e.g., [72, 125]), or evaluated the feasibility of
the robot to provide living assistance (e.g., [7]). General Purpose studies target a wide range
of participant groups, from infants to seniors, in a variety of settings such as the home, a
laboratory, daycare, or school.

—ASD (# = 20, 16.7%): Studies in this category explore the use of robots with individuals
with ASD. Several studies in the ASD category would traditionally fall within the Mental
and Cognitive Health or Education categories; however, we treat these studies as a sep-
arate category due to their large number. Within studies in the ASD domain, most stud-
ies either investigate skills development or validation of new measurement or prediction
techniques. Those in the skills group often investigate interactions such as verbal commu-
nication or social skills (e.g., [94, 131, 138, 163]). Studies about new measurement tech-
niques focus on validating methods that predict engagement, build user models, or develop
metrics for specifically the ASD population (e.g., [12, 45, 55, 99, 112, 129]). The majority
of ASD studies focus on interactions with children (# = 16, 80.0%) in a school (# = 6)
or home (# = 5) setting. Within the past half-decade specifically (2018–2023), we ob-
serve new interest in long-term, in-home interactions [21, 55, 108, 117, 131, 136], as well
as developing long-term social skills interventions for teenagers [20, 138] and adults with
ASD [117, 139].

—Physical Health (# = 13, 10.8%): Studies within the Physical Health domain primarily fall
into two categories: general wellness and condition-specific rehabilitation. For general well-
ness, studies focused on supporting exercising and healthy eating (# = 8, e.g., [28, 66, 137,
147]) across a wide range of participant age groups, but primarily centered on adults and
older populations (# = 5). These robots are often deployed in a home or laboratory setting.
Condition-specific studies (# = 5) instead support individuals recovering from a medical
event such as surgery, stroke, or a diagnosis of a life-impeding condition [35, 49, 53, 89, 151].
Robots for condition-specific support are more often found in hospitals or rehabilitation
centers, almost entirely for elderly users (# = 4).

—Entertainment and Game-Play (# = 7, 5.8%): The studies in this domain [36, 38, 62, 91, 110,
148, 149] primarily investigate the potential for engaging and maintaining user interest with
a robotic system via games or other interactive media. A majority of studies in this domain
(# = 5) focus on children younger than 12 years old in a range of settings, such as a laboratory,
school, daycare, or home.

—Service and Workplace (# = 4, 3.3%): In our corpus, there are currently only four studies [122,
135, 144, 154] that investigate robots in the Service and Workplace domain. These robots are
designed to perform tasks related to workplace offices or other locations that offer services to
customers. For example, Vishwanath et al. [154] explored how a humanoid robot receptionist
could improve staff productivity in an office setting. While many studies included in the
Education, Physical Health, and Cognitive Health domains are conducted in settings that
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arguably offer services (e.g., schools and health clinics), these studies focus on a specific
educational or health outcomes rather than on the workplace itself.4

Assessing study domains over the past 20 years, we find several trends over time. While the first
5 years of long-term studies (2003–2007) consisted of a small number of studies (# = 12), these
studies were evenly distributed across six domains: Mental and Cognitive Health, ASD, General
Purpose, Entertainment and Game-Play, Education, and Service and Workplace. In contrast, 50% of
the studies published in the following 5 years (2008–2013) were in the General Purpose domain.
A newfound interest in the Physical Health domain emerged in 2009 [66] and has steadily grown
to the present year. Physical Health, Mental and Cognitive Health, Education, and ASD all have
exhibited steady growth over the past 15 years, whereas the Service and Workplace domain has
only recently emerged for long-term study.

Many of these domains lend themselves inherently to long-term study, for instance, with Ed-
ucation, ASD, and to a certain extent Mental and Cognitive Health and Physical Health studies,
often the goal of the robotic intervention is to support skill acquisition. Developing a new skill,
by its nature, requires time to develop and must be studied as such to show true value. Similar to
skill acquisition, therapies such as rehabilitation and cognitive exercises also require the repeat
practice of a certain activity. In contrast, General Purpose studies are often more related to the
exploration of how social robots may integrate into our homes and daily lives. This type of study
requires longitudinal study, as real-world robot applications will not happen in a single session.
For researchers interested in understanding adoption of robots in society, long-term study is an
important step. In the less-represented domains of Entertainment and Game-Play and Service and
Workplace, such real-world requirements still apply, but there may be other challenges. As the
Service and Workplace domain is still relatively new in long-term exploration, researchers may opt
to first explore the problem space, initial usability, and initial user perception with a single-session
study before transitioning to long-term study. The Entertainment and Game-Play domain offers an
easy way to test user perceptions of a robot and algorithmic contributions around engagement;
however, researchers may have less interest in this domain now as more specific and beneficial
use cases for social robots have emerged (e.g., supporting social skills development, rehabilitation,
home assistive tasks).

4.2.2 Participant Types. For the purposes of this review, we classify participants based on their
age group corresponding to the general stages of psychological development ranging from infants to
seniors. Across our corpus, 57 studies (47.5%) feature children (ages 3–12) as the primary participant
type, 23 (19.2%) feature adults (ages 18–65), 23 (19.2%) feature seniors (above age 65), 4 (3.3%, [95, 96,
126, 148]) feature infants or toddlers (under age 3), and 2 studies (1.7%, [20, 138]) feature teenagers
(ages 13–18). The remaining 11 studies (9.2%, [8, 13, 19, 27, 29, 32, 35, 66, 122, 150, 160]) report
outcomes of the robot interaction to describe mixed demographics across participant age groups.

It is expected that the domain of a study is related to the population of interest of the study, or
vice versa (Figure 5(b)). For example, the majority of Mental and Cognitive Health studies target the
senior population (# = 16, 64.0%) because many studies in this domain target cognitive stimulation
for users with a diagnosed cognitive disorder such as Dementia or Alzheimer’s. Similarly, the vast
majority of studies within the Education and ASD domains focus on children (# = 42, 82.4%).
Studies in the General Purpose and Physical Health domains contain a diverse range of participant
age groups.
4For example, we classify work such as Rueben et al. [122] within the Service and Workplace domain because the authors
investigated the impact of a mobile shoe rack at a yoga studio on client satisfaction. Had the authors investigated the impact
of the robot on the individual performance of yoga students at the studio, we would have classified this work under Physical
Health.
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Fig. 5. Distribution of study qualities by domain. The change in the distribution of study domains every 5
years (a), the distribution of participant age groups by domain (b), and the distribution of study location by
domain (c) are illustrated.

Fig. 6. Robot platforms. Illustrated is the distribution of robots employed in long-term HRI studies. The
largest category, “Other,” encompasses 34 platforms that were each represented only once in our dataset.

4.2.3 Participant Counts. In our corpus, the number of participants per study varies widely
(" = 24.8, SD = 30.4), from a single participant [2, 53, 126, 135] to as many as 228 participants [61].
The distributions of participant counts differ by domain: ASD (" = 14.8, SD = 13.0), Education
(" = 36.8, SD = 44.4), Entertainment and Game-Play (" = 15.3, SD = 10.5), General Purpose
(" = 35.8, SD = 32.8), Mental and Cognitive Health (" = 19.5, SD = 21.9), Physical Health
(" = 12.8, SD = 9.4), and Service and Workplace (" = 11.3, SD = 10.8). The majority of the 14
studies with less than five participants [2, 12, 22, 31, 35, 53, 68, 72, 94, 120, 126, 135, 136, 138] were
focused on providing therapies to protected or sensitive populations, such as those with diagnosed
physical or mental disabilities (N  = 10). On the other hand, for the six studies with more than 100
participants [27, 29, 51, 61, 85, 155], research was performed either through educational systems
[61, 85, 155] or with an off-the-shelf commercial home robot [27, 29]. The four largest participant
studies [51, 61, 85, 155] were conducted in both an education setting and for children. While these
studies are outliers in their respective domains due to their sample size, performing studies through
established school structures likely provides easier access to large numbers of student participants.
Similarly, using a pre-existing commercial home robot with minimal customization likely reduces
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the burden of designing and deploying systems in the unstructured and diverse environment that
is the users’ homes.

Participant count influences the types of statistical tests that can be run based on having an
adequate sample size. Among studies that report statistical results (N  = 70; e.g., either between
experimental conditions or between different population segments), the distribution of participant
sample sizes tends toward larger counts (" = 31.7, SD = 35.6), with 65.7% with 15 participants
or more. Among the remaining studies that do not conduct statistical analyses (# = 50), the
distribution of participant counts shifts toward smaller counts (" = 17.0, SD = 19.3), with 72.0%
below 15 participants. The motivation, expected outcomes, and structure of a specific study can
inform the analyses (e.g., qualitative, quantitative, or statistical) researchers choose to conduct.
In Section 4.4.1, we examine the potential factors influencing the results reported in our corpus
of studies.

4.2.4 Study Locations. As long-term studies seek to emulate more real-world scenarios for HRI,
the setting where robot interactions occur is an important study design consideration. Studies
performed in a research facility or laboratory have the advantage of controlling for environmental
variables in order to isolate specific components of interaction. In contrast, “in-the-wild” environ-
ments such as homes or classrooms are more likely to produce findings that are generalizable to
real-world interactions and contexts. In-the-wild environments are dynamic, unstructured settings,
however, and thus often have greater technical demands and challenges for robot use, design, and
deployment.

In our corpus, the majority (# = 103, 85.8%) of studies were performed in-the-wild, often either
conducted in homes (# = 35, 34.0%) or in schools (# = 33, 32.0%). The remaining 17 studies (14.2%)
were conducted in a laboratory research setting. Of these 17 studies, 10 studies [13, 32, 69, 72, 91, 99,
107, 126, 147, 150] were performed in a laboratory environment that intended to simulate a natural,
in-the-wild environment, such as the home or workplace. Figure 4(b) presents a full breakdown of
location types.

As with participant types, the location of a study typically aligns with the study’s domain, as
shown in Figure 5(c). For instance, many educational robots are deployed in schools (e.g., [6, 18, 60,
84, 115, 116, 140]), with a subset deployed in the home for tutoring outside of the classroom (e.g.,
[92, 93, 164, 165]). Similarly, robot interactions that target physical health rehabilitation are often
conducted in hospitals or care facilities (e.g., [1, 35, 53]).

Beyond the immediate environment of the robot, the geographic and cultural environment may
influence the results of long-term studies. According to the distribution of countries in our corpus,
we find that 41.7% (# = 50) of studies were conducted in Europe, primarily in the UK (# = 15);
32.5% (# = 39) of the studies were conducted in North America, primarily in the United States
(# = 35); 18.3% (# = 22) of the studies were conducted in Asian countries, primarily in Japan
(# = 12); and 5.0% of the studies were conducted in Australia (# = 4) or New Zealand (# = 2). The
remaining studies do not report the location [34, 99, 154].

4.3 Study and Robot Qualities
Researchers have exploredmany differentmodalities of long-term robot interactions across domains,
participant types, and study locations. We report here on patterns in our corpus based on the robot
used, the robot’s level of autonomy, the interaction dynamic (e.g., dyadic, triadic, group), and the
use of behavioral adaptation and personalization of the robot. By classifying these types of HRI
qualities, we can observe the landscape of the many varying ways long-term HRI can manifest.

ACM Transactions on Human-Robot Interaction, Vol. 14, No. 3, Article 55. Publication date: June 2025.



Long-Term Interactions with Social Robots 55:19

4.3.1 Robot Platform. A robot’s form and affordances highly impact the types of interactions
researchers can study. There are many benefits to using a commercially available (i.e., “off-the-
shelf”) robot, from physical robustness to the comparability of results across studies using the same
robot. At the same time, off-the-shelf robots may have limitations in their design that can prohibit
achieving certain research goals (e.g., Ramnauth et al. [117] utilized supplementary sensors since
certain hardware of the popular Jibo robot [52] was inaccessible).

As shown in Figure 6, we find that the NAO robot [47] is most popular for long-term study (e.g.,
[6, 12, 45, 54, 60, 97, 147]), with 30 (25.0%) long-term studies utilizing this robot platform. The next
most popular robots include: Keepon [11] (# = 7, 5.8%; [72, 80, 81, 84, 128]), Jibo (# = 7, 5.8%; [19,
58, 59, 106, 117, 131, 164]), Paro [112] (# = 7, 5.8%; [42, 73, 139, 156–159], and Pepper [146] (# = 6,
5.0%; [1, 13, 31, 35, 83, 119]. Beyond these 5 off-the-shelf robots, 7 studies (5.8%; [66, 70, 95, 122, 124,
135, 149]) feature novel, custom robots, or prototypes. We provide a brief description of these most
popular robots below:

—NAO (25.0%; N = 30): NAO [47] is a small, programmable, table-top humanoid robot with
a rich sensor suite and built-in interactions for complex natural language and facial and
gesture recognition. Its popularity in HRI research is likely due to its diversity of affordances
and capabilities, the ability to easily purchase the robot off-the-shelf, as well as its existing
popularity lending itself to easier research reproducibility.

—Keepon (5.8%; N = 7): Keepon [11] is a small, minimal table-top robot with a soft bulbous
body that can move side-to-side, up-and-down, and rotationally. It features audio and visual
inputs and can be custom programmed, while being relatively affordable in comparison to
more complex robots.

—Jibo (5.8%; N = 7): Jibo [52] is a table-top robot with a more cylindrical form factor and
a circular display that can rotate expressively in multiple directions. Similar to NAO, it is
equipped with audio and video inputs for complex natural language and computer vision.

—Paro (5.8%; N = 7): Paro [109] is a soft therapeutic robot designed to look like a seal and
responds to touch, light, and sound in order to express certain emotional states.

—Pepper (5%; N = 6): Pepper [143], a humanoid on wheels, is the largest form factor of the top
four robots, reaching almost human height with the ability to navigate an environment. It also
features expressive gestures, cameras, and a conversational interface, however the robot’s
cost is significantly higher.

4.3.2 Robot Autonomy. Future real-world robots deployed for long-term use in homes, work-
places, and other areas of daily life will need to be fully autonomous. However, achieving autonomy
in natural, in-the-wild environments presents many technical and perceptual demands. As a result,
making the choice of whether to automate a robot for research, and howmuch, is a key study design
consideration. In our corpus, researchers have used non-autonomous, semi-autonomous, and fully
autonomous deployments. While a fully autonomous robot is closer to real-world scenarios where
the robot’s architecture alone solely directs its behaviors, researchers may choose to implement
a non-autonomous system via Wizard of Oz5 or teleoperated techniques. Such techniques enable
researchers to imply complex levels of autonomy without the technical requirements of building
an autonomous system. In between non-autonomous and fully autonomous systems lies semi-
autonomous systems, in which researchers have access to a human-in-the-loop method of updating
robot behaviors while deployed. Such a system can enable researchers to correct robot errors or
introduce deeper levels of personalized interactions.

5A method in which participants interact with a robot system that users believe to be autonomous, but is actually operated
or partially operated by another human.
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Fig. 7. Distributions of robot operation (a) and study interaction dynamic (b) by decade.

We find that 91 studies (75.8%) in our corpus utilize fully-autonomous systems, 18 (15.0%) use non-
autonomous systems, and 10 (8.3%) use semi-autonomous systems. We further observe a remarkable
growth of 450% in autonomous design between 2003–2012 (# = 14) and 2013–2023 (# = 77). We
do not observe this significant growth in semi-autonomous or non-autonomous design between
2003–2012 (# = 12) and 2013–2023 (# = 16).

Such growth may be attributed to a desire by the field to explore the questions and challenges
surrounding interactive robot behaviors in real-world settings. For instance, maintaining LTE
without an assisting researcher at hand is a known challenge. As discussed in Section 4.3.1,
designing robot behaviors toward this end depends on the nature of the robotic system, as the
affordances and capabilities of a robot impact the type and diversity of interactions possible. A
simpler robot may be easier to implement, but may have limitations in the amount of behaviors
possible to engage a user longitudinally. Conversely, a more complex robot may have so many
options that a user may be overwhelmed by choice or not know the best ways to interact. Another
core element of behavior design for autonomy is how pro-active the robot should be in responding
to its environment, or in howmuch to try and entice a user to engage with it. A robot that is entirely
passive risks being forgotten about. However, a robot that is too pro-active can become quickly
annoying or in the way, if it is unable to determine the best contexts for engaging. In these ways,
and many more, autonomous robot behavior design is crucial and ripe for long-term exploration.

4.3.3 Interaction Dynamics. HRI can take on many forms with respect to the social context
of the interaction. We investigate the differences in studies that are dyadic (one-on-one between
the human and robot), triadic (two humans interacting with one robot), family (one robot in a
household interacting with multiple family members), group (one robot interacting with multiple
humans in a group setting), observer (the human is observing a different human or group interacting
with a robot), and mixed (a combination of any of the prior four categories) interactions. Overall,
the majority of long-term studies are dyadic (# = 73, 60.8%), with 16 studies (13.3%) of group inter-
actions, 12 studies (10.0%) of mixed interaction dynamics, 9 studies (7.5%) of triadic interactions, 5
studies (4.2%) of family interactions, and 5 studies (4.2%) of observer interactions. In comparing the
distribution of interaction dynamics between the prior decade and 2013–2023 (Figure 7), we see a
shift in the percentage of dyadic studies and group studies. Dyadic studies have grown in represen-
tation, from 42.3% to 66.0%, while group interaction studies have decreased in representation, from
38.5% to 6.4%.

One may have considered that as the field of long-term HRI matures, we would see a rise in
more diverse interaction dynamics beyond dyadic—particularly since group interactions are rising
in popularity in HRI [134]. There are many possible reasons for this trend. For one, longitudinal
studies are challenging to run and deploy, and it is usually easier to run a dyadic one. Researchers
need only design interactions for one user, rather than many, and need not consider the more
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complex group social factors of an interaction. Recruiting and consent also become simpler for a
single user rather than many in a group. Another potential explanation corresponds to the rise in
health- and education-focused studies over the last decade. These domains may lend themselves
more readily to isolating one-on-one robotic interactions with a single student or patient. Even
though parents, teachers, and therapists are often key stakeholders, a key end-measure is often from
a single individual’s performance on a new skill, activity, or task. A general purpose robot will more
often need to, in contrast, appeal to the entire family unit. A workplace robot may similarly need
to appeal to an entire office. Finally, we also see an increase in quantitative studies (as discussed in
Section 4.4.1) over the years. Measuring quantitative metrics may be easier to do in a one-on-one
user-to-robot interaction, as it requires less individual identification and tracking. In a similar vein,
we see a rise in studies with personalization and adaptation methods (Section 4.3.4), which is easier
to design for and track over a single user than many.

4.3.4 Personalization and Adaptation. Personalization [50] and adaptation [4], two methods to
tailor the robot’s behaviors and interaction with a particular user, have been shown to improve
outcomes for long-termHRI [21, 84, 86]. Suchmethods foster a sense of rapport, trust, and enjoyment
in users, leading to more meaningful and engaging interactions. In addition, personalization and
adaptation can allow the robot to maintain its relevance and usefulness over time, adapting to
varying contexts, user preferences, and situational demands. We find that 47 studies (39.2%) in our
corpus utilize personalization or adaptation in their robot design. They are distributed relatively
evening across domains.

Some common methods for personalization and adaptation include adjusting task difficulty
based on prior performance (e.g., [114, 116, 131]) or utilizing affect recognition or physiological
data to improve user engagement (e.g., [33, 38]). Many studies specifically investigate the effects
of personalization and adaptation methods as their core research aims (e.g., [3, 10, 15, 21, 31, 56,
84–86, 91, 116, 136]. These studies have demonstrated that adaptive or personalized system results
in increased user satisfaction, improved performance and effectiveness, enhanced user engagement,
and improved flexibility in changing environments.

Overall, we find a rise in studies with personalization and adaptation over time, with 43% (# = 40)
in the current decade versus 23% (# = 6) versus the previous decade. This may be caused by a few
factors. One, as long-term studies become more common in a domain, they may transition from
more exploratory to more targeted in their measures and techniques. Given that engagement is a
known challenge, techniques to specifically counter them are warranted. Additionally, technology
advances over the past 20 years have provided far more tools to support individual tailoring of
HRIs, from computer vision to biometric feedback.

4.4 Result Types and Measures
Studies in long-term HRI are varied in their type of research findings, with a mixture of quantitative
and qualitative insights. In our corpus, case studies and ethnographies are present alongside
quantitative studies and those that seek statistically significant differences between conditions.
In this section, we assess the ways long-term HRI researchers have pursued different types of
measured results. We additionally report patterns on two specific measures that are particularly
relevant to long-term studies: pre/post analyses and LTE.

4.4.1 Qualitative Versus Quantitative Approaches. A fundamental decision that long-term HRI
researchers must make is whether to pursue a qualitative or quantitative methodology, or a blend
of both approaches. This choice is multi-faceted and hinges on several motivations that should
be carefully weighed. Qualitative research often involves exploratory investigations of research
questions rather than setting experimental conditions to test a hypothesis. Reporting qualitative data
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can provide insights into user preferences, challenges, and needs as well as serve as a foundation for
new hypotheses or theories [117, 122, 149]. Examples of qualitative measures in our corpus include
interviews, open-ended questionnaires, experimenter observation, video labeling, and diaries.
In contrast, quantitative research typically facilitates objective measurements and evaluations of
specific outcomes or performance metrics. Examples of quantitative measures in our corpus include:
test performance, game scores, robot usage rates, interaction type counts, standardized surveys,
custom surveys often containing Likert or similar scales, and so on. Such metrics can be crucial
in assessing the effectiveness or efficiency of robot interventions, measuring user perceptions, or
evaluating task completion rates.

In our corpus, 49 (40.8%) studies report both qualitative and quantitative results, 33 (27.5%) report
only qualitative results, and 25 (20.8%) studies report only quantitative results. The measures and
metrics employed by researchers are often specific to the domain, participant type, and setting, and
we encourage readers to consult the Appendix to find long-term studies with similar deployments
as examples.

We find that the percentage of studies with quantitative results (either quantitative only or both
quantitative and qualitative) has risen over the years, with 58.3% (# = 70) in the current decade
versus 13.3% (# = 16) in the prior. With regard to domains with at least 10 total studies: we find that
77.4% of Education studies, 76.9% of Physical Health studies, 75.0% of ASD studies, 72% of Mental and
Cognitive Health studies, and 68.2% of General Purpose studies have quantitative results. In contrast,
the percentage of studies with qualitative results (either qualitative only or both quantitative and
qualitative) has decreased from the previous (76.9%, # = 20) to the current decade (67.0%, # = 63).
We find the distribution of these result types varying more widely across domains in comparison
to quantitative results. The large majority of Mental and Cognitive Health (84.0%, # = 21), Physical
Health (76.9%, # = 10), and ASD (75.0% # = 15) studies contain qualitative studies, whereas a
smaller majority or minority of General Purpose (63.6%, # = 14) and Education studies (48.4%,
# = 15) contain qualitative results.

These differences may be explained by the inherent nature of the domains. For instance, Ed-
ucational contexts often feature student testing and standardized measures of academic skills,
which are easy to quantify. This domain has also been established for longer, and may be moving
away from initial exploratory studies to more targeted proofs of efficacy. In contrast, Mental and
Cognitive Health studies are a newer domain that may seek to gain early qualitative insight into
new population needs. For ASD, there is a combination of standardized benchmarks as well as high
individual variance within the population and the need for qualitative assessment from caregivers.
Both qualitative and quantitative measures may be particularly helpful for this domain.

4.4.2 Study Conditions. For quantitative studies, conducting experimental conditions can help
establish causal relationships and make comparisons between different conditions. By including
a control condition, researchers can determine whether the experimental manipulation or in-
tervention likely causes the observed effects. In our corpus, 47 studies (39.2%) used quantitative
methods with preset experimental conditions in pursuit of statistical significance. Often, these
conditions were on (a) the use of a robot versus no robot (e.g., using a robot with a set of smart
sensors for elder care versus just the sensors themselves [87]), (b) inclusion of a specific interaction
or approach versus without (e.g., including personalization or not with a general purpose robot
for children [86]), or (c) between different types of populations (e.g., special needs children and
typically developing children [161]). We find that the percentage of studies with conditions-based
experimentation has increased in the current decade (43.6%; N  = 41) versus the previous (23.1%;
N  = 6), likely following the trend of increasing quantitative studies.
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4.4.3 Pre/Post Experiment Analyses. To evaluate the long-term effects of robotic interventions,
a common approach is to analyze specific metrics collected in the same way before and after the
experiment. Among the studies in our corpus that employed quantitative analysis, 20.9% (# = 18)
utilized such pre/post experiment comparisons.

There are multiple common methods used for this approach. For instance, single-case experi-
mental designs (e.g. ABA or ABAB) are frequently used in medical and psychological research to
assess behavioral changes due to experimental conditions. Two studies from our corpus employed
ABA analysis with one showing that a companion-like robot resulted in significant improvements
in participants’ psychological well-being [59], and another showing that a robot improved clinical
measures in autism-related scored for children with autism [131]. In educational contexts, the
most common metric involves comparing educational test responses and scores before and after
the robotic deployment (also known as “pretests” and “posttests”). For instance, several studies
assessed the effectiveness of fixed versus personalized tutoring assistance [10, 84, 115, 116] and
examined the impact of different scaffolding behaviors exhibited by robots [6]. Other methods
of assessing before-and-after effects included analyzing behavioral changes in school children
following robot interaction sessions [83], comparing pre- and post-experiment questionnaires [107,
144], and conducting pre- and post-experiment interviews [93].

4.4.4 Measuring LTE. While there is a wide variety of qualitative and quantitative measures in
long-term HRI studies, we highlight one type in particular in this review: LTE. In our corpus, 45
studies (37.5%) measured LTE in some way. This measure is of notable importance to long-term HRI
papers for several reasons. First, LTE can be a critical tool for quantifying when robotic interactions
may have passed the novelty effect (Section 2.1), as determined by changes in the measure of
user engagement over time. If researchers do not account for such an effect, they may mistakenly
attribute positive outcomes to the robot’s inherent effectiveness rather than the initial novelty. Of
note, six studies in our corpus attempted to characterize the possible effect of novelty on the results
of their study [2, 7, 8, 13, 111, 160].

LTE is also key for designing adaptative and personalized systems (Section 4.3.4). Such data
allows for a deeper understanding of what longitudinal changes in an interaction maintain user
interest and satisfaction, ultimately improving the overall quality and impact of HRI experiences.
In our corpus, 24 studies discuss the effect of personalization alongside reported engagement
measures. These can be found in the Appendix. Finally, LTE can also be in itself a research aim for
a study, such as understanding when users drop off from using a robot regularly in the home.

Measurements of LTE can take many forms, and no single standard has emerged. Overall, the
choice of measure depends on the interaction being studied. We identify seven categories of LTE
measurement methods based on our corpus:

—Self-Reported : This method uses surveys to directly ask users about their levels of engagement
over time. Likert scales were often used with this approach, with participants rating questions
such as: “How often have you used the robot in the last period?” [27], “I think I would like to use
this system frequently” [87], and “I think I could spend a good time with [the robot]” [34]. Some
studies instead reported insights from a series of user interviews that asked qualitatively
about engagement with a robot. Overall, 28.9% (N = 13) [15, 22, 27, 34, 36, 53, 83, 86, 87, 89,
124, 140, 149] of studies measuring LTE used self-reported methods.

— Interaction Times: This method uses temporal measures of HRIs to gauge engagement in
the moment and compare these metrics over time. A common method was measuring the
duration of robot usage per usage instance, with longer durations as an indication of higher
engagement. For instance, Scassellati et al. [131] showed that children played with a robot for
a similar average amount of time during the first 5 sessions of use in comparison to the last
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five of 23 sessions. Another method was to measure the amount of additional time participants
chose to spend with the robot (e.g., [56]). Out of the studies measuring LTE, eight (17.8%)
measured it using an interaction time approach [23, 56, 91, 93, 97, 119, 131, 137].

—Annotations: This method was used on recordings of study sessions to hand annotate user
engagement labels during robotic interactions. Trends in the annotations were then compared
over time. For instance, Clabaugh et al. [21] annotated a video of children with ASD with
a social robot, basing engagement levels on whether the child was “paying full attention to
the interaction, immediately responding to the robot’s prompts, or seeking further guidance
or feedback from others in the room.” In total, 13.3% (# = 6; [21, 102, 112, 116, 148, 163]) of
studies measured LTE using annotations.

—Count-Based :Thismethod includes counting the number or rate of certain types of interactions,
such as games or activities, that the user performed with the robot over time. For example,
Kanda et al. [61] utilized wireless tags to identify individual children who used the robot, and
how often, in order to find patterns of drop-off. The dropout rate of users between two periods
of time can also be calculated from counts of robot versus control use. For example, Barco
et al. [8] used this method to show that a robot-supported rehabilitation program had less
user dropout than without a robot. A counting technique often used in consumer electronics
is reporting the daily active users of a device longitudinally. Zhao and McEwen [165] used
this method of reporting to find that the daily active users of a Luka robot for reading with
children dropped from 20 to 6 over the course of 180 days. Overall, 11.1% (# = 5; [8, 26, 61,
62, 160]) of studies measuring LTE used some count-based approach.

—Sensor-Based Modeling: A number of studies used vision or audio as inputs to machine learning
methods for predicting levels of engagement in real-time or post hoc. The most common
features used to predict engagement were affect or mood, body pose, vocal tone, and gaze.
These measures were then taken and compared over time. In total, 11.1% (# = 5; [38, 55, 116,
136, 164]) of studies measuring LTE primarily used this type of sensor-based approach.

—Behavioral Observation: In one study [94], researchers used their own live observations of
users to note a subjective interpretation of engagement. The authors noted patterns in how
children would proactively assist the robot when the robot did not appear to react correctly
to certain stimuli.

—Mixed : Seven studies (15.5%) [3, 10, 30, 54, 77, 130, 161] utilized a combination of the above
measures for LTE.

5 Discussion
The amount of research dedicated to conducting long-term studies has witnessed remarkable
growth, experiencing a significant increase from 26 published papers spanning the period between
2003 and 2013 to 94 papers over the past decade. This surge illustrates a growing interest in and
commitment to comprehending the ways in which robots interact with and impact users over
extended periods of time.

Our analysis revealed numerous promising trends over the past two decades. For instance,
our findings show a diverse representation of age groups in long-term studies, spanning from
toddlers to the elderly (however, we did notice a lack of representation of studies conducted with
teenagers, which is discussed in Section 5.1.1). Another positive trend is that the majority of the
studies we analyzed involved the robot operating entirely autonomously (75.8%) and in situ (85.8%),
mirroring the real-world environments and contexts in which they will need to function. Even
in lab-based studies (14.2%), the researchers often used simulated home or school environments
closely resembling the real deployment locations.This approach fosters more authentic interactions,
more likely eliciting responses from participants that closely resemble their behavior in real-world
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scenarios. Lastly, there was often a good match between the domain and the location. For example,
educational robots were frequently placed in schools, therapy robots were frequently based in
rehabilitation facilities, and eldercare robots were frequently placed in eldercare homes. While this
point may seem trivial, the amount of effort to place robots in such locations is not.

Moving forward, our discussion will delve into the gaps and opportunities for long-term HRI
study based on how it has evolved over the past two decades. We additionally present several
design recommendations for researchers planning to conduct their own long-term social robotic
studies.

5.1 Gaps and Opportunities in Long-Term HRI Study
From this review, we have identified several gaps in the literature, whether pertaining to overlooked
populations or understudied domains. We detail several opportunities for future HRI research below.

5.1.1 Teenaged Participants. Our analysis only identified two long-term HRI papers (1.7% of
our corpus) that focused their study on teenagers (those aged between 13 and 17). The first study
focused on teenagers with autism and severe developmental disabilities. It analyzed the impact
of a robot on their communication skills in secondary school and showed the potential for robots
to improve communication [138]. The second paper also focused on teenagers with autism, and
the authors found a link between the teenagers’ sensory profile and their capabilities to imitate a
robot [20].

Considering the very low number of studies focusing on long-term robots for teenagers, we
highlight this as an open area of research. Furthermore, we have not identified any papers that
have analyzed how neurotypical teenagers engage with a robot in the long run. There are many
open questions to explore with this population, such as how teenagers engage with robots in their
homes with family around, or how teenagers may share their experiences interacting with robots
with their peers and friends. We especially highlight the areas of how a robot can have an impact
on a teenager’s education, given the many studies that show benefits for younger children in the
education domain. Education is generally a crucial topic in a teenager’s life, as they are deciding
whether and what future educational opportunities to pursue. Additionally, we point out mental
health for teenagers as a critical area of exploration. The World Health Organization has identified
one in seven teenagers (between 10 and 19) as having a mental health disorder [105]. Given the
positive effects robots have had on mental health with other ages, we believe it is important also to
investigate how robots can help this population longitudinally.

Another question is whether teenagers will adopt robotic technologies in a similar manner to
other populations. Teenagers have been shown to have different relationships with technology
compared to other users [64], and their technology usage is often strongly influenced by their
peers [46, 132]. Furthermore, they are usually amongst the first adopters of new technology [74].
Therefore, it’s crucial to study how teenagers interact with robots in the long term, especially
to understand the novelty effect in this population and how it may fade in comparison to other
age groups.

5.1.2 Exploration of the Workplace Location and Domain. A second area we have identified as
needing further exploration is the long-term deployment of robots inworkplace settings, particularly
focusing on office or business environments (rather than schools or hospitals, as explained in
Section 3). With this categorization, we identified only four papers where robots were tested for
extended periods in workplaces. The first was an experiment in which a robot acted as an assistant
in a collaborative workspace, helping workers with routine day-to-day tasks [154]. The second
paper compared different types of robots as they coached employees on mental health, specifically
in the workplace [144]. The third paper investigated robots that provided break management at
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desks [124]. Lastly, the fourth paper explored the social aspects of a fetch-and-carry robot designed
to assist motion-impaired users in an office environment [135].

Despite the limited amount of prior research in workplace environments, most individuals spend
a significant portion of their lives at work, dedicating approximately 40 hours or more per week to
it. Therefore, we believe it is important to study how robots can assist and interact with us in the
workplace. Many open questions remain about how robots might impact work environments—Will
they be accepted and incorporated organically by employers and employees? Will robots increase
or decrease productivity? How will they affect the well-being of employees?

In addition to office-like environments, another common workplace is the industrial and fac-
tory setting. While numerous studies have explored collaborative and manufacturing robots in
short-term, single-session investigations, we have not uncovered any comprehensive, long-term
examinations within this specific sub-domain. Manufacturing accounts for a significant portion
of jobs; for example, around 8% of the UK population works in this sector [104]. Moreover, many
robots are already deployed in manufacturing settings, and their numbers continue to grow [118].
Important HRI questions in manufacturing include whether robots will be accepted by workers
in the long run, especially given concerns about job displacement [25], and how these robots can
develop effective working relationships with their users.

Lastly, future investigations should account for the wide variety of workplaces not yet studied,
including restaurant kitchens, service industry environments, building sites, and more. How can
robots benefit each of these places in the long run? While students and patients have been well-
studied as participants, considering the perspectives of teachers and staff in schools, as well as
doctors, nurses, and staff in hospitals and care homes, can provide a more holistic view of social
robots in the workplace. Given the potential for robots to assist workers regarding workplace mental
health [144], productivity [154], and healthy work practices [124], we as a field must continue to
investigate how robots can support users in a variety of real-world workplace settings.

5.1.3 Standardization of Measures and Metrics Related to Long-Term Study. During our analysis
of the papers in this review, we frequently noted the use of common HRI surveys, such as the
Godspeed [9] (to measure participant perceptions of robots), the RoSAS [16] (to measure participant
judgments of the social attributes of robots), and the NARS questionnaires [100] (to measure
participant negative attitudes towards robots).These standardized surveys have been extraordinarily
useful in providing researchers with common ground to compare results across different robot,
participant, and interaction types. These same surveys are also frequently used repeatedly during a
longitudinal study; however, they have not been validated specifically as repeated measures. The
Godspeed questionnaire, for instance, was initially conceived to help developers choose different
robot features or configurations during the design phase. The authors themselves note that human
perception is “not stable” [9], and results are likely to change as humans are more accustomed to a
robot. The recent proliferation of long-term HRI studies now begs the question: Is there a need for
a new, updated measurement system specifically for more longitudinal HRI?

Thus, our final suggested future opportunity is in the exploration of standardized measurement
tools for long-term HRI. We posit that current tools are limited in their ability to capture the
uniqueness of how a human–robot relationship evolves and endures over time, as well as the
pervasiveness of the novelty effect and maintaining LTE. During our analysis, we did not find
a questionnaire or measurement tool that covered such topics in a standardized way. Updating
existing standard surveys like Godspeed, RoSAS, and NARS to cover these critical long-term HRI
inquiries is one avenue for future research. Alternatively, future work can validate these commonly
used questionnaires for repeated use and show that they remain applicable over time.
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Another avenue is diving deeper into a specific type of long-term quality, such as standardizing
the way researchers consider the novelty effect to have “worn off” or how to measure LTE. For
the studies in our corpus that measured the latter (Section 4.4.4), the methods were widely varied
across observation, survey, and sensor-based techniques. While it is likely that unique research
goals, participant types, locations, and domains influence the type of LTE measurement, attempts to
standardize or create common ground across studies of similar types are well worthwhile. As more
HRI studies continue to be long-term in their nature, having standardized bases for comparison
will better enable future researchers to develop new, longitudinal robotic interactions.

5.2 Study and Design Recommendations
In this section, we provide several design recommendations for those planning on conducting a
long-term HRI study. These recommendations come from both the analyzed data in our corpus and
the experience of the authors’ reading of the corpus.

5.2.1 Choice of Study Length, Participant Count, and Data Type. For researchers embarking
on a long-term HRI study, the choice of just how long to run a study is an important one, with
implications on timing, funding, recruiting, and technical complexity. In a meta-analysis, we found
that this choice is frequently tied to the number of participants in a study as well as the type of
data being collected (quantitative or qualitative).

Figure 8 shows four primary categories, as determined by observation. Group I encompasses
session-based studies with fewer than 10 sessions and fewer than 20 participants (# = 35 studies;
40.7%). These studies may be motivated by a blend of practical considerations. Here, resource
limitations or the inherent complexity of sustained HRI interactions could steer researchers toward
concise study durations and small participant pools. Group II features studies with 10 or more
sessions but fewer than 20 participants (# = 14 studies; 16.3%). Such studies may aim to balance
depth with sample size, with researchers prioritizing statistical power or striving for diverse
participant representation. In the third category, characterized by studies with fewer than 10
sessions and 20 or more participants (# = 29 studies; 33.7%), researchers may seek to gather
insights from diverse participants despite the study’s comparative brevity. Lastly, the smallest
cluster comprises studies with both 10 or more sessions and 20 or more participants (# = 8 studies;
[6, 51, 59, 72, 96, 106, 125, 165]). A high number of participants for a long amount of time is ideal
from a research perspective, but a practical and logistical challenge. In this group, researchers may
be driven by a desire for comprehensive exploration within a more specialized context.

We present these categories not to provide a formal classification system but instead to encourage
researchers to reflect on which relative category they strive to be in with their work. In pursuit
of the occasionally elusive question, how long should my study be? researchers can consider their
participants and measure types in tandem. A qualitative study with a handful of users may require
longer study times in order to provide actionable insights. A quantitative study pursuing statistical
significance may require a large sample size that logistically necessitates a shorter study length.
Researchers are encouraged to use our corpus as a guide for how these choices have been made for
their domain, location, and participant type in the past.

5.2.2 Including Novel Behaviors and Personalization. As discussed in Section 4.3.4, robots that
exhibit diverse and varied behaviors tend to engage their users more effectively compared to those
displaying repetitive patterns. One particularly effective approach to achieving such adaptation
is by personalizing the robot’s behavior to suit the individual user it interacts with [10, 116]. By
creating a model of the user’s preferences and needs, the robot can adapt and select the most
appropriate behavior for that specific user. Prior work has shown that robots that personalize their
behavior increase learning gains [84], engagement, and rapport [75].
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Fig. 8. Distribution of session-based studies by sessions and sample size. Four primary categories emerge:
studies with < 10 sessions and < 20 participants (Group I, lower left, purple), studies with ≥ 10 sessions and
< 20 participants (Group II, lower right, green), studies with < 10 sessions and ≥ 20 participants (Group III,
upper left, blue), and studies with ≥ 10 sessions and ≥ 20 participants (Group IV, upper right red). Four studies
[52, 60, 107, 139] were considered outliers and are excluded from this plot for clarity.

Our analysis reveals that a minority of our analyzed studies (39.2%) either have the robot adapt
or personalize throughout the interaction, though this trend is increasing. We strongly encourage
future researchers to continue incorporating adaptation and personalization mechanisms into their
robotic systems where appropriate, as these aspects can be fundamental to ensuring long-term user
acceptance and usage. Numerous approaches exist to introduce adaptation in long-term systems.
For instance, some studies have successfully implemented a continuous backstory for the robot,
carrying over from one session to another [131]. Others have enabled robots to advance and acquire
more complex skills over time [18], while some have integrated multiple activities to switch between
[75]. There are also different ways to achieve personalization: recording participant details such
as names for use in subsequent sessions [86], modeling the user’s skills to personalize tutoring
[31], taking into account what activity the user is currently engaged with [30], learning the user’s
preferences [32], and so on.

We encourage researchers to use this review to find prior long-term studies for their domain,
population, and interaction type as inspiration for methods of adaptation and personalization.
Additional reviews specifically on adaptive and personalized interactions and technical methods in
HRI include Gasteiger et al. [41], Ahmad et al. [4], and Hellou et al. [50]. At the same time, there
is an open opportunity to define new methods, particularly given new technological advances in
artificial intelligence. What is most successful is likely dependent on the interaction context at
hand. For instance, personalizing and adapting a robot used with many different participants in the
same setting, such as a school, may provide a challenge based on identifying the correct user. Group
interactions may provide challenges where a certain personalization technique is acceptable with a
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user within a certain sub-group, but not when there are other group members are around. Working
with the Physical Health domain may be a challenge if users have widely differing physical abilities
to interact with a robot. Personalizing a non-verbal Paro robot with limited features is likely more
challenging to personalize than a robot like NAO, which has many different outputs to customize.
In these ways, there is no one-size-fits-all approach to personalize and adapt robotic behaviors, and
the considerations are many. We encourage researchers to identify in their work what parts of their
personalization and adaptation techniques may be transferrable to other settings, participants, and
domains, and which are unique to their own set of study.

5.2.3 Report Full Data. Many of the papers that were part of this analysis had missing informa-
tion or statistics describing the long-term nature of robotic interactions. For session-based studies,
the most common missing details that we identified in our review were the number of sessions, the
session length, and the total amount of time the user interacted on average with the robot. These
details are essential for the HRI community to understand the effects of long-term interaction and
how engagement and novelty interact with the number of sessions and time spent with the robot.
We were able to estimate some of the missing information, such as the average number of minutes
spent with the robot, for the purpose of this review. Nonetheless, it is important for future work to
provide accurate numbers for each of their studies in their papers.

Of note, several of the studies we examined were categorized as free-use, allowing users the
autonomy to determine when and how they engage with the robot. These insightful studies shed
light on the natural interactions people have with robots in their homes and schools without the
many constraints usually present in more traditional HRI studies.They are particularly instrumental
in helping us comprehend the demographics of users who engage with the robot and in discerning
the specific contexts in which these interactions occur. Furthermore, these studies enable us to
discern emerging patterns in the decline of engagement with these systems over time. While most
free-use papers provided data on the robot’s duration in users’ homes, we frequently noticed a lack
of details regarding how often or long the robot was used per day, which users or family members it
interacted with, and which times of the day and situations the robot was most used. We encourage
future researchers in this area to capture this valuable information in their studies.

One particular aspect that was very rarely reported was whether participants were offered
compensation for participating in the study. This is especially relevant for longer-term studies
investigating the long-term use of robots and user engagement or compliance. While some par-
ticipants could be motivated to complete all sessions or interactions because they are enjoying the
robot and are engaged, others could be completing the sessions only as a prerequisite for study
compensation or due to not wanting to disappoint the research team. We suggest all long-term
papers clearly define the incentivization methods during their study so readers can fully evaluate the
reasons why participants engaged with the robot and whether there were any confounding factors.

5.3 Limitations
There are several limitations to our review. Despite a rigorous search methodology, there will
ultimately be several papers that we have missed. We did not extensively search through the
proceedings of more traditional robotic conferences, or general human-computer interaction and
technological methods venues, and instead focused on HRI conferences and journals. A second
limitation is that we excluded papers that did not interact with the same user throughout the duration
of the study, such as robots deployed in a museum. However, there is also value in analyzing how
robots are designed to interact with many unique users over multiple weeks or months. A third
limitation is that we focus on the primary characteristics of each paper, leading to potentially
abstracting away the nuances of papers investigating multiple populations, multiple domains, or
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with multiple phases in their study investigating different temporal aspects. A final limitation is
that we had to estimate values for several papers, such as the number of days for the interaction
and the average lengths of the interaction. These estimations could be a misrepresentation of the
original study.

6 Conclusions
There has been a significant increase in the number of studies analyzing long-term social robotic
interactions in the past two decades. In this review, we report on studies in which a robot socially
interacted with a user for at least 3 sessions spread across 3 days. Our search led to a corpus of 120
studies that align with our inclusion criteria since 2003. For each of these studies, we extracted and
categorized several factors, including how long users interacted with the robot, the domain of the
study, the location where the study took place, the number and types of participants, the level of
autonomy of the robot, interaction modality, and the type of measures and results in the study.

Our analysis shows that there has been a steady increase in papers published in the area of
long-term HRI with social robots. More specifically, we see a significant increase in the number
of papers published in the past decade compared to the prior decade. We highlight that there has
been good variability in age groups, domains, and locations. Most studies were also conducted
in situ, and most used a fully autonomous robot.

We identified several gaps in the corpus of data, which we present as opportunities for future
work. The first opportunity we identify is regarding teenagers. Very few studies have conducted
long-term social robotic interactions with teenagers, despite this population interacting and adopt-
ing new technology in unique ways. The second identified opportunity regards the workplace.
Very few studies have been conducted in workplace environments, despite most people spending
a great proportion of their time at work. Our final opportunity centers around the development
of standardized questionnaires or metrics specifically tailored for long-term HRI scenarios. Most
current questionnaires focus on single-session studies and may be inappropriate for use over
repeated interactions. We close with a number of recommendations for researchers designing
long-term HRI studies based on patterns seen in our corpus, including surrounding study duration,
interaction adaptation, and data reporting.

In the ever-evolving landscape of social robotics, the examination of long-term HRI has taken
center stage. By sharing the insights and design recommendations in this review, we aspire to
propel long-term HRI research forward more efficiently and facilitate more profound investigations
into the dynamics of extended HRI. We hope the knowledge from these studies will serve as a
compass for more meaningful, effective, and sustainable human–robot relationships.
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