FE A S IB ILITY A N D E FFE C TIV E N E S S OF S O C I A L R O B OTS IN A C QU IR IN G PATIE N T R E P ORTE D OU TC OME S F ROM OLD ER A DU LTS

Feasibility and effectiveness
of social robots in acquiring patient
reported outcomes from older adults

Roel Boumans

Roel Boumans
443

Feasibility and effectiveness of social robots
in acquiring patient reported outcomes
from older adults

Roel Boumans

This research has been funded by the 4TU Human & Technology cooperation, the Radboud
university medical center and the Donders Institute for Brain Cognition and Behaviour.
Financial support for the publication of this thesis by the 4TU Human & Technology cooperation,
the Radboud university medical center, the Radboudumc Alzheimer Center and the Donders
Institute for Brain Cognition and Behaviour is gratefully acknowledged.

ISBN: 9789462842298
Design by: Bregje Jaspers, ProefschriftOntwerp.nl
Photos: page 12, 24, 52, 82, 102, 126, 156, 170, 194: Roelf van Til, New-Energy TV
Printed by: Ipskamp Printing, Enschede

Copyright © Roel Boumans 2020

Feasibility and effectiveness of social robots
in acquiring patient reported outcomes
from older adults

Proefschrift
ter verkrijging van de graad van doctor
aan de Radboud Universiteit Nijmegen
op gezag van de rector magnificus prof. dr. J.H.J.M. van Krieken,
volgens besluit van het college van decanen
in het openbaar te verdedigen op woensdag 30 september 2020
om 15.30 uur precies

door
Roeland Jacobus Laurentius Boumans
geboren op 3 november 1963
te Rotterdam

Promotoren:
Prof. dr. M.G.M. Olde Rikkert
Prof. dr. M.A. Neerincx (Technische Universiteit Delft)
Prof. dr. K.V. Hindriks (Vrije Universiteit Amsterdam)
Copromotor:
Dr. F.B. van Meulen (Technische Universiteit Eindhoven)
Manuscriptcommissie:
Prof. dr. T. Bosse
Prof. dr. P.J. van der Wees
Dr. G.B. van den Broek

Feasibility and effectiveness of social robots
in acquiring patient reported outcomes
from older adults

Doctoral Thesis
to obtain the degree of doctor
from Radboud University Nijmegen
on the authority of the Rector Magnificus prof. dr. J.H.J.M. van Krieken,
according to the decision of the Council of Deans
to be defended in public on Wednesday, September 30, 2020
at 15.30 hours

by
Roeland Jacobus Laurentius Boumans
born on November 3, 1963
in Rotterdam (Netherlands)

Supervisors:
Prof. dr. M.G.M. Olde Rikkert
Prof. dr. M.A. Neerincx (Delft University of Technology)
Prof. dr. K.V. Hindriks (Vrije Universiteit Amsterdam)

Co-supervisor:
Dr. F.B. van Meulen (Eindhoven University of Technology)

Doctoral Thesis Committee:
Prof. dr. T. Bosse
Prof. dr. P.J. van der Wees
Dr. G.B. van den Broek

Een mens is nooit te oud om te leren. Een robot ook niet.

Table of Contents
1.

Introduction
1.1 General background
1.2 Scientific background: human-robot interaction
1.3 Objectives of this thesis
1.4 Outline of this thesis
1.5 References

13
15
18
19
20
22

2.	Generic Design of an Interview Robot that Supports Healthcare Professionals
in an Integrated Care Pathway
2.1 Abstract
2.2 Introduction
2.3 Foundation
2.4 Specification
2.5 Evaluation
2.6 Conclusion
2.7 References
2.8 Appendix – Use Cases

25

3.

53
54
55
59
61
69
72
75

A Grounded Theory for a Robot Conducting a Clinical Interview
3.1 Abstract
3.2 Introduction
3.3 Method
3.4 Results
3.5 Discussion and Conclusion
3.6 References
3.7 Appendixes

4.	
A Feasibility Study of a Social Robot Collecting Patient Reported Outcome
Measurements from Older Adults
4.1 Abstract
4.2 Introduction
4.3 Design of the PROM Interaction
4.4 Evaluation
4.5 Results
4.6 Discussion
4.7 Conclusions and Future Work
4.8 References
4.9 Appendix 1 - Supplementary Material
4.10 Appendix 2 - Comparison human-robot.

26
27
28
33
40
40
42
45

83
84
85
86
87
90
93
94
95
98
100

5.	Robot for health data acquisition among older adults: a pilot randomised
controlled crossover trial
5.1 Abstract
5.2 Introduction
5.3 Methods
5.4 Results
5.5 Discussion
5.6 References
5.7 Supplementary Materials

103

6.	Quality of Care Perceived by Older Patients and Caregivers in Integrated
Care Pathways with Interviewing Assistance from a Social Robot:
Noninferiority Randomised Controlled Trial
6.1 Abstract
6.2 Introduction
6.3 Method
6.4 Results
6.5 Discussion
6.6 References
6.7 Appendices

127

7.

Case studies
7.1 Introduction
7.2 Do You Have Pain? A Robot Who Cares
7.3	
A Social Robot for Autonomous Health Data Acquisition among
Hospitalized Patients: An Exploratory Field Study

159
161
161
164

8.

Discussion
8.1 Introduction
8.2 Key findings
8.3 Methodological considerations
8.4 Unexpected findings
8.5 Recommendations and future research
8.6 Conclusion
8.7 References

171
173
174
174
180
181
190
191

104
105
106
109
112
116
119

128
129
130
135
139
143
146

9.

Summary
9.1 Summary in English
9.2 Summary in Dutch
9.3 Short popular summary in English
9.4 Korte populair-wetenschappelijke samenvatting in het Nederlands

195
197
199
201
202

10. Dankwoord

205

11. Attachments
11.1 On the author
11.2 List of scientific publications
11.3 FAIR data management
11.4 Donders Education Program
11.5 Donders Graduate School for Cognitive Neurosciences Series
11.6 Radboudumc Alzheimer Center Series

213
215
218
223
224
227
229

Chapter 1
Introduction

Chapter 1

14

Introduction

1.1 General background

1

Hospital performance may be defined according to the achievement in providing a better health
for their patients [1]. There are many intermediate measures for the assessment of hospital
performance in both the process and outcome [1]. An important set of healthcare outcomes
consists of patient surveys such as Patient Reported Outcome Measurements (PROMs) [2]. These
data are often gathered through healthcare professionals (HCPs) by interviewing patients and
contain important information on hospital performance. However, this way of data collection
is a time-consuming activity and has impact on the best use of a limited HCP workforce, which
already has a high workload. To reduce the burden of these interviews, patients frequently receive
a questionnaire on paper to fill in at home and are asked to send it back by post. The disadvantage
of this procedure is that the response rate is low, and that the data have to be manually re-entered
into the patient’s electronic health record (EHR).

Figure 1 – Robot-patient interaction in an outpatient clinic interview room
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Figure 2 - Robot-patient interaction next to a hospital bed

Another solution is the introduction of self-administered electronic PROM tools (ePRO’s). These
are questionnaire applications on a computer, tablet or smartphone [3,4]. Advantages above penand-paper solutions are the automatic storage of the patient’s responses in his personal EHR, the
decrease in errors compared to manual re-entering of data, the automated calculation of scores
and the ease to present processed results in a brief report to medical staff. The response rates for
digital and paper questionnaires are comparable [5]. Disadvantages are that many patients have
difficulty using computers, tablets or smartphones because of their lack of digital literacy, which
may even be worsened by their physical or cognitive problems, or chronic diseases [6–8].
PROM data collection is nevertheless considered a necessary activity to control the quality of
care in hospitals in this era of value based health care [9]. The solution for minimizing the survey
task burden for HCPs should therefore not be to eliminate these measurements, but rather to
find other data collection methods. Social robots may constitute such a new collection method.
Social robots are emerging as potential supporting technologies for HCPs [10]. As technology
resource, social robots can be defined as robots having all social attributes by which an observer
judges the robot as a social interaction partner [11]. These attributes are primarily having a

16

Introduction

humanoid form and capable of having a dialogue. The use of social robots in the care of older
patients has been widely investigated [12–19]; however, to the best of our knowledge, their
ability to independently conduct a PROM questionnaire in a hospital setting has not yet been
evaluated.
We propose to design and evaluate a speaking social humanoid robot that is capable of
autonomously conducting an intelligent dialogue on obtaining the status of a patient’s health.
The patient only needs to answer the robot’s questions by voice, which is claimed to be a natural,
intuitive, robust and efficient interaction with a low threshold for many patient groups [20].
The robot’s goal is to try to map the general health status of the patient, or to investigate specific
health characteristics such as frailty. The answers of the patient are used as input for creating
an increasing complete patient model and a belief state for the robot. Practically, the robot can
make the collected data immediately electronically available for storage in an Electronic Health
Record. Therefore, the presence of the healthcare professional is no longer required.
Since clinical staff does not have to be present during the dialogue, time is saved e.g. for shared
decision making on the desired cure policy [21] and for providing the “fundamentals of care”:
supporting adequate nutrition, hydration, sleep and personal hygiene, and human dignity [22].
At the same time, the advantage for patients is that social robots may spend more time on the
interaction, for example for explaining questions using multimedial support (images, sound and
video). Finally, a social robot will share many of the advantages which have been identified for
ePRO’s, such as electronic data storage, data processing, reporting, and longitudinal data analysis
[3]. This development thus has an impact on the HCP’s job content.
Many people, including healthcare professionals, are concerned about robots taking over their
jobs. However, in this innovation the robot is introduced as an assistant to the HCP in an
integrated care pathway managed by the HCP, and not as a replacement. The HCP remains in
control of patient care but can ask the patient to be interviewed by her or his robot assistant. For
the HCPs, having a robot assistant is a new experience, and it is therefore important that HCPs
are involved in its development [10]. The robot will form a team with HCPs. Its introduction
requires two new types of interactions to be studied: a patient-robot interaction and a HCProbot interaction. For designing these interactions we will use the Socio-Cognitive Engineering
Method [23]. This method has been specifically developed for supporting the design of intelligent
human-robot interaction [24].
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1.2 Scientific background: human-robot interaction
The human-robot interaction discipline studies the physical and social interaction between
humans and robots [25]. It is closely related to the field of human-computer interaction, and
has a multidisciplinary character with contributions from robotics, social sciences, artificial
intelligence, natural language understanding, design, humanities and ethics. In every area where
robots are applied, such as manufacturing industry [26], transport [27], education [28], military
[29], nuclear material handling [30] and space exploration [31], human-robot interaction is a
subject of study with domain specific design constraints. In this thesis we will study the constraints
of social robot interactions with older patients, and next try to improve this interaction.
In doing this, the thesis builds on the state of the art in human-robot interaction in the hospital
healthcare domain. This state of the art at the start of our project was well described by a
comprehensive overview of robot applications in healthcare, which principally distinguished
physical and cognitive tasks for robot – patient interactions [32]. The research presented in this
thesis focuses on the specific cognitive task of interviewing patients on their healthcare status.
This task requires the robot to possess the social skills of being able to complete an interview in
a way that is acceptable and pleasant for patients, and effective and efficient for the responsible
healthcare professionals and the hospital organisation. The required robot skills are developed
from the theoretical framework of the Fundamentals of Care [33] (chapter 3), the psychology
of the interaction between healthcare professionals and patients [34] and the human factors in
designing equipment for older adults [35]. Concerning the latter, this research contributes in
that it expands the human factors standards to a multimodal robot interaction (chapter 2).
The acceptance of the robot in this task is measured by the parameters of social robot acceptance
by older adults in the Almere model, an extension of the Unified Theory of Acceptance and
Use of Technology [36]. Our research adds to the robot models used therein by evaluating the
interaction with a humanoid robot. The Almere model has been used for Chapters 4, 5, 6 and
7.3, which show how these parameters enabled us to understand the effect the embodiment and
behaviour of the agent had on its interlocutors, both patients and healthcare professionals.
Regarding the input of the patient to the robot, this thesis aims at a first step forward in the
natural language understanding of patient responses to robot questions. The state of the art in
natural language understanding is still far from being able to have a natural conversation with a
robot [37]. We will study whether it is already acceptable for patients to have a dialogue with the
robot while being constrained in their responses to closed form answers. We will further analyse
what fully unconstrained answering requires to process (chapter 3). The interpretation of the
words uttered by the patient into a semantic representation of the transcribed sentence probably
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will be a big a challenge. We will study a dataset of nurse-patient interactions for further research
into this preconditional natural language understanding.
This thesis further contains one of the first studies using the Socio-Cognitive Engineering
approach by Neerincx et al [23]. In chapter 2 the rules and the multimodal actions that the robot
executes to provide this acceptable and pleasant response to patient inputs are described in detail.

1.3 Objectives of this thesis
The overall goal of this thesis is to design and evaluate a social robot that assists healthcare
professionals in their task of obtaining a patient’s health status especially by application of
PROMs. This goal was subdivided into several smaller objectives:
1.	Investigate the design and acceptability of a social robot for acquiring health related
outcome data among older adults;
2.	
Analyse the data agreement between robot and nurse conducted PROM outcome
assessments;
3.	Identify the best way to integrate the social robot into a care pathway;
4.	Perform a qualitative analysis of the nurse-patient interaction as input for a dialogue
management system design;
5.	
Conduct a Randomized Controlled Trial among patients in an outpatient clinic to
demonstrate the feasibility and effectiveness of robot use in clinical practice.
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1.4 Outline of this thesis
This thesis consists of five main studies, divided over the five chapters 2-6, and two case studies,
combined into chapter 7. Relations with other work are outlined in each of these chapters.
Chapter 2 describes the general robot agent interaction design for the care work context. In
the course of this research the design of the robot interaction progressed and this will also be
explained herein. This chapter covers objective 1.
Chapter 3 provides a qualitative analysis of the nurse conducted interviews during this
experiment, aimed at specifically examining the verbal interaction between nurse and patient.
The question was: what happens during a health data acquisition interview, how do nurses and
patients interact and can we derive meaningful data on their interaction as input for a dialogue
management system or possibly even new theoretical models for this interaction? This chapter
therefore covers objective 4.
Chapters 4, 5 and 6 describe the results of a series of experiments with the designed robot
dialogue for all five research aims, and for which the studies were carried out in summer 2017,
summer 2018, and autumn to winter 2019, respectively, and relate to objectives 1 and 5.
Chapter 4 provides the results of an initial feasibility study on the effectiveness, efficiency and
subjective usability of a robot taken questionnaire among community-dwelling older adults. It
answers the question: is a social robot acceptable for this population? It covers also objective 1.
Chapter 5 presents an ecological validation on the data agreement of automated acquisition for
three complete Patient Reported Outcome Measurements among older adults by a humanoid
robot as compared to acquisition by a nurse. It answers the question: do the acquired data
sufficiently agree between both methods? This relates to objective 2.
Chapter 6 describes the implementation and verification of the designed human-robot
interactions in a Multicenter Randomized Controlled Trial. The interactions are compared at the
level of an integrated care pathway. It is interesting to learn opinions of HCPs and older adult
patients in the robot-assisted outpatient clinics. This chapter deals with objectives 3 and 5.
Subsequently, the chapters 7.2 and 7.3 present two case studies that are again related to objective
1. Chapter 7.2. describes the evaluation of a social robot interviewing adult patients on the
special case of feeling pain. Chapter 7.3 presents a field study in the Franciscus Vlietland hospital
on autonomous health data acquisition among hospitalized patients.
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Chapter 8 contains a general discussion, summary of the main findings and implications for
future research and clinical practice.
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Chapter 2
Generic Design of an Interview Robot
that Supports Healthcare Professionals
in an Integrated Care Pathway

Submitted.

Chapter 2

2.1 Abstract
There is a shortage of healthcare professionals, and their workload is increasing. They should
spend less time with data administration to make more time available for personal patient care.
Humanoid robots may help to establish such relieve by doing data registration and processing
tasks. The challenge is to develop a fully autonomous robot that shows the communicative skills
(a) to register the data effectively and efficiently, and (b) to bring about appropriate patient
experiences. This paper presents a generic design of such a social robot capable of interviewing
older patients in an efficient and pleasant way. Moreover, the robot supports shared decision
making based on the interview results. The Socio-Cognitive Engineering methodology was used
to establish the design rationale. This robot has been evaluated in different settings, lastly in a
Randomised Controlled Trial in the outpatient clinics of two Dutch hospitals. These evaluations
are reported later in this thesis, namely in chapters 4, 5, 6 and 7.3.
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2.2 Introduction
Society is experiencing a global shortage of 17 million healthcare workers in 2019 [1], and
increasing healthcare demands by a growing number of older adults (9% of the world population
in 2019 and 12% in 2030) [2]. Humanoid robots with social interaction capabilities (called social
robots) may contribute to the solution of this problem [3], [4], [5], requiring that its support
is well-integrated in a hospital’s care pathway [6]. This paper presents the development of robot
support that is integrated into the elderly care pathway: the acquisition of patient information via
interviews, derivation of the frailty index and presentation of the outcomes for shared decision
making.
In this domain, healthcare professionals (HCPs) have to regularly collect patients’ subjective
evaluations of their health status or health related quality of life at a single point in time. For
this, they apply common interview protocols that provide so-called Patient Reported Outcome
Measures (PROMs). These protocols entail the administration of a questionnaire on items such
as wellbeing, capability to perform activities in daily living, and current mood. The necessity for
hospitals to acquire the Measures is based on the need for quality improvement as well as on
providing value-based.
Assistive robots for healthcare professionals have been researched frequently, and Riek has provided
a comprehensive overview of application areas [7]. Focussing on the topic of this research, i.e.
robots interviewing patients, DiNuovo et al. used the social robot Pepper to study the assessment
of cognitive skills with the Montreal Cognitive Assessment (MoCA) of university personnel [8].
Bandera et al. designed robot CLARC for performing Comprehensive Geriatric Assessments,
but results on its interviewing performance have not yet been published [9]. Broadbent et al.
used a speaking robot that provided at-home assistance to people with COPD. This robot could
not listen, and patients used a touch screen to enter their responses [10]. D’Onofrio et al. have
designed a robot called MARIO, which provided practical daily living support to people with
dementia in nursing homes [11]; this robot did not conduct interviews. The Swiss robot Lio
robot does have verbal communication functions but focusses mainly on handling objects to
patients [12]. To our knowledge, however, no studies have been conducted on the quality of care,
acceptance and efficiency of social robots as an integrated part of healthcare pathways [13], [14].
The Socio-Cognitive Engineering (SCE) methodology [15] was applied to generate the design of
a PROM-interview robot with an explicit specification of the design rationale. This methodology
structures and guides the iterative research and development process, addressing the social,
cognitive and affective aspects of the human-robot collaboration. The methodology distinguishes
three components. The Foundation explicates the needs (“operational demands”), design space
(“envisioned technology”) and relevant human factors knowledge, which all drive the design.
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The Specification describes the use cases, functionality (“requirements”) and predicted effects
(“claims”) derived from the foundation. The Evaluation provides the empirical tests of the
claims. Foundation and Specification can be conceived as the Method section of a paper, with
the Evaluation as the Results section. These components follow hereafter in the subsequent
sections, aiming at a social robot that supports healthcare professionals through autonomously
interviewing patients on PROMs [16]. This paper focusses on the design of the interaction, which
has not been detailed elsewhere, and summarizes results that have been extensively discussed
elsewhere [17]–[19] or are under review [20].

2.3 Foundation
2.3.1 Operational demands
Work processes. Current ways of working at outpatient clinics can be described using an
“integrated care pathway”. The European Pathway Association defines a care pathway as “a
methodology for the mutual decision making and organization of care for a well-defined group
of patients during a well-defined period” [21]. The aim of a care pathway is to enhance the quality
of care by improving patient outcomes, promoting patient safety, increasing patient satisfaction,
and optimizing the use of resources [6]. Pathways help in communication with patients by giving
them access to a clearly written summary of their expected care plan and progress over time. A
care pathway can be illustrated by a time or flow diagram which exemplifies the several steps
such pathway consists of. In this section, we used the pathway illustrated in fig. 1 as a reference.
Stakeholders. The design for the technology has to be driven by the tasks to be accomplished by
the main actors in the care pathway. There are three main actors, i.e. the healthcare professional,
the patient and his informal caregiver. The healthcare professional has to make sure the right
patient is treated, obtain the required information from the patient, ensure efficient and safe
storage of the data, enable shared decision making with the patient, and involve and inform
their caregivers. They need to apply simple and intuitive methods to acquire reliable reports on
patient’s health status in an efficient and effective way. The main task for the informal caregiver
is to support the patient with providing answers. Other stakeholders (not further detailed in
this section) are the patient’s general practitioner, other professional caregivers, the department’s
medical and business managers, the secretarial staff, the hospital quality manager, and the
insurance company.
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Workload. The operational demands describe the current practice as it is, i.e. without the
envisioned technology, and thus the problem to be solved. The problem at hand is that the
workload for healthcare professionals is high. The largest professional association for nurses,
nursing aids, and nursing specialists in Netherlands(in Dutch called “V&VN”), reported that
75% of their members experience negative consequences of their workload on their health and
private life [22]. Furthermore, 48% reported that patient safety is at stake [22]. The Dutch
organization for young medical specialists published a report that due to the work pressure, 20%
of their members shows burnout symptoms [23].
Problem Scenario. To explicate the operational demands that appear in the care pathway,
and to establish a shared understanding of these demands across all stakeholders, we applied a
scenario-based design approach [24]. Based on interviews with healthcare professionals at the
Radboudumc hospital, the relevant problems of the healthcare professionals have been worked
out and illustrated in a problem scenario (see Table 1).
The problem scenario has three main stakeholders: nurse practitioner (NP) Jones, patient Mrs
Borough, and the patient’s informal caregiver, her daughter-in-law Mrs White. These stakeholders
have values that should be addressed by the interview robot in an appropriate way. For NP
Jones these values can be summarized as professionalism, empathy and quality-awareness. For
Mrs Borough independent living, love for nature, fresh air, safety and trust in healthcare are
important. For Mrs White it is essential to receive reassurance that her mother-in-law is taken
good care of, and that she can balance her own life with family care.
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2.3.2 Envisioned Technology
The project envisioned a social robot, capable of having a conversation with a patient for collecting
their health data. Our target group of older adults has indicated that they prefer a silver social
robot of 1.25m height, with wheels and a screen on the body [25]. To the best of our knowledge,
there is not yet a conclusive research published that shows the best robot choice (e.g., Scoglio et
al focus on smaller animal type robots [26], or specific elements of the robot [27]). Based on a
cost-benefit analysis, we selected the humanoid robot “Pepper” of Softbank Robotics (Tokyo,
Japan) [28], 1.21m tall and weighing 26 kg (Fig. 2). The current version 1.8a has a LG200 tablet
screen on its chest. Its head is equipped with four microphones on top for sound recognition.
On its forehead and in its mouth two 2D cameras are located for interlocutor detection and
tracking. Speakers are positioned on each side of its head. Pepper v1.8a runs its operating system
Naoqi 2.9 on its tablet. This tablet controls all other sensors and actuators. Pepper v1.8a was
programmed using Android Studio (Google Inc, Mountain View, CA, USA) and Java (Oracle
Corp., Redwood Shores, CA, USA). The Pepper robot is situated at the Radboudumc outpatient
clinic in Nijmegen, the Netherlands (see Fig. 2). The Radboudumc uses EPIC (Verona, WI,
USA) as electronic health record (EHR) system. The robot exchanged data with EPIC using
REST API calls in JSON format.

Figure 2 – Pepper robot in outpatient clinic
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2.3.3 Human Factors
To our knowledge, there are not yet proven, generic human-robot interaction design solutions
(e.g., interaction design patterns) for our design problems (i.e., solutions for a robotic system that
meets the operational demands defined herein) [29].
From a more generic viewpoint, Archibald et al give a call-to-action to the nursing community
to become more involved in the functional specification of caring robots, and they refer to
the Fundamentals of Care (FoC) as reference premise for evaluating the effectiveness of robot
nursing solutions [3], [30]. Van Wynsberghe introduced the Care-Centred Value-Sensitive
Design (CCVSD) approach, using the moral elements attentiveness, responsibility, competence
and responsiveness as fundamental requirements for a good care system[31]. Both FoC and the
CCVSD approach were used as guidelines when creating the words and sentences spoken by the
robot in the various phases of the dialogue.
Design guidelines for the displayed elements of the tablet screens, such as font type and size,
colors and simple task oriented layouts were found in the design guidelines and standards for
older adults [32], [33]. These standards were however not referring to the interaction with social
robots, and for voice speed and volume, body and arm motions and looking at the interlocutor,
we drew from our experience from earlier experiments [17], [34].
The measures identified for determining the quality of the intended behavior of the technology
are threefold. First, the extent in which the technology demonstrates HCP friendliness as in an
easy and efficient operation of the technology. Second, patient friendliness when comparing
with standards for older adult designs [33]. Third, patient acceptability by testing with older
adult patients using the Almere model [35] and deliverance of trustworthy data [20]. Interaction
Design Patterns for this technology would be the multimodal communication solutions that are
designed for this type of application. Such Patterns were not found.

2.3.4 Design Problem Statement
Taken together, there is a need for a social robot that relieves healthcare professionals from data
administration tasks. Humanoid robots, which help to establish such relieve by conducting
interviews and processing the results, have not yet appeared “in the real world” (i.e., integrated
into the care pathway of hospitals). The challenge is to develop a fully autonomous robot that
shows the communicative and data-processing skills (a) to register the data effectively and
efficiently, (b) to bring about appropriate patient experiences, and (c) to present the interview
results for shared decision making on a treatment policy [36]. Deployment of such a robot
should result in a reduction of caregivers workload and an improvement of healthcare quality
[37].
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Table 1 - Scenarios
Scenario
Actors: Nurse Practitioner Jones is 45 years, and has over 20 years of experience in healthcare. Mrs Borough
is one of her newest patients: An older woman, who is a widow for two years and continued to live at the
family farm; recently diagnosed with mild dementia; fallen on the farm and now slowly recovering from a
hip surgery; experiencing increasing difficulties in her daily life and referred to the hospital by her general
practitioner. Mrs White is the wife of Mrs Borough’s son (who owns the farm now). Nurse Smith is 24 years
and has recently started working at the department of NP Jones. His task is to receive patients, perform
some initial patient measurement such as taking blood samples, ECGs, and questionnaires. The patient
data are handed to NP Jones.
Problem scenario
Nurse Smith welcomes Mrs Borough and her daughter-in-law Mrs White at the outpatient clinic. He
explains that first a blood sample and an ECG have to be taken. He further explains that when the
measurements are finished, he will get NP Jones for discussing the results with Mrs Borough.
Nurse Practitioner Jones welcomes Mrs Borough and Mrs White for the 30-minute consult and says she has
some additional questions. She explains she has a new Patient Reported Outcome Measurement (PROM)
method on frailty that means asking 36 questions. NP Jones enjoys spending time with her patients but she is
not happy with these forms since a large part of the questioning is merely data registration. Mrs Borough gives
answer to all questions and is quite verbose on some of them. NP Jones also receives a phone call in between,
which takes another few minutes. NP Jones decides to skip some seemingly less relevant questions, although
she is not sure that she might have missed something. Also she has not been able to process the results of the
questionnaire into a frailty index, which would be helpful in deciding on a cure policy.
After completing the questioning as far as possible, there is fifteen minutes left for discussing the results
and the concerns from Mrs Borough, which NP Jones finds too little time. At the end of the interview
the questionnaire form is not completed and NP Jones is stressed and dissatisfied with the consult. Mrs
Borough finds that there was too little time to discuss her concerns.
Design Scenario
Nurse Smith welcomes Mrs Borough and her daughter-in-law Mrs White at the outpatient clinic. He
explains that first a blood sample and an ECG have to be taken. He further explains that he is assisted by
a friendly social robot that can autonomously ask patients questions on their health, and explains Mrs.
Borough will only need to say the answer to the questions. He also explains that when the questioning
is completed, NP Jones will arrive for further consultation. Nurse Smith leaves Mrs. Borough alone in the
examination room with the robot.
Mrs. Borough tells the robot to start. The robot initiates the dialogue and handles each question-answer
set until all questions have been completed. Mrs Burrough finds some questions difficult to answer.
Fortunately her informal caregiver Mrs White is available to help her selecting the right answer. After 14
minutes the robot says the interview is completed and that NP Jones will arrive shortly.
Upon arrival, NP Jones retrieves the robot report via the robot’s tablet including the calculated frailty
indexes. She can immediately start discussing the results with Mrs. Borough and her daughter-in-law. Then
she asks Mrs. Borough if she has additional concerns. Mrs. Borough admits she has, because she cannot
drive anymore in her car. Fortunately there is sufficient time for NP Jones to reassure Mrs. Borough and to
point her to some communal services she is entitled to use. At the end of the interview the questionnaire
has been fully completed, NP Jones is satisfied that good healthcare has been delivered. Mrs Borough and
Mrs White are content that all concerns have been discussed.
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2.4 Specification
2.4.1 Design Scenario
The system specification describes the solution to the design problem outlined in the Foundation
section. The SCE methodology uses design scenarios, which are short stories that provide a
clear description of how the user will work with the technology. The design scenarios are based
on the integration pathway and were described from the perspectives of the four users nurse,
doctor, patient and informal caregiver. The design scenario from the perspective of the patient is
presented in Table 1.

2.4.2 Use Cases
The design scenarios have been detailed into use cases (UCx) that can be divided into three
dialogues: 1) a HCP-robot dialogue to initialize the patient-robot dialogue (UC1-4), 2) a patient/
caregiver-robot dialogue (UC5-7), and 3) a HCP-patient/caregiver dialogue, supported by the
robot (UC8-11). The interaction with the robot starts with the nurse opening dialogue with
robot (UC1), followed by entering the patient ID and retrieving their data (UC2), performing
a patient identity check (UC3), and setting the patient interview context, e.g. presence of a
caregiver (UC4). Then the nurse leaves and the patient can start their own interaction with the
robot (UC5). The robot explains the procedure to the patient (UC6) and conducts the interview
(UC7). At the end of the interview, the robot creates an interview report (UC8) and signals the
doctor that the interview is ready (UC9). The doctor reviews the interview report with patient
using the robot tablet (UC10) and if the discussion with the patient is finished, doctor and
patient say farewell, and the robot can be shut down (UC11). The central use case here is UC7,
which is detailed in Table 2; details of the other use cases are provided in the Appendix to this
chapter.
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Table 2 – Simplified example use case
ID

Use Case 7

Objective

Complete questionnaire with patient

Actor(s)

Robot, patient, informal caregiver

Method

Questionnaire

Pre-condition

UC6 finished
Robot, patient and informal caregiver ready for dialogue

Post-condition

Robot and patient have finished the questionnaire
UC9 Message sent to doctor

Action sequence
1. Robot starts questionnaire
2. For question 1:n :
a. Robot introduces question
b. Robot asks question; tablet shows question, answer and additional dialogue options
c. Patient gives answer
d. Robot states the answer it had understood.
e. Robot states affective statement if necessary
f. Robot stores answer data in EHR
g. Robot goes to b., repeat until last question
3. Robot ends questionnaire and thanks patient for cooperation

From the use cases, requirements (i.e., the required interaction functions such as randomization
of texts, personalized addressing, and repeat answer) and claims (i.e., the expected effects such as
enjoyment, competence and trust) were derived (see Fig. 3).

2.4.3 Requirements
The robot action sequence was translated into functional requirements (i.e., interaction functions;
see Fig. 3) on the human-robot communication, such as providing personalized addressing of
patients, repeating answers for showing that answers were understood correctly, and giving
empathic statements in case a burdensome condition was disclosed. These robot action were
multimodal, i.e. a combination of spoken texts, arm/body/head motions, and information
displayed on the tablet.
Furthermore interface requirements with the electronic health record system (EHR) were
defined. For the patient user experience the EHR-interface runs only in the background, but for
healthcare professionals it saves time if data are directly stored in the patient’s EHR system file.
Fig.4 provides an overview of the data exchange between the actors in the interaction using the
swimlane diagram technique for the design scenario described in Table 1.
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2.4.4 Claims
The interview robot should provide work and interaction enjoyment by decreasing work pressure,
lessening administrative burden and increasing work efficiency. Furthermore it should be trusted
to meet high healthcare quality and societal standards. The claims underlying the functional
requirements depend on the stakeholder. The deployment of the interview robot should result
in more HCP time for the patient, help for the patient and family (autonomy), and meeting the
patient’s needs in terms of desired care (trust and competence). For the nurse, the technology
shall result in a satisfied patient and time available for communication on patient concerns.
For the doctor, in addition the technology shall allow for shared decision making on future
treatment. The caregiver shall have obtained knowledge on how to support the patient.

2.4.5 Interaction Design Patterns

Effects

Interaction Functions

For the use cases, requirement and claims, the corresponding interaction design specifications were
created using the Interaction Design Pattern (IDP) template as defined in the Socio-Cognitive
Engineering methodology[29]. This template includes a description of the problem, the context,
the solution and the design rationales. Figure 4 presents an overview of the information exchanges
(i.e. the communication) between the different actors over time, as well as the IDPs incorporating
these information exchanges. As supplementary material a video has been added to this chapter
showing the interaction (see also https://www.youtube.com/watch?v=KDC5kM7E5eY).

randomisation
of texts

Dialogue:

display
question

Display:
Body:

personalized
addressing

repeat
answer

empathic
statements

display
given
answer

enjoyment

refer to
HCP

progress
bar
appropriate
gestures

Looking
at

Feeling of:

explanation

competence

trust

empathy

acceptance

autonomy

Figure 3 - Abbreviated overview of robot’s interaction functions (requirements) and predicted effects
(“claims”), cf. [26].

IDP Health Interview Context Setting Dialog
Problem. The robot has (a) to identify the Health-Care Professional (HCP) and the patient, and
(b) to select the appropriate questions. The patient and, if present, his or her caregiver have to be
reassured that the interview will go well, with a robot being set-up properly.
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Context. The health consultation starts in HCP’s room, who is standing in front of the robot
to interact with the robot. The patient and, possibly, his or her caregiver are watching the HCP
interacting with the robot.
Solution. It is mainly a dialogue between the HCP and the robot; the patient and caregiver
may join the conversation via the HCP. The robot welcomes the HCP. Then, the HCP provides,
consecutively, his or her and patient’s ID-numbers on robot’s tablet. The robot identifies the
HCP and patient, and retrieves the relevant information from, respectively, HCP’s profile and
patient’s Electronic Health Record (EHR). The HCP checks the identification, and when correct,
the robot presents the patient’s appointment list. Based on this information, the HCP sets the
patient-robot dialogue goal (i.e. determine patient condition X). At the end, the HCP informs
the robot about the roles of eventual caregivers that either support or represent the patient during
the interview with the robot.
Design rationale. The robot personally welcomes the HCP to create rapport, and identifies
the persons in an “health-care appropriate”, reliable and secure way (a data entry field is used
for the multi-digit patient IDs, to avoid eventual speech recognition errors). The robot gets the
information to pose the right questions, and to appropriately deal with caregivers when they are
present (e.g., to address the caregiver well and process his or her answer on robot’s questions on
behalf of the patient). Robot motions were designed for a person asking for information, i.e.
both arms alongside the body with opening hand palms. The verbal interaction between HCP
and robot served also as a reassuring example for the patient and caregiver on how to verbally
interact with the robot.

IDP Health Interview Dialog and Administration
Problem. The robot has to acquire reliable answers on the interview questions and provide
appropriate social signals during the questioning and response. When caregivers are present,
the robot has to alternate its view direction to the patient and the caregivers, harmonized to
caregivers’ role in the interview and the specific question characteristics.
Context. The patient and their informal caregiver are sitting in chairs opposite to the robot.
The robot head is at eye-level of its human interlocutors, which have a clear view of the robot’s
display. The robot is connected with the EHR for answer value storage. The robot sends an
SMS to the HCP when the interview has been completed. Subject matter experts determined
for which questions the robot must look at the patient, and for which questions the robot can
alternate its viewing direction between patient and caregiver.
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Figure 4 – Swimlane diagram of interaction between actors

Solution. The robot starts with an explanation of the interview procedure, and repeats it when
the patient requests. Then, the patient initiates the interview, the robot starts the questioning.
The action to state a question consists of a verbal statement, a gesture, a viewing direction and a
display on the tablet. The questioning stops when the robot has acquired the required information
about the patient. Fig.5 shows an example display, a question screen with the question on top,
the default answers in italics to the right next to a scale, and the other answer options at the
bottom. The bar on top of the screen is light blue when the robot “listened”, i.e. is ready to
process a human’s utterance, and grey if it is active itself and not “listening”. The small bar at
the bottom shows the estimated progress of the questioning towards the end. Similar screens
are shown when the robot repeats the patient’s answer, and when this repeat has finished it is
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automatically replaced by the screen with the next question. If the patient says “What do you
mean?”, then the robot gives an explanatory verbal statement, and asks if the patient can now
answer the question. If “yes” the question is repeated, if “no” the question is skipped. Patients
can also skip a question themselves by saying “skip”. If the patient wants to correct a previously
given answer, they can say “back” and, subsequently, the robot returns to the previous question.
Regularly, affective statements are included in robot’s dialog acts. When appropriate, the robot
gives a trust statement from a pre-recorded set with the format: “The <name HCP> will discuss
this with you”. Two gesture motion types GestureToPatient and GestureToCaregiver accompany
the saying of a question. The basic motion is an arm motion where the initial situation is the
robot standing with both arms alongside its body. During the robot’s speaking action, one arm is
raised a little, the wrist is turned and the hand is opened, as in an asking motion (Fig.6). Via a
LookAt function, the robot sets a viewing direction on the right person according to the questionrelated needs as specified by the medical specialist (i.e., subject matter expert).

How much do you suffer
from problems, complaints
and worries?
Give a number.

10 = extremely
heavy

10
9
8
7
6
5
4
3
2

0 = no burden
at all

1
0

What do you mean – Skip – Back
Figure 5 - Minimalistic screen design for a question screen with image

Design rationale. The action to state a question consists of a verbal statement, a display and a
gesture, and the way these dialogue actions are brought forward should bring about the desired
effects (Fig.3) [39]. From analysis of nurse-patient interactions, 16 typical verbal statements were
identified (Chapter 3). Patients appreciate if the questioning is affective, since this may have
professional therapeutic value (Chapter 3). However, if the patient has a significant number of
deficits, this may result in many affective statements. The analysis of HCP-patient transcripts
shows that only in a subset of situations these affective answers are given (Chapter 3). Therefore
the frequency and moment of giving an affective statement was defined as a function of the
previously given affective statements. The robot also provides trust statements, assuring that
the HCP will deal with attention requiring deficits upon return. To increase naturalness of the
interaction, several small variations to the robots motion were designed and randomly used. To
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make the robot look more vivid, during the times waiting for answers very small body motions
were executed. In general, most attention should be paid to the patient; therefore, we defined
that only every 6th question the robot would look at the caregiver.

2

Figure 6 - Motion types GestureToPatient (left) and GestureToCaregiver (right)

IDP Health Interview Outcome Display
Problem. The display of the robot needs to support the HCP and patient in shared decision
making, based on the health assessment.
Context. The HCP receives a SMS that the robot-patient interaction has been completed. Upon
return to the interview room, the doctor took a chair next to the patient and the caregiver and in
close range of the robot to be able to view the display. At the end of the discussion on the robot
collected results, the robot can be wheeled aside.
Solution. After completion of the preceding robot-patient interview, the doctor is presented on
the robot display with questions that are marked as “requiring further discussion” (Fig. 7). The
doctor can touch the robot’s tablet, scroll through the attention requiring items and discuss these.
The doctor is also presented with calculated indices and scores. Additionally, the complete report
with all answers is also available via touching the blue button (Fig.7 bottom right). When this
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is finished, the interaction between doctor and patient/caregiver may continue on other topics.
After the doctor and the patient/caregiver have said farewell, the robot may be switched off, or
the application may be restarted for the next patient.
Design rationale. The division of answers into the categories “requiring further discussion” and
“not requiring further discussion” was discussed with the medical team. The contribution to
the frailty index per question is a value between 0 and 1. The general frailty index is calculated
by taking the sum of all answer values, divided by the number of answered questions. The
(Instrumental) Activities of Daily Living scores are scored as 1 for any answer other than “I have
no problem at all in performing this activity”. The full report is available if needed.

Issues requiring further attention:
Question : Do you have memory complaints?
Answer : Yes
Contribution to Frailty Index (0-1) : 1.0
Question : Are you able to fully independently
walk up and down the stairs?
Answer : With major effort
Contribution to Frailty Index (0-1) : 0.66
Question : How often in the past four weeks did you feel calm and tranquil?
Answer : Rarely
Contribution to Frailty Index (0-1) : 0.8
Your general frailty index is: 0.196
Your frailty value is: pre-frail
Your ADL score is: 1.0 with 0 missing values.
Your IADL score is: 2.0 with 0 missing values.
End of report.

>

Figure 7 - Display design of questionnaire results requiring further attention.

2.5 Evaluation
The evaluation of the design has been performed in three separate consecutive studies, and are
covered in chapters 4, 5 and 6 in this thesis.

2.6 Conclusion
This chapter describes a detailed and novel human-robot interaction design for the real-world
application of supporting healthcare professionals in their data registration and processing tasks.
It gives an overview of the foundation and specification of the communicative and data-processing
functions (a) to register the data effectively and efficiently, (b) to bring about appropriate patient
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experiences, and (c) to present the interview results for shared decision making. The interaction
design components that enable the interaction, such as dialogue rules, screen layouts, and head/
body/arm motions were presented. Evaluations have shown that data are effectively and effciently
registered, appropriate patient experiences are brought about, and HCP, patient and caregiver are
enabled to shared decision making on desired treatments. The chapter also shows the strength
of the Socio-Cognitive Engineering methodology for designing intelligent interactive systems,
among other things providing three re-usable design patterns for a health interview robot. Future
work would consist of expanding these design patterns to other healthcare dialogues and other
patient groups.
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2.8 Appendix – Use Cases
Using the scenarios described in section 2.3, the following use cases UCx specifically related to
the interaction with the robot were identified:
• UC1 Nurse opens dialogue with robot
• UC2 Nurse identifies patient
• UC3 Nurse performs JCI check
• UC4 Nurse sets patient interview context
• UC5 Patient starts interaction with robot
• UC6 Robot explain procedure to patient
• UC7 Robot conducts interview with patient
• UC8 Robot creates interview report
• UC9 Robot signals doctor that interview is ready
• UC10 Doctor reviews interview report with patient using robot
• UC11 Doctor shuts down robot

ID

Use Case 1

Objective

Nurse opens dialogue with robot and identifies herself

Actor(s)

Nurse, robot

Method

Dialogue
Personnel dbase interaction

Pre-condition

Robot idle

Post-condition

Nurse identified

Action sequence
1. Robot welcomes nurse
2. Robot displays list of nurses
3. Robot asks nurse to identify herself by stating her reference number
4. Nurse states applicable reference number
5. Robot saves nurse data
6. Goto UC2
Requirements:
1. Say welcoming message
2. Interact with nurse dbase
3. Save nurse data
4. Robot makes appropriate dialogue gestures to nurse
Claims:
1. Create bond with nurse
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ID

Use Case 2

Objective

Nurse identifies patient to robot

Actor(s)

Nurse, robot, EHR-system

Method

Dialogue
EHR interaction

Pre-condition

Nurse identified

Post-condition

Nurse and patient identified

Action sequence
1. Robot asks nurse to enter patient ID
2. Nurse enters 7-digit patient ID on robot screen
3. Robot retrieves patient data from EHR-system
4. Robot makes appropriate dialogue gestures to nurse
5. Goto UC3
Requirements:
1. Interface with EHR-system
2. Save temporary patient data
Claims:
1. Ensure patient data safety

ID

Use Case 3

Objective

Nurse performs JCI check
(The Joint Commission International (JCI) is an international accreditation
organization that requires hospitals to ensure that the correct treatment
is provided to the correct patient. For that purpose, the patient need to be
correctly identified before further medical handling.)

Actor(s)

Nurse, patient, robot, EHR-system

Method

Dialogue
EHR interaction

Pre-condition

Nurse and patient identified

Post-condition

As pre-condition + patient ID confirmed

Action sequence
1. Nurse asks patient for birthdate
2. Nurse checks patient stated birthdate with birthdate displayed on screen
a.
If OK, nurse confirms to robot and goto UC4
b. If not OK, abort procedure
3. Robot makes appropriate dialogue gestures to nurse
Requirements:
1. Interface with EHR-system
Claims:
1. Ensure patient data safety
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ID
Objective

Use Case 4
Nurse sets patient interview context

Actor(s)

Nurse, robot, EHR system

Method

Dialogue

Pre-condition

Nurse and patient identified, patient ID confirmed

Post-condition

As pre-condition + patient interview context set

2

Action sequence
1. Nurse selects questionnaire from list
2. Nurse states if patient is accompanied by informal caregiver(s) – if yes, robot will distribute its
attention1
3. Nurse states who will answer the questions (patient or caregiver)
4. Robot saves context data
5. Robot makes appropriate dialogue gestures to nurse
6. Goto UC5
Requirements:
1. Robot shall interface with EHR-system
2. Robot shall be able to store context data temporarily locally
Claims:
1. Prepare for patient rapport

ID
Objective

Use Case 5
Patient starts interaction with robot

Actor(s)

Patient, robot

Method

Dialogue

Pre-condition

Nurse and patient identified, patient ID confirmed, patient interview context
set
As pre-condition + interview started

Post-condition

Action sequence
1. Patient says start to robot
2. Robot makes appropriate dialogue gestures to patient
3. Goto UC6
Requirements:
1. Robot shall initialize communication with patient
Claims:
-

1

In the remainder of this paragraph, “patient” should be read as “patient (and eventual informal caregiver)”
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ID
Objective

Use Case 6
Robot explains interview procedure to patient

Actor(s)

Patient, robot

Method

Dialogue

Pre-condition

Nurse and patient identified, patient ID confirmed, patient interview context
set, interview started
As pre-condition + patient trained

Post-condition

Action sequence
1. Robot explains procedure and displays options sequentially on its screen
2. Robot asks if explanation needs to be repeated
a. If yes repeat explanation
b. if no goto UC7
3. Robot makes appropriate dialogue gestures to patient
Requirements:
1. Robot shall give clear explanation of procedure to patient
Claims:
1. Robot provides trust to patient that they will be able to successfully complete the dialogue
with the robot

ID
Objective

Use Case 7
Complete questionnaire with patient

Actor(s)

Robot, patient, informal caregiver

Method

Questionnaire

Pre-condition

Nurse and patient identified, patient ID confirmed, patient interview context
set, interview started, patient trained
As pre-condition + questionnaire completed

Post-condition

Action sequence
1. Robot starts questionnaire
2. For question 1:n :
a. Robot introduces question
b. Robot asks question; tablet shows question, answer and additional dialogue options
c. Patient gives answer
i. Robot states the answer it had understood
ii. Robot provides explanation if required
iii. Robot skips question if required
d. Robot states affective statement if necessary
e. Robot stores answer data in EHR
f. Robot goes to b., repeat until last question
3. Robot ends questionnaire and thanks patient for cooperation
4. Robot makes appropriate dialogue gestures to patient
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Requirements:
1. Robot retrieves questionnaire data set, patient data, HCP data
2. Robot states and displays questions and answer options
3. Robot processes answer
4. Robot applies rule for giving affective and trust statement
5. Robot stores data
Claims:
1. Robot provides trust to patient that answers are stored correctly
2. Robot provides trust to patient that any issue will be highlighted to healthcare professional
3. Robot tries to put patient at ease

2

ID
Objective

Use Case 8
Robot creates interview report

Actor(s)

Robot

Method

Data processing

Pre-condition

Nurse and patient identified, patient ID confirmed, patient interview context
set, interview started, patient trained, questionnaire completed
As pre-condition + reports generated

Post-condition

Action sequence
1. Robot reads data, generates report and stores report
2. Goto UC9
Requirements:
1. Robot retrieves answer data
2. Robot creates report header with patient data
3. Robot lists questions and answers
4. Robot calculates indices and scores
5. Robot prepares report
Claims:
1. -
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ID
Objective

Use Case 9
Robot signals doctor that interview is ready

Actor(s)

Robot, doctor

Method

SMS

Pre-condition

Nurse and patient identified, patient ID confirmed, patient interview context
set, interview started, patient trained, questionnaire completed, reports
generated,
As pre-condition + doctor signaled by SMS

Post-condition

Action sequence
1. Robot send SMS to doctor that interview is completed
2. Goto UC10
Requirements:
1. Robot retrieves HCP contact data
2. Robot sends SMS
Claims:
1. Doctor is pleased to be timely informed of questionnaire completion and report availability

ID
Objective

Use Case 10
Doctor reviews interview report with patient using robot

Actor(s)

Robot, doctor, patient

Method

Dialogue doctor-patient

Pre-condition

Nurse and patient identified, patient ID confirmed, patient interview context
set, interview started, patient trained, questionnaire completed, reports
generated, doctor present
As pre-condition + shared decision making initialized

Post-condition

Action sequence
1. Robot displays reports
2. Doctor discusses report contents with patient
3. Goto UC11
Requirements:
1. Robot displays report and allows for navigating through report contents
Claims:
1. Doctor is pleased with the available report and calculated indices and scores
2. Patient is pleased that all concerns in relation to the questionnaire have been addressed and
their input has been treated seriously
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ID
Objective

Use Case 11
Doctor shuts down robot

Actor(s)

Robot, doctor

Method

Shut down by screen button

Pre-condition

Nurse and patient identified, patient ID confirmed, patient interview context
set, interview started, patient trained, questionnaire completed, reports
generated, doctor present, shared decision making initialized
As pre-condition + temporary data deleted and robot shut down

Post-condition

Action sequence
1. Doctor presses “shutdown” button
2. Robot deletes temporary data
3. Robot shut down
Requirements:
1. Delete temporary data
Claims:
1. Data handled in accordance with quality and safety requirements
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A Grounded Theory for a Robot Conducting
a Clinical Interview
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Chapter 3

3.1 Abstract
Objective: Communication is essential to the fundamentals of care. We developed a grounded
dialogue-management model for a spoken dialogue system (SDS) between a social robot and a
patient on the topic of patient-reported outcome measurements (PROMs), making it possible to
collect reliable data in a pleasant manner.
Method: Two hospital nurses each conducted PROM interviews with community-dwelling
older adults. Each interaction included 52 questions, with an average duration of 17 min 43
sec. A set of audio recordings from 20 of these nurse-patient PROM interactions was selected
and transcribed. The transcripts were subsequently analyzed according to a grounded-theory
approach with the purpose of identifying utterance categories and question-answer patterns until
saturation was achieved.
Results: We identified a grounded-theoretical SDS model and four categories, with a total of 48
contextual elements and the frequency with which they were used.
Conclusion: A theoretical model for a dialogue conducted by a social robot was developed based
on nurse-patient dialogues.
Practice implications: In the future, social robots could be used for conducting clinical interviews
including open-ended answers, thereby allowing professionals more time to provide care that is
currently left undone. To achieve this goal, however, additional research is needed.
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3.2 Introduction
As of 2019, society faced a global needs-based shortage of 17 million available healthcare
workers [1,2], even as the number of older adults requiring home and hospital care continued to
increase [3]. This combination of factors results in a high workload for the remaining healthcare
professionals (HCPs). Faced with heavy workloads, healthcare professionals must make choices
concerning which caring activities they consider essential and which could possibly be omitted.
The latter tasks are often referred to as “care left undone,” although they are also known as “missed
care,” “implicitly rationed care,” or “unfinished care” [4]. The most commonly reported types of
care left undone involve comforting or talking with patients, educating patients, and developing
or updating nursing care plans [5]. The prevalence of care left undone is high (55–98%) [4], and
this could adversely affect safety and quality of care for patients [5]. A study on the prevalence,
patterns, and predictors of nursing care left undone in European hospitals advocated a more
favorable working environment as a solution [6]. In this environment, time-consuming activities
(e.g., documenting care) should ideally be omitted, as they are unlikely to have immediate
negative consequences on the physical health of patients [6]. In a study by Yen and colleagues,
nurses spent about 25% of their time on documentation, including electronic health records,
paper charting, and review [7]. A typical documenting task for HCPs is to document the health
status of a patient using a “patient reported outcome measure” (PROM) questionnaire [8–10].
Due to the HCP workload, these interviews are often administered late, hastily, or not at all [5].
At the same time, however, the documentation of PROMs is essential to ensure a high level of
care [11]. There is thus a great need for alternative means of conducting these interviews. Social
robots could be one such means [12,13].
A social robot can be defined as a humanoid robot capable of conducting social interaction
with a human. The Pepper robot (Softbank Robotics, Tokyo, Japan) (Figure 1) is one example
[14,15]. In an earlier study, we demonstrated that this social robot was considered acceptable for
a documenting task by community-dwelling older adults, as they had the feeling that the robot
listened, that the data collected were actually used, and that a subsequent meeting with the HCP
was guaranteed [Chapter 4]. A follow-up study reported substantial agreement between health
data acquired by the robot and the data obtained by the HCP for two out of three questionnaires,
and moderate agreement for the third [Chapter 5]. The clinical interviews consisted of closedended, fill-in-the-blank questions and responses in a finite state model. In ordinary practice,
however, many questionnaires also contain open-ended questions. Furthermore, the participants
in the aforementioned studies noted that they would appreciate having the option of elaborating
on their answers (Chapter 4) [18].
Open-ended answers allowing for additional clarification are important to patients. In a study
by Comstock and colleagues, physicians who exhibited “listening behavior” (i.e. using open-
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ended questions and eliciting details) were positively correlated with patient satisfaction [19].
Open-ended questions can help HCPs to assess the context of patient answers, providing
information that could be relevant for subsequent shared decision-making concerning treatment
plans [20,21]. The challenge for a social robot involves understanding open-ended responses and
selecting the appropriate follow-up actions.
Understanding open-ended answers requires domain-specific natural-language processing
and answer classification. The classification of answers into categories is difficult due to the
length, variation, and—in many cases—poor formulation of the patient’s answers. Given this
classification problem, the selection of the subsequent verbal action can be regarded as a problem
of decision-making under uncertainty [22]. Moreover, depending on the answer, an additional
professional empathic response may be needed [20]. To this end, we draw on the fundamentals
of care (FoC), which describe the state of the art in the communication and relationship between
nurses and patients [23].

Figure 1 – Social robot Pepper in our outpatient clinic
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The FoC framework defines the actions that HCPs can take to ensure the physical and
psychosocial well-being of patients [24]. These actions include speaking actions, which we
regarded as a normative framework for HCP speech-response categories. One objective of this
study is to identify the occurrence and frequency of use of these actions in the responses of HCPs.
The aspect categories relevant to speech are underlined in Figure 2 and listed below (physical
aspects were not considered).
• Psychosocial aspects:
ºC
 alming = Helping patients to relax and address concerns and frustrations
ºN
 oting ability to cope = Allowing and helping patients to cope with their own health
situations
º Being hopeful = Assuring patients that they will be taken care of well
º Exhibiting respect = Respecting the choices of patients with regard to their care, including
their religious or cultural preferences
º Being involved = Enabling patients to contribute to decisions regarding their care (shared
decision-making)
º Providing information = Informing patients about their current and planned care plans
º Affirming dignity = Treating patients with dignity, regardless of age, gender, or other
characteristics
• Relational aspects:
º Being empathic = Trying to understand the patient perspective; being genuinely involved
with what is happening to patients
º Being respectful = Maintaining a positive and considerate nurse-patient relationship
º Being compassionate = Being aware of grief, suffering, and setbacks from others, while
demonstrating empathy, kindness, and warmth
º Setting goals = Setting realistic, mutually agreed-upon goals; leaving patients free to
reconsider these goals, in consultation with their caregivers
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Figure 2 - Overview of the fundamentals of care [24]

To the best of our knowledge, no existing social robots are capable of managing clinical interview
dialogues with older adults with open-ended answers and using statements based on the FoC
framework. In one study, DiNuovo and colleagues [25] used the social robot Pepper to assess
the cognitive skills of university personnel using the Montreal Cognitive Assessment (MoCA)
in a closed-ended question format [15,26]. Although Bandera and colleagues [27] designed
the CLinic Assistance Robot for Comprehensive geriatric assessment (CLARC) to perform a
comprehensive geriatric assessment [28], they have not yet published detailed results on the
robot’s interviewing capabilities, aside from the closed-ended questions of the Barthel index
[29,30]. Sinoo and Henkemans studied robot interaction with children for diabetes selfmanagement [31,32]. To date, no studies have resolved the challenge of developing a social robot
that is capable of managing open-ended interviews on a patient’s health status.
To address this challenge, we are developing a social robot that is capable of taking patient reported
outcome measurements (PROMs) consisting of both closed-ended and open-ended questions.
The aim of this study is to develop a flexible, personalized, and context-sensitive robot for taking
PROMs. The dialogue is currently relatively rigid, with closed-ended questions and scripted
robot responses. We would like to enable the patient to elaborate on the closed-ended questions
or to answer open-ended questions, allowing the robot to collect as much information as possible
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on the patient’s health status. The proper development of the spoken dialogue system (SDS)
requires a theory on the dialogue needed in order to collect this information [22]. For purposes
of theoretical development, many studies proceed from the analysis of human-human dialogues
[22]. We therefore adopted a grounded-theory approach to perform qualitative, interviewbased research on nurse-patient dialogues during PROM interviews [33]. We investigated what
happens during the clinical interviews between HCPs and patients and how they interact. Data
analysis based on the inductive interpretation of the study could potentially generate theory.
The research question for this study is as follows: Which contextual elements are relevant when
conducting a PROM interview, and which of these elements can be derived from nurse-patient
interactions? These contextual elements were envisaged as composing a grounded-theoretical
model for a spoken dialogue system (SDS).

3.3 Method
3.3.1 Grounded-theory method
The grounded-theory approach [33–36] applied in this research consisted of four phases: 1)
data collection, 2) open coding, 3) axial coding, and 4) theory description. Given the length
of the average answer, additional selective coding aimed at identifying super categories was not
considered necessary.

3.3.2 Data collection: Nurse-patient interactions
Audio recordings of the nurse-patient interviews conducted during our study on data agreement
[17] were used and transcribed into text documents (transcriptions). The interview transcriptions
were randomly selected and uploaded into Atlas-Ti (Scientific Software Development GmbH,
Berlin, Germany) for analysis until saturation of the coding categories was obtained. These
categories were not identified in advance, except for the various aspects of the FoC framework (as
discussed later in this article). The relationship between utterance and participant was also entered
into Atlas-Ti. The initial coding was performed by the researcher (RB), and it was reviewed by a
second coder (MN, a fourth-year PhD student from same department). Both coders discussed
the coding until agreement was reached.
The coded interviews had been conducted by two trained nurses. Both nurses (both female,
each having more than 15 years of experience) and the researcher (male, MSc, third-year PhD
student) worked in the Geriatrics department of the Radboud university medical center. The
dialogue with patients took place in an outpatient clinic room, with no one present besides
the patient and the nurse. Each recording (and thus each interview) was related to a single
transcription. The nurse-patient interviews consisted of three main phases:
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• The nurse welcomed the patient and explained the purpose of the interview.
• The nurse asked the questions from three questionnaires as they would normally do: introducing
and asking the question; allowing for open-ended answers; and reacting to explanations or any
other comments made by the patient during the questioning. The following three questionnaires
were used:
º The TOPICS-SF frailty questionnaire (18 questions; Appendix B)
º The Personal Well-being questionnaire (9 questions; Appendix C);
º The Resilience questionnaire (25 questions; Appendix D);
• The nurse finished the interview and parted company with the patient.
The participants were recruited among community-dwelling older adults (age > 70) [17]. Although
the participants did not know the nurses, they did know about the research and the researcher
through the advertisement, and they had volunteered to take part in the study and be interviewed
by the nurse. The interview was not pilot-tested, as it involved well-known questionnaires. The
interviews were also not repeated, as there were no concerns about interrater reliability. The
interview transcripts were not provided to participants for comment and/or correction, as this
was not the purpose of the study. All participants provided written informed consent.
During the interview period, the researcher and the interviewing nurses noted their observations
and other thoughts and considerations in memos. These memos were used for axial analysis,
theory-building, and discussion.
3.3.3 Open coding
The first open coding used the discourse-analysis method for the utterances of both the nurses
and the patients [37]. A discourse can be defined as the language embedded within a social
interaction (e.g., between HCP and patient) [37]. Conversation analysis is the analysis of a
specific type of discourse: an orderly conversation in which participants construct their speech in
orderly ways [37]. The HCP-patient interview can be regarded as an orderly conversation, given
that it is governed by the questionnaire structure. In conversation analysis, the task of the analyst
is to discover the orderly practices and patterns through which humans interact [38]. Apart
from the introduction and the ending, the interaction is constructed of question-answer pairs
(QA pairs). A “QA pair” is defined as all utterances relating to a single question. An “utterance”
is defined as all text spoken by a person before the dialogue turned to the other person (for the
sake of convenience, pausing phenomena were ignored). The analysis of the QA pairs excluded
the start of the interview (before the first question) and the closing of the interview (after the
last question). A thematic approach was used to categorize the utterances. It was not possible
to use available coding systems (e.g., Hulsman’s Communication Rating System), as these are
aimed at doctor-patient communication in general, rather than focusing specifically on PROM
questionnaires [39].
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A basic QA pair consists of two speech segments. The first segment consists of the HCP asking
the question as literally defined in the questionnaire. In the second segment, the patient answers
by stating exactly one of the predefined response options (Figure 3). The linguistic analysis
focused on identifying utterance categories (i.e., variants of this basic pair). The utterances in the
transcriptions were subdivided into the utterances of HCPs and of patients.
Nurse: How do you rate your health on a scale from zero to ten?
Patient: Eight.

Figure 3 - Basic QA pair

The second open coding related to the use of the FoC aspects (type, frequency) by the nurse. The
coding resulted in the categorization of utterances into one of the aforementioned subcategories
of psychosocial or relational aspects.

3.3.4 Axial coding
Axial coding focused on the identification of “patterns.” A pattern starts with a question X
from questionnaire Y. It includes any follow-up clarifying or explanatory questions, as well
as other interactions, and it ends when the sub-dialogue on a specific question has finished
and next question can be posed. The patterns were coded thematically, and this coding was
refined, restructured, and reviewed by aforementioned researcher and the coding reviewer until
agreement was reached.

3.4 Results
3.4.1 General
In all, 40 audio recordings from 40 community-dwelling older adults were available (mean age
77.1 years, SD=5.7 years, 45% female). From these recordings, 20 were randomly selected as an
initial theoretical sampling set and transcribed. These transcriptions were uploaded into AtlasTi and then analyzed until saturation. Most of the transcriptions (14) were required for axial
coding. The total duration of these 14 transcripts was 4 hours 8 minutes and 8 seconds. The
average duration of a transcript was 17 minutes and 43 seconds (SD = 9 min 55 sec), with two
outliers: 44 minutes 52 seconds, and 33 minutes 21 seconds.

3.4.2 Open coding
Thorough reading of the transcriptions resulted in a preliminary coding schema. Saturation
in HCP utterance categories was reached after analyzing five randomly selected interaction
transcripts. In several rounds of analysis, the codes were further refined, similar codes were
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merged, and infrequent codes were removed. Sixteen HCP utterance categories emerged, as
presented in Table 1.
Table 1 - HCP utterance categories in order of frequency used.
#

HCP utterance category

1

Asking question in full

205

2

60

4

Asking
for
answer
clarification
Asking
abbreviated
question
Stating response options

5

Introducing question

25

6
7
8

19
18
14

11

Repeating answer to self
Using interjection
Using
connecting
statement
Requesting confirmation
of response
Introducing
question
group
Explaining question

12
13
14
15
16

Switching to next question
Proposing to start
Additional ending
Final question
Proposing to skip question

7
4
3
3
2

3

9
10

Frequency

Example
Can you dress yourself completely
independently?
Do you mean this answer?

51

And going up and down the stairs?

30

Your response options are always,
mostly, often, sometimes, rarely,
or never
The first question is about your
health in general.
With some difficulty.
“well”, “fine”, “ok”, “sure”
And the last question is …

11

Also an 8?

10

The next questions concern your
activities in daily living.
This refers to your sense of
security for the future, as you
experience it
And the next question concerns …
Shall we begin?
How would you answer that question?
That’s all, we’re finished
Would you like to skip this
question?

10

Using the same approach applied for HCP utterances, saturation in patient utterance categories
was also reached after analyzing five randomly selected interaction transcripts. Nine categories
emerged, as listed in Table 2.
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Table 2 - Patient utterance categories in order of frequency used
#

Patient utterance
category

1

Standard answer

2

Standard
prefix

with

78

3

Answer with alternative
coding

66

4

Clarifying answer

33

5

Confirming answer

30

6

Using interjection

16

7

Does not know

12

8

Repeats question

1

9

Confirm skip

1

answer

Frequency
122

Example
Nurse: Can you do the shopping
completely independently?
Patient: With minor effort
Nurse: Can you perform light household
tasks completely independently?
Patient: I think with minor effort
Nurse: Are you experiencing pain or
discomfort at this time? You can
answer with No / A little / Moderate
/ Serious / Extreme
Patient: The second option
Nurse: In the past four weeks, how
often have you been a happy person?
Patient: I had the flu, and therefore
I should say “sometimes”
Nurse: Can you perform light household
tasks completely independently?
Patient: I still do everything myself
Nurse: Do you mean without any
effort?
Patient: Yes, without any effort
Nurse: In the past four weeks, how
often have you felt downhearted and
blue?
Patient: Well eh … never
Nurse: On a scale from 0-10, how do
you rate your quality of life?
Patient: If I were 18, I would know,
but now I don’t
Nurse: In the past four weeks, how
often have you felt calm and peaceful?
Patient: (thinking) Do I feel calm
and peaceful?
Nurse: Yes
Patient: Mostly
Nurse: Would you like to skip this
question?
Patient: Yes let’s skip this question

The category “clarifying answer” includes all comprehensive answers beyond one of the other
categories. The category “confirming answer” relates to answers that were given to the nurse
seeking confirmation of the answer (e.g., because they did not understand or hear it: “Do you
mean without any difficulty?”).
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Detection of the FoC aspects saturated after analyzing 9 transcriptions, with the results emerging
as indicated in Table 3. The Setting Goals aspect was used only in the introductions of the
interview and, strictly speaking, it was related more to goals for the research rather than to goals
for care, as intended in the FoC (see example).

Table 3 - FoC Aspects identified and their frequency
#

FoC utterance category

Frequency

1

Being empathic

36

2

Being compassionate

16

3

Being hopeful

13

4

Noting ability to cope

11

5

Setting goals

9

6

Providing information

7

7

Exhibiting respect

6

8

Being involved

3

9

Affirming dignity

2

10

Calming

2

Example
That is indeed a nasty disease

That is understandable
We will probably be able to help
you with that
You seem to be a very resilient
person
I am going to ask you to questions
from three questionnaires
Two weeks ago, you had the first
interview and now, you are having
the second one
If you feel that you cannot answer
the question, you should tell me
That’s a difficult question, isn’t
it?
Well done
Please take care of yourself

3.4.3 Axial coding: Pattern Analysis
During axial coding, the transcriptions were once again analyzed according to patterns. Saturation
on pattern categories was reached after analyzing 14 transcriptions. In all, 13 patterns emerged
(Table 4). Information from the memos was used to refine pattern definitions.
The nurse took the initiative for the start and the closing of the interview. They retained the
initiative while also informing the patients and ensuring that goals were set for the interview. Social
talk was often included in the start or closing. The start of the interview ended by introducing the
first set of questions and posing the first question. The introduction of individual questions or
question groups is important to obtaining the most useful answers. If a default answer was given,
the action was to search for the next applicable question.
Managing doubt occurred when the nurse perceived doubt in the answer given by the patient.
This doubt could be expressed by using more than one of the baseline answers in the complete
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answer phrase, or by not using any of the baseline answers, or by using words as “doubt,” or “not
sure,” or by repeating the question and leaving a pause.
In some cases, elaboration by the patient was initiated by the patient. In other cases, the patient
wished to be invited to elaborate, such that the nurse felt obliged to ask, “What do you mean?”
The answer phrase included one of the baseline answer options. It was followed by the next
question or resulted in a short dialogue with multiple exchanges.
Certain answers compelled the nurse to exhibit compassion. In general, HCPs are taught to
maintain professional distance and use professional responses [20]. In 12 cases, the nurse asked
the patient to explain the answer. This was usually done by repeating the patient’s answer in
interrogatory form, although it was sometimes also explicit.
Explanation of the question was initiated by an explicit statement from the patient (“What
do you mean?”) or by hesitation on the part of the patient. The nurse reacted by providing
an explanation, repeating the question, or interpreting the hesitation. Patients also sometimes
questioned the question, thereby prompting the nurse to explain the purpose and background
of the question. Some patients also reported a disease without being explicitly asked to do so.
This could prompt a compassionate response from the nurse . Two examples in Table 4 refer
to self-ridicule. In response, the nurse made a chuckling sound and a brief comment, before
proceeding to the next question. Patients sometimes explicitly asked for compassion, thereby
exerting social pressure the nurse to ask a follow-up question. In two cases, the patient raised a
societal problem. In both cases, the nurse responded by expressing understanding that this was
apparently a problem for the patient, without taking any explicit stance. Examples of patterns
examples are provided in Table 4. References in parentheses indicate the number of the utterance
category (x) in Table y using the format Ty-x.
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Table 4 - Pattern analysis
#
1

2

3

4

5
6
7
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Pattern category

Frequency Example
Nurse: Do you have any complaints about
Managing doubt
16
your memory?
Patient13: No, but yes, well ehm … you
sometimes forget some things. (T2-7)
Nurse: It is “no” if “no” fits best. It is
important if it causes problems for you.
(T1-11, T3-7)
Patient13: Yes. Mostly you don’t know it,
right? (T2-7)
Nurse: No, well if you don’t know, we could
say “no.” (T1-11)
Patient13: Yes, exactly (T2-6)
Nurse: It could also be that people close
to you are sometimes directing you on the
issue. For example, they might ask you if
you are having problems with your memory.
This is about your answer. (T1-11)
Patient13: Yes. (T2-6)
Nurse: Can you walk up and down the stairs
Elucidation by
14
completely independently?
patient
Patient8: Well, sometimes my knee gives
some trouble. (T2-4)
Nurse: Your answer should reflect how you
perceive it. (T1-11)
Patient8: Then, with some difficulty. (T22)
Nurse: Are you able to perform light
Exhibiting
14
household tasks completely independently?
compassion
Patient20: I do clean the windows, that
is heavy work. Cleaning the lower kitchen
cupboards is also difficult. (T2-3)
Nurse: I can understand. Now is the time to
do some fun things as well. (T3-8)
Nurse: Do you currently have any pain or
Requesting answer
12
discomfort?
explanation
Patient18: Yes, moderate …(T2-2)
Nurse: And may I ask why? (T1-2)
Patient18: I have problems with my foot, I
have to have surgery on it. That makes it
difficult to walk. (T2-4)
Nurse: I understand. (T3-2)
Patient18: So therefore moderate. (T2-2)
Nurse: I am going to ask you questions from
Introduction
11
three questionnaires …
Closing
11
Nurse: That was all of the questions
Nurse: So, you would have liked to own a
Social talk
9
yacht…

Grounded Theory for Interviewing Robot

8

Explanation of a
question by the
HCP

5

9

Questioning the
question

3

10

Reporting disease
without being
asked

3

11

Self-ridicule

2

12

Asking for
compassion

2

Nurse: Do you agree with the statement “I
can be on my own if needed”?
Patient13: Can be on my own. Ehm. (pause)
What do you mean? (T2-7)
Nurse: That you can manage by yourself
if needed. It’s a somewhat philosophical
question for you to interpret. (T1-11)
Patient13: Yes. I … (pause)(T2-6)
Nurse: I can be on my own if needed, thus
independent of others. (T1-11)
Patient13: Yes. I agree. (T2-2)
Nurse: How applicable do you consider the
statement, “I doubt the meaning of life”?
Patient13: That is a philosophical question.
(T2-4)
Nurse: It’s about how you would interpret
it. (T2-11)
Patient13: Then I don’t agree. (T2-2)
Nurse: How would you rate your health in
general?
Patient3: Uhh. A 6. I have problems with my
stomach. (T2-2, T2-4)
Nurse: Do you still suffer from that? (T31)
Patient3: Yes... (explanation follows)

Nurse: The first statement is: “If I
make plans, I carry them out.” What
would be the best answer?
Patient14 (male): (laughs) Do you mean
my answer, or that of my wife? (T2-4)
Nurse (chuckles): Your answer. (T2-1)
…
Nurse: Do you have any complaints about
your memory?
Patient18: Well, I am steadily getting
better in forgetting things. (T2-4)
…

Nurse: How often has your physical condition
hindered your social activities?
Patient12: Well, continuously, because of
the injury to my hand, I had to stop playing
sports. (T2-6, T2-1, T2-4)
Nurse: I see. How long ago were you injured?
(T3-2)
Patient12: Next Monday, it will be three
weeks. (T2-4)
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Table 4 - Continued
13

Raising a societal
problem

2

Nurse: How satisfied are you about the
degree of certainty regarding your future?
Patient8: That is a difficult question. We
depend on a very unreliable partner, namely
our government. So, I am not so sure. (T24)
Nurse: You are not sure? (T1-9)
Patient8: No, I am not sure. Thus a 6, or
7 at the most. Make it a 6. I don’t trust
them, and you people from healthcare must
be worried too. (T2-1, T2-4)

3.4.4 Theory
Based on the results, the theory on PROM interaction dialogues can be expressed as a set of
concepts with several contextual elements that are related to each other in a cohesive manner
(visual portrayal in Figure 4):
• 16 HCP utterance categories for use as potential robot speech actions in a dialogue (Table 1)
• 9 patient utterance categories for the categorization of patient responses (Table 2)
• 10 FoC aspects for integration in the robot speech action, as demanded by the situation (Table
3)
• 13 interview-pattern categories to guide the start, continuation, and conclusion of the
interaction involved in a single question (Table 4)
These concepts can be used in a dialogue structure similar to that of the counselling dialogue
as designed by Bickmore and colleagues [40]. This approach generates the following high-level
sequential structure for the verbal PROM interaction dialogue:
1. Open the conversation by welcoming the patient.
2. Conduct a social dialogue.
3. Set the dialogue goal.
4. Repeat the following questioning sequence (a–e) until the dialogue goal has been reached:
		 a. Select action:
			
i. HCP utterance
			
ii. FoC utterance, if applicable
		 b. Generate speech phrase to say to patient.
		 c. Obtain patient utterance through automatic speech recognition (ASR)
		 d. Classify patient utterance and probable pattern category.
		 e. Update patient state.
5. Close conversation and part company.
The opening, social dialogue, closing, and parting-company portions of this structure are generic
in nature for many dialogue types. In contrast, Steps 3 and 4 are specific to a PROM-taking
dialogue, and they can be incorporated into a generic recipe for PROM_Questioning [40].
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Figure 4 - Grounded model for PROM-questioning communication

This model can be implemented beginning with a model specification containing a set of
functional requirements. These requirements are included in Appendix F.

3.5 Discussion and Conclusion
3.5.1 Discussion
This paper is intended to define a grounded theory for a social robot that is capable of performing
social interaction with regard to the health status of patients. The theory consists of a model (Figure
4) with four interrelated concepts: HCP utterance categories, patient utterance categories, FoC
utterance categories, and pattern categories, with each concept consisting of a set of contextual
elements (Tables 1–4).
The management of the utterances of patients and HCPs can be regarded as a problem of
decision-making under uncertainty: which verbal action should be taken based on the current
knowledge on the state of the patient [22]? Further research is needed with regard to the analysis
and classification of these variations in contextual elements. The small body of transcriptions
collected for this study could be regarded as a bootstrapping set for a user simulator, which could
be used to explore millions of dialogue variations on a scale that would be impossible to achieve
with real patients and HCPs [22].
Patients can be enabled to provide the robot with more extensive information on their conditions
through open-ended answers. These answers can be analyzed and stored in an electronic health
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record system for all HCPs to read. This would avoid the need for patients to re-tell their stories
again and again to each new HCP, which has been identified as an irritating factor for patients
in patient-nurse interactions. Another advantage of such a system for HCPs is that it would
ensure that they are all equally informed. It could also result in more time becoming available
for comforting and talking to the patients—a caring task that is currently left undone in many
cases, due to the high workload [5,6]. This would improve the quality of care, while meeting
the educational, emotional, and psychological needs of patients [4]. As indicated by use of the
FoC framework, patient-robot interaction could take place in several areas (e.g., relational,
psychosocial), thus potentially enhancing the patient’s sense of having been heard, while
potentially encouraging patients to provide more reliable information.
The most important strength of this chapter is that it provides the first detailed analysis of nursepatient interaction within the context of a PROM interview, with the purpose of establishing a
grounded theory for SDS. The results provide an overview of variations in types of contextual
elements types and the potential for classifying these elements into distinct categories. Algorithms
could be developed to manage and improve this classification using machine learning. In previous
studies, the design has been used within the context of closed-ended responses. The current study
builds on this body of research [see Chapter 4 and 5].
Despite its strengths, the current study is also subject to several weaknesses. The authors used
a thematic approach to defining utterance categories, and it is conceivable that other categories
could have been identified if other questionnaires or other interview settings had been considered.
Furthermore, the introductions and some intermediate parts of the interviews included social
talk, which remains difficult to manage, given its variation, complexity, and dependence on the
individuals involved.

3.5.2 Conclusion
By this study, we identify relevant contextual elements for a social dialogue system involving a
social robot and a patient with regard to patient reported outcomes. The theory consists of four
interrelated concepts: healthcare professional utterance categories, patient utterance categories,
fundamentals-of-care utterance categories, and pattern categories, with each concept consisting
of a set of context elements. These four concepts, their interrelationships, and their 48 contextual
elements can be used in the SDS design. Further research on the detailed verbal and non-verbal
robot-patient information exchange is desirable.

3.5.3 Practice Implications
A fully digitized open dialogue with a human, even within the context of specific domains, is
still out of reach for current social robots, and it is not expected to be used in daily practice
in the near future. Developments in natural language processing and artificial intelligence are
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proceeding rapidly, however, and they could begin to have an impact on daily clinical practice
within the next few years. Social robots using closed-ended questions are paving the way for such
developments. This results of this study will be used as input for a randomized controlled trial to
be conducted by the researchers within outpatient clinics.

3.5.4 Supporting information
The contents of this paper have been checked according to the COnsolidated criteria for
REporting Qualitative studies (COREQ) checklist (Appendix A) [41].
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3.7 Appendixes
3.7.1 Appendix A - COREQ list
Consolidated criteria for reporting qualitative studies (COREQ): 32-item checklist
Developed from:
Tong A, Sainsbury P, Craig J. Consolidated criteria for reporting qualitative research (COREQ):
a 32-item checklist for interviews and focus groups. International Journal for Quality in Health
Care. 2007. Volume 19, Number 6: pp. 349 – 357
No. Item

Guide questions/description

Reported on
Page #
Included in
paper?*)

Which author/s conducted the interviews?
The interviews were conducted by trained nurses. The interview
transcripts were analyzed and coded by the researcher. Coding was
discussed with a second experienced coder.
What were the researcher’s credentials? E.g. PhD, MD
MSc
What was their occupation at the time of the study?
Researcher
Was the researcher male or female?
Male
What experience or training did the researcher have?
University education.

Page 59

Was a relationship established prior to study commencement?
No
What did the participants know about the researcher? e.g.
personal goals, reasons for doing the research.
Participants were informed that the goal of the research was to
determine feasibility and acceptance of Patient Reported Outcome
Measurements by social robots. The research was done as part of the
researcher’s PhD work.

Page 60

What characteristics were reported about the inter viewer/
facilitator? e.g. Bias, assumptions, reasons and interests in the
research topic
The interviewers were both trained nurses. There is no specific bias
in their interview conduct.

Page 59

Domain 1: Research team and
reﬂexivity
Personal Characteristics
1. Interviewer/facilitator

2. Credentials
3. Occupation
4. Gender
5. Experience and training

Page 59
Page 59
Page 59
Page 59

Relationship with participants
6. Relationship established
7. Participant knowledge of the
interviewer (researcher)

8. Interviewer characteristics
(nurses)

Page 60
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Domain 2: study design
Theoretical framework
9. Methodological orientation and What methodological orientation was stated to underpin the
Theory
study? e.g. grounded theory, discourse analysis, ethnography,
phenomenology, content analysis.
1.
Grounded theory (GT).
2.
Discours analysis (DA) (conversational analysis of
institutional talk.)
3.
Theory of fundamentals of care (FoC).
Participant selection

GT: Page 59
DA: Page 60
FoC: Page 58

10. Sampling

How were participants selected? e.g. purposive, convenience,
consecutive, snowball.
The participants were recruited among community dwelling older
adults (> 70) and volunteered to take part in the experiment.

Page 60

11. Method of approach

How were participants approached? e.g. face-to-face, telephone, Page 60
mail, email
Through local media advertisements and older adults organizations.
How many participants were in the study?
Page 61
Twenty transcripts were used.
How many people refused to participate or dropped out?
Page 61
Reasons?
Not applicable, available transcripts were used.

12. Sample size
13. Non-participation

Setting
14. Setting of data collection
15. Presence of non-participants
16. Description of sample

Where was the data collected? e.g. home, clinic, workplace
Page 59
Outpatient clinic at XXX hospital.
Was anyone else present besides the participants and researchers? Page 59
No.
What are the important characteristics of the sample? e.g.
Page 60
demographic data, date
Community dwelling older adults (> 70)

Data collection
17. Interview guide

18. Repeat interviews
19. Audio/visual recording

20. Field notes

21. Duration
22. Data saturation
23. Transcripts returned

76

Were questions, prompts, guides provided by the authors? Was
it pilot tested?
The interview consisted of three medical questionnaires with
introduction and closure. It was not pilot tested.
Were repeat inter views carried out? If yes, how many?
No.
Did the research use audio or visual recording to collect the
data?
We used audiorecordings.
Were ﬁeld notes made during and/or after the inter view or
focus group?
Yes.

Page 60

What was the duration of the interviews or focus group?
On average 17 min 43 sec.
Was data saturation discussed?
Yes.
Were transcripts returned to participants for comment and/or
correction?
No.

Page 61

Page 60
Page 61

Page 60

Page 61-63
Page 60
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Domain 3: analysis and ﬁndings
Data analysis
24. Number of data coders

25. Description of the coding tree

26. Derivation of themes

27. Software
28. Participant checking

How many data coders coded the data?
The researcher provided the initial coding, and this coding was
discussed with a second experienced coder until agreement.
Did authors provide a description of the coding tree?
See Figure 4 Figure 4, where the orange boxes represent the four
main tree branches.
Were themes identiﬁed in advance or derived from the data?
The HCP and patient utterances as well as the patterns were not
identified in advance. The Fundamentals of Care aspects were
identified in advance.
What software, if applicable, was used to manage the data?
Atlas-ti
Did participants provide feedback on the ﬁndings?
Not applicable.

Page 59

Page 69

Page 60

3
Page 59
Page 58

Reporting
29. Quotations presented

Were participant quotations presented to illustrate the themes/
Page 62-68
ﬁndings? Was each quotation identiﬁed? e.g. participant number
Quotations are identified in Atlas-Ti in relation to the participants.
For patterns the relation with individual patients is most relevant
and then the patient ID’s are given in Table 4.

30. Data and ﬁndings consistent

Was there consistency between the data presented and the
ﬁndings?
Yes, see page 69-71 theory description
Were major themes clearly presented in the ﬁndings?
Yes, see page 69-71 theory description
Is there a description of diverse cases or discussion of minor
themes?
Yes, see page 69-71 theory description

31. Clarity of major themes
32. Clarity of minor themes

Page 69-71

Page 69-71
Page 69-71
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Appendix B
The TOPICS short form has the following questions:
Table 5 - Topics short form questionnaire
#
1
2
3
4

5
6
7
8
9
10
11
12
13
14
15
16
17

18
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Question
On a scale from 0-10, how do you rate your
health in general?
Do you experience pain or discomfort at this
moment?
Do you have complaints about your memory?
Can you, fully independently, dress yourself?

Answer scale
0-10
No / A little / Moderate / Serious / Extreme

No / Yes
Yes, I can do it fully independently without any
difficulty / Yes … but with some difficulty / Yes …
but with great difficulty / No, I cannot do it fully
independently, I can only do it with someone’s help
Can you, fully independently, stand up from id.
sitting in a chair?
Can you, fully independently, wash and dry id.
your whole body?
Can you, fully independently, go up and id.
down the stairs?
Can you, fully independently, walk outdoors id.
(if necessary with a cane or wheel rollator)?
Can you, fully independently, take care of id.
your feet and toenails?
Can you, fully independently, do “light” id.
household activities (for example, dusting
and tidying up)?
Can you, fully independently, do the id.
shopping?
Can you, fully independently, take your id.
medicines?
Can you, fully independently, use your own id.
or public transportation?
How often in the past four weeks have you All of the time / Most of the time / A good bit of
felt calm and peaceful?
the time / Some of the time / A little of the time /
None of the time
How often in the past four weeks have you ìd.
felt downhearted and blue?
How often in the past four weeks have you id.
been a happy person?
During the past 4 weeks, how much of the All of the time / Most of the time / Some of the time
time has your physical health or emotional / A little of the time / None of the time
problems interfered with your social activities
(like visiting with friends, relatives, etc.)?
On a scale from 0-10, how do you rate your 0-10
quality of life?

Grounded Theory for Interviewing Robot

19
20

Has someone helped you with
questionnaire?
If yes what did the help consist of?

this No / Yes
I chose the answers, some else wrote them down / I
chose the answers together with someone else, who
wrote them down / Someone else chose the answers
for me and wrote them down

3.7.2 Appendix C – The Personal Wellbeing Index.
The Personal Wellbeing Index asks a person to score the following questions on how satisfied he
feels, on a scale from zero to ten. Zero means he feels no satisfaction at all and ten means he feels
completely satisfied.
1.Thinking about your own life and personal circumstances, how satisfied are you with
your life as a whole?
2.How satisfied are you with your standard of living?
3.How satisfied are you with your health?
4.How satisfied are you with what you are achieving in life?
5.How satisfied are you with your personal relationships?
6.How satisfied are you with how safe you feel?
7.How satisfied are you with feeling part of your community?
8.How satisfied are you with your future security?
9.How satisfied are you with your spirituality or religion?

3.7.3 Appendix D – Resilience Scale
The resilience scale asks a participant to state their agreement with each of 25 statements. The
agreement can be expressed as Totally Disagree – Disagree – Agree – Totally Agree.
The statements are:
1.
When I make plans, I follow through with them.
2.
I usually manage one way or another
3.
I am able to depend on myself more than anyone else
4.
Keeping interested in things is important to me
5.
I can be on my own if I have to
6.
I feel proud that I have accomplished things in life
7.
I can deal with unexpected problems
8.
I am friends with myself
9.
I feel that I can handle many things at a time
10.
I am determined
11.
I am not sure about the meaning of life
12.
I take things as they come
13.
I can get through difficult times because I’ve experienced difficulty before
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14.
I have self-discipline
15.
I keep interested in things
16.
I can usually find something to laugh about
17.
My belief in myself gets me through hard times
18.
In an emergency, I’m someone people can generally rely on
19.
I can usually look at a situation in a number of ways
20.
I can force myself doing things, even if I don’t feel like it
21.
My life has meaning
22.
I do not dwell on things that I can not do anything about
23.
When I’m in a difficult situation, I can usually find my way out of it
24.
I have enough energy to do what I have to do
25.
It’s okay if there are people who don’t like me

3.7.4 Appendix E – FoC aspects detailed definitions
The seven psychosocial aspects are defined as follows:
• Calm = Supporting to patient to unwind. Concerns and frustrations of the patient are
addressed. Noise and distractions during nursing are minimized.
• Able to cope = Allow and help the patient to deal with his own situation. Patients are
encouraged to talk about their needs, and they are really listened to. Emotional reactions of
the patient are discussed with him/her. Language use is dedicated to the patient and jargon
is avoided.
• Hopeful = Tell (ensure) the patient that he will be taken good care of, despite his clinical
condition or chance for recovery.
• Respected = Respect the patient’s choices in relation to his care, including religious or
cultural preferences.
• Involved = The patient is enabled to contribute to decisions on his care (patient participation,
or shared decision making).
• Informed = The patient is kept informed of his current and planned care plan.
• Dignified = Patients are treated with dignity, irrespective of age, gender, sexual connotation,
religion, liguistic or cultural background, or the presence of a psychological or physical
health problem. Ensure privacy e.g. during showering, bathing on the bed; giving privacy.
The six relational aspects are defined as follows:
• Being empathic = Try to understand the patient’s perspective, be genuinely involved with
what happens to the patient. Reactive show of empathy based on what patient said.
• Being respectful = The nurse-patient relationship is positive and does not cause harm. Nurses
are considerate in their relation with patients.
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Being compassionate = Nurses are aware of grief, suffering and setbacks from others, and
show empathy, kindness and warmth.Active attitude to emotional aspects of patient’s
situation
• Being consistent = Nurses ensure a coordinated and unambiguous delivery of care.
• Ensure goals are set = Mutually agreed realistic goals are set. Patients are free to reconsider
these goals, in consulatation with their caregivers.
• Ensuring continuity = The care is continuously deleivered, facilitated and coordinated. After
a patient has been dismissed, the hospital remains a fall-back option.
The latter three relational aspects are mainly related to the care process.

3.7.5 Appendix F – Model Specification
Table 6 - Model specification
#

Requirements
The model shall be able to ...

1

... record and analyze the answer.

2

... determine if a default or no-default answer has been given.

3

... categorize the answer in one of the patient utterance categories.

4

... determine the likely pattern and act accordingly.

5

... if certain conditions are met, select a FoC statement.

6

... select the appropriate HCP utterance category.

7

... convert HCP utterance and FoC statement into a text-to-speech.
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4.1 Abstract
Patient reported outcome measures (PROMs) are an essential means for collecting information
on the effectiveness of hospital care as perceived by the patients themselves. Especially older
adult patients often require help from nursing staff to successfully complete PROMs, but this
staff already has a high work load. Therefore, we introduced a social robot to perform the PROM
questioning and recording task.
Our objective was to design a multimodal dialogue for a social robot to acquire PROMs for
older patients. Our research question was: what would be the effectiveness, the efficiency, and the
subjective usability as perceived by older adults of acquiring PROMs by a social robot?
The robot dialogue design included a personalized welcome, PROM questions, confirmation
requests, affective statements, use of a support screen on the robot displaying the answer options,
and accompanying robot gestures. The design was tested in a crossover study with 31 communitydwelling persons aged 70 years or above. Answers obtained with the robot were compared with
those obtained by a questionnaire taken by humans.
First results indicated that PROM data collection in older persons may be carried out effectively
and efficiently by a social robot. The robot’s subjective usability was on average scored as 80.1
(±11.6) on a scale from 0 to 100. The recorded data reliability was 99.6%.
A first relevant step has been made on the design trajectory for a robot to obtain PROMs from
older adults. Practice variation in subjective usability scores still asks for technical dialogue
improvements.
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4.2 Introduction
Patient report outcome measurements (PROMs) are questionnaires to record a patient’s opinion
on the status of their health condition, health behavior, or their evaluation of received healthcare.
PROM data are obtained from the patient without interpretation of the patient’s response by a
clinician or anyone else [1]. Several health organizations advise that patients should be routinely
asked for these “patient reported outcomes” [1–3]. They consider information from the patient’s
perspective essential to support a patient-centered approach to care. A survey of nearly 100,000
clinical trials published between 2007 and 2013 found that a PROM was used in 27% of these
trials [4]. For older adults, PROMs are specifically important because they may also be a means
to express the patients’ actual and desired quality of well-being. In this respect, most older adults
consider their quality of well-being recovery by a hospital intervention more important than
increased longevity [5,6].
The process of obtaining PROMs may require help from clinical staff; this is often necessary
but time consuming. Furthermore, time may be needed to enter the data in an electronic health
record. However, the administrative workload for nurses for writing nursing reports and nursing
handovers is already high [7,8]. Therefore, a relevant aim is to decrease the time spent by nurses
on administration. This allows more time left for providing the fundamentals of care, such as
sharing fear and sorrow, securing appropriate nutrition, hydration, personal hygiene, sleep, rest,
and interpersonal communication [9].
Electronic PROM tools (ePROs) are applications on a computer, tablet, or smartphone, in which
people can enter their responses to questions [10,11]. Advantages above pen-and-paper solutions
are the automatic storage of the patient’s responses in their personal health record, the automated
calculation of scores, and the ease to present processed results in a brief report to medical staff.
However, many patients have difficulty using computers, tablets, or smartphones because of their
lack of digital literacy [12]. Also physical or cognitive problems, disabilities, or chronic diseases
can make this technology difficult to use [13–15]. Other specific problems with exchanging
tablets between patients are privacy threats and risks of spreading infections [10].
A speaking social humanoid robot may be an alternative for using paper forms, tablets, or
computers, if it is capable to conduct a dialogue on the status of the patient’s health. In that
scenario, the patient needs only to answer the questions by voice. State-of-the-art social robots
can include advanced dialogues that incorporate additional introductions, explanations, and
background information. The robot can use affective statements such as “I am sorry to hear that”
where appropriate. Moreover, the social robot could spend more time on the PROM interaction
than nurses may have available. Obviously, the social robot shares many of the advantages
identified for ePROs, such as electronic data storage, data processing, and reporting.
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There is already some evidence that social robots are useful for answering health-related questions.
Experiments have been done where participants answered health questions posed by a robot using
data entry on a touch screen attached to the robot [16,17]. In another experiment, health-related
questions were posed to a participant in a so called “Wizard-of-Oz” setup [18], which means that
human operators remotely enter the statements to be said by the robot and the participant is
actually interacting with a human operator instead of an autonomous robot system [19]. To our
knowledge, social robots have not yet been used for autonomous PROM questioning.
Based on the aforementioned research and the fact that the pen-and-paper interview with a nurse
is still the most common option for conducting PROM questionnaires among older persons,
we decided to focus on the comparison between a social robot and a nurse in this proof-ofconcept study. We designed a multimodal dialogue for a social robot to obtain a valid patient
reported outcome. Our research question was defined as: what is the effectiveness, efficiency,
and subjective usability of the robot-taken PROM questionnaire (RP), when compared with a
human-taken PROM questionnaire (HP)?

4.3 Design of the PROM Interaction
Following the situated cognitive engineering method [20,21], the design process started from a
reference scenario in which the social robot is located in a room and the patient is brought to
the robot by a nurse for an interview. The patient would sit in front of the robot and initiate
the dialogue. Then the robot would start asking a range of questions and react to the answers
given. When all questions were answered, the robot would thank the participant. The modes of
behavior for the robot toward the patient were decided to be aiming at cheerfulness, politeness,
responsibility, intellect, logic, helpfulness, personalization, trust, and convenience [22–24].
In the next step, we wanted to make the dialogue representative for most PROMs. Therefore,
we selected a range of typical questions with varying answer sets such as dichotomous and
polytomous items, linear scales, visual analogue scales, and questions for numbers or dates.
We reviewed PROM questionnaires currently in use at our Geriatrics department: the Personal
Wellbeing Index [25], the Malnutrition Universal Screening Tool [26], pain assessment using a
Visual Analogue Scale [27,28], the Pittsburgh Sleep Quality Index [29], the Barthel index [30],
and The Older Persons and Informal Caregivers Study questionnaire (TOPICS) [31]. Fifteen
questions were selected on well-being, malnutrition, pain, sleep, and ability to perform certain
activities of daily living from these PROMs (see supplementary material for the questions used).
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The Pepper robot from Softbank Robotics (Tokyo, Japan) was selected as robot platform because
of its user-friendly programming environment, its ability to communicate in Dutch, and its
friendly human-like appearance, which was expected to appeal to older persons (Fig. 1). Pepper
is a humanoid robot 1.21 meter tall and 26 kg in weight. It has a 10.1” screen on its chest.
The screen was used to display the question-and-answer (Q&A) options for all questions except
those on birth date and nationality. The Dutch speech recognition and speech functionality
was made by Nuance (Burlington, MA, USA). For Pepper’s arm and body motions during the
interaction, the robot’s ALSpeakingMovement and ALListeningMovement modules were used,
which launched random arm and body animations typical for a neutral communication. In both
modules, the robot eyes followed the human head to keep eye contact.

Camera

4

Table

Field of view
robot

Field of view
participant

Participant

Robot
≈ 1.2 meter
≈ 2.0 meter

Desk

Researcher

Figure 1 – The Pepper Robot

Figure 2 – Schematic view of the interview setup

4.4 Evaluation
4.4.1 Experimental Setup
The experiment is designed as a non-blinded controlled crossover trial. Each participant had a
RP interaction and a HP interaction. The RP and HP interactions were planned to take place
with a two-week wash-out period in between to minimize learning effects. The order of the RP
and HP interactions for the participant was based on the time of signing in for the experiment.
We recruited community-dwelling older participants by advertisements in a local newspaper
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and through welfare organizations for older persons. Inclusion criteria were age above 70 years,
Dutch speaking, and no cognitive impairments. Because of the lack of data for this type of
human–robot interaction trials, we could not calculate a sample size needed, and pragmatically
we aimed at a sample size of 30 participants.
The interview setup consisted of a room in which the participant sat on a chair facing the robot at
a distance of about 1.2 meter. The heads of the robot and the participant were at the same height.
The robot was the main object of view for the participant (Fig. 2).
The intention was that the participant was able to complete the interview without any help. Since
this would probably be the first time that these older adults would interact with a social robot,
during the RP interaction a researcher was present in the room for reassurance. For example, if
the participant did not know how to proceed, the participant could ask the researcher what to
say to the robot. During video analysis, such an event will be noted as an off-script event. All
interactions were recorded with a Flip mino HD video camera (Cisco Systems, CA, USA).
The research plan has been reviewed by the Medical Ethical Review Board of the Radboud
university medical center (dossier number 2017-3392); the board did not consider the study
as a medical experiment, and therefore the research plan was not subject to national legislation
for medical experiments in human beings. Informed consent was obtained from all individual
participants included in the study.

4.4.2 The Procedure for the Interactions
The RP interaction started with the researchers inviting the participant to sit in a chair opposite
the robot. First, the participant completed a three-minute training dialogue with the robot under
guidance of the researcher. If the participant was comfortable to proceed after completion of
the training dialogue, they could initiate the PROM questionnaire by saying “Hello Pepper.”
If during RP interaction the robot would malfunction, the researcher could be asked for help.
The HP interaction started with the researcher asking the same PROM questions. The dialogue
script as programmed in the robot was used to make both interviews comparable. The answering
options were shown on a laptop to mimic the robot’s screen.

4.4.3 Data Analysis
We selected three empirical sources to evaluate this proof of concept of the RP interactions:
data recordings of the robot itself, analysis of the interaction video’s, and questionnaires for
the participants on both interactions. The interview by the robot was defined to be efficiently
conducted if it was completed within a reasonable time [32], compared with duration of the
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HP interaction (ratio HP/RP duration > 0.5). It was expected that, during the actual RP
dialogues, some off-script events might occur. Off-script events are events that do not follow the
preprogrammed script of questioning and answering. Two off-script event types were anticipated.
The first off-script event type was one raised by the participant, when for instance, the robot did
not respond to the answer given by the participant, and therefore the participant had to repeat
the answer. In the second off-script event type, the participant asked for help from the researcher.
Both RP and HP interaction videos were reviewed, and observed events were written down
on forms and categorized. The effectiveness of RP interaction was determined by counting the
number of off-script events that occurred during the interactions [33].
A question/answering interaction “set” was defined as one participant completing one Q&A set
including confirmation and optional repeats or clarifications. With X participants completing Y
Q&A-sets with the robot, we would obtain X*Y interaction sets. The number of off-script events
can be related to the number of interaction sets. It is possible that more than one off-script event
occurs during one interaction set. Because this is a feasibility study, we did not aim to study
validity issues between questions.
An evaluation questionnaire was used to ask participants to score their subjective usability after
both the RP interaction and the HP interaction. The questionnaire consisted of 11 statements to
be scored on a 7-point Likert scale (totally disagree – disagree – slight disagree – neutral – slight
agree – agree – fully agree, equivalent to scores 1–7). The statements were based on the Almere
model for assessing acceptance for assistive social agent technology [34] and selected and adapted
to conducting PROM questionnaires (Table 1). All statements are formulated positively since
negations complicate wanted understanding of the questions [35]. The overall usability score was
determined using the method for the System Usability Scale [35]:
N
100
Ts =
� (Si - 1)
N×L
i=1

Here, Ts is the total score on a 0–100 scale, i the item number, N the total number of items, L the
Likert range minus one, and si the score per item. A usability score is called “high” if the mean
score is over 80. To compare the usability scores of RP and HP, we used evaluation questions 1–8
and 10 of Table 1, replacing the word “robot” in the question by “nurse” for the HP interaction.
Questions 9 and 11 were not fitting HP interaction and were not included in the comparison.
All participants were asked to compare both experiences by asking them to score the statements
“Do you find a difference in answering the questions by human or robot?,” “Would you mind
if these questions are asked by a robot instead of a human?,” “Would you feel more at ease with
the human?,” and “Did you consider answering the questions from the robot more difficult?”
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on a 7-point Likert scale. This could indicate the preference for one of the methods, RP or HP.
The recorded data reliability was assessed by comparing the answers recorded electronically by
the robot with the answers stated by the participants as heard in the video. We determined the
correlation between the answers on the questions on life in general, health in general, weight, and
activities of daily living, given to the robot and the nurse, because these were not likely to change
over period between the RP and HP interactions.
The Castor research data management system (Castor EDC, Amsterdam, the Netherlands) was
used to record study data. SPSS version 22 (IBM, USA) and Microsoft Excel 2007 (Microsoft,
USA) were used for statistical analysis. The resulting outcome scores for effectiveness, usability,
and the times measured for efficiency were compared in paired one sample t-tests between
subjects for normally distributed data, and by the Mann–Whitney U test for non-normal
distributions. Standard deviations are presented between parentheses. Correlations between
continuous variables in the TOPICS answers were analyzed with Spearman’s ρs. The datasets
generated during and/or analyzed during the current study are available from the corresponding
author on request.

4.5 Results
Thirty-one community-dwelling older participants (45% female) with an average age of
76.2 (2.0) years completed both sessions. No participants were observed as frail or ill at the
moment of the interviews. We did not observe clear anxiety among participants during the RP
interaction. No participants had speech impediments. Their education level was high: 57% of
the male participants and 82% of the female participants had a college or university degree. Of
all participants, 35% had visited an outpatient clinic in 2017 for treatment, for checkups, or for
emergency care.
All 31 participants completed all 15 Q&As; therefore, we obtained 465 interaction sets. The
participants showed 100% adherence to both interactions. Two participants have not answered
the (repeated) e-mails on the HP interaction evaluation; therefore, we could use only 29
evaluations for the paired comparisons on usability.
The average number of off-script events caused by the participant for the RP interaction was 5.2
(±3.2) per participant, and in total 162. In 83 events, these concerned barge-in errors where a
participant answered “yes” or “no” too quickly on one of the seven confirmation questions or the
four ADL questions. In 26 events, the participants had to repeat their answer a bit louder for the
robot to understand. In 11 events, the participants used an answer not in the answer list, realized
this because the robot did not react, and corrected themselves. Other off-script events were: the
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participant making a funny remark which the robot did not understand, the participant gave a
wrong answer at first and corrected themselves, the participant did not understand the question,
and the participant did not hear the robot.
The average number of off-script events where the researcher was asked to help for continuation
with the interview was 2.0 (±1.2) per participant, and in total 55. The researcher explained how
to give the answer, and after the participant did so, the robot continued with the interview. In 22
sets, help was needed with fluently stating their birth day. In 15 sets, the participant answered yes
or no too quickly. In 11 sets, the participant used an answer not in the answer list. The following
events occurred only for a maximum of three times: the participant did not understand the
question; the participant did not hear the question; or the participant stated the answers too
softly. In all cases the interview was completed.
The number of off-script events in HP interactions was on average 3.3 (±2.7) per participant, and
in total 106. A qualitative analysis of the HP dialogue videos showed that these off-script events
can be categorized as follows:
• Participant gave a long explanatory answer (51 sets);
• Participant gave a short answer that is not in the answer list (32 sets);
• Participant gave a premature answer (19 sets);
• Participant posed a clarification question to the human (three sets);
• Participant answered with a joke (one set).
The nature of the off-script events differed between HP and RP interactions. For the RP
interaction, they were due to volume issues or “jumping the gun,” whereas during HP interaction,
participants clarified their answers.
The RP task efficiency ratio was 5 min 32 sec / 7 min 11 sec = 0.77, where the average duration
for the RP interaction (without training time) was 7 min 11 sec (0 min 42 sec; range: 6 min 00
sec – 9 min 36 sec) and for the HP interaction 5 min 32 sec (0 min 49 sec; range: 4 min 19 sec
– 8 min 57 sec). The shortest RP interview duration with all answers given immediately correct
was 5 min 57 sec. The recorded data reliability analysis shows only two sets (0.43%) in which
a wrong answer had been registered by the robot. Thus, the recorded data reliability is 99.6%.
The participants scored the overall subjective usability score as 80.1 (±11.6) for the robot and
84.0 (±10.7) for the human; these scores are not significantly different (t(28)=-1.46, p=.16,
95% CI(-8.89,1.50). The participants’ opinions on the interaction are provided in Table 1. The
first group (n = 17), who were first interviewed by the robot and then by the human, scored the
subjective usability for the robot on average as 78.2 (±12.9) and for the human as 82.0 (±10.5).
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The second group (n = 12), who were interviewed in reverse order, scored the subjective usability
for the robot as 82.4 (±9.8) and for the human as 86.7 (±11.0). Thus, carry-over effects changing
the difference in RP vs HP evaluation were absent (p < 0.001). The mean time between both
interviews was 15.7 days.
We compared the participant’s answers given to the robot and given to the human. The answers
have a strong correlation for the questions on satisfaction with life in general (Spearman’s ρs =
0.900, same answers = 85%), health in general (ρs = 0.913, 74%) and on weight (ρs = 0.980,
77%). The dichotomous answers to the questions on the ability to travel independently were
equal for 97% of the participants. The same levels were reached for the questions on shopping
(97%), meal preparation (97%), and doing household tasks (90%).
Table 1 - Evaluation questions, variables, and scores for the RP interaction with older participants
1
2
3
4
5
6
7
8
9
10
11

Evaluation questions
I approve of this robot asking me questions
on my health
I find it easy to answer the questions of the
robot
I think the robot understands my answers
correctly
I find the talking speed of the robot
satisfactory
I find the robot reacting pleasantly to my
answers
I think the robot’s body motions were
appropriate
I find the robot made a friendly impression
I would trust the robot if it would give me
advice
I find the robot funny
I find the answering of questions from the
robot a pleasant way to provide data on my
health
I think my family and friends would
approve of using a robot to provide data on
my health

Variable
Attitude Towards Technology

Mean score SD
87
17

Perceived Ease of Use

87

16

Trust

76

23

Perceived Ease of Use

85

19

Perceived Enjoyment

88

13

Perceived Sociability

67

25

Perceived Enjoyment
Trust

88
66

11
21

Perceived Sociability
Perceived Usability

85*
78

17
21

Social Influence

68*

22

* Not included in subjective usability evaluation of the HP interaction.
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4.6 Discussion
4.6.1 Global Evaluation
Our experiment on the interaction of a robot with older participants in asking structured data
showed that the robot interview was perceived as an acceptable way to provide PROM data.
This is consistent with the results among a group of patients with Parkinson’s disease [18]. The
subjective usability of the robot was rated high. The system usability scale rating did not differ
significantly between the PROM acquisition by the robot vs the human. Moreover, the robot–
PROM interaction was highly reliable in registering the PROM answers as communicated. The
design of the multimodal dialogue proved usable, although there certainly are some lessons
learned and possible improvements identified by the off-script interactions.
The task efficiency in terms of completion time was moderate: the robot interaction took more
time if you consider the time between first and last question. This may be different when analyzing
the complete time from meeting the patient to saying goodbye, but this is more difficult to
compare objectively. We expect that efficiency can be improved by tailoring the multimodal
interaction sets to specific questions. The effectiveness goal of the interaction for routine PROM
acquisition in care pathways should be to obtain data without off-script events requiring external
intervention. In future, no staff should need to be present during the interview. Some off-script
events by the participant might not necessarily be a problem, e.g. stating an answer twice if
the robot does not initially react, as long as it does not annoy the participant. Participants also
caused off-script events during their interaction with the human, and this is considered normal.
However, to improve the effectiveness, we will consider including answer screens for also the
more obvious answer sets, and use a timer function that enables the robot to take action if,
after some time, it has not been able to understand the participant’s statement. The observed
correlations between the participant’s answers on the same questions to the robot and to the
human also gave confidence that use of the robot may result in valid PROM questioning.
Our results may point out the potential usefulness of social robots for other patient groups. For
example, for symptom reporting by children in pediatric oncology [36]. However, it may also be
useful for some older adults who are reported to have problems with the Geriatric Depression
Scale and the Patient-Reported Outcome Measurement Information System [15].

4.6.2 Strengths and Weaknesses
The strength of this study is the design, implementation, and evaluation of conducting PROM
questionnaires by a robot and the comparison with data acquired by a nurse. We used a strict
protocol for both interactions and based the investigation on validated usability scoring methods
[34,35], tailored for this study. As far as we know, this is the first study that evaluated robotmediated data acquisition on healthcare outcomes (PROMs) in older participants.
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A limitation of the study is that it had a non-blinded design and included a small sample of
highly educated participants, which may have inflated acceptability. We did not measure frailty
or illness objectively. Moreover, although participants in this study may have been representative
for the older persons first seen in an outpatient setting, they are not representative of frail older
patients admitted to hospital. For these patients, a separate usability trial is needed.

4.7 Conclusions and Future Work
We conclude from our study that a first relevant step has been made on the design trajectory for
a robot to effectively and efficiently obtain PROMs from older adults. The robot is able to pose
PROM questions and record their answers. The subjective usability was judged positively by the
older participants who favorably accepted and appreciated the interaction with the social robot.
However, we also observed several interaction elements that still require improvements to obtain
a higher effectiveness and efficiency.
This first positive proof of concept warrants further innovation, implementation, and evaluation
of social robot interaction with older patients. Next steps should consist of further development
of the quality of the interaction in co-creation with healthy older and more frail older participants.
This will include exploration of direct PROM feedback to professionals, as well as application
of this social robot technology in integrated care pathways [37] to have both patients and
professionals benefit from an improved quality of care. Future opportunities might also include
gathering patient reported outcomes in the patient’s native language.
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4.9 Appendix 1 - Supplementary Material
Table 1 - Selected PROM questions, answer options, and reference
Q#

Question text

Answer options

Ref

Q1

What is your date of birth?

Any date

[1]

Q2

What is your country of birth?

Any country

[1]

Q3

What is the highest education level
you’ve finished?

Q4

Select number 1–7 from 7 education levels:
[1]
1. (Description education level 1)
.......
7. (Description education level 7)
Excellent / very good / good / reasonable / bad [1]

How satisfied are you with your quality
of life?
How satisfied are you with your health
Scale 0–10
in general?
How much is your current weight, in kg? Any integer number 0–150

Q5
Q6
Q7

[2]
[3]

Did you unintentionally loose any
weight in the last 6 months
If yes at Q7: “How much in kg?

Yes/No

[3]

Any integer number 0–20

[3]

Q8

Do you have pain?

Yes / No

[4,5]

Scale 0–10

[4,5]

Q9

If yes at Q8: On a scale from 0 to 10,
how much?
How did you sleep last night?

Q10

Can you tell me, can you walk around
fully independently in your house or
outside?

Q11

Select one of four options:
1 – I am not able to independently move,
2 – I can move only with help of others,
3 – I can move with a wheelchair,
4 – I can move fully independently, if
necessary with a walker or a stick
Yes / No

I have some questions for you on your
Activities for Daily Living. You can
answer these questions by saying “no”
or “yes.” If you don’t know the answer,
you can say “I don’t know.” If the
question is not clear, you can say “I don’t
understand.” Do you want me to repeat
this explanation?
Do you need help with travelling?
Yes / No
I don’t know → robot gives explanation
I don’t understand → robot gives explanation
Do you need help with grocery
Yes / No
shopping?
I don’t know → robot gives explanation
I don’t understand → robot gives explanation
Do you need help with preparing your
Yes / No
meal?
I don’t know → robot gives explanation
I don’t understand → robot gives explanation
Do you need help with household tasks? Yes / No
I don’t know → robot gives explanation
I don’t understand → robot gives explanation

Q12
Q13
Q14
Q15
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Very good / reasonably good / a little bad / bad [6]
[7]

[1]
[1]
[1]
[1]
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4.10 Appendix 2 - Comparison human-robot
The participant’s comparison of both experiences, which was mentioned in the method section
above, was not included in the paper. To keep the contents of the paper the same as in the
Journal, the results are added to this thesis by means of this Appendix and Table 2 below.
Table 2 - Comparison human-robot.
Totally
disagree

Disagree

Slightly
disagree

Neutral

Slightly
agree

Agree

Fully
agree

There is hardly any difference
between answering the questions
from the robot or the human

3%

3%

26%

3%

19%

29%

16%

I felt more at ease when the
human asked the question, when
compared to the robot.

6%

35%

3%

23%

10%

16%

6%

I have more confidence in
the human than in the robot
regarding the correct registration
of my answers.

13%

32%

3%

29%

3%

13%

6%

If I have to answer these questions
a next time, than I would not care
if the robot or the human would
ask me the questions.

3%

6%

6%

19%

13%

32%

19%

I find it more difficult to answer
the questions from the robot than
from the human.

10%

48%

13%

10%

10%

3%

6%

6%

13%

0%

10%

19%

29%

23%

According to my feeling, the
answering of the questions with
the human went faster.
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5.1 Abstract
Background/objectives: Healthcare professionals (HCPs) are confronted with an increased
demand for assessments of important health status measures, such as Patient Reported Outcome
Measurements (PROMs), and the time this requires. The aim of this study was to investigate the
effectiveness and acceptability of using a HCP robot assistant, and to test the hypothesis that a
robot can autonomously acquire PROM data from older adults.
Design: A crossover study where a social robot and a nurse administered three PROM
questionnaires with a total of 52 questions.
Setting: A clinical outpatient setting with community-dwelling older adults.
Participants. Forty-two community-dwelling older adults (mean age: 77.1 years, standard
deviation: 5.7 years, 45% female).
Measurement: The primary outcome was the task time required for robot-patient and nursepatient interactions. Secondary outcomes were the similarity of the data and the percentage of
robot interactions completed autonomously. The questionnaires resulted in two values (robot and
nurse) for three indexes of frailty, wellbeing, and resilience. The data similarity was determined
by comparing these index values using Bland-Altman plots, Cohen’s kappa (κ), and intraclass
correlation coefficients (ICCs). Acceptability was assessed using questionnaires.
Results: The mean robot interview duration was 16.57 min (sd = 1.53 min), which was not
significantly longer than the nurse interviews (14.92 min, sd = 8.47 min; p = 0.19). The three
Bland-Altman plots showed moderate to substantial agreement between the frailty, wellbeing,
and resilience scores (κ = 0.61, 0.50, and 0.45, and ICC = 0.79, 0.86, and 0.66, respectively).
The robot autonomously completed 39 of 42 interviews (92.8%).
Conclusion: Social robots may effectively and acceptably assist HCPs by interviewing older adults.
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5.2 Introduction
An important set of medical data consists of patient responses to medical questionnaires, such
as Patient Reported Outcome Measurements (PROMs)[1–3]. PROM data provide essential
information about a patient’s health status and the effectiveness of the delivered care[1]. A survey
of nearly 100,000 clinical trials published between 2007 and 2013 found that PROMs were
used in 27% of these trials[4]; however, interviewing an older patient for a PROM is a timeconsuming administrative task for healthcare professionals (HCPs), whose time is often very
limited. This problem is further exacerbated by the increasing shortage of medical personnel[5];
therefore, patients are frequently asked to provide the data themselves using computers, tablets,
or smartphones[6,7]. Many patients, in particular older patients, have difficulties using digital
technology solutions because of their lack of digital literacy[8] or their disabilities (e.g., low
vision)[9]. In cases where older patients are requested to complete forms via the internet, the
non-response rate is high (74%) and increases with age[10].
Social robots can be viewed as humanoid robots with which a person can interact like with
another person[11,12]. They are emerging as potential supporting technologies for HCPs, and
their potential for involvement with patient data collection is currently under investigation[13].
The use of social robots in the care of older patients has been widely investigated[14–21];
however, to the best of our knowledge, their ability to independently conduct a health status
questionnaire in a hospital setting has not yet been evaluated. Our study therefore adds to the
scarce research on robot-assisted surveys.
Our hypothesis is that the social robot task time for autonomously conducting lengthy PROM
surveys in older adults does not differ significantly from the task time if a HCP conducts the
survey (the current practice). We already showed proof-of-concept regarding the acceptability and
effectiveness of social robots interacting with a group of older volunteers, but did not compare
this with regular care[22]. In this study we aimed to test our hypothesis with communitydwelling older adults using a specifically designed robot-participant interaction program on the
Pepper robot[23]. This social robot has a friendly engaging appearance and an height of 1.2
meter as preferred by older adults[24]. We measured the task completion percentage without
HCP intervention, the agreement between data obtained via the HCP- and robot-conducted
surveys, and compared the task duration and acceptability of these methods of data collection.
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5.3 Methods
5.3.1 Trial design
The experiment was designed as a non-blinded randomized controlled crossover trial to compare
data acquisition via robot (robot-participant: RP) and nurse (nurse-participant: NP) interactions
with older participants. Each participant answered three questionnaires administered by the robot
in one session and the same three by a nurse in another session. This within-subject crossover
design was selected to minimize variance not related to the signal of change and better detect
differences in appreciation of the HCP and the robot. A two-week washout period was used
between sessions to minimize the learning effects. The two week period is a compromise between
a longer wash out, by which carry-over effects could be further reduced, and the increasing
probability for intercurrent morbidity in these older subjects, which would limit comparability.
Participants were randomly assigned by the researcher to two study groups using their sign-up
dates, with one group encountering the nurse in the first session and the robot in the second
session, and the other group encountering the reverse order of interviewers. This counterbalancing
was applied to avoid learning and boredom effects.

5.3.2 Ethics, consent, and permissions
This study was approved by the institutional review board of the Radboudumc. Written informed
consent was obtained from all participants.

5.3.3 Participants
Participants were recruited by newspaper advertisements or through local older adult organizations
in the period November 2017 – January 2018. The inclusion criteria were as follows: aged over
70, Dutch speaking, living independently, and no cognitive disabilities.

5.3.4 Interaction design
The interaction design was focused on the patient’s self-assessment of their current frailty,
wellbeing, and resilience in coping with illness. These assessments were performed using the
TOPICS short form (TOPICS-SF) questionnaire[25], the Personal Wellbeing Index (PWI)[26],
and the Resilience Scale[27], respectively.

5.3.5 Experimental procedure
During the RP session, the nurse welcomed the participant and accompanied them to the
examination room with the robot (Figure 1). The nurse and the participant sat opposite the robot,
and the nurse explained that she had a new robotic assistant to help in her administrative tasks by
verbally administering questionnaires. The participant received an instruction card explaining his
dialogue options, which were also displayed with a large font size for easy readability on the robot’s
screen (Supplementary Figure 1)[28]. This allows the participant to think about the options
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independent of memory function, and select the most appropriate answer. After a short training
dialogue for the participant, the nurse instructed them how to command the robot to start the
actual RP interaction, and then left the room, leaving the participant alone with the robot. Upon
the participant’s start command, the robot began the interview with the questionnaires, asking
for confirmation of each answer it registered. Upon interview completion the robot thanked the
participant. This procedure is further detailed in Supplementary Appendix 1.
The NP interaction procedure was comparable to the RP procedure, except that the nurse
interviewed the participant, showed the questions and answer options on a paper form, and
noted the given answers.

5

Figure 1 - Person being interviewed by the Pepper robot.

5.3.6 Outcomes
The primary outcome measure was the time required for completion of the questionnaires in
the RP and NP interactions. The secondary outcome measures were the data similarity, and the
percentage of RP interactions completed autonomously (without HCP intervention). We also
evaluated the opinion of the participants on the acceptability of using the robot technology for
clinical interviews.
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5.3.7 Sample size
Using G*power for a dependent t-test (two-tailed) within subjects[29], a sample size of 36 people
was calculated to be required to detect a 0.5 effect on the efficiency (time) of PROM completion
when the power was set at 0.90 and using an α of 0.10.

5.3.8 Data analysis
The RP answers were recorded electronically by the robot, while the NP answers were recorded
on paper. All data were stored in the Castor data management system[30]. The data were
analyzed using SPSS statistical software (version 22; IBM, Armonk, NY, USA) and Microsoft
Excel (Office365; Microsoft, Redmond, WA, USA).
The autonomous completion percentage was determined as the number of RP interactions
without interrupting events, as a percentage of the total number of RP interactions. An
interrupting event is defined as any HCP intervention necessary for further continuation of the
interview by the robot, e.g. because of a robot failure. The task duration of each interview was
calculated as the difference in time between the first and last answers. In the RP interactions, the
time was recorded electronically by the robot, and for the NP interaction the time was calculated
from the interview recording.
The data similarity was calculated for three indexes. The Frailty Index (FI) was calculated from
the 18-question TOPICS-SF[31], excluding any missing values. FI is used for the phenotypic
categorization of participants as Frail, Pre-frail, or Robust, where Pre-frail was equivalent to 2–5
deficits reported in the TOPICS-SF questionnaire (giving an FI of 0.1–0.25)[32]. The overall
Personal Wellbeing Index (PWI) was calculated from the average scores on questions 2 to 8 of the
PWI, which was converted to a value on a scale from 0–100, with higher scores reflecting higher
wellbeing[26]. The PWI index was categorized into three categories, low, medium, and high,
with cutoffs pragmatically defined as the overall mean ± the standard deviation of all index values
from PWInurse and PWIrobot. The Resilience Scale resulted in a Resilience Index (RI) between
25 and 100, where higher scores reflected higher resilience[27]. The RIs were converted using
gender-specific norm values, then categorized into low, medium, or high resilience categories.
Each participant thus obtained six indexes: FInurse, PWInurse, RInurse, FIrobot, PWIrobot,
and RIrobot. Following the method of Bland and Altman[33,34], the agreement between
the two assays for each index was analyzed using scatter plots of the samples, where S(x,y) =
((Indexnurse + Indexrobot)/2, Indexnurse – Indexrobot). The intraclass correlation coefficients
(ICCs) for the continuous measures (the indexes) were determined in SPSS using a two-way
mixed model that analyzed the absolute agreement between the robot and nurse measurements.
Additionally, Cohen’s kappa (κ) was calculated for the ordinal measures to analyze the interrater agreement between RP and NP. A κ < 0 was characterized as no agreement, 0.00–0.20 as
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slight agreement, 0.21–0.40 as fair agreement, 0.41–0.60 as moderate agreement, 0.61–0.80
as substantial agreement, and 0.81–1.00 as almost perfect agreement[35]. Indices were first
measured as a discrete integer value within a finite interval, and next - for purpose of classifying
patients into groups – were converted into a categorical value, and therefore both ICC and κ
were calculated[36]. Carryover effects were determined by comparing the sequential results of
both study groups.
Finally, the participants were asked to score the acceptability of the robot using Almere
questionnaires[37]. These questionnaires assessed distinct properties of robot usability: Attitude
towards the Robot, Facilitating Conditions, Anxiety, Perceived Sociability, Social Influence,
Perceived Ease of Use, Social Presence, Perceived Enjoyment, Trust, and Perceived Usefulness
(Supplementary Table 1). Each construct was judged using a seven-point Likert scale. The answers
were converted into a value on a 0–10 scale, with higher scores reflecting higher acceptability.
Constructs consisting of more items were averaged, and negatively formulated items were
reversed in the summation.

5

5.4 Results
5.4.1 Participants
Forty-two people (45% female) participated in this study, all of whom lived independently in
a Dutch city, were native Dutch speakers, were an average of 77.1 (sd = 5.7) years old and on
average completed their secondary education. Hearing aids were used by four participants (10%),
and spectacles were used by 34 of them (83%). 45% of our subjects had recent health service
contacts (29% no contact, 26% unknown). Supplementary Figure 2 shows the participant flow
diagram, while Supplementary Table 2 provides the participant demographics. All participants
completed the allocated treatment, i.e. interview sessions; therefore, the intention-to-treat and
per-protocol analyses were identical.

5.4.2 Task durations and autonomy
Both task times were positively skewed, and a paired t-test was allowed[38]. Participants
completed their RP interaction with a mean task duration of 16.57 min (sd = 1.53 min), while
the mean NP task duration was not significantly shorter (14.92 min, sd = 8.47 min, n=42, t =
1.33, p = 0.19). Three of the 42 RP interactions required an interruption event by the nurse,
once because of a technical failure and twice because of a participant start-up command failure.
The autonomous completion percentage was therefore 92.8%. The HP interactions showed a
100% completion.

109

Chapter 5

5.4.3 Frailty Index
The FI data agreement is shown by the Bland-Altman plot in Figure 2. The FI differences showed
a normal distribution. The mean FI difference between the data acquired during the RP and NP
interactions was 0.001 (sd = 0.053), and the lower and upper LOAs were –0.105 and 0.102,
respectively (CIs: –0.107 to –0.102 and 0.100 to 0.104, respectively). A systematic error of
0.13% was observed in the FI differences, but no systematic trend was detected. No significant
difference was found between the RP and NP FIs (t = –0.16, df = 41, p = 0.87), and the κ value
was 0.61, indicating substantial agreement. The ICC was 0.79 (CI: 0.65 to 0.88; F(41,41) =
8.49, p < 0.001). The carryover effects were symmetric. The participants gave an average of 4.1 ±
2.4 different answers to the robot or nurse, where 85% differed by one grade on the item scale,
12% differed by two grades, and 3% differed by three or more grades.

Difference between FI

0.20
0.15

0.10
0.05
0.00
-0.05

0.00

0.05

0.10
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0.20

0.25

0.30

0.35

-0.10
-0.15
-0.20

Average Frailty Index

Figure 2 - Bland-Altman plot of the differences in the Frailty Index values determined from the nurseparticipant and robot-participant data. The thick central line indicates the mean difference, the dotted lines
reflect the limits of agreement (LOA), and the short solid lines indicate the confidence intervals (CI) for
the LOAs.

5.4.4 Personal Wellbeing Index
The PWI differences were normally distributed (Figure 3). The PWI mean difference was 0.44
(sd = 4.27), with lower and upper LOAs of –7.94 (CI: –8.69 to –7.18) and 8.81 (CI: 8.06 to
9.58), respectively. A systematic error < 0.5% was observed, with no trend detected in the PWI
differences. No significant difference was detected (t = 0.67, df = 41, p = 0.51), and the κ value
was 0.50, which indicated moderate agreement. The ICC was 0.86 (CI: 0.76 to 0.92; F(41,41) =
13.53, p < 0.001). The carryover effects were symmetric. The participants gave an average of 3.2
± 1.9 different answers to the robot and nurse, 81% of which differed by one grade on the item
scale, 12% differed by two grades, and 7% differed by three or more grades.
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Figure 3 - Bland-Altman plot of the differences in the Personal Wellbeing Index values determined from
the nurse-participant and robot-participant data. The thick central line indicates the mean difference, the
dotted lines reflect the limits of agreement (LOA), and the short solid lines indicate the confidence intervals
(CI) for the LOAs.

5

5.4.5 Resilience Index
The RI Bland-Altman plot is presented in Figure 4. The mean difference was 4.07 (sd = 5.29)
with lower and upper LOAs of –6.30 (CI: –13.27 to 0.66) and 14.45 (CI: 7.48 to 21.41),
respectively. No trend was observed, but we did note a significant systematic difference (t = 4.99,
df = 41, p < 0.01): participant RIs scored by the nurse were higher than those scored by the robot.
The κ value was 0.45, indicating moderate agreement between the NP and RP values. The ICC
was 0.66 (CI: 0.23 to 0.84; F(41,41) = 7.04, p < 0.001). The carryover effects were asymmetric:
for the nurse-then-robot group, RInurse was 44.0 and RIrobot was 41.4, showing a significant
decrease in RI (p = 0.014), while for the robot-then-nurse group, RIrobot was 42.3 and RInurse
was 47.7, indicating a significant increase in RI (p < 0.001). The participants gave an average of
7.9 ± 4.0 different answers to the robot and nurse, where 97% differed by one grade on the item
scale, 2% differed by two grades, and 1% differed by three grades.
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Figure 4 - Bland-Altman plot of the differences in the Resilience Index values determined from the nurseparticipant and robot-participant data. The thick central line indicates the mean difference, the dotted lines
reflect the limits of agreement (LOA), and the short solid lines indicate the confidence intervals (CI) for
the LOAs.

5.4.6 Acceptability
The acceptability of using the robot was scored from the Almere model variables (Supplementary
Table 3). The participants had generally positive feelings about the robot (mean 7.4, sd = 1.7) and
found it easy to use (mean 7.7, sd = 1.0). The robot did not invoke anxiety among participants
(mean 1.3, sd = 1.4), instead causing joyful feelings when used (mean 7.3, sd =1.7).
Participants were invited to provide additional comments on the RP interaction. Similar
comments made by four or more participants (10% of the study population or more) are
summarized here. Eleven participants said that at some time during the interview the robot did
not immediately understand them, but the available dialogue options enabled them to solve
the problem. Five participants found the robot speech unclear. Four participants found certain
questions to be inappropriate for interviews conducted by a robot. Four participants said they
wanted to be able to further elucidate their answers.

5.5 Discussion
Our findings suggest that social robots can autonomously and acceptably interview older adults
and collect valid PROM data. The primary outcome showed that 93% of the RP interactions
were autonomously completed, and provided reliable FI, PWI, and RI data. This demonstrated
that a social robot may assist HCPs in collecting PROM data from older adults, which may free
more of the HCP’s time for basic and specialized healthcare tasks[13,39]. The questionnaires
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were completed an average of 1.63 min (sd = 0.02 min) faster when performed by a nurse rather
than the robot, with no significant difference. However, the large standard deviation in the task
time by the nurse condition was unexpected. The interview duration for five participants was
more than 28 minutes, whereas for another five participants the interview duration was less than
9 minutes. This is caused by some participants elucidating on their answers (increasing interview
time), or by the nurse handling some questions with some participants much quicker and not
asking for confirmation (decreasing interview time).
The overall agreement between the outcomes of the frailty, resilience, and wellbeing assessments
was fair to good; for example, only one of the six subjects categorized as frail by the nurse was
considered pre-frail by the robot, and none were considered robust. It should be noted that
inter-rater and repeated-measurement differences in the PROMs data can appear due to (a) “real”
changes of person’s frailty, personal wellbeing and resilience, and (b) the overall reliability of the
measurement instrument. Based on an earlier study on the responsiveness and stability of the
longer term (i.e. 3-12 months) PROM ratings in a community-based older adult population,
similar to the one we’ve tested, we presumed that in a two week period the PROM outcomes
would not relevantly change[40]. However, we have not formally assessed this stability over two
weeks, which is a limitation of our study. Only for resilience, a small but significant difference
appeared between the nurse and robot “rater”, i.e., the nurse acquired a higher resilience score
than the robot. A possible reason might be that the type of questions on resilience nudged the
participants to give a more positive answer to the nurse than to the robot, because patients
often want to make a favourable impression to nursing staff due to the power imbalance in
the nurse-patient relationships[41]. Also, several participants judged the resilience scale too
undifferentiated, which may have contributed to this behavior. The reason for score difference
is not likely to be caused only because of the technical nurse vs robot difference, as then we also
expect to find a significant difference for the frailty and the wellbeing indexes. Future research is
needed to investigate if this is a persistent effect and, if yes, how to interpret it.
The participant scores of Attitude towards the Robot, Perceived Ease of Use, and Perceived
Enjoyment were in line with similar studies, such as the results reported by Briggs et al. for
their Parkinson’s Disease Questionnaire-39[42]. They tele-operated a Nao robot to conduct a
health status survey with people with Parkinson’s disease, with the researcher typing the questions
subsequently spoken by the robot. The participant’s verbal response was heard by the teleoperator, who directed the reaction of the robot. Briggs et al. found that participants reacted
positively to the robot overall; however, the robot served more as an intermediary for a human
and less as the independent entity used in our study. Broadbent et al.[43] reported that 75%
of the participants in their study responded positively to the use of a robot in an interview
situation. They used an iRobi robot to monitor patients with chronic obstructive pulmonary
disease (COPD) at their rural homes over a four-month period. The robot completed weekly
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clinical COPD questionnaires with the patient by verbally asking questions, answerable via
a touch screen on the robot. This touch screen interaction is quite different from the voicecontrolled interaction used in the present study[44]. During method definition, we considered
including an additional comparison with tablet-based surveys but decided against this because of
the significantly lower user acceptability in a similar population[12,45].
The results may be generalisable to older outpatients or patients visiting general practice, as 45%
of our subjects had recent health service contacts. The results cannot yet be translated to older
inpatient groups, who in general have more severe functional or cognitive limitations.
The strength of our study is that it is the first to use a social robot for PROM data collection
among older adults in a clinical outpatient setting. We administered three well-validated and
frequently used questionnaires in a novel way, as compared to the paper-, computer-, laptop-,
or smartphone-based data collection methods commonly used. The voice-controlled interaction
facilitated a natural manner of communicating, and the design included enough dialogue options
to enable the dialogue to be completed without intervention in the majority of cases.
Our study also had some limitations. First, there was some selection bias by our voluntary
response recruitment, which resulted in relatively highly educated participants. Moreover, our
respondents were not actual patients. Rerunning the study as a real-world application with frail
older patients of different socioeconomic status will be important for a generalization of our
study results. Second, the robot’s audio sensing and language processing functions still have room
for improvement. Third, patients could not be blinded to group allocation. The final limitation is
that we did not study the evaluation of the robot-patient interaction as perceived by nurses and
other healthcare professionals. This should also be carried out before the wide-scale use of robot
healthcare assistants.
Many people are concerned about robots taking over human jobs. For this reason, we introduced
the robot as an assistant to the HCP, not as a replacement. The HCP remains in control of patient
care, but can ask the participant to be interviewed by the robot assistant. For the HCP, having
a robot assistant is a new but helpful experience, and it is important that they are involved in
its development[13]. Our findings should stimulate the further study of the interaction modes
between patients, HCPs, and social robots. Our study indicates that autonomously acquiring
PROM data with a social robot among older adults is an acceptable procedure for this group.
These insights are needed for future studies in which an integrated care pathway solution
including a social robot can be realized, where patients are admitted to a clinic and interviewed
and guided along their treatment path by robot healthcare assistants.
In conclusion, we have shown that the use of a social robot for conducting PROMs may be a
valuable tool for HCPs and an acceptable interviewer for older patients. We recommend the
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further study of multimodal PROM questioning and the handling of open dialogues by social
robots in the interactions between older patients and their HCPs. The next step is to study the
implementation of social robot assistants in clinical practice.
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5.7 Supplementary Materials
5.7.1 Supplementary Appendix 1
The dialog flow with the robot was as follows, where all statements in bold were randomly
selected from a predefined set to enable a lively interaction. The robot read the questions and
the answer options out loud. For the participant statements that are underlined, the robot could
understand alternative ways of saying it, e.g. “yes”, “ok”, “that’s right” were all understood by the
robot as “yes”.
1. Upon the participant’s starting command, the robot began the interview with an
introduction. Then:
2. The robot asks the first question, and this question and more importantly the answer
options for the participant were shown on the robot’s tablet (Supplementary Figure 1
left).
3. The participant could:
		 a. G
 ive an answer in the displayed predefined answer range. Then:
		
i. The robot repeats the answer aloud while also showing the answer on the screen
(Supplementary Figure 1 right) and asked for confirmation
		
1. If confirmation = “yes” --> goto next question
		
2. If confirmation = “no” --> robot apologizes, and repeats question
		 b. Say “what do you mean”
		
i. The robot explains the question by providing extra background information, and
asks if the participant can now answer the question
		
1. If answer = “yes” --> robot repeats question
		
2. If answer = “no” --> robot assumes that there is problem with the question,
and says to skip the question, and proceeds with the next.
		 c. Say “please skip”
		
i. The robot asks “do you want to skip this question?”
		
1. If answer = “yes” --> robot assumes that there is problem with the question,
and says to skip the question, and proceeds with the next robot repeats
question
		
2. If answer = “no” --> robot repeats question.
4. If all questions are handled, the robot thanks the participant.
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The dialog flow with the HCP was as follows.
1. The HCP began the interview with an introduction. Then:
2. The HCP asks the first question, and this question and more importantly the answer
options for the participant were shown on the questionnaire form to the participant.
3. The participant could:
		 a. Give an answer in the displayed predefined answer range. The nurse writes down the
given answer and proceeds with the next question
		 b. Say “what do you mean”, upon which the HCP explains the question
		 c. Say “please skip”, upon which the HCP skips the question
4. If all questions are handled, the HCP thanks the participant.

5.7.2 Supplementary Figure 1 – Pepper screens
Images of a typical question screen (left) and an answer screen (right):
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5.7.3 Supplementary Figure 2 – Participant flow diagram
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5.7.4 Supplementary Table 1 – Almere model questions (modified)
Column 1 gives the code of the construct described in column 2. Column 3 provides the
definition of the construct. Column 4 gives the statement(s) used for determining the construct
value. These statements were selected from and adapted to our scenario from the original by
Almere questions as developed by Heerink et al [3].
Code

Construct

Definition

ANX

Anxiety

Evoking anxious or emotional
reactions when it comes to
using
the system.

ATR

Attitude towards Positive or negative feelings
Robot
about the appliance of the
robot.

FC

Facilitating
conditions

Statement(s) used in our evaluation
questionnaire (selected and modified to
our scenario)
I was afraid to make mistakes with the
robot.
I find the robot scary.
I find the robot intimidating.
I think it’s a good idea to use the robot.
It’s good to make use of the robot.

Factors in the environment that At the start, I knew enough of the robot to
facilitate use of the system.
answer the questions.
The trial questionnaire was convenient for
me to be better prepared for the PROM
questionnaires
Without the trial questionnaire I could
not have complete all questionnaires.

PEOU Perceived
Ease of Use

The degree to which one
believes
that using the system would be
free of effort.

I find the robot easy to use for providing
my answers.
I had sufficient time to answer the
questions.
I did not require help answering the
questions from the robot.
I think that I could answer the questions if
somebody is around.
I find the screen helpful to enable me to
provide my answer
The screen was essential for me to give the
right answer.
I liked the way the robot reminded me if
he had not heard my answer.
I used the explanation for the TOPICS
questions a lot.

PENJ

Perceived
Enjoyment

Feelings of joy/pleasure
associated with the use of the
system.

I enjoy answering PROs with the robot.
I find the robot enjoyable.
I find the robot boring.
I find the robot fascinating.

PS

Perceived
Sociability

The perceived ability of the
system to perform sociable
behavior.

I consider the robot a pleasant
conversational partner.
I find the robot pleasant to interact with.
I feel the robot understands me.
I think the robot is nice.
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PU

Perceived
Usefulness

The degree to which a person
believes that the system would
be assistive.

I think the robot can help me with
providing my answers.
I think the robot is useful to me
It would be convenient for me to have the
robot
I think the robot can help me with many
things

SI

Social Influence

The persons perception that
people who are important to
him think he should or should
not use the system.

I think the medical staff would like me
using the robot.
I think it would give a good impression to
the medical staff if I would use the robot.
I think it would give a good impression to
my family and friends if I would use the
robot.

SP

Social Presence

The experience of sensing a
social
entity when interacting with
the
system.

When interacting with the robot I felt like
I’m talking to a real person.
It sometimes felt as if the robot was really
looking at me.
I can imagine the robot to be a living
creature.
I often think the robot is not a real person.
Sometimes the robot seems to have real
feelings.

Trust

Trust

The belief that the system
performs with personal
integrity and reliability.

I think my data are safe with this system
I would trust the robot if it gave me advice
I would follow the advice the robot gives
me
I think I can give any answer I want to the
robot, whether he likes it or not.

5.7.5 Supplementary Table 2 – Demographics
Variable

Overall

NR-group

RN-group

n

42

20

22

Gender = Female

19

7

12

Gender = Male

23

13

10

Mean age

77.1

75.7

78.3

Hearing aids

4 (10%)

2 (10%)

2 (9%)

Glasses

35 (83%)

16 (80%)

19 (86%)

NR-group = “nurse first, robot second” group
RN-group = “robot first, nurse second” group
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5.7.6 Supplementary Table 3 – Almere Model scores
Scores (scale 0-10) on variables indicating intent to use the robot are given in the table below.
Variable

Acronym Description

Mean score

SD

Attitude
towards the
Robot

ATR

Positive or negative feelings about the appliance of the
robot

7.4

1.7

Facilitating
Conditions

FC

Factors in the environment that facilitate use of the
robot including training

6.7

2.0

Anxiety

ANX

Evoking anxious or emotional reactions when using
the robot

1.3

1.4

Perceived
Sociability

PS

The perceived ability of the robot to perform sociable
behavior

6.2

1.9

Social
Influence

SI

The persons perception that people who are important 5.8
to him think he should or should not use the robot

1.7

Perceived
Ease of Use

PEU

The degree to which one believes that using the robot
would be free of effort

7.7

1.0

Social
Presence

SP

The experience of sensing a social entity when
interacting with the robot.

4.3

2.2

Perceived
Enjoyment

PE

Feelings of joy/pleasure associated with the use of the
robot

7.3

1.7

Trust

Tr

The belief that the robot performs with personal
integrity and reliability

6.5

1.5

Perceived
Usefulness

PU

The degree to which a person believes that the robot
would be assistive

5.9

2.0
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6.1 Abstract
Background: Society is facing a global shortage of 17 million healthcare workers, along with
increasing healthcare demands from a growing number of older adults. Social robots are being
considered as solutions to part of this problem.
Objective: To evaluate the quality of care perceived by patients and caregivers for an integrated care
pathway in an outpatient clinic using a social robot for patient-reported outcome measurement
(PROM) interviews versus the currently used professional interviews.
Method: Multicentre two parallel groups, non-blinded, randomised controlled trial testing for
non-inferiority of the quality of care delivered through robot-assisted care. The randomisation
was by computer-generated table. The setting concerned two outpatient clinics in the period
July–December 2019. Of 419 subsequent patients visiting the participating outpatient clinics,
110 older patients fit the recruitment criteria. Inclusion criteria were ability to speak and read
Dutch and being assisted by a participating healthcare professional. Exclusion criteria were
serious hearing or vision problems, serious cognitive problems, paranoia or similar psychiatric
problems. The intervention concerned a social robot conducting a 36-item PROM. As main
outcome measure the Customised Consumer Quality Index (CQI) was used, as reported by
patient and caregiver for the outpatient pathway of care.
Results: In total 75 intermediately frail older patients were included, randomly assigned to the
intervention and control groups and processed (36 female, 39 male, mean age M=77.4 years
old, SD=7.3, range 60–91). There was no significant difference in the total patient CQI scores of
the patients with the robot pathway (M=9.27, SD=0.65, n=37) and those in the control group
(M=9.00, SD=0.70, n=38); P=.08, 95% CI (-0.04 to 0.58), and no significant difference for
their caregivers (intervention group M=9.21, SD=0.76, n=30; control group M=9.09, SD=0.60,
n=35); P=.47, 95% CI (-0.21 to 0.46). No harm or unintended effects occurred.
Conclusion: Geriatric patients and their informal caregivers valued robot-assisted and non-robotassisted care pathways equally.
Trial registration: ClinicalTrials.gov NCT03857789, status completed.
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6. 2 Introduction
In 2019, society was facing a global shortage of 17 million healthcare workers [1], along with
increasing healthcare demands from a growing number of older adults [2]. Social robots are being
considered as solutions to part of this problem [3,4]. For example, social robots—humanoid
robots that are capable of social interaction with humans [5]—might be able to support
professionals in hospital-implemented integrated care pathways [6].
Such pathways are already being used to optimise workforce use and cost-effectiveness by
delivering healthcare for a well-defined group of patients during a well-defined period [7]. The
overall aim of a care pathway is to enhance the quality of care by improving patient outcomes,
promoting patient safety, increasing patient satisfaction and optimising the use of resources [7].
Pathways also make it possible to standardise certain parts of communication with patients (e.g.
for information on the process of care and questionnaires needed to assess outcomes) [6]. A care
pathway can be visualised in the form of a time diagram (Appendix A Figure 1) depicting the
aims of the pathway steps and the responsible healthcare professionals who interact with the
patient. Although all of these dialogues are important, not all may require the actual presence
of healthcare professionals. Some could be carried out by social robots, under the supervision of
healthcare professionals.
Many studies have been conducted on assistive robots for healthcare professionals [8], as well as
on the cost-effectiveness of care pathways. We focus on healthcare robots that perform a verbal
healthcare related interaction with patients. For example, DiNuovo et al. used the social robot
Pepper to study the assessment of cognitive skills with the Montreal Cognitive Assessment (MoCA)
of university personnel [9–11]. Bandera et al. designed CLARC, a robot designed to perform
a Comprehensive Geriatric Assessment, but have not yet published results on its interviewing
performance [12–14]. Broadbent et al. used a robot to provide at-home assistance to people with
COPD. This robot spoke, but could not listen, and patients entered their responses on a touch
screen [15]. D’Onofrio et al. describe the MARIO robot designed for the practical daily living
support of people with dementia in nursing homes, focusing on differences in feasibility between
UK, Ireland and Sweden [16]. An evaluation of a social robot interviewing with medical questions
with community dwelling older adults has been described in Boumans et al [17]. In a crossover
study 31 participants were subjected to a question-answer dialogue with the robot that included
personalization and affective statements. Participants scored the robot’s subjective usability on
average as 80.1 (±11.6) on a scale from 0 to 100. Subsequently they performed an ecological
validation on the data agreement of automated acquisition for three complete Patient Reported
Outcome Measurements, also among community dwelling older adults. Data acquisition by a
humanoid robot was compared to acquisition by a nurse in a crossover study. The conclusion was
that a moderate to substantial agreement could be demonstrated between the frailty, wellbeing,
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and resilience scores [18]. The Lio robot (F&P Robotics, Glattbrugg, Switzerland) is appreciated
as support to older adults in care homes for functions as handing over physical objects and
support in performing exercises, but is not used for medical interviewing [19]. The same is
valid for the Care-O-Bot 4 robot (Fraunhofer Institute, Stuttgart, Germany) [20], however the
development of this robot is reported to be discontinued [19]. To our knowledge, however, no
studies have been conducted on the quality of care, acceptance and efficiency of social robots as
an integrated part of care pathways in an outpatient clinic.
This study is thus the first to evaluate robot interaction with older patients within the outpatient
clinic context. The older patient population was chosen, as their consultations often take more
time and are more complex (due to sensory and cognitive impairments) than are those involved
with younger and less complex patient groups. Our target group thus allows substantial room for
robot-assisted support.
Our hypothesis is that the quality of care perceived by patients and caregivers in a pathway
that includes a social robot for a standardised part of healthcare professional-patient dialogue
is not significantly lower than that perceived by the control group, whose pathway involved the
continued presence of healthcare professionals (a non-inferiority hypothesis). Perceived quality
of care can be measured validly and reliably using the Consumer Quality Index (CQI) [21],
which has been used to monitor the quality of outpatient clinics in all Dutch hospitals [22].

6.3 Method
6.3.1 Study design
The study was designed as a between-subject, multi-center randomised controlled trial among
patients visiting the outpatient memory clinics at the two teaching hospitals Radboud university
medical center (RUMC) and Canisius Wilhelmina Ziekenhuis (CWZ). It was conducted in the
period July–December 2019. The pathways of both clinics consisted of six steps: a welcome;
physical examination; an interview using a patient-reported outcome measure (PROM) and a
frailty questionnaire; a discussion of the results; a discussion on any other relevant medical issues;
and a farewell (Appendix A). We selected a care pathway describing older patients’ repeated
outpatient visits to control for safe and effective use of medications such as cholinesterase
inhibitors in patients with early stage dementia. In the intervention pathway, the PROM
and frailty questionnaires were administered by the robot, with all other actions performed
by the healthcare professional. In the non-intervention pathway, all tasks were performed by
the healthcare professionals. The Older Patients and Informal Caregiver Survey - Short Form
(TOPICS-SF) questionnaire was used as the PROM and frailty questionnaire. It consists of
36 questions on general health outcome measures: pain and discomfort, memory, activities in
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daily living, feelings, social activities and current diseases [23]. The questionnaire results are used
to generate a Frailty Index (FI), which is calculated as the summation of the values associated
with each answer, divided by the total of answered questions. The feasibility, validity and
reliability of the instrument as a frailty questionnaire has been established in previous studies
[24,25]. It has also been validated as a PROM [23]. The TOPICS-SF is currently accepted by
the Dutch Geriatrics Society as a PROM for older patients throughout the Netherlands, and it
is being implemented within several hospitals throughout the country [25]. The TOPICS-SF
questionnaire is included in Appendix B.

6.3.2 Patient population
Patients were recruited from the group of patients scheduled to visit the outpatient clinics of
the Geriatrics departments of both hospitals. These outpatient clinics subsequently welcomed
a total of 419 patients during the study. Inclusion criteria were the ability to speak and read
Dutch, and being assisted by one of the regular staff nurses or physicians taking part in the study.
Exclusion criteria were serious hearing or vision problems, serious cognitive problems, paranoia
or similar psychiatric problems, all as judged by the healthcare professional, as well as situations
in which the patient had previously been asked to complete the Topic-SF questionnaire. The
patient population for this non-inferiority trial was similar to the population that would be
included in a trial for establishing the efficacy of social robots. Patients were selected by their
responsible healthcare professionals, based on the inclusion criteria, upon reviewing the patient
visits scheduled in the electronic health record (EHR) system. Patients were screened for exclusion
criteria and consent was asked, all according to a standardised script.

6.3.3 Randomisation
Patients were randomised using a computer-generated list and assigned to either the intervention
or the control group, in sequence of admission. The nature of the intervention prevented
the blinding of group allocation, and data acquisition could not be blinded from the patient
perspective, given that the data were self-reported.

6.3.4 Study procedure
The healthcare professional guided the patient from the waiting room to an examination room,
where the robot was or was not present, depending on randomisation.
In the intervention pathway, the healthcare professional started the interview with several openended questions on the patient’s general health status. This was followed by the introduction
of the robot, which subsequently conducted the TOPICS-SF questionnaire interview. Upon
completing the interview, the robot generated a report of the PROM and Frailty Index results,
including the (Instrumental) Activities of Daily Living scores. This report was input for
subsequent interactions between the patient and the healthcare professional within the context
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of shared decision-making [26]. The robot-patient interaction is detailed in Appendix C. The
interview setup is shown in Figure 1. A video of the interaction can be found on https://www.
youtube.com/watch?v=KDC5kM7E5eY.
In the control group, following the initial general talk, the healthcare professional started the
structured TOPICS-SF questionnaire. The results were discussed with the patient, and the other
parts of the medical examination and management plan were carried out.
If needed, these steps were followed by other medical procedures that had been scheduled for the
patient’s pathway (e.g. blood samples, ECG, Montreal Cognitive Assessment [MoCA]) [8]. In
both scenarios, if there were no more medical issues to handle, a research assistant asked both the
patient and the caregiver to complete the Consumer Quality Index (CQI) questionnaire. After
the CQI was checked for completeness, the healthcare professional completed the visit and said
farewell.

Figure 1 – Interview setup. Patient sat to the right (not shown), informal caregiver to the left (person shown
was not part of the trial population). Distance patient-robot was 90 cm.
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6.3.5 Human-robot interaction design
The social robot used in this study was a Pepper robot, version 1.8a, using the Naoqi operating
system, version 3.9, and manufactured by Softbank Robotics (Tokyo, Japan) [10]. The robot
software necessary for the intervention was designed and programmed using Android Studio,
version 3.1 (Google Inc, Mountain View, CA, USA) and Java, version 8 (Oracle Corp., Redwood
Shores, CA, USA). The software managing the dialogue included rules for introducing question
groups, for providing variability in how similar questions were asked, and for generating affective
and connecting statements. Answers were stored directly in the hospital’s EHR system. Ethical
design considerations were taken into account by incorporating the Fundamentals of Care [27]
into the communication design. For example, for each question, the default answer set was
divided into two groups: 1) answers indicating serious conditions, which could possibly invoke
empathy on the part of a healthcare professional; and 2) answers indicating minor conditions,
which would not require separate discussion. The robot looked mostly at the patient and
sometimes at the caregiver, in order to create engagement with both. The robot’s tablet display
was used to show each question and the associated answer options. The layout of the interaction
design was based on guidelines for older adults [28]. After hearing the patient’s answer, the
robot repeated it, showed it on the display and proceeded to the next question. More details are
provided in Appendix C.

6.3.6 Training healthcare professionals
For this experiment, secretarial staff members were trained in using a telephone script and a list
of answers to frequently asked questions (FAQ) about the robot. These answers were used in case
patients or caregivers called with questions. Healthcare professionals were trained in how to start
the robot, interact with the EHR system through the robot, initiate the questioning and use the
questionnaire report on the tablet.

6.4.7 Primary outcome
The most relevant part of the validated general medical CQI for outpatient clinics was selected
as primary outcome measure [29, 30]. Most of the list items were not applicable to our study
and in the attempt to minimise the burden to the patients, the 10 most relevant questions were
selected in advance (Appendix D, Table 2). This selection was done in line with recommendations
for shortening the CQI questionnaires [22,31]. Furthermore, the subscales on the clinic and on
the treatment by the healthcare professional showed a Cronbach’s α from 0.845 and 0.880,
respectively, thus indicating a high degree of correlation in the subscales [32]. Therefore we
considered this factoring as allowed. Answers were evaluated for the scale as a whole, on two
subscales (on the clinic, and on the robot supported healthcare professional) and individually.
Answers to the CQI’s are generally scored categorically, ranging from ‘no, not at all’, ‘a little’,
‘largely’, to ‘yes, completely’. The granularity of this scale is small, however, and pilot evaluations
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revealed ceiling effects and skewed distributions. The patients were therefore asked to assign
scores on a scale from 1 to 10, with references to these categories (Figure 2).
Did you feel welcome at the outpatient clinic? (Please encircle the number)
No, not at all
1

2

A little
3

4

Largely
5

6

7

Yes, completely
8

9

10

Figure 2 – As an example, one of the 10 CQI questions is presented in its 10-point scale version

The opinion of the informal caregiver accompanying the patient was also recorded using the same
questions, albeit reformulated for the informal caregiver’s perspective. The answers to each CQI
question were averaged across all patients and caregivers in each group. The primary outcome
was then calculated as the mean sum of the individual question outcomes. The same method was
used for aforementioned two subscales.

6.3.8 Secondary outcome
The time duration of the TOPICS-SF-interview was registered as a secondary outcome by
observers who witnessed each interview. These observers further used an observation form to
record, for each question, the extent to which the patient and caregiver exchanged information
on the TOPICS-SF answers (Appendix E, Figure 2). Other potentially relevant events were also
recorded (e.g. patient remarks on the interaction). The observers were instructed not to intervene
at all. Given that such self-recording of secondary outcomes could not be blinded, observation
bias was limited by using alternating trained observers. The general medical situation of the
patient group was categorised according to the mean Frailty Index as follows: ‘robust’ (FI ≤
0.095), ‘pre-frail’ (0.095 < FI < 0.20) and ‘frail’ (FI ≥ 0.2) [33]. The total number of reported
morbidities per patient was counted, resulting in a value between 0 and 18.
In the intervention group, four questions based on the Almere model [34] were asked to evaluate
the usability of the robot (Appendix F, Table 3). This made it possible to compare these results
to our previous work [17,18]. To limit patient burden, survey questions were restricted to three
variables: ‘Perceived Ease of Use’ (2 items), ‘Perceived Enjoyment’ and ‘Trust’ [34].

6.3.9 Sample size calculation
In our two previous robot studies (conducted with 30 and 40 community-dwelling older
volunteers), we found hardly any difference between the answers given to the robot and those
give to the healthcare professional [17, 18]. In the current study, therefore, we focused on the
quality of care perceived by patients and caregivers, hypothesising that the robot interview would
also not be valued less by the intervention group. For this reason, a non-inferiority sample-size
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calculation was applied, specifying that the mean CQI of the intervention group should not be
lower than the mean CQI of the control group minus 1.0, with a standard deviation of 1.5, α =
.05 and power = 1-β = .90 [35]. The difference value of 1.0 is based on the guideline proposed by
Ringash et al., which defines 10% of the PROM scale range as a meaningful difference [36]. This
calculation resulted in a sample size (n) of 39 patients per group (78 in total).

6.3.10 Statistical analysis
Data were stored in Castor, a cloud-based medical data management system (Castor, Amsterdam,
Netherlands). Intention-to-treat analysis was performed using SPSS statistical software (version
25; IBM, Armonk, NY, USA) and Microsoft Excel (Office365; Microsoft, Redmond, WA,
USA). Because not all data were reported by patients or caregivers, the number of patients to
which variables relate are reported separately. Missing values were not considered random, and
thus not imputed. Normally distributed values are presented as means, with standard deviations
in parentheses. Because the target sample size (n) was larger than 25, we applied the central limit
theorem and assumed normality on the part of the summed score for the CQI questionnaire.
Groups were compared using independent samples t-tests and, in case of non-normality, the
Mann-Whitney U test. For significant effects or effect trends, effect sizes were calculated as
Cohen’s d.

6.3.11 Ethical considerations
The study was conducted according to the principles of the Declaration of Helsinki (2013),
in accordance with the Medical Research Involving Human Subjects Act (WMO) and the
CONSORT guidelines for Randomised Controlled Trials, including the extension for noninferiority trials [37]. The study protocol was approved by the Institutional Review Boards of
both hospitals. All patients granted written informed consent. Caregivers had the option to grant
consent on behalf of their relative, but this situation did not occur.

6.4 Results
6.4.1 Patient population
The patient flowchart is provided in Figure 3. Inclusion was stopped upon reaching 80 included
patients . However, two patients dropped out during the experiment after randomisation:
one patient turned out to have cognitive problems that made it impossible to complete the
robot interaction, and one patient chose to discontinue the interview with the robot after nine
questions because ‘she did not like the robot’. Three other patients were lost to follow-up because
of the unavailability of their CQI rating. Therefore the used data set consisted of 75 patients (36
female, 39 male, mean age M=77.4 years old, SD=7.3, range 60–91), 37 in the intervention
group and 38 in the control group.

135

6

Chapter 6

All patients were accompanied by an informal caregiver: 34 were partners of the patient, 23
were children of the patient and 1 was a friend of the patient; 8 informal caregivers had other
affiliations, and 9 did not disclose their relationship to the patient.

419 patients visited the outpatient clinics
184 patients excluded because seen
by healthcare professionals not
participating in the study
235 patients identified for participation
125 patients excluded by participating
healthcare professional for not
satisfying inclusion criteria
110 patients were invited to participate
at 2 centers
14 patients declined because they
were not willing to participate
16 patients could not be included
because of logistical reasons
80 patients randomised:
40 in intervention group, 40 in control group
(46 at RUMC and 34 at CWZ)
2 patients dropped out because of
cognitive problems
3 patients did not provide primary
outcome data (missing)
75 patients analyzed in results:
37 in intervention group, 38 in control group
(43 at RUMC and 32 at CWZ)

Figure 3 - Patient flowchart
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None of the 14 patients (see Figure 3) who declined due to unwillingness to participate mentioned
the robot as reason.
The consultations were conducted by 13 different healthcare professionals. The patient-robot
interactions were observed by 11 different trained observers. No important incidents of harm or
unintended effects were observed or reported.
The Frailty Index (FI) for the group as a whole ranged from 0.07 to 0.68 (M=0.26, SD=0.15).
The mean FI for the control group (M=0.26, SD=0.15) and the intervention group (M=0.25,
SD=0.15) were similar (P=.99). Four patients could be categorised as robust, 30 as pre-frail and
36 as frail, and 21 patients (28%) had been diagnosed with dementia. The average number of
morbidities per patient was 3.9 (SD=2.6). Main patient baseline clinical data for each group are
included in Table 1; extended data are provided in Appendix G.
Table 1 - Baseline characteristics of the study population
Characteristic

Intervention Group
(n=37)
16

Control Group
(n=38)
20

Age (yrs), mean (standard deviation)

78.1 (7.0)

76.7 (7.7)

Self-indicated Quality of Life (0–10)

7.5 (1.9)

7.1 (1.6)

0.25 (0.15)

0.26 (0.15)

Robust

3

1

Pre-frail

13

17

Frail

21

15

19

26

Female sex

Frailty Index (0–1)
Frailty Value (N):

6

Comorbidities (N):
Memory complaints
Pain:

None

11

14

A little

12

9

Moderate

8

10

Severe

6

3

Extreme

0

1

Dementia (N)

11

10

Hearing Problems (N)

9

8

Vision Problems (N)

10

3

6.4.2 Primary outcome - results
The total CQI scores recorded for patients and caregivers are presented graphically in Figure 4.
There was no significant difference in the total patient CQI score for the intervention group
(M=9.27, SD=0.65) and the control group (M=9.00, SD=0.70); t(73)=1.76, P=.08, 95% CI
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(-0.04 to 0.58). There also was no significant difference in the total informal caregiver CQI score
for the intervention group (M=9.21, SD=0.76, n=30) and the control group (M=9.09, SD=0.60,
n=35); t(63)=0.73, P=.47, 95% CI (-0.21 to 0.46).

Figure 4 - Box plot of total CQI scores for patients (left two box plots) and caregivers (right two box plots)

A t-test on each of the individual CQI questions 1-10 (Appendix H) revealed that patients found
that healthcare professionals, when supported by a robot, listened better (M=9.46, SD=0.69)
than healthcare professionals not supported by the robot (M=9.11, SD=0.76), t(73)=2.104,
P=.039, 95% CI (0.019 to 0.690), Cohen’s d=0.48. Patients also found that healthcare
professionals, when supported by the robot, had more time for the patient (M=9.54, SD=0.56)
compared to those not being supported by the robot (M=9.13, SD=0.70), t(73)=2.784, P=.007,
95% CI (0.116 to 0.702), Cohen’s d=0.64. The other 8 questions did individually not reveal
any significant differences. A t-test on the group of questions about the care provided by the
healthcare professional (Appendix H questions 4-8) showed that patients found healthcare
professionals supported by the robot provided better care (M=9.42, SD=0.62) than healthcare
professionals not supported by the robot (M=9.11, SD=0.69), t(73)=2.086, P=.040, 95% CI
(0.014 to 0.619), Cohen’s d=0.48. The patients’ answers to the group of questions on the clinic
(Appendix H questions 1-3, 9 and 10) did not show significant differences. Informal caregivers
accompanying the patients did not find significant differences between healthcare professionals
supported by a robot or not, nor between a clinic using a robot or not. The CQI score for each
question is included in Appendix H, and the total CQI distribution is presented in Appendix I.
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6.4.3 Secondary outcome – results
Within the pathways, the mean duration of taking the TOPICS-SF with the robot was 17.9
minutes (SD=5.2), as compared to 14.8 minutes in the control group (SD=10.8). The difference
was not significant: t(70)=1.60, P=.11, 95% CI (-0.79 to 7.18). It should be noted that
observations showed that healthcare professionals regularly skipped questions.
It was observed that patients and caregivers did not discuss the TOPICS-SF answer options any
more during the interviews with the robot (M=3.5, SD=3.8) than was the case in the control
group (M=2.9, SD=2.5), t(53)=0.58, P=.56, 95% CI (-1.32 to 2.42). It was further observed
that, at the start of the interview, patients sometimes answered before the robot was finished
speaking. This well-known barge-in effect occurred despite the fact that the robot had instructed
patients to wait for the blue bar to appear at the top of the tablet before speaking [38]. Most
patients learned after three or four questions that it was better to wait a short while before
answering, as they would otherwise have to repeat their answers. Informal caregivers occasionally
helped the patients when necessary (10% of the questions). For example, because one patient
spoke a local Dutch dialect that was not understood by the robot, the patient’s caregiver answered
instead.
For the intervention group only, the mean scores for Perceived Enjoyment, Perceived Ease of Use
(2 items) and Trust with regard to the robot interaction were recorded (Appendix J). There was
no significant difference in Perceived Enjoyment between patients (Mpat=7.81, SDpat=2.01)
and caregivers (Mcg=7.56, SDcg=2.11), t(56)=0.47, P=.64, 95% CI (-0.85 to 1.37). There was
also no significant difference in perceived Ease of Use in terms of having sufficient response time
between patients (Mpat=8.51, SDpat=1.63) and caregivers (Mcg=8.45, SDcg=1.10), t(55)=0.15,
P=.88, 95% CI (-0.73 to 0.85), nor was there a significant difference in Perceived Ease of Use in
terms of easy answering between patients (Mpat=8.11, SDpat=1.89) and caregivers (Mcg=7.86,
SDcg=1.67), t(56)=0.50, P=.62, 95% CI (-0.74 to 1.23). Trust scores were higher for patients
(Mpat=8.42, SDpat=1.38) than for caregivers (Mcg=7.59, SDcg=1.76), t(55)=2.00, P=.05, 95%
CI (<-0.001 to 1.68), Cohen’s d=0.55. Of the 36 caregivers in the intervention group who
answered the CQI questions, only 24 also answered these questions on robot appreciation. The
caregivers who did not answer argued that it was better for the patients to answer themselves, as
they had been the ones to talk to the robot.

6.5 Discussion
6.5.1 Statement of principal findings
To our knowledge, the present study is the first to provide an assessment of patients’ perceived
quality of care in integrated care pathways with and without the support of social robots. We
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found that the perceptions of older patients and caregivers concerning quality of care were no
different from the perceptions of quality of care in a pathway in which all interactions were
carried out by healthcare professionals. This confirmed our hypothesis of non-inferiority. The
opinions of the patients and caregivers concerning the robot were in line with previous findings
on the positive appreciation results on robot interaction amongst community dwelling older
adults [28,29], as well as with the results reported in our exploratory study amongst hospitalised
patients [39].
Older adult patients participating in this study who had been diagnosed with dementia (29%)
were still able to answer the questions asked by the robot. The pre-selection of participants by the
healthcare professional probably resulted in a group with mild to moderate cognitive problems,
who were still able to communicate verbally with either the healthcare professional or the robot.
It was also observed that patients with auditive (22.5%) or visual (25%) problems were capable
of completing the interview. This indicates that the design measures taken to improve robot
communication (quiet environment, adjusted voice volume and speed, font size of texts on the
tablet, minimalistic layout) were adequate. When they deemed it necessary, informal caregivers
assisted patients; this occurred for 10% of the questions.
The observers noted that, in the control group, healthcare professionals regularly skipped
questions from the TOPICS-SF questionnaire. When asked about this, the professionals
responded that they had skipped questions to which they already knew the answers or that they
considered inappropriate to ask explicitly. The robot always asked all of the questions. This could
be a potential advantage, as it ensures that no items will be missed inadvertently.

6.5.2 Strengths and weaknesses of the study
The major strength of this study is that it is the first multi-centre randomised controlled trial
on the acquisition of routine collected PROM data with a social robot among older adult
patients within an integrated care pathway. The non-inferiority results of this trial suggest that
an adequately designed social robot could be acceptable for use with older adult patients and
their informal caregivers as part of an integrated care pathway, under the indirect supervision of
a healthcare professional.
Despite this strength, this study is also subject to several limitations. First, after analysis it turned
out that the planned sample size was not met because of two dropouts and three missing data,
which was more than our margin of two patients. However, imputing the data set with two
intervention group patients with scores M-2σ and one control group patient with score M+2σ,
which was considered as worst case, it was found that this did not affect the conclusion of
non-significant difference in perceived care pathway quality. Secondly, it was not possible to
blind the assignment of patients to groups. Thirdly, the between-subject design did not allow
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any comparative-accuracy analyses of the answers. In our previous study, however, the results
indicated moderate to good agreement between scores with and without robot [18].

6.5.3 Strength and weaknesses of the study in relation to other studies
The results confirm and extend those of previous studies on the use of robots outside the hospital
context [10,12,15,16]. For example, Olde Keizer et al. concluded that social robots could
potentially monitor and train the health of frail older adults, but they also identified some critical
usability challenges [40]. Furthermore, the Lio robot (F&P Robotics, Glattbrugg, Switzerland)
given its reported voice communication capabilities could be extended with verbal interviewing
functions as described herein.
Riek has provided a comprehensive overview of robot applications in healthcare with many
examples of physical support [8]. This study adds a multicenter randomised controlled trial of
the verbal support option of a robot interviewing older adult patients in an outpatient clinic on
their health, and as such resolves part of the paucity in clinical effective trials Riek noted [8].

6.5.4 Meaning of the study
In terms of generalisability, the patient group in this study was more frail and had more
substantial multimorbidity than is the case for the general hospital population. Communication
with the robot could possibly be even easier for the general hospital population. For this reason,
and because the TOPICS-SF questionnaire is similar to many available PROMs, it is plausible
that the results can be generalised to most adults admitted to hospitals, as well as to most care
pathways. The results thus suggest that robot assistance could be implemented more broader
without affecting perceived quality of care.
The observations and experiences gained in this experiment could also be translated into a
number of recommendations. First, the introduction of a social robot should lead to a carefully
prepared rearrangement of tasks amongst the healthcare professionals within a pathway of care.
Second, for reasons of patient privacy and the intelligibility of the patient’s utterances to the
robot, the robot should be a fixed element in an outpatient room. Third, participating healthcare
professionals appreciated the direct availability of all collected data in the EHR system. Therefore,
we recommend implementing the real-time data export from the robot to the hospital’s EHR
system for successful implementation. Fourth, technologies like these may support clinical care
during pandemics, since they limit person contact and allow for social distancing.
Our findings suggest that this social-robot technology could be implemented more broadly
for obtaining PROM data, as well as for other standardised parts of functionals assessments
and medical history taking. The assistance of social robots could thus potentially contribute to
reducing problems relating to the scarcity of healthcare personnel, while maintaining the quality
of care, as perceived by patients and caregivers.
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6.5.5 Unanswered questions and future research
In the course of our study, we learned that one important further step in improving robot
technology involves developing the ability to speak and listen at the same time, thus allowing
for ‘barging-in’ by patients. Although such technology does exist, it was not implemented in the
robot used in this study. Moreover, the quality of the robot’s speech recognition depended on its
focus on the interlocutor, which was controlled by the built-in ‘human engagement’ function.
Improving the controllability of this function in terms of both speech and body motions would
help to build rapport with users.
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6.7 Appendices
6.7.1 Appendix A – Care pathway treatment
Figure A1 provides a graphic representation of a sequence of activities within a care pathway
for the treatment and monitoring of patients with cognitive decline. The brown-coloured
blocks indicate patient-reported outcome (PROM) data-collection activities, whereas the greencoloured blocks indicate results discussion and shared decision-making. The questionnaire block
could be performed by a social robot.

Patient
reception

Welcome

Blood
sampling

ECG

Question
naire

Results
discussion

Shared
decisionmaking

Farewell

Figure 1 - Care Pathway for the treatment and monitoring of patients with cognitive decline
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6.7.2 Appendix B – TOPICS SF questionnaire
The TOPICS short form includes the following questions:
Table 1 - Topics short form questionnaire
#

Question

Answer scale

1

0–10

5

On a scale from 0 to 10, how do you
rate your health?
At this moment, do you have any pain
or other complaints?
Do you have any complaints with
regard to your memory?
Are you able to do the following fully
independently:
…. get dressed and undressed?
…. get up out of a chair?

6

2

Frailty Index
Contribution
{1, 0.9 …. 0.1, 0}

No / A little / Moderate /
Serious / Extreme
No / Yes

{0, 0.25, 0.50, 0.75, 1}

Yes without any effort / With
minor effort / With major
effort / No
id.

{0, 0.33, 0.66, 1}

…. wash and dry your entire body?

id.

id.

7

…. walk up and down the stairs?

id.

id.

8

…. walk outside?

id.

id.

9

…. take care of your feet and toe nails? id.

id.

10

…. perform light household tasks?

id.

id.

11

…. do your shopping?

id.

id.

12

…. take your medicines?

id.

id.

13

…. use your own or public transport?

id.

id.

14

In the past four weeks, how often: ….
did you feel calm and tranquil?
…. did you feel despondent and
sombre?
…. did you feel happy?

Continuously / Mostly / Often {0, 0.2, 0.4, 0.6, 0.8, 1}
/ Sometimes / Rarely / Never
id.
{1, 0.8, 0.6, 0.4, 0.2, 0}
id.

{0, 0.2, 0.4, 0.6, 0.8, 1}

…. have your physical health or
emotional problems hampered your
social activities?
On a scale from 0 to 10, how do you
rate your quality of life?
Do you have or have you had one or
more of the following diseases and
conditions in the past 12 months?
Diabetes

Continuously / Mostly /
Sometimes / Rarely / Never

{0, 0.25, 0.50, 0.75, 1}

0–10

{1, 0.9 …. 0.1, 0}

No / Yes

{0, 1}

3
4

15
16
17
18

19
20
21
22

Stroke, cerebral haemorrhage (bleed in No / Yes
the brain), cerebral infarction (blocked
blood vessel in the brain) or TIA
Heart failure, myocardial infarction
No / Yes
(heart attack) or other heart condition
A type of cancer
No / Yes

{0, 1}

id.

6

id.
id.
id.
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23

Asthma, chronic bronchitis,
No / Yes
pulmonary emphysema or COPD
Involuntary urinary loss (incontinence) No / Yes

id.

id.

26

Wearing of the joints (arthrosis,
No / Yes
osteoarthritis / degenerative arthritis)
Chronic joint inflammation (arthritis) No / Yes

27

Loss of bone tissue (osteoporosis)

No / Yes

id.

28

Hip fracture or other bone fractures

No / Yes

id.

29

Dizziness

No / Yes

id.

30

No / Yes

id.

31

Neurological disease (Parkinson’s
disease, multiple sclerosis, epilepsy)
Depression

No / Yes

id.

32

Anxiety / panic disorder

No / Yes

id.

33

Dementia

No / Yes

id.

34

Hearing problems (despite hearing aid) No / Yes

id.

35

Problems with vision (despite glasses /
contact lenses)
Did somebody help you with this
questionnaire?
If so, what type of help did you get?.

No / Yes

id.

No / Yes

id.

I selected the answers, and
someone else wrote them
down / I selected the answers
together with someone else,
who wrote them down /
Someone else selected the
answers for me and wrote
them down

Not included in FI

24
25

36
37

id.

id.

The Frailty Index was calculated as the sum of the values for each question, divided by the
number of questions answered. The ADL score was determined by counting the number of
Questions 4 through 9 with answers not equivalent to ‘Yes, without any effort’. The IADL
score was determined by counting the number of Questions 10 through 13 with answers not
equivalent to ‘Yes, without any effort’.
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6.7.3 Appendix C – Detailed description of the robot-patient interaction
The healthcare professional invited the patient and caregiver to sit in front of the robot. The
healthcare professional then initiated a short dialogue with the robot, including the entering of
the patient ID number and some other formal data. This took approximately one minute. The
healthcare professional also informed the patient that the robot could not state a question and
listen at the same time, so patients were asked to delay answering until it completed pronouncing
the question and a blue bar appeared on the screen. The patient could then start the interview by
saying ‘start’ to the robot, which then explained the interview procedure. It then asked whether
the explanation should be repeated. If not, the robot started the questioning. Each time the
robot finished a question, the patient had four answer options: to give one of the possible default
answers, to ask for an explanation of the question, to skip a question or to change the answer of
the previous question. At the end of the interview, the robot displayed a questionnaire report on
its screen with answers that required the attention of the healthcare professional, as well as the
calculated Frailty Index, Activities of Daily Living (ADL) score and Instrumental Activities of
Daily Living (IADL) score (see Appendix A). This information served as input for the subsequent
interaction between the patient and the healthcare professional for purposes of shared decisionmaking(1).
For each question, the default answer set was divided into two groups: 1) answers indicating
serious conditions, which could possibly invoke empathy on the part of a healthcare professional;
and 2) answers indicating minor conditions, which would not require separate discussion. If
a burdensome condition was disclosed, the robot could give an empathic statement. It did
not always do so, however, as pilot testing had indicated that excessively frequent empathic
statements were perceived as annoying rather than comforting. An example of such an empathic
statement was “That must be difficult for you” or “I am sorry to hear that”. This empathic
statement was followed by a ‘Trust’ statement, which was implemented by statements referring
to the healthcare professional, who would return to robot-selected issues later. For example: “Dr
Jones will discuss this with you” or “Dr Jones will get back to you on this.” When the patient
gave an answer indicating a minor condition, the robot only repeated the answer and continued
with the next question.
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Can you fully independently walk
up and down the stairs?

Yes without any effort – With minor effort –
With major effort - No
What do you mean – Skip – Back

Figure 2 - Screen layout

Human-interface design standards for older adults were used for the display layout (minimalistic
design, i.e. large fonts on an empty background)(2). Based on previous experience, robot voice
speed was set to 80% of the default speed (Chapter 2). The robot was further programmed to
make specially designed body motions and arm gestures that are consistent with a professional
questioning dialogue.
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6.7.4 Appendix D – CQI questions
Table 2 - CQI questions
Questions
Introductory questions.
1. Did you feel welcome at the outpatient clinic?
2. Was the person who received you helpful?
3. Did the outpatient clinic offer enough privacy?
You have been in contact with a care provider (doctor, physician assistant, nurse or robot) who has supervised
you.
4. Was this care provider helpful?
5. Did this care provider take you seriously?
6. Did this care provider listen to you carefully?
7. Did this care provider have enough time for you?
8. Was this care provider competent?
The following questions are about your visit to the outpatient clinic in general.
9. What rating would you give the outpatient clinic?
10. Would you recommend this outpatient clinic to your family and friends?

6

6.7.5 Appendix E – Observation form
Question

Answer scale

1. On a scale from 0 to 10,
0–10
how do you rate your health?

Other event happening
Exchange of information
during the robotbetween patient and caregiver
patient interaction
- / + / ++

Figure 3 – Observation form row (repeated for all questions).

6.7.6 Appendix F – Robot-usability questions
Table 3 – Questions on patient and caregiver’s opinion on robot usability
Question
Did you like answering the robot’s questions?
Did you have sufficient time to answer the questions?
Did you find it easy to answer the robot’s questions?
Did the robot respond correctly to your answers?

Variable
Perceived Enjoyment
Perceived Ease of Use
Perceived Ease of Use
Trust
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6.7.7 Appendix G – Baseline tables
The tables in this appendix show the baseline demographic and clinical characteristics for each
group.
Table 4 - Demographics and main clinical parameters of the intervention and control group
With robot

Control group

Mean

SD

Mean

SD

Age (yrs)

78.14

6.96

76.66

7.66

General health score*

7.14

1.46

7.00

1.89

Frailty index**

0.25

0.15

0.26

0.15

Quality of life*

7.51

1.91

7.06

1.61

*range 0–10 **range 0–1
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Table 5 - Clinical characteristics of all participants (in frequencies)
With robot

Control group

Male

21

18

Female

16

20

Memory complaints

19

26

None

11

14

A little

12

9

Moderate

8

10

Severe

6

3

Extreme

0

1

Pain:

Frailty value:

Diabetes

Robust

3

1

Pre-frail

13

17

Frail

21

15

2

4

Stroke

8

7

Heart failure

13

14

Cancer

11

10

Asthma

11

5

Incontinence

7

8

Arthrosis

19

9

Arthritis

10

1

Osteoporosis

12

4

Fractures

3

8

Dizziness

9

11

Neurological disease

0

0

Depression

3

8

Anxiety

4

9

Dementia

11

10

Hearing problems

9

8

Vision problems

10

3

Falling

9

10

6
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6.7.8 Appendix H – Consumer Quality Indexes, by question
Table 6 - Consumer Quality Indexes - Scores by question*
Patient

Caregiver

With robot

Control group

With robot

Control group

Mean

Mean

Mean

Mean

SD

SD

SD

SD

1. Did you feel welcome 9.24
0.90
8.84
1.10
9.00
1.05
9.09
at the outpatient clinic?
2. Was the person who
9.05
1.22
8.89
0.98
9.17
0.91
9.20
received you helpful?
3. Did the outpatient
9.28
0.82
8.86
1.08
9.24
0.79
8.91
clinic offer sufficient
privacy?
You have been in contact with a care provider (doctor, physician assistant, nurse) who has
supervised you.
4. Was this care provider 9.24
0.90
8.89
0.89
9.27
0.91
9.14
helpful?
5. Did this care provider 9.35
0.79
9.16
0.75
9.30
0.88
9.29
take you seriously?
6. Did this care provider 9.46
0.69
9.11
0.76
9.30
0.88
9.20
listen to you carefully?
7. Did this care provider 9.54
0.56
9.13
0.70
9.40
0.72
9.09
have enough time for
you?

0.79

8. Was this care provider 9.51
0.61
9.24
0.79
9.34
0.90
competent?
The following questions are about your visit to the outpatient clinic in general.

9.21

0.70

9. What rating would
8.86
you give the outpatient
clinic?

1.03

8.84

0.87

9.03

0.82

8.82

0.80

10. Would you
recommend this
outpatient clinic
to your family and
friends?

0.85

8.97

0.82

9.10

0.82

9.03

0.82

*range 0–10
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6.7.9 Appendix I – CQI distributions

Figure 4 - CQI distribution in the intervention group (N=37)

6

Figure 5 - CQI distribution in the control group (N=38)
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6.7.10 Appendix J - Patient and caregiver opinion on robot usability
Table 7 - Patient and caregiver opinion on robot usability on a scale from 0 (very low) to 10 (excellent)
Variable
Did you like answering the robot’s
questions?
Did you have sufficient time to
answer the questions?
Did you find it easy to answer the
robot’s questions?
Did the robot respond correctly to
your answers?

Patient (n=37)

Caregiver (n=24)

Mean

Mean

SD

SD

Perceived Enjoyment

7.81

2.01

7.55

2.11

Perceived Ease of Use

8.51

1.63

8.45

1.10

Perceived Ease of Use

8.11

1.89

7.86

1.67

Trust

8.43

1.38

7.59

1.76
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7.1 Introduction
This chapter describes two specific applications of social robotics technology in care for older
patients. Firstly the repeated assessment of the pain level at patients is considered. The pain
assessment application has been presented at the Human-Robot Interaction Conference 2018
(HRI'18) as a Video submission, with an associated one-page video description, which is
provided in this thesis as section 7.2.
Secondly, an assessment of a broad range of symptoms and functional deficits as part of a medical
history taking has been evaluated at the Vlietland hospital in Schiedam, Netherlands. The
results of this exploratory field study were submitted as a Late Breaking Report to the HRI’19
conference, were accepted and presented, and are included in section 7.3.

7.2 Do You Have Pain? A Robot Who Cares
Roel Boumans, Fokke van Meulen, Koen Hindriks, Mark Neerincx, Marcel Olde Rikkert.
HRI ‘18 Companion, March 5–8, 2018, Chicago, IL, USA.
ACM ISBN 978-1-4503-5615-2/18/03.
https://doi.org/10.1145/3173386.3177529.
Video Link: https://dl.acm.org/doi/10.1145/3173386.3177529

7.2.1 Abstract
Patient Reported Outcome Measures (PROMs) are a means of collecting information on the
effectiveness of care delivered to patients as perceived by the patients themselves. A patient’s pain
level is a typical parameter only a patient him/herself can describe. It is an important measure
for a person’s quality of life. When a patient stays in a Dutch hospital, nursing staff needs to ask
a patient for its pain level at least three times a day. Due to their work pressure, this requirement
is regularly not met. A social robot available as a bed side companion for a patient during his
hospital stay, might be able to ask the patient’s pain level regularly. The video shows that this
innovation in PROM data acquisition is feasible in older persons.

7.2.2 Introduction
A Patient Reported Outcome Measure (PROM) is any report of the status of a patient’s health
condition that comes directly from the patient, without interpretation of the patient’s response
by a clinician or anyone else. Pain is one of the most prominent and frequently asked PROM
parameters.
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7.2.3 Method
There are various scales used to measure a patient’s pain level [2]. For people without cognitive
problems a numeric rating (0-10) scale is often used. For people with mild to medium cognitive
problems a verbal pain scale is used: no pain, mild pain, moderate pain, severe pain, worst
possible pain. We selected a scale with faces developed for children older than six and elderly
with cognitive impairments (Figure 1). It is supported with a 0-10 rating scale. We designed the
interaction using the situated Cognitive Engineering method [1]. We used relevant values for
supporting patients in pain in the hospital context. We programmed the interaction design in
the robot Pepper v1.7 from Softbank Robotics (Tokyo, Japan). Our participant group consisted
of 31 community-dwelling elderly (average age 76.3, sd=5.2, 45% female). The question to the
participant was: “It is important that we ask regularly if someone suffers from pain. Therefore our
question is: do you have pain?”. If the participant’s answer was “yes”, the robot said “I am sorry to
hear that” (an affective statement to create a relation with the patient) and asked to score the pain
using the screen picture shown in Figure 1. The patient named a number, and the robot repeated
that number for confirmation, and the data was stored. If the pain level was above 4, the robot
stated that in such cases a nurse would be called directly.

Figure 1 - Visual analogue pain scale
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7.2.4 Results

Figure 2- Participant in chair viewing the robot

All 31 participants were able to declare their pain level, found the question easy to answer, and
did not mind being asked on their pain level by a robot. Pain data were successfully saved.

7.2.5 Conclusions
We conclude that it could be feasible for this social robot to measure pain from elderly persons.
Data can be inserted directly into a patient’s Electronic Health Record. Frequent pain recording
is technically possible and socially feasible. We have planned to extend this into more complex,
multidimensional methods of robotic pain assessment.

7
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7.3.1 Abstract
The current attention on quality monitoring instruments for hospitalized patients imposes a
high data registration workload on nurses. The focus of our research was to investigate whether
a social robot is able to take over some of this data collection by administering questionnaires
autonomously. We performed an exploratory design experiment on the internal medicine ward
of the Franciscus Gasthuis & Vlietland hospital. 35 patients (mean age 64.1±17.7, 20 female)
participated in the study. We used the social robot Pepper to conduct five questionnaires on
medical history, defecation, pain, memory and sleep. Patients and nurses found the robot
reasonably acceptable in this role. Further research is needed to address concerns and optimize
the nurse-robot task division.

7.3.2 Introduction
Hospital wards are data intensive environments and an estimated 39 percent of the work of nurses
consists of collecting and registering data [1]. For this work, nurses often use COW’s (computer
on wheels: a trolley with a laptop). However, during the interaction with the patient the focus is
more on the data collection than on personalized care and the wellbeing of the patient [2]. This
data collection however is essential to maintain and improve a quality of care according to the
current standards of value-based health care. The administrative burden problem is augmented
by the fact that nursing staff availability on the labour market is decreasing, which also limits time
per visit, which may be only six minutes per visit [3]. Alternative means of collecting structured
data with questionnaires are therefore urgently needed.
Social robots are becoming increasingly available for care institutions like nursing homes for
similar reasons of nursing capacity shortage. Our hypothesis was that a social robot might be an
acceptable alternative means for both nurses and patients for collecting patient reported data at
the hospital. The acceptability target was 7 on scale 0-10 with no difference between age groups
and sexes. An innovative human-robot interaction was designed, allowing the social robot to act
as a nurse assistant for the task of obtaining data on the patient’s health status at the patient’s
bedside.
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7.3.3 Method
For the human-robot interaction design, we applied the well-known design thinking process
which consists of five phases: 1) empathize phase, 2) definition phase, 3) ideation phase, 4)
prototyping phase and 5) test phase. Each phase involved the healthcare professionals for
guidance, decision making on the social robot’s tasks, and feedback. The nurses’ high workload
was identified as the design rationale. This means that the robot should be able to conduct the
interview autonomously. A potential downside of this scenario could be that the nurse loses
situational awareness on the patient [4]. A comprehensive multimodal dialogue embedding
the questions was designed combining verbal dialogue, gestures and display on the screen. The
interview dialogue content consisted of questions on the patients’ home situation, general health,
use of medicines, smoking, alcohol use, dental issues, weight, defecation, activities for daily
living, sleep, cognition, possible stress due to recently experienced serious life events, potential
problems at home or at work due to their admission, and religion or belief.

7

Figure 1 - A hospital patient’s view on the robot

In the test procedure, the researcher wheeled the robot to the patients’ bed (Fig. 1). The researcher
then instructed how the patient needed to interact with the robot during the interview. Dialogue
and answer options were displayed on the robots’ screen, thus the patients knew what answers
would be understood by the robot. After the explanation, the researcher left the room and waited
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out of the patient’s view, while being able to overhear the interaction. Once the questionnaire
was completed, the researcher re-entered the room. The researcher also returned if the dialogue
flow halted and the patient needed help (e.g. robot did not react, the patient talked too softly
or gave a wrong answer). After the interview, the patient was asked to complete an evaluation
questionnaire based on the Almere model [5]. It resulted in a 0-10 score for distinct properties
of robot acceptability: Anxiety, Attitude towards the Robot, Facilitating Conditions, Perceived
Sociability, Social Influence, Perceived Ease of Use, Social Presence, Perceived Enjoyment,
Trust and Perceived Usefulness. These factors determine the subdomain and summed up the
overall acceptability, for which a score of lower than 6 was defined as insufficient acceptability
(according to the widely used scoring of school tests). Missing data for separate items were not
imputated. Data of subjects who dropped out were completely omitted. The reliability of the
distinct property constructs was assessed with Cronbach’s alpha with a minimum value of 0.7 as
cut off for sufficient reliability. Differences for gender, and age group were determined with the
non-parametric Mann-Whitney U test and the Kruskal-Wallis test, respectively.
The study data were stored in the Castor research data management system. Statistical analysis
was done using SPSS (version 22, IBM, Armonk, NY, USA). Qualitative nurse acceptance was
additionally determined by post-experiment semi-structured interviews with nursing staff on
their opinions of the use of the social robot, when compared to the nurse with COW. This
study was approved by the Medical Research Ethics Committees United (MEC-U) and the
Commission for Human Research of the hospital. Written informed consent was obtained from
all participants. The participants were recruited on the internal medicine, and gastroenterology
wards. Inclusion criteria were: no oncological problems, and no other physical conditions that
would prevent an interaction with the robot such as hearing or vision problems, or feelings of
nauseousness. We aimed at enrolling 30 patients.

7.3.4 Results
35 patients participated in the study (mean age 64.1±17.7 years old, age range 21 to 88, 20
female). Seven patients completed an anamnesis questionnaire and 21 a defecation questionnaire.
Next to the defecation questionnaire, six patients were asked to also complete a pain, memory or
sleep questionnaire. 34 out of 35 patients filled in the evaluation questionnaire. The acceptability
factors were scored between 4.49 and 7.37 (Table I). Overall Cronbach’s alpha was 0.75 and
varied per construct from 0.70 to 0.82 excluding Trust.
A Mann-Whitney U test revealed that the trust in the robot among men (n=15, M=14.4) did not
differ significantly from the trust in the robot among women (n=19, M=19.9), U = 96.5, z=-1.60,
p=0.11, r=-0.27. The Kruskal-Wallis test showed that there was also no significant difference in
trust between age groups (H(4) = 8.73, p = 0.07), with mean rank of 30.50 for age group <30
years old (n=1), 26.80 for age group 31-45 (n=5), 13.08 for age group 46-61 (n=6), 14.31 for
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age group 61-75 (n=13) and 18.44 for age group >76 (n=9). Both tests were repeated for the
other constructs, and none of the tests showed significant difference between the construct and
age groups or sex.
The post-experiment semi-structured interviews with five nurses revealed that they could imagine
scenarios in which the robot could save them time in routine tasks by not having to use the
COW, and assuming that the data are automatically stored in the patients’ electronic health
record. However, there were still some concerns that the use of the robot would be at the expense
of the direct personal care for the patient.
Table 1 – Almere model results
Parameter

Value
Mean

SD

α

Attitude Towards Robot

6.72

2.65

0.70

Facilitating Conditions

6.57

2.99

n.a.

Perceived Enjoyment

7.37

2.00

0.73

Perceived Ease of Use

7.06

1.23

0.70

Perceived Sociability

6.47

2.42

0.82

Perceived Usefulness

5.73

2.10

0.71

Social Presence

4.49

2.17

0.75

Social Influence

5.76

2.16

0.74

Trust

4.99

2.67

0.49

Overall

6.82

2.57

0.75

7

7.3.5 Discussion
Our quantitative and qualitative research results suggest that a social robot may be acceptable for
hospitalized patients in supporting nurses for routine data gathering tasks. This is in line with the
results of the related research where robots interviewed people at home [6], in a laboratory or in
an outpatient clinic setting [7]. However, the acceptance scores are below our target, indicating
that acceptability may and should be still improved. It is possible that patients are concerned
that the use of the robot would be at the expense of attention they get from nursing staff. Nurses
would gain time to talk with patients on their hopes and fears. However, a more formal time
study is required to substantiate this preliminary conclusion. The study is clinically relevant since
it gives a first indication of the potential use of social robots as nurse assistants for daily routine
tasks in order to increase efficiency in obtaining routine data from the hospitalized patient.
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Further research is required to study acceptability factors and to find an optimal task distribution
between nurses and social robots.
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8.1 Introduction
Performing Patient Reported Outcome Measurements (PROMs) is essential for evaluating value
based healthcare [1]. There are many PROMs, some are condition specific, some are more general
for health-related quality of life. For older adults, PROMs are specifically important because they
may also be a means to express the patients’ actual and desired quality of well-being. In this
respect, most older adults consider their quality of well-being recovery by a hospital intervention
more important than increased longevity [2,3]. However, PROM taking is a time consuming
activity for healthcare professionals, especially among older adults suffering from physical or
cognitive problems, disabilities, low literacy or chronic diseases. At the same time the workload
of the healthcare professionals is already high [4]. Taking regularly lengthy PROMs may result in
‘care left undone’, which means amongst others less time for comforting or talking with patients,
educating patients, and developing or updating nursing care plans [4,5]. Social robots may
contribute to the solution for this problem by supporting healthcare professionals in certain
specific and automatable tasks, such as health status interviews on aforementioned PROMs, or
medical history taking [6,7].
Health status interviews consist of data collection, data interpretation and shared decision making
[7]. A social robot may complete the task of data collection independently, and then provide
that information to the healthcare professional for using it to confirm, augment or approve
the collected data. The effectiveness of using social robots for this specific task of conducting a
PROM in a hospital setting has not yet been evaluated. Therefore, the overall goal of this thesis
was to evaluate the effectiveness of a social robot that assists healthcare professionals in their task
of obtaining a patient’s health status.
In this discussion chapter first, the key findings are presented. Then the methodology and the
results will be discussed, including some unexpected findings. This paragraph is followed by
suggestions for future research and finished with a conclusion.
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8.2 Key findings
1.

2.
3.
4.
5.

6.

Older adult patients rated integrated care pathways with social robots performing
PROM interviews with an average of 8.9 on a scale from 0-10, and this rating was not
significantly different for usual care.
The informal caregivers of these patients (partners, children, friends) gave an equivalent
rating to the care pathways with robots as the patients themselves.
The time duration of PROM interviews by a social robot and by a healthcare professional
was not significantly different, with about 15 minutes for 30-50 short questions.
The data collected by the robot showed moderate to substantial agreement to data
collected by a healthcare professional.
Interaction Design Patterns were developed for human-robot interactions during PROM
data acquisition for the initiating patient-robot interaction by the healthcare professional,
for the patient-robot interaction itself, as well as for the shared decision-making process
following the patient-robot interaction.
Patients found that healthcare professionals supported by the robot provided better care
than healthcare professionals not supported by the robot.

8.3 Methodological considerations
8.3.1 Introduction
In this paragraph ethical aspects in the use of social robots in hospital healthcare, the acceptability,
the validity of collected data, and the integration in care pathways are discussed. For each topic,
first the main study results are given and reviewed versus other recent research in this area,
and then they are considered in relation to a wider perspective. In the next paragraph some
unexpected findings will be discussed, and finally some recommendations for further research
and clinical practice are given.

8.3.2 Ethics
In this research project the topic of social robots interviewing patients on their health has
first been considered from an ethical perspective. Sharkey and Sharkey raised six main ethical
concerns associated with using social robots for older adults: reduced human contact, feelings
of objectification, a loss of privacy, a loss of personal liberty, deception and infantilisation,
and the circumstances allowing to control robots [8]. These concerns were addressed by first
carefully introducing this new technology to healthy community dwelling older adults, before
confronting the eventual more vulnerable older patients. Secondly, for the design of the verbal
communication we based ourselves on the Fundamentals of Care (FoC) principles designed
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by Kitson et al. [9]. Thirdly, we considered the moral elements attentiveness, responsibility,
competence and responsiveness as used in the Care-Centred Value-Sensitive Design (CCVSD)
approach introduced by Van Wynsberghe [10]. As described in chapter 2, the FoC and CCVSD
were used to convert interaction principles into design components for the robot’s communicative
actions, i.e. personalized situational verbal statements, body motions and displayed question/
answer information, all in accordance with the Socio-Cognitive Engineering methodology
[11]. Lastly, we used the framework of the integrated care pathway to introduce the robot as an
assistant to a healthcare professional.
Sharkey and Sharkey’s concerns for reduced human contact did not appear from the trial results
reported in Chapter 6, because we found no significant difference in the patient’s opinion on
the quality of care in pathways with and without robot, and we would expect a clear difference
if that concern was present. However, patients did report reduced patient-nurse contact as a
concern during our exploratory study in the Vlietland hospital (chapter 7.2). It should be noted
that in that study the robot was not introduced as part of a care pathway but as a single feasibility
test item. Feelings of objectification or a loss of privacy and personal liberty were not found in
the setting of chapter 6. We used affective statements in the dialogue and one could argue that
these statements were deceptive, since robots do not have feelings; however, during the trial
the perceived enjoyment was scored as a 7.6 on a scale from 0-10 (chapter 6) and we observed
that patients were often pleasantly surprised by the robot’s affective statements. Healthcare
professionals are taught how to address a patient’s problems by applying affective statements
in conversational techniques like the BATHE technique1, designed by Stuart and Lieberman
[12]. One could argue that healthcare professionals using such a technique apply a professional
distance and do not disclose their true feelings, and that’s what they should do. Arguably, for
the same reason, there is no issue with deception when robots are programmed to do the same.
Finally, Sharkey and Sharkey’s concern about the circumstances for patients to control the robot
(6) are for a large part dependent on the speech recognition capabilities of the robot. These can
certainly be improved as we experienced problems with barging in and not hearing well (chapter
4). The robot used in this thesis could very well understand predefined words and short phrases,
but could not process arbitrary human utterances (see chapter 3).
Ethical concerns were also addressed in other social robot studies. Van Maris et al. performed a
longitudinal field study with older adults, where they interacted in a didactic setting for eight
sessions over a period of 4 weeks [13]. They found that a robot showing emotions may not
negatively influence participants’ acceptance and perception of the robot, which is in line with
1	The acronym BATHE is derived from the following five conversational topics in a doctor-patient conversation: 1) Background:
What troubles you the most?, 2) Affect: How do you feel about that?, 3) Trouble: What troubles you the most?, 4) Handling: How
are you handling that?, 5) Empathy: That must be very difficult.
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our findings. De Graaf discussed in her paper the ethical aspects of bonds between humans
and robots and whether these contribute to the good life [14]. She concludes that nothing is
intrinsically wrong with human-robot relationships where the robot delivers care appreciated by
the user, which is in line with the opinion of the patients described herein.
Recently, ethical considerations in applying social robots received a lot of attention. This is
warranted by the publication of new ethical standards in healthcare robotics [10] and artificial
intelligence [15,16], as well as by the interaction quality criteria discussed in the International
Conference on Robot Ethics and Standards [17]. The work described in thesis contributes to the
knowledge on how to translate these general ethical requirements into the practical healthcare
application of a social robot interviewing older adults on their health status.

8.3.3 Acceptability
The acceptability of new technology can be determined using the Unified Theory of Acceptance
and Use of Technology (UTAUT) as developed by Venkatesh et al. [18]. UTAUT evaluates the
performance expectancy and the perceived ease of use of the new technology by the user. This
theory was adapted and expanded by Heerink et al. into the “Almere model” for the acceptability
of social robots by older adults [19]. This model considers the acceptability factors Anxiety,
Attitude towards Robot, Facilitating conditions, Perceived Ease of Use, Perceived Enjoyment,
Perceived Sociability, Perceived Usefulness, Social Influence, Social Presence and Trust. The
acceptability for patients and healthcare professionals of a social robot acquiring health data is
a conditio sine qua non. Therefore, this variable was defined as primary outcome for the initial
experiment, and further evaluated at each experiment. The feasibility tests showed that subjective
usability was on average scored very well with an 8.0 (SD=1.2) when converted to a scale from
0 to 10 (chapter 4). The participants of a later study on data agreement also found it easy to
interact with pepper (mean 7.7, SD=1.0) (chapter 5). An exploratory study in the Vlietland
hospital among hospitalized patients showed a lower acceptance value of 6.8 (SD=2.6) (Chapter
7.2). Observations showed that the robot did not always understand the patient immediately,
requiring the patient to answer twice. It is also possible that these patients were concerned that
the use of the robot would be at the expense of attention they get from nursing staff. From
the randomised controlled trial among patients visiting an outpatient clinic we found that the
Perceived Ease of Use in terms of easy answering was on average 8.0 (SD=1.9) for patients and
7.6 (SD=2.0) for their accompanying caregivers (chapter 6).
Comparing our results to other studies, we found that Olde Keizer recently reported a system
usability score of 60.5 (SD=18.2) on a scale from 0-100 for the NAO robot conducting exercises
with older adults [20]. Speech recognition problems influenced this score significantly. Broadbent
et al. investigated the acceptance of healthcare robots for the older population and found that the
acceptance may possibly be increased by matching the robot’s role, appearance and behaviour
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to the needs of the human user, but they did not report usability scores [21]. In another study
Broadbent et al. reported that 19 out of 25 patients having a robot at home for COPD data
registering had favourable attitudes towards the robot [22].
The acceptability of a social robot is considerably influenced by the context of the situation, the
subject group, and the functional capabilities and performances of the robot, in particular with
regard to speech-to-text processing. Studies generally show that social robots are acceptable for
healthcare applications, if they are developed with the end-users (patients, informal caregivers
and healthcare professionals) in mind or even better in direct co-design with end-users.

Figure 1 - NAO robot (height 58 cm) (left, on a table) and Pepper robot (height 121 cm).

8

8.3.4 Validity: Data agreement
The next step in my studies was to review the agreement between index values as measured by the
two methods “robot” and “healthcare professional”. Three important index values or indicators
for the health assessment of older adults are the Frailty Index, the Wellbeing Index and the
Resilience Index. Each index is determined using the patients answers to a range of questions.
We first focused on interrater reliability test between data acquired by robot versus data acquired
by a health care professional. We have calculated for each person the difference between their
robot measured index and their nurse measured index, and the mean difference for all persons is
d̅ and the standard deviation of the differences is sd. Assuming normality, we would expect that
95% of the differences lies between d̅ – 1.96sd and d̅ + 1.96sd. Because in case of good reliability
most pairs of measurements by the two methods will be closer than these extreme values, these
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are called 95% limits of agreement. Bland and Altman proposed to display the data by plotting for
each person, the difference between the measurements by the two methods on the Y-axis, against
the mean of both methods on the X-axis (Figure 2) [23].

Difference between FI

0.20
0.15

0.10
0.05
0.00
-0.05

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

-0.10
-0.15
-0.20

Average Frailty Index

Figure 2 – Bland Altman plot of Frailty Index for 42 persons.

The Bland Altman plot includes a solid line indicating the mean d̅ which in this plot happens to
coincide with the X-axis, i.e. d̅ ≈ 0. The dashed lines indicating the 95% limits of agreement are
± 0.1. Since the Frailty Index has a range of 0-1, 95% of the values have an absolute difference
of less than 10% of the total scale. One could compare this 20% with the interrater reliability
for two healthcare professionals, however this was not part of our study. In our randomised
controlled cross-over study described in chapter 4, a moderate to substantial agreement between
the frailty indexes, and well-being and resilience scores collected by a HCP vs the robot was
found.
Although a lot of research has been done into social robots, we only found a few studies
that compared the validity of data collected by social robots with other means for healthcare
measurements. DiNuovo demonstrated that the Pepper robot could administer a Montreal
Cognitive Assessment questionnaire(MoCA) [24] among university personnel with acceptable
data agreement, when compared to a paper-and-pen examination by a human [25]. However,
their subject group of healthy university employees has a very different cognitive profile than
our older patient group, for whom the MoCA test is designed [24]. Takaeda et al. conducted
an experiment with the PaPeRo robot conducting a “telephone interview cognitive test” among
healthy community-dwelling older adults [26]. Contrary to our experiment, the robot reaction
was controlled by the researchers instead of acting autonomously, which resulted in their
conclusion that a robot administered cognitive test might have satisfactory reliability if the test
could be fully automated. Nevertheless, these and our studies gave a first indication that social
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robots could collect valid data. However, the number of studies is still limited. The concept for
medical contexts could be extended to other user groups (e.g., adults in general and children) as
well as to other questionnaires.

8.3.5 Integrated care pathways
The functional integration of the robot into the hospital’s daily practice turned out to be a
challenge, because its humanoid appearance and human-like functions are incomparable to other
equipment used in hospitals. After our first studies, we therefore decided to use the concept of
integrated care pathways [27] as conceptual framework for the introduction of social robots
into our clinic. These pathways allowed for a realistic scenario taking place within the geriatric
outpatient clinic and consisted of a dynamic range of steps conducted under supervision of
healthcare professionals. In these pathways, various interventions took place, such as blood
sampling, taking an electrocardiography, or conducting the TopicsSF frailty questionnaire. As
one of these steps was performed by a robot, a comparison could be made between pathways with
and without robot. In the trial reported in chapter 6, it was made clear to the research subjects
that the robot step was conducted under (remote) supervision of a healthcare professional and
part of an overall pathway. We expected that with this approach, it would be avoided that the
often met patient’s concern that “robots are replacing nurses and doctors” would take hold of the
experiment.
In chapters 4 and 5 it is demonstrated that the robot was able to produce reliable data in an
acceptable fashion. This was purposely first measured among relatively healthy community
dwelling older adults above 70 years old. This population differs from the patients seen in our
outpatient clinic, in a way that they have little or no diseases requiring immediate attention.
Thus, to realistically evaluate the efficiency of this technology, we still needed to test acceptability
and validity with real patients in a real hospital situation at an outpatient clinic.
Furthermore, the study was set up as a multicenter randomised controlled trial to result in
scientifically sound evidence allowing for recommendations for clinical practice. As far as we
know this had not been done before. The conclusion of our RCT was that geriatric patients
and their informal caregivers valued the quality of robot-assisted and non-robot-assisted care
pathways equally.
We also found no evidence that the aforementioned concern of replacing nurses and doctors had
a significant effect on the perceived pathway quality (see chapter 6). Therefore we recommend
that for future research, the framework of integrated care pathways may best be used when
designing research on the introduction of social robots in hospitals, rather than introducing the
robot as a single item replacing the human for a single task without such a pathway structure.
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8.4 Unexpected findings
During our observations of the interaction of older persons with the robot Pepper, we also did
some noticeable observations. Here we report three of these. First, in section 5.4.5. we reported
the interesting result that participants on average gave answers to the nurse that indicated a
higher resilience to life events, than the resilience resulting from their answers to the robot. This
raised the question whether participants gave more socially desirable answers to the nurse than
to the robot, or whether it really is a validity question. Hoffman and Forlizi showed that the
mere presence of a robot does not seem to lead to a more honest behaviour by humans [28,29].
On the other hand, a nurse-patient interaction is also a complex dynamic process where honest
patient behaviour is very situation dependent [30]. This issue could also be viewed from the
perspective of a willingness for self-disclosure. In a different setting, Uchida et al. investigated the
self-disclosure of humans towards social robots, and found that humans are more inclined to selfdisclose negative emotions to a robot than to a human [31]. Joshi proposes to investigate whether
patients would trust robots more with sensitive information than healthcare professionals [32]. In
a broader sense, we could consider the psychological rules that apply to the interaction between
humans and robots. Ullrich and Diefenbach have investigated the personality characteristics that
humans appreciate in several situations, and also concluded that the human-robot interaction
still lacks a profound theoretical and empirical basis [33].
Second, healthcare professionals involved in the RCT (chapter 6) and in the field study (chapter
7.2) named a specific case where a robot might receive more self-disclosure, namely with
cognitively decreasing older adults with a non-western background. In HCP-patient interviews
these patients are often accompanied by relatives (partner, son, daughter). Due to cultural
differences, the patients cannot or do not want to speak openly about certain medical problems
in front of these relatives. These healthcare professionals wondered if these older adults would be
more self-disclosing in a 1:1 situation with an interviewing robot. As far as we know this topic
has not yet been researched.
Third, during the RCT, healthcare professionals reported to have realized that using robots
leads to more structure in the dialogue than during doctor-patient dialogues. Although “more
structure” in the interview was by design, patients automatically seem to accept that the robot is
not perfect. They expect that it cannot process any answer and therefore limit themselves to the
short default answers. This may be an advantage and would infer that robots should not become
the same as humans because this might result in contra-productive interview techniques. Patients
tend to tell as much as possible to the healthcare professional because “you don’t want to have
forgotten to say something important”, whereas the healthcare professional is mainly interested
in the “yes” or “no”. On the other hand, some patients report to appreciate having the option
of elaborating on their answers (chapter 3). In fact, there may be an optimum of robot dialogue
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design, at which these purposely should not be designed too perfect. This would place the
robot’s human supervisor on a higher level. This ranking would also be more acceptable for the
healthcare professional. Patients are currently nudged by robot interviews into providing short
and to the point answers, which might be better for them, for the HCP and for the prediction
of the interview’s time duration.

8.5 Recommendations and future research
8.5.1 Enhancing human-robot interaction to open dialogues
All studies were conducted with a robot being able to understand short predefined answers.
Currently, the state of the art in natural language processing is not that the robot would be able
to “understand” and adequately react to answers as a nurse would do with a patient. Nevertheless,
it would be more convenient if the robot would also be able to understand free text answers,
and is capable to give a similarly free professional answer in line with the Fundamentals of
Care (chapter 3). As a start into researching this topic, we made a grounded theory analysis of
the audio recordings of nurse-participant interactions made during the data agreement study
(chapter 3). We were able to identify a theoretical model consisting of the four constructs Patient
Utterances, HCP Utterances, FoC Aspects, and Interview Patterns, with 48 context elements and
a schema showing their interrelation. More research and design work on this schema are needed
before it can be reliably used in clinical practice.
During the initial discussion on the RCT method design, we planned to give patients the option
to elucidate on their answer by allowing patients to provide a free form elucidation to the closed
form answer required. This is illustrated in the user interface design in figure 3, where we added a
“more” option for patients: if they said “more” they would be asked to elucidate on their answer
and they would be presented with a user screen as in figure 4. The text subsequently stated by the
patient would be displayed in the box with “Your elucidation” (figure 5). When the robot would
hear no additional utterances for some seconds, it would ask if the patient is ready. If the answer
was “yes”, the robot would continue to the next question. If the answer was “no”, the robot would
say to await further elucidation to add to the already given input.
Processing the free format elucidation text more intelligently would require the design of natural
language processing algorithms that did not fit within the time and resources of our study.
We would limit ourselves to having the robot perform some backchanneling actions such as
saying “ehm”, “yes” and “ok” [34], and then proceeding to the next question once the patient
had finished speaking. At that time of study design there were four options for open speechto-text conversion: the default Nuance server [35], Google Speech Recognition [36], IBM
Watson [37] and Kaldi [38]. Only Google Speech Recognition was at that moment able to
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freely process Dutch language. An initial pilot interaction was working, but the speech-to-text
accuracy was only about 80%. This created the risk of initiating a discussion between patient
and robot on what was exactly said (and displayed on the screen), which would be difficult to
handle by the robot and might influence the user experience. Additionally, this solution entailed
that we needed to create an interface with Google’s servers in the USA. At that time and in
consultation with legal representatives from the Radboudumc, this was expected to result in a
lengthy communication with Google Inc. towards reaching compliancy with the EU General
Data Protection Regulation. Because of these reasons we decided to drop the patient elucidation
option, however we recommend to study the use of this option.

Can you fully independently walk
up and down the stairs?
Yes without any effort – With minor effort –
With major effort - No
What do you mean – Skip – Back

Figure 3 – Screen layout for question: design used in RCT
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Can you fully independently walk
up and down the stairs?
Yes without any effort – With minor effort –
With major effort - No
What do you mean – Skip – Back – More

Figure 4 – Screen layout for question: design with “More” option for elucidation

Can you fully independently walk
up and down the stairs?
Your elucidation: _

Ready? Yes - No

8

Figure 5 – Screen layout for elucidation
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8.5.2 Artificial Intelligence for the robot
The social robot used here could be conceived as an Artificial Intelligence system, but can be
made “more intelligent”. In accordance with Russell and Norvig, the view is generally adopted
that a social robot can be named intelligent if it undertakes rational actions, where “rational”
means taking the best possible action in a certain situation [39]. Pepper has been programmed to
base its actions on the answer of the patient and a set of rules. A generic action by Pepper consists
of a verbal statement, an information set displayed on its tablet, and body motions. The verbal
statement rules include affective statements, variation in asking questions, providing explanations,
and giving trust by referring to the healthcare professional. The so called ‘information set rules’
define display of healthcare professional data, patient data, interview context data, questions,
default answer options, standard answer options, given answers, explanatory texts and shared
decision-making reports. Body motion rules consist of the “look-at function”, i.e. a robot looking
direction at patient, caregiver or healthcare professional, and a set of arm motions consistent with
a kind questioning behaviour. The action variation is therefore significant and all intended to give
the human interlocutor a pleasant, acceptable and effective interaction. Although on the surface
the interaction seemed straightforward, the background processing was rather complex, and may
be taken under the umbrella term of AI.
Considering the most recent advances in social robotics, the specific predefined questionnaire
can be considered as a history taking dialogue with a goal G, where G is the desired health status
knowledge on the patient. The dialogue still has to be founded in the available medical knowledge,
e.g. the Nederlandse Triage Standaard [40]. However, the selection of actions (verbal & display
& motion) required to achieve goal G can be conceived as a partially observable Markov decision
process (POMDP) [41]. For next steps on the input side, to realize natural language processing of
arbitrary patient answers, they may be considered as a classification problem solvable by machine
learning techniques. Despite the fact the dialogue can be considered as a domain specific
dialogue, the variation in answers however is high (chapter 3). It is recommended to study the
generalization of the user interaction by applying AI techniques for speech processing and action
selection.

8.5.3 Robot emotion detection
Emotion detection can be important for a pleasant human-robot interaction. The robot could
select an appropriate statements in accordance with the Fundamentals of Care (see chapter 3),
such as Being Empathic and Being Compassionate, if it could accurately detect and handle
the patient’s emotion. The Pepper robot is equipped with camera sensors that can monitor the
emotion of its human interlocutor. The sensor data processing algorithm is based on the work
of Russell and Ekman [42,43]. Russell defines the patient’s emotion as a combination of the
patient’s Pleasure State (or Valence) and Excitement State (or Arousal) (Figure 6).
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Pleasure State
Excitement State
Calm
Excited

Positive

Neutral

Negative

Content
Joyful

Neutral
Neutral

Sad
Angry

Figure 6 - Emotion states

The robot camera takes an image of the facial expression of the human. It determines factors
like open/closing of the mouth, eyebrows raised, and lip corners up or down. Next, it directly
uses these values to compare with standardized values and tries to determine the most likely
instantaneous emotion.
During the RCT we recorded the emotion of the patient for each question by analysing the
facial expression directly after posing the question. Facial images were not stored, only used for
emotion classification. During trial execution the recorded emotion was not linked to any action,
because we were not sure how an appropriate emotion/action algorithm could be designed. A
first analysis of the data indeed showed that the recorded emotions varied frequently between
questions, and it was very difficult to assess the actual emotion of the patient. A correlation with
emotions noted down during the trial by the observers on the observation forms (chapter 6.7.5)
could not be found. This all means that in this context emotion detection seems not very useable.
Canedo and Neves performed a systematic review on facial emotion recognition which supports
our finding that establishing sufficient accuracy of the recognition in uncontrolled and posevariant environments is still difficult [44]. Moreover, the emotion turned out to be time varying
in the course of an interview, and it is uncertain whether an averaging over a longer period is
allowed. Because of the camera accuracy problems, Fiorini et al. used a different method. They
measured physiological signals, such as the electrocardiogram, the electrodermal activity, and
the electric brain activity as main informative channels to classify the emotional state of the
human interlocutors [45]. They reported the achievement of an accuracy of 77% in the bestunsupervised case and 85% with the best-supervised ones.
Further study is required to be able to design an emotion/action algorithm useable for health
interviews. The algorithm shall also include an assessment of whether the timing of the empathic
statements was appropriate, considering e.g. the frequencies of use of such statements by humans
(chapter 3). Not every emotion expressed by a patient may need to be directly acted upon, and
the frequencies measured in chapter 3 could be used as pragmatic bootstrapping values in an
optimization process.
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8.5.4 Generalisation
From the fact that the social robot interview task is acceptable for older adults, the question
arises if one may infer that it is also acceptable for other patient age groups such as younger adult
patients and children. They are generally physically and cognitively stronger, which makes it easier
for them to learn how to interact with a robot. For these groups however, other design patterns
may be needed than those we designed for older adults. Neerincx et al. have used the SocioCognitive Engineering method to design a robotic partner for a child’s diabetes self-management
[11]. These age groups may also be more impatient in answering questions, resulting in a higher
barge-in frequency. Softbank Robotics has recently (March 2020) released an update of the robot
Pepper operating system Naoqi 2.9 that would enable barge-in, i.e. the robot can speak and listen
at the same time. Further tests in other patient groups should still be executed and the effect on
human acceptability has to be evaluated.
In this study robot mediated interview for three patient reported outcome measures have
been evaluated: the TOPICS-SF frailty questionnaire, a well-being questionnaire as well
as a resilience questionnaire. These types of PROM questionnaires are used in more medical
specialties. Therefore, we presume that the concept of robot PROM questioning can also be used
for other specialties, other PROMs and other forms of structured medical history taking. This
generalisation option has also been identified by Jamieson and Goldfarb [7]. We recommend to
study the use of robot conducted questionnaires for other medical disciplines as well.
In the Radboudumc hospital numerous care pathways exist, for example: haematologic
malignancies brain tumours, lung, breast cancer, pancreas, thyroid, colorectal carcinoma and
head-neck oncology. These pathways can be subdivided into pathway steps, categorizable as
medical history taking, physical examination, body sampling (blood, bone marrow, biopsy),
laboratory analysis, physiotherapy, dietary policy, image scan diagnostics (X-thorax, MRI,
CRT, CT, echo), anaesthesia, surgery, recovery support, medical outcome discussion, and
discharge preparation. During each of these pathway steps, a healthcare professional may have
some dialogue with a patient. Some of these dialogues may be automated because they have a
structured and administrative character and do not necessarily require full human involvement
or the flexibility of human reasoning. In those situations, they could be carried out by a social
robot. It is recommended to develop a generic implementation framework for all pathways,
which then can be tailored using pathway specific configuration files. We assume that supervisory
control by the healthcare professional may suffice and the developed technology may also be
useable in such cases, but this needs to be analysed up front as well.
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8.5.5 Integration in the hospital IT infrastructure
The integration of the social robot in the hospital IT infrastructure enables the automatic storage
of the patient’s responses in their personal health record, the automated calculation of scores,
and the ease to present processed results in a brief report to medical staff. For the randomised
controlled trial reported in chapter 6 of this thesis a lot of effort was put in creating an interface
with the EPIC electronic health record (EHR) system. A social robot is a new type of equipment
for the IT organisation, and although many IT professionals know a part of the implementation
solution, very few (if any) have a complete overview, and individual IT professionals tend to
underestimate the effort needed to solve the parts they don’t know. As often the case with new
technologies, the devil is in the details. Moreover, the EHR systems may lag in intelligent social
robot interaction support. We recommended to design a network solution, consisting of the
social robot(s), a robot dedicated data and development server, and an EHR system, which can
solve the interaction challenges still met in clinical practice.

8.5.6 Integration in the clinical building infrastructure and moving around
For questioning tasks, the robot Pepper is best used in a fixed position in an outpatient clinic
room in order to optimize speech intelligibility by the robot. In a fashion similar to blood pressure
measurement devices, or mobile ECG equipment (because they have a comparable height), the
robot can be wheeled to the appropriate room (Figures 7-9).
The Pepper robot could however in principle drive autonomously to another location, since it is
equipped with obstacle avoidance sensors, and mapping and navigation functions [46,47]. The
evaluation of this feature was outside the scope of this study. Logistical robots exist already that
are aimed at transport of items in a hospital but these are not primarily designed as “social robots”
[48]. The Pepper robot, with its humanoid design, is however also expected to attract attention
of other people when navigating from A to B. Social norms require the robot to look around, say
things like “hello” and “good morning” when moving, or “excuse me, may I pass” when detecting
a human blocking its path. This social navigation has not been evaluated yet, while it may be part
of a hospital use case where the robot is asked to move to a patient’s bed. Further research into an
adequate social navigation strategy is recommended.
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Figure 7 – GE Carescape V100
Dinamap Medical Vital Signs
Blood Pressure Temperature
Monitor

Figure 8 - Philips PageWriter
TC50 cardiograph

Figure 9 – Softbank Robotics
Pepper robot

8.5.7 Healthcare professional training
A proper training for the healthcare professionals is necessary to make optimal use of the robot
and its dialogue options. In chapter 2 we described three interactions: health interview context
setting, health interview dialog and administration, and health interview outcome display. The
healthcare professionals need to be trained to use these interactions, that involve communication
with themselves, with patients and with informal caregivers. The healthcare professionals shall
also have an understanding of the impact the robot could have with patients, for example if it
poses a sensitive question. The same question written on a paper form or a tablet app may have
a different impact when spoken by a humanoid robot. Patients shall be informed that the robot
supports the healthcare professional, and that they remain responsible. All information patients
given to the robot will be stored in their electronic health record and digital reports could be
made available to themselves. Awareness of these ethical and privacy aspects is essential for the
introduction of the robots to patients. A well-thought through and situational training program
design is therefore recommended.
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8.5.8 Business case
The business case for the questionnaire application could be built on the two main tasks the robot
performs: conducting an interview with a patient and eventually their caregiver(s) (typically 15
minutes), and the processing of the data in preparation of the shared decision-making dialogue
between doctor and patient. Assuming an hourly rate for an experienced nurse of € 45.00 [49]
and for the robot of € 10.562, the robot would save every hour € 45.00 - € 10.56 = € 34.44, so
for each 15-minute questionnaire the robot saves 0.25 * € 34.44 = € 8.61. The net amount of
money that can be saved, however, is still subject to uncertainty because it very much depends
on actual use, maintenance costs, depreciation period, etcetera. At the same time license fees may
drop if the company is able to deploy a larger number of say 100 robots.
Regarding the pre-processing, it is expected that it would save time if the doctor would be given
processed results, rather than having to process answers on the fly while having the interview. We
did however not evaluate this specifically in this study. Conducting a more detailed (prospective)
business analysis is recommended for a more solid foundation for investment decisions in this
technology.

8.5.9 Social robots and COVID-19
On December 31st of 2019, China reported a pneumonia of unknown cause detected in Wuhan
to its WHO country office [50]. Early January the cause was identified as a novel type of
coronavirus. On January 13th, 2020, the first case outside China was detected in Thailand, and
on February 11th, the novel coronavirus was named COVID-19. Eventually the virus has spread
around the whole world and became a pandemic [51], with major impact on public health
and resulting in many contaminations and deaths around the world. The COVID-19 pandemic
raised the question among robot scientists if robots could be effective resources in combating
COVID-19 [52]. Focusing on applications of social robots in healthcare as outlined in this
thesis, the answer is yes, also because according to the manufacturer, the Pepper robot can be
cleaned using standard disinfectants.
Firstly, people who suspect that they may have been infected with the virus can be screened through
a tailored questionnaire like the questionnaires used in this study. The population group at risk are
older adults and specifically this group has been evaluated in this thesis. A demonstration video
of such a screening interview as developed as concept by the author can be found on YouTube
(https://youtu.be/gv-UihIIb-I); it should be noted that this method obviously still requires
test and validation. Family and caregivers may also be subjected to a screening by the robot.
Screening reports can be made available to healthcare professionals, patient and family, as well as
(in anonymized and/or aggregated form) to government institutions. With robots, a large part
2

 rocurement price hardware ~20k€, depreciation period 3 yrs, average use 1200 hrs/yr, software license and maintenance fee €
P
500 per month for 3 yrs -> (20,000+500*3*12)/(3*1200) = 10.56
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of the population can be screened without requiring the support of scarcely available healthcare
professionals. Screening may take place in hospitals but also at General Practitioner’s offices,
elderly care institutions, community homes, public places etcetera. The considerations for using
social robots instead of alternatives like computers, tablets or smartphones have already been
discussed in chapter 4.2. Secondly, during recovery the patient may be supported in regaining
strength through exercises [53]. Thirdly, the robot can be used as monitoring instrument for
people living in quarantine. Fourthly, if the social robot may be linked to e-health sensors like
temperature measurement devices for detecting fever, the robot may use these results in the
dialogue with the patient.
We consider the aforementioned list not as exhaustive. More research is however needed on the
feasibility and the acceptability of social robots for pandemic combating.

8.6 Conclusion
The studies described in this thesis helped to pave the way for introducing social robots as
effective assistants to healthcare professionals in their task of obtaining a patient’s health status,
especially by Patient Reported Outcome Measures. Combining all aforementioned issues, we
can conclude that the problem of the limited time available for healthcare professionals may be
partially solved using social robotics. Privacy is ensured by organising the interviews in a separate
outpatient clinic room and storing patient data in the EHR system. However, it is essential
that the robot and the robot interactions are well designed, carefully introduced to the hospital
workforce, infrastructure and procedures, and that ethical and privacy considerations are well
taken into account. The concept of integrated care pathways provides an excellent framework
for discussing, planning, introducing and evaluating the implementation of this new technology.
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9.1 Summary in English
For evaluating value based healthcare in hospitals, it is important to measure the opinions of
patients on their perceived quality of healthcare. Patient Reported Outcome Measurements
(PROMs) are a key tool to accomplish this goal. However, for healthcare professionals this
PROM taking is a time consuming task, and their workload is already high. As a consequence,
certain care tasks could be left undone, such as comforting or talking with patients, educating
patients, and developing or updating nursing care plans. Social robots may contribute to the
solution for this problem by supporting healthcare professionals in specific and automatable
tasks such as health status interviews on aforementioned PROMs.
Health status interviews consist of data collection, data interpretation and shared decision
making. A social robot may complete the task of data collection independently, and then provide
that information to the healthcare professional for using it to confirm, augment or approve
the collected data. The effectiveness of using social robots for this specific task of conducting a
PROM in a hospital setting has not yet been evaluated.
The overall goal of this thesis was to evaluate the effectiveness of a social robot that assists healthcare
professionals in their task of obtaining a patient’s health status. At the same time this interaction
shall be acceptable, effective and pleasant for the patients and their informal caregivers. This
evaluation has been performed first among community dwelling older adults, and then among
patients visiting an outpatient clinic as well as hospitalized patients. The collected parts should
jointly provide a solid and coherent foundation for ultimately testing this goal among older
adults.
In chapter 2 we describe the development of interactive design patterns for the three phases in
the process of obtaining health data from patients using the robot: 1) a healthcare professional
initializes the dialogue with the patient, 2) the robot explains the procedure and conducts the
interview, and 3) the doctor takes the processed interview results for a shared decision making
on the desired health policy for the patient. These patterns were implemented in the robot
interactions successively used in this study.
Chapter 3 provides a qualitative analysis of the nurse conducted interviews during this experiment,
aimed at specifically examining the verbal interaction between nurse and patient. The analysis
resulted in the identification of a grounded theory model, consisting of four interrelated concepts
with 16 healthcare professionals utterance types, 9 patient utterance types, 10 Fundamentals of
Care aspects and 13 interview patterns.
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The first actual evaluation with community dwelling older adults has been described in chapter
4. In a crossover study the 31 participants were subjected to a question-answer dialogue with
the robot that included personalization and affective statement. Participants scored the robot’s
subjective usability on average as 80.1 (±11.6) on a scale from 0 to 100. Technologically
improvements were identified such as barge-in allowance and speech understanding.
Chapter 5 presents an ecological validation on the data agreement of automated acquisition for
three complete Patient Reported Outcome Measurements among older adults. Data acquisition
by a humanoid robot is compared to acquisition by a nurse in a crossover study. The conclusion
was that a moderate to substantial agreement could be demonstrated between the frailty,
wellbeing, and resilience scores.
Finally, we studied the implementation and verification of the designed human-robot interactions
in a Multicenter Randomized Controlled Trial at the outpatient clinics of the Radboudumc and
the Canisius Wilhelmina Ziekenhuis, which is reported in chapter 6. The interactions were
compared at the level of an integrated care pathway. In total 75 intermediately frail older patients
were included, randomly assigned to the intervention and control groups and processed (36
female, 39 male, mean age M=77.4 years old, SD=7.3, range 60–91). There was no significant
difference in the total patient CQI scores of the patients with the robot pathway (M=9.27,
SD=0.65, n=37) and those in the control group (M=9.00, SD=0.70, n=38); P=.08, 95% CI
(-0.04 to 0.58), and no significant difference for their caregivers (intervention group M=9.21,
SD=0.76, n=30; control group M=9.09, SD=0.60, n=35); P=.47, 95% CI (-0.21 to 0.46).
Subsequently, the chapters 7.2 and 7.3 present two case studies. Chapter 7.2. describes the
evaluation of a social robot interviewing adult patients on the special case of feeling pain. Several
pain related questions were posed. All 31 participants were able to declare their pain level, found
the question easy to answer, and did not mind being asked on their pain level by a robot. Pain
data were successfully saved.
Chapter 7.3 presents a field study in the Franciscus Vlietland hospital on autonomous health
data acquisition among hospitalized patients. The study results suggest that a social robot may be
acceptable for hospitalized patients in supporting nurses for routine data gathering tasks.
Given the scores on acceptability, reliability and pleasantness among older adults, we conclude
that healthcare professionals can be feasibly supported by a social robot in their task of obtaining
a patient’s health status. This specifically is valid for value based healthcare evaluation using
Patient Reported Outcome Measures. Combining all aforementioned issues, the conclusion
can be drawn that the problem of the limited time available for healthcare professionals may
partially be solved using social robotics. It is nevertheless essential that robot interactions are well

198

Summary

designed. Social robots need to be carefully introduced to the hospital workforce, infrastructure
and procedures. Last but not least, all ethical and privacy considerations are required to be
conscientiously taken into account.

9.2 Summary in Dutch
Om de waarde van de geleverde gezondheidszorg in ziekenhuizen te kunnen evalueren, is het
belangrijk om de mening van patiënten over de kwaliteit van de ontvangen gezondheidszorg
te meten. Patient Reported Outcome Measurements (PROMs) zijn een belangrijk hulpmiddel
om dit doel te bereiken. Voor professionals in de gezondheidszorg is het afnemen van deze
PROMs echter een tijdrovende taak en hun werklast is al hoog. Als gevolg hiervan kunnen
bepaalde zorgtaken niet of minder worden uitgevoerd, zoals het praten met patiënten over
hun zorgen, het opleiden van patiënten in de zelfzorg en het ontwikkelen of bijwerken van
verpleegkundige zorgplannen. Sociale robots kunnen een bijdrage leveren aan de oplossing van
dit probleem door zorgprofessionals te ondersteunen bij specifieke en automatiseerbare taken
zoals gezondheidsstatusinterviews met behulp van bovengenoemde PROMs.
Gezondheidsstatusgesprekken bestaan u
 it gegevensverzameling, gegevensinterpretatie en gedeelde
besluitvorming. Een sociale robot kan de taak van het verzamelen van gegevens onafhankelijk
uitvoeren en die informatie vervolgens aan de zorgverlener verstrekken. Deze kan de informatie
gebruiken om de verzamelde gegevens te bevestigen, aan te vullen of goed te keuren. De
effectiviteit van het gebruik van sociale robots voor deze specifieke taak van het uitvoeren van een
PROM-interview in een ziekenhuisomgeving was nog niet geëvalueerd.
Het algemene doel van dit proefschrift was daarom het evalueren van de haalbaarheid
en de effectiviteit van een sociale robot die zorgverleners helpt bij het verkrijgen van de
gezondheidsstatus van een patiënt. Tegelijkertijd zal de interactie met de robot voor de patiënten
en hun mantelzorgers acceptabel, effectief en prettig zijn. Deze evaluatie is eerst uitgevoerd
bij thuiswonende ouderen, en vervolgens bij patiënten die een polikliniek bezoeken en bij
ziekenhuispatiënten. De verzamelde resultaten moeten gezamenlijk een solide en coherente basis
bieden om dit doel te kunnen bereiken.
In hoofdstuk 2 beschrijven we de ontwikkeling van interactieve ontwerppatronen voor de
drie fasen in het proces van het verkrijgen van gezondheidsgegevens van patiënten die de robot
gebruiken: 1) een professionele zorgverlener initialiseert de dialoog met de patiënt, 2) de robot legt
de procedure uit en voert het interview uit, en 3) de arts gebruikt de verwerkte interviewresultaten
voor een gedeelde besluitvorming over het gewenste gezondheidsbeleid voor de patiënt. Deze
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ontwerppatronen zijn geïmplementeerd in de robotinteracties die achtereenvolgens in dit
onderzoek zijn gebruikt.
Hoofdstuk 3 geeft een kwalitatieve analyse van de verbale interactie tussen verpleegkundige en
patiënt bij het afnemen van PROM interviews. De analyse resulteerde in de identificatie van een
theoretisch model, bestaande uit vier onderling verbonden concepten met 16 uitingstypen voor
zorgprofessionals, 9 soorten uitingen voor patiënten, 10 Fundamentals of Care-aspecten en 13
interviewpatronen. Deze studie gaf aan dat PROM-gegevensverzameling bij ouderen effectief en
efficiënt kan worden uitgevoerd door een sociale robot. De subjectieve bruikbaarheid van de robot
werd gemiddeld gescoord als 80,1 (± 11,6) op een schaal van 0 tot 100 en de betrouwbaarheid
van de geregistreerde gegevens was 99,6%.
De eerste feitelijke evaluatie met thuiswonende ouderen is beschreven in hoofdstuk 4. In een
crossover-studie werden de 31 deelnemers onderworpen aan een vraag-antwoorddialoog met
de robot, waarbij de robot de oudere persoonlijk aansprak en waar van toepassing affectieve
uitspraken deed. Deelnemers scoorden de subjectieve bruikbaarheid van de robot gemiddeld als
80,1 (± 11,6) op een schaal van 0 tot 100. Er werden technologische verbeteringen geïdentificeerd,
zoals het kunnen omgaan met interrupties terwijl de robot spreekt, en het verstaan van wat de
proefpersonen zeiden.
Hoofdstuk 5 presenteert een ecologische validatie van de overeenkomst van de data van
geautomatiseerde acquisitie voor drie volledige patiëntgerapporteerde uitkomstmetingen bij
oudere volwassenen, in vergelijking met de bestaande manier van werken. De data-acquisitie
door de humanoïde robot werd vergeleken met acquisitie door een verpleegster in een crossoverstudie. De conclusie was dat er een matige tot substantiële overeenstemming kon worden
aangetoond tussen de scores voor kwetsbaarheid, welzijn en veerkracht.
Tenslotte bestudeerden we de implementatie en verificatie van de ontworpen mens-robot
interacties in een Multicenter Randomized Controlled Trial op de poliklinieken van het
Radboudumc en het Canisius Wilhelmina Ziekenhuis. De resultaten staan beschreven in
hoofdstuk 6. De interacties werden vergeleken op het niveau van een geïntegreerd zorgpad. In
totaal werden 75 gemiddeld kwetsbare oudere patiënten geïncludeerd en willekeurig toegewezen
aan de interventie- en controlegroepen (36 vrouwen, 39 mannen, gemiddelde leeftijd M =
77,4 jaar oud, SD = 7,3, bereik 60-91). De studie toonde geen significant verschil in de totale
CQI-scores van de patiënten met het robotroute (M = 9,27, SD = 0,65, n = 37) en die in de
controlegroep (M = 9,00, SD = 0,70, n = 38) ; P = 0,08, 95% CI (-0,04 tot 0,58), en geen
significant verschil voor hun mantelzorgers (interventiegroep M = 9,21, SD = 0,76; controlegroep
M = 9,09, SD = 0,60).
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Vervolgens presenteren de hoofdstukken 7.2 en 7.3 twee case study’s. Hoofdstuk 7.2. beschrijft
de evaluatie van een sociale robot die volwassen patiënten interviewt over het speciale geval van
pijn voelen. Er werden verschillende pijngerelateerde vragen gesteld. Alle 31 deelnemers konden
hun pijnniveau aangeven, vonden de vragen gemakkelijk te beantwoorden en vonden het niet
erg om door een robot op hun pijnniveau te worden bevraagd. Pijngegevens zijn succesvol
opgeslagen.
Hoofdstuk 7.3 presenteert een veldstudie in het Franciscus Vlietland ziekenhuis naar autonome
acquisitie van gezondheidsgegevens bij gehospitaliseerde patiënten. De studieresultaten suggereren
dat een sociale robot acceptabel kan zijn voor ziekenhuispatiënten om verpleegkundigen te
ondersteunen bij routinematige gegevensverzamelingstaken.
Gezien de scores op aanvaardbaarheid, betrouwbaarheid en plezier bij oudere volwassenen,
concluderen we dat zorgverleners haalbaar ondersteund kunnen worden door een sociale robot
in hun taak om de gezondheidsstatus van een patiënt te verkrijgen. Dit geldt specifiek voor
de op waarde gebaseerde evaluatie van de gezondheidszorg met behulp van door de patiënt
gerapporteerde uitkomstmaten. Door alle bovengenoemde problemen te combineren, kan
de conclusie worden getrokken dat het probleem van de beperkte tijd die beschikbaar is voor
gezondheidswerkers gedeeltelijk kan worden opgelost met sociale robotica. Het is niettemin
essentieel dat robotinteracties goed zijn ontworpen. Sociale robots moeten zorgvuldig worden
geïntroduceerd bij het ziekenhuispersoneel, de infrastructuur en de procedures. Last but not least
moeten alle ethische en privacyoverwegingen zorgvuldig in acht worden genomen.

9.3 Short popular summary in English
Healthcare professionals in hospitals report to have a high workload due to the increasing
complexity of care and the multitude of issues to be questioned and analyzed, with additional
administrative pressures. As a consequence, certain care tasks could be left undone, such as
comforting or talking with patients, educating patients, and developing or updating nursing
care plans. Social robots, being robots that are able to verbally communicate with humans, may
contribute to the solution for this problem by supporting healthcare professionals in specific and
automatable communication tasks such as health status interviews.
This research has resulted in the design of a human-robot interaction aimed at a pleasant and
effective interview on a patient’s health. We first investigated the acceptability of a robot in
this interviewing role among community dwelling older adults. The robot scored an average
subjective usability of 8 on a scale from 0-10. Then we studied the data agreement of health
data acquired by the robot interviewer and a nurse from the same group. The conclusion was
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that a moderate to substantial agreement could be demonstrated, in other words the acquired
data were comparable. Lastly we conducted a trial among actual patients at an outpatient clinic
at two hospitals, the Radboudumc and the CWZ. The intervention consisted of a social robot
autonomously interviewing the patient, as part of the patient’s overall hospital visit under
supervision of a healthcare professional. The conclusion was that patients found the quality of
care given by robot supported healthcare professionals better than the quality of care given by
healthcare professionals not supported by a robot.

9.4 Korte populair-wetenschappelijke samenvatting in het
Nederlands
Zorgprofessionals in de gezondheidszorg in ziekenhuizen melden een hoge werkdruk door
toenemende complexiteit van de zorg en de veelheid van onderwerpen die uitgevraagd en
geanalyseerd moeten worden, met bijkomende administratieve druk. Als gevolg hiervan
kunnen bepaalde zorgtaken niet voldoende uitgevoerd worden, zoals het troosten of praten
met patiënten, het opleiden van patiënten in de zelfzorg en het ontwikkelen of bijwerken van
verpleegkundige zorgplannen. Sociale robots, dat wil zeggen robots die mondeling met mensen
kunnen communiceren, kunnen een bijdrage leveren aan de oplossing van dit probleem door
zorgprofessionals te ondersteunen bij specifieke en automatiseerbare communicatietaken zoals
gezondheidsstatusinterviews.
Dit onderzoek heeft geresulteerd in het ontwerp van een mens-robot interactie gericht op een
prettig en effectief interview over iemands gezondheid. We hebben eerst de aanvaardbaarheid van
een robot onderzocht in deze interviewende rol bij thuiswonende ouderen, een grote groep van
de potentiële ziekenhuisbevolking. De robot scoorde een gemiddelde subjectieve bruikbaarheid
van 8 op een schaal van nul tot tien. Vervolgens bestudeerden we bij dezelfde groep de dataovereenkomst van gezondheidsgegevens verkregen door de robotinterviewer en een verpleegster.
De conclusie was dat een matige tot substantiële overeenstemming kon worden aangetoond,
dat wil zeggen dat de verkregen gegevens vergelijkbaar waren. Ten slotte hebben we een proef
uitgevoerd onder echte patiënten op een polikliniek in twee ziekenhuizen, het Radboudumc en
het CWZ. De interventie bestond uit een sociale robot die de patiënt autonoom interviewde, als
onderdeel van het ziekenhuisbezoek van de patiënt onder toezicht van een arts. De conclusie was
dat patiënten de kwaliteit van de zorg door robotondersteunde zorgprofessionals beter vonden
dan de kwaliteit van de zorg door zorgprofessionals die niet door een robot werden ondersteund.
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Tijdens een etentje bij onze favoriete pizzeria Deep Pan Pizza in Leiden praatten mijn toenmalige
vriendin (en inmiddels echtgenote) Sascha en ik eind 1993 ook over de mogelijkheden van
“aardse robotica”. Dit als tegenhanger van ruimterobotica, waar ik toen aan werkte bij Fokker
Space, en waarbij we ook wilden onderzoeken wat de technologie spin-off naar andere
toepassingsgebieden kon zijn. Al sindsdien speelde bij mij de gedachte om aan een promotieonderzoek te beginnen naar robots in de zorg, maar toen was de technologie nog niet rijp. Na
vele jaren in het bedrijfsleven werkzaam te zijn geweest, met veel boeiende projecten maar toch
enige onvermijdelijke oppervlakkigheid, zou ik heel graag weer eens de diepte in willen duiken.
Die mogelijkheid diende zich eind 2016 aan met de beschikbaarheid van de Pepper robot.
Deze verstond de Nederlandse taal en beschikte over de uitgewerkte programmeeromgeving
Choregraph geschreven in de programmeertaal Python. Zodoende met mijn spaargeld een robot
gekocht, Python geleerd en gekeken wat er technisch en qua mens-robot interaktie mogelijk was.
Dat bleek tamelijk veel. Echter de inzet van een sociale robot in de zorg vereist naar mijn mening
een gedegen onderbouwing via wetenschappelijk onderzoek. Dus heb ik een onderzoeksvoorstel
geschreven en ben daarmee naar Marcel Olde Rikkert, hoogleraar Geriatrie, en Mark Neerincx,
hoogleraar Interactive Intelligence, gestapt. Beiden vonden het een goed idee en waren bereid
mij te begeleiden bij een promotietraject. Daar was ik heel blij mee want op je 53-ste nog met
een promotie-traject te beginnen vond ik erg spannend. Het voorbereiden en uitvoeren van de
eerste twee experimenten in de zomers van 2017 en 2018 waren één ding, maar het gepubliceerd
krijgen van de resultaten is iets anders. Dat viel niet mee, ik moest echt leren iets wetenschappelijk
op te schrijven: kort en bondig, en volgens een vast stramien. Pas toen de publicatie van beide
papers gelukt was, begin 2019, begon ik er echt in te geloven dat ik het ook kon afmaken. Dat
was een kantelpunt voor mij. Nu terugkijkend was alle inspanning zeer de moeite waard en ik
heb er ontzettend veel van geleerd. Promoveren is echt iets anders dan afstuderen, heb ik ervaren.
Echter, de resultaten die ik in dit proefschrift mag presenteren hadden niet gerealiseerd kunnen
zijn zonder de vaak belangenloze steun van vele mensen.
Als eerste wil ik mijn promotieteam bedanken. Marcel, jij hebt me vertrouwen gegeven om vol te
houden, ook toen de eerste papers werden afgewezen. Later begreep ik dat dat frequent voorkomt
en dat er altijd wel ergens een journal zou zijn. Je was heel benaderbaar en gaf snelle reacties en
feedback, waardoor ik snel verder kon met verbeteren. Ook wil ik je bedanken voor de hulp bij het
uitvoeren van de Randomised Controlled Trial, die toch wel het hoogtepunt van dit onderzoek is
geworden. Mark, ook jij bedankt voor het vertrouwen in het begin en het mogelijk maken van de
aanstelling bij de TU. Ik heb het erg leuk gevonden jou te ondersteunen bij de colleges Interactive
User Experience en het uitvoeren van de experimenten met de studentgroepen. Fokke, jou wil ik
in het bijzonder bedanken voor de nauwkeurigheid waarmee je mijn papers heb gereviewed. Dat
heeft enorm geholpen en heeft me ook veel geleerd over wat belangrijk is en wat niet. Ik zie jou
als een voorbeeld voor de manier waarop een PhD-student begeleid moet worden. Zonder jouw
steun vraag ik me af of ik zover was gekomen. Ook wil ik Koen bedanken voor de discussies die
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we hadden over de technische uitvoering van de experimenten en de review van de papers. Jouw
inzicht in wat in dat opzicht belangrijk is en wat niet, heeft mij ontzettend geholpen. Tot slot
wil ik Getty-Huisman de Waal bedanken voor de discussie die we hadden over de Fundamentals
of Care en wat er verpleegkundig van belang was bij dit onderzoek. Jouw enthousiasme voor de
mogelijkheden van Pepper als ondersteunend aan verpleegkundigen heeft mij zeer gemotiveerd.
Ik wil ook alle proefpersonen en patiënten dank die meegewerkt hebben aan dit onderzoek.
Privacy-redenen verhinderen mij om hen bij naam te noemen, maar ik weet wie het zijn en
zonder hun objectieve medewerking was dit onderzoek niet mogelijk geweest. Ik prijs mezelf
gelukkig dat de experimenten gereed waren vóór de uitbraak van de COVID-19 pandemie in
Nederland, waardoor ik geen problemen heb gehad met de uitvoering van deze experimenten, in
tegenstelling tot sommige van mijn collega PhD-studenten die later zijn begonnen.
Wendy van den Heuvel en Rolinka Schim van der Loeff hebben de interviews met de
proefpersonen uitgevoerd die gerapporteerd staan in hoofdstukken 3 en 5. Bij de voorbereiding
van de experimenten en tussen de interviews hebben we gezellig gepraat over de zorg en het leven
in het algemeen. Voor hun hulp en hun gezelligheid ben ik ze zeer dankbaar.
Zorgprofessionals William van Aalst, Anoek Aben, Jurgen Claassen, Nicole van der Cruijsen,
Rianne de Heus, Christa Hummelen, Trudy Jacobs, Madeleine Koolen, Renée Koster, Lidwine
Luijkx, Nadja Ommering-van den Elzen, Dorien Oostra, Romy van Os, Renke van Rijckevorsel,
Yvonne Schoon, Lies Smits, Sevilay Tokgöz en Maarten van der Ven hebben een belangrijke
rol gespeeld bij de uitvoering van de Randomized Controlled Trial van patiënten van het
Radboudumc. In het bijzonder William van Aalst en Romy van Os hebben bij vele patiënten
geholpen. Renée Koster belde voor zover mogelijk alle patiënten vooraf op en zorgde er daarmee
voor dat ze voorbereid op de poli kwamen. Verpleegkundig Specialisten Joyce Albers, Marèse
Janssen en Marieke Peters hebben de uitvoeringen van de RCT-interviews bij het CanisiusWilhelmina Ziekenhuis uitgevoerd, en hun enthousiasme en inspiratie heb ik bijzonder
gewaardeerd. Het heeft geleid tot het RCT-paper in hoofdstuk 6.
ICT-deskundigen Lisa van Beelen, Ernst de Bel, Liesbeth Langenhuysen en Pascal van Nispen
waren essentieel voor de integratie van Pepper in de ICT-infrastructuur van het ziekenhuis en
het realiseren van de koppeling van de toepassing op Pepper met het Electronic Health Record
system EPIC, en daarvoor ben ik ze zeer dankbaar. Het koppelen van ICT systemen is bepaald
geen sinecure, niet alleen technisch maar ook organisatorisch. Ook de steun van Guido van
der Hart, Luuk Hazenberg, Nicky Mols en Jeroen Wildenbeest bij dit project was belangrijk,
waarvoor dank. Het feit dat ze deze steun konden geven werd mogelijk gemaakt door Leanne
van Almen en Monique Boon van het iLab; Monique Boon heeft daarbij nog extra steun geleverd
door het managen van de samenwerking. Mede door de discussie met Softbank Robotics en
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Nicky Mols heb ik besloten bij de RCT over te stappen van de Choregraph/Python omgeving
naar de meer betrouwbare en veiligere Android Studio/Java omgeving. Ik vond dat een moeilijk
beslissing want ik kon eigenlijk weer overnieuw beginnen met het leren van het programmeren
van Pepper. Ik ben achteraf wel erg blij dat ik dat gedaan heb want de toepassing voor de RCT
was beter te bouwen en stabieler.
Ik wil ook Daisy van der Putte bijzonder bedanken voor de prettige samenwerking bij de Field
Study die we hebben uitgevoerd bij het Franciscus Vlietland Ziekenhuis in Schiedam (zie
hoofdstuk 7.3). Drie weken lang heeft Daisy Pepper naar het bed gereden van meer dan 30
patiënten om de robot hen te laten bevragen. We mochten begin 2019 de resultaten presenteren
op de Human-Robot Interaction conferentie in Daegu, Zuid-Korea. Dat al die inspanning nog
tot een prijs op die conferentie zou leiden, hadden we beiden niet gedacht. Geweldig.
Mijn collega PhD-studenten van het Radboudumc wil ik bedanken voor de leuke discussies tijdens
de krokettenlunches en andere informele bijeenkomsten. Ik denk dan aan mijn kamergenoten
van het eerste uur Rianne de Heus, Marit Sanders en Jana Thomas, mijn kamergenoten-naverhuizing Karin Habets (voor de gezellige koffie’s) en Franca Leeuwis, maar ook aan alle andere
medestudenten Noralie Geesink, Sanne Gijzel, Miriam Haaksma, Jeroen Janssen, Daan de Jong,
Esther Karssemeijer, Lara Mentink, Dorien Oostra, Jerrald Rector, Anne Richters, Anne Rijpma,
Jeroen Uleman, Eline Verspoor en Thea Zonneveld. Zonder jullie aanwezigheid is een promotie
een broodje kroket zonder mosterd. Het was ook fijn af en toe te kunnen klankboarden met
generatiegenoot Minke Nieuwboer en expert op het gebied van statistische kwesties René Melis.
I would also like to take this opportunity to thank my colleague PhD students from the
Interactive Intelligence group. During the first two years of my PhD work I spend the majority
of my time with them in Delft. It was my pleasure to organise together with Fran Burger, Bernd
Dudzik, Anita Hoogmoed, Frank Kaptein and Vincent Koeman the Workshop on Explainable
Artificial Intelligence and Conversational Agents in Januari 2019, which was a great success.
With a larger group including Willem-Paul Brinkman, Elena Congeduti, Ding Ding, Malthe
Klieβ, Ilir Kola, Mike Ligthart, Thomas Moerland, Rifca Peters, Wouter Pasman, Pietro Pasotti,
Chris Rozemuller, Elie Saad, Luciano Siebert, Myrthe Tielman and Bart Vastenhouw we often
went for coffee or lunch to one of the bars on the TU campus, and these were always pleasant
expeditions. From Catholijn Jonker I learned why canooing with a young dog is not a good
idea. My special thanks go to Ruud de Jong, for his support for the Pepper experiments and in
particular the building of a special transport box for the Pepper robot. Thanks to Ruud, Pepper
has been able to see a significant part of the Netherlands.
I would also like to thank the Donders Centre for Medical Neuroscience. They were prepared to
accept me in their Graduate School program, and this provided a framework for my promotion
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work and allowed me to follow several essential courses. The infrastructure of the Graduate
School, such as the PhDTrack tool, did really help to keep on track. I would like to specifically
thank Nils Kohn as independent coach from Donders, to whom you can ask anything on
PhD matters that you are hesitant to ask to someone else. Furthermore I’d like to thank Ellen
Lommerse for her administrative support.
It is well known that the Pepper robot is being manufactured by Softbank Robotics in Paris,
France. I have been able to visit them on three occasions and always received a warm welcome
from Jonathan Boiria, Jean-Luc Metaireau and Edwin Leveau. It has been inspiring to learn on
these occasions the potential of the Pepper robot, and this helped me in further development of
the questionnaire and other applications.
De COVID-19 pandemie heeft de laatste maanden van mijn promotie bijzonder beïnvloed.
Sinds de verplichting thuis te werken, ben ik vrijwel niet meer op het Radboudumc geweest,
noch op de TU. Heel Nederland zat in een “intelligente lock-down”. Collega PhD-studenten
heb ik sindsdien alleen nog maar via digitale kanalen gezien. Mijn verdediging mag ik straks ten
overstaan van slechts 30 personen voeren; de rest is aangewezen op een videoverbinding. Maar ik
mag zeker niet klagen, want er zijn vele families veel erger getroffen door dit virus.

Tot slot mijn familie. Ik wil mijn moeder Sibylle Baur bedanken voor haar steun en medeleven.
De nieuwsgierigheid naar wetenschappelijke feiten heb ik van haar geërfd. Ik ben blij dat ze
dit nog mag meemaken en hoop dat ze trots op mij kan zijn. Mijn vader heeft het helaas niet
meer mee kunnen maken. Bij hem is ruim voor de start van het onderzoek vasculaire dementie
geconstateerd, reden waarom hij in een verpleeghuis opgenomen was. Toen ik met dit onderzoek
startte, had hij al geen idee meer had wie ik was, en hij zou in maart 2018 overlijden. Ik denk
nog wel vaak aan hem, en vraag me af wat hij ervan gevonden zou hebben en wat hij met een
robot gekund zou hebben.
Ook wil ik mijn kinderen Rick, Bas en Jord bedanken. Ze hebben aktief bijgedragen aan dit
onderzoek. Rick heeft meegekeken met de software, Bas heeft mij geholpen bij de uitvoering
van de eerste serie experimenten, en Jord is samen mee geweest naar Parijs voor de upgrade van
Pepper. Het was ook een soort familieproject.
Als laatste wil ik mijn lieve Sascha bedanken. Onze vele gesprekken over de gezondheidszorg
hebben me over de drempel geholpen om dit promotietraject te beginnen. Ik had dit verder
niet kunnen volbrengen zonder jouw steun en jouw medische kennis als geriater. Tijdens onze
wandelingen op zondag, thuis bij het eten en bij allerlei andere gelegenheden hebben we de
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geriatrie en de robot uitgebreid besproken, soms tot jouw vervelens toe. Ik ben je ontzettend
dankbaar.
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11.1 On the author
11.1.1 Dutch
Roel Boumans werd op 3 november 1963 geboren in Rotterdam en groeide op in Rotterdam en
Zwijndrecht. In 1982 behaalde hij zijn VWO diploma aan het Develsteincollege in Zwijndrecht.
Hij studeerde vervolgens Luchtvaart- en Ruimtevaarttechniek aan de Technische Universiteit
Delft, alwaar hij in 1988 afstudeerde op de besturing van een ruimterobotarm. Tijdens zijn
studie was hij lid van de Katholieke Studentenvereniging Sanctus Virgilius, president van de
Vliegtuigbouwkundige Studievereniging “Leonardo da Vinci”, en mede-oprichter van het
Ruimtevaartdispuut. Na zijn militaire dienst startte hij in 1989 bij Fokker Ruimtevaart als
robotics engineer. Hij werkte daar onder andere aan de European Robot Arm [1-8] en aan spinoff toepassingen van de ontwikkelde robottechnologie in de landbouw, de nuclaire sector en de
gezondheidszorg [9].
In 1998 verhuisden hij en zijn vrouw naar Wijchen en hij vervolgde zijn loopbaan bij de
Computer Management Groep (CMG) in Arnhem als consultant, terwijl zijn vrouw haar
opleiding tot geriater vervolgde bij het Radboudumc in Nijmegen. Voor CMG heeft hij projecten
geleid bij cliënten aktief op het gebied van defensie [10,11], halfgeleiders, gezondheidszorg,
verkeer en vervoer, en video-surveillantie. Na 7 jaar verruilde hij CMG voor GX als projectleider
internettoepassingen. In 2006 vertrok hij bij GX en richtte zijn eigen bedrijf op, BCenM, voor
interim projectmanagement. Voor BCenM heeft hij projecten uitgevoerd op het gebied van
halfgeleiders, ruimtevaart en gasturbines. Van 2010 tot 2015 werkt hij als proposal manager
gasturbines bij Ansaldo Thomassen in Rheden, en vervolgens van 2015-2016 als account
manager bij Fokker Landing Gear in Helmond.
Sinds 1998 waren zijn aktiviteiten weggedwaald van de robottechniek en dat miste hij toch
zeer. Daarom heeft hij een onderzoeksvoorstel geformuleerd op het gebied van zorgrobots. Het
voorstel werd positief ontvangen door de professor Marcel Olde Rikkert (Radboudumc, vakgroep
Geriatrie) en professor Mark Neerincx (TU Delft, vakgroep Interactive Intelligence) en hij kon
op 1 januari 2017 starten met het onderzoek, dat resulteerde in het voorliggende proefschrift.
Roel zet het onderzoek en de ontwikkeling momenteel voort via zijn eigen onderzoeksbedrijf
MijnRobots in Nijmegen.
Roel is ook aktief in de lokale politiek. Geïnspireerd door het boek van Francis Fukuyama “Het
einde van de geschiedenis en de laatste mens” over de liberale democratie werd hij in 2000 lid van
de VVD. Voor deze partij zit hij sinds maart 2010 in de gemeenteraad van Wijchen en was hij
in mei 2014 kandidaat voor het Europees Parlement. Zijn portefeuille omvat met name sociale
zaken, onderwijs, en gezondheidszorg.
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Roel is getrouwd met Sascha van de Poll, en zij hebben drie kinderen: Rick (1998), Bas (2001)
en Jord (2003). Zijn hobby’s zijn voetbal kijken, tenorsaxofoon spelen en wandeltochten maken.
In 2017 en 2018 heeft hij de Vierdaagse van Nijmegen gelopen.

11.1.2 English
Roel Boumans was born on November 3, 1963 in Rotterdam and grew up in Rotterdam and
Zwijndrecht. In 1982 he obtained his VWO diploma at the Develstein College in Zwijndrecht.
He then studied Aerospace Engineering at Delft University of Technology, where he graduated
in 1988 on the control of a space robot arm. During his studies he was a member of the Catholic
Student Association Sanctus Virgilius, president of the Aerospace Engineering Association
“Leonardo da Vinci”, and co-founder of the Space Dispute. After his military service, he joined
Fokker Ruimtevaart in 1989 as a robotics engineer. He worked there on the European Robot
Arm [1-8] and on spin-off applications of the developed robot technology in agriculture, the
nuclear sector and health care [9].
In 1998 he and his wife moved to Wijchen and he continued his career at the Computer
Management Group (CMG) in Arnhem as a consultant, while his wife continued her
specialization to geriatrician at the Radboudumc Nijmegen. For CMG he has led projects with
clients active in the fields of defense [10,11], semiconductors, health care, traffic and transport,
and video surveillance. After 7 years he exchanged CMG for GX as project manager internet
applications. In 2006 he left GX and founded his own company, BCenM, for interim project
management. For BCenM he has carried out projects in the field of semiconductors, aerospace
and gas turbines. From 2010 to 2015, he worked as a proposal manager for gas turbines at
Ansaldo Thomassen in Rheden, and then from 2015-2016 as an account manager at Fokker
Landing Gear in Helmond.
Since 1998 his activities had strayed from the robotics technology and he missed that very much.
That is why he has formulated a research proposal in the field of care robots. The proposal was
positively received by Professor Marcel Olde Rikkert (Radboudumc, department Geriatrics) and
Professor Mark Neerincx (TU Delft, department Interactive Intelligence) and he could start his
research on January 1, 2017, which resulted in the present thesis. Roel is currently continuing the
research and development through his own research company MijnRobots in Nijmegen.
Roel is also active in local politics. Inspired by Francis Fukuyama’s book “The End of History and
the Last Man” about liberal democracy, he joined the VVD in 2000. He has been a member of
the Wijchen City Council since March 2010 and was a candidate for the European Parliament
in May 2014. His portfolio mainly includes social affairs, education, and healthcare.
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Roel is married to Sascha van de Poll, and they have three children: Rick (1998), Bas (2001) and
Jord (2003). His hobbies are watching soccer, playing tenor saxophone and walking tours. In
2017 and 2018 he walked the Four Days Marches of Nijmegen.

11.1.3 References to “on the author”.
The papers listed below are not very recent, and except for [6] and [8], may be difficult to find
on the Internet, but are available from the author.
1.

C. Heemskerk, R. Boumans: HERA: A Robot for External Servicing in Low Earth Orbits, in: Proceedings 4th
International Symposium on Offshore, Robotics and Artificial Intelligence, 11-12 December 1991, Marseille,
Frankrijk.

2.

S. Nicolodi, P. Putz, J. Schott, D. Surdilovic, R.Boumans: SPARCO: A Space Based Controller with Advanced
Sensor Based Control Capabilities derived from an Industrial Controller, in: Proceedings IARP, International
Advanced Robotics Programme: Second Workshop on Robotics in Space, Canadian Space Agency, 6-8 July 1994,
Montreal, Canada.

3.

S.Nicolodi, P.Putz, J. Schott, D. Surdilovic, R.Boumans: Development of a Space Robot Controller with Advanced
Sensor-Based Control Capabilities, in: Proceedings International Conference on Advanced Robotics ICAR ‘95,
22-24 September 1995, Barcelona, Spanje.

4.

R. Boumans et al: ERA Baseline Capabilities and Future Perspectives, in: Proceedings 4th Symposium for Advanced
Space Technology for Robotics and Automation ASTRA ‘96, ESTEC, Noordwijk, 6-7 November 1996.

5.

E. Holweg, R. Boumans: A Tactile Matrix Sensor for Advanced Robot Applications, in: Proceedings 4th Symposium
for Advanced Space Technology for Robotica and Automation ASTRA 96, ESTEC, Noordwijk, 6-7 November
1996.

6.

R. Boumans, C. Heemskerk: The European Robotic Arm for the International Space Station, in: “Special Issue
on Space Robotics” of the Journal on Robotics and Autonomous Systems 23 (1998) 17-27, doi: https://doi.
org/10.1016/S0921-8890(97)00054-7

7.

R. Boumans, J. Peters, F. Didot, V.S. Syromiatnikov, R. Beglov: Possible Enhancements of the European Robotic
Arm Mission on the Russian Segment of the International Space Station, in: Proceedings 2nd International
Aerospace Congress, 31 August - 5 September 1997, Moscow, Russia.

8.

S. Di Pippo, G. Colombina, R. Boumans, P. Putz: Future potential applications of robotics for the International
Space Station, in: “Special Issue on Space Robotics” of the Journal on Robotics and Autonomous Systems 23
(1998) 37-43, doi:https://doi.org/10.1016/s0921-8890(97)00056-0.

9.

R. Boumans: Robots in het ziekenhuis, in: Tijdschrift voor Techniek in de Gezondheidszorg, mei 1994 (in Dutch).

10. R. Boumans and A.M. van Soelen: Systems Engineering for Naval Combat Systems, in: Proceedings of the 9th
International Conference and Exhibition on Enterprise Integration and CALS in Europe, Paris, France, 16-18
September 1998.
11. R. Boumans et al, Industrial End-User Requirements for Requirements- and Knowledge Management Tools,
in: Proceedings of the 5th International Conference on Concurrent Enterprising: “The Concurrent Enterprise in
Operation”, The Hague, Netherlands, 15-17 March 1999.
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11.2 List of scientific publications
11.2.1 Publications in this thesis
• 	Boumans RJL, Van Meulen FB, Hindriks KV, Neerincx MA, Olde Rikkert MGM, Robot
for health data acquisition among older adults: a pilot randomised controlled cross-over
trial. BMJ Quality & Safety, 28(10) 793-799 (2019), DOI: 10.1136/bmjqs-2018-008977.
[IF 7.0, Q1 of Health Policy / Medicine Miscellaneous]
• 	Boumans RJL, Van Meulen F, Van Aalst W, Albers J, Janssen M, Peters M, Huisman-de
Waal G, Van de Poll A, Hindriks KV, Neerincx MA, Olde Rikkert MGM, Quality of Care
Perceived by Older Patients and Caregivers in Integrated Care Pathways with Interviewing
Assistance from a Social Robot: Noninferiority Randomised Controlled Trial. J Med
Internet Res, 2020. DOI: 10.2196/18787. [IF 5.03, Q1 of Health Informatics]
• 	Boumans RJL, Van Meulen FB, Hindriks KV, Neerincx MA, Olde Rikkert MGM, A
Feasibility Study of a Social Robot Collecting Patient Reported Outcome Measurements
from Older Adults. Int J of Social Robotics, 12, 259-266 (2020); DOI: 10.1007/s12369019-00561-8. [5-year IF 2.9, Q1 of Computer Science]
• 	Boumans RJL, Van Meulen FB, Huisman-de Waal G, Hindriks KV, Olde Rikkert MGM,
Neerincx M, The Design of a Social Robot for Supporting Healthcare Professionals in an
Integrated Care Pathway. Submitted.
• 	Boumans RJL, Nieuwboer M, Neerincx MA, Hindriks KV, Olde Rikkert MGM,
Huisman-de Waal G, A grounded theory model for a robot conducting a clinical interview.
Submitted.
• 	Boumans RJL, Huisman-de Waal G, Hindriks KV, Neerincx MA, Olde Rikkert MGM,
Acceptability and effectiveness of a social robot monitoring quality of care in a geriatric
memory clinic pathway. European Geriatric Medicine, Abstracts of the 15th International
Congress of the European Geriatric Medicine Society, 2019. DOI: 10.1007/s41999-01900221-0 [IF 1.232, Q3 Geriatrics and Gerontology]
• 	Van der Putte, D*, Boumans RJL*, Neerincx MA, Olde Rikkert MGM, De Mul M, A
Social Robot for Autonomous Health Data Acquisition among Hospitalized Patients: An
Exploratory Field Study **. Proceedings of HRI Conference, Deagu, Korea (South), March
2019 (DAEGU ’19), DOI: 10.1109/HRI.2019.8673280.
• 	Boumans RJL, Van Meulen FB, Hindriks KV, Neerincx MA, Olde Rikkert MGM, Proof
of concept of a Social Robot for Patient Reported Outcome Measurements in Elderly
Persons. Proceedings of HRI conference, Chicago, USA, March 2018 (CHICAGO ’18),
DOI: 10.1145/3173386.3177013.
• 	Boumans RJL, Van Meulen FB, Hindriks KV, Neerincx MA, Olde Rikkert MGM, Do
you have pain? A robot who cares. Proceedings of HRI conference, Chicago, USA, March
2018 (CHICAGO ’18), DOI: 10.1145/3173386.3177529.
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* Shared first authorship.
** Winner of first prize in the category Late Breaking Reports.

11.2.2 Other publications
• 	De Kok R, Rothweiler J, Scholten L, Van Zoest M, Boumans RJL, Neerincx M, Combining
Social Robotics and Music as a Non-Medical Treatment for People with Dementia.
Proceedings of 27th IEEE International Symposium on Robot and Human
Interactive Communication (RO-MAN 2018), Nanjing, China, DOI: 10.1109/
ROMAN.2018.8525813.
• 	Hindriks KV, Boumans RJL, Van Meulen FB, Neerincx M, Olde Rikkert
M,
An Interview Robot for Collecting Patient Data in a Hospital.
ERCIM News 114, Special Theme: Human-Robot Interaction, July 2018.

11.2.3 References to our research in other media
The following list concerns references to articles or news messages related to the research
performed in this thesis. We have been regularly asked to give a demonstration of our research
and this resulted in below news coverage. It shows that the Pepper robot and its use in healthcare
is an appealing topic also for the larger public. These references are all in Dutch.
• 	Canisius Wilhelmina Ziekenhuis website 29-1-2020: Poli geriatrie blij met hulp van Pepper
https://www.cwz.nl/over-cwz/nieuws-en-pers/nieuwsoverzicht/default-ab51030ac8/
• 	De Gelderlander 29-1-2020 - Een tien voor Pepper: sociale robot laat harten smelten in
Canisius-Wilhelmina Ziekenhuis https://www.gelderlander.nl/nijmegen/een-tien-voorpepper-sociale-robot-laat-harten-smelten-in-canisius-wilhelmina-ziekenhuis
• 	ICT & Health 29-1-2020 - Zorgrobot Pepper is een waardevolle collega https://www.
icthealth.nl/nieuws/zorgrobot-pepper-is-een-waardevolle-collega/
• 	Schie TV 28-1-2020 – Ziekenhuis schaft eigen zorgrobot aan https://schie.nu/tv/
video/5606/ziekenhuis-schaft-eigen-zorgrobot-aan
• 	Wakker Nederland 5-9-2019 – Robot Pepper in Franciscus Gasthuis https://www.npostart.
nl/goedemorgen-nederland/05-09-2019/POW_04414653 6:33 min
• 	AG Connect nr 4 April 2019 – Mijn Robot & Ik - https://www.agconnect.nl/artikel/mijnrobot-ik
• 	Radbode februari 2019 – Robots in ons umc - https://www.radboudumc.nl/getmedia/
cc46878a-da95-4725-b742-cd7014a045d2/2019-Radboudumc-Radbode-1.aspx
• 	NRC 8-1-2019 - Verwacht nog niet teveel van robots - https://www.nrc.nl/
nieuws/2019/01/07/verwacht-nog-niet-te-veel-van-robots-a3128139
• 	TVZ - Verpleegkunde in praktijk en wetenschap volume 129, 19(2019) - Meer tijd voor
patiënt dankzij robot Pepper - https://link.springer.com/article/10.1007/s41184-0190005-5
• 	UP in Nederland - Presentatie en interview voor senioren - https://www.upinnederland.nl/
agenda/technologie/
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• 	Algemeen Dagblad 11-4-2018 – Robot in Schiedams Ziekenhuis - https://www.
ad.nl/rotterdam/robot-in-schiedams-ziekenhuis-pepper-vraagt-maar-speelt-ooksaxofoon~a2324a71/
• 	Omroep Rijnmond 11-4-2018 - Zorgrobot Pepper aan het werk in Schiedams ziekenhuis
-https://www.rijnmond.nl/nieuws/167112/Zorgrobot-Pepper-aan-het-werk-inSchiedams-ziekenhuis
• 	SBS6 Hart van Nederland 12-4-2018 - Robot en zorg gaan goed samen in Schiedams
ziekenhuis - https://www.hartvannederland.nl/nieuws/2018/1110867/
• 	De Gelderlander 4-10-2018 - Open dag Radboud: virtueel op reis door het lichaam en
snapchatten met stotterkeizer Claudius - https://www.gelderlander.nl/nijmegen/opendag-radboud-virtueel-op-reis-door-het-lichaam-en-snapchatten-met-stotterkeizerclaudius~aaa198cf/
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11.3 FAIR data management
All data pertaining to the studies described in this thesis (except for the data used in chapter
7.3 that are stored at the Erasmus University) have been stored in the Radboudumc Castor data
management system as follows:
Chapter

Castor data set

4

Robot Supported Frailty Study part I

5

Robot TOPICS PWI RS-NL

6

Robot Topics Polikliniek

All data stored in Castor are accessible by the principal investigator and the department’s data
manager.
All documentation is stored on the H-drive of the department of Geriatric Medicine of Radboud
university medical center: H:\Onderzoek\Wearable Sensor\Pepper, in accordance with the
Findable, Accessible, Interoperable and Reusable (FAIR) principles [1]. Within this folder the file
“WHERE TO FIND THE DATA ON THE PEPPER STUDIES.docx” contains an elaborate
description of the contents of each of the subfolders. The data has been anonymised and this
folder is only accessible for researchers involved in our project. The H-drive is back-upped daily.
The study protocol of the studies described in chapters 4 and 5 was approved by the Medical
Ethical Committee of Radboud university medical center, Netherland under ref 2017-3392. The
study protocol of the study described in chapter 7.3 was approved by the Medical Research Ethics
Committees United (MEC-U) and the Commission for Human Research of the Franciscus
Vlietland hospital, Schiedam, Netherlands. The study protocol for the multicenter randomised
controlled trial (chapter 6) was approved by the Medical Ethical Committe of Radboud university
medical center, Netherland under ref 2018-5019 and by the Lokale Toetsingscommissie (LTC)
of the Canisius Wilhelmina Ziekenhuis under ref 054-2019. The study protocol has been
internationally registered at ClinicalTrials.gov under reference number NCT03857789. The
current status is completed.
The studies were performed in accordance with the latest revision of the declaration of Helsinki.
Written informed consent was obtained from all participants. The datasets of the studies are
available from the corresponding authors on reasonable request.
1.	Wilkinson MD, Dumontier M, Aalbersberg IJ, et al. The FAIR Guiding Principle for
scientific data management and stewardship. Sci Data 2016;3:160018
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11.4 Donders Education Program
11.4.1 Professional courses
Courses

Year
planned

When

Hrs

Interactive User Experience TU Delft
Robot Programming

2017
2017

jan-jul 2017
15-19 jan 2018

56

6
2

4TU.NIRICT 2017 Symp. on Empathic Technologies

2017

mei-17

16

0.6

Workshop on Agent Based Modeling

2017

sep-17

8

0.3

Workshop on Virtual and Augmented Reality

2017

2017

16

0.6

Workshop at HRI Conference, Chicago

2017

march 2018

8

0.3

Perfecting your Academic Writing Skills (PAWS)

2018

2018

1.5

Graduate School Introduction Day

2018

2018

0.3

Graduate School Day

2018

2018

0.3

Scientific Integrity Course

2018

2018

0.3

Graduate School Day 2

2018

2018

0.4

Grant Writing

2019

1

Education in a Nutshell

2019

1

Workshop on Explainable AI and CA

2019

Workshop at HRI Conference, Daegu

2019

Statistics for PhD candidates by using SPSS

2019

Softbank Robotics Academic Day

2019

8

0.3

The Art of Finishing Up
Conversational Agents in Gezondheidscommunicatie

2019
2019

6

1
0.2

Workshop Conversations 2019 in Chatbot Research

2019

16

0.6

march 2019

16

0.6

8

0.3
2

Total

224

EC
completed

19.6
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11.4.2 Conferences and activities
Conference / activity
International Forum on Quality & Safey in Healthcare,
Copenhagen, Denmark1
Donders Posters session 2019, Nijmegen3

Organizer
BMJ Quality &
Safety
Donders Institute

Date
postponed2

Conversations 2019 – 3rd international Workshop on Chatbot
Research, Amsterdam
Conversational Agents in Gezondheidscommunicatie,
Amsterdam4
Donders formal DCC lecture Angelo Cangelosi, Nijmegen

Vrije Universiteit

20-11-2019

Vrije Universiteit

18-11-2019

Donders Institute

22-10-2019

Presentation to Radboudumc iBoard on Epic interface,
Nijmegen
Radboud Alzheimer Center, Malden

Radboudumc

1-10-2019

RAC

19-9-2019

European Conference on Geriatric Medicine 2019, Krakow,
Poland3
Donders session on AI and machine learining, Nijmegen

EuGMS

1-9-2019

Donders Institute

18-4-2019

Softbank Robotics Academic Day, Paris, France

Softbank Robotics

17-4-2019

Human Robot Interaction Conference, Daegu, Korea (South)3

ACM/IEEE

24-3-2019

Workshop on Explainable Artificial Intellingence and
Conversational Agents5
European Conference on Geriatric Medicine 2018, Berlin,
Germany
Science day Franciscus Hospital, Rotterdam4

Delft University of
Technology
EuGMS

24/25-1-2019

Franciscus Hospital

24-9-2018

Donders Lecture by Miguel Nicolelis, Nijmegen

Donders Institute

13-9-2018

ACM/IEEE

14-3-2018

Human-Robot Interaction Conference, Chicago, USA

3

12-12-2019

12-10-2018

Invited speaker.
Due to COVID-19 crisis postponed from 28-30 April 2020 to Q3/A4 2020.
3
With poster presentation.
4
With oral presentation.
5
Organizer.
1
2

Acronyms:
ACM

Association for Computing Machinery

BMJ

Britisch Medical Journal

EuGMS

European Geriatric Medicine Society

IEEE

Institute of Electrical and Electronics Engineers

RAC

Radboud Alzheimer Center
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11.5 Donders Graduate School for Cognitive Neurosciences Series
For a successful research Institute, it is vital to train the next generation of young scientists. To
achieve this goal, the Donders Institute for Brain, Cognition and Behaviour established the
Donders Graduate School for Cognitive Neuroscience (DGCN), which was officially recognised
as a national graduate school in 2009. The Graduate School covers training at both Master’s
and PhD level and provides an excellent educational context fully aligned with the research
programme of the Donders Institute.
The school successfully attracts highly talented national and international students in biology,
physics, psycholinguistics, psychology, behavioral science, medicine and related disciplines.
Selective admission and assessment centers guarantee the enrolment of the best and most
motivated students.
The DGCN tracks the career of PhD graduates carefully. More than 50% of PhD alumni show
a continuation in academia with postdoc positions at top institutes worldwide, e.g. Stanford
University, University of Oxford, University of Cambridge, UCL London, MPI Leipzig, Hanyang
University in South Korea, NTNU Norway, University of Illinois, North Western University,
Northeastern University in Boston, ETH Zürich, University of Vienna etc. Positions outside
academia spread among the following sectors: specialists in a medical environment, mainly in
genetics, geriatrics, psychiatry and neurology. Specialists in a psychological environment, e.g. as
specialist in neuropsychology, psychological diagnostics or therapy. Positions in higher education
as coordinators or lecturers. A smaller percentage enters business as research consultants, analysts
or head of research and development. Fewer graduates stay in a research environment as lab
coordinators, technical support or policy advisors. Upcoming possibilities are positions in the
IT sector and management position in pharmaceutical industry. In general, the PhDs graduates
almost invariably continue with high-quality positions that play an important role in our
knowledge economy.
For more information on the DGCN as well as past and upcoming defenses please visit:
http://www.ru.nl/donders/graduate-school/phd/
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11.6 Radboudumc Alzheimer Center Series
Heus, de R (2020). The ups and downs of blood pressure variation in cognitive impairment and
dementia.
Sanders, M (2020). NeuroExercise: The effects of exercise on cognition, central and cerebral
hemodynamics in mild cognitive impairment.
Gerritsen, A (2020). The course and clinical aspects in young-onset dementia. Results of the Needs in
Young-onset Dementia study
Van Waalwijk van Doorn, L.J.C. (2020). Cerebrospinal fluid biomarker assays for Alzheimer’s
disease: standardization, validation and analysis of confounders
Tilburgs, B (2020). Advance care planning in dementia; Development and evaluation of an
educational intervention in primary care.
Nieuwboer, M. (2019). Interprofessional communication and clinical leadership in the development
of network-based primary care.
Smeets, C. (2019). Psychopharmacological treatment of neuropsychiatric symptoms: proper
prescription in perspective.
Mariani, E. (2019). Let Me Participate: Using shared decision-making to involve persons with
dementia in care planning in long-term care
Haaksma, M. (2019). Different but the same, unravelling the progression of dementia
Karssemeijer, E (2019). Brain in Motion: Combined cognitive and physical exercise training in
people with dementia.
Borsje, P. (2019). Dementia related problems in primary care of greatest concern. The occurrence and
course of neuropsychiatric symptoms in people with dementia and psychological distress in their
informal caregivers.
Appelhof, B (2019). The management of neuropsychiatric symptoms in people with young-onset
dementia. Improving specialized long-term care.
Ooms, S.J. (2018). Sleep well, age well? Assessing sleep disruption as a player in Alzheimer’s disease
pathogenesis.
Arnoldussen, I. A.C. (2018). Adiposity and the Brain. The adiposity-brain-axis in mice and men
Jong, D.L.K. de (2018). Regulation of cerebral perfusion in Alzheimer’s disease: from seconds to
months.
Donkers, H.W. (2018). Social Participation Dilemma’s in dementia.
Richters, A. (2018). Network-based care for people with dementia: a complex transition.
Spek, K. van der (2018). Appropriate psychotropic drug use in institutionalized people with dementia.
The PROPER-study
Wiesmann, M. (2017). Vascular risk factors and Alzheimer’s disease.
Rijpma, A. (2017). Multi-nutrient interventions and brain metabolism in Alzheimer’s disease: a
spectrum of effects.
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Elsen, G. van den (2016). Tetrahydrocannabinol in the treatment of neuropsychiatric symptoms in
dementia.
Vermeij, A. (2016). Cognitive plasticity in normal aging and mild cognitive impairment: Shedding
light on prefrontal activation.
Müller, M. (2016). Footprints of Alzheimer’s disease. Exploring proteins and microRNAs as
biomarkers for differential diagnosis.
Bruggink, K.A. (2016). Amyloid-β and amyloid associated proteins in the pathology and diagnosis
of Alzheimer’s disease.
Aalbers, T. (2016). eHealth in the primary prevention of cognitive decline; The Brain Aging Monitor
study.
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