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Management Summary 

The aging society is one of the top challenges our economies face. It has complicated and costly 

demands for sustained welfare (EPTA, 2019). Globally, the population aged over 65 years is 

expected to more than double in 2050 (United Nations, 2019). The aging society will have three 

main consequences. First, the loneliness among elderly is increasing (Golden et al., 2009), 

which calls for socio-technical innovations. Second, diseases that are inherent to old age are 

increasing. As a result, the demand for care also increases. According to Central Bureau for 

Statistics (2019), 70 per cent out of the elderly have a chronic disease, of which dementia is the 

most common. This is overwhelming for caregivers and it needs adequate support from health, 

social, financial and legal systems. The third consequence is that in addition to the increase for 

demand for care, the staff shortage in healthcare and work pressure are also increasing (Tapus 

et al., 2007). Thus, there is a great need for effective, affordable and personalized care for the 

large and growing aging population. Major changes are required including new technologies 

and social innovations in elderly care. Innovative technology can help to assist the elderly and 

caregivers during their daily tasks and activities. This is a major driver for growth in robotics 

aimed at human augmentation. Robotics in healthcare are complementary to automation and 

since they are relatively new, it provides a broad range of research challenges and opportunities 

for substantial impact (Matarić, 2017).  

 

The socially assistive robot is a robot that supports a human-like interaction between elderly 

and the robot to provide cognitive and emotional support (Hegel et al., 2009). Socially assistive 

robots are relatively new in Dutch elderly care organizations and are often used as a pilot setting. 

Integrating the robot in the daily work routine of the caregivers will contribute to a successful 

implementation of the robot at the care institution. This makes it interesting to investigate the 

usage of a socially assistive robot in elderly care institutions.   

 

Research on this topic is relatively new and mostly focusing on the perspective of the elderly. 

However, in general the elderly in the care homes are not able to manage and initiate the usage 

of the robot, because it takes some effort and technological knowledge to turn on the robot and 

choose the actions it has to perform (Rabbitt et al., 2015). Therefore, the employees in the care 

homes will be the decision-makers regarding the usage of the robot. Moreover, the behaviour 

of elderly is very hard and time consuming to measure. In addition, there is an increasing 
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attention to the role of workforce in healthcare. These are the reasons that this study focuses on 

the usage behaviour from the perspective of the caregivers in an elderly care organisation.  

 

The main objective of this study is two-fold. First, the factors that influence the intentional and 

actual usage of socially assistive robots by caregivers are examined. It was investigated if the 

usage intention of the robot leads to actual usage behaviour. Based on existing technology 

acceptance models, a conceptual model for this research was developed. The factors Attitude, 

Performance Expectancy, Effort Expectancy and Facilitating Conditions were included as 

predictor variables of usage intention and actual usage behaviour. Additionally, there was 

controlled for the age and gender of the respondents, their experience with technology and their 

thoughts about the wellbeing of the elderly. 

 

The second objective of this research is to analyse the actual usage data of the robot to get more 

insight into how a socially assistive robot is used in elderly care. A log data set from the robots 

contains information about the care institution, the type of interaction with the robot and the 

timing. A dashboard was prepared with an overview of the actual usage behaviour and will help 

to provide guidance for the implementation process of socially assistive robots.  

 

A mixed-method approach combining qualitative and quantitative data was used. At the 

beginning, an observation study of a socially assistive robot in a nursing home was performed 

to get a better grasp of the context and protentional role of the robot. Semi-structured interviews 

with care institutions were held to get background information and to find reasons for emerging 

results in the data. For quantitative data, a questionnaire consisting of the items of the developed 

conceptual model was sent to caregivers in predetermined functional groups that work with the 

robot. Log data of the robots in care institutions was used to create a dashboard that gives insight 

in the usage of the robot.  

 

Drawing on a sample of 102 respondents using a socially assistive robot in their work, multiple 

regression analyses were conducted using SPSS and Rstudio to test the hypotheses of this study. 

This study finds that the intention to use a socially assistive robot is a strong predictor for the 

actual usage. The usage intention is mainly influenced by the expected performance as a result 

of using the robot. Next to that, the expected effort of using the robot is also a predictor of usage 

intention. While it was expected that the attitude towards the robot would influence the usage 

behaviour, the results show no significant relationships for Attitude. Facilitating Conditions has 
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a significant positive effect on Actual Usage. Furthermore, it was found that younger caregivers 

are more intended to use the robot, and the experience with technology has a positive effect on 

the actual usage behaviour. The thoughts of the caregivers about the wellbeing of the elderly 

have a positive and significant effect on both intention to use and actual usage.  

 

A developed dashboard provided some insights in the first month of the usage of the socially 

assistive robot in this study. Together with observations and semi-structured interviews, it is 

concluded that activities that need less assistance from the staff are required. Furthermore, the 

robots are mainly used in the middle of the day, and the total usage slightly increases over time.  

 

We can conclude that guidance in the implementation process of socially assistive robots is 

important. Key should be to continue the usage of the robot in the care institution. The work-

related benefits of the socially assistive robot should be clear for the caregivers. Next to that, 

they should have the feeling that it would be easy for them to use the robot in their work. 

Important in this regard is that the technical and organisational infrastructure of the care 

institution support the use of the socially assistive robots. Attention should be given to the 

training of nurses and personnel, since this has a direct impact on the actual usage of the robot. 

While the findings suggest that usage intention of the caregivers is a strong predictor of actual 

usage, managers should realize that external circumstances might prevent this behaviour. 

Especially in the times of crisis, a lot of pressure is present and therefore key should be to pay 

attention to the implementation process. 

This study has several limitations, some of which also provide a direction for future research. 

This study investigated the relationships of the conceptual model and the actual usage of only 

one socially assistive robot, i.e. SARA. For generalizability of the results, future research could 

also test the model with other robots. Furthermore, the data in this research could not be linked 

on the individual level. Therefore, the usage intention and actual usage behaviour was 

dependent on subjective data. Future investigations should enhance the link between actual 

usage data and subjective questionnaire data to add more value. While some interesting insights 

were gained in this study, further investigations could enrich the analysis over a longer period 

of time when the robots are more integrated in the care organisations.  
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1 Introduction 

One of the top challenges our economies face is that there will be more people above the age 

of 65 and less working people (United Nations, 2019). Globally, the population aged over 65 

years is expected to more than double in 2050, from 703 million to 1.5 billion persons (United 

Nations, 2019). As can be seen in Figure 1, the group aged over 65 years is estimated to be the 

fastest-growing age group worldwide. The aging society will face complicated and costly 

demands for sustained welfare, which will require major changes including new technologies 

and social innovations in elderly care (EPTA, 2019). Aging has three main consequences. First 

of all, loneliness among the elderly is widespread. This calls for socio-technological innovations 

rather than technological solutions (EPTA, 2019). Second, diseases that are inherent to older 

ages are increasing, mainly cognitive impairments like dementia. Cognitive impairments are 

sicknesses that gradually affect the brain. According to Central Bureau for Statistics (2019), 70 

per cent out of the elderly has a chronic disease, like dementia. Third, in addition to the increase 

in demand for care, the staff shortage in healthcare and work pressure are also increasing (Tapus 

et al., 2007). According to the national survey on working conditions from CBS and TNO in 

2016, the majority of health care professionals is experiencing a problematic workload and high 

time pressure, which directly influences the quality of care (Central Bureau for Statistics, 2016).  

 

In sum, there is a great need for effective, affordable and personalized care for the large and 

growing aging population. This is a major driver for growth in robotics aimed at human 

augmentation (Matarić, 2017). Using robotics in healthcare presents a broad range of research 

challenges with opportunities for substantial impact. The Socially Assistive Robot (SAR) is a 

robot that supports a human-like interaction between the elderly and the robot to provide 

cognitive and emotional support (Hegel et al., 2009). Most of the often-cited studies on this 

Figure 1. Projections of age groups. Source: United Nations (2019) 
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topic (e.g., Bemelmans et al., 2012; Fasola & Mataric, 2013; Louie et al., 2014) investigate the 

engagement of the elderly to a socially assistive robot. However, if the robot is supposed to be 

fully integrated and used on a regular basis, there are other stakeholders important since the 

elderly are not capable anymore of initiating the usage of the robot. It takes some effort and 

technological knowledge to turn on the robot and choose the actions it has to perform (Rabbitt 

et al., 2015). The caregivers will therefore be the decision-makers regarding the initiation of the 

usage. Additionally, Zhou and colleagues (2016) argue that technology adoption will not 

improve the firm’s competitive advantage unless the adopted technology is being used. Little 

research has been done on adoption models as a tool for ensuring the actual usage of socially 

assistive robots. Most studies focus on the acceptance and intention to use socially assistive 

robots (e.g., Bemelmans et al., 2012; Hebesberger et al., 2017; Louie et al., 2014; Turja et al., 

2019). Previous literature indicates that the behavioural intentions of the user are not perfect 

representations of actual behaviour (Chandon et al., 2005; Sheeran, 2002; Wu et al., 2017). Wu 

et al. (2017) argue that research attention should be given to actual usage rather than to 

intention. Therefore, an analysis of the actual usage of a socially assistive robot is required. 

 

This paper addresses these issues by examining the factors that influence the actual usage of 

socially assistive robots by caregivers in elderly care homes. The main objective of this research 

is two-fold. First, the factors that influence the intentional and actual usage of socially assistive 

robots by caregivers are examined. Additionally, it will be investigated if usage intention of the 

robot leads to actual usage behaviour. The second objective of this research is to analyse the 

actual usage data of the robot to get more insight into how socially assistive robots are used in 

elderly care, since they are relatively new in practice. This will lead to the following research 

question: 

 

“What are the factors that influence the intentional and actual usage of socially assistive 

robots in elderly care homes, from the perspective of the caregivers?”  

 

This study contribute to scientific research in both the theoretical and practical domain. Firstly, 

it will provide insight in the factors that will influence the usage intention and actual usage of 

socially assistive robots in elderly care homes. Since this topic is relatively new, it is highly 

relevant to investigate how the new technology is used in practice. Secondly, this research will 

focus on the perspective of caregivers and not on the perspective of elderly, like most other 

literature (e.g., Bemelmans et al., 2012; Fasola & Mataric, 2013). This research is relevant for 
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practice, since being able to indicate which factors influence the actual usage of a socially 

assistive robot could help a provider of socially assistive robots improve its marketing or sales 

strategy. For the care institution, it can help to know which factors ensure that the robot is 

actually used so it can be integrated in the daily work. 

 

In order to find the factors influencing usage intention and actual usage behaviour, we develop 

a conceptual model based on existing technology adoption models and test the hypotheses by 

multiple regression analysis. The factors attitude, performance expectancy, effort expectancy 

and facilitating conditions are included as predictors of usage intention and actual usage. In 

addition, we control for age, gender, experience with technology and the thoughts about the 

wellbeing of the elderly. For an insight into the actual usage of the robot, a log data set which 

records the actual usage of these robots will be analysed and a dashboard will be prepared.  

 

The findings confirm that usage intention is a strong predictor for actual usage. In particular, 

performance expectancy has a strong influence on the usage behaviour. We find that having fun 

of the elderly is a strong predictor in the usage behaviour of the caregivers. This novel finding 

signals the importance of taking into account the wellbeing of the elderly while investigating 

the behaviour of caregivers. Younger worker and workers with more experience with 

technology are more likely to use the robot.  

 

In the next chapter, the theoretical framework will be discussed. The robot used in this study 

will be explained and several models are discussed for the adoption of new technology. The 

model used as a basis will be further elaborated and from that, a conceptual model will be 

composed for the context of this study. In chapter three, the methodology used for data 

collection and analysis will be discussed. After that, results of the analyses will be discussed. 

This research is concluded with the theoretical and managerial implications. Limitations of this 

research will be discussed and directions for future research will be given.  
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2 Theoretical Framework 

This chapter will provide a theoretical framework. The first section gives a more detailed 

description of the current knowledge of socially assistive robots and the use of these robots in 

elderly care. Besides, it will provide information about SARA, the robot used in this study. In 

the second section, existing models about technology adoption will be discussed, from which a 

conceptual model will be prepared for this research. Different hypothesized relationships are 

explained.  

 

2.1 Socially Assistive Robots 

Since 1990, the healthcare sector has experienced many new Information Technology (IT)-

based interventions to restructure the work and power to a more digital environment. The 

Electronic Health Record (EHR), digital imaging and healthcare robots are examples of these 

technology-based interventions. They enable new ways of working and collaborating within 

and across professional boundaries (Petrakaki et al., 2016). The Merriam-Webster Dictionary 

defines a robot as “a person who resembles a machine in seeming to function automatically or 

in lacking normal feelings or emotions” (Merriam-Webster, 2018). This definition often 

suggests that the main purpose of robots is to replace humans by performing the same tasks 

more systematically and in an insensitive way. The lack of caring and sensitivity leads to the 

question whether robots should be used in nursing and healthcare (Maalouf et al., 2018). 

Development of robots in the care sector is limited due to both technical challenges and limited 

social acceptance. However, people’s attitudes towards the use of robots in healthcare have 

evolved over the past decades (Maalouf et al., 2018). The robot can vary from a surgery robot 

used in hospitals, assistive robots used in the home environment to a socially assistive robot 

more specialized in elderly care. This paper will focus on socially assistive robots in elderly 

care homes.  

Psychological and emotional well-being are of the same importance as physical well-

being. Therefore, robots capable of providing social support and mental activities for patients 

were developed (Maalouf et al., 2018). Those assistive social robots are identified separately 

from other assistive technology that does not interact socially with its users (see Figure 2). 

Socially assistive robots interact with humans to provide cognitive, functional and emotional 

support (Hegel et al., 2009). They are easy to understand and often have a likeable interface so 

that the user likes to interact with the robot. Socially assistive robots in elderly care can be 

divided into two groups. On the one hand, service robots have the aim to help people with daily 
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activities, like cleaning or taking a shower, to be able to live independently for as long as 

possible. An example of such a robot is a butler-like robot that guides or carries a person, as 

shown in Figure 2. On the other hand, companion robots aim to improve the psychological 

status and well-being of patients with for example conversations or games (Abdi et al., 2018). 

An example of a companion robot is the seal shaped robot Paro (see Figure 2). Shibata et al., 

(2003) indicate that Paro can have the same beneficial effect on elderly users as pets and 

improve their health and wellbeing.  

The hardware used in this study is the Sanbot Elf Robot (see Figure 3) from a robotics and 

Artificial Intelligence company Qihan Technology CO. Ltd. It is a humanoid robot with more 

than 60 sensors to give it a human-like awareness. The head of the robot moves in two degrees 

of freedom and the robot has two arms moving with one degree of freedom. The head has a 

LED screen with continuously blinking eyes. Furthermore, the robot has wheels to navigate 

through the environment. To interact with the robot, it has a built-in touch screen tablet on the 

chest. Lastly, it has several atmosphere lights. One on each side of the head, one on each arm 

and one at the bottom of the chassis.  

 

 

 

 

 

 

 

Figure 2. Categorization of assistive robots in elderly care 
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The programmed robot used as a case study for this research is SARA (see Figure 4). SARA is 

a smart companion robot that supports healthcare professionals in their daily tasks in monitoring 

and maintaining client wellbeing. The robot contributes to the quality of life of the clients in an 

elderly care institution. SARA provides clients with personal attention and specialized care. 

SARA supports caregivers in monitoring client wellbeing through analysis of the interactions 

the robot has with clients. This results in a safe, data-driven and social environment for both 

caregivers and their clients. More features are being developed every day to improve SARA 

and make her able to execute more tasks. Together with care institutions the features will be 

tested and evaluated in practice and new potential features are being discovered. For 2020, the 

goal is to implement and test one feature every month. Examples of these features are singing, 

telling a story and doing physical exercises with the patients. The goal of SARA is not to replace 

healthcare staff, but to complement and thereby make their work easier.1 

 

2.2 Existing theoretical models on technology adoption  

In order to fully understand the process of acceptance and usage of intelligent systems (e.g., 

SARA) for elderly care, it is important to identify the factors that will influence this behaviour. 

If the socially assistive robots are going to stay at the care facilities, we need to understand the 

motivation and process by which they are accepted or rejected by their users (Heerink et al., 

2010). There are different theoretical models developed to (empirically) examine technology 

acceptance and usage. These models are used to map the influence on users’ intention to use 

the technology and the actual usage of the technology. The most important models will be 

discussed in the next sections.  

 

 
1 https://www.sara-robotics.com/  

Figure 3. Sanbot Elf robot from: https://www.sanbot.co.uk/#sanbot-robot Figure 4. SARA 

https://www.sara-robotics.com/


7 
 

2.2.1 TAM 

The Technology Acceptance Model (TAM) was already introduced in 1986 and is the most 

widely applied theoretical model in the Information System (IS) field (Lee et al., 2003). The 

model is extended and elaborated since then. The TAM is an IS theory that models how users 

come to accept and use technology. It provides a basis for tracing the external impact that 

variables have on attitude, intention and internal beliefs (Davis, 1989). The model includes two 

determinants, i.e. perceived usefulness and perceived ease of use. These are related to 

behavioural intention, which will lead to the end-point where everyone can use the technology, 

the actual system use (Lee et al., 2003). A number of other theories have been applied to the 

causal linkage of a user’s IS acceptance behaviour and may be aligned with TAM, e.g. Social 

Cognitive Theory, Diffusion of Innovation, Theory of Reasoned Action/Theory of Planned 

Behaviour or Human Computer Interaction (Lee et al., 2003). The original TAM model (see 

Figure 5) hypothesized that the attitude of a user towards a system was a major determinant of 

actual usage or rejection of the system. Later on, other variables were included that modify the 

initial relationships. 

 

 

Figure 5. Original TAM (Davis, 1989) 

One of the most important extensions to TAM is brought by Venkatesh & Davis (2000). They 

proposed the TAM 2 model, which is shown in Figure 6. Venkatesh and Davis (2000) identified 

that TAM had some limitations in explaining why a person would perceive a system useful. 

They argue that perceived usefulness is a fundamental driver for usage intentions, and therefore 

it is important to understand the determinants of this construct and how their influence changes 

over time. A better understanding of these determinants would enable us to design 

organizational interventions that increase user acceptance and actual usage of new systems. 

Therefore, they added variables as antecedents to the perceived usefulness. For instance, they 

found that judgments about a system’s usefulness are affected by a person’s cognitive matching 

of job goals with the consequence of system use, which results in the variable job relevance 

(see Figure 6).  
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Figure 6. TAM 2 (Venkatesh & Davis, 2000) 

 

2.2.2 UTAUT 

The Unified Theory of Acceptance and Use of Technology (UTAUT) is a model that is used to 

determine technology usage intention and behaviour, based on TAM. The basic model (see 

Figure 7), developed by Venkatesh et al. (2003), consists of four predictor variables. First of 

all, the predictor performance expectancy is defined as “The degree to which an individual 

believes that using the new system will help him or her to perform better in their job” 

(Venkatesh et al. 2003, p. 447). Second, effort expectancy is “The degree of ease-of-use of new 

systems by users” (Venkatesh et al., 2003, p. 450). Third, social influence is “The degree to 

which an individual perceives that important others believe he or she should use the new 

system” (Venkatesh et al., 2003, p. 451). Lastly, the predictor variable facilitating conditions is 

defined as “The degree to which an individual believes that the organizational and technical 

infrastructure of the organization supports the use of the new system” (Venkatesh et al., 2003, 

p. 453). Four moderating variables are included, i.e. gender, age, experience with technology 

and voluntariness of use. In this model, acceptance is a key concept. Acceptance is defined as 

“Users who willingly use a technology for the task it is designed to support” (Dillon & Morris, 

1996, p. 2). According to Garone et al. (2019), acceptance can be measured by observing actual 

behaviour, self-reported use, attitude and behavioural intention. The success of health 

information technology implementation is mostly determined by users’ acceptance and actual 

use of that technology (Kijsanayotin et al., 2009). 
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Figure 7. UTAUT model (Venkatesh et al., 2003) 

 

2.2.3 Almere Model 

The Almere Model (Figure 8) takes the UTAUT model as a basis to start exploring the factors 

that determine user acceptance of social robots by elderly (Heerink et al., 2010). The 

questionnaire items of UTAUT are adapted in the study of Heerink et al. (2010) to fit the context 

of assistive robots and elderly users in a care home rather than an office environment. The 

Almere Model tries to stay as close as possible to the original UTAUT model, by mapping the 

influence on users’ intention to use the technology and the actual use of it. The constructs 

performance expectancy and effort expectancy are renamed perceived usefulness and perceived 

ease of use to suit the home environment of the elderly rather than the work environment. In 

the context of socially assistive robots the social aspects such as robot or on-screen characters 

are important. Moreover, the Almere model is developed with elderly users in mind. Therefore, 

it includes for instance the influence of anxiety and attitude towards using the technology.  

 

 

Figure 8. Almere Model (Heerink et al., 2016) 
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2.2.4 ITIM 

To promote cost-effective, safe and quality care, the healthcare sector should sustain the 

implementation of new technologies  (Schoville & Titler, 2015). Many factors affect the success 

of a technology implementation. Especially in healthcare, these factors are not always well 

understood given the major differences between healthcare technology implementation and 

implementation frameworks  (Schoville & Titler, 2015). If a technology is not implemented 

successfully, healthcare personnel may refuse to use the technology. Therefore, Schoville & 

Titler (2015) come up with an Integrated Technology Implementation Model (ITIM), displayed 

in Figure 9. This model integrates the two areas that guide technology use, i.e., technology 

adoption and Implementation Science (IS). Technology Adoption Models focus on the 

individual user’s perceptions, while IS models focus on strategies for implementation at the 

organizational level. In addition, ITIM does not only focus on the inner context of the 

organization (e.g., rules and procedures, technical knowledge, culture), but also on the outer 

context. The outer context is defined as the factors that influence the adoption of a technology 

from an external perspective, for example national regulations and the economic environment. 

These factors are often fixed, in that they do not change over time or at least very slowly.  

 

 

Figure 9. ITIM (Schoville & Titler, 2015) 

2.3 Development conceptual model 

This study will be based on existing technology adoption models and apply a customized 

version for the actual usage of socially assistive robots in the context of elderly care homes. 

The model that will be central in this research is the UTAUT model by Venkatesh et al. (2003). 

This model is chosen, because the study of Venkatesh et al. (2003) already compares eight 

different models (of which TAM) and develops a unified theory from the constructs that 

appeared to be significant direct determinants of intention or usage in one or more of the 
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individual models. Moreover, the UTAUT model is the most widely accepted. However, to fit 

the current research context, the UTAUT model needs to be adapted. 

The construct of social influence will be excluded from the model. Social influence is 

defined as the degree to which an individual perceives that other people believe that he or she 

should use the new system (Venkatesh et al. 2003). As Venkatesh and colleagues (2003) 

conclude, social influence is an important predictor in the context of mandatory use. It is 

expected that this will not be the case for the usage of SARA, i.e., this research context, which 

is underlined by the study of Phichitchaisopa & Naenna (2013) that state that social influence 

has little effect on behavioural intention of medical staff members. They conclude that for 

healthcare technology adoption, performance expectancy, effort expectancy and facilitating 

conditions are significant determinants for users’ behavioural intention. According to the 

Almere Model, which is focused on predicting and explaining acceptance of assistive social 

robots, the strongest predictors of intention to use are perceived usefulness, perceived ease of 

use and attitude (Heerink et al., 2010). Since Heerink et al. (2010) conclude that attitude is one 

of the most significant influences on intention to use, this predictor is included in this study to 

investigate this relationship from the perspective of caregivers. Perceived usefulness and 

perceived ease of use are constructs covered by performance expectancy and effort expectancy 

in the UTAUT model. Therefore, these constructs are included in the conceptual model. The 

research of Alaiad & Zhou (2014) suggests that it is important for businesses to provide 

technical support and infrastructure that focuses on adopting healthcare services. Consequently, 

facilitating conditions can provide insight into the required conditions for the care institution to 

be able to use the robot. The ITIM model also includes the aspects of facilitating conditions in 

the inner context, like interfacing systems, communication and technology. Since SARA is still 

developing new features while working together with the care institutions it is important that 

the institutions have the right conditions for the nurses to be willing to use the robot. Moreover, 

for recruiting future clients for socially assistive robots it is helpful to know which conditions 

are required at the institution.  

To conclude, further attention is paid to the predictor variables attitude, performance 

expectancy, effort expectancy and facilitating conditions for determining the usage intention 

and actual usage of a socially assistive robot. The conceptual model is displayed in Figure 10. 

Each of these variables with their expected relationships will be discussed in the next sections. 
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2.3.1 Actual usage behaviour 

Actual usage is the endpoint where the institution is able and willing to work with the robot 

during their daily work in the care of the elderly. The intention of usage will not automatically 

lead to actual usage. According to Tao (2009), measuring intention and actual behaviour at 

different times during the implementation process may yield different intentions to actual 

behaviour relationships. The actual gain of innovation implementation is often lagged a year 

after the initial implementation (Sawang, 2011). This makes sense in the usage of the robot. At 

first, the nurses might see it as an extra burden and because they will not be familiar with the 

robot it can take some more time and effort. Actual usage behaviour is often hard to measure 

and is also depending on observations and personal opinions. However, in this case the actual 

usage of SARA can be extracted from the log data. This data set contains information about the 

content, time and duration of the interactions. These metrics measure the usage of the 

employees mainly, because they are the one who initiate to turn on the robot and let the elderly 

use it. Most often, they are also the ones who choose the type of interaction, since the elderly 

do not have enough technological knowledge (Rabbitt et al., 2015) and they often suffer from 

dementia or other diseases related to old age, which is why they are not capable enough of 

operating the robot themselves. 

  

 

Figure 10.Conceptual Model 
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2.3.2 Usage intention 

Usage intention is a reflection of an individual’s internal schema of belief (Ajzen & Fishbein, 

1980). Previous studies have shown that behaviour intention significantly affects actual 

behaviour. The Theory of Reasoned Action, developed by Ajzen and Fishbein (1980), suggests 

that a person’s action results from the individual’s behavioural intention. Intentions are 

“Indications of how hard people are willing to try, or how much effort they are planning to 

exert, in order to perform the behaviour” (Ajzen & Fishbein, 1980, p. 181). However, measures 

of usage intention are often a collection of beliefs and attitudes, which can result in skewed 

results (Tao, 2009). It does not take into account the external factors that influence the actual 

behaviour. Therefore, usage intention is not always the same as actual usage, because it is not 

entirely within an individual’s volitional control. Vekatesh et al. (2008) suggest that volition 

and time should be considered in the performance of an individual’s behaviour. According to 

the Theory of Planned Behaviour (Ajzen, 1991), behavioural intentions are the most important 

predictor of actual behaviour. Intentions to perform some kind of behaviour can be predicted 

from attitudes towards the behaviour, subjective norms and perceived behavioural control. 

Perceived behavioural control refers to the extent to which people consider the performance of 

their action to be under their voluntary control (Ajzen, 2002). Together with the perceptions of 

perceived behavioural controls, these intentions account for considerable variance in actual 

behaviour. This means that the resources and opportunities that are available to a person must 

to some extent support to behavioural achievement. However, how someone perceives their 

behavioural control is often different from the actual control (Ajzen, 1991). The Almere model 

(Heerink et al., 2010) also found that the actual use of a socially assistive robot is predicted by 

the participant’s intention to use the robot. The actual usage of the socially assistive robot will 

normally follow from the usage intention but can be biased by incidents that are out of the 

control of the nurses. Based on prior research, the hypothesis is as follows: 

 

H1: Usage Intention positively affects the Actual Usage of socially assistive robots. 

 

2.3.3 Attitude 

Although Attitude (ATT) is not included in the UTAUT model, several studies found this 

directly influential for intention to use (e.g. Wu & Chen, 2005; Yang & Yoo, 2004). Attitude is 

defined as “Positive or negative feelings about the appliance of the technology” (Heerink et al., 

2010, p. 364). However traditional acceptance models do not take into account the aspects of 

social interaction, it is included in this research because it is an important aspect in the context 
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of socially assistive robots. The Almere Model (Heerink et al., 2010) demonstrated the 

importance of attitude in the context of socially assistive robots, because it was one of the most 

significant influences on intention to use. However, their study was conducted from the 

perspective of the elderly. Yang & Yoo (2004) found that cognitive attitude, defined as an 

individual’s specific beliefs related to the object, influences IS use. They argue that changes in 

attitude occur quickly. It is contagious and if people are working together, they express their 

own attitude and listen to each other’s. It is therefore important that the organization cares about 

positive attitude change. The study of Al-Gahtani & King (1999) found that the effects of user 

perceptions are channelled through attitudes, which have an impact on usage. The effects for 

the three belief variables ease of use, enjoyment and relative advantage are important in 

indicating the role of attitude in technology use. A positive perception of these belief variables 

results in a positive attitude towards new information technology, which results in behavioural 

intention. According to Heerink et al. (2010) people with a positive attitude towards the robot 

perceive the robot as more enjoyable and more useful and have a higher intention to use the 

robot.  

 

H2: A positive Attitude towards a socially assistive robot positively affects the Usage 

Intention of the robot.  

 

2.3.4 Performance expectancy 

Performance Expectancy (PE) is defined as “The degree to which an individual believes that 

using the socially assistive robot will help him or her to perform better in their job” (Venkatesh 

et al., 2003, p. 447). Performance expectancy is found to be the strongest predictor of usage 

intention (Phichitchaisopa & Naenna, 2013; Venkatesh et al., 2003; Zhou et al., 2016). It 

contains five core constructs, which are displayed in Table 1. Only three constructs are included 

in the conceptual model to ensure that the questionnaire for the respondents is not too long, 

which will be explained in the Methodology section.  
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Table 1. Performance Expectancy constructs 

Construct Definition 

Perceived Usefulness (PU) The degree to which a person believes that using the 

socially assistive robot would enhance his or her job 

performance (Davis, 1989). 

Extrinsic Motivation (EM) The perception that users will want to perform an 

activity because it will help in achieving valued 

outcomes that are distinct from the activity itself, such 

as improved job performance, pay or promotions 

(Venkatesh et al., 2003). 

Job-fit (JF) How the capabilities of the socially assistive robot 

enhance an individual’s job performance  (Thompson 

et al., 1991). 

Relative Advantage (RA)  The degree to which using the socially assistive robot 

is perceived as better than the idea it supersedes 

(Rogers et al., 1995). 

Outcome Expectations (OE) Outcome expectations relate to the consequences of 

the socially assistive robot. They can be separated into 

job-related performance expectations and personal 

expectations (Venkatesh et al., 2003). 

 

According to the Almere Model (Heerink et al., 2010), perceived usefulness has a strong 

positive influence on intention to use. Zhou and colleagues (2016) confirm this finding for 

performance expectancy in the context of healthcare from a perspective of nurses. Alaiad & 

Zhou (2014) found that for healthcare robots, performance expectancy has a positive impact on 

the usage intention. This study was conducted with a diversity of participants, among which 

also healthcare professionals. Stakeholders seemed to be rational in adopting the technology by 

paying attention to the usefulness and effectiveness of new home healthcare technologies. The 

findings suggest that work-related benefits of implementing robots must be perceivable, 

identifiable and substantial. Therefore, using new technology (i.e. SARA) should be effective 

and not an extra work task to perform. From a management point of view, the implementation 

of the socially assistive robot should achieve the objectives as intended. Fasola & Mataric 

(2013) investigated how to design a socially assistive robot to engage elderly users in physical 

exercises. From this study can be concluded that expected performance of the robot makes it 

very encouraging and motivating for the elderly to engage in the usage. The higher the expected 

performance of users of socially assistive robots, the more valuable the robots are perceived, 

and thus the higher the usage intention. Accordingly, a hypothesis is as follows: 
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H3: Performance Expectancy positively affects Usage Intention of socially assistive 

robots. 

 

2.3.5 Effort Expectancy 

Effort expectancy is defined as “The degree of ease-of-use of socially assistive robots by users” 

(Venkatesh et al., 2003, p. 450). As can be seen in Table 2, three constructs from existing 

models are perceived ease of use, complexity and ease of use.  

Table 2. Effort Expectancy constructs 

Construct Definition 

Perceived Ease of Use (PEU) The degree to which a person believes that using the 

socially assistive robot would be free of effort (Davis, 

1989). 

Complexity (CO) The degree to which the socially assistive robot is 

perceived as relatively difficult to understand and use 

(Venkatesh et al. 2003). 

Ease of Use (EU) The degree to which using the socially assistive robot 

is perceived as being difficult to use (Venkatesh et al. 

2003).   

 

Kijsanayotin and colleagues (2009) confirm the direct relationship between effort expectancy 

and intention to use information technology. They argue that the strong influence of effort 

expectancy on the adoption of health IT suggests that the implementation technology should be 

viewed as easy to use by the users. An awareness of this can help develop and accelerate the 

implementation process. The expected effort is expected to be more salient in the early stages 

of implementation because the process start contains more hurdles to be overcome. Later on, 

these hurdles can become overshadowed by instrumentality concerns (Venkatesh et al. 2003).  

Zhou and colleagues (2016) argue that time taken while documenting patient profiles and other 

related information should not conflict with daily work operations. They found that the users 

of the system must be able to use the system with ease and that the applications should not be 

technically user-centric. Therefore, it is expected that an increased level of ease of use of the 

robot will also increase the behavioural intention to use the robot. The less effort the users 

expect for their behaviour, the more they intend to perform the behaviour. The Almere Model 

(Heerink et al., 2010) also found that effort expectancy (renamed ease of use) predicts intention 

to use the robot. They argue that robots should be designed to interact socially with users to 
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ease communication and coordination to be accepted by the elderly. Based on past research 

results, the hypothesis follows that: 

 

H4: Effort Expectancy positively affects Usage Intention of socially assistive robots.  

 

2.3.6 Facilitating conditions 

Facilitating Conditions (FC) refer to “The degree to which an individual believes that the 

organizational and technical infrastructure of the care institution supports the use of the 

socially assistive robot” (Venkatesh et al., 2003, p. 453). Facilitating conditions capture three 

constructs, that is, perceived behavioural control, facilitating conditions and compatibility (see 

Table 3).  

Table 3. Facilitating Conditions constructs 

Construct Definition 

Perceived Behavioural Control (PBC) Reflects perceptions of internal and external 

constraints on behaviour. It includes self-efficacy, 

resource facilitating conditions and technology 

facilitating conditions (Ajzen, 2002). 

Facilitating Conditions (FC) Objective factors in the environment that make the 

usage of the socially assistive robot easy to do, 

including the provision of computer support (Lu et al., 

2005). 

Compatibility (C) The degree to which the socially assistive robot is 

perceived as being consistent with existing values, 

needs and experience of the care institution 

(Venkatesh et al., 2003).  

 

Each of these constructs includes aspects of the technological and/or organizational 

environment that removes barriers for usage (Venkatesh et al., 2003). Various technology 

acceptance studies show the positive effect of facilitating conditions on behavioural intention 

(Aggelidis & Chatzoglou, 2009; Alaiad & Zhou, 2014; Lu et al., 2005; Venkatesh et al., 2003). 

According to Lu et al. (2005), in addition to a supportive technical environment, specially 

designed training programs and control procedures also have a positive effect on technology 

acceptance. The results of Venkatesh et al. (2003) show that facilitating conditions also have a 

direct effect on actual user behaviour. Phichitchaisopa & Naenna (2013) support the direct 

influence of facilitating conditions on actual usage behaviour in the healthcare context. 

Attuquayefio & Addo (2014) also found a significant influence of facilitating conditions on 
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actual user behaviour in the IT context. However, there is not much known about the facilitating 

conditions for socially assistive robots in elderly care organizations. As already mentioned, the 

use of robotics in healthcare is a new and sensitive area and therefore might have some deviating 

required facilitating conditions than other technological innovations (Schoville & Titler, 2015). 

Zhou et al. (2016) and Aggelidis & Chatzoglou (2009) found that the training of nurses and 

personnel has an essential impact on the behavioural intention. Moreover, facilitating 

conditions reduce anxiety during system usage (Aggelidis & Chatzoglou, 2009), which prevents 

people from using the system. In this context, the facilitating conditions of the care organisation 

should ensure that the robot can be used properly and that the nursing staff has enough 

knowledge and resources available to execute the usage. Thus, it can be hypothesized that: 

 

H5: Facilitating Conditions positively affect Usage Intention of socially assistive 

robots. 

H6: Facilitating Conditions positively affect Actual Usage of socially assistive robots.  

 

2.3.7 Control variables 

The main moderating influences found for the UTAUT model are age, gender, experience with 

technology and voluntariness of use (Venkatesh et al., 2003). The study of the Almere Model 

(Heerink et al., 2010) suggests investigating the moderating influences in the context of socially 

assistive robots for further research. Bedaf et al. (2017) found the previous experience with 

technology to have a positive effect on performance, use and interaction with a socially assistive 

robot. A recent study of Papadopoulos and colleagues (2020) investigated the enablers and 

barriers to the implementation of socially assistive robots in health and social care. They found 

mixed results for the influence of previous experience with IT. In this research, age, gender and 

experience with technology are all taken as control variables. Voluntariness is excluded in this 

research since it was found only to have a significant moderating influence on social influence 

and behavioural intention (Venkatesh et al., 2003), which was already excluded in this research. 

Moreover, voluntariness is not of importance to this research, since SARA is already being 

implemented. Thoughts about the wellbeing of the elderly while using a socially assistive robot 

are also added as control variables, to examine whether this has influence on the usage of the 

robot by the care institution employees.   
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3 Methodology 

In this chapter, the methodology for this research will be discussed. First, the study design will 

be elaborated. After that, the sample population will be elaborated upon. Third, the data 

collection will be discussed, including the measures used for this research. Finally, the data 

analysis will be discussed.  

 

3.1 Study design 

This study aims to get insight into the different motives to intend to use socially assistive robots 

and how this usage intention translates into actual usage. A literature review was done to gain 

more in-depth knowledge about the context of socially assistive robots and elderly care, to be 

able to create a conceptual model with hypotheses derived from literature. During the article 

search, the databases Scopus and Science Direct were mainly used, due to accessibility through 

TU/e credentials. Keywords like “Socially Assistive Robots”, “Elderly Care” and “Usage 

Intention” were combined and sorted on relevance (number of citations). After inspection of 

the title and abstract, certain articles were read in-depth.  

For data analysis, a mixed-method approach combining qualitative and quantitative data 

was used to examine this research objective. A mix-method approach was chosen to establish 

the reasons underpinning the participant's judgments as reported in quantitative ratings, and 

more importantly to find reasons for the usage behaviour of the socially assistive robot that 

might not come forward in quantitative measures (Morse & Niehaus, 2009). Including the 

results of qualitative studies next to quantitative ratings are proven to be increasingly beneficial 

and may enhance the quality of the research (Tacconelli, 2010). As the nature of elderly care is 

often complicated and multifaced, it should be explored using mixed methods (Kachouie et al., 

2014). The study’s research design is known as a cross-sectional research design, meaning that 

data is being collected at one specific point in time without repetitions of measurement (Levin, 

2006). This research intends to collect quantitative data using an (online) questionnaire. Next 

to that, interviews and observations were performed as a qualitative method.  

At the start of this research, an observational study of SARA in a nursing home over a 

month was performed. The main aim of working alongside the nurses is to assure a better grasp 

of the context and the potential role of the robot. Observational studies are extremely useful in 

the discovery of the research field and population (Thrusfield, 2017). Qualitative methodologies 

like note-taking and on-site interviews are used to get a view of the interaction with SARA in 
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the elderly care home. In total, six observations on different locations and different parts of the 

day were performed.  

Interviews with care institutions were held in the first and second week of the 

questionnaire data collection phase to get background information. Semi-structured interviews 

were used to gather information. A predetermined list of questions was asked (see Appendix 

G) with some degree of order but still flexible in the way issues are addressed by the informant 

(Adams, 2015). Semi-structured interviews can be carried out in person or online, which is a 

great advantage in times of COVID-19 since unexpectedly most interviews had to be done 

online. Moreover, they can be used with a variety of other methods and theories (Leech, 2002). 

This qualitative data can provide useful information about the reasons why respondents did or 

did not use the robot. The interviews were not recorded, because the care institutions are very 

cautious with privacy and most interviewees did not agree upon recording. Therefore, it was 

chosen to make use of intensive note taking during the interviews2 (Oltmann, 2016). A template 

approach was used to code the interview for the different topics. A template analysis balances 

a high degree of structure in the process of analysing textual data with the flexibility to adapt it 

to the needs of a particular study (Brooks et al., 2015). With this approach, a template is 

developed that is flexible regarding the style and the format so it encourages to modify as 

necessary to get as much valuable information out the interviews. The reliability of this 

approach is checked by letting two other persons fill in the template form for 3 different 

interviews. One of these persons is a member of the same project team within the company, and 

one is totally independent of this project. It is checked whether these persons made the same 

decisions while connecting the quotes to the categories. The result was that in 80.75% of the 

cases, the same decision was made. The remaining coded quotes were re-evaluated by the 

researcher.   

Furthermore, the log data set contains the actual usage information of the robot 

including the institution where the robot is placed, the date, time and type and amount of 

interactions (e.g. doing exercises, brain games or listen to a story). The log data was used to 

create a dashboard that gives insight in the usage of the robot. 

 

3.2 Sample population 

Data was collected at 44 different care institutions across the Netherlands that provide care and 

assisted living for the elderly. Due to the COVID-19 crisis, care institutions can try out the 

 
2 The detailed interview notes are available upon request by the author.  
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socially assistive robot for free for one month. In turn, extra feedback is collected to support 

the development of the robot. This results in an opportunity to get more insight into the usage 

of different care institutions across the Netherlands. In addition, this monthly try-out can lead 

to new sales leads for the robot.  

SARA will be implemented at open and closed departments, meaning that there will be 

some variety in cognitive clarity of the elderly. The data was collected from the nurses and the 

decision-making unit (DMU) who are working with SARA. The total population consists of 

four functional groups involved in the implementation process of the socially assistive robot. 

The unit of observation is the individual employee. Since this study focuses on the actual usage 

of the robot, it is of great importance that all respondents are working with the robot during 

their work. For this reason, the online questionnaire was only sent to employees working in the 

determined functional groups, which will be discussed in the next section. Besides, it was 

explicitly mentioned to only participate in the research if they are familiar with using the robot 

during their work at the care institution. Otherwise, this could lead to a bias in the actual usage.   

 

3.2.1 Functional groups 

For the final sample, the functional groups that are in place in elderly care institutions have 

been closely reviewed. Together with the experts in the care institution, functional groups that 

are working with the robot were selected. These are expected to be the most reliable respondents 

participating in the study, and therefore the questionnaire was forwarded to these functional 

groups only.   

First of all, the nurses form the focus group that are fully integrating the socially 

assistive robot in their work at the care institution. Their usage plays an important role in the 

implementation process, which led to the decision of involving this group in the sample 

population.  

The second group that is often important in the implementation of new technology in 

elderly care homes are the activity counsellors. The activity counsellors offer elderly people 

activities within medical services. In this way, the activity counsellor ensures a useful daytime 

activity that contributes to the physical, mental and social well-being of the patient. Since the 

usage of the socially assistive robot often falls under daytime activities, this group is also 

important to take into account.  

The last group are the supervisors wellbeing. In the end, the goal of a socially assistive 

robot is to contribute to the wellbeing of the elderly. Therefore, the supervisor wellbeing plays 

an important role in the implementation of new care technologies.  
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3.2.2 Sample strategy 

The data collection method of this study is a combination of purposive and convenience 

sampling (Etikan, 2016). The sampling strategy is purposive in the sense that it is directed 

towards the specific employees who are working with the socially assistive robot. The sampling 

strategy is convenient because the questionnaire will be sent out to all members of the target 

population that meet the criteria and are easy accessible to attain the highest possible number 

of responses (Etikan, 2016). The online questionnaire was sent by mail to the ambassador of 

the project. The ambassador was asked to forward the questionnaire to all the employees who 

work with the robot and ask for their response. In the first and second week, an evaluation 

session was performed with the institutions about their experiences with the robot. In this 

session, participants were also reminded of the questionnaire.  

 

3.2.3 Response rate 

In assessing the value of research findings, the level of response rate is an important or 

sometimes even crucial factor (Baruch & Holtom, 2008). After one week, the first reminder via 

mail was sent to the project managers. Besides, during the first- and second-week evaluation 

sessions, the participants were reminded to fill in the questionnaire. Table 4 below shows the 

flow of response rate. Due to the COVID-19 crisis, it was increasingly difficult to retrieve 

enough data, since a lot of care institutions experienced higher understaffing and work pressure. 

Therefore, there was less time and priority for this research, resulting in more time spent on 

retrieving data than initially planned. In order to increase the response rate, the researcher 

decided to execute some interventions to increase the response rate: 

- The Marketing and Communication department of the company included a short 

message in the newsletter to all clients to promote the study and its objective, including 

the link to fill in the questionnaire. 

- The employees of the company involved stimulating the clients for filling in the 

questionnaire during their contact moments with the care institutions.  

- The questionnaire was print on paper and taken along to care institutions when a 

physical meeting took place, so healthcare personnel could fill in the questionnaire 

offline. This took away the burden of needing a computer, since this sector is not always 

operating from a desk with access to a computer.  

Since the project with the robot started on a different date for every institution, the emails were 

sent during a period of 12 weeks in total. In total, 50 institutions were contacted, with a total of 
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181 approached employees. 61 respondents filled in the questionnaire within one week (early 

respondents). Another 41 respondents filled in the questionnaire after the reminder (late 

respondents). During the whole process, the team working on the implementation of the robot 

was asked to remind care institutions about the questionnaire during all their contact moments. 

In the end, a total of 102 employees filled in the questionnaire, coming from 44 different 

institutions. The overall response rate was 56.35%.  

Table 4. Response rate flow 

Time Week 1 Week 2 

(reminder) 

Week 3 Week 4 

Number of 

respondents 

61 29 10 2 

 

3.2.4 Sample population characteristics 

Table 5 below shows the number of respondents per functional group. As already expected, 

most responses came from the nurses. This was expected because they are mainly the ones 

working with the robot. The category “Other” was added for exceptions that were not falling 

in the predetermined functional groups due to different job titles in care institutions, but still 

working with the robot.  

Table 5. Responses 

Send out surveys 181  

Returned surveys 102  

Response Rate  56.35% 

    Early 61 59.8% 

    Late 41 40.2% 

Functional Group   

    Nurses 53 52.0% 

    Activity Counsellor 21 20.6% 

    Supervisor Wellbeing 17 16.6% 

    Other 11 10.8% 

 

3.3 Data collection 

A questionnaire was created to measure the constructs of the developed conceptual model. An 

overview of all items found in the existing literature is listed in Appendix A. On a practical and 

theoretical basis, items were selected for the questionnaire, visible in Table 6. This ensures that 

the questionnaire is not too long for respondents. The healthcare sector is already on a time 

pressure, and from observing the employees it is clear that they do not have enough time. A 
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long survey can be discouraging and can therefore lead to a lower response rate (Trouteaud, 

2004). From the experience of other researches, the company has difficulty getting a solid 

response rate from the care institutions. Table 6 gives an overview of the selected items together 

with the referenced existing literature confirming the underlying items to be a strong predictor 

of attitude, performance expectancy, effort expectancy and facilitating conditions.  

The questionnaire consists of two parts. The first part includes statements to test the 

developed conceptual model. The second part consists of questions on the control variables, 

i.e., experience with technology, age, gender, and the vision on elderly wellbeing. The items in 

Table 6 are measured on a seven-point Likert scale, ranging from strongly disagree (=1) to 

strongly agree (=7). The average actual usage behaviour is a seven-point Likert scale ranging 

from never (=1) to daily (=7). Age is a categorical value with 0-17 years (=1), 18-25 years (=2), 

26-35 years (=3), 36-45 years (=4) and 46-65 years (=5). Gender is a dummy variable with 

either male (=0) or female (=1). Experience EX1 is a seven-point Likert scale ranging from 

strongly disagree (=1) to strongly agree (=7). Experience EX2 is a seven-point Likert scale 

ranging from very bad (=1) to very good (=7). Experience EX3 is a seven-point Likert scale 

ranging from never (=1) to very often (=7). To attain an optimal interpretation of the participants 

and consequently higher quality in terms of validation and limited loss of information, the items 

were rephrased to fit the specific context. Also, the items are carefully translated to Dutch, the 

native language of the respondents.  

 

In terms of research quality, the questionnaire was checked by both the university supervisor 

and the head of the project in the organization. In addition, some peer students in the 

organization provided their suggestions and feedback. These insights were used to improve the 

overall clarity and consistency of the questionnaire.  

The items chosen were measured based on previous research that used these scales, yet 

were adapted to fit the research purpose of this study. The order of the questionnaire follows 

the order of previous studies of Venkatesh et al. (2003) and Heerink et al. (2010). Additionally, 

a funnel approach was used where questions start with a broad focus and end with more specific 

and personal questions (Schofield & Forrester-Knauss, 2013). To make sure that the usage 

intention – behaviour gap can be measured on an individual level, personal information like 

name and function are collected. It is assured that the answers are treated anonymously in this 

study and that they will remain within this research. The control variables age, gender and 

experiences with technology were also included as items in the questionnaire. Additionally, 

questions about the respondents’ vision of wellbeing of the elderly were also included in the 
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questionnaire as control variables. It was made sure all respondents were familiar with working 

with the robot in two ways. First, the questionnaire was only sent to employees who are working 

with the robot. Second, the questionnaire explicitly mentioned to only participate if the 

employee is working with the robot.  

Table 6. Selected items questionnaire 

 Items Attitude  

Attitude   

ATT1 I think it’s a good idea to use SARA. Heerink et al. (2010) 

ATT2 SARA would make life more interesting. 

 Items Performance Expectancy  

Perceived Usefulness   

PU1 Using SARA would make it easier to do my 

job. 

Phichitchaisopa & Naenna 

(2013), Pai & Huang 

(2011), Aggelidis & 

Chatzoglou (2009), 

Venkatesh et al. (2003) 

PU2 I would find SARA useful in my job.  

Job-fit   

JF1 Use of SARA can significantly increase the 

quality of output on my job. 

Thompson et al. (1991), 

Venkatesh et al. (2003) 

JF2 Use of SARA can increase the quantity output 

for the same amount of effort. 

Relative Advantage   

RA1 Using SARA increases my productivity. Rogers et al. (1995), Ilie 

(2005), Venkatesh et al. 

(2003) 

 Items Effort Expectancy  

Perceived Ease of Use   

PEU1 Learning to operate SARA would be easy for 

me. 

Izuagbe et al. (2019), Pai 

& Huang (2011), 

Venkatesh et al. (2003) PEU2 My interaction with SARA would be clear 

and understandable. 

PEU3 I would find SARA easy to use. 

Complexity   

CO1 Using SARA takes too much time from my 

normal duties. 

Ilie (2005), Venkatesh et 

al. (2003) 

CO2 Working with SARA is so complicated, it is 

difficult to understand what is going on. 

CO3 It takes too long to learn how to use SARA to 

make it wort the effort. 

Ease of Use   

EU1 I believe that it is easy to get SARA to do 

what I want it to do. 

Aggelidis & Chatzoglou 

(2009), Venkatesh et al. 

(2003) EU2 Overall, I believe that SARA is easy to use. 

 Items Facilitating Conditions  

Perceived Behavioural Control   
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PBC1 I have the resources necessary to use SARA. Icek Ajzen (2002), Ilie 

(2005), Venkatesh et al. 

(2003) 
PBC2 I have the knowledge necessary to use SARA.  

PBC3 SARA is not compatible with other systems I 

use. 

Facilitating Conditions   

FC1 Specialized instruction concerning SARA 

was available to me.  

Lu et al., (2005), 

Aggelidis & Chatzoglou 

(2009), Venkatesh et al. 

(2003) 
FC2 A specific person (or group) is available for 

assistance when I have difficulties using 

SARA.  

Compatibility   

C1 I think that using SARA fits well with the 

way I like to work. 

Ilie (2005), Venkatesh et 

al. (2003) 

 Items Usage Intention  

UI1 I intend to use SARA in the next months. Venkatesh et al. (2003) 

UI2 I predict I would use SARA in the next 

months. 

 Actual Usage Behaviour  

AU1 I use SARA during my work in the care 

institution. 

Garone et al. (2019), 

Yang & Yoo (2004), 

Attuquayefio & Addo 

(2014) 
AU2 On average, I use SARA... 

 Control Variables  

Age What is your age?  

Gender What is your gender?  

Experience with Technology   

EX1 My firm has worked with the implementation 

of new technologies in the past.  
 

EX2 How would you rate your experience with 

technology? 

EX3 Have you used new technologies before in 

your work? 

Elderly   

EW1 The elderly are having fun while using 

SARA. 

Louie et al. (2014); 

Heerink et al. (2010) 
EW2 The elderly are afraid to make mistakes while 

using SARA. 

EW3 The elderly think SARA is intimidating. 

  

For every institution where the robot is placed, the contact person was asked to forward 

the questionnaire (see Appendix F) to the employees corresponding to the determined 

functional groups. Most often, the contact person is the innovation leader and in charge of the 

project. For the monthly action, there are often only a few, if not one, employee(s) working 

with the robot. Since they only use the robot for one or two months, the questionnaire was 

already sent after one week. In this week, the first evaluation interview also took place. In the 

second week, a reminder of the questionnaire was sent, often together with a second evaluation 
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interview. It was kept in an overview to which employees the questionnaire was sent, to know 

the response rate. 

Furthermore, the log data was collected from all the robots that are placed at the elderly 

care institutions. This data represents the actual usage of the robot and consists of the name of 

the institution, date, time and type of interaction performed on the robot. A dashboard with 

different visualisations was created for the insights in the actual usage of the socially assistive 

robots in the care institutions. 

 

3.4 Questionnaire data analysis 

The questionnaire data was analysed in SPSS and Rstudio. The next sections will explain how 

the data is prepared and analysed. First, some preliminarily analyses were performed to prepare 

and check the data. Next, the assumptions underlying multiple regression analysis were tested 

and finally the regression coefficients formulas for this study were set up.  

 

3.4.1 Preliminarily analysis  

The analysis started by transferring the respondent data from Google Forms to SPSS. All 

variables were checked and renamed, if necessary. Since the questions in Google Forms were 

indicated as mandatory fields, there are no missing values for the items. The data was checked 

for errors and details in the comments that were left in the last box. Next, outliers were carefully 

checked in the sample by setting up scatterplots and boxplots for all main variables. According 

to Pallant (2007), regression analysis is highly sensitive to outliers. Liu et al. (2010) argue that 

outliers can deteriorate the estimates of coefficient alpha for continuous as well as binary and 

ordinal data. A value that differed more than three Interquartile Range (IQR) from the end of 

the boxplot was labelled as extreme (Hoaglin et al., 1987) and deleted from the sample to 

prevent biased results. Finally, zero respondents were removed from the sample.  

 A one-way ANOVA test was executed to prevent any variation due to a non-response 

bias. Literature provides evidence for concern between the differences in early and late survey 

respondents. The study of Etter & Perneger (1997) and De Winter et al. (2005) use a similar 

practice and compare the characteristics of persons who answered after the first mailing to 

persons who answered only after several reminders. It is concluded that it is important to check 

whether certain traits of the participants are systematically different, because it can affect the 

outcome. A one-way ANOVA showed a significant difference between the groups early and 

late respondents for the items PBC3 (F = 5.918, p = 0.017) and AU2 (F = 2.364, p = 0.042). 
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The item AU2 is about how often the respondent uses the robot during their work, and is higher 

for the early respondents (mean = 4.39) compared to the late respondents (mean = 3.73). This 

could be a result of respondents that are using the robot more often being more willing to help 

with the research and fill in the questionnaire. It is unclear why PBC3 has a significant 

difference between the early respondents (mean = 4.26) and late respondents (mean = 5.12).  

 Next, the Common Method Bias (CMB) was checked, because this can negatively 

influence the research validity and reliability. The CMB is defined as “The degree that 

estimators become inconsistent; i.e., parameter estimates asymptotically converge to values 

different from their true population value, due to the presence of common method variance” 

(Siemsen et al., 2010, p. 457). The Harman’s single factor test for this study showed a 

cumulative sum of squared loadings of 33.38%. This falls below the critical threshold of 50% 

(Podsakoff et al., 2003), so it can be assumed that this research is not susceptible to CMB.  

 

3.4.2 Reliability and Validity Analysis 

A reliability test for this research was done by calculating the Cronbach’s Alpha, which is 

shown in Table 7. The Cronbach’s Alpha (α) is a measure of internal consistency, that is, how 

closely related a set of items are as a group. The acceptable level of consistency for more 

exploratory research is a minimum Cronbach’s alpha of 0.6 (Gallais et al., 2017). Therefore, 

deleting items from the construct was only done when the Cronbach’s alpha was below this 

threshold value and deletion would give a value above the threshold value.  

 

 

Table 7. Factor Reliability 

Construct Item Cronbach's Alpha Cronbach's Alpha 

if item deleted 

AU AU1 0.831 - 

AU2 - 

UI UI1 0.921 - 

UI2 - 

ATT ATT1 0.845 - 

ATT2 - 

PE PU1 0.923 0.906 

PU2 0.914 

JF1 0.903 

JF2 0.900 

RA1 0.907 

EE PEU1 0.865 0.850 

PEU2 0.843 

PEU3 0.827 

CO1 0.873 
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CO2 0.856 

CO3 0.854 

EU1 0.841 

EU2 0.840 

FC PBC1 0.554 0.464 

PBC2 0.500 

PBC3 0.636* 

FC1 0.493 

FC2 0.407 

C1 0.532 

EW EW1 0.462 0.529 

EW2 0.258 

EW3 0.065 

EX EX1 0.781 0.720 

EX2 0.697 

EX3 0.696 

* Deletion for construct improvement done 

The Cronbach’s Alphas for the constructs were all above the threshold value of 0.6 with no low 

or negative item-total correlations (x < 0.3), except from Facilitating Conditions (α = 0.554) 

and  Elderly Wellbeing (α = 0.462). For Facilitating Conditions, two low item-total correlations 

were found (PBC3: 0.088 and C1: 0.249). Deletion of the item PBC3 will increase the 

Cronbach’s Alpha to 0.636. Because this is above the threshold value, it is decided to remove 

PCB3 from the construct. The study of Heerink et al. (2010) also found a low Cronbach’s Alpha 

for only Facilitating Conditions. They explain this exception by the fact that participants did 

not experience actual usage of the robot and therefore would only guess about what they would 

need. In this research, actual usage of the robot is guaranteed, but in a very early stage (first 

weeks). That is why it can be explained that the robot is not yet fully integrated into the 

organisation and respondents do also not yet know exactly what facilitating conditions they 

would need. Item PCB3 is about the compatibility of the robot with other systems in the 

organisation, which is something that might not be clear in the first two weeks of the usage. 

Therefore, it is reasonable to delete this item from the construct.   

For Elderly Wellbeing, the item-total correlations were low. Deletion of the item EW1 

would improve the Cronbach’s alpha to 0.529, but this is still below the threshold value of 0.6. 

Since the items of the construct did not already belong together in a construct in existing 

literature, it is decided to keep the items separately to test the effect of the wellbeing of the 

elderly on the regression analysis. The items are renamed Elderly Fun (EF), Elderly Afraid 

(EA) and Elderly Intimidated (EI) respectively, so it is clear what they represent relating to the 

questionnaire.  
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3.5 Multiple Regression analysis  

After the preliminary data analysis, the hypothesized relationships were tested using multiple 

regression analysis. Multiple regression analysis is the most common and flexible dependence 

technique and is used in all facets of business decision making. The method uses the least square 

procedure, where the regression coefficients are estimated such that the total sum of squared 

residuals is minimized (Hair et al., 1998). Before starting the multiple regression analysis, 

several assumptions underlying regression analysis were checked.  

 

3.5.1 Assumptions for regression analysis 

The assumptions normality, homoscedasticity and linearity were carefully checked, to see if it 

is feasible to perform the multiple regression analysis. Appendix B shows the tables and figures 

used to test the assumptions underlying the analysis. Normality is an important indicator for 

many statistical analysis (Pallant, 2010). Due to the fact that the items are measured on a Likert-

scale, it can be assumed that the data is not normal. However, several statistical tests were 

performed to check the assumption that the data is normally distributed, namely normal Q-Q 

plots, histograms and standardized residuals tests. The histograms and normal Q-Q plots all 

showed normal distribution of the data (see Appendix B). The Kolmogorov-Smirnov supports 

the assumption of normality of distributions with an insignificant result of the standardized 

residuals (p > 0.05) for only PE. The Shapiro-Wilk test showed significant (p = 0.000) results 

for ATT, EE, FC, UI and AU. This means that only for PE, these tests do not reject the null 

hypotheses and therefore support a normal distribution. Due to the fact that the Q-Q plots and 

histograms showed a clear normal distribution, the variables are not transformed.  

The next assumption is that there is a constant variance of the error term in multiple 

regression. Therefore, homoscedasticity was checked by visual inspection of scatter plots (see 

Appendix B), with on the x-axis the standardized residuals and on the y-axis the standardized 

predicted values. In model 1 (DV = Usage Intention) and in model 2 (DV = Actual Usage) there 

appears to be a pattern that is more skewed to the right and therefore not random.   

In addition, it was checked for linearity based on P-P plots. The P-P plots showed a 

relative linear graph for both model 1 (DV = Usage Intention) and model 2 (DV = Actual Usage) 

with no extreme deviations (see Appendix B). Therefore, the assumption of linearity is not 

violated.  

The final step is to check for multicollinearity of the variables. First of all, a high 

significant correlation between variables can be an indicator of multicollinearity. This was 
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already checked with inspecting the inter-item correlations. Furthermore, the tolerances (1-R2) 

was used as an indicator for multicollinearity. Different acceptation levels of tolerance can be 

found in literature. Overall, tolerance values range from 0.262 to 0.808 and thus do not violate 

the acceptable levels of tolerance of a minimum of 0.20 (Menard, 1995) or 0.25 (Huber & 

Stephens, 1993). Multicollinearity was further checked by the Variance Inflation Factor (VIF). 

To interpret the value of the VIF score, different threshold values are found in literature. The 

threshold value is generally taken as VIF = 10 (Alin, 2010; Paul, 2014; Lavery et al., 2019). 

There are also authors that advocate for a stricter threshold,  for example VIF = 5 (Daoud, 2018) 

or even VIF = 4 (Pan & Jackson, 2008). The VIF values in this study vary from 1.534 to 4.446. 

Since only one value crosses the strictest threshold, multicollinearity in this sample is ruled out.  

 

3.5.2 Model Equations 

The analysis started with Usage Intention as dependent variable. First, in Model 1 the effects 

of Attitude, Performance Expectancy, Effort Expectancy and Facilitating Conditions on Usage 

Intention were analysed and hypotheses 2-5 were tested. Model 2 has Actual Usage as 

dependent variable, and Usage Intention and Facilitating Conditions as predictors to test 

hypotheses 1 and 6. Both models consists of the base, which are the control variables. The 

models will be controlled for Gender, Age, Experience with Technology and Elderly 

Wellbeing. Model 1a and 2a will only test the control variables, and Model 1b and Model 2b 

and 2c will only test the independent variables (without controls). Model 1c and Model 2d and 

2e will test the relationships including the control variables. To test the mediation effect (see 

Section 4.2.4) of Usage Intention, Model 2b and 2d also test the effect of the independent 

variables ATT, PE, EE and FC on Actual Usage. The regression coefficient models that are 

conducted for this study are: 

 

Base = beta 0 + beta 1 Gender + beta 2 Age + beta 3 Experience + beta 4 Elderly Fun + beta 5 Elderly 

Afraid + beta 6 Elderly Intimidated 

 

Model 1 a:  Usage Intention = Base + e 

 b:   Usage Intention =  beta 1 Attitude + beta 2 Performance Expectancy + beta 3 Effort 

Expectancy + beta 4 Facilitating Conditions + e 

 c:  Usage Intention = Base + beta 7 Attiude + beta 8 Performance Expectancy+ beta 9 

Effort Expectancy + beta 10 Facilitating Conditions + e 

Model 2 a:  Actual Usage = Base + e 
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 b:  Actual Usage = beta 1 Attitude + beta 2 Perfromance Expectancy + beta 3 Effort 

Expectancy + beta 4 Facilitating Conditions + e 

  c:  Actual Usage = beta 1 Usage Intention + beta 2 Facilitating Conditions + e 

 d:  Actual Usage = Base + beta 7 Attitude + beta 8 Performance Expectancy + beta Effort 

Expectancy + beta 10 Facilitating Conditions + e 

  e:  Actual Usage = Base + beta 7 Usage Intention + beta 8 Facilitating Conditions + e 

 

3.5.3 Clustered Standard Error check  

Since the data is collected for multiple respondents in the same care institutions, the 

observations in the data are related to each other. According to Cameron and Miller (2015), this 

clustering can lead to multiple errors, of which standard errors that are smaller than regular 

Ordinary Least Squares (OLS) standard errors and misleadingly small p-values. These errors 

come from the fact that the individual traits are identical or similar for groups of observations 

within clusters. Controlling for clusters can be very important, because a clustered bias can lead 

to massively underestimated standard errors and over-rejection using standard hypothesis tests 

(Cameron et al., 2011). Therefore, the one-way cluster-robust standard errors are computed in 

Rstudio. If there appear to be Clustered Standard Errors (CSEs), adjustments should be made 

for the clustering before running any further analysis on the data. If we compare the clustered 

standers errors (CSE) of model 1 and model 2 to the robust standard errors of model 1 and 

model 2, we see that there are no major changes in significance of the p-values (see Appendix 

C). In model 1, we see a minor increase in the significance of EF (from p < 0.01 to  p < 0.001) 

and a minor decrease in the significance of PE (from p < 0.001 to p < 0.01). In model 2, the 

effect of EF slightly decreases (from p <  0.05 to p < 0.1). Overall, the same values remain 

significant and therefore it is decided that CSE is ruled out.   
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4 Results 

In this section, the results of the study will be discussed. First, the outcome of the qualitative 

part is discussed, starting with a summary of the observational data. This provided a solid basis 

for the discussion of the other results of this research, i.e. findings related to the semi-structured 

interviews and surveys. The results of the main multiple regression analysis will be discussed 

and an overview of the results of the study is provided related to the hypotheses. Lastly, the 

dashboard of the robot data is discussed.  

 

4.1 Observations 

The observation gave more insight into how the daily life in the care institution looks like. Often 

one nurse takes care of on average eight people at the care institution. During the day, the 

residents are meant to be in the living room. Next to the care tasks, the nurses are supposed to 

keep the elderly entertained and occupied so no unrest arises. If unrest arises, this will take up 

a lot of time for the nurses and this causes stress. Spreading attention over multiple people over 

multiple rooms can be challenging. When nurses leave a room, they feel worried about what 

might happen with the elderly that are left behind. They have to deal with quality standards that 

are difficult to achieve because the personnel staff is limited. Overall, nurses value something 

nice for the elderly over support for themselves.  

The first main takeaway from the observation is that a socially assistive robot can help 

with distracting clients while the nurses are doing other tasks. For example, when the nurses 

are gathering the residents for lunch, they can use a robot to keep the people who are waiting at 

the table entertained. Another main takeaway is that both the caregivers as well as the elderly 

are sometimes a bit hesitant towards the usage of a socially assistive robot. For caregivers, it 

can be seen as a thread because SARA is taking over their job. For the elderly, the robot can be 

intimidating and sometimes they are afraid of making mistakes. The last main takeaway is that 

the care institution is on a time pressure and the nurses do not have a lot of time to spend on 

extra activities next to their main care tasks. Therefore, there is little time for the users of the 

robot to explore the opportunities of the robot.  
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4.2 Multiple regression analysis  

This section will discuss the results of the multiple regression analysis. The next subsection will 

discuss the descriptive statistics of the data, followed by a discussion of the correlation matrix 

of the included variables in the regression. Lastly, the hypotheses of the conceptual model are 

tested with multiple regression analysis.  

 

4.2.1 Descriptive statistics  

Table 8 shows the descriptive statistics of this study.  

Table 8. Descriptive Statistics (N=102) 

  Mean Median Min Max S.D.  N 

Constructs       

Actual Usage 4.50 5.00 1.00 7.00 1.553 102 

Usage Intention 5.09 5.50 1.00 7.00 1.737 102 

Attitude 5.03 5.00 1.50 7.00 1.309 102 

Performance Expectancy 4.03 4.10 1.60 7.00 1.281 102 

Effort Expectancy 5.50 5.75 1.88 7.00 1.008 102 

Facilitating Conditions 5.82 6.00 4.00 7.00 0.820 102 

Control variables       

Gender 0.82 1.00 0.00 1.00 0.383 102 

Age Category  3.85 4.00 2.00 5.00 1.138 102 

Experience with Technology 4.93 5.33 2.00 7.00 1.405 102 

Elderly Fun 5.34 5.00 2.00 7.00 1.316 102 

Elderly Afraid 4.63 5.00 1.00 7.00 1.560 102 

Elderly Intimidated 5.03 5.00 1.00 7.00 1.465 102 

  

The variable Usage Intention has a mean of 5.09, indicating that respondents are overall slightly 

positive towards the intention to use the socially assistive robot. Compared to Usage Intention, 

the mean score of Actual Usage is slightly lower with a mean of 4.5. This already indicates that 

respondents do not always score the same on Usage Intention and Actual Usage behaviour. The 

mean value of Facilitating Conditions is the highest of all predictor variables, being 5.82. It is 

notable that the value ranges from 4 to 7, indicating that no low scores were given.  

In total, 102 respondents completely filled in the questionnaire. Among these 

respondents, 18 were male and 84 were female. The mean gender is 0.82, indicating that 82% 

of the respondents in this study were female. Overall, it is quite common that the percentage of 

man in (elderly) care jobs is not higher than 15% (Evans, 1997; Pudney & Shields, 2000). When 

looking at the age group, it appears that most respondents are from the oldest age category 45-

65 years. The frequencies and percentages of each category are respectively: 18-25 years (N = 

18, 17.6%), 26-35 years (N = 20, 19.6%), 36-45 years (N = 23, 22.6%) and 46-65 years (N = 

41, 40.2%). There are no respondents in the first category, younger than 18 years.  
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4.2.2 Correlation matrix  

Table 9 displays the correlations between the variables presented in this study. It is noticeable 

that all independent variables of the models have a significant and relatively high relationship 

with each other. Furthermore, Elderly Fun is significantly correlated with all independent and 

dependent variables. This correlation provides support for the possible influence of the thoughts 

about the wellbeing of the elderly on the usage behaviour. Experience with technology also has 

a significant correlation with all independent and dependent variables. This provides support 

for further investigating the influence of experience with technology. Gender appears to have 

no significant relationships.  

Due to the fact that high significant correlations could also refer to potential 

multicollinearity, the tolerance and VIF scores were also calculated for all the variables in the 

correlation matrix. The presented collinearity statistics showed no multicollinearity, showing 

VIF-values ranging between 1.534 to 4.446 (see Section 3.5.2 and Appendix B).  

 

 



 

  
Table 9. Correlation Matrix 

Construct  AU UI ATT PE EE FC G A EF EA EI EX 

Actual Usage (AU) 1            

Usage Intention (UI) 0.711** 1           

Attitude (ATT) 0.524** 0.655* 1          

Performance 

Expectancy (PE) 

0.535** 0.660** 0.765** 1         

Effort Expectancy 

(EE) 

0.410** 0.532** 0.678** 0.423** 1        

Facilitating 

Conditions (FC) 

0.443** 0.451** 0.475** 0.396** 0.564** 1       

Gender (G) -0.032 -0.049 -0.126 0.009 -.108 -0.072 1      

Age Category(A) -0.184 -0.291** -0.076 -0.071 -0.0164 -

0.265** 

-0.06 1     

Elderly Fun (EF) 0.571** 0.633** 0.634** 0.542** 0.457** 0.439** -.095 -0.336** 1    

Elderly Afraid (EA) 0.029 0.240 0.048 0.080 .102 0.089 -.061 -.009 0.034 1   

Elderly Intimidated 

(EI) 

0.189 0.088 0.043 -0.041 0.089 0.089 0.009 0.044 0.149 0.460** 1  

Experience with 

Technology (EX) 

0.416** 0.345** 0.306** 0.280** 0.315** 0.339** -.009 -0.109 0.160 -.020 0.110 1 

*. Correlation is significant at the 0.05 level (2-tailed) 

**. Correlation is significant at the 0.01 level (2-tailed) 

(N = 102)



 

4.2.3 Hypotheses testing 

The overall results of the multiple regression analysis are shown in Table 10 for Model 1 to 

test hypotheses 2-5, and Table 11 for Model 2 to test hypotheses 1 and 6.  

Table 10. Regression analysis. DV = Usage Intention 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

***p < 0.01, **p < 0.05, *p<0.1 (N=102) 

 

In model 1a, the control variables are first tested on the dependent variable Usage Intention. 

With a R squared of 0.467, this model explains 46.7% of the variance in Usage Intention. It 

shows a significant positive effect of Experience with Technology (β = 0.249, p = 0.002) on 

Usage Intention and a significant positive effect of Elderly Fun (β = 0.575, p = 0.000) on Usage 

Intention. In model 1b, the independent variables are tested without control variables. This 

model explains 52.7% of the variance in the dependent variable. A positive significant 

relationship (β = 0.420, p = 0.000) is found for Performance Expectancy. Effort Expectancy has 

a marginally significant effect (β = 0.192, p = 0.072). When we add the control variables in 

model 1c, the effect of Elderly Fun (β = 0.273, p = 0.016), Performance Expectancy (β = 0.402, 

p = 0.000) and Effort Expectancy (β = 0.171, p = 0.089) remain positive and (marginally) 

significant. Additionally, Age has now also a significant negative effect (β = -0.146, p = 0.050). 

This means that people in the older age category have a lower intention to use the robot. For 

the independent variables of the conceptual model we find support for the positive significant 

 
Model 1 

  a b c  

Constant -0.024 -0.341 -.0470 

Attitude  0.155 0.035 

Performance 

Expectancy 

 0.420*** 0.402*** 

Effort Expectancy  0.192* 0.171* 

Facilitating Conditions  0.103 0.002 

Age Category -0.069   -0.146** 

Gender 0.005   -0.021 

Experience with 

Technology 

0.249***    0.102 

Elderly Fun 0.575***    0.237** 

Elderly Afraid 0.024    -0.074 

Elderly Intimidated -0.033    0.082 

R squared 0.467 0.527 0.615 

Adjusted R squared 0.433 0.508 0.572 

F 13.887*** 27.027*** 14.512*** 
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effect of Performance Expectancy on Usage Intention, which means that hypothesis 3 is 

supported. With a marginally significant positive relationship of Effort Expectancy on the 

dependent variable, Usage Intention, we also find support for hypothesis 4.  

 Comparing the adjusted R squared of the models 1a (adj R2 =  0.465), 1b (adj R2 =  

0.508) and 1c (adj R2 =  0.572), shows that adding the control variables to the model does 

improve the analysis, since model 1c has the highest adjusted R squared. With a significant p-

value for the F-tests for all three models, the data provides sufficient evidence to conclude that 

the regression model fits the data better than the intercept-only model. 

 

Table 11. Regression analysis. DV = Actual Usage 

  Model 2 

  a b c d e 

Constant - 1.068  -0.787  -0.114  -0.1068  -0.470  

Usage Intention   0.642**  0.489*** 

Attitude  0.138  -0.048 -0.065 

Performance 

Expectancy 

 0.317**  0.288** 0.092 

Effort Expectancy  0.058  0.032 -0.051 

Facilitating 

Conditions 

 0.219** 0.154** 0.110 0.108 

Age Category 0.022   -0.008 0.063 

Gender 0.019   -0.004 0.006 

Experience with 

Technology 

0.326***   0.231*** 0.181** 

Elderly Fun 0.516***   0.321*** 0.205** 

Elderly Afraid -0.019   -0.088 -0.052 

Elderly 

Intimidated 

0.084   0.158* 0.118 

R squared 0.441 0.603 0.525 0.499 0.591 

Adjusted R 

squared 

0.405 0.337 0.515 0.444 0.541 

F 12.897***  13.827*** 54.720*** 9.066*** 11.839*** 

***p < 0.01, **p < 0.05, *p<0.1 (N=102) 

 

In this model, the effects on the Actual Usage of the socially assistive robot are analysed. This 

will test hypotheses 1 and 6. In addition, the direct effects of the independent variables of the 

conceptual model on Actual Usage are tested, in order to check for the full mediation of Usage 

Intention.  

Model 2a shows the effects of the control variables on Actual Usage. It appears that 

again Experience with Technology (β = 0.326, p = 0.000) and Elderly Fun (β = 0.516, p = 0.000) 

have a positive significant effect on the dependent variable.  
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Model 2b shows the effects of the independent variables of the conceptual model on 

Actual Usage. Performance Expectancy (β = 0.317, p = 0.016) and Facilitating Conditions (β = 

0.219, p = 0.032) appear to have a significant positive effect. For Facilitating Conditions, this 

is in line with the expectation of hypothesis 6, the direct effect on Actual Usage. In model 2d, 

the control variables are added to the regression. It appears that Performance Expectancy 

remains significant (β = 0.288, p = 0.024). For the control variables, also Experience with 

Technology (β = 0.231, p = 0.006) and Elderly Fun (β = 0.321, p = 0.004) remain positive and 

significant. The adjusted R squared increases from 40.5% to 44.4%, meaning that adding the 

control variables increases the variance explained for Actual Usage.  

Model 2c tests the effect of the hypothesized effects of Facilitating Conditions and 

Usage Intention on Actual Usage without the control variables. Facilitating Conditions has a 

positive and significant effect (β = 0.154, p = 0.050) on the Actual Usage. Usage Intention 

shows a highly significant and quite highly positive effect (β = 0.642, p = 0.000) on Actual 

Usage. If we add the control variables in model 2e, the effect of Facilitating Conditions on 

Actual Usage becomes insignificant. This suggests that Facilitating Conditions is only a direct 

predictor for Actual Usage when not controlled for the controlled variables. Usage Intention 

remains significant and positive (β = 0.489, p = 0.000) in model 2e. Since Performance 

Expectancy does no longer affect Actual Usage after adding Usage Intention in model 2e, Usage 

Intention is a full mediator for this variable.  

Adding the control variables to the model increases the explained variance of the model 

slightly from 51.5% to 54.1%. Experience with Technology (β = 0.181, p = 0.019) and Elderly 

Fun (β = 0.205, p = 0.049) remain positive and significant in model 2e. However, both effects 

are less significant and the β values are slightly lower after adding the control variables. Overall, 

the results support hypothesis 1 and indicate that there is a positive and significant relationship 

between Usage Intention and Actual Usage Behaviour. Hypothesis 6 is only supported if not 

controlled for the control variables. To check which variable is causing the difference, the 

control variables are added one by one to the model. It shows that the significant value of 

Facilitating Conditions disappears when adding Elderly Fun and Experience with Technology 

(see Appendix C). Lastly, all 5 models in itself are significant (F with p < 0.01).  

 

To summarize, the results of the hypotheses testing are visible in Table 12. Figure 12 illustrates 

the significant relationships in the conceptual model, including the moderators. The dotted lines 

show no significant relationship.  
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Table 12. Results hypotheses testing 

 Hypothesis Sign Conclusion 

H1 Usage Intention   Actual Usage + Supported *** 

H2 Attitude   Usage Intention + Not supported 

H3 Performance Expectancy   Usage Intention + Supported*** 

H4 Effort Expectancy  Usage Intention + Supported* 

H5 Facilitating Conditions   Usage Intention + Not supported 

H6 Facilitating Conditions   Actual Usage  + Supported** (without 

controls) 

***p < 0.01 

**p < 0.05 

*p < 0.1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11. Results Conceptual Model 
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4.2.4 Mediation testing 

In order to test for the mediation effect of Usage Intention, the Andrew Hayes’ process macro 

test for bootstrapping was used (Preacher & Hayes, 2004). Within literature, bootstrapping is 

an increasingly popular method for mediation testing (Bollen & Stine, 1990; Shrout & Bolger, 

2002). “The bootstrap technique provides alternative estimates of variances and distributions 

for unstandardized or standardized estimators of direct and indirect effects” (Bollen & Stine, 

1990, p. 135). Bootstrapping techniques are found to provide sophisticated estimates of 

significance testing in small sample sizes. The results of the Hayes’ process macro test for 

bootstrapping (5000 bootstrap samples) is shown in Table 13 below for each independent 

variable.  

Table 13. Results of bootstrapping mediation fit test based on Hayes (2018) (N=1020). DV = Actual Usage 

 β  

 

SE T p LLCI ULCI 

ATT       

Total effect -0.0569 0.1856 -0.3064 0.7600 -0.4256 0.3119 

Direct effect -0.0774 0.1687 -.4590 0.6473 -0.4125 0.2576 

Bootstrapping 

results 

β  

 

BootSE BootLLCI BootULCI   

Indirect effect  0.0205 0.0899 -0.1712 0.2010   

PE       

Total effect 0.3495* 0.1519 2.3008 0.0237 0.0478 

 

0.4295 

 

Direct effect 0.1110 

 

0.1478 0.7515 0.4543 -0.1825 0.4046 

Bootstrapping 

results 

β  

 

BootSE BootLLCI BootULCI   

Indirect effect  0.2385* 0.0908 0.0795 0.4295   

EE       

Total effect 0.0495 0.1744 0.2839 0.7772 -0.2970 0.3960 

Direct effect -0.0792 0.1610 -0.4919 0.6240 -0.3990 0.2406 

Bootstrapping 

results 

β  

 

BootSE BootLLCI BootULCI   

Indirect effect  0.1287 0.1069 -0.0323 0.3805   

FC       

Total effect 0.2076 0.1836 1.1305 0.2612 -0.1572 0.5724 

Direct effect 0.2054 0.1668 1.2315 0.2214 -0.1260 0.5367 

Bootstrapping 

results 

β  

 

BootSE BootLLCI BootULCI   
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Indirect effect  0.0022 0.0855 -0.1642 0.1807   

*p < 0.05, DV = Actual Usage 

 

If the bootstrapping Confidence Interval (CI) of the indirect effects does not contain the zero 

value, the overall mediation effect appears to be significant (Preacher & Hayes, 2004). 

Therefore, it can be concluded that the bootstrapping mediation test only supports the 

significance of Usage Intention as a full mediator for the independent variable Performance 

Expectancy, with LLCI = 0.0795 and ULCI = 0.4295. This is in line with the regression results.  

 

4.2.5 Additional analysis 

As an additional analysis, the log data of the robots is compared to the questionnaire data. Since 

the log data is only available per institution, the questionnaire data is clustered per organisation 

and the mean values are computed. An extra column is added with the “Count” value from the 

robot, meaning how many interactions there are performed on the robot. The data is collected 

for every institution for the first two weeks from the moment they started using the robot. The 

logarithm of the value Count is computed to compress the data. A regression is executed with 

the Actual Usage Count as dependent variable. The results of this analysis are visible in Table 

14 and will be discussed.   

Table 14. Regression Analysis. DV = Actual Usage Count 

Model 3 

  a b c 

  β β β 

Constant 23.912 -16.772 1.373 

Usage Intention   0.056 0.034 

Facilitating Conditions 
 

0.008 0.039 

Experience with 

Technology 

-0.069   -0.088 

Elderly Fun 0.078   0.039 

Elderly Afraid 0.010   -0.012 

Elderly Intimidated -0.012   -0.008 

R squared  0.010  0.004  0.011 

Adjusted R squared  -0.100  -0.049  -0.163 

F  0.091  0.69  0.065 

***p < 0.01, **p < 0.05, *p<0.1 (N=44) 

 

The control variables and predictor variables are first tested separate in model 3a and model 3b 

respectively. In model 3c, the independent variables Facilitating Conditions and Usage 

Intention are controlled by the control variables. It results that all F-statistics are insignificant 
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(p > 0.1). Additionally, none of the independent variables are statistically significant. This 

means that none of the independent variables in this model will improve the model fit. 

Therefore, the hypotheses are not supported for the dependent variable Actual Usage Count.  

 

4.3 Interviews 

The interviews were used to evaluate the usage of the robot and to provide background 

information about the actual usage of the robot in the care institutions. In total, 22 interviews 

were held with 22 different care institutions that are using the robot. The interviews are coded 

according a template approach, assigning quotes to different type of categories. The collected 

quotes will be used throughout this study to provide background information or explanation for 

the findings. The main outcome of the interviews will be discussed in this section.  

Table 15 shows the number of collected quotes per defined category for the interview 

data. In the category “other”, quotes were collected that did not belong to a predefined category, 

yet might be useful for this research. The institution of the quote is also noted, but not displayed 

because of privacy reasons. However, this made it possible to link the quotes to the log and 

questionnaire data. Most of the quotes came forward from the questions that were directly asked 

about a category during the semi-structured interviews. A template of the semi-structured 

interview is attached in Appendix G.  

Table 15. Codering interview data 

Category Number of 

quotes 

Content type  

    Music 16 

    Audio Stories 4 

    Brain Games 9 

    Exercises 4 

    Video Calling 2 

Moment of the day 18 

Number of users 12 

Control variables  

    Age 2 

    Experience with Technology 2 

    Elderly Wellbeing 15 

Other  5 
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Most of the times, the answers that were given during the interviews aligned with the data 

visible in the dashboard. For example, it was often mentioned that users mostly used music to 

entertain the elderly. Some interviewees mentioned that they used the robot on a specific 

moment of the day, but most confirmed that there was no specific timing of usage. The 

wellbeing of the elderly often came forward as a reason to use the robot. Interviewees 

mentioned that it was very important for them how the elderly reacted to the robot. “Having 

fun” or “good company” for the elderly was mentioned often as an important reason to use the 

robot. This is in line with the findings of the regression analysis, where Elderly Fun (“The 

elderly are having fun while using the robot”) has a significant positive relation on Usage 

Intention and Actual Usage behaviour. It was also mentioned that for people who have less 

experience with technology, it is a burden to start using the robot. An interviewee said “If you 

are less experienced with technology, it is a big step to figure everything out and to start using 

the robot”. This is in line with the finding that Experience with Technology has a positive 

significant effect on Actual Usage. There were also two quotes collected where an interviewee 

mentioned that the age of the users is of influence. An interviewee said “You can see that the 

younger colleagues get to work with it more easily. It is more natural for them, I think”. The 

other one said “Young employees in particular want to work with it right away and really enjoy 

it. The somewhat older colleagues find it more difficult to deal with”. This provides an 

explanation for the finding that the age category has a significant negative influence on Usage 

Intention. People in the older age category are less intended to use the socially assistive robot, 

which is what also came forward from these statements.  

 

4.4 Robot data analysis 

To analyse how the socially assistive robot is used in elderly care homes, a dashboard was 

created with the log data that comes directly from the robots in the system. This dashboard 

gives a real-time insight in the usage. Filters can be applied for for example time, type of activity 

or institution. The appearances in the dashboard were also discussed during the evaluation 

sessions to provide an explanation. In the next sections, the most relevant insights gathered 

through these dashboards will be discussed.  
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4.4.1 Type of interaction 

Figure 13 shows the division of type of interactions with the robot used in this case study. As 

was also often mentioned during the evaluation sessions, music is the most popular activity 

(72.38%). The main reason for this is that this activity is mostly suited for all elderly, despite 

the severity of dementia. While other activities may be more personal and related to the 

cognitive or physical level of the person, an interviewee mentioned that “Music can be enjoyed 

by everyone and also in a group setting”. Literature also provides evidence for improvement in 

mood and reduction in behavioural disturbance while listening to music for people with 

dementia (McDermott et al., 2013). Next to that, as a nurse mentioned in an interview that 

“Music needs no further guidance of the healthcare personnel, so they can start a playlist and 

let the robot entertain the clients while going on with their work tasks”. Lastly, a song is 

generally shorter than the duration of other activities, so therefore the count of music will be 

higher if activities are performed for the same duration. For audio stories (12.04%) there is also 

less guidance needed, but as one of interviewed nurses noted: “Elderly are sooner distracted 

and it is more difficult for the hearing impaired to follow the story, as is less of a problem with 

music.” Brain games (8.64%) and gym exercises (6.94%) were experienced as activities that 

need more guidance, since the elderly have to engage in the game or copy the movements of 

the robot. “Games are often too difficult for the clients” and “Clients are often distracted during 

the gym exercises” is what came forward from the interviews. This can be the reason that these 

activities are less used. However, mental stimulation and physical exercise are associated with 

a delay in cognitive decline and can even improve cognitive function for people with a cognitive 

impairment (Anderson & Grossberg, 2014). This is also recognized by some nurses, as one 

stated “We see the importance of brain games and gym exercises for the elderly. It really helps 

in keeping them mentally and physically fit”. Lastly, video calling (0%) is not used at all. The 

most frequently stated reason is that the institutions have other systems for this, like a 

smartphone or tablet. One of the nurses stated that “Video calling is not particularly useful with 

the robot. We already have an iPad for that purpose and that works fine for now”.  
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Figure 12. Pie chart type of interaction 

 

4.4.2 Time of usage 

Figure 14 shows a bar chart with the count of usage per hour of the day. Count is a measure 

that sums up how often a single action is performed on the robot, for example listening to a 

song or doing a gym exercise. The different colours represent the count for every type of 

interaction. The peak around midday is explained by the fact that at this moment the elderly are 

gathered in the living room before or after lunch. As one interviewee explains: “In the 

afternoon, residents are often together in de shared living room, and at this moment we try to 

use SARA”. Next to that, the robot is used for distraction while the personnel is preparing and 

delivering food or cleaning up afterwards. The little peak around 9 A.M. is explained by the 

morning round, where nurses take the elderly out of bed and get them ready for the day. A nurse 

stated that “SARA can be a distraction during the morning round when we are busy with getting 

other residents out of bed or getting them dressed”. Despite these clear peaks during the day, 

the majority of interviewees confirmed that SARA is used at no specific time of the day. For 

the type of interaction divided over the hours of the day, we see no striking results.  

 

 
Figure 13. Robot usage per hour of the day 
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4.4.3 Intensity of usage 

Figure 15 shows the intensity of the robot usage per week, from the start of the implementation. 

It can be seen that the usage count is the lowest during the first week. The second and third 

week are comparable, but slightly higher for the second week. The fourth and most often last 

week of the project, the usage is the highest. It is well known that the attitude and beliefs 

towards technology change over time as users become more experienced and familiar with the 

technology (Yang & Yoo, 2004). It can take a period of time for new technologies to be adopted 

by those who seem most likely to benefit from their usage. The time path of usage usually 

follows an S-curve, meaning there is a slow start and after a relatively rapid adoption there is 

also a slow approach to satiation (Geroski, 2000). This can explain why the actual usage in this 

study is also increasing over time. Moreover, it can also explain why the usage intention does 

not perfectly predict the actual usage behaviour, since the intention to use did not always lead 

to actual usage in this early stage of new technology adoption. One interviewee also mentioned 

that “We use the robot now mainly on quiet moments, because it is a still relatively new way of 

working. We want to use the robot more often when we are a bit more used to it”. 

 

 

 

 
Figure 14. Intensity of usage per week 
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5 Conclusion and Discussion 

5.1 Conclusion 

There is great need for effective, affordable and personalized care for the large and growing 

aging population. The socially assistive robot has an already proven potential to enhance the 

wellbeing of the elderly (Matarić et al., 2007). However, this technology is relatively new and 

for it to be accepted and integrated into the daily work routine in care organizations, the usage 

of the robots should be investigated. There are multiple stakeholders involved in the 

implementation process of socially assistive robots in elderly care homes. Yet, little is known 

about the engagement of caregivers to a socially assistive robot, even though they are the one 

to initiate the usage. This study aimed to investigate the factors that influence the intention to 

use and the actual usage of socially assistive robots by caregivers. It was investigated if the 

intention to use leads to actual usage. Additionally, the actual usage behaviour was analysed 

with log data from the robots. Hence, this led to the formulation of the following research 

question. 

 

“What are the factors that influence the intentional and actual usage of socially assistive 

robots in elderly care homes, from the perspective of the caregivers?”  

 

In order to provide an answer to this research question, a questionnaire was distributed among 

predetermined functional groups in 44 elderly care institutions in the Netherlands. By means of 

hypotheses testing, this study tested several theoretical relationships of the developed 

conceptual model. The first hypothesis addressed the relationship between Usage Intention and 

Actual Usage of the robot. Furthermore, the independent variables Attitude, Performance 

Expectancy, Effort Expectancy and Facilitating Conditions and their relationships with Usage 

Intention were tested. In addition, there was controlled for the age and gender of the 

respondents, their experience with technology and their thoughts about the wellbeing of the 

elderly.  

Support was found for a significant positive influence of Performance Expectancy and Effort 

Expectancy to Usage Intention. As expected, Usage Intention was a strong predictor for Actual 

Usage. It was striking that the effect of having fun of the elderly has a significant and positive 

impact on both intention to use and actual usage, adding to existing literature that this is an 

important aspect to take into account when investigating usage behaviour of caregivers. 

Younger workers are more intended to use the robot, and the experience with technology has a 
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significant positive influence on the actual usage. The overall mediation fit of Usage Intention 

turned out to be significant for the relationship between only Performance Expectancy and 

Actual Usage, following Hayes’ (2018) line of argumentation. 

A developed dashboard provided some first insights in the first month of the usage of the 

socially assistive robot in this study. Together with observations and semi-structured 

interviews, we can conclude that activities that need less assistance from the staff are required. 

Furthermore, in line with diffusion of innovation theories, the usage slightly increases in time. 

However, generalizable conclusions are hard to raise due to the fact that this study was only 

executed for one type of socially assistive robot over a short period of time. Nevertheless, this 

study finds interesting results for this new technology and provides promising directions for 

future research on this topic.  

 

5.2 Theoretical Implications 

With the rapidly increasing demand for elderly care, the possible role for socially assistive 

robots is already recognized. However, although many positive outcomes were reported, the 

effects and effectiveness of socially assistive robots in elderly care has not been proven 

comprehensively so far (Abdi et al., 2018). The reported outcomes so far indicate effects on the 

physiological and socio-psychological level for the elderly. The next step is to investigate the 

perspective of the care providers and caretakers to develop care interventions targeting their 

needs (Bemelmans et al., 2012). Little research has been done on adoption models as a tool to 

ensure the actual usage of a socially assistive robots. It is known that behavioural intentions of 

a user are not a perfect representation of actual behaviour (Chandon et al., 2005; Sheeran, 2002). 

Since the usage of socially assistive robots is mainly initiated by the caregivers, this study aimed 

to investigate the factors that influence the intention and actual usage of socially assistive robots 

by caregivers in elderly care homes. Where prior research mainly addressed the engagement of 

the elderly towards a socially assistive robot topic (Bemelmans et al., 2012; Fasola & Mataric, 

2013; Louie et al., 2014), this study contributes to scientific literature by focussing on the 

perspective of caregivers in elderly care organisations.  

The conceptual model was developed based on the UTAUT model by Venkatesh et al. (2003). 

The predictor variable Attitude was added to the model, because this was proven to be a strong 

predictor in the context of this study (Heerink et al., 2010). It was hypothesized that Attitude, 

Performance Expectancy, Effort Expectancy and Facilitating Conditions positively impact the 

Usage Intention of socially assistive robots. The results showed that a positive significant 
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relationship was only present between Performance Expectancy and Usage Intention and Effort 

Expectancy and Usage Intention. In line with previous research, Performance Expectancy is the 

strongest determinant of intention to use (Venkatesh et al., 2003; Kijsanayotin et al., 2009). 

This provides further evidence for the fact that the work-related benefits of implemented 

systems must be perceivable, and they should be viewed as easy to use. The awareness of these 

effects on the adoption of a new system can help to develop and accelerate the implementation 

process. Effort-oriented constructs are expected to be more salient in the early stages of the 

adoption process (Venkatesh et al., 2003). Since this research is performed in the very early 

stage of the implementation of a social-sensitive technology (Maalouf et al., 2018), it can be 

explained why a positive significant effect is found for Effort Expectancy. Surprisingly, the 

results show no significant relationship between the Attitude towards the robot and the intention 

to use. This finding contradicts Yang and Yoo (2004), who argue that Attitude is a crucial factor 

that should be central in technology adoption. The study of Heerink et al. (2010) concludes that 

because of the dual nature of robot technology, combining technical and social entities, attitude 

is of great importance in this context. A potential underlying mechanism for the fact that 

Attitude has no significant role in this study could be that the caregivers undermine their own 

attitude towards the robot to that of the elderly. This could explain why Elderly Fun is found to 

have a positive significant relationship on Usage Intention, which reflects whether the elderly 

are having fun while using the robot. From the observation and interviews, it also came clear 

that the caregivers value something nice for the elderly over themselves. Therefore, the results 

might show that their own attitude towards the robot has no significant effect on their usage, 

but the attitude of the elderly does. Another reason for these findings could be that the data for 

this study were collected in the COVID-19 crisis. Especially for this sector, the crisis had a 

huge impact. In the interviews, it was often mentioned that there was even more understaffing 

and time pressure than the care organisations normally experience, and therefore there was not 

enough opportunity to use the robot to its full potential. For instance, it could be that despite 

the overall relatively high mean value of Attitude (μ = 5.03), employees were too busy with 

handling the situation, resulting in an insignificant effect on the intention to use the robot. 

However, to raise any valid conclusions on these potential relationships, more research is 

needed. With regard to the other control variables in this study, it turned out that a significant 

effect was found for the age category of the user. In accordance with literature (Zhou et al., 

2016), younger healthcare workers are more intended to use new technology in their work. 

Yang & Yoo (2004) argue that changes in attitude occur quickly and if people are working 

together, they listen to each other’s attitude. To check whether people within the same 
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organization influence each other’s beliefs, a Clustered Standard Errors check was performed. 

This showed that in this research, there was no significant error coming from respondents within 

the same organization. This ensured that the data is not related to each other and represents a 

reliable sample size of 102 respondents from various care organisations across the Netherlands. 

Hence, this study sheds light on the relatively new perspective of the caregivers, supporting the 

finding that the expected performance and effort of using a socially assistive robot are predictors 

of their intention to use it. Additionally, it contributes to prior literature that the thoughts of the 

caregivers about the enjoyment of the elderly while using the robot are also a strong predictor 

of their intention to use it.  

Observing the variables that influence the Actual Usage of the robot also provided interesting 

insights. It was hypothesized that Facilitating Conditions would have a direct effect on actual 

usage behaviour. The use of robotics in healthcare is a new and sensitive area (Maalouf et al., 

2018), and therefore facilitating conditions play an important role in the implementation process 

(Schoville & Titler, 2015). It was found that Facilitating Conditions only has a significant 

positive effect on Actual Usage when the control variables of this study were not taken into 

account. It appeared that controlling for Elderly Fun and Experience with Technology caused 

the insignificant effect of Facilitating Conditions. Hypothesis 6 is therefore only supported 

when we do not control for these two variables. Elderly Fun also showed a significant positive 

relationship to Actual Usage. This strengthens the finding that the thoughts about the wellbeing 

of the elderly are of influence with the intentional and actual usage behaviour of the caregivers. 

The positive and significant relation between Experience with Technology and Actual Usage 

shows that for people with more experience with technology, the actual usage is higher. This is 

in line with existing literature about new technology adoption (Attuquayefio & Addo, 2014; 

Kijsanayotin et al., 2009; Venkatesh et al., 2003). The significance of Experience with 

Technology could explain that the effect of the Facilitating Conditions disappears when the 

experience with technology is taken into account. This suggests that when controlled for 

experience, facilitating conditions like a user manual or good infrastructure are not of 

significant importance anymore. Another explanation for the insignificant effect of Facilitating 

Conditions is that respondents did not yet fully experienced what conditions they would need 

to facilitate their usage in this early stage of adoption. This is in line with the suggestions of 

Heerink et al. (2010).  

In accordance with literature (Ajzen, 1991; Kijsanayotin et al., 2009; Venkatesh et al., 2003), 

Usage Intention is the most important predictor of Actual Usage behaviour. The effect of Usage 



52 
 

Intention is found to be highly significant and relatively strong (β = 0.489, p = 0.000). However, 

this is no perfect prediction. The actual usage of the robot will follow from the intention to use, 

but can be biased by incidents that are out of control of the nurses. It could potentially be the 

case that because this study is performed in an early stage of the implementation of the socially 

assistive robots in the care homes, the intention to use did not yet lead to actual usage. The 

study of Turner et al. (2010) concludes that the results from predicting behavioural intention to 

use a system and actual usage of the system are very different in an early stage of technology 

adoption. Multiple interviewees also mentioned that they had the intention to use the robot 

daily, but because it was not yet fully integrated in the way of working it was not realized. In 

addition, the crisis situation came also forward as a reason why the intention to use the robot 

did not lead to actual usage. One interviewee mentioned that “I would like to use the robot 

regularly, but it is difficult for us to make optimal use of SARA given the busyness and other 

activities that require attention. Making full use of her has unfortunately not been possible yet”. 

The COVID-crisis could increase the usage intention – actual usage behaviour gap as a result 

of understaffing and time pressure. As Heerink and colleagues (2010) also conclude, studies 

involving a longer usage period can give a more accurate impression of the actual use of this 

technology. 

Since the Actual Usage resulting from the questionnaire is highly subjective, the log data from 

the robot is also used as dependent variable to test the hypotheses in an additional analysis. 

Relatively few papers considered objective measures of actual usage. The use of subjective 

measures of actual usage is much easier than measuring actual usage objectively (Turner et al., 

2010). For this study, the log data was used to represent the actual usage from the robots that 

are used in the different care institutions. The Actual Usage Count measures how often an action 

was performed on the robot. It appeared that this model was insignificant and therefore no 

hypotheses were supported. An explanation could be that no direct individual relationship for 

every respondent could be tested, because the log data was only available per robot, which 

means per institution. For this reason, the respondents from the same institution were grouped 

and the mean was calculated. However, this was still no perfect representation of the 

institutions, since it was not guaranteed that all users of the institution are included in the 

sample. Moreover, the log data collection for the robot in this study was in a very early stage. 

Actual Usage Count is not a perfect predictor of actual usage. For instance, a song is shorter 

than other activities. This means that institutions who use the robot mainly for music are likely 

to have a higher count value than institutions that use the robot for different types of activities. 
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Therefore, this variable is not yet fully suitable as an indication of actual usage. Furthermore, 

the questions about Usage Intention and Actual Usage were measured on the same scale and 

asked right after each other in the questionnaire. This may lead to a bias in the answers. For 

instance, the subject changes their answers to feel better about themselves (self-deception) or 

to look better for others (impression management). This social desirability bias results from 

social norms that suggest positive or negative answers to be more socially preferred (Larson, 

2019). It could also be that respondents estimate their usage behaviour wrong.  

In addition to the above described relationships, a significant mediation effect of Usage 

Intention was only encountered for Performance Expectancy. From literature, it was expected 

that Usage Intention mediated all independent variables to Actual Usage. Usage Intention 

turned out to function as an enabling mechanism through which Performance Expectancy 

motivates employees to actually use the socially assistive robot.  

The second objective of this study was to provide insight into how a socially assistive robot is 

used in elderly care. This is highly relevant, since the use of socially assistive robots is new in 

practice. A developed dashboard could provide an overview of how the robots placed at the 

different institutions are used. This dashboard can also be used to guide the implementation 

process, because it shows how the institutions are using the robot, i.e. at what moment of the 

day and which types of interactions they perform. It was found that the most used activity was 

listening to music, with the reason that it can be used in group setting and that it needs no further 

guidance of the nurses. Since they are already on a time pressure, it is important for them that 

using the robot will entertain the elderly, so in the meantime they will have extra time to perform 

other work-related tasks. This was often mentioned as a valuable aspect in the interviews. For 

example, an interviewee stated “Playing music on the robot does not need any further guidance 

from the staff. If you activate a playlist you can let the robot entertain the clients and continue 

with other tasks. That is really helpful”. Additionally, playing music is a triggering activity for 

people with severe dementia (McDermott et al., 2013), which is also a reason why the staff 

chose to play music more often. A nurse said during the interview “With dementia, people are 

mainly triggered by songs. Especially music that they often listened to in the past’’. For the time 

of the day that the robot is used, we can conclude that in this stage of the implementation, the 

staff often chose to use the robot in the free hours after lunch, when the residents are gathered 

in the living room. Giving this free time, there might be less chance that the usage of the robot 

is conflicting with other work operations, which is essential for the use of new systems (Zhou 

et al., 2016). Following the intensity of the usage in the first month of the implementation, we 
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see results that are in line with an S-shaped diffusion of innovation curve (Geroski, 2000). 

However, it is too early to draw conclusions and continuing to investigate the usage of socially 

assistive robots over time will be needed to add to scientific literature. 

5.3 Managerial Implications 

Since there are many types of socially assistive robots and this study has been conducted for 

one specific robot, i.e. SARA, generalizable practical implications for other robot providers 

remain questionable. However, this study collected data at 44 different elderly care institutions 

across the Netherlands, and some interesting insights were found that could be interesting for 

providers of all types of socially assistive robots in this sector. Additionally, these findings 

might be of interest for care institutions that are implementing socially assistive robots.  

 

First of all, it is clear that the implementation process of socially assistive robots in elderly care 

needs guidance. The technology is relatively new and not every user knows how to integrate it 

in their daily work. This sector is known as being a laggard in the area of new technology 

(Verleye & Gemmel, 2011). Additionally, the development of social robots in nursing and 

healthcare is limited due to social acceptance, because people often feel a lack of caring and 

sensitivity (Maalouf et al., 2018). From interviews with different care homes and analysing the 

log data of the robots, it became clear that the robot is now often used at quiet moments of the 

day, when the user has no other tasks to do and the elderly are gathered together in the living 

room. We argue, however, that the aim of the socially assistive robots is to assist the care staff 

in for example entertaining the elderly, so they will have more time for other work. That is why 

companies should rather focus on using the robot at busy times or when there is unrest between 

the residents. An action point resulting from the findings of this study is that robot providing 

companies should provide guidance for the full potential of the robot usage to the staff of the 

care institution. It will take some time and effort in the beginning to integrate the robot in the 

work routine and to learn to operate with it, but eventually it has the potential to save time and 

energy of the caregivers (Abdi et al., 2018). Indeed, as one of the interviewees already 

mentioned “We use the robot as entertainment while we are preparing and delivering the food 

for lunch or cleaning up afterwards. This saves us the energy of doing two tasks at the same 

time”. In line with this, the activities of the robot should require less assistance from the 

healthcare personnel. In this case study, music was the most used activity because it was easy 

to use and needed no further assistance, so the nurses have time for other tasks. To make sure 

that the robot can actually assist the healthcare personnel and decrease work pressure in the 
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future, it is important for the companies that develop the robots to make content that is easy to 

use and keeps the elderly entertained without too much assistance of the staff.  

 

This links to the results of the hypotheses testing of this study, where performance and effort 

expectancy are predictors of the usage intention and actual usage behaviour of the caregivers. 

To ensure that the socially assistive robot is actually used, it is thus important for the robot 

providing company or the project team of the care institution itself to manage the performance 

and effort expectancy. By improving the degree to which and individual believes that using the 

socially assistive robot will help him or her perform better in their job, the usage intention and 

thereby actual usage behaviour will also improve. As the findings of Alaiad & Zhou (2014) also 

suggest, the work-related benefits of implementing robots should be perceivable and 

identifiable. The robot providing company should therefore make the expected performance of 

using the robot clear beforehand and communicate this clearly to the caregivers. Next to that, 

the ease of use of the socially assistive robots should be taken into account in the 

implementation process. This is especially important in the early stages of adoption, because 

the process start contains more hurdles to overcome (Venkatesh et al., 2003). The robot 

providing company should ensure that users have the feeling that it would be easy for them to 

become skilful at using the socially assistive robot. Finally, with facilitating conditions having 

a direct influence on actual usage, it is important to make sure that the organizational and 

technical infrastructure of the care institution support the use of the socially assistive robot. For 

this context, we might think about a good Wi-Fi connection for the robot, a user manual and 

people who are available for help when needed. Additionally, the staff members can also 

acquire training regarding the new technology (Phichitchaisopa & Naenna, 2013). Several 

studies found that the training of nurses and personnel has an essential impact for the usage 

behaviour (Zhou et al., 2016; Aggelidis & Chatzoglou, 2009). Resulting from this research, 

attention should be especially given to older users and users with less experience with 

technology, since they have less intention to use the robots. Lastly, the enjoyment of the elderly 

while using the robot should be a focus point, since this resulted to be an important predictor 

for both the intentional and actual usage behaviour. To conclude, action points for the 

implementation process therefore would be to show that the expected performance of using the 

robot is high and that it is easy for caregivers to start using the robot. Additionally, it is 

important that there is a good infrastructure within the care organisation with a strong WiFi 

network, a user manual and available help when needed. While our findings suggest that usage 

intention of the caregivers is a strong predictor of actual usage, managers should realize that 
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external circumstances might prevent this behaviour. Especially in the times of crisis, a lot of 

pressure is present and therefore key should be to pay attention to the implementation process.  

 

5.4 Limitations and Future Research Directions 

This study has several limitations, some of which will provide direction for further research. 

The first limitation of this research is the fact that the research design is cross-sectional. The 

cross-sectional measurement, meaning at one given point in time, could give a distorted picture 

of the respondent’s realistic self-reported scores, as they might be influenced by external 

circumstances at the moment they fill in the survey. In addition, the data is collected at a very 

early stage in the implementation phase, namely in the first few weeks. Some respondents also 

mentioned in the interviews or left a comment in the questionnaire that is was a bit too early to 

answer some of the questions of the questionnaire, because they did not have the full 

opportunity to use the robot yet. In future research, a longitudinal research design with 

repetition of the measurements (rather months or years than weeks) could resolve these 

discrepancies.  

 

The second limitation of this research is that it is limited to data that is not matching completely. 

The initial idea to link the subjective questionnaire data to the objective log data about the robot 

usage could not be executed, since the data was only collected at the level of the institutions. 

Therefore, the data could not be linked to individual usage. In this research, the usage intention 

– usage behaviour gap is dependent on subjective data and therefore not optimal. Future 

investigations should enhance the link between the actual usage data and the individual data of 

the respondents by matching the data on an individual level, to give a better insight in the 

relationship between usage intention and actual usage behaviour. This study resolved this by 

using self-reported scales for actual usage. However, these are associated with biases. For 

instance, the social desirability bias, wherein the respondents have the tendency to answer the 

questions in a manner that will be perceived as more favourable by others (Larson, 2019). This 

could lead to a discrepancy between the perceived respondent’s behaviour and the actual 

behaviour. Respondents could for example answer that they are using the robot, while in reality 

they are not. Therefore, ideally self-reported scales should be complemented with secondary 

data, observations or access to internal records (Larson, 2019). This research tried to find a 

measure of actual usage behaviour on the level of the care institution to link to the questionnaire 

data, but this did not result in a statistically significant model.  
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While the study demonstrated a potential important role for socially assistive robots in elderly 

care organisations, future research could investigate whether they actually help to diminish the 

understaffing and work pressure. In turn, this outcome can be used to manage and communicate 

the performance and effort expectancy. As the EPTA (2019) report also suggests, further 

research is needed to investigate the effects on social care workforce or cost-effectiveness of 

using robotics in social care. More evidence is needed for proving the benefits of social robots 

in elderly care, in terms of improvement of quality of life of elderly and their caregivers.  

 

Future research can also investigate the actual usage of the robots in the care institutions more 

deeply. A start with analysing log data from robots at care institutions is performed in this study, 

but needs to be extended in the future. Data can be analysed over a longer period of time, 

investigating whether the usage pattern changes over time. While our findings suggest some 

patterns in the behaviour of usage, managers should realize that this is only investigated over a 

very short period of time and also in times of crisis with COVID-19. Thus, while some 

interesting insights were gained, further research could enrich this analysis at the moment when 

the robots are more integrated in the care institutions.  
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Appendix A Overview of all constructs and items 
Table 16. Constructs and items 

 Items Attitude  

Attitude   

 I think it’s a good idea to use SARA. Heerink et al. 

(2010) 
 SARA would make life more interesting. 

 It’s good to make use of SARA. 

 I like working with the system.   

 Items Performance Expectancy  

Perceived Usefulness   

 Using SARA in my job would enable me to accomplish tasks 

more quickly. 

Venkatesh et al. 

(2003); 

Kijsanayotin et 

al. (2009); 

Phichitchaisopa 

& Naenna 

(2012); 

Attuquayefio & 

Addo (2014) 

 Using SARA would improve my job performance. 

 Using SARA in my job would increase my productivity. 

 Using SARA would enhance my effectiveness on the job. 

 Using SARA would make it easier to do my job. 

 I would find SARA useful in my job.  

 SARA enhances accessibility and communication with my 

patients.  

 SARA enhances efficiency of my service to elderly. 

Extrinsic Motivation   
 Same as perceived usefulness (item 1-6 above).  
Job-fit  

 Use of SARA will have no effect on the performance of my 

job. 

Venkatesh et al. 

(2003) 

 Use of SARA can decrease the time needed for my important 

job responsibilities. 

 Use of SARA can significantly increase the quality of output 

on my job. 

 Use of SARA can increase the effectiveness of performing job 

tasks. 

 Use of SARA can increase the quantity output for the same 

amount of effort. 

 Considering all tasks, the general extent to which use of SARA 

could assist on the job.  

Relative Advantage   
 Using SARA enables me to accomplish task more quickly Venkatesh et al. 

(2003) 
 Using SARA improves the quality of the work I do. 

 Using SARA makes it easier to do my job. 

 Using SARA enhances my effectiveness on the job. 

 Using SARA increases my productivity.  

Outcome Expectations   
 Using SARA will increase my effectiveness on the job. Venkatesh et al. 

(2003)  Using SARA will make me spend less time on routine job 

tasks. 

 Using SARA will increase the quality output of my job. 

 Using SARA will increase the quantity output of my job for 

the same amount of effort. 

 If I use SARA, my co-workers will perceive me as 

competent. 
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Table X. Constructs and items (Continued) 

 Using SARA will increase my chances of obtaining a 

promotion. 
 

 Using SARA will increase my chances of getting a raise.  

 Items Effort Expectancy  

Perceived Ease of Use   

 Learning to operate SARA would be easy for me. Venkatesh et al. 

(2003); 

Kijsanayotin et 

al. (2009); 
Attuquayefio & 

Addo (2014). 

 I would find it easy to get SARA to do what I want it to do.  

 My interaction with SARA would be clear and 

understandable.  

 I would find SARA to be flexible to interact with.  

 It would be easy for me to become skilful at using SARA. 

 I would find SARA easy to use.  

Complexity   
 Using SARA takes too much time from my normal duties. Venkatesh et al. 

(2003)  Working with SARA is so complicated, it is difficult to 

understand what is going on. 

 Using SARA involves too much time doing mechanical 

operations (e.g. data input).  

 It takes too long to learn how to use SARA to make it wort the 

effort.  

Ease of Use   
 My interaction with SARA is clear and understandable. Venkatesh et al. 

(2003); 

Kijsanayotin et 

al. (2009); 

 I believe that it is easy to get SARA to do what I want it to do.  

 Overall, I believe that SARA is easy to use.  

 Learning to operate with SARA is easy for me.  

   

 Items Facilitating Conditions  

Perceived Behavioural 

Control 
  

 I have control over SARA. Venkatesh et al. 

(2003); 

Kijsanayotin et 

al. (2009); 

 I have the resources necessary to use SARA. 

 I have the knowledge necessary to use SARA.  

 Given the resources, opportunities and knowledge it takes to 

use SARA, it would be easy for me to use SARA. 

 The system is not compatible with other systems I use. 

Facilitating Conditions   
 Guidance was available to me in the selection of SARA. Venkatesh et al. 

(2003); 

Kijsanayotin et 

al. (2009); 

 Specialized instruction concerning SARA was available to 

me.  

 A specific person (or group) is available for assistance when I 

have difficulties using SARA.  

Compatibility   
 Using SARA is compatible with all aspects of my work.  Venkatesh et al. 

(2003); 

Kijsanayotin et 

al. (2009); 

 I think that using SARA fits well with the way I like to work.  

 Using SARA fits into my work style.  

 Additional Information  

Age What is your age?  

Gender What is your gender?  
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Experience with 

Technology 

Has your firm worked with innovation implementation before 

in the past? 
 

 How would you rate your experience with technology?  
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Appendix B SPSS Figures  
Assumptions for regression analysis 

 

1. Normality 
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Tests of Normality 

 

Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

ATT .142 102 .000 .943 102 .000 

PE .072 102 .200* .982 102 .165 

EE .166 102 .000 .914 102 .000 

FC .160 102 .000 .932 102 .000 

UI .170 102 .000 .892 102 .000 

AU .135 102 .000 .956 102 .002 

*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

 

2. Homoscedasticity  
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3. Linearity 
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4. Multicollinearity 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. 

Collinearity Statistics 

B Std. Error Beta Tolerance VIF 

1 (Constant) -.024 1.107  -.022 .983   

EW1 .758 .108 .575 7.003 .000 .833 1.200 

EW2 .027 .095 .024 .283 .778 .775 1.290 

EW3 -.039 .103 -.033 -.376 .708 .747 1.339 

EX .308 .095 .249 3.251 .002 .956 1.046 

Leeftijd_num -.105 .123 -.069 -.851 .397 .861 1.161 

Geslacht_num .023 .344 .005 .066 .948 .973 1.027 

2 (Constant) -.470 1.205  -.390 .697   

EW1 .312 .127 .237 2.463 .016 .458 2.181 

EW2 -.082 .085 -.074 -.965 .337 .725 1.379 

EW3 .097 .093 .082 1.045 .299 .692 1.446 

EX .126 .090 .102 1.405 .164 .801 1.248 

Leeftijd_num -.223 .112 -.146 -1.983 .050 .783 1.277 

Geslacht_num -.094 .305 -.021 -.307 .760 .934 1.071 

ATT .047 .182 .035 .258 .797 .225 4.446 

PE .545 .149 .402 3.658 .000 .350 2.853 

EE .294 .171 .171 1.719 .089 .430 2.328 

FC .005 .180 .002 .028 .978 .586 1.705 

a. Dependent Variable: UI 

 



74 
 

Coefficientsa 

Model 

Unstandardized Coefficients 

Standardized 

Coefficients 

t Sig. 

Collinearity Statistics 

B Std. Error Beta Tolerance VIF 

1 (Constant) -1.068 1.014  -1.053 .295   

EW1 .608 .099 .516 6.132 .000 .833 1.200 

EW2 -.019 .087 -.019 -.215 .830 .775 1.290 

EW3 .089 .094 .084 .947 .346 .747 1.339 

EX .361 .087 .326 4.157 .000 .956 1.046 

Leeftijd_num .030 .113 .022 .264 .792 .861 1.161 

Geslacht_num .079 .315 .019 .250 .803 .973 1.027 

2 (Constant) -1.715 1.074  -1.597 .114   

EW1 .235 .109 .199 2.158 .034 .523 1.913 

EW2 -.043 .076 -.044 -.567 .572 .757 1.321 

EW3 .112 .082 .105 1.359 .177 .743 1.345 

EX .197 .082 .178 2.399 .018 .805 1.242 

Leeftijd_num .090 .099 .066 .904 .368 .844 1.184 

Geslacht_num .080 .275 .020 .293 .770 .972 1.029 

FC .164 .153 .087 1.075 .285 .686 1.458 

UI .444 .083 .497 5.363 .000 .520 1.924 

a. Dependent Variable: AU 
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Appendix C Clustered Standard Errors (CSE) 
 

Model 1  

Not clustered: 

 

Clustered:  
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Model 2 

 

Not clustered: 

 
 

Clustered: 
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Appendix D Multiple Regression  
 

 
 

Table 17. Controlling for FC. DV = Actual Usage 

Added Construct  β FC p-value FC 

EF 0.121 0.127 

EA 0.155 0.052* 

EI 0.146 0.060* 

EX 0.115 0.144 

Age_num 0.162 0.043** 

Gender_num 0.154 0.051* 
***p < 0.01 

**p < 0.05 

*p < 0.1 

 

 

 



 



Appendix F Questionnaire  

 

Onderzoek naar het gebruik van SARA 

Dank u wel voor het meewerken aan dit onderzoek! 

In deze vragenlijst wil ik graag een paar vragen stellen over het gebruik van de SARA zorgrobot. 

Hiermee hopen wij meer inzicht te kijgen in het gebruik van SARA en de factoren die ervoor zorgen 

dat SARA beter gebruikt kan worden. De vragenlijst zal ongeveer 5 minuten duren. Er zullen eerst een 

aantal stellingen worden gegeven, die u kunt beoordelen van zeer mee oneens tot zeer mee eens. Het 

gaat hierbij om uw mening en er is dan ook geen goed of fout antwoord. Afsluitend zullen er een paar 

algemene vragen worden gesteld.  

Graag de volgende vragen zo eerlijk mogelijk invullen. Uw antwoorden zullen binnen dit onderzoek 

blijven en de gegevens worden anoniem behandeld. 

Bij vragen kunt u altijd mailen naar e.hopman@brightcape.nl *Vereist 

1. Wat is uw naam? * 

 

2. Bij welke zorginstelling bent u werkzaam? * 

 

3. Wat is uw functie? * 

 

Stellingen over het gebruik van SARA. 
We beginnen met een paar stellingen over het gebruik van SARA in de zorginstelling.  

4. Ik denk dat het een goed idee is om SARA te gebruiken tijdens het werk in de 

zorginstelling. * 

Markeer slechts één ovaal. 
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 1 2 3 4 5 6 7 

5. SARA zou het leven als medewerker in de zorginstelling interessanter maken. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

6. Het gebruik van SARA zou mijn werk makkelijker maken. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

7. Ik zou SARA handig vinden tijdens mijn werk. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

8. Het gebruik van SARA kan de kwaliteit van mijn werk verbeteren. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 
9. Door het gebruik van SARA kan ik meer werk verzetten met dezelfde inspanning. 

* 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 
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10. Het gebruik van SARA verhoogt mijn productiviteit. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

11. SARA leren bedienen zal makkelijk zijn voor mij. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

12. Mijn interactie met SARA zal duidelijk en begrijpelijk zijn. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 
13. Ik denk dat ik SARA makkelijk te gebruiken zal vinden. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

14. Het gebruik van SARA leidt me af van mijn normale werkzaamheden. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 
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15. Werken met SARA is zo gecompliceerd, het is moeilijk te begrijpen wat er gebeurt. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

16. Het is mij de tijdinspanning niet waard om te leren begrijpen hoe SARA werkt. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 
17. Ik geloof dat het makkelijk is om SARA te laten doen wat ik wil. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

18. In het algemeen denk ik dat SARA makkelijk te gebruiken is. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

19. Ik heb de middelen (bijvoorbeeld een handleiding, goede WiFi connectie) die nodig 

zijn om SARA te gebruiken. * Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 
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20. Ik heb de kennis die nodig is om SARA te gebruiken. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 
21. SARA is niet verenigbaar met andere systemen die ik gebruik tijdens mijn werk. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

22. Een goede instructie voor het gebruik van SARA is beschikbaar voor mij. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

23. Een specifiek persoon (of groep) is beschikbaar voor hulp als ik moeilijkheden heb 

tijdens het gebruik van SARA. * Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

24. Ik denk dat SARA goed past bij de manier waarop ik graag werk. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 
25. Ik heb de komende tijd de intentie om SARA te gaan gebruiken. * 

Markeer slechts één ovaal. 
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 1 2 3 4 5 6 7 

 

26. Ik voorspel dat ik de komende tijd SARA zal gebruiken. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

27. Ik maak gebruik van SARA tijdens mijn werk bij de zorginstelling. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

28. Gemiddeld gebruik ik SARA... * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 
29. De ouderen beleven plezier aan het gebruik van SARA. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

30. De ouderen zijn bang om fouten te maken tijdens het gebruik van SARA. * 

Markeer slechts één ovaal. 
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 1 2 3 4 5 6 7 

 

31. De ouderen vinden SARA intimiderend. * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

Ervaring 
Als laatste een paar vragen over uw ervaringen met technologie. 

32. Mijn bedrijf heeft vaker gewerkt met de implementatie van nieuwe technologie. 

* 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 
33. Hoe zou u uw eigen ervaring met technologie beoordelen? * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 

 

34. Heeft u in de afgelopen twee jaar nieuwe technologieën gebruikt tijdens uw werk? * 

Markeer slechts één ovaal. 

 1 2 3 4 5 6 7 
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35. Als u in de afgelopen twee jaar nieuwe technologie hebt gebruikt (vorige vraag), welke 

technologie? 

 

36. Wat is uw leeftijd? * 

Markeer slechts één ovaal. 

0-17 jaar 

18-25 jaar 

26-35 jaar 

36-45 jaar 

46-65 jaar 

37. Wat is uw geslacht? * 

Markeer slechts één ovaal. 

Man 

Vrouw 

Einde 
Bedankt voor het invullen van deze vragenlijst! Als u nog vragen of opmerkingen heeft over deze vragenlijst of over het 

onderzoek kunt u ze hieronder achterlaten of een mail sturen naar e.hopman@brightcape.nl   

38. Vragen / opmerkingen 

 



Appendix G Semi-structured interview template 
 
Gebruik SARA  <institution> <date> 

Kibana robot calls:  

SARA-home calls:  

Evaluatie gesprek met:  

 

Intro: in dit gesprek gaat we kort SARA evalueren en zal ik een paar vragen stellen over het 

gebruik van SARA. Hoe gaat het met SARA? 

 

 

 

Hoe gaat het de Wifi connectie? 

 

 

 

Hoe gaat het met het opladen? 

 

 

 

Hoe veel collega’s maken gebruik van SARA en hoe bevalt het? 

 

 

 

Hoe wordt SARA ingezet (rustige/drukke momenten) en op welk moment van de dag? 

 

 

 

Wat zijn de reacties van de bewoners? 

 

 

 

Wat is de populairste activiteit? 

 

 

 

Wordt SARA-home gebruikt en zo ja hoe? 

 

 

 

Hoe is de interesse vanuit de instelling voor de aanschaf van SARA? 

 

 

 

Verdere vragen of opmerkingen? 

 


