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Abstract

The purpose of this thesis is to enhance knowledge of peoples’ intentions to use delivery robots.
Significant growth in e-commerce, high costs of last mile deliveries, and rising customer expectations
of delivery conditions are pushing companies to find new solutions for last mile deliveries. Innovation
can be more efficient and more sustainable, but it will only be a success if the audience accepts it.
Therefore, it is important for logistics, retail, and marketing professionals to understand the factors that
mfluence on consumers’ mtentions to use delivery robots to be able to design, develop, and promote
delivery robots properly. To fulfill the purpose of the study a main research question “Which factors
mfluence on consumers’ mtentions to use delivery robots in Finland?” will be answered.

The research was limited to Finland to keep the study manageable and to enhance the knowledge of
Finnish professionals i the field of delivery robots. The topic is also very current as the first delivery
robots in Finland have been in use only a short time and only in a limited area of certain cities. Existing
studies have suggested that behavioral intention is the main predictor of use behavior, and due to the
novelty of delivery robots in Finland behavioral mtention is the main dependent construct in this study.

The theoretical framework of this study is based on Autonomous Delivery Vehicle Acceptance Model
(ADVAM) that has a strong basis in Unified Theory of Acceptance and Use of Technology (UTAUT2)
model in consumer context. This technology acceptance model is applicable in quantitative research
which is why the quantitative research method for this study was chosen. Based on the theoretical model
eight hypotheses were formed to answer the research question. To perform the empirical study a survey
was conducted using Webropol’s survey tool. The data was gathered for one week period with
anonymous survey where the survey link was sent through different social media channels. Total of 115
responses were collected and analysed with SPSS Statistics and SPSS Amos software using
confirmatory factor analysis.

Based on the analysis performed social influence and price sensitivity revealed to have the strongest
influence on intentions to use delivery robots among respondents. Additionally, effort expectancy was
proven to have slight positive influence on the behavioral mtention. However, facilitating conditions
and perceived risk did not have significant influence on the intentions to use delivery robots. Similarly,
age, gender and earlier use of delivery robots did not have significant effect on behavioral intention.
The constructs of hedonic motivation and performance expectance needed to be removed from the
model as first the model yielded a poor fit. Meaning, the original theory-based model did not have good
reliability in this study. The results can’t be directly generalized to Finnish population as the respondent
sample did not fully represent Finnish demographics. Overall, the results of this study provide more
mformation and knowledge about relatively new delivery concept, supplementing the existing
knowledge gap of peoples’ acceptance of delivery robots.

Keywords
Delivery robot, consumer acceptance, last mile, autonomous delivery vehicles, UTAUT2
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1 INTRODUCTION

This chapter introduces the thesis topic. Following, the purpose of the study as well as
research question is addressed. In addition, the research process is determmned. The

chapter ends with introducing the structure of this thesis.

1.1 Review to thesis topic

E-commerce is one of the most remarkable outcomes in the era of nternet and is seen
as a major factor in the 21% century. E-commerce entails buying and selling of goods
and services, with an enormous growth during the last 10 years. The growth in the use
of smartphones and extended use of internet have enabled e-commerce to go mobile.
Resulting quicker purchase decisions due to ease access, as smartphones are with the
users all the time. One of the most emerging e-commerce trends during pandemic was
the growth of grocery e-commerce as people started to order food home. Resulting,
many retail stores introduced delivery services to response to the needs of people.
(Techblocks, 2022.) In Finland, e-commerce has mcreased notably as well and
continues to grow. It is recognized that many industries are still unfinished with their
development of digitalization, for instance grocery stores are seen to have lot of
potential to grow still. (Marttila, 2023.) Rapidly expanding e-commerce has shown a
challenge for logistic service providers in last mile delivery (Ouyang, 2023). Resulting,
new solutions for last mile delivery services are sought, such as delivery robots

(Kapser & Abdelrahman, 2020).

In the beginning of 20" century, the concept of robotics entered the popular
consciousness through a story written by the Czech brothers. In literary, robots have
often been depicted as man’s enemy. The transition from science fiction to reality
occurred m 1950s when General Motors introduced a robot to assist in automobile
production. (Hockstein et al, 2007.) Since then, robots have created worries for
workers in a sense that robots are feared to replace human work and lead to shortened
working hours (Calfas, 2019). However, robots are also generally seen to improve
efficiency, accuracy, and customer satisfaction (Hocksten et al, 2007; Kapser &
Abdelrahman, 2020). Citizens of developed countries already benefit from the

advances of robotics in everyday life. Manufacturing, service, logistics and healthcare
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industries have all incorporated robotics to improve efficiency and accuracy. Robots
help to, for instance, build machines, package foods, perform surgeries and deliver

goods. (Hockstein et al., 2007; Starship 2023.)

As mentioned, retail and logistics industries have been motivated to develop their
activities due to dramatic growth in e-commerce (Vakulenko et al, 2019). The final
stage of transportation, last mile delivery, has been a key success factor to achieve
customer satisfaction and increased market share for logistics providers (Chen et al.,
2021). However, last mile delivery is the most cost-intensive part of supply chan due
to high labor costs (Gevaers et al., 2011; Zofkie, 2023). Additionally, customers are
looking for flexible options for the time and place of delivery, conditions of purchase
and more convenient methods of collecting and returning their shipments
(Michalowska et al., 2015). In response to growing e-commerce, last mile challenges
and customer demands new solutions for delivery services are needed. New trends are
rising such as drones and autonomous delivery vehicles (Joerss et al., 2016), which are
believed to have potential to revolutionize the market of last mile delivery, and as such
make the delivery more sustainable, more efficient, and perhaps even more customer
focused (Kapser & Abdelrahman, 2020). Additionally, many researchers expect the
increasing use of robots to be one of the most important trends in marketing in the

coming years (Li & Wang, 2022).

Globally the first commercial delivery robots in last mile deliveries were taken into
use in 2018 by Starship Technologies (Starship, 2023a). In Finland the first Starship
delivery robots were taken into use in 2022. Starship delivery robots were first
launched in Espoo in Finland and have now been launched in other cities as well, Oulu
being the northernmost one (S-kaupat, 2023). In addition to Starship Technologies,
there are also other companies providing delivery robot services. For instance,
Robomart (2023) is providing self-driving stores where they have offering for cafes,
shops, restaurants, and grocery stores. However, these self-driving stores are yet not

operating in Finland.

In Finland, as well as globally, delivery robots have been in use relatively short time.
And in general, there is very little research on consumer acceptance of new service

mnovations in the field of last mile deliveries (Kapser & Abdelrahman, 2020). To
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examine this matter in Finland the Autonomous Delivery Vehicle Acceptance Model
(ADVAM) by Kapser and Abdelrahman (2020) is used. ADVAM is a modified
version of widely used extended Unified Theory of Acceptance and Use of Technology
(UTAUT2) model by Venkatesh et al. (2012).

1.2 Purpose of the study and research question

Significant growth in e-commerce, high costs of last mile deliveries, and rising
customer expectations of delivery conditions are pushing companies to find new
solutions for last mile deliveries (Vakulenko et al, 2019; Gevaers et al, 2011;
Michalowska et al., 2015). Especially, in the matter of finding more sustainable, more
customer focused and less expensive solutions (Kapser & Abdelrahman, 2020; Zofkie,
2023). In general, acceptance is an important aspect of technological mnnovation. Even
though an innovation can be more efficient and more sustainable, the innovation will
be a success only if the audience accepts it. (Arntz et al., 2023.) The user acceptance
m this study is represented by the behavioral mntention to use delivery robots as done
also in previous studies (Kapser & Abdelrahman, 2020; Viisdnen, 2015). Existing
studies have suggested that behavioral intention is the main predictor of use behavior
(Venkatesh & David, 2000; Kapser & Abdelrahman, 2020), and is therefore used as a
main dependent construct in this study due to the novelty of delivery robots in Finland.

As outlined, it is important to understand the factors that influence on consumers’
mtentions to use delivery robots to be able to design, develop, and promote delivery
robots properly. However, the existing knowledge of delivery robots among
consumers is very limited. (Kapser & Abdelrahman, 2020.) Therefore, to enhance the
knowledge of peoples’ mtentions to use delivery robots and to response to the needs
in the field of last mile deliveries, this thesis examines the factors that are affecting on
consumers’ intentions to use delivery robots in Finland. Therefore, the main research

question for the thesis is represented as following.

Which factors influence on consumers’ intentions to use delivery robots in Finland?

With this research question this study aims to supplement the knowledge of delivery
robots and consumers. The scope of the study is limited to Finland to keep the study
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manageable, and to enhance the knowledge of Finnish retail, logistic and marketing
professionals in the field of delivery robots. The topic is also very current in Finland
as the first delivery robots in Finland have been in use only a short time and only in a
limited area of certain cities. The study proposes a theoretical framework, in addition
to which empirical research will be done to answer above research question. The
research will assist logistics and retail professionals in research and planning as well
as marketing professionals in gaining consumers’ acceptance. As outlined earlier,
delivery robot in last mile delivery is relatively new concept and is yet relatively little
researched. Therefore, the purpose of this study is to enhance understanding around
these relatively new last mile solutions.

1.3 Introduction of delivery robots

As outlined before, there are different companies that are providing delivery robot
services in last mile deliveries. In this subchapter Starship delivery robots and
Robomart self-driving stores are ntroduced to demonstrate what kind of delivery

robots are the robots that this study concentrates on.

1.3.1 Starship delivery robots

Starship Technologies was launched in 2014 and the company is using autonomous
delivery robots for local deliveries (Figure 1). Delivery robots are delivering food and
package deliveries in short distances, and already millions of autonomous deliveries
have been completed. The company has its headquarters in San Francisco, and
engneering offices i Estonia, United Kingdom, and Finland. The first Starship
delivery robots n Finland were launched in Espoo in April 2022. Additionally, in May
2023 Starship Technologies announced partnership with Finnish S-Group. (Starship,
2023a.) The use of Starship robots has expanded in Finland during 2023 and are now
operating in the cities of Helsinki, Espoo, Vantaa, Tampere, Turku, Pori, Rauma,
Jyvéskyld and Oulu, Oulu being the northernmost city (S-kaupat, 2023).
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Figure 1. Starship delivery robot (Starship, 2023b)

Starship robots have sensors and cameras to enable each one to see where it is going.
The traveling speed is equivalent to pedestrian walking speed, and the created
technology enables them to navigate around objects and people. The robots are
battery-powered, which provide an energy-efficient and environmentally friendly
solution to last mile delivery. In case of vandalism, a loud alarm will sound. Robots
are also GPS tracked and it can only be unlocked by the customer at the delivery
destination. Placing a robot food delivery order, customer needs to download the
Starship food delivery application, which is available on iOS and Android. Or
alternatively, to download the retailer’s application such as S-kaupat n Finland and
choose delivery robot as a delivery method (S-kaupat, 2023). After that the delivery
address needs to be addressed and purchases browsed, after which the order can be
placed. The customer can track Starship robot’s journey and if wanted, also add a song
for the robot to sing upon arrival. (Starship, 2023a.)

1.3.2 Robomart self-driving stores

Robomart was found in 2018 by professionals of robotics, retail, and deliveries. The
company launched the world’s first store-hailing service in 2020, and now they have
two different solutions: Oasis and Haven. Oasis has a nimble offering for cafes, shops,

and restaurants. Haven was recently introduced, and it has a larger format offering for



INTERNAL

11

grocery chains. These solutions are customizable for different kind of products such

as heated, frozen, and refrigerated food. (Robomart, 2023a.)

To use Robomart customer needs to download the Robomart application, browse the
purchases and order Robomart to wanted address. When the Robomart arrives,
customer can open the door with the application and pick the purchased products. All
removed products are tracked, and cameras used to secure the process. Once shopping
is completed, purchases will be charged from customer from the credit card added in

the Robomart application. (Robomart, 2023b.)

1.4 Researchprocess

The research process started with choosing a research topic. Working in the field of
logistics and robotics in last mile deliveries being relatively new concept, I chose to
study delivery robots among consumers in Finland. After the topic was chosen and
research question addressed, the literature review was conducted to establish the
theoretical framework. The literature for the theoretical research was searched from
Google Scholar, Oula-Finna, and other databases such as ProQuest. The literature used
consists of academic journals, papers, articles, e-books, videos, and websites. The
research started first broadly and quite quickly narrowed to focus on relevant
mformation. Based on the literature review the theoretical framework was decided to
build on widely used Venkatesh’s et al. (2012) extended Unified Theory of Acceptance
and Use of Technology (UTAUT2) model, with certain modifications by Kapser &
Abdelrahman (2020), to make it suitable for this study. The modified model ADVAM
by Kapser and Abdelrahman (2020) is specifically suggested to use in the field of
technology acceptance of autonomous delivery options. Throughout the above-

described literature research the research question became more accurate.

The ADVAM, that was decided to use in this study, is applicable in quantitative
research. As common for quantitative study, the hypotheses were determined based on
existing studies and theories, which are then tested by the experiment (Swanson &
Holton, 2005). Therefore, to be able to answer to the research question of this study,
quantitative research is conducted by collecting data with a survey. Surveys are widely

used by many scholars due to their lower costs, ability to reach masses and ease of
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adaptation (Glirbliz, 2017). The survey of this study consists of cover letter,
respondent’s profile, imformation sheet and survey questions. Questions are based on
ADVAM model, that has a strong base in UTAUT2 model, to make the study
convenient for examining delivery robots that are not yet widely used. In the survey 7-
point Likert scale is used ranging from 1 = ‘Strongly disagree’ to 7 = ‘Strongly agree’.
The survey is conducted in Finnish and shared through an anonymous link in social
media channels: WhatsApp, Instagram, and Facebook. The empirical data is collected
for one week after which the survey will be closed. The results of the survey are
analyzed in SPSS Amos software using confirmatory factor analysis and presented in
more detail in the third chapter of this thesis.

1.5 Structure of the study

This thesis consists of four main chapters, which are divided into subchapters. The
first chapter is mntroducing reader to the thesis topic, the purpose of research is
addressed, and research process determined. The second chapter forms a theoretical
framework for this study. In the second chapter the history of chosen theoretical model
is introduced and the main constructs of this in question theoretical model explained.
Theory chapter justifies the use of chosen theoretical model within this study and refers
to previous related studies, as well as presents the hypotheses of the study. The
empirical part of the study is covered in third chapter where detailed description of
research methods used in this study are explained, and the chosen data collection
method, in this case survey, is further explained. Additionally, research analysis and
findings are presented in the third chapter. Following, the fourth chapter concludes the
study by presenting key results, managerial implications, and limitations. Lastly,

future research possibilities are proposed.
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2  TECHNOLOGY ACCEPTANCE THEORIES

This chapter covers the theoretical framework of this study. First, related earlier
theoretical models, Technology Acceptance Model (TAM) and the extended Unified
Theory of Acceptance and Use of Technology Model (UTAUT), are introduced. After
that, the chosen theoretical model for this study, Autonomous Delivery Vehicle
Acceptance Model (ADVAM), is presented and justified. Lastly, the eight hypotheses
for the study are addressed.

2.1 Technology Acceptance Model

In the very beginning when technology entered in people’s everyday life, there was a
growing need to understand, and there still is, why new technology was accepted or
rejected. First theories were grounded i the field of psychology concentrating on
peoples’ intentions and attitudes. (Marangunic & Granic, 2015.) However, these
theories were based on assumption that people are rational and make systematic
decisions, but the theories were leaving out the unconscious motives, personality and
demographic variables, and the fact that perceived behavior does not always predict
actual behavior. These theories could not explain for instance user acceptance or
rejection of information systems. (Mathieson, 1991.) Therefore, Davis (1986) refined
previous theories and created TAM to predict actual use of any specific technology in
organizational context. In TAM the perceived usefulness and perceived ease of use
directly influence the intention to use technology. Perceived usefulness means how
much person recognizes that new technology will help to improve the performance.
Perceived ease of use is the degree to which the person believes he will use new
technology without difficulty. (Davis, 1989.) Intention to use technology can be
defined as the degree to which the person would like to use the technology in the future
(Joo etal., 2018).

Through some years of research, orignal TAM was extended by Venkatesh and Davis
(2000) to include also external variables that effect on usefulness, and therefore also
on the mtention to use the technology (Figure 2).
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Figure 2. Extended Technology Acceptance Model (TAM2)
(Adapted from the TAM2 model of Venkatesh and Davis, 2000)

This proposed extended model of TAM was named as TAM2 (Venkatesh & Davis,
2000). In TAM2 external variables affecting on usefulness of technology were
determmned as subjective norm;the influence ofothers on the user’s decision to use the
technology, image; to mantain a favorable standing among others, job relevance; the
degree to which the technology was applicable, output quality; the extent to which the
technology adequately performed the required tasks, and the result; the production of
results. In addition, experience and voluntariness were included, as the amount of
experience influences person’s mtention to use the technology as well as whether the
usage is compulsory or voluntariness. (Venkatesh & Davis, 2000.) Venkatesh and Bala
(2008) have also introduced TAM3 where external variables affecting ease of use were
discussed. Such as computer self-efficacy, perceptions of external control, computer

anxiety, perceived enjoyment, and objective usability.

2.2 The extended Unified Theory of Acceptance and Use of Technology

Over the years of research many competing technology acceptance models have been
created. By integrating these competng models, Venkatesh et al. (2003) have
formulated a unified model UTAUT to combine technology acceptance literature and
to form a unified theory to explain the use and acceptance of technology of ndividual
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in organizational context. Earlier created eight models, that UTAUT unifies, are TAM,
theory of reasoned action, motivational model, the theory of planned behavior, amodel
combining the theory of reasoned action and theory of planned behavior, the model of
PC utilization, the mnovation diffusion theory, and the social cognitive theory.

(Venkatesh etal., 2003.)

UTAUT incorporates four constructs that have significant role in user acceptance and
usage behavior: performance expectancy, effort expectancy, social influence and
facilitating conditions. Fist three constructs are similar with determmants in TAM;
performance expectancy is similar to perceived usefulness, effort expectancy is similar
to perceived ease of use and social influence is similar to subjective norm. Facilitating
conditions are defined as the degree to which a person believes that an organizational
and technical infrastructure exists to support use of the system, for nstance, adequate
guidance and instructions. (Venkatesh etal., 2003.) In addition, Venkatesh et al. (2003)
confirmed four significant mfluences of experience, voluntariness, gender, and age as
mtegral features of UTAUT. It was confirmed that UTAUT was able to account for 70
percent of the variance in usage intention —which was notable improvement compared
to any other original eight models. UTAUT has been widely used in different fields of
research such as banking (Rahi et al., 2019), health services (Cimperman et al., 2016),
and e-learning (Muneer, 2021).

However, UTAUT has also been criticized because it is only discussing technology
acceptance in organizational context to explain employee technology acceptance and
use (Bouwman et al., 2007). Therefore, Venkatesh et al. (2012) extended the original
UTAUT to examine the technology acceptance in consumer technology context and
proposed UTAUT?2 (Figure 3). The expanded model introduces three new constructs:
hedonic motivation, price value and habit. Hedonic motivation is defined as the
enjoyment and pleasure derived from using the technology. Price value is about cost
and pricing structure that may have a significant impact on consumer’s technology
use. Price value has an mportant difference between UTAUT and UTAUT2 as
consumers usually bear the monetary cost of such use whereas employees do not.
Habit s defined as the extent to which individual will perform a behavior

automatically because of learning. Additional difference to UTAUT is leaving out
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voluntariness from UTAUT2 as it was seen unnecessary in consumer context.

(Venkatesh etal., 2012.)

Performance
Expectancy

Effort
Expectancy |

Behavioral N Use
Intention 4 Behavior
Social —
Influence /'
Facilitating
Conditions

Hedonic

Motivation

Price Value

Habit

Age Gender Experience

Figure 3. Extended Unified Theory of Acceptance and Use of Technology Model
(Adapted from the UTAUT2 model of Venkatesh’s et al., 2012)

Venkatesh et al. (2012) found that hedonic motivation is a critical determmant of
behavioral intention and is more important driver than performance expectancy, which
was the main driver in employees’ technology use m organizational context. In
addition, gender, age, and experience, were found to effect on hedonic motivation;
motivation on behavioral intention was stronger for younger men with less experience
with technology, while older women experienced price value more important. It was
also found that facilitating conditions, such as guidance and instructions, was more
emphasized within older women. In addition, in consumer context (UTAUT2) the
effect of behavioral intention on technology use was moderated by experience with the
technology whereas in organizational context (UTAUT) intention had a positive direct
effect on use. In UTAUT2 age, gender and experience were moderating the effects of
performance expectancy, effort expectancy and social influence on behavioral

mtention. (Venkatesh et al., 2012.)
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2.3 Autonomous Delivery Vehicle Acceptance Model

The knowledge of users’ intention to use delivery robots is still very limited. Namely,
from the outside vehicle perspective where delivery robots are designed to carry goods
only. (Kapser & Abdelrahman, 2020.) Even though UTAUT2 model is applicable to
consumer context within technology acceptance, it is not the most convenient model
in this study due to the novelty of delivery robots in Finland. Additionally, it does not
take into account the risk perception that is suggested to effect on technology
acceptance (Zhu & Xie, 2015). Kapser and Abdelrahman (2020) have mvestigated the
acceptance of delivery robots n Germany by modifying the UTAUT2 model to the
context of last mile delivery robots. ADVAM by Kapser and Abdelrahman (2020)
includes constructs predicting behavioral itention to use delivery robots (Figure 4).

To my best knowledge, Kapser and Abdelrahman (2020) are the first ones to examine
acceptance of delivery robots from an outside vehicle perspective where the user is
recipient of goods, not the passenger. In their study, the constructs of use behavior and
habit were left out as the study was conducted in Germany where delivery robots were
not available that time. Therefore, Kapser and Abdelrahman (2020) proposed that
behavioral intention is the main dependent construct and is representing the user
acceptance of delivery robots. In addition to mentioned practical reason, existing
studies suggest that behavioral intention is the main predictor of use behavior
(Venkatesh & David, 2000; Kapser & Abdelrahman, 2020). Therefore, behavioral
mtention will also be applied as a man dependent construct i this study.

Even when delivery robots were not available n Germany, price construct was kept in
the study but modified to price sensitivity. Price construct was not wanted to be left
out because price in general is considered as an important factor in the competitive
market of last mile delivery. (Kapser & Abdelrahman, 2020.) Price sensitivity,
compared to price value, is more related to consumers’ willingness to pay for a product
or service (Tsai & LaRose, 2015). In addition, perceived risk was included as
additional construct as previous studies have found that delivery robots are seen as
risky delivery method (Marsden et al., 2018; Braun & Buckstegen, 2017). All these

constructs with their validated measuring items are presented in Table 1. Additionally,
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Kapser and Abdelrahman (2020) examined the effect of demographic characteristics,

such as age and gender, on behavioral intentions to use delivery robots.

Even though delivery robots are available in Finland, they have been n use for a very
short time and only in a limited area of certain cities (S-kaupat, 2023). Therefore, it is
convenient for this study to leave out the constructs of habit and use behavior — as done
in the study of Kapser and Abdelrahman (2020). For the same reasons the price
sensitivity construct is kept in this study rather than price value construct. And as
outlined above, the perceived risk is seen as relevant construct i the field of delivery
robots in last mile deliveries, which is why it is included m this study as well. Leading
to that, that the ADVAM by Kapser and Abdelrahman (2020) will be used in this study
to examine consumers’ intentions to use delivery robots in Finland. Additionally, the
effect of age and gender on behavioral mtentions to use delivery robots m Finland will
be examined as done in existing studies (Kapser & Abdelrahman, 2020; Venkatesh et.
al, 2012). As discussed earlier, delivery robots are already used in Finland at some
level, which is why the effect of earlier use of delivery robots ‘Have you used delivery
robots before’ will be included in the model similarly as Kapser and Abdelrahman
(2020) included the familiarity of delivery robots ‘Have you heard about delivery
robots before’ to therr study. Age, gender, and earlier use of delivery robots are

presented as ‘characteristics’ construct in the adapted model in Figure 4.

Performance Effort Social Facilitating Hedonic
Expectancy Expectancy Influence Conditions Motivation
H1 HZ\ H3 H4 HS
v
Perceived H7 .| Behavioral Intention to use | H6 Price
Risk delivery robots b Sensitivity

Figure 4. Autonomous Delivery Vehicle Acceptance Model
(Adapted from Kapser & Abdelrahman’s model, 2020)

Kapser and Abdelrahman (2020) found that German population has quite neutral

acceptance towards the use of delivery robots, which was considered understandable
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as it is alleged to be common that people have a neutral opinion towards new
technologies as they might need some time to form an opinion about the invention (Liu
et al, 2019). In the study price sensitivity was the most important construct in
acceptance of delivery robots. Additionally, performance expectancy, facilitating
conditions, hedonic motivation and social acceptance were proven to influence
positively on intentions to use delivery robots. Differing from the study’s hypothesis,
there was no significant effect of effort expectancy on behavioral mntention to use
delivery robots found. This result was reasoned to be caused by the familiarity with
e.g., mobile applications that are also needed when using delivery robots. Additionally,
in that study perceived risk was proven to be an important determmant of users’
acceptance of delivery robots, whereas some other studies have found msignificant
effect of perceived risk. (Kapser and Abdelrahman, 2020; L et al., 2019.) Therefore,
the empirical findings of perceived risk can be said to be mixed. In addition to other
existing studies and literature, these described findings will be utilized when forming
the hypotheses for this study in next subchapter.

Table 1 Constructs and their items

Construct Items/Questions Source adapted

Performance Expectancy (PE) PE1: I find/would find delivery robots useful in my daily life (Venkatesh et.al., 2012)

PE2: Usingdelivery robots increases/would increase my
flexibility in my daily life
PE3: Usingdelivery robots helps/would help me accomplish
things more quickly
PE4: Using delivery robots increases/would increase my
productivity

Effort Expectancy (EE) EE1: Learninghowto use delivery robots is/would be easy for me (Venkatesh et.al., 2012)
EE2: It is/would be easy for me to become skillful at using
delivery robots
EE3: My interaction with the delivery robots via the mobile app
is/would be clear and understandable
EE4:1 find/would find delivery robots easy to use

Social Influence (SI) SI1: People who influence my behaviorthink/would think that] ~ (Venkatesh et.al., 2012)
should use delivery robots
SI2: People who are important to me think/would think that I
should use delivery robots
SI3: People whose opinion I value prefer/would prefer that I use
delivery robots
Facilitating Conditions (FC) ~ FC1: I have the resources necessary to use delivery robots (i.e., (Venkatesh et.al., 2012)
smartphone)
FC2:1have the knowledge necessary to use delivery robots
FC3: Delivery robots are compatible with other technologies I use
(e.g., smartphone)
FC4:1 can get help fromothers when I have difficulties using
delivery robots
Hedonic Motivation (HM) HM1: Using delivery robots would be fun (Venkatesh et.al., 2012)
HM2: Using delivery robots would be enjoyable
HM3: Using delivery robots would be very entertaining

Perceived Risk (PR) PR1: Overall, using delivery robots is risky (Feathermanand
Pavlou, 2003;
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PR2: Overall, using delivery robots is dangerous Kapser &
Abdelrahman, 2020)
PR3: Using delivery robots exposes me to an overall risk
Price Sensitivity (PS) PS1: I would not mind spending a lot of money for getting my (Goldsmith et al., 2005,
orders delivered by delivery robots Kapser &
Abdelrahman, 2020)
PS2: If I knewthat delivery robots as a delivery option were
likely to be more expensive than conventional delivery options,
that would not matter to me
PS3:1couldpay alot money for a really great delivery option
Behavioral Intention (BI) BI1:Iintendto use delivery robots in the future (Venkatesh et.al., 2012)

BI2: 1 will always try to use delivery robots in my daily life, if
possible
BI3:Tintendto use delivery robots frequently, if possible

2.4 Researchhypotheses

In quantitative study hypotheses are statements that are assumed to answer to the
research question of the study. Hypothesis should always be testable with scientific
research, and it should be based on previous theories and knowledge. (McCombes,
2023.) Based on the presented theoretical models, existing studies and literature, the
hypotheses for this study are formed. The eight hypotheses of this study are built
around the nine constructs presented n ADVAM (Figure 4). Hypotheses are also
addressed in the Figure 4 from ‘H1” to “HS8”.

Performance expectancy is defined as how much a consumer recognizes that using
delivery robots will provide benefits to him (Davis, 1989; Kapser & Abdelrahman,
2020). Performance expectancy has been studied to be one of the biggest nfluencing
factors for predicting behavioral mntention i multiple studies. This is the case also in
the context of autonomous vehicles acceptance, where it has been studied to be a
significant predictor of user acceptance. (Madigan et al,, 2017; Rahman et al., 2017;
Kapser & Abdelrahman, 2020.) In organizational context Venkatesh et al. (2012)
found that performance expectancy was a main driver for technology use.
Additionally, in Kapser and Abdelrahman’s (2020) study the performance expectancy
was a second strongest predictor of behavioral intention to use delivery robots.

Therefore, the following hypothesis is proposed:

H1: Performance expectancy positively influences behavioral intention to use delivery

robots.



INTERNAL

21

Effort expectancy is defined as a degree to which a consumer thinks the use of
delivery robots is easy (Davis, 1989). In general, the ease of use has been studied to
be influential in many autonomous vehicle acceptance studies (Rahman et al, 2017;
Leicht etal., 2018; Choi & Ji, 2015). However, Kapser and Abdelrahman (2020) found
in their study that effort expectancy did not have significant effect on consumers’
mtention to use delivery robots. Additionally, technology has spread everywhere, and
it has become a part of peoples’ everyday lives. People are adapting technology faster
and faster. (Minnalearn, 2023.) Therefore, the following hypothesis is proposed:

H2: Effort expectancy does not have a significant influence on behavioral intention to

use delivery robots.

Social influence is defined as to what extend the user perceives that other important
people believe he should use the delivery robots (Venkatesh & Davis, 2000; Venkatesh
et al, 2012). Social Influence has been proven to be a significant predictor in other
autonomous vehicle acceptance studies (Madigan et al, 2017; Rahman et al, 2017;
Leicht et al., 2018), and it has been proven to be likely that consumers are influenced
by their peers in the context of autonomous vehicles (Kapser & Abdelrahman, 2020).
Additionally, Kapser and Abdelrahman (2020) found that social influence had a
positive influence on German’s intentions to use delivery robots. Therefore, the

following hypothesis is proposed:

H3: Social influence positively influences behavioral intention to use delivery robots.

Facilitating conditions is defined as the degree to which consumers believe that
resources and support is available to use the delivery robots (Venkatesh et al., 2003;
Venkatesh et al, 2012). It is stated that users have different levels of access to
nformation and resources that eases their use of delivery robots, and that consumers
with poorer facilitating conditions have lower intentions to use delivery robots.
Additionally, within Germans facilitating conditions had a significant influence on
mtentions to use delivery robots. (Kapser and Abdelrahman, 2020.) Therefore, the
following hypothesis is proposed:
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H4: Facilitating conditions positively influence behavioral intention to use delivery

robots.

Hedonic motivation is defined as the enjoyment and pleasure gained from using the
delivery robots. It has been found that hedonic motivation is a critical determinant of
behavioral intention, even more critical than performance expectancy in consumer
context. (Venkatesh et al., 2012). Additionally, Kapser and Abdelrahman (2020) found
that hedonic motivation is an important factor in the acceptance of delivery robots.
Therefore, the following hypothesis is proposed:

HS: Hedonic motivation positively influences behavioral intention to use delivery

robots.

Price sensitivity is defined as consumers’ willingness to pay for a product or service
(Tsai & LaRose, 2015), or as consumers’ reactions to price and price changes
(Goldsmith et al., 2005). The construct of price value was modified to price sensitivity
by Kapser and Abdelrahman (2020) because delivery robots were not yet in use in
Germany. It was found that price sensitivity had the most significant, negative, effect
on the intentions to use delivery robots n Germany. (Kapser and Abdelrahman, 2020.)
Additionally, price sensitivity has been proven influential in previous acceptance
studies as well (Goldsmith et al, 2005). Therefore, the following hypothesis is

proposed:

H6: Price sensitivity negatively influences behavioral intention to use delivery robots.

Perceived risk can be defined as overall “potential for loss in the pursuit of a desired
outcome” of using delivery robots (Featherman & Pavlou, 2003). Delivery robots are
seen as potential safety risks while self-driving on public roads or while dropping of
the delivery (Kapser & Abdelrahman, 2020). The studies of perceived risk in the
context of autonomous vehicles are mixed. In some studies, the perceived risk has been
proven to have significant effect on user’s acceptance, whereas some studies have
found insignificant effect. In Germany the perceived risk had a significant negative
effect on peoples’ intention to use delivery robots. (Kapser & Abdelrahman, 2020.)
Therefore, the following hypothesis is proposed:
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H7: Perceived risk negatively influences behavioral intention to use delivery robots.

Characteristics i this study consists of age, gender, and earlier use of delivery robots.
Kapser and Abdelrahman (2020) found that demographic characteristics did not have
significant influence on Germans’ intention to use delivery robots. Only the familiarity
of delivery robots had influence on Germans’ intentions to use delivery robots.
However, delivery robots in Finland have been in use since 2022 and have been widely
discussed for instance in media (S-kaupat, 2023; Tuominen & Tommola, 2022).
Therefore, the assumption is that majority of Finnish people have heard about delivery
robots, and that to some extend Finnish people have also used them. Therefore, it is
assumed that these characteristics do not significantly influence on intentions to use

delivery robots.

HS8: Respondents’ characteristics do not have significant influence on behavioral

intention to use delivery robots.
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3 METHODOLOGY

The focus i this chapter is to describe and discuss the research methodology of this
study. First, the chosen research method of quantitative survey is explained. After
which the data collection process and representativeness of survey sample is described,
and the chosen method of data analysis is explained and justified. Lastly, empirical

findings and data analysis are discussed.

3.1 Researchmethod: quantitative survey

As outlned before, the theoretical framework of this study is based on widely used
technology acceptance model that is applicable in quantitative research. Quantitative
research enables to ia., quantify consumers’ behaviours, perceptions, and attitudes.
With quantitative survey a much broader study can be done, which enables to
generalize the results to wider group of people. Additionally, quantitative research

model is fast, cost-effective, and accurate. (Mander, 2022.)

Therefore, the quantitative research method for this study was chosen. To perform the
empirical study the method of a survey was chosen due to its convenient
implementation, reachability, and scalability (Giirbiiz, 2017; Mander, 2022). In the era
of technology acceptance studies, the survey based quantitative research are widely
used (Kapser & Abdelrahman, 2020; Rahi etal., 2019; Cimperman et al., 2016; Tarhini
et al, 2016). As discussed earlier, the theoretical model ADVAM (Kapser &
Abdelrahman, 2020), that has strong basis in UTAUT2 model, is used in this study.
Therefore, the content of the survey was built on the nine constructs examined in
Kapser and Abdelrahman’s model (Figure 4). Each construct consisted of three to four
items that measure the answers of respondents (Table 1). In price sensitivity construct
three items were addressed instead of orignal five, as done i Kapser and
Abdelrahman’s (2020) study due to inconvenience of the other two ones. The items
of different constructs were adapted from previous technology acceptance studies
where the questions have been validated. Additionally, two questions were addressed

of whether the respondent had heard about delivery robots or not or used one.
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In addition to the question part of the survey, the survey icluded cover letter,
respondent’s profile, and information sheet of delivery robots. The cover letter shortly
introduced the aim of the study as well as the structure of the survey. In respondent’s
profile the age, gender, citizenship, income, degree of education and employment
status were asked to validate the representativeness of the sample, and to see if age and
gender influence on the intentions to use delivery robots. In the information sheet basic
mformation of delivery robots were told, including illustrative picture. The aim of the
mformation sheet was to make respondent familiar with delivery robots in case the

respondent has not heard of them before.

Before the survey was shared more widely, it was pre-tested with three participants.
Due to pre-testing two grammar mistakes were noticed and corrected. Otherwise, other
surveys of existing technology acceptance studies were used as a benchmark to build
enough informative and usable survey. The survey was conducted in Finnish and
shared through an anonymous link in social media channels to people living n Finland.
The survey was created using Webropol’s survey tool, and it took on average 8 minutes
for respondents to answer. The survey was compatible with smartphones, tablets, and
laptops. The survey m its entirety can be found as attached i this study (Appendix).
The attached survey is translated into English.

The survey did not include personal data and the data was collected and analysed
completely anonymously. In the survey 7-pomnt Likert scale was used ranging from 1=
‘Strongly disagree’ to 7 = ‘Strongly agree’. The aim of the survey was to get answers
to the research question and hypotheses addressed in this study. Hypotheses are all
based on existing technology acceptance studies and presented more detailed in the

previous chapter of theoretical framework.

3.2 Data collection and analysis

As outlined, the data was collected using a survey. The survey data was collected
through an anonymous link in social media channels: WhatsApp, Instagram, and
Facebook. The data was collected for one week in October 2023, and total of 115
answers were received. For generalizability the aim was to get as representative sample

of Finnish population as possible. Therefore, the respondent sample was aimed to
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include people from different age groups, genders, and paygrades with different
education degrees and employment statuses. The sample of respondents are presented

in Table 2.

After data collection the survey results were examined and analyzed in SPSS Statistics
and SPSS Amos software. The data was first exported from Webropol tool into Excel
and modified into suitable form. Unnecessary titles and descriptives were removed and
ensured that no values were missing. After this the data was divided mnto two Excel,;
one data set included data of eight different constructs, described in Figure 4, and the
other data set included the data of respondent’s profile; age, gender, and earlier use of
delivery robots. The division was made to ease the analysis as respondent’s profile is
measured with different measure scale. Following, both data sets were separately
mported and saved into SPSS Statistics. Few modifications were made to the data sets

regarding the type and role of measurements.

After the data was modified and saved in SPSS Statistics, the analysis was done in
SPSS Amos software using confirmatory factor analysis (CFA). CFA is widely used
analysis tool for social and behavioral sciences. CFA allows to assess the fit between
observed data and theoretical model that specifies the hypothesis of relations between
latent factors and their observed variables. The main advantage of CFA is the ability
to examine the gap between theory and observation. (Mueller & Hancock, 2001.)
Therefore, CFA was chosen for as an analysis method for this study, as there is a need
to understand the relationship between the construct of behavioral intention and other

constructs that are determined based on existing theoretical model.

The data analysis was phased m two. First, the effect of earlier validated constructs to
behavioral intention to use delivery robots was analyzed. This first phase of analysis
started by creating a graph n SPSS Amos that was constructed from earlier presented
eight constructs. After this the above-described data saved in SPSS Statistics was
mported and saved to SPSS Amos. Following, the data of different constructs was
mserted mto earlier drawn graph. Before making any calculations the properties of
analysis were determined. Maximum likelihood estimation was chosen as a default
and the output selection for analysis was chosen. After this the analysis was run,

resulting standardized factor loadings and correlations were now illustrated in the
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earlier drawn graph. The output was created in text as well including model fit indices
that determine the acceptance of the model. The poor model fit required modifications
to the model which were done by drawing covariance between error terms as well as

by deleting items with high residual covariances.

Second, the analysis of the effect of respondents’ characteristics on behavioral
mtention to use delivery robots was done. The methodology was identical to the first
analysis described above. The effect of gender and age were analyzed as well as the
earlier use of delivery robots. The output of this second analysis was provided similarly
to above described. Based on these two-phased analysis the results for answering
research questions and hypotheses were analyzed and are discussed i detail in

following subchapters.

3.3 Empirical findings and data analysis

In this subchapter the results of this study are described and analysed. First the
respondents’ characteristics and the overall sample data are described. After which the

results of performed analyses are presented and discussed.

3.3.1 Description of respondents and generalizability

As outlned i the previous chapter, total of 115 answers were collected through a
quantitative survey. The respondents of the survey were representing different
characteristics that are presented in Table 2. In Finland the percentage of men is 49%
whereas the percentage of women is 51% (Statistics Finland, 2023a). Meaning,
females were overrepresented in the survey with 68% of female respondents whereas
males were underrepresented. The ages of respondents between 35-49 and 50-64 years
were representing Finnish population quite well with only + 2% difference to Finland’s
demographics. However, the respondents’ age group of 25-34 years was
overrepresented covering 46% of respondents. Additionally, the age groups of 15-24
and 65+ years were underrepresented in the survey. (Statistics Finland, 2023a.)
Respondents” median incomes were higher than current median gross income in

Finland, that is around 3000 euros (Statistics Finland, 2023b).
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The employment status of respondents was partly representing Finland’s
demographics. Employment rate for people n the working age n Fnland is 74%
(Statistics Finland, 2023c) whereas 74% of respondents were working full-time and
4% were part-time workers. The unemployment rate among respondents was 3%
whereas the unemployment rate in Finland is around 6%. Also, retired and disabled to
work were underrepresented in the survey (Statistical Database, 2022; Statistics
Finland, 2023c). The education level within respondents is higher than the education
level among Fmnish citizens. The undergraduate and graduate degree in Finland is
around 40% (Opetus- ja kulttuuriministerid, 2022), whereas 64% of respondents had

either graduate or undergraduate degree.

Respondents’ nationality was 99% Finland with only one exception where nationality
was something else. Even 97% of respondents had heard about delivery robots. Then
again, only 4% ofrespondents had used them. As outlined before, delivery robots have
been in use relatively short time mn Finland and only in limited areas, which might
effect on this result. Therefore, it can be concluded that it was justified to leave out the
constructs of habit and use behavior from this study.

Table 2. Respondents’ demographics, familiarity, and earlier use of delivery robots

Variable Category Frequency (n=115) Percentage
Age 15-24 years 7 6%
25-34 years 53 46 %
35-49 years 24 21%
50—64 years 23 20 %
65 +years 8 7%
Gender Female 78 68 %
Male 36 31%
Other 1 1%
Nationality Finland 114 99 %
Other 1 1%
Net income Lessthan 1000 9 8%
1000-1999 17 15%
2000-2999 47 41 %
3000-3999 29 25%
4000-4999 9 8%
5000-5999 4 3%
Education Primary school 2 2%
Second degree (high school, vocational school) 40 35%
Undergraduate degree (baccalaureate, university of 48 42 %
applied sciences, or comparable)
Graduate degree (master, doctor, or comparable) 25 22%
Employment status Full-time employment 85 74 %
Part-time employment 5 4%
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Seeking work 4 3%
Retired 9 8%
Student 11 10%
Unable to work 1 1%
Have youheard about Yes 112 97 %
delivery robots before? No 3 3%
(familiarity)
Have youuseddelivery robots ~ Yes 5 4%
before? (experience) No 110 96 %

When comparing the above-described demographic characteristics of respondents to
Finland’s demographics, it can be concluded that the sample does not fully represent
Finnish population in its entirety. Meaning, the results can’t be directly generalized to
all Finnish people. However, the respondents are still from different age groups,
genders, and paygrades with different educational level and employment status and

thus the sample can be considered to some extend descriptive.

3.3.2 Description of sample data

In addition to respondents’ characteristics the empirical research was done based on
eight constructs that include three to four questions each. Each question measured to
what extent the respondent disagreed or agreed with the statement. The mean and

median values of results of each construct and their items are presented in Table 3.

Based on mean and median values the respondents are quite neutral or somewhat agree
with delivery robots improving their performance e.g., productivity and flexibility.
Nearly same applies to hedonic motivation with mean 4,7 and median 5 implying
respondents would find delivery robots somewhat entertaming and enjoyable. On
average respondents agree that they would find delivery robots easy to use, and that
they have needed resources e.g., smartphone to use delivery robots. Then again, on
average respondents somewhat disagree that their close people would have an opinion
to their use of delivery robots, or that the use of delivery robots would be risky.
Respondents disagreed most with statements related to price. On average respondents

disagree on spending a lot of money to use delivery robot as a delivery option.
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Table 3. Descriptive data of constructs and their items

Mean Median

Construct Items/Questions (n=115) (n=115)
Performance Expe ctancy (PE) 4,3 5
PE1:1 find/would find delivery robots useful in my daily life 4,6 5
PE2: Usingdelivery robots increases/would increase my flexibilityin 4,6 5
my daily life
PE3: Usingdelivery robots helps/would help meaccomplish things 4,3 5
more quickly
PE4: Using delivery robots increases/would increase my productivity 3,8 4
Effort Expectancy (EE) 5,6 6
EE1: Learninghowto use delivery robots is/would be easy for me 5,9 6
EE2: It is/would be easy for me to become skillful at usingdelivery 5,8 6
robots
EE3: My interaction with thedelivery robots via the mobile app 5,3 6
is/would be clear and understandable
EE4:1 find/would find delivery robots easy to use 5,4 6
Social Influence (SI) 2,9 2
SI1: People who influence my behavior think/would think that I 3 3
should use delivery robots
SI2: People who are important to me think/would think that I should 2,8 2
use delivery robots
SI3: People whose opinion I value prefer/would prefer that I use 2,9 2
delivery robots
Facilitating C onditions (FC) 5,8 6
FC1:1Ihave the resources necessary touse delivery robots (i.e., 6,7 7
smartphone)
FC2:1have the knowledge necessary to use delivery robots 5,3 6
FC3: Delivery robots are compatible with other technologies I use 6,1 6
(e.g., smartphone)
FC4: 1 can get help fromothers when I have difficulties using 5,1 6
delivery robots
Hedonic Motivation (HM) 4,7 5
HM1: Using delivery robots would be fun 4,9 5
HM2: Using delivery robots would be enjoyable 4,5 5
HM3: Using delivery robots would be very entertaining 4,8 5
PerceivedRisk (PR) 34 3
PR1: Overall, using delivery robots is risky 4,1 4
PR2: Overall, using delivery robots is dangerous 32 3
PR3: Usingdelivery robots exposes me to an overall risk 2,9 3
Price Sensitivity (PS) 2,1 2
PSI: I would not mind spendinga lot of money for gettingmy orders 2 2
delivered by delivery robots
PS2: If I knewthat delivery robots as a delivery option were likely to 2,2 2
be more expensive than conventional delivery options, that would not
mattertome
PS3:1couldpay alot money for areally great delivery option 2,3 2
Behavioral Intention (BI) 3,1 3
BI1:1intendto use delivery robots in the future 4 4
BI2: I will always try to use delivery robots in my daily life, if 2,6 2
possible
BI3: I intendto use delivery robots frequently, if possible 2,8 2

Note: Mean and median values arcbased on 7-point Likert scale: 1="Strongly disagree”, 2= Disagree”, 3= Somewhat
disagree”, 4="Neither agree nor disagree”, 5="Somewhat agree”, 6="Agree”, 7="Strongly agree"

On average respondents disagreed or somewhat disagreed that they would use delivery
robots frequently if possible. Additionally, respondents had very neutral opinion on
whether they would use delivery robots in future or not. As outlined before, Kapser
and Abdelrahman (2020) found that German people had neutral acceptance towards
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the use of delivery robots, which was considered common for emerging technologies
as public might need some time to form an opmion of new technology (L et al.,
2019). Therefore, based on mean and median values of behavioral intention presented

n Table 3, the results partly align with Kapser and Abdelrahman’s (2020) study but

partly differs on what it comes to intention to use delivery robots frequently.

3.3.3 First confirmatory factor analysis

In this subchapter the effect of seven construct; performance expectancy, effort
expectancy, social mfluence, facilitating conditions, hedonic motivation, price
sensitivity, and perceived risk to the construct of behavioral intention to use delivery
robots is analyzed. As outlned i previous chapter, CFA was performed in SPSS
Amos to test the measurement model of this study. The analysis is presented in Figure
5.

The observed variables are presented with squares and latent variables with ellipses.
Two-way arrows indicate the standardized correlations whereas one-way arrows stand
for factor loadings. To understand how well an observed item measures the latent
variable in question factor loadings were assessed for each item. All factor loadings
are between 0.6-0.97 indicating that all the observed items measure well the latent
variables (Arifin & Yusoff, 2016). However, the model-fit measures showed that fit
indices were not within their common acceptance levels. To assess the model’s overall
goodness of fit, fit indices of CMIN/df, GFIL, CFI, TLI, and RMSEA were examined
(Crowson, 2017). As presented in Table 4, only CMIN/df value is within the
acceptance level. Therefore, it must be concluded that this factor model yielded a poor
fit. Due to the poor model fit the results will not be accurate enough for any decision-

making,

Table 4. First output of model-fit indicators

Fit indices Recommended value Source Obtained value
CMIN/df <2 good fit, < 5 acceptable fit Ertas et. al. (2022) 2.183

GFI >.90 Hair et.al. (2010) .678

CFI > 90 Bentler (1990) .846

TLI >90 Bentler (1990) .829

RMSEA <.08 Hu & Bentler (1998) 102
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Figure S. First CFA

It is mevitable that modifications to the factor model need to be done. But regardless
of the deficiencies of the model fit, the results of the model are briefly presented in
Table 5. The table includes standardized estimates between the latent variable of
behavioral mtention and other earlier presented variables. Standardized estimates are
correlations that partly answer to the research question of which factors influence on
behavioral mtention to use delivery robots. Possible values of correlation range from
-1 to +1, where -1 indicates perfectly negative correlation and where +1 indicates
perfectly positive correlation (James, 2023). Additionally, the table includes p-values

that report the significance of estimates. All p-values under 0,05 are considered
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significant. If critical ratio is 1.96 or larger, the estimate is significant at the level of

5%, and standard error is the estimate of standard error. (Shobha, 2020.)

Based on the results presented in Table 5 five out of seven hypotheses are supported.
The strongest predictor of behavioral intention is social influence (r=0,446), and the
second strongest performance expectancy (r=0,38). Additionally, two hypotheses are
rejected as perceived risk and facilitating conditions seem not to have significant effect
on behavioral intention (p>0,05), which is contradicting with some other existing
studies (Venkatesh et. al.,2012; Kapser & Abdelrahman, 2020). However, due to the
deficiencies of the model fit, the more detailed discussion of results will be done after

the model-fit modifications are done.

Table S. First CFA model, hypothesis, and results

Standardized
Hypothesis | estimate (r) S.E C.R. p-value Result

PE - BI | HI ,38 ,150 3,562 Hk K Supported

EE > BI | H2 092 ,100 1,071 284 Supported

SI - BI |H3 446 ,168 3,959 ok Supported

PS > BI | H6 -,276 ,118 -2,641 ,008 Supported

PR - BI | H7 ,016 ,125 ,186 ,853 Rejected

HM- BI | H5 ,288 ,165 2,974 ,003 Supported

FC > BI | H4 -016 ,049 -117 ,859 Rejected

Note: S.E.=Standard error, C.R.=Critical ratio, P E=Performance expectancy, EE=Effort expectancy, SI=Social Influence,

P S=Price Sensitivity, PR=Perceived risk, HM=Hedonic motivation, FC=Facilitating conditions, BI=Behavioral intention
*#*p-value <,001

3.3.4 Second confirmatory factor analysis with model-fit modifications

As outlined, to get a good fit for the factor model, some modifications to the original
model were required. First, the modifications to the model were done by deleting the
lowest factor loadings, in this case PS2, FC4, and FC2. The model did not improve
enough, after which the next lowest single factor loadings were removed. This resulted
that the model could not be identified anymore. After this it was recognized that some
different changes are needed. Next attempt to improve the model fit was to draw
covariance between suitable error terms, but this did not improve the model enough.
After that the following step was to delete items with high standardized residual

covariances. Items deleted with high residual covariances were HM1, HM2, HM3,
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PE1, PE2, PE3, PE4, FC2, FC4 and EE3. After removing these items, the fit indices
started to be within their acceptance levels. However, fit index GFI resulted to be
below the good fit but while all other fit indices being good the factor model can be
accepted (Juntunen, 2020). New model-fit indicators are presented in Table 6.

Table 6. Fixed output of model-fit indicators

Fit indices Recommended value Source Obtained value
CMIN/df <2 goodfit, < 5 acceptable fit Ertas et. al. (2022) 1.695

GFI >.90 Hair et.al. (2010) .831

CFI >90 Bentler (1990) 935

TLI >90 Bentler (1990) .923

RMSEA <.08 Hu & Bentler (1998) .078

Note: HM1, HM2,H3, PE1, PE2, PE3,PE4,FC2, FC4, EE3 were removed

As described above, several items needed to be removed to obtain an acceptable factor
model. This means the acceptable model of this study leaves out the constructs of
performance expectancy and hedonic motivation. As discussed in previous subchapter,
both constructs first seem to influence positively on behavioral intention to use
delivery robots, but the results must be disregarded due to the poor model fit.
However, among Germans hedonic motivation, e.g., the use of delivery robots is seen
enjoyable, was found as an important factor in consumer acceptance of delivery robots
(Kapser & Abdelrahman, 2020). Additionally, it has been found to be more critical
determinant of behavioral mtention in consumer context than the performance
expectancy (Venkatesh, et al.,2012). But there are also contradicting results in the field
of technology acceptance as of Kwame et al. (2019) found that neither hedonic
motivation nor performance expectancy had significant effect on behavioral ntention
to use mobile banking. But then again Ajaz et al. (2019) found that performance
expectancy mfluences positively on behavioral intention in mobile learning, meaning
that the more consumers recognize the use of technology will provide benefits the

more intended they are to use them.

In addition to the removal of hedonic motivation and performance expectancy
constructs, single items from facilitating conditions and effort expectancy were
removed, but the constructs remamed stil mn the model. The modified model was
created based on before-described justifications and is presented in Figure 6. Factor

loadings of the model are all still at good level, which indicates that remained items
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measure well the latent variables. After the good model fit was found and the items
have been proven to measure well the latent variables, the next phase was to analyze
the influence of other latent variables to the behavioral intention to use delivery robots.

Due to the required modifications, six constructs remained in the model instead of the

original eight.
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Note: EE=Effort Expectancy, SI=Social Influence, FC=Facilitating Conditions, PR=Perceived Risk, PS=Price
Sensitivity, BI=Behavioral Intention. Removed items: PE=Performance Expectancy, HM=Hedonic Motivation,
FC2,FC4, EE3.

Figure 6. CFA after model-fit modifications

The analysis revealed that two of remaining five hypotheses could be supported (Table
7). Significant positive relationship was found between social nfluence and behavioral
mtention (confrming H3), as well as between effort expectancy and behavioral
mtention (rejecting H2). It was hypothesized that there would be no significant
relationship between effort expectancy and behavioral mtention. Then again,
significant negative relationship was found between price sensitivity and behavioral
mtention (confirming H6). However, no significant effect was found for the
relationship between perceived risk and behavioral intention (rejecting H7), nor

between facilitating conditions and behavioral intention (rejecting H4).
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Table 7. Improved CFA model, hypotheses, and results

Standardized
Hypothesis [ estimate (r) S.E C.R. p-value Result
EE - BI | H2 ,164 ,107 1,985 ,047 Rejected
SI - BI |H3 ,638 218 4,832 HE Supported
PS > BI | H6 -,306 ,126 -3,029 ,002 Supported
PR - BI | H7 -,04 ,129 -,487 ,626 Rejected
FC > BI | H4 ,001 ,09 ,018 ,086 Rejected

Note: S.E.=Standard error, C.R.=Ceritical ratio, EE=Effort expectancy, SI=Social Influence, PS=Price
Sensitivity, PR=Perceived risk, FC=Facilitating conditions, BI=Behavioral intention
***p-value <,001

H2: Effort Expectancy

Effort expectancy revealed to have slightly positive influence on behavioral ntention
to use delivery robots among respondents which is contradicting with the hypothesized
outcome. Even though the hypothesis is rejected, the influence of effort expectancy on
behavioral mtention is relatively low (r =0,164). The result indicates that when
respondents think the use of delivery robots is easy, they also have to some extend
mtentions to use them. Behind the hypothesis was peoples’ increased abilities to adapt
new technology faster and faster (MinnaLearn, 2023), but also other existing studies
where effort expectancy did not have significant effect on intentions to use technology
(Kapser & Abdelrahman, 2020; Madigan et al, 2017). However, some other
technology acceptance studies have then again found effort expectancy as a strong
predictor of behavioral intention in technology use (Macedo, 2017; Beh et al., 2021;
Leicht et al., 2018; Choi & Ji, 2015). For instance, Macedo (2017) found that effort
expectancy has an influence on older adults’ itentions to use technology such as
mternet whereas Beh et al. (2021) found that effort expectancy has a positive impact

on using smartwatches for health and fitness monitoring.

As described earlier the use of delivery robots require smartphone that is connected to
the delivery robot itself which might create a feeling of complexity. However, the use
of smartphone and mobile applications seem to be commonplace for people nowadays
(Kent, 2022) which might explain why the nfluence of effort expectancy is relatively
weak. In general, the existing studies of the influence of effort expectancy on
behavioral intention seem to be contradicting. But in anyhow it is important for

mndustry’s professionals to recognize that in case they succeed in making the use of
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delivery robots seem easy, they might gain more potential customers with intentions

to use them.

H3: Social Influence

The construct of social influence has a positive influence on behavioral intention to
use delivery robots, which was the hypothesized outcome. Social influence has the
strongest correlation of 0,638 with behavioral mtention with result being highly
significant (p<0,001). Meaning, the influence of close people is the strongest predictor
of behavioral intention to use delivery robots among respondents. This aligns with
other technology acceptance studies (Kapser & Abdelrahman, 2020; Madigan et al.,
2017; Rahman et al, 2017; Leicht et al, 2018) where social influence has had a
significant role in the acceptance of autonomous delivery vehicles. The result indicates
that in regard to delivery robots the respondents of the survey are most likely to depend

on their close peoples’ opinion.

H4: Facilitating Conditions

The hypothesis regarding the influence of facilitating conditions on behavioral
mtention to use delivery robots was rejected. There was barely any correlation between
facilitating condition and behavioral intention (r = 0,001) meaning that resources or
support available do not have significant effect on intentions to use delivery robots
(p>0,05). On average respondents somewhat agreed or agreed that they have needed
resources (e.g., smartphone, knowledge) and support (e.g., help from others) to use
delivery robots (Table 3). In general smartphones are nowadays widely used and
mformation is easily available due to the megatrends of digitality and technology
(Kent, 2022; Project Management Institute, 2022) which support the obtained result.
However, the result is contradicting with some other existing studies where consumers

with poorer facilitating conditions have had lower mtentions to use delivery robots

(Kapser & Abdelrahman, 2020; Madigan et al., 2017; Choi & Ji, 2015).
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H6: Price Sensitivity

The second strongest predictor of behavioral intention is the construct of price
sensitivity. The correlation between these two variables is negative (r =-0,306), which
means that when e.g., the price of delivery method increases the intentions to use
delivery robots most likely decreases. Meaning, the earlier presented hypothesis is
supported. The result is not surprising as in general it is recognized that cheaper prices
attract buyers (Fagan, 2023). The result also aligns with Kapser and Abdelrahman’s
(2020) study where the price sensitivity was the strongest predictor of behavioral
mtention to use delivery robots. Price being one of the most important factors in
marketing (Fagan, 2023) and one of the strongest predictors of behavioral intention to

use delivery robots the pricing strategy should be considered carefully.

H7: Perceived Risk

The third rejected hypothesis concerned the relationship between perceived risk and
behavioral intention, as perceived risk did not have significant negative effect on
behavioral intention to use delivery robots (r=-0,04). The outcome is not too surprising
as the existing studies around perceived risk are contradicting. Some of the studies
have proven that delivery robots are seen as risky delivery options (Kapser &
Abdelrahman, 2020; Marsden et al., 2018; Braun & Buckstegen, 2017) whereas some
other studies have not found any significance effect on behavioral intention to use them
(Choi & Ji, 2015; Lu etal, 2019). Additionally, the respondents somewhat disagreed
with delivery robots being risky delivery options (Table 3). The overall result indicates
that respondents’ mtentions to use delivery robots is not affected by any perceived risk.
However, as the existing studies are contradicting it is good to keep in mind the safety

matters of delivery robots.

3.3.5 The influence of age, gender, and experience on behavioral intention

As outlned before the effect of age, gender, and earlier use of delivery robots on
behavioral mntention was examined based on the theoretical framework presented in
the second chapter of'this study. To test the effect of these characteristics on behavioral

mtention to use delivery robots, a third CFA was done. It can be seen from the model-
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fit indicators (Table 8) that the results of this CFA are trustworthy. All indicators are
within acceptance levels, except RMSEA that is slightly above the recommended

value. However, considering the results as a whole, the model is accepted.

Table 8. Model-fit indicators of respondents’ characteristics

Fit indices Recommended value Source Obtained value
CMIN/df <2 goodfit, < 5 acceptable fit Ertas et. al. (2022) 1.878

GFI >.90 Hair et.al. (2010) .959

CFI >.90 Bentler (1990) .960

TLI >.90 Bentler (1990) 925

RMSEA <.08 Hu & Bentler (1998) .088

Note: Age, gender, and earlieruse of delivery robots included

After the model was proven to have a good fit, factor loadings were examined. Factor
loadings and the CFA itself are presented n Figure 7. It has been concluded earlier in
this study that observed variables are representing well the latent variable of behavioral
mtention due to their relatively high factor loadings. However, the loadings of age and
gender are quite low. Regardless, these demographics were still left in the model based
on the theoretical framework utilized in this study. Then again, the correlation between
respondents’ characteristics and behavioral intention indicates that there is a slight
positive correlation between them (1=0,28). However, the p-value is relatively high
(>0,05) indicating that the correlation is insignificant (Table 9).

Age

Gender

Used delivery robots?

Tl

BI3

BI2

IR AR

Bl1

Figure 7. CFA of respondents’ characteristics and behavioral intention

It can be concluded that there is no significant effect of age, gender, and earlier use of
delivery robots to behavioral intention to use delivery robots. Therefore, the hypothesis

regarding the effect of these characteristics on mtentions to use delivery robots is
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supported. The result is contradicting with existing study of Venkatesh et al. (2012)
where age and gender were moderating the effect of direct variables on mtentions to
use technology. Then again, Kapser and Abdelrahman (2020) found that among
Germans the demographic characteristics did not have significant effect on the
mtention to use delivery robots. However, the familiarity of whether the respondent
had heard of delivery robots or not, had significant effect on Germans’ intentions to

use delivery robots.

Table 9. CFA model, hypothesis, and results of respondents’ characteristics

Standardized
Hypothesis | estimate (r) |S.E C.R. [ p-value | Result
Characteristics - BI | H8 275 ,103 758 | ,448 Supported

Note: Characteristics include age, gender, and earlier use of delivery robots
S.E.=Standard error, C.R.=Ceritical ratio, BI=Behavioral intention

It is good to recognize that for instance it is not only certain age group or gender that
might have mtentions to use delivery robots among respondents. However, it is also
important to recognize that there are contradicting studies existing, and that the
majority of respondents had not used delivery robots before which might effect on the

above presented results.
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4 CONCLUSIONS

In this chapter the thesis will be concluded by presenting key results of the study
accompanied by the theoretical implications. After that the managerial mmplications
are presented for logistics, retail, and marketing professionals. Following, limitations

of the study are discussed and suggestions for future research presented.

4.1 Key results and theoretical implications

In this study the factors ifluencing behavioral mtention to use delivery robots in

Finland was examined. Therefore, the main research question of the study was:

Which factors influence on consumers’ intentions to use delivery robots in Finland?

To answer to the research question the effect of eight different constructs on behavioral
mtention to use delivery robots was examined based on the theoretical model presented
in Figure 4. The eight hypotheses were formulated based on previous research and

literature and analyzed to get final answers to the main research question.

The effect of performance expectancy, effort expectancy, social influence, facilitating
conditions, hedonic motivation, price sensitivity, perceived risk and respondents’ age,
gender, and earlier use of delivery robots to the behavioral intention to use delivery
robots was measured and analyzed. The first analysis yielded apoor model-fit resulting
that two constructs; hedonic motivation and performance expectancy needed to be
removed from the model Additionally, three single items measuring facilitating
conditions and effort expectancy were removed. After this the second analysis was

done and the remained six hypotheses were answered.

The strongest predictor of behavioral intention revealed to be social influence, which
indicates that the opinions of respondents’ close people influence on respondents’
mtentions towards delivery robots. The result confirmed the hypothesis (H3) and was
n alignment with other autonomous delivery vehicle acceptance studies (Kapser &
Abdelrahman, 2020; Madigan et al., 2017; Rahman et al., 2017; Leicht et al., 2018).
In general, it is also stated that for mstance friends and family can influence on
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consumers in many ways such as how to behave or what to buy (Cavanaugh, 2016).
The construct of price sensitivity had the second strongest influence on behavioral
mtention to use delivery robots. The influence was negative as hypothesized (H6)
which means that when for mnstance the use of delivery robots becomes more
expensive the intentions to use them decrease. The result aligns with delivery robot
acceptance study n Germany (Kapser & Abdelrahman, 2020) and is not a surprising

factor as in general it is recognized that lower prices attract consumers (Fagan, 2023).

Effort expectancyhad slight positive mnfluence on behavioral mntention but was still the
third strongest predictor of behavioral mtention. Meaning, to the extent that
respondents think that using delivery robots is easy, they might have mtentions to use
them. Due to the peoples’ increased abilities to adapt new technology (Minnalearn,
2023) and existing studies of technology acceptance where effort expectancy did not
have significant effect on intentions to use technology (Kapser & Abdelrahman, 2020;
Madigan et al, 2017) it was hypothesized that effort expectancy would not have
significant effect on behavioral intention and therefore the hypothesis had to be
rejected (H2). However, there are other technology acceptance studies where effort
expectancy has been found to predict the ntentions to use technology such as use of

mternet or use of smartwatches (Macedo, 2017; Beh et al., 2021).

The hypotheses regarding the mfluence of facilitating conditions and perceived risk
on behavioral mtention were both rejected (H4, H7). Both constructs had negligible
effect on behavioral mtention with barely any correlation, resulting the influence of
these on intentions to use delivery robots was insignificant. The results indicate that
resources (e.g., smartphone, knowledge) and support (e.g., help from others) or
perceived risk (e.g., possible risks of delivery robots) do not have significant effect on
respondents’ intentions to use delivery robots. On average respondents agreed that they
have needed resources and support to use delivery robots (Table 3) and in general
smart devices are nowadays used widely and information is easily available due to the
megatrend of technology (Kent, 2022; Project Management Institute, 2022) which
support the obtained result. The existing studies around perceived risk are
contradicting which is why it is not a surprising result that the hypothesized outcome
needed to be rejected. There are studies that have found perceived risk to affect
negatively on intentions to use technology (Kapser & Abdelrahman, 2020; Marsden et
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al, 2018; Braun & Buckstegen, 2017) whereas there are other studies where
significance effect was not found (Choi & Ji, 2015; L et al, 2019). The last
hypothesis regarded the effect of respondents’ age, gender, and earlier use of delivery
robots on mtentions to use them. There was no significant effect of these
characteristics on behavioral itention to use delivery robots, resulting the hypothesis
was supported (HS). The result aligns with delivery robot acceptance study in
Germany (Kapser & Abdelrahman, 2020) but contradicts with existing study of
Venkatesh et al. (2012) where age and gender did have significant effect on intentions
to use technology.

These results provide more mformation and knowledge about the relatively new
delivery robots, supplementing the existing knowledge gap of peoples’ intentions and
acceptance towards delivery robots. Based on the results it is good to recognize that
social mfluence and price sensitivity are the strongest predictors of behavioral
mtention to use delivery robots, and that ease of use determine to some extend the
mtentions to use delivery robots. It is also important to identify that availability of
smart devices or support from other people, or any possible perceived risk factor do
not have significant effect on the consumers’ intentions to use delivery robots among

respondents.

The theoretical model of this study was based on existing technology acceptance
studies (Kapser & Abdelrahman; Venkatesh et al, 2012) that determined the
constructs and measured variables in this study. The completed analysis proved that
all the observed variables measured well the latent variables. Therefore, it can be
concluded that the validity of the study was good. However, the results are not
generalizable in therr entirety as the demographics of respondents do not fully
represent Finland’s demographics. However, there were respondents from different
age groups, genders and pay grades with different educational degrees and
employment statuses which is why the respondent sample can be considered to some
extent comprehensive. In the end the reliability of the measurement model was good
with all but one fit index being within acceptance levels. However, to get a reliable
measurement model some items needed to be removed from the model, meaning, the

original theory-based model did not have a good reliability i this study.
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4.2 Managerial implications

The purpose of this study was to discover what are the factors influencing on the
mtentions to use delivery robots among consumers and thus, how retail, logistics and
marketing professionals could design, develop, and promote delivery robots properly.
Based on the presented results where social influence was the strongest predictor of
mtentions to use delivery robots, managers should first consider how to utilize the
social influence aspect where peoples’ intentions to use delivery robots are influenced
by therr close people. It would be mportant for marketers to understand which groups
mfluence on their target segments to be able to focus on winning over the opinion of
these groups. Within these groups, for mstance within families, there might be
differences on who is making decisions on what which is why it is important to
understand the general tendencies around decision making to succeed n marketing.

(Lumenlearning, 2023.)

Price sensitivity being the second strongest predictor of behavioral intention, managers
should consider carefully what kind of pricing strategy to build on delivery robots as
delivery option. In literature pricing has been claimed to be even the most important
element n marketng mix (Hollensen, 2020). Price strategy should take into
consideration multiple factors such as prices of competitors, the willingness of people
to pay, and the desired positioning in the market (Schryers, 2023). A well-designed
pricing strategy might direct people to choose more likely delivery robot as a delivery

option instead of traditional delivery options.

The construct of effort expectancy had a slight positive influence on mtentions to use
delivery robots. Therefore, managers should consider how to make the use of delivery
robots seem easy, even for people who have not yet used them. It could be also
considered how to provide guidance and support at the time of using delivery robot if
problems arise e.g., easy access to support within the application. Additionally, it
would be important to ensure that the application that is used for ordering guides the
user when browsing the products, choosing the delivery option, and when receiving

the goods.
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It is also important for managers to recognize that for instance perceived risk did not
have significant fluence on respondents’ mtentions to use delivery robots. On
average delivery robots were not considered as risky delivery option among
respondents, which can be considered as a positive result. Therefore, the focus for
managers can rather be on other factors than focusing on emphasizing the safety
matters of delivery robots. The same applies to facilitating conditions where
availability of smart devices or peer support were not seen to have significant effect
on behavioral mtention. Additionally, it is good to recognize that there were no
differences between age groups or genders on the mtentions to use delivery robots

which is something to consider in marketing purposes.

4.3 Limitations

The research context of delivery robots poses some limitations for this study. Delivery
robots are yet relatively new delivery method not only in Finland but globally as well.
Resulting, that there is very limited amount of earlier research regarding delivery
robots and their acceptance. Additionally, delivery robots being such a novel delivery
method n Finland majority of respondents had not used them before and to some
extent they had to imagine delivery robots being part of peoples’ everyday lives in
future. Because of the lack of experience of delivery robots, some modifications had
to be done to the original theoretical model. The constructs of habit and actual use
behavior had to be removed, and some modifications had to be done to the price
construct. Resulting, the delivery robot specific model ADVAM was used. However,
the model yielded to have poor fit following that two other original constructs needed
be removed from the model; hedonic motivation and performance expectancy.
Therefore, the results gained from the study are not as comprehensive as in the original

model.

Another limitation of the study was the respondent sample as the sample did not fully
represent Finland’s demographics. For instance, females were overrepresented
representing 69% of respondents, and age group of 25-34 years was overrepresented
covering 46% of respondents whereas age groups of 15-24 and 65+ years were
underrepresented. Additionally, unemployed, retred and disabled to work were

underrepresented, and the education level within respondents was higher than the



INTERNAL

46

education level among Finnish citizens. Therefore, the results of this study are not
generalizable in therr entirety. To improve generalizability the sample size could be
increased, as for now the sample consisted of 115 respondents, and the demographics
of respondents could be considered more carefully. The quantitative method used in
this study has also its own limitations regarding the lack of more in-depth insight of

thoughts, motivations, and emotions of what it comes to delivery robots.

4.4 Suggestions for future research

In this study the factors influencing on intentions to use delivery robots was examined
at a time when delivery robots are still not widely used in Finland causing lack of
experience among respondents and modifications to the theoretical model used in the
study. Therefore, the future research should examine the acceptance of delivery robots
in the actual use context after there is continuous use and experience of delivery robots.
Additionally, future research could utlize qualitative methods to deepen the
understanding of encouraging and discouraging factors affecting the use of delivery
robots. For instance, are delivery robots seen problematic in block of flats where robots
can only enter the outside door downstairs. More in-depth knowledge with qualitative
methods should be considered especially now when delivery robots are still such a

novel delivery method worldwide.

As social influence being the strongest determinant of delivery robot acceptance in this
study, it could be further examined what are the groups that influence on peoples’
intentions to use delivery robots. And what are the actual means used to influence on
the use of delivery robots. Price sensitivity being the second strongest predictor of
delivery robot acceptance, it could also be further examined what are the precise
characteristics or benefits of delivery robots that people are ready to pay for. As for
mstance, delivery robots are battery-powered providing an energy-efficient solution to
last mile delivery, which is why it would be beneficial to understand in more deeply
how much value is given in money to the environmentally friendly solution when

choosing the delivery option.
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APPENDIX

Delivery robots in Finland

The purpose of this survey is to study what are the factors affecting on consumers’ intentions to use
delivery robots in Finland. This is a master's thesis in the marketing program of Oulu University

Business School.
No personaldata is asked, and the data will be collected and analyzed anonymously.
The survey consists ofthree parts:

1. Respondent's profile: basic information of respondent
2. Information of delivery robots:information ofthe topic to support answering the survey

3. Questions: the actual questions that aim to find answers to the research problem

Answering the survey takes about 5-10 minutes.

Respondent’s profile

What is your age?

15-24

25-34

35-49

50-64

65 +

What is your gender?

Female

Male

Other

What is your nationality?
Finland

Other

What is your net income per month?
(Net income = salary and other incomes after taxes)
Less than 1000 €

1000-1999

2000-2999

3000-3999

4000-4999

5000-5999

6000 or more

What is your highest education?

Primary school
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Second degree (high school, vocational school)

Undergraduate degree (baccalaureate, university of applied sciences, or comparable)
Graduate degree (master, doctor, or comparable)

What is your current employment status?

Full-time employment

Part-time employment

Seeking work

Retired

Student

Unable to work

Information of delivery robots — read information carefully before answering the survey

In this study, delivery robots are defined as electric, self-driving vehicles that drive on public roads.
Delivery robots are equipped with several cameras and sensors, and they can navigate among people
and othervehicles. Delivery robots drive on wheels, and they can be smaller on their size (Figure 1) or

bigger, car-like vehicles. Delivery robots can delivery, for instance, packages or food.

Figure 1: Starship delivery robot (Starship Technologies, 2023)

For instance, in Espoo, Finland S-group's Starship delivery robots have been used to deliver food for
the first time in 2022. Since then,the use ofdelivery robots has been expanded also to Helsinki, Vantaa,

Tampere, Turku, Pori, Rauma, Jyvéskyld and Oulu.

To use delivery robots the userneeds a mobile device, like smartphone or tablet. A mobile application
needs to be downloaded to the device, for instance S-kaupat application in Finland. In the mobile
application user can select delivery robot as a delivery method, and for instance browse the wanted
products and pick the delivery time. User can track the delivery robot in the application. When the
delivery robot arrives to its destination, user will be notified and can open the delivery robot with the

help of application.



INTERNAL

Questions

59

Have you heard about delivery robots before?

Yes
No

Have you used delivery robots before?

Yes
No

If youhave no previous experience with delivery robots,imagine when answering, that delivery robots

will be part of peoples'daily lives in the future.

Based on your own opinion and consideration, tell us to what extend you agree or disagree with the

following:
Neiter
1 h h 1
S'trongy Disagree So'mew at agree Somewhat Agree Strongly
disagree disagree nor agree agree
disagree
Usefulness

I find/would find delivery
robots useful in my daily
life

Using delivery robots
increases/would increase
my flexibility in my daily
life

Using delivery robots
helps/would help me
accomplish things more
quickly

Using delivery robots
increases/would increase
my productivity
Accessibility

Learning how touse
delivery robots is/would be
easy for me

It is/would be easy for me
tobecome skillful at using
delivery robots

My interaction with the
delivery robots via the
mobile app is/would be
clear and understandable
I find/would find delivery
robots easy to use

Social Influence

People who influence my
behavior think/would think
that I should use delivery
robots

People who are important
tome think/would think
that I should use delivery
robots

People whose opinion I
value prefer/would prefer
that I use delivery robots
Conditions
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I have theresources
necessary to use delivery
robots (i.e., smartphone)
I have the knowledge
necessary to use delivery
robots

Delivery robots are
compatible with other
technologies I use (e.g.,
smartphone)

I can get help from others
when I have difficulties
using delivery robots
Hedonic Motivation
Using delivery robots
would be fun

Using delivery robots
would be enjoyable
Using delivery robots
would be very entertaining
Risks

Overall, using delivery
robots is risky

Overall, using delivery
robots is dangerous

Using delivery robots
exposes me to an overall
risk

Price

I would not mind spending
a lot of money for getting
my orders delivered by
delivery robots

If I knew that delivery
robots as a delivery option
were likely to be more
expensive than
conventional delivery
options, that would not
matter to me

I could pay alot money for
areally great delivery
option

Intention to use delivery
robots

I intend to use delivery
robots in the future

I will always try to use
delivery robots in my daily
life, if possible

I intend to use delivery
robots frequently, if
possible
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