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Abstract

Socially assistive robots are envisioned to be deployed in unstructured
environments among humans for a variety of applications such as health-
related behavior change interventions. A critical property that such robots
should have is the ability to adapt to their users' behaviors and needs.
To enable practically applicable user adaptation, an e cient approach to
learn useful representations of human behaviors and routines is necessary.
Building on a case study of opportunistic interventions in a health-related
decision-making task, the work presented in this manuscript demonstrates
how a mobile home robot can be useful in delivering in-situ health inter-
ventions and what some of the challenges entailing real-world deployment
of such systems are. Following ndings and observations from two user
studies, this manuscript presents a solution based on human routine be-
havior modeling that is designed to be generalizable to a variety of di er-
ent task domains by leveraging spatiotemporal context for opportunistic
human-robot engagement. Using a probabilistic model based on Gaus-
sian processes, the proposed work attempts to functionalize this solution
in an automated system that actively tracks, models, and predicts routine
movement patterns and object interactions of individuals in an unstruc-
tured environment with the goal of making it practically possible to make
sure that an assistive robot can be in the right place at the right time in
a novel user's environment using minimal amount of data.



1 Introduction

Machines are coming into our lives in a variety of forms, including voice agents
[60, 58, 83], screen agents [6, 78], chatbots [84, 91], social robots [107, 125],
collaborative industrial robots [61], and commercial robots [62, 59], ful lling
the roles of personal assistants, workmates, and even sports coaches [137, 34,
119]. Among possibly the most sought-after variety in this scope of machines
are Socially Assistive Robots (SAR, [35]), which are envisioned as interactive
companions rather than mere assistants. SARs have the potential to be deployed
in dwelling environments to support humans in a variety of tasks, and this thesis
investigates facilitation of SARs in health behavior change and habit formation.

Arguably the most prominent utility a SAR o ers is the potential to proac-
tively engage with humans at the time and place an intervention opportunity
emerges. Facilitated by the robot's mobility and strengthened by proxemics and
facial and deictic gestures, engaging with humans in theisocial zonehas been
shown to be more e ective in persuading humans toward behavior change com-
pared to stationary platforms [123, 124]. Such interactions{referred to aoppor-
tunistic interventions henceforth{are highly valuable as they can assist healthy
habit formations, which requires making contextual connections between be-
haviors and external stimuli [37, 79]. However, cues such as preprogrammed
reminders from a mobile phone application do not necessarily facilitate these
connections since habitual context is highly dependent orenvironmental cues
such as time of day, the physical environment the human is in, and leading
and/or preceding activities [144, 113, 3]. In this sense, it can be argued that
a proactive SAR with some ability to retain contextual connections between
environmental cues and its user's behaviors, can help reform or re ne the user's
habitual behaviors. Moreover, by highlighting new or better contextual connec-
tions in the correct time and place a target behavior is about to be employed
by the user, such a robot can help create new habits by serving the role of a
mediator between the user and their environment. This requires a SAR to be
aware of at least a subset of necessary cues within theontext spacewhich trig-
ger the target behaviors for the user, and able to situate itself within this space
for e ective reformation of stimulus control [99].

One major obstacle in the way of achieving e ective opportunistic interven-
tions using SARs, and the initial inspiration and motivation behind the work
presented in this manuscript, is these platforms' lack of su cient agility in nav-
igation and locomotion. As an example, it takes about one minute for a Pepper
robot (Figure 1, [107]) to navigate autonomously into the social zone ([45]) of
a human three meters away{a task which can be completed in a matter of a
couple seconds by a human. This is due to practical issues such as the environ-
ment being unstructured and prone to changes, the mapping and localization
being imperfect and prone to errors, and other limiting factors due to safety con-
straints. Such a delay means that by the time the SAR makes it to the human,
the opportunity window of contextual coherence to deliver an in-place interven-
tion regarding the human's activity is likely missed. Thus, in order for a SAR
to be able to locate itself within this window, it either needs to inherit human-



level locomotion agility, which the state-of-the-art social robots do not o er yet;
or inherit prediction capabilities so that it can position itself preemptively and
wait for this window to form around itself. Such a predictive robot can, for
example, predict a human is going to take an action that it wants to intervene
in (e.g., unhealthy snacking in a relatively distant future (e.g., ve minutes
into starting watching TV ), and preemptively position itself in a contextually
coherent position (e.g., kitchen) to cue for behavior change (e.g.,recommend
apples instead of chipywhen the human eventually enters the opportunity win-
dow (e.g., enter the kitchen to grab snacks ve minutes after starting watching
TV ). Notice here that the desiderata for such a robot quickly extends beyond
the ability to compensate for its inferior agility, and starts entailing the ability
to untangle underlying structures of human activity chains e ectively.

Beyond the technical shortcomings due to locomotion and navigation, which
are likely to become much less limiting in the near future, proactivity{the abil-
ity to take actions without receiving explicit commands{itself is an integral
component of uent human-robot interactions (HRI). Human domestic part-
ners create and retain mental models for causal chains governing their partners'
actions, habits, and routines. Using these models, humans can make predic-
tions and assumptions regarding current or future actions of their partners and
shape their own actions accordingly [130, 70]. This level of understanding signif-
icantly reduces the cognitive labor due to repeated communication of otherwise
redundant information, and (usually) enables a highly harmonious interaction
between partners and is foundational for a uent relationship. Similar proac-
tive abilities have been shown to be preferred over repeatedly giving explicit
commands to robots in human-robot interactions as well [43, 44, 92, 96].

The state-of-the-art and future directions in robotics as well as the knowledge
base in social sciences raise several interesting research questions and technical
challenges for the future SARs. The work presented in this thesis aims to address
some of these questions and challenges by focusing on just-in-time health inter-
ventions using SARs: Primarily the problem of predicting human activities with
the goal of enabling opportunistic interventions through proactive engagement
and providing context-sensitive advice at the time and place a human makes
a health-related decision. To functionalize such a proactive robot, a model of
causal human routine behaviors is necessary and likely su cient. Considering
that the context space for each human incorporates a high variability due to dif-
ferences in the environments, behavioral routines, and intervention goals, this
modeling problem is e ectively a user-adaptation problem, which is yet another
open challenge in the literature. Solution attempts to such modeling and adap-
tation problem leverage deep networks, which are extremely data hungry and
unlikely to be useful using a single person's data in a feasible amount of training
time. Some other approaches leverage underlying dynamics of the system (such
as of a car) in predicting behavioral (driving) trajectories. However, the dynam-
ics of a human is not solely governed by physical constraints but also driven by
the intentional stance [30], which is non-trivial to formulate. Even if such mod-
els were available, state-of-the-art trajectory prediction algorithms typically can
only predict up to several seconds, which is insu cient to compensate for the



agility mismatch between a robot and a human in an unstructured environment.
Such short prediction horizons are also not su cient for longitudinal prediction
requirements of human-robot co-habitation.

Taking dietary interventions of a hypothetical home robot as an initial case
study for deploying SARs in real-life amongst humans with the overarching
goal of enabling e ective human behavior modeling for a variety of tasks and
task domains, the work proposed in this thesis aims to address the following
questions:

Spatiotemporal Causality: What kind of a (probabilistic) model can
retain su cient spatiotemporal information and provide continuous-time
causal models for uent human-robot interaction?

Proactivity: ~ How can such a model be useful in mitigating the shortcom-
ings of a SAR in an unstructured environment by acting pre-emptively?

" Adaptability: What kind of model can be useful within a practically
reasonable amount of time and data requirements for individuals with
presumably signi cant di erences between their behavioral routines and
environments?

Generalizability: ~ Can such a model be practically and e ectively gen-
eralized to di erent task domains?

To address these questions, a modular opportunistic intervention framework
and a Gaussian process-based behavior modeling approach are proposed and
discussed towards the end of this manuscript. Moreover, demonstrations of the
utility of the proposed approach are provided through ndings from a human
subjects study along with a discussion of possible shortcomings of the approach
and their possible solutions.

2 Related work
2.1 Behavior Modeling

Interactive intelligent machines are becoming widespread and have been taking
on variety of tasks in di erent forms such as social robots, collaborative robots,
virtual wellness coaches, chatbots, voice assistants, robotic vacuum cleaners,
targeted advertisement systems, and content recommendation engines. Even
though being inarguably distinct in nature, all of these machines are envisioned
to be capable of tackling task variations on di erent levels. These include, but
are not limited to, variations in individual user preferences as well as popula-
tion preferences. Such variations necessitatadaptive machines through scalable
and generalizable algorithms. In a human-centered computing perspective, this
challenge is typically approached by nding meaningful and hopefully reusable
representations of human behavior, and tying them together as causal chains
of events to create models of human behavior, which can then be utilized to



classify, predict, or simulate human activities [136]. The most common of these
approaches make use of parametric and non-parametric models, probabilistic
methods, dynamics, machine learning, mathematical models of neurological pro-
cesses and psychology; and span a wide range of applications such as depression
detection from biosignal trajectories and robot learning from demonstrations.

Zhang et al. [144] used computational behavioral models of habit forming
and habit strength in a real-world user study focusing on behavior change sup-
port systems, investigating dental hygiene as a case study. Using the data col-
lected from sensors attached to participants' toothbrushes, they have shown that
theory-based mathematical models of habit formation can explain and predict
habit strength and health behavior change better than self-reported measures
collected from the participants. In another study, Klein et al. [75] have studied
computational models of habitual behavior leveraging neurology literature and
proposed a formalism based on Temporal Trace Language to model habitual
behavior change mechanisms. They validated their model through simulations
generated by their model. In [2], Baker et al. have shown how Bayesian models
can be used to reproduce reasoning and prediction patterns from developmental
psychology andintentional stance ([30]) perspectives. Through a human sub-
jects experiment on a \sprite world" domain, they have shown that such models
can successfully model observed human intentional reasoning behavior.

Earlier work by Magnusson [86] introduced a de nition of temporal patterns{
T-patterns {which represent behavioral patterns in time series data, and further,
proposed an algorithm for these patterns' detection. Building on this framework,
Brdiczka et al. [10] demonstrated how T-patterns can be leveraged to model
routine behaviors of o ce workers. Wang et al. [133] proposed an extension to
Topic Models, transforming them from a bag-of-wordsapproach to n-grams to
have contextually coherent clusters of topics in language modeling. Their work
inspired further behavior modeling work such as [56]. In this study, Huynh et al.
leveraged Topic models to automatically extract activity patterns that model
routine behaviors in a generalizable way. Using data from wearable sensors, they
modeled daily routine behaviors of elderly in home settings and o ce workers
in their work environment. They have shown that such an approach can be
used to represent routines as combinations of activity patterns, and can still be
useful without annotated data.

There are several studies in the recent literature that leveraged a frame-
work of Bayesian networks, Inverse Reinforcement Learning (IRL, [102]), and
Maximum Causal Entropy algorithm ([147, 145]) to learn and model human
behavior. Banovic et al. [3] used this framework to capture causal relationships
that de ne humans' routine behavior. They used existing activity prediction
algorithms and proposed an extension to these that o er a more generalizable
framework for causal routine prediction. They tested their approach on model-
ing the di erences and predicting the behavior of aggressive and non-aggressive
drivers. Ziebart et al. [146] used IRL to model driver behavior on public roads,
and have shown how such a model can be used to predict human behavior in
a causal manner. In [104], Reddy et al. have shown how this framework can
be used to learn and re ne beliefs of users' understanding of their environment.



They used a navigation task in a grid world domain and the Lunar Lander game
([23]) to show that their approach can successfully model user beliefs, and pro-
vide user-adapted corrective signals to improve their performance in the game
signi cantly. In a recent study, Hossain et al. [54] used a similar IRL frame-
work to infer if a certain dataset is su ciently large to model certain human
behavior. They have demonstrated the functionality of their approach in a case
study using data from people with Multiple Sclerosis.

Parametric models, i.e., models that attempt to represent and generalize
observed data with a (small) set of parameters, have been in the literature for a
long while. In their work [51], Helbing and Molrar have shown how pedestrian
trajectories can be modeled and predicted with great accuracy using their Social
Force Model. Further, building on the seminal work of Kalman and Bucy [68]
to improve the capabilities of Hidden Markov Models (HMMs) in characterizing
human behavior, Pentland and Liu [97] proposed a method to combine a (para-
metric) dynamics model with a (stochastic) Markov Chain to model and predict
human behavior. They tested their approach in predicting driver trajectories
a few seconds into the future from their preparatory actions. In a more recent
work, Wiest et al. [134] leveraged Chebyshev polynomials to reduce state-space
complexity and predict driver trajectories through probabilistic inference us-
ing Gaussian Mixture Models (GMMs). They used past trajectory snippets
to predict the driver trajectory a few seconds into the future, and discussed
how such models can be useful for improving driver assistance systems to im-
prove tra c safety. More recently, Deng and Se ker [29] used layered HMMs to
model and predict driver lane-change behavior, and used a genetic sorting algo-
rithm to nd optimal model parameters. They have shown that this approach
outperformed other baseline machine learning methods such as arti cial neural
networks and support vector machines. Drawing on the observation that most
context-sensitive information to model human behavior is in the form of time
series data (e.g., trajectories, biosignals) and most probabilistic models work
on discrete data, Bobu et al. [7] revisited discrete probabilistic models to make
them better applicable to continuous domains. Building on the literature in
Boltzmann noisily-rational decision models and Luce's choice axiom ([85]), they
proposed a method to cluster time series trajectories and formulations to have
these clusters inform probabilistic models. They show that their representation
outperforms conventional models in modeling observed human behavior in two
human subjects studies.

Emphasizing the shortcomings of parametric modeling such as their in ex-
ibility to data variations and laborious parameter estimation, Sun et al. [118]
proposed a non-parametric Bayesian method to discover routine human behav-
iors which is based on Dirichlet Process Gaussian Mixture Models and Hierar-
chical Dirichlet Processes. As case studies to show that their approach outper-
forms a more conventional parametric method, they made use of a daily human
activity dataset that incorporates atomic and composite actions as well as wear-
able sensor readings (e.g., accelerometer), and a transportation mode dataset
which incorporates longitudinal position trajectories which are annotated with
the associated transportation methods the participants used. Ellis et al. [32]



proposed a non-parametric long-term trajectory prediction method based on
Gaussian process regression. Using their clustering algorithm on surveillance
camera footage, they successfully created models of pedestrian trajectories in
public settings, and highlighted the scalability issues non-parametric methods
are likely to su er. There is a large body of literature on human trajectory pre-
diction some of which is summarized by Rudenko et al. in their survey paper
[109] covering both parametric and non-parametric approaches.

In their recent work, Xu et al. [142] drew attention to generalization dif-
culties in human behavior modeling research which stem from variations in
data both within- and across-population. They propose a clustering and a sam-
pling algorithm in an attempt to tackle the challenge of generalization across
datasets. They verify their approach in comparison with several other methods
from prior work using a 4-year-worth longitudinal passive dataset they collected
using mobile devices and wearables to detect depression. They publish the al-
gorithms they developed as well as the baseline algorithms on a benchmarking
platform for other researchers to make use of. In their earlier work [141], Xu et
al. have shown how human routine behaviors could be extracted from passive
multi-modal sensor data such as nearby Bluetooth devices, location, charging
state etc. and this data could be used for depression detection using Associa-
tion Rule Mining method. In their work [98], Pierson et al. also made use of
a clustering-based method and proposed Cyclic HMMs to featurize cycles, rec-
ognize feature variability in cycles, and cluster similar groups with the goal of
tracking menstrual cycles. They have shown that their method is robust against
missing data and their model can extract new (health-related) information, even
when the speci ¢ information was not explicitly collected from the donors.

Other example use cases from human behavior modeling can be found in
commerce. In their work, Yanchenko et al. [143] demonstrated how targeted
discounts and modeling customer behavior can be leveraged to optimize prot
in a scalable way. Using Bayesian Dynamic Mixture Models, they model the
purchasing trends based on the spending characteristics of di erent household
groups at the individual buyer and also individual item level to do forecasting.
In another work to improve service quality, Kanda et al. [69] used a cluster-
ing algorithm to classify individuals around a shop, and predict their motions
a few seconds into the future to decide whether they are potential customers
or passerby. Deploying their algorithm on a mobile humanoid robot, they ap-
proached and invited the potential customers into their shop, and showed that
with this anticipatory behavior, they were able to increase the services they
have provided with the robot. Focusing on building automation systems in res-
idences, Bruckner and Velik [15] used HMMs and data collected from proximity
sensors placed in an o ce environment to model routine activities within the
o ce. They have shown how unannotated data can still bear useful represen-
tations of routine data in such environments. In their work [63], Jahanmahin
et al. surveyed the literature on human behavior modeling for human-robot
interactive manufacturing.

Observing the di culty of collecting real-life behavioral data, especially from
dwelling environments, some studies in the literature focused on synthesizing be-
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havioral data by using generative behavioral models. Puig et al. [101], collected
a dataset of household activities from participants through Amazon Mechanical
Turk. The participants composed the prompted activities using a user-friendly
drag-and-drop programming interface with atomic actions. Using these atomic
action sequences, video sequences, and language descriptions with a variety of
machine learning techniques, they generate a \program" that encapsulates the
relations between these modalities and nal activities. They also developed a
home simulation environment, animated atomic behaviors, and deployed this
program on this simulation environment to successfully synthesize household
behaviors from prompts. Idrees et al. [57] proposed a framework for daily
human activity simulation to help generate data for research and development
of product testing for home robots (e.g., Amazon Astro). They used behav-
ioral data from three publicly available household activity datasets, and applied
their data augmentation algorithm, which is constraint- and heuristic-based, to
add variations and noise to the readily available activity schedules. They show
that the generated schedules are similar to the schedules in the training set
using a distance metric. Elbayoudi et al. [31] focused similarly on household
data scarcity, and proposed an algorithm to synthesize daily routine behaviors
of older adults. Their training data was composed of timestamps, occupancy,
and movement activities within the house. Using HMMs and Direct Simula-
tion Monte Carlo methods, they have shown that their simulator can generate
behavior similar to the data in the training set.

This body of literature draws attention to the signi cance of human behav-
ior modeling in a vast pool of application areas such as behavior change, elderly
care, driver assistance systems, and commercial market. The studies show prob-
abilistic models, machine learning, system dynamics, and formalisms on routine
and/or habitual behavior can be e ective tools for approaching this modeling
task. The primary open challenges in behavior modeling literature entail the
di culties around generalization of the proposed models and personalization of
the modeled behavior due to data scarcity. Majority of the studies in the eld
rely on domain-speci c information, datasets, and heuristics, which restricts the
applicability of the approaches and, thus, their generalizability. The trajectory
prediction methods typically can only predict up to a few seconds into the future,
or they rely on clustering tools which require further domain-speci ¢ informa-
tion. The work proposed in this manuscript primarily aims to address these
shortcomings of the models in the literature regarding generalization and per-
sonalization, and o er a method that does not rely on domain-speci ¢ heuristics
to achieve long-horizon behavior prediction.

2.2 Persuasive Robotics

Persuasion, in relation to persuasive computing, is de ned by Fogg [36] as \an
attempt to shape, reinforce, or change behaviors, feelings, or thoughts about
an issue, object, or action." Persuasiveness has been shown to be an important
social process that facilitates social in uence, cooperation, and attitude changes
[103, 148]. Persuasive robotics requires an understanding of how persuasion in
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human-human interactions translates to human-robot interactions [11]. There

is now a large body of literature on persuasive computing [36] in general and
persuasive robotics [115] in particular. Several studies in the literature have
investigated verbal and nonverbal strategies that robots can use to persuade
users.

Leveraging the Elaboration Likelihood Model (ELM) [19, 94], an established
model of persuasion in human-human interaction, Winkle et al. [138] evaluated
the strategies of goodwill, similarity, and credibility on health behavior com-
pliance, in having participants perform a simple wrist rotation exercise. This
study also explored the use of the expert strategy from the credibility peripheral
cue of the ELM, which establishes the persuader (in this case the robot) as an
authority on the subject matter for which persuasion is required.

Ham et al. [47, 46] studied robot persuasion to improve attitudes toward
energy conservation. They found that social feedback was better than factual
feedback and negative feedback was better than positive feedback to elicit be-
havior change. By using negative feedback and robot proxemics, they were able
to create a sense of urgency and persuade users to take remedial action.

Rincon et al. [106] designed a social robofEmIR, for assisting older adults in
their daily activities. The authors used three argumentation strategies, namely
analogy, popular practice, and expert opinion, to persuade users to do activities
using a framework proposed by Costa et al. [27]. This framework leveraged
users' interests and preferences to generate tailored persuasive strategies, which
enabled the EmIR robot to use proxemics to persuade older adults to engage in
activities that they might not have considered otherwise.

Ghazali et al. [39] demonstrated that apparent gender congruence between
user and robot may lead to persuasion, but not necessarily improve the trust
between them. On the other hand, Siegel and Breazeal [115] showed that male
users were more likely to donate money to a female robot compared to a male
robot, while female users demonstrated no preference. They have also shown
that participants found robots of the opposite sex more credible, trustworthy,
and engaging.

Hashemian et al. [49] explored social power and persuasion in HRI. Two
humanoid robots each of whom employed a di erent social power strategy to
encourage participants to pick one of three di erent co ee packs. One robot used
a reward strategy and the other established itself as a co ee expert to do so.
Both approaches were found to be equally persuasive. They also demonstrated
that the relationship between social power and persuasion is not linear and that
repeated persuasion attempts do not decay the perceived value of the rewards
when rewards are used as the social power strategy [48].

Herse et al. [53] explored how dierent embodiment types in uence per-
suasion in recommendation systems. Through a vignette study, they compared
persuasion across two recommendation statements: one related to the atmo-
sphere and one about the sta ; and three hypothetical embodiment types: hu-
man, robot, and information kiosk, which aimed to persuade the participants
to choose one of two restaurant options. They found that using a human em-
bodiment for recommendation is better than using a robot or information kiosk.
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However, this nding was only signi cant in the case of one statement which
spoke about the good atmosphere at the restaurant. They also used cartoon
icons to depict each embodiment which may have a ected the participants' per-
ception of the recommender.

One study by Ju and Sirkin [67] explored the use of a waving robotic hand
as a mechanism for attracting the attention of people passing by a public kiosk.
The study found that the physicality of the robot was a powerful tool for per-
suasion, as the waving hand was more e ective in engaging participants with the
kiosk than an animated hand on a display. This demonstrates the potential of
proxemics as a powerful mode of persuasion in public spaces, where robots can
use physical gestures to draw people's attention and engage them in interaction.

Another study by Chidambaram et al. [23] explored how manipulations in
a robot's nonverbal cues a ected participants' perceptions of its persuasiveness
and compliance with suggestions. The study found that nonverbal cues, includ-
ing deictic and metaphorical gestures, were e ective at persuading participants
when combined with speech cues.

These studies demonstrate that behavioral theories on human-human per-
suasion can be transferred to human-robot interactions. Moreover, they high-
light the importance of robot embodiment, form factor, and role-setting on
the e ectiveness of persuasion. Additionally, they show that proxemics can
be a powerful mode of persuasion, and by combining proxemics with physical
gestures, spatial cues, and other nonverbal cues, robots can create persuasive
messages that engage users and encourage behavior change.

2.3 Proxemics and Nonverbal Behavior

There are several kinds of communication behavior categorized under nonverbal
behavior that are studied extensively in social human-robot interaction [110].
Proxemics is one of the branches of nonverbal communication that examines the
use and interpretation of physical space in interpersonal interactions. Research
on proxemics has extended to human-robot interactions, investigating how prox-
emic behavior a ects humans' perceptions of and experiences with robots. Kim
and Mutlu [74] explored the e ects of social distance on user experience by ma-
nipulating the physical proximity, organizational status, and task structure of

a humanoid robot interacting with participants. They found that participants
had a better experience performing a task when the robot was established as a
supervisor and it was physically closer to the participant. According to further
studies by Walters et al. [132], Koay et al. [76], and Mumm and Mutlu [90],
factors such as distance and likability can a ect people's attitude and behavior
toward robots.

Other studies investigated how user gender and cultural background, and
robot appearance and voice can a ect proxemic behavior. Obaid et al. [93] did
not nd a signi cant e ect of gender on human-robot proxemics (HRP), and
Eresha et al. [33] found a signi cant e ect of culture on HRP. In terms of robot
appearance, the study by Samarakoon et al. [111] found that participants' pre-
ferred interaction distance with a manipulator robot was signi cantly less than

13



it was with other robots. Terziglu et al. [122] have shown that gaze cues can be
leveraged to increase collaborator rapport with an industrial manipulator. The
degree of anthropomorphic attribution is linked to higher expectations from the
robot in terms of proxemics norms, according to Syrdal et al. [121]. The study
by Walters et al. [131] suggests that a synthesized voice leads participants to
stand signi cantly closer to the robot compared to a robot with a natural voice
or no voice.

Mead and Mataric [87, 88] investigated how robot task performance a ects
humans' perception of robots' competence, anthropomorphism, engagement,
and likability. The study found that minimum and average robot performance
levels were correlated with how humans perceived the robot's competence, an-
thropomorphism, and engagement, while the maximum performance level was
not. However, likability was signi cantly correlated with all three levels of per-
formance. Papadopoulos et al. [95] explored the e ects of proxemic positioning
on engagement and collaboration in a memory task. They found that partici-
pants were more engaged with and had higher preferences for a NAO robot in
a frontal position compared to a lateral position. Additionally, a robot with
helpful speech behavior was found more engaging and preferable compared to a
robot with neutral behavior.

Siegel [114] examined the e ects of social distance on donation behavior
towards a Mobile Dexterous Social humanoid-torso robot. The study found that
male participants donated more in a “close' condition (75 cm distance) than in a
‘normal’ condition (1.5 m distance), while female participants donated more in
the "normal' condition compared to the “close' condition. Syrdal [120] explored
the role of spatial behaviors in building human-robot relationships. Overall, the
ndings suggest that physical interactions play an important role in building a
relationship between a domestic robot and a user, even when comparing robots
with similar interaction capabilities. Participants reported feeling closer to the
mobile robot and rated it as more likable than the stationary robot, suggesting
the importance of negotiating shared physical space in real-time.

These studies indicate how robot proxemics and nonverbal behavior in com-
bination with robot features such as form factor and voice can be manipulated
to positively a ect the attitude towards and also help shape expectations from
the robot.

2.4 Robot Persuasion through Nonverbal Behavior

Persuasion has also been shown to be a ected by an individual's use of nonver-
bal cues such as gaze and proximity [105]. Nonverbal behaviors such as gaze,
proximity, gestures, posture, and facial expressions; and verbal behaviors such
as vocal tone, and expressions can also shape nonverbal immediacy, the degree
to which someone feels connected to another, which is closely related to persua-
sive ability [89]. Joint activity, for example, which requires coordinated e orts
from two or more partners, shows that nonverbal signaling is especially impor-
tant as means of directing attention to particular objects or regions. Gaze has
also been shown to have some in uence on joint activity tasks such as deciding
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between two choices [20]. Ju and Sirkin [67] explored the use of di erent mech-
anisms to attract the attention of people passing by a public kiosk. They found
that the use of a waving robotic hand was better at persuading participants to
engage with the kiosk compared to an animated hand on a display, demonstrat-
ing the enhanced persuasive ability of physicality in robots. Ham et al. [47]
demonstrated that persuasion was increased when a robot used a combination
of both gazing and gesturing in a storytelling task. Nonverbal behaviors have
also been shown to be e ective in improving the retention rates of participants
in a storytelling-based task where robots used di erent kinds of iconic gestures
(or not) [129].

Ghazali et al. [41] investigated the use of social cues as persuasion strategies.
In a series of studies, they looked at how cues such as mimicry, praise, as well as
emotional intonation, head movements, and facial expressions, can be used to
persuade people to change their choices in trivial tasks. However, these studies
relied on robot speech as the primary modality for persuasion, and did not
investigate the persuasive e ect of nonverbal behavior in isolation [41, 40].

Chidambaram et al. [23] explored how manipulations in the use of a robot's
nonverbal cues (with and without the addition of speech cues) aected the
participants' perceptions of the robot's persuasiveness and compliance with the
robot's suggestions. Participants performed theDesert Survival Task [80] on
a computer with a robot providing suggestions using a combination of verbal
and nonverbal cues. The gestures used by the robot included pointing (deictic)
gestures to reference itself and the participant, metaphorical gestures, to show
a space containing an idea, and other kinds of gestures where appropriate. The
study demonstrated that nonverbal signaling outperformed having no signals;
and that nonverbal cues were e ective only when combined with speech cues.

These studies suggest that nonverbal behavior can be an e ective tool for
persuasion in human-robot interactions and encouraging behavior change. Over-
all, the body of research on proxemics, nonverbal behavior, and robot persuasion
supports our claims and ndings (Section 3) regarding the use of robot mobility
as a facilitator of proxemics and robotic gestures to reinforce verbal cues during
human-robot interactions.

2.5 Further Topics

There are several other elds of research that are relevant to the work proposed

in this manuscript regarding behavioral medicine [4, 16]; social in uence and
persuasion [24, 117]; robotic persuasion [12, 139] and coaching [65, 8, 137, 119,
34]; human intent recognition [55, 64] and activity recognition [66, 5, 22].

3 Foundational Studies

There is a large body of HRI literature investigating robot capabilities pro-
vided by their physical form factor in a wide range of application domains.
However, it is still unclear how a physical mobile agent stands out compared
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to other technologies{such as voice assistants{in health-related decision-making
interventions. Understanding such di erence, if any, and how each competency
provided by the form factor contributes to this di erence is crucial before making
any comprehensive attempt to utilize a mobile robot in a health intervention
application. The rst reason why it is crucial to develop this understanding
is the cost of working with such robot platforms, which comes in two forms:
The monetary expense of purchasing and maintaining such platforms; and the
technical labor required to functionalize a robot to move around unstructured
environments and interact with humans. The second reason is the many con-
founding factors that in uence the interaction{especially when working with
humanoid robots{and the di culty of isolating contributions from individual
competences (e.g., speech, movement) and design elements (e.g., face, human
form) on the investigated outcomes.

The discussion of such confound e ects might have indirect roots in theories
such as Attribution Theory [50] or more direct roots related to human physiol-
ogy, such as our nervous system beinlgard-wired to perceive faces [1]. Although
an investigation of such e ects individually overreaches the scope of this work,
a series of controlled trials were conducted to validate the e ects of factors
with the most relevance{such as mobility, gestures, and role-setting{which dis-
tinguish such a physical robot platform from other possible technologies. For
this purpose, a testbed comprised of a fake food pantry was created (Sect. 3.1).
As the intervention platform, a semi-humanoid robot (Sect. 3.2) was used in
a Wizard-of-Oz [28] human subjects experiments (Sect. 3.3) [123, 124]. Using
this testbed, we were able to demonstrate signi cant e ects of robot verbal
and nonverbal communication and proxemics{which were primarily enabled by
robot mobility{on persuading participants to make healthier decisions.

3.1 Nutritional Testbed and Fake Food Pantry

An experimental testbed to facilitate the evaluation of persuasive strategies that
a mobile social robot could use to in uence food choice was developed. This
testbed was inspired by prior work by Bucher et al. [17, 18] and Ung et al. [126]
on the use of afake food bu et and a virtual cafeteria, which are simulations
of a cafeteria, stocked with fake food of varying nutritional quality, in which
study participants can make food selections in order to evaluate the impact of
di erent interventions on food choice. A repeated-trials experiment design was
used to test the persuasive interventions several times for each participant. In
these experiments, the participants were asked to assemble 20 meal boxes during
each study session.

Our food pantry (Figure 1) contained 45 food items that could be included
in a lunch. These items were intentionally selected to be the kinds that did not
require cooking (e.g., salad, sandwich) or that could be consumed by simply
heating up or adding hot water (e.g., soup, ramen). We used real food for long-
shelf-life items and fake food for perishables. The food items on the shelves had
highly varied healthiness levels. Building primarily on the nutritional indices
provided by the Food and Nutrient Database for Dietary Studies (FNDDS) [127]
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