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ABSTRACT

Collaborative robots (cobots) represent an emerging category of technological

innovation that is transforming the industrial landscape by revolutionising the in-

teraction between machines and humans. Cobots are lightweight, cost-effective and

flexible industrial solutions that have become increasingly suited to the growing shift

toward mass customisation in modern manufacturing environments. Despite their

potential and promise, especially for small and medium-sized enterprises (SMEs),

adoption among SMEs remains relatively limited, with several challenges related to

their adoption still unexplored.

Driven by 1) the strategic importance of advanced technologies for developing man-

ufacturing SMEs in Australia, and 2) the limited research on cobot adoption in this

context, the present study aims to develop the Holistic Collaborative Robot Adop-

tion Model (HCRAM) for Australian manufacturing SMEs.

Guided by the design science approach, this thesis makes the following contributions:

1) it develops a conceptual framework grounded in both empirical and theoretical

research on cobot adoption in the manufacturing sector; 2) it presents findings from

the analysis and refinement of the conceptual framework based on perspectives from

senior and mid-level managerial and technical specialists; and 3) it demonstrates

the evaluation outcomes of the framework in manufacturing SMEs, drawing on data

gathered from a large sample using the questionnaire instrument.

The HCRAM, developed in this thesis, is, to the best of the researcher’s knowledge,

the first to address this issue in the context of Australian manufacturing SMEs.

It encompasses five key contexts relevant to cobot adoption: environment, human,

technology, organisation, and barriers. The findings show that 11 of the 15 factors

demonstrated a statistically significant association with cobot adoption, thereby

supporting the validity of the findings. As a result, HCRAM can be used as a prac-

tical tool for industrial decision-makers to formulate adoption strategies for cobots

in Australian manufacturing SMEs. It is supported by an online questionnaire tool

designed to identify both enablers and barriers to adoption across a wide range of



Australian manufacturing SMEs. It further establishes a basis for future work on

cobot adoption within manufacturing SMEs and related contexts.

Although this thesis employs a rigorous approach, there are several limitations re-

lating to data collection, sampling methods, and geographic context. Therefore,

future research could adopt different methodologies to further validate HCRAM

and explore its applicability across various industries and national contexts.
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Chapter 1

Introduction

1.1 Overview

Chapter 1 presents the introductory context of the study. Section 1.2 presents the

background of this thesis. The scope presented in section 1.3. Section 1.4 highlights

the significance and expected contributions of the work. Section 1.5 provides an

overview of the thesis layout.

1.2 Research Background

Robotics has long contributed to Australia’s industrial development, particu-

larly in mining, logistics, and large-scale manufacturing. Early adoption focused

on traditional industrial robots, which were designed for repetitive, hazardous, and

high-volume tasks. While effective in these settings, such systems were expensive,

technically complex, and largely inaccessible to Australian small and medium-sized

enterprises (SMEs), defined as businesses with between 1 and 199 employees [8].

As a result, much of the manufacturing sector remained labour-intensive, limiting

productivity growth and reducing competitiveness in global markets [8].

Today, manufacturing remains a cornerstone of economic growth, supporting job

creation and industrial expansion. In Australia, this sector is dominated by SMEs,

which overall represent 66% of the workforce and contribute 50% of the total value

added [9]. Despite recent growth, persistent challenges, including high labour costs,

skills shortages, and limited access to automation, continue to restrict competi-

tiveness [8]. The COVID-19 pandemic increased existing challenges by exposing

structural vulnerabilities in supply chains and labour availability [10]. Following

the disruptions of COVID-19, resilience and digital transformation have emerged

as the main priorities for policymakers and industry leaders seeking recovery and
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sustained competitiveness [10] Furthermore, in light of these constraints, the Aus-

tralian Government’s strategic vision for 2030 prioritises digital transformation and

industrial innovation as critical to national resilience [11]. In this context, collabo-

rative automation has emerged as a key enabler for SMEs, providing an accessible

and adaptable alternative to conventional robotics [11, 12].

Among the most significant technological advances reshaping advanced manufactur-

ing are cobots. Unlike conventional robots, cobots are developed to work with opera-

tors without protective fencing, enabling real human–robot collaboration [13],[14],[15],

[16]. The key difference of traditional systems is their ability to share overlapping

workspaces with operators. Levels of collaboration vary, from basic coexistence

through to true collaboration where humans and robots simultaneously collaborate

on a common task [14]. To ensure safe operation, international standards such as

ISO/TS 15066:2016 provide detailed requirements, with most modern cobots de-

signed to comply with these safety specifications [16].

Cobots are increasingly deployed to help workers with repetitive or physically de-

manding tasks, assist with high-precision activities, and reduce workload in produc-

tion environments [14]. The most common applications in manufacturing include

assembly, packing, and palletising [17],[18]. These features make cobots a promising

technology for SMEs seeking greater efficiency and flexibility. However, adoption

decisions remain complex, determined by financial analysis and the difficulty of mea-

suring certain qualitative benefits [19]. While government policy frameworks recog-

nise cobots as part of Australia’s list of critical technologies in the national interest

[11], empirical evidence of their adoption by SMEs remains limited. Addressing this

gap is vital, as SMEs form the backbone of Australia’s manufacturing sector, and

understanding the organisational, technological, environmental, and human factors

influencing cobot adoption can offer benefit insights for policymakers.

1.3 Thesis scope

This study is limited to the Australian context, with a specific focus on man-

ufacturing SMEs. It investigates the early stage of cobot adoption in this sector,

drawing primarily on the perspectives of decision-makers, including top and mid-
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level managers as well as technical experts. The views of shop-floor workers are not

included within the scope of this study and remain an important area for future

research.

1.4 Significance of the Thesis

Although cobots are widely recognised as an emerging technology in advanced

manufacturing, the research on their adoption remains fragmented and incomplete.

Some existing work has examined technical concerns and user preferences at the pro-

duction technology level [15]. Other studies have addressed organisational human

factors [20], while some focus on individual level aspects such as operator attitudes

[21]. With regard to adoption decision-making, evidence at the organisational level

is limited. For example, studies conducted in China [22] and Portugal [23] inves-

tigated SMEs using quantitative survey methods, while research by [24] examined

large firms in Portugal through qualitative interviews. While valuable, these stud-

ies differ in scope and methodology, and their findings are strongly determined by

national and industrial contexts.

Despite growing global interest, little is known about the decision-making processes

and barriers influencing cobot use within manufacturing SMEs. In particular, human

factors, such as managerial perceptions, have not been consistently integrated into

adoption models, as well as barriers. This presents significant gaps in understanding

how SMEs, which often face resource and skills constraints, approach investment in

collaborative automation.

Most importantly, to the best of the author’s knowledge, no empirical research has

examined cobot adoption in Australian manufacturing SMEs. This gap is critical,

provided the primary role of SMEs in Australia’s economy, where they account for

two thirds of the manufacturing workforce and contribute substantially to industrial

output. Without context-specific evidence, government strategies and industry ini-

tiatives promoting digital transformation risk being poorly aligned with the actual

challenges faced by SMEs. The current work aims to overcome this gap by iden-

tifying organisational, technological, environmental, and human determinants and

barriers to cobot adoption in Australian SMEs.
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1.4.1 Theoretical Contributions

• The research extends existing adoption theories by exploring additional factors

relevant to cobot adoption in Australian manufacturing SMEs. It offers a more

comprehensive model by integrating relevant theoretical constructs.

• This research develops a refined framework for cobot adoption in manufactur-

ing SMEs and examines it in a new context. Furthermore, it considers both

new contextual elements and existing theoretical factors.

• This research examines the applicability of established theories in Australia.

1.4.2 Practical Contributions

• This research develops a practical model for cobot adoption that identifies the

factors facilitating and impeding its use in Australian manufacturing SMEs.

• The study provides a structured roadmap for implementing a cobot to support

decision makers in Australian manufacturing SMEs.

• The research provides a validated measurement tool (survey) designed to study

adoption comprehensively across multiple factors or more specifically at the

level of individual dimensions.

• The study represents the first empirical investigation to explore the combined

effect of environmental, organisational, technological human factors, to the

author’s knowledge, along with potential barriers, on cobot adoption within

Australian manufacturing SMEs. It provides a foundation for designing a

practical tool to support manufacturing SMEs and potentially the broader

sector in making informed decisions on the timing and manner of adoption.

1.5 Thesis Layout

There are nine chapters in this work, as depicted in Figure 1.1, as follows:

Chapter 1 offers the study background, outlines the scope, significance, and con-

tribution of the research.
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Chapter 2 offers a review of cobot adoption in manufacturing SMEs. It provides a

taxonomy of the available literature, covering the reasons for adoption, barriers and

facilitating factors, and the theoretical models applied to explain adoption. Based

on this review, the chapter also identifies key research gaps.

Chapter 3 presents the objectives and research questions.

Chapter 4 offers the research solution developed to investigate the research ques-

tions and describes the methods that guided this work.

Chapter 5 introduces the Holistic Collaborative Robot Adoption Model (HCRAM),

developed by the researcher to examine cobot adoption in manufacturing SMEs. It

also presents the hypotheses developed to guide the study.

Chapter 6 provides Phase 1 of the study, which adopts a qualitative design.

Chapter 7 offers Phase 2 of the study, which adopts a quantitative design.

Chapter 8 highlights a discussion of both phases of the current work.

Chapter 9 outlines conclusion and recommendations for future studies.
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Figure 1.1 : Thesis Structure
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Chapter 2

A Systematic Literature Review

2.1 Overview

This systematic literature review aims to provide an overview and analysis of

the existing studies related to collaborative robot (cobot) adoption in manufactur-

ing SMEs. This chapter focuses on three main areas: evidence of cobot adoption in

manufacturing SMEs, motivations/reasons driving cobot adoption in this context,

and related factors and barriers that influence the adoption process. A well-defined

methodological protocol for identifying, screening, and selecting the shortlist pa-

pers is presented, and the themes for cobot and applications/uses in manufacturing

SMEs are analysed. The results are utilised to highlight existing knowledge gaps,

thus presenting this study within the broader context of cobot adoption research in

manufacturing SMEs.

The structure of this chapter is as follows. Section 2.2 outlines the SLR protocol ap-

plied to the shortlisted studies, including the inclusion and exclusion criteria during

the literature search, as well as an overview of the extracted papers by publication

type and year. Section 2.3 presents the discussion and analysis of the shortlist pa-

pers structured around five components aligned with the SLR research questions:

(1) a review of the evidence regarding cobot adoption in the manufacturing area,

(2) an outline of the main reasons/motivations driving cobot adoption in manufac-

turing SMEs, (3) an identification of the barriers to cobot adoption reported in the

shortlist papers, (4) a summary of the adoption factors identified in the same set of

papers, (5) a summary of the existing theories/models related to cobot adoption in

manufacturing SMEs. The key research gaps emerging from the literature analysis

are presented in Section 2.5. The limitations associated with this SLR are outlined

in Section 2.4. The chapter concludes in Section 2.6.
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2.2 Systematic Literature Review Protocol

This research uses a systematic literature review (SLR) protocol to explore the

state of cobot adoption in manufacturing SMEs. An SLR is a rigorous, structured

approach that enables researchers to analyse, interpret and synthesise existing stud-

ies to identify gaps in a defined research domain [1]. This review adopts the es-

tablished SLR guidelines developed by Okolio [1] and Keel et al. [2], which are

specifically designed for research in the information technology domain. The key

aim of this review is to evaluate existing studies on cobot adoption and/or use in

manufacturing to identify the drivers and barriers influencing adoption, examine the

theoretical frameworks/models of adoption, and highlight critical gaps that require

further study. Figure 2.1 illustrates the systematic review process used in this study,

with a brief description of the four steps.

Figure 2.1 : Systematic Literature Review Process (adapted from [1],[2])
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2.2.1 Searching the Literature

This review focuses on cobot adoption in the manufacturing sector, particularly

SMEs. In light of the identified gaps in the current literature, this review aims to

examine the factors that drive adoption, the barriers that impede it, and the the-

oretical frameworks/models commonly applied to cobot adoption in manufacturing

SMEs. The research questions developed for the systematic review, along with the

rationale supporting each, are presented in Table 2.1.

Table 2.1 : Systematic Literature Review Questions

Review Questions Purpose

What evidence exists regarding cobot

adoption in manufacturing environ-

ments?

To determine manufacturing areas where

cobots have proven benefits and develop a

taxonomy for research types.

What are the key reasons for cobot

adoption in manufacturing environ-

ments?

To study and analyse the underlying motiva-

tions driving cobot adoption in manufactur-

ing environments.

What are the barriers to cobot adop-

tion in manufacturing environments?

To identify and categorise the barri-

ers/challenges that prevent cobot adoption

in manufacturing environments.

What are the various factors influenc-

ing the adoption of cobots in manufac-

turing environments?

To identify and categorise the various factors

that facilitate cobot adoption in manufactur-

ing environments.

What theoretical models/frameworks

have been utilised to study cobot adop-

tion in manufacturing environments?

To determine the theoretical mod-

els/frameworks that can benefit future

empirical research on cobot adoption.

The literature search for this review was carried out using the following online

databases. These databases were selected based on their high academic ranking and

established reputation for indexing relevant and high-quality scholarly publications.

• ACM Digital Library (https://dl.acm.org/)

• IEEE Xplore (https://ieeexplore.ieee.org)
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• PreQuest (https://www.prequest.com/)

• ScienceDirect https://sciencedirect.com

• Scopus (https://www.scopus.com/)

• SpringerLink (https://link.springer.com)

The search period was set between 2014 and 2024 (a decade), as before 2014, only

limited academic attention was given to the topic of cobot adoption, particularly

in relation to adoption factors and theoretical frameworks in manufacturing SMEs.

Given the significant increase in literature on cobot adoption since 2014, this time

frame is deemed suitable for this review. The search strategy for this review fol-

lowed guidelines [1] and [2] for the search strings, which were designed according to

the main themes from different key terms, research questions, and utilising Boolean

operators. Table 2.2 presents the Boolean search strings applied across different

databases to identify relevant papers on cobot adoption. Three main search fo-

cuses were used: cobot adoption in manufacturing, cobot adoption in manufacturing

SMEs, and cobot applications in manufacturing. The search was expanded beyond

SMEs because few papers focus only on SMEs.
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Table 2.2 : Search Focus and Boolean Strings

Search Focus Boolean String

Cobot adoption in manufacturing (”Collaborative robot*” OR cobot* OR ”human-robot collabora-

tion” OR ”HRC” OR ”Human-robot interaction” OR ”HRI” OR

”Industrial collaborative robot” OR ICR) AND (”adoption” OR

”acceptance” OR ”usage” OR ”use”) AND (manufacturing OR fac-

tory OR industr* OR production OR assembly)

Cobot adoption in manufacturing

SMEs

(”Collaborative robot*” OR cobot* OR ”human-robot collabora-

tion” OR ”HRC” OR ”Human-robot interaction” OR ”HRI” OR

”Industrial collaborative robot” OR ICR) AND (”adoption” OR

”acceptance” OR ”usage” OR ”use”) AND (manufacturing OR

factory OR industr* OR production OR assembly) AND (SME*

OR ”small and medium enterprise*” OR ”small-medium enter-

prise*” OR ”small medium enterprise*” OR ”small business*” OR

”medium-sized enterprise*”)

Cobot applications in manufactur-

ing

(”Collaborative robot*” OR cobot* OR ”human-robot collabo-

ration” OR ”HRC” OR ”Human-robot interaction” OR ”HRI”

OR ”Industrial collaborative robot” OR ICR) AND (”application”

OR ”usage” OR ”use”) AND (manufacturing OR factory OR in-

dustr* OR production OR assembly) OR (SME* OR ”small and

medium enterprise*” OR ”small-medium enterprise*” OR ”small

medium enterprise*” OR ”small business*” OR ”medium-sized en-

terprise*”)

2.2.2 Applying Inclusion and Inclusion Criteria

These criteria were established to identify relevant papers for the systematic

review. These criteria are as follows:

Inclusion criteria:

• The paper was published between 2014 and 2024.

• The full text is published/available.

• The paper is a scientific publication such as a journal or conference paper.

• The paper relates to cobot adoption and/or use in manufacturing environ-

ments.

Exclusion criteria:
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• Not written in the English language.

• Published in a book, a book chapter, thesis, newspaper, poster session, tech-

nical report, or magazine.

• Duplicate publications.

• Papers that primarily focus on the technical engineering of cobots, particularly

on mechanical design, control algorithms, or hardware specifications.

To facilitate this process, the study utilised EndNote to store and manage the records

of papers retrieved at each stage. Stage 1 involved an initial search across six

academic databases using the search string detailed in Table 2.2, which yielded a

total of 9021 papers: 584 from ACM, 978 from IEEE Xplore, 2328 from ProQuest,

1301 from Scopus, 2816 from Scopus, and 1014 from SpringerLink. Stage 2 consisted

of an initial screening for duplicate papers, resulting in the elimination of 1207

duplicate papers. Stage 3 involved a title and abstract screening to assess eligibility

using inclusion and exclusion criteria, which resulted in the elimination of another

7646 papers. In stage 4, quality assessment criteria (in-depth analysis) were applied

on the remaining papers, which further reduced the number to 32 papers eligible

for final inclusion in the SLR. More details about the quality assessment criteria are

provided below. Figure 2.2 shows the paper filtration process.
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Figure 2.2 : Process of Paper Selection

2.2.3 Applying Quality Assessment to the Shortlisted Papers

In this step, a quality assessment was carried out for each paper to ensure its

relevance for inclusion in the systematic review, and to reduce potential bias in

the selection process. Table 2.3 provides the quality assessment questions and the

associated grading criteria. A total of 168 full-text papers were evaluated using a

predefined grading criterion, where responses were scored as follows: 1 point for

”Yes”, 0.5 for ”Partially”, and 0 for ”No”. A paper was deemed acceptable for

inclusion in the final systematic review only if it achieved a minimum total score of

2.5.

Table 2.3 : Quality Assessment and Grading Criteria

Quality Assessment Question Grading Criteria

1. Is the research purpose provided?
Yes=1

Partially=0.5

No=0

2. Is the study methodology clearly presented?

3. Does the study demonstrate sufficient rigour

in research execution and analysis?

4. Does the study provide clear and suitable findings

for practical use and/or academic studies?
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The 32 shortlisted papers that met the quality assessment criteria are listed in

Table 2.4.

Table 2.4 : Shortlisted papers for the SLR

Paper Year Title

Charalambous et

al.[20]

2015 Identifying the key organisational human factors

for introducing human-robot collaboration in in-

dustry: an exemplary study.

Caltiz et al.[25] 2017 The future African workplace: The use of collabo-

rative robots in manufacturing.

Kildal et al.[15] 2018 Potential users’ key concerns and expectations for

the adoption of cobots.

Aaltonen and

Salmi[26]

2019 Experiences and expectations of collaborative

robots in industry and academia: barriers and de-

velopment needs.

Bröhl et al.[21] 2019 Human-Robot Collaborative Acceptance Model:

Development and Comparison for Germany,

Japan, China and the USA.

Accorsi et al.[27] 2019 An application of collaborative robots in a food

production facility.

Hentout et al.[28] 2019 Human-robot interaction in industrial collabora-

tive robotics: a literature review of the decade

2008-2017

Matheson et al.[29] 2019 Human-Robot Collaboration in Manufacturing

Applications: A Review.

Simões et al.[24] 2020 Factors influencing the intention of managers to

adopt collaborative robots (cobots) in manufactur-

ing organisations.

Meissner et al.[30] 2020 Friend and Foe? Undertaining Assembly Workers’

Acceptance of Human-Robot Collaboration.

Continued on next page
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Table 2.4 (continued)

Paper Year Title

Pérez et al.[31] 2020 Symbiotic human-robot collaborative approach for

increased productivity and enhanced safety in the

aerospace manufacturing industry.

Kopp et al.[32] 2021 Success factors for introducing industrial human-

robot interaction in practice: an empirically driven

framework.

Cardoso et al.[33] 2021 Ergonomics and human factors as a requirement

to implement safer collaborative robotic worksta-

tions: A literature review.

Segura et al.[34] 2021 Human-robot collaboration systems: Structural

components for current manufacturing applica-

tions.

Ronzoni et al.[35] 2021 A support-design framework for Cooperative

Robots system in labour-intensive manufacturing

process.

Liu and Cao[22] 2022 Determinants of Collaborative Robots Innovation

Adoption in Small and Medium-Sized Enterprises:

An Empirical Study in China.

Zemlyak et al.[36] 2022 Assessing the Influence of Collaborative Technol-

ogy Adoption-Mediating Role of Sociotechnical,

Organisational and Economic Factors.

Baumgartner et al.[37] 2022 Analysing Factory Workers’ Acceptance of Collab-

orative Robots: A Web-Based Tool for Company

Representatives.

Schnell and Holm[38] 2022 Challenges for Manufacturing SMEs in the Intro-

duction of Collaborative Robots.

Continued on next page
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Table 2.4 (continued)

Paper Year Title

Liu et al.[22] 2022 Applications, Developments and Future Opportu-

nities of Collaborative Robots (Cobots) in Manu-

facturing.

Berx et al.[39] 2022 Assessing System-Wide Safety Readiness for Suc-

cessful Human-Robot Collaboration Adoption.

Prassida and

Asfari[40]

2022 A conceptual model for the acceptance of collabo-

rative robots in industry 5.0.

Faccio et al.[41] 2022 Human factors in cobot era: a review of modern

production systems.

Berx et al.[42] 2022 Examining the Role of Safety in the Low Adoption

Rate of Collaborative Robots.

Silva et al.[43] 2022 Criteria to consider in a decision model for collabo-

rative robot (cobot) adoption: A literature review.

De Simone et al.[44] 2022 Human-Robot Collaboration: an analysis of

worker’s performance.

Giberti et al.[45] 2022 A Methodology for Flexible Implementation of

Collaborative Robots Smart Manufacturing Sys-

tems.

Jennes and Di

Minin[46]

2023 Cobots in SMEs: Implementation Process, Chal-

lenges, and Success Factors.

Barravecchia et al.[47] 2023 A general cost model to assess the implementation

of collaborative robots in assembly processes.

Couto et al.[23] 2024 What Matters for Managers When Adopting

Cobots in Manufacturing Organisations? The Re-

sults of a Survey Study in Portuguese SMEs.

Keshvarparast et

al.[48]

2024 Collaboration robots in manufacturing and assem-

bly systems: literature review and future research

agenda.

Continued on next page
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Table 2.4 (continued)

Paper Year Title

Polonara et al.[49] 2024 Introduction of Collaborative Robots in the Pro-

duction of Automotive Parts: A Case Study.

2.2.4 Data Extraction and Synthesis Process

In step 4, the extracted data were synthesised to report on the shortlisted papers.

Data were organised into themes aligned with the research question and presented

through figures and tables to facilitate interpretation and analysis, as detailed in

section 2.3.

2.3 Results and Discussion of the Shortlisted Papers

This section presents the main results of the systematic review. First, descriptive

results are outlined, highlighting the distribution and publication characteristics of

the reviewed papers. Figure 2.3 illustrates the distribution of research outputs by

year. The number of published papers remained low and relatively stable between

2014 and 2018, followed by a gradual increase in subsequent years. Publication

output peaked in 2022, with a total of 12 papers. This was followed by a decline to

two papers in 2023, before increasing again to four papers in 2024. As 2024 data may

still be incomplete, this figure may continue to increase. Regarding the distribution

of research outputs by publication type., as shown in Figure 2.4, journal articles

dominate the data set, with a substantial representation of conference publications

as well. Next, the analysis of the shortlisted papers in relation to the research

questions is presented.
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Figure 2.3 : Distribution of Research Outputs by Year

Figure 2.4 : Distribution of Research Outputs by Type

2.3.1 Evidence of Collaborative Robot Adoption in Manufacturing

To understand how research on cobot adoption in manufacturing has evolved,

and to provide a clear overview of the evidence types available, a detailed map-
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ping of research types was conducted. This process allows the improvement of a

taxonomy for the shortlisted papers. A taxonomy refers to a systematic and struc-

tured approach to organising knowledge and information [50]. Several established

approaches for developing a taxonomy of selected papers have been outlined by D.

Porta and M. Keating [51],and Creswell [52]. While these approaches differ in how

they classify papers, they share common methods for grouping knowledge based on

research purpose or research methodology. This review adopted this approach. Fig-

ure 2.5 presents the research taxonomy developed in this study. As illustrated, three

main research categories were identified: first, literature reviews examining cobot

use in the manufacturing sector; second, research development stages, which include

the conceptual stage, the tested (but not yet applied) stage, and the deployment

(applied) stage for cobot applications and solutions; and third, empirical research

on the factors that drive or impede cobot adoption in the manufacturing context.

Within each category, some subcategories were identified based on research focus,

research questions, and objectives. The same paper may be categorised under mul-

tiple subcategories with the research taxonomy due to its relevance and contribution

to each area. Figure 2.5 provides a detailed analysis of each category. The same pa-

per may be categorised under multiple subcategories within the research taxonomy

due to its relevance and contribution to each area.
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Figure 2.5 : Cobot Adoption in Manufacturing: Research Taxonomy

Literature-Based Research

The first category comprises literature-based research, represented by 10 liter-

ature review papers. Three types of reviews were identifed, as listed in Table 2.5,

and discussed below.

Table 2.5 : Sub-Category of Literature-Based Research on Cobot Adoption in Man-

ufacturing

Category Related Paper

General Reviews [22],[28],[29],[34],[41],[48]

Focused Reviews [33],[42],[43],[53]

Reviews of Applications/Tasks [22],[28],[29],[34],[48]

The first type of literature-based research is general reviews, with a total of

six papers identified and discussed. This type offers a broad overview of the state

of research across various manufacturing applications and cobot types, without fo-

cusing on specific aspects or applications/tasks. These reviews generally examine
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the benefits and challenges associated with cobots, as well as their application in

industrial contexts. In terms of developing a broad taxonomy, two review papers

addressed this topic. First, Segura et al. [34] proposed a taxonomy of components

for cobots, involving four components: interaction level, communication interfaces,

work roles, and safety control modes. This taxonomy generally provides a compre-

hensive framework that applies across various manufacturing fields and cobot types.

Second, Hentout et al. [28] proposed a taxonomy of human-robot interaction system

types (technical). This taxonomy is based on interaction types, control strategies,

and system architectures. In addition, the authors discussed key challenges that may

impede effective use, including safety concerns and cost issues, without focusing on

a particular application or task involving cobots. These two taxonomies emphasise

the technological components and interaction types that are used in practice, which

differ from the taxonomy developed in this research, as it focuses on how and what

type of research has been conducted in the manufacturing SME context. Therefore,

the two aforementioned taxonomies and this current research taxonomy offer differ-

ent but complementary perspectives that enhance the understanding of the cobot

topic in the manufacturing sector. Another review offered a general overview of hu-

man factors in human-robot collaboration during operational use [41]. These factors

include physical ergonomics (e.g., physical strain), mental workload, trust, accep-

tance and usability. Physical ergonomics and mental workload both affect operator

well-being and task performance during collaboration activities. In addition, trust,

acceptance, and usability are important elements that influence whether and how

to adopt and interact with cobots. The most literature focus on cobot applications

such as assembly processes and material handling (e.g., [22],[28],[29],[34],[48]), and

machine tending (e.g., [28],[29],[34],[48]). Three studies focused on quality control

(e.g., [28],[29],[34]). Two studies discussed cobot applications in welding operations

and machining processes (e.g., [22],[34]), and disassembly operation (e.g., [22],[48]).

This type of review reveals that two studies proposed taxonomies with a technical

focus, while only one paper addressed human factors. However, there is a notable

lack of attention regarding the role and applications of cobots within manufacturing

SMEs.
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Focused reviews represent another type of review, comprising a total of four pa-

pers. These reviews analyse the state of cobot usage in specific aspects or domains.

To develop a specific taxonomy, De Simone et al. [44] developed a taxonomy fo-

cused on human factors (psychological) that influence cobot operator performance:

stress, workload, trust, usability, and acceptance. In terms of various dimensions of

relevant factors: first, a review by Cardoso et al. [33] focused on the importance of

improving ergonomics as a requirement in human-robot collaboration. They identi-

fied two types of ergonomic evaluation factors: physical ergonomics, which includes

body-related factors such as movement, physical stress, and muscle fatigue; and

cognitive ergonomics, which involves mental workload, memory, and stress. Second,

Silva et al. [43] proposed a set of decision-making criteria for cobot investment to

support the decision process. These criteria include productivity, safety, flexibility,

cost, programming, technical features, competitiveness, ergonomics, space, and mo-

bility. Regarding another specific aspect regarding adoption risk and organisational

readiness, Berx et al. [39] point out that safety issues, knowledge gaps, and regu-

lations are critical barriers to cobot adoption. One key limitation of this type of

review is that the taxonomy proposed by [44] remains in a preliminary phase. It

lacks empirical testing, theoretical grounding in established human factor models,

and validation. Further, only one study [33] applied SLR approaches, which would

enable replication and further expansion of the research. Moreover, none of these

reviews clearly address the practical applications of cobots and the context of man-

ufacturing SMEs is notably absent.

The third category includes reviews about applications of cobots in the man-

ufacturing sector. Five papers from the general review category were classified

under this type. This separate grouping was included to enhance clarity about the

application context rather than to replicate content. It may also support future

development in taxonomy structure, particularly regarding use case differentiation

between large manufacturers and SMEs. These papers reviewed applications/tasks

in manufacturing where cobots could provide benefits in terms of productivity, safety

and flexibility. Table 2.6 presents papers that examine the application uses of col-

laborative robots in manufacturing. Several applications for cobots are relatively

22



more promising, offering several opportunities for further work to apply case stud-

ies on promising applications in manufacturing SMEs, an area that remains largely

underexplored in the existing literature.

Table 2.6 : Papers on Cobot Application Uses in Manufacturing

Applications Fields Review Related Paper

Assembly processes [22],[28],[29],[34],[48]

Material handling [22],[28],[29],[34],[48]

Machine tending [28],[29],[34],[48]

Quality control/inspection/screening [28],[29],[34]

Machining processes [22],[34]

Welding operations [22],[34]

Disassembly operations [22],[48]

Research Development Stages

The second category, comprising the largest number of papers (16 in total), is as-

sociated with the research development stage. This category represents the natural

progression of academic works from initial proposals, such as a model or concept, to

practical implementation in a real-world context. Three separate stages were iden-

tified: the conceptual stage, the tested (not applied) stage, and the applied stage.

The conceptual subcategory comprised 7 papers. This stage of work focused

on the early development and refinement of structured arguments to explain cobot

adoption/use, and theoretical models or frameworks, with or without initial em-

pirical exploration using qualitative methods to assess usability or perceived value.

Table 2.7 details the contribution of each work within this stage. In the purely con-

ceptual work, the authors primarily proposed theoretical models and discussed their

potential benefits without a testing stage. These include: a conceptual maturity

grid model for assessment of safety readiness [39]; the introduction of a paradoxical

tension concept in cobot safety [42]; and a conceptual model that integrates UTAUT

theory and soci-tecnnical system perspective to explore cobot acceptance in the In-

dustry 5.0 context [40]. In the conceptual framework with qualitative evaluation,
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four papers [20],[24],[30],[37] developed models or tools and conducted initial empiri-

cal qualitative methods. Among these, only 3 papers focused on assembly processes,

and on welding operations.

Table 2.7 : Studies at the Conceptual Stage of Cobot Implementation in Manufac-

turing

Paper Process Description/Contribution

[20] Welding operations A qualitative exploration of organisational

human factors: A case study at a UK

aerospace manufacturer.

[24] Assembly processes (only

mentioned in two compa-

nies)

Development of the integrated

DOI–TOE–INT framework through qualita-

tive research involving six companies.

[30] Assembly processes Qualitative study employing Grounded The-

ory methodology with assembly workers.

[37] Assembly processes Development of a web-based tool for em-

ployee acceptance. Preliminary validation

based on a qualitative study.

[39] N/A Conceptual maturity grid model (CSRAT)

for system-wide safety readiness assessment.

[42] N/A Identifies paradoxical tension in cobot safety

where robots appear simultaneously ”too

safe” (limiting productivity), ”inherently

safe” (from a technical perspective), and

”less safe” (from a system-wide perspective).

This confusion contributes to low adoption

rates.

[40] N/A Conceptual model integrating UTAUT and

STS theories for cobot acceptance in manu-

facturing environments.

The tested stage subcategory is the second within the development stage, and is
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the largest, comprising a total of 8 papers. This stage includes studies that examine

cobot adoption and/or usage models or methodologies through experiments, simula-

tions, or user data collection, without consistent deployment in real-world industrial

settings (Table 2.8). Among these, only two papers focused on assembly processes

and two papers on machine tending activities.

Table 2.8 : Studies at the Tested Stage of Cobot Implementation in Manufacturing

Paper Application/Task

Category

Description/Contribution

[27] Material Handling (pick

and place operations,

packaging)

Feasibility study validated via empirical monitoring, digital

twin simulation, and Monte Carlo analysis.

[21] Assembly processes

(component monitoring,

fastening operations)

Empirical validation of human-robot collaboration acceptance

model through a cross-cultural survey.

[32] N/A Empirical validation of success factors for industrial human-

robot interaction via an online survey of German manufactur-

ers.

[54] N/A Empirical validation of TOE-DOI framework via SEM with

Chinese SMEs.

[36] N/A Empirical validation of sociotechnical factors via SEM with

Russian manufacturing firms.

[47] Assembly process Theoretical cost model developed and empirically validated

with real manufacturing case studies. Tested with industry

data, though no cobot systems were implemented.

[23] Not identified Empirical validation of TOE-DOI-INT framework via SEM

with Portuguese companies.

[49] Machine tending (load-

ing/unloading plastic

components)

Collaborative project between Polytechnic University and

TechPol Srl, an SME, to use cobot technology for welding

station automation. Reported 86% reduction in worker time.

The third subcategory is the applied stage, which includes studies that success-

fully deployed cobots in industrial settings. A total of three case study papers were

identified in this subcategory (see Table 2.9). This stage enables direct observation
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of cobot performance and real integration with operational work. Two of the case

studies focused on material handling and one on assembly tasks.

Table 2.9 : Studies at the Deployment (Applied) Stage of Cobot Implementation in

Manufacturing

Paper Application/Task

Category

Description/Contribution

[31] Assembly process Demonstrates real-world deployment of a human-robot col-

laboration system in aerospace manufacturing, achieving a

25% reduction in assembly time and a 30% reduction in non-

recurrent costs.

[35] Material handling (pick-

ing and placing operation

for food packaging)

Demonstrates real-world deployment of a cobot system in an

industrial kitchen, achieving a 23% cost reduction, acceptable

payback period, and measurable ergonomic improvements.

[45] Material handling (pick

and place operations)

Industrial deployment of an interactive cobot programming

method enabling rapid setup and non-expert operation.

Empirical Evidence on Factors and Barriers to Cobot Adoption

The third category of research on cobots in manufacturing comprises empirical

studies that investigate the factors that drive and/or hinder cobot adoption. A total

of 14 papers were identified in this category (Table 2.10). As shown in Table 3, no-

table variations exist in the research context and study design, including differences

in sample and participant profiles. Germany was the most frequently represented

context, appearing in 6 papers. Regarding company size, five papers did not specify,

three mentioned a mix of large companies and SMEs, two focused on large compa-

nies, and four focused on SMEs. Among these studies, a qualitative research design,

such as interviews, workshops, and open-ended surveys, were used in eight papers,

and quantitative surveys were employed in six studies. The studies also differ in

their examination of factors and barriers. There is an increased interest in inves-

tigating these factors or barriers in general. In the section on barriers to adoption

and adoption factors, the difference between each factor category will be presented.

26



Table 2.10 : Empirical Studies on Cobot Implementation in Manufacturing

Paper Study Context Method & Sample Factors Barriers

[20] UK (Large) Qualitative (interviews). Participants

(n=12; roles included operators, techni-

cal/management.

✓ ✓

[25] South Africa Qualitative (Survey with open-ended ques-

tions). Participants (n=12) roles included

IT managers and production managers.

✓ ✓

[15] Spain (Mixed: large,

SME, students)

Early stage qualitative study (workshops,

questionnaire). Professionals ( n=51) and

vocational training students (n=38 ).

✓

[26] Finland Quantitative (online questionnaire). Partic-

ipants (n=75) from industry, academia, in-

tegrator and distributor.

✓

[21] Germany, Japan, China,

USA

Quantitative (large-scale cross-cultural sur-

vey).Participants (n=1362); roles included

operational production workers.

✓

Continued on next page

27



Table 2.10 (continued)

Paper Study Context Method & Sample Factors Barriers

[24] Portugal and France

(Large)

Qualitative (interview). Participants

(n=13) from 6 companies; roles included

managers.

✓

[30] Germany Qualitative (interview). Participants

(n=17) from 4 companies; roles included as-

sembly workers.

✓

[37] Germany (SMEs) Qualitative (tool development). Partici-

pants (3 SMEs with five managers for eval-

uation).

✓

[32] Germany (Mixed: large

and SMEs)

Quantitative (Survey). Participants

(n=81); roles included managers and

technical/production personnel.

✓ ✓

[54] China, Guangdong

(SMEs)

Quantitative (Survey). Participants

(n=242); roles included managers.

✓

[36] Russia, Moscow (unspec-

ified)

Quantitative (Survey). Participants

(n=351) from 10 companies; roles included

management staff.

✓

Continued on next page
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Table 2.10 (continued)

Paper Study Context Method & Sample Factors Barriers

[38] Sweden (SMEs), Hun-

gary, Germany

Qualitative (Interview). Participants (n=8)

from 5 Swedish SMEs and (n=3) interna-

tional firms; roles included managers, engi-

neers and operators.

✓

[46] Italy, Germany, Finland

(SMEs)

Qualitative (Interview). Participants (n=5)

from 5 SMEs; roles included decision mak-

ers (e.g., CEO).

✓ ✓

[23] Portugal (SMEs) Quantitative (survey). Participants (n=78)

from 5 SMEs.

✓29



Some important observations emerge from this systematic review. On the pos-

itive side, cobot adoption and its applications in manufacturing environments are

progressing. The reviewed studies include a wide range of cobot uses and appli-

cations across various manufacturing domains. There is also evidence that cobots

are deployed/applied for various purposes and solutions; however, the number of

related studies remains very small, at only three. In contrast, 11 papers focused on

the tested stage, indicating growing interest among researchers in developing and

testing models. Yet, this stage generally remains limited. Importantly, only four

papers focused extensively on the SME context [23, 37, 46, 54] but they lack clear,

explicit details about the specific cobot application/task that was evaluated. In ad-

dition, these studies differ significantly in their methods, samples, and the factors or

barriers being studied. Overall, research remains unclear on the application of and

the factors/barriers to cobot adoption, particularly in manufacturing SMEs, which

may cause SMEs to remain cautious.

2.3.2 Cobots Adoption in Manufacturing: Reasons

This section presents the reasons that motivate manufacturing environments to

adopt cobots, as highlighted by research papers [22],[25],[27],[28],[29],[30],[31],[32],

[41],[43],[45],[47],[48],[49]. The reasons stem from problems commonly associated

with the need to transition to cobot adoption/use. The specific reasons for adoption

cobots in manufacturing environments are presented in Figure 2.6.
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Figure 2.6 : Reasons to Adopt Cobots in Manufacturing

Economic Benefits are a major reason for the use of cobots, as manufacturers

seek ways to enhance efficiency and increase return on investment (ROI). Cobots

can reduce operational expenses due to their easier integration and smaller size com-

pared to traditional industrial robots [30],[48],[49]. Labor costs can be reduced by

using cobots in industrial processes, as they lower the number of operators required

through the automation of repetitive tasks, such as packaging operations [27],[45].

For SMEs, cobots are particularly suitable due to their flexibility and ease of pro-

gramming, which allow for small lots and facilitate product changes at a lower cost

[25],[32]. Further, cobots reduce the need for safety infrastructures. Given this

benefit, humans and robots can work together without fencing [45], a novel feature

compared to traditional industrial robots. Finally, cobots help maintain market

competitiveness based on their ability to provide highly customized small-batch

production and rapid adaptation to customer requirements [45],[49].

Some benefits of using cobots in manufacturing fall into operational performance

in terms of responsiveness and capability. Cobots help deliver time and speed im-

provements by reducing disruptions and optimising manufacturing processes [49].

Process efficiency is achieved by reducing waste and strategically allocating resources
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between robots and humans [22],[27],[31],[47]. Further, cobots support factory space

optimisation without requiring major changes to the existing floor layout [43].

Regarding the advantages related to the health and well-being of operators,

researchers highlight the importance of enhancing and safeguarding their physical

and mental health. Cobots can support long-term operator performance by reducing

continuous fatigue associated with intensive tasks [43] and preventing musculoskele-

tal disorders by reducing high-strain manual operations [43]. Safety features such as

safety-related monitor stop functions and advanced sensors help mitigate accident

risk in collaborative workspaces [28],[29].

Programming simplification of cobots offers advantages that reduce the effort

and expertise required for coding. One example is interface-based programming,

which uses user-friendly interfaces to enable easy setup [43],[49]. Another is the

capability of learning by demonstration, where workers physically guide the robot

to perform tasks, without the need for coding [29].

Finally, one of key reasons for using cobots is the enhancement of tasks through

thecombined capabilities of humans and robots. This includes human intelli-

gence with robotic accuracy, human adaptability with robotic strength, and human

dexterity with robotic consistency [28].

2.3.3 Barriers

The review identified several barriers to cobot adoption in manufacturing, as

outlined in Table 2.11, with empirical and review findings presented in separate

columns. To enhance clarity and avoid repetition of conceptually similar terms de-

scribed differently by researchers, these barriers are grouped into a single row where

appropriate. Four barriers were most frequently mentioned by researchers. Safety

was considered the most significant challenge to cobot adoption [15],[26],[28],[38],[39]

[46]. Researchers highlighted various legal and safety issues [28], performance limita-

tions arising from safety constraints [38], and safety-related concerns stemming from

perceived risks and the need for thorough safety assessments [46]. Another major

barrier identified is a lack of knowledge, often linked to limited experience and a

shortage of skilled employees [15],[25],[26],[42],[46]. Fear of job loss was frequently
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identified as a major barrier, often associated with retrenchment or displacement

due to automation [25],[46] and resistance behaviour resulting from fear [32]. In

these studies, the barrier was identified through insights of managers and techni-

cal experts. Further, Cost-related issues emerged as one barrier to cobot adoption

[15],[26],[43], encompassing challenges such as high initial investment and complex

cost-benefit evaluations [43]. Other barriers were highlighted less frequently by

researchers, such as acceptance/skepticism [15],[46], lack of union communication,

limited resources for automation development, resistance from unions [20], techni-

cal limitations (cobot technical properties) and issues with system integration [26],

performance constraints (issues related to cobot features: speed, time, and quality

of work), involvement challenge, and strategic concerns [38]. Overall, it can be con-

cluded that certain barriers remain underexplored, highlighting the need for further

empirical studies to investigate these barriers and uncover emerging challenges that

may hinder cobot adoption, particularly in SMEs.
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Table 2.11 : Barriers to Cobot Adoption in Manufacturing

Barriers Empirical Review Barriers Empirical Review

Safety issues [15],[26],[38] [46] [28],[42] Lack of knowl-

edge/lack of Integra-

tion knowledge

[15],[25],[26],[46] [42]

Cost issues [15],[26] [28],[43] Fear of job loss [25],[32],[46]

Lack of union commu-

nication

[20] Acceptance/Skepticism [15],[46]

Resistance from

unions

[20] Technical limitations [26]

Resources for automa-

tion development

[20] Lack of system inte-

grators

[26]

Job redesign [46] Performance limita-

tions

[38]

Involvement challenge [38] Strategic issues [38]
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2.3.4 Factors Influencing Adoption

Understanding the determinants of adoption is essential for the effective imple-

mentation of cobots, as it allows decision-makers to anticipate and mitigate potential

barriers to their adoption. Through the analysis and validation of data from the se-

lected papers, factors influencing adoption were identified. These determinants were

derived from empirical, conceptual, and review studies, and subsequently classified

into human dimensions ( both individual and organisational characteristics), envi-

ronmental, organisational, and technological, as shown in Table 2.12. Two important

notes apply to these classifications. First, a few papers adopted frameworks that

supported factor classification [23],[24],[54]. In this study, all factors were grouped

under the major categories of technological, organisational, and environmental, with

human factors added as an additional category to capture a wide range of elements

related to human aspects. As shown in 2.12, some factors were combined into a sin-

gle row where they were conceptually related, thus avoiding unnecessary repetition.

For example, complexity and ease of use, as well as trialability and pilot project

were grouped together. According to Venkatesh et al. [55], factors with similarities

in meaning and application (e.g., complexity and perceived ease of use) can be com-

bined to enhance clarity in analysis; this study adopted the same approach. Second,

human factors were divided into two subcategories. The individual subcategory

relates to personal attributes, capabilities and perceptions of individuals, such as

behaviour, prior knowledge and trust. The organisational-human subcategory refers

to people or roles within an organisation that influence adoption and implementation

by shaping employees’ willingness and ability to engage with the technology. This

influence encompasses organisational processes such as communication of change,

support and the existence of a champion. This subcategory was identified by Char-

alambous et al. [20] and was therefore retained in this study as a distinct subset

of human factors. For example, while certain factors, such as management support,

can be viewed as organisational mechanisms when considered from a structural or

resource allocation perspective, the same factor, senior management support, has

been classified by researchers [20] as an organisational human factor when linked
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to employees’ acceptance and motivation. In this study, such factors were retained

under the category assigned by the primary study authors to ensure consistency

with the perspective adopted in the primary research and maintain conceptual in-

tegrity. Overall, some concepts are relevant to more than one domain; therefore,

human factors are considered not only as individual elements, but also in terms of

their interaction with organisational processes, enabling a clear representation of

adoption factors as presented in the literature.
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Table 2.12 : Factors Related to Cobot Adoption in Manufacturing

Factors Empirical Conceptual Review Factors Empirical Conceptual Review

Technological Factors

Complexity/Ease

of Use

[21],[24],[46],[54] [28],[43] Relative Advan-

tage/Usefulness

[21],[23],[24],[36],[54]

Trialability/Pilot

Project

[24],[46][54] Technical Fea-

tures

[24],[30] [43]

Observability [24],[54] Compatibility [23],[24],[54]

Dependability

/Reliability

[25],[30] Safety [30],[32] [43]

Technical Sub-

system

[36] [40] Output Quality [21]

Support [24]

Organisational Factors

Top Manage-

ment Support

[22],[23],[24],[36] Organisational

Readiness

[24],[54]

Work Design [36] [40] Financial Costs [32]

Receptiveness [24] Project Cham-

pion

[24]
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Factors Empirical Conceptual Review Factors Empirical Conceptual Review

Technological

Infrastructure

[24] Relationships

(Execu-

tive/Colleagues)

[30]

Training [36] Implementation

Process

[30]

Competitiveness [43] Incentives [36]

Facilitating

Conditions

[40] Corporate Cul-

ture

[37]

Vision [46] Work Routine

Change

[37]

Resources [23] Open Innovation [46]

Human Re-

sources

[23]

Environmental Factors

Competitive

Pressure

[22],[24] Industry Pres-

sure

[23],[24]

Communication [25] Government

Agencies

[24]
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Factors Empirical Conceptual Review Factors Empirical Conceptual Review

Financing Agen-

cies

[24] Government

Support

[54]

Business Part-

ners

[24] Vendor Support [54]

Human Factors – Individual

Trust [25],[30],[32] [33],[41],[44] Acceptance [33],[44],[41]

Prior Experience

/Knowledge

[30],[36],[37] Usability [33],[44],[41]

Perceived Safety [21],[37] Negative Feel-

ings

[21],[30]

Positive Feelings [21],[30] Technology

Affinity

[21],[37]

Subjective

Norm/Social

Influence

[21] [40] Perception of

External Con-

trol

[21]

Job Relevance [21] Self-Efficacy [21]

Image [21] Demonstrability [21]

Perceived Risks [30] Self-Assessment [30]
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Factors Empirical Conceptual Review Factors Empirical Conceptual Review

Perceived Bene-

fits

[30] Innovativeness [36]

Effort Ex-

pectancy

[40] Performance Ex-

pectancy

[40]

Human Factors–Organisational

Communication

of the Change

[20] Flexibility

through partici-

pation

[20]

Existence of a

Champion

[20] Workforce

Training

[20]

Operator Partic-

ipation

[20] Senior Support [20]

Social Subsys-

tem

[36]
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As discussed, some factors were grouped into a single row, and this was clarified

by the researcher during the presentation of the results. Within the technological

dimension, some factors were identified across empirical and conceptual/review pa-

pers, each with varying influences on cobot adoption. The first factor, complexity,

had a significant negative influence on adoption [22], while ease of use had a strong

positive effect [21]. Qualitative findings described complexity as low [24] but also

identified it as a technical barrier [46]. It was also reported in review works [28],[43].

The effect of relative advantage/usefulness was found to be strongly positive in

some studies [21],[54], negative in one study [36], and nonsignificant in another [23].

A qualitative study identified it as an important factor [24]. The trialability factor

showed a strong positive effect [54]. In two qualitative studies, it was identified as an

enabling factor [46], and work in [24] identified it as a technology factor. Technical

features were cited in qualitative research. One study [30] discussed them in terms

of process and cobot design as prerequisites for cobot acceptance. Another study

by [24] highlighted these factors in relation to task execution speed and probability,

identifying them as important considerations. They were also mentioned in review

work [43]. Observability and compatibility were found to have a strong positive ef-

fect in one study [54] but were deemed nonsignificant in another [23]. A qualitative

study by [24] identified these two factors as important. Dependability/reliability

was identified as an important factor in two qualitative works [25],[30]. Safety was

identified as a success factor involving hazard identification and risk assessment [32],

and was determined to be a priority factor in a qualitative study by [30], and in a

review paper [43]. The technical subsystem factor was found to have a positive effect

in [36], and was also mentioned in conceptual work [40]. Furthermore, output qual-

ity had a positive effect [21], and support was mentioned as a factor in qualitative

work in [24].

The organisational dimension was the second category and included several fac-

tors of varying importance. Top management support was identified as a relevant

determinant in [22],[23] and [36], and was also highlighted as important in qualita-

tive work [24]. Organisational readiness was also an important determinant in [54]

and as an important factor in a qualitative study [24]. Work design was found to
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have a non-significant effect in [36], but was cited as a relevant factor in conceptual

work [40]. Other determinants, such as financial cost, were rated as moderately

relevant for the effective adoption of cobots [32]. Receptiveness, project champion,

and IT infrastructure were found to be important factors in cobot adoption [24].

Further, training was identified as a positive factor in [36]. In qualitative work, the

implementation process was presented as a critical factor influencing human-robot

acceptance [30]. The incentive factor was found to have no effect [36]. Corporate

culture and work routine changes were determined as theoretical components of

their cobot acceptance assessment tool in a qualitative study [37]. In [23], resources

were identified as a positive factor while human resources had no effect. Moreover,

open innovation was presented as an enabler [46], competitiveness was highlighted

in review work [43], and facilitating conditions were emphasised in conceptual work

[40].

Within the environmental dimension, several factors were identified across em-

pirical studies. Competitive pressure showed no effect [22], whereas one qualitative

study identified it as a strong enabler [24]. Industry pressure was found to have a

positive effect [23], and was also recognised as a strong enabler in qualitative research

[24]. In other qualitative work, communication was identified as the key factor [25];

government agencies and business partners were recognised as strong enablers, while

financing agencies were considered moderate enablers [24]. Government support and

vendor support showed no effect [22].

The human dimension was presented in two subcategories: individual and or-

ganisational human factors. First, individual factors included those identified in

empirical, conceptual, and review studies. Trust was rated as an important factor

[32], identified as key factor in two qualitative studies [25],[30], and mentioned in

three review papers [33],[41],[44]. Prior experience had a positive effect [36], and in

qualitative studies, was perceived as an important factor [30],[37]. Acceptance and

usability were mentioned in three review papers [33],[41],[44]. Perceived safety was

also a strong positive factor [21], and, in qualitative work [37], was identified as an

important factor. Negative feelings such as anxiety had a negative effect [21], and

qualitative studies identified anxiety alongside feelings of uncertainty, helplessness,
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worthlessness or frustration as a primary factor of importance [30]. Positive feelings

such as enjoyment had a strong positive effect [21]. In a qualitative study, enjoyment,

alongside feelings of curiosity and excitement, was perceived as a primary factor of

importance [30]. Technology affinity was identified as a negative factor in [21], while

in qualitative work, it was perceived as significant, with both positive and negative

potential [37]. Innovativeness was identified as a positive factor in [36]. In the work

by [21], subjective norm had a positive effect and was also mentioned in conceptual

research [40]. Further, perception of external control and job relevance were strong

positive factors. Five other factors: image, self-efficacy and result demonstrabil-

ity had moderate positive effects [21]. Other factors, such as result demonstrability,

had a strong effect [21]. Perceived risk, perceived benefits, self-assessment, and work

motivation were considered primary influencing factors [30]. Effort expectancy and

performance expectancy were highlighted in a conceptual paper [40].

Second, organisational human factors were identified through an empirical study. In

work by [20], six enabling factors were highlighted: operator participation, existence

of a champion, communication of the change, senior management support, training,

and flexibility through participation. Furthermore, in the work by [36], the social

subsystem, which includes group culture, relationships, and social dynamics, was

found to have no effect.

Following the analysis of the review findings, four main dimensions were identi-

fied: technological, organisational, environmental and human, with one additional

social dimension, as presented in Table 2.12. The table presents an initial map

that includes these dimensions and their related factors, extracted from empirical,

conceptual, and review papers. Importantly, the majority of factors are supported

by only one or two studies in each dimension, and some are highlighted exclusively

in conceptual or review papers. This suggests that current evidence is insufficient

to confirm the relative importance of these factors in adoption. Additionally, the

distribution of factors varies: with some studies emphasising human factors at the

individual level, while technological and environmental dimensions have received

comparatively less attention. Only four studies focused on SMEs. One focuses on

individual factors [37], another study highlighted only a small subset of technological
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and organisational factors [46], and two addressed a different subset of technological,

organisational and environmental factors [54], but [23] did not provide full coverage.

Therefore, further empirical studies on manufacturing SMEs that investigate the

main dimensions as a holistic framework for adoption decisions are required. For

the most part, decision-makers are responsible for choices related to new technolo-

gies, including their trial and adoption in industry. Therefore, a comprehensive map

of influencing factors can support more informed adoption decisions. This highlights

a significant aspect for improvement in future investigations, particularly since the

somewhat low adoption rates in the manufacturing SME context.

To provide a cross-context synthesis of the most influential empirical evidence, Ta-

ble 2.13 summarises key studies that have significantly shaped understanding of

adoption factors across different manufacturing and digital technology contexts.
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Table 2.13 : Summary of Influential Empirical Studies on Adoption Factors Across

Contexts

Study Context Technology Key Adoption Factors

Identified

[56] SMEs Cloud computing Relative advantage, compati-

bility, complexity, top man-

agement support, competitive

pressure

[57] SMEs B2B e-commerce Relative advantage, organisa-

tional readiness, firm size,

competitive pressure

[58] Manufacturing

firms

Smart manufac-

turing technolo-

gies

Digital knowledge, strategic

alignment, perceived value, en-

vironmental pressure

[59] Manufacturing

organisations

IIoT Relative advantage, organisa-

tional readiness, vendor sup-

port, security concerns

[60] Manufacturing

SMEs

Industry 4.0 Compatibility, complexity, top

management support, market

uncertainty

[24] Manufacturing

firms

Collaborative

robots

Relative advantage, compati-

bility, trialability, management

support, regulatory environ-

ment

[54] Industrial organ-

isations

Collaborative

robots

Relative advantage, organisa-

tional readiness, vendor sup-

port, government support

[61] Organisations Generative AI Relative advantage, compat-

ibility, absorptive capacity,

competitive pressure
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2.3.5 Theory/Model/and Framework in Cobot Adoption

Theoretical frameworks of adoption presented in this study were very limited,

involving only five empirical works and one conceptual study, none of which have yet

been evaluated, as shown in Table 2.14. From the perspective of theoretical tech-

nology adoption: at the organisational level in large manufacturing (as classified

in Table 2.10) [24], the DOI-TOE-INT framework was applied. In manufacturing

SMEs [23], the DOI-TOE-INT framework was also used; while another SME study

[54] applied the DOI-TOE framework. At the individual level, Broeh et al. [21],

applied the TAM and its extensions. Furthermore, the review identified another

perspective, namely a sociotechnical perspective in one empirical study [36] and the

UTAUT combined with STC in one conceptual study [40].

In general, sociotechnical perspectives focus on change processes or actual use rather

than adoption determinants (intent to adopt) [40]. In the work by [36] , as discussed

above, limited effectiveness was found when applying sociotechnical factors as adop-

tion determinants. Only one of three factors (technical subsystem) showed a positive

effect, while work design and social subsystems had no effect. Therefore, from this

perspective, the ability to explain or predict adoption intent is limited.

As such, among the limited works available in literature, particularly at the organ-

isational level in empirical studies, DOI and TOE were the dominant frameworks,

with only two studies conducted in the SME context. However, it is clear these two

studies did not consider human factors. In summary, the theoretical development of

surrounding cobot adoption in manufacturing SMEs is still in its early stages and

provides valuable opportunities as a foundation for future work.
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Table 2.14 : Theories and Models Relevant to Cobot Adoption

Paper Theory/Model Type Category Factors Considered

[21] TAM-TAM2-

TAM3

Empirical Individual-

Based

Technological (3 factors), Hu-

man (Individual) (12 factors)

[24] DOI-TOE-INT Empirical Organisational-

Based

Technological (7 factors), or-

ganisational (5 factors), envi-

ronmental (5 factors)

[54] DOI-TOE Empirical Organisational-

Based

Technological (5 factors), or-

ganisational (2 factors), envi-

ronmental (3 factors)

[36] STC, with some

organisational

& individual

factors

Empirical Socio-

Technical

Human (individual factors),

organisational (1 factor),

social-technical factors (3

factors)

[40] UTAUT-STC Conceptual Individual

& Socio-

Technical

Human (individual factors),

organisational (2 factors),

social-technical factors (3

factors)

[23] DOI-TOE-INT Empirical Organisational-

Based

Technological (2 factors), or-

ganisational (3 factors), envi-

ronmental (2 factors)

2.4 Gaps in the Literature

This SLR identified several gaps:

• Existing works on cobot adoption primarily focus on large firms and, in some

cases, do not specify firm size. This highlights a possible gap in the literature

concerning the distinct adoption factors, challenges, and decision-making pro-

cesses relevant to the SME context. Organisational capabilities and resource
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constraints in SMEs differ significantly from those in larger firms; however,

this distinction has received limited attention.

• While the existing literature has identified certain factors influencing cobot

adoption, current research presents a partial understanding, lacking a compre-

hensive examination of both facilitating and inhibiting factors within a unified

analytical framework. This potential gap is particularly evident in the con-

text of manufacturing SMEs, where holistic insights remain scant and require

systematic integration.

• Although only two studies have presented theoretical frameworks for cobot

adoption in manufacturing SMEs, these frameworks demonstrate limitations

in sufficiently integrating human factors and barriers with technological, organ-

isational, and external factors as specific influencing dimensions within their

theoretical model to understand the adoption process in this organisational

context.

• Based on the literature, among the 14 empirical studies reviewed, only two

were qualitative investigations [37],[46] and two were quantitative studies [23],[54]

on cobot adoption in manufacturing SMEs. These studies exhibit several

limitations, including small sample sizes in some cases, a primary focus on

managerial perspectives with limited or no consideration of technical experts’

perspectives, despite their important role in technology adoption decisions,

and, in some cases, a lack of validation and generalisability of the findings. To

address these limitations, employing mixed-methods approaches that combine

quantitative and qualitative data represents a useful direction for further work,

achieving a better understanding of this context and incorporating different

perspectives from management-level and IT experts.

• To the best of the authors’ knowledge, no existing study has examined cobot

adoption in Oceania, particularly among Australian manufacturing SMEs.

Given Australia’s unique industrial structure, high labour costs, and ongo-

ing skill shortages, understanding this context, particularly in manufacturing
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SMEs, is crucial. With growing global interest in this topic, particularly in

Western countries such as Germany, France, and Portugal, research in the

Australian context is essential for building knowledge that can benefit both

local industry and the broader international community.

Regarding the identified gaps in the current review on cobot adoption in manufac-

turing SMEs, there is a request for a thorough exploration of factors and barriers

that influence the adoption process within this context. These factors require clear

dimensional classification and organisation to enhance analytical consistency and

theoretical clarity. Based on the review undertaken, a detailed analysis and clas-

sification of the identified barriers (Table 2.11) and influencing factors reported in

existing studies (Table 2.12) were conducted. Further analysis of the existing theo-

retical frameworks of adoption (Table 2.14) reveals that current theoretical frame-

works determine adoption at the individual and organisational levels and show that

only two frameworks at the organisational level have been applied at SMEs [23],[54].

Therefore, the researcher synthesised these findings to develop a comprehensive clas-

sification system that involves five major dimensions: technological, organisational,

environmental, human and barriers (Table 2.15). This table presents all 14 empir-

ical studies. It is evident that organisational-level frameworks, such as TOE and

DOI, tend to overlook human factors and barriers as specific contextual dimensions,

whereas studies not based on theoretical frameworks occasionally consider these

aspects. This clearly demonstrates the need for a consistent and comprehensive un-

derstanding of the topic through the lens of the five dimensions. Accordingly, this

study identifies these five dimensions as important to understanding and influencing

the cobot adoption process in manufacturing SMEs.

49



Table 2.15 : Summary of Theoretical Frameworks and Related Dimensions in Cobot

Adoption Research

Paper Theory/Model
Adoption-Related Dimensions

Technological Organisational Environmental Human Barriers

[20] N/A ✓ ✓

[25] N/A ✓ ✓ ✓

[15] N/A ✓

[21] TAM,TAM2,TAM3 ✓ ✓

[26] N/A ✓

[24] DOI-TOE-INT ✓ ✓ ✓

[30] N/A ✓ ✓

[37] N/A ✓ ✓

[32] N/A ✓ ✓

[54] DOI-TOE ✓ ✓ ✓

[38] N/A ✓

[46] N/A ✓ ✓ ✓

[36]
STC, with some organisational

and individual factors
✓ ✓ ✓

[23] DOI-TOE-INT ✓ ✓ ✓

2.5 Limitations of this SLR

Several limitations should be taken into account in this systematic review. One

such limitation involves the range of databases used for literature extraction. Al-

though it is practically difficult to screen all available sources due to time constraints,

the databases selected were chosen for their recognised academic credibility and

comprehensive coverage. As such, they offer a representative selection of research

on cobot adoption. In addition, a practical and established screening protocol was

applied to evaluate the literature systematically, helping to reduce potential se-

lection biases in the review process. Another limitation is related to the rapidly

evolving nature of technological advancement in the manufacturing sector. Given

the rapid evolution of cobots and their integration into SME operations, the results

of this review may require future updates to remain current. Nevertheless, this re-

view offers a valuable baseline for comparing the present state of cobot adoption

with future developments, enabling the tracking of technological progress and the
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practical and theoretical advances it brings to manufacturing SMEs. Finally, the

conclusions of this review are influenced by the researcher’s subjective views of the

existing literature. It is important to clarify that the aim was not to measure the

current extent of cobot adoption in manufacturing settings or to evaluate its adop-

tion status. Instead, the objective of the study was to systematically review the

existing body of knowledge on cobot adoption and to identify areas where further

research is needed. In this regard, the findings provide a useful basis for guiding

future empirical investigation in this field.

2.6 Summary

Chapter 2 offers a comprehensive overview of the current research related to cobot

adoption in manufacturing. A taxonomy was developed drawing on the analysis of

32 papers, providing a well-organised summary of the present body of knowledge

The shortlisted papers were classified into three categories: literature-based research

(including overviews and cobot applications), research development stages (concep-

tual, tested but not applied, and implemented or operational in real-world contexts),

and empirical research (identifying factors and barriers related cobot adoption). Ex-

isting review papers that discuss taxonomies focus on various aspects of the topic.

For example, [28] classified cobot literature by research topics such as hardware de-

sign, safety, programming approaches and task allocation. [34] developed a system

design for a cobot, and [44] determined human performance aspects in collabora-

tion, such as stress, workload, usability, and acceptance. The current taxonomy

developed in this study provides a complementary view by focusing specifically on

the progression of cobot adoption research in manufacturing SMEs. It contributes

to the field by systematically classifying adoption barriers, factors, and theoretical

frameworks/models relevant to the manufacturing SME context. This taxonomy

helps to determine research gaps in cobot adoption works and provides direction for

future studies where further development is needed.

The literature indicates a growing research interest in cobot adoption in manufac-

turing environments. Although empirical investigations are beginning to emerge,

with 14 papers studying aspects of adoption, research on this topic remains in its
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early stages, marked by ongoing theoretical and practical development.

This review reveals several avenues for future investigation. First, the literature

includes six empirical studies that apply quantitative methods and seven that use

qualitative methods. However, several methodological limitations exist regarding

sample size representativeness, the rigour of methodological execution, and the gen-

eralisability of the findings. Accordingly, a case study that employs mixed methods

(quantitative and qualitative) enables the acquisition of contextual insights by in-

tegrating practical knowledge from key stakeholders, such as managerial staff and

technical personnel, with academic research, while also supporting the findings with

measurable data relevant to adoption factors and barriers within a unified study

framework. In addition, action research can provide collaboration with stakeholders

and help link practical experience to research. This review identified only three

empirical studies using technology adoption models/theories: three at the organi-

sational level, and one at the individual level. Furthermore, another study used a

sociotechnical perspective. Of these, only two studies address organisational adop-

tion in SMEs, highlighting the limited theoretical development in understanding the

cobot adoption process in manufacturing SMEs. Finally, an important gap exists

in the lack of a holistic approach to cobot adoption that empirically investigates

five different dimensions of factors among manufacturing SMEs. There is no holistic

model, to the best of the author’s knowledge, that currently exists for Australian

manufacturing SMEs. As a result, additional studies are required to develop a holis-

tic framework specifically for manufacturing SMEs, which can serve as a robust basis

for future empirical works. Chapter 3 presents the research questions, subquestions,

and objectives based on the identified research gaps.
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Chapter 3

Problem Definition

3.1 Overview

Chapter 3 provides the research problem. The main concepts utilised in the

current work are defined in section 3.2, and the key research questions are specified

in section 3.3. The objectives of this work are also outlined in section 3.4

3.2 Key Terms and Concepts

A list of the key concepts and terms utilised in this research:

Collaborative Robots: Collaborative robots (cobots) are among the most ad-

vanced robotic innovations implemented in both industrial and service sectors. This

research focuses on cobot adoption in industrial settings. Unlike industrial robots,

cobots can work with humans in a shared workspace without safety fencing, thus

enhancing productivity and safety in the industrial context [31].

Manufacturing SMEs: Manufacturing refers to a process that includes transform-

ing raw materials into final products that can be sold in the market [62]. Manufac-

turing SMEs, namely companies or firms, are smaller than large firms with respect to

assets, number of employees or turnover. These SMEs vary from country to country

or among groups of countries such as the European Union. This study utilises the

definition outlined by the Australian Bureau of Statistics (ABS), which determines

SMEs as organisations with 1-99 employees [9].

Holistic Framework: This is a comprehensive, integrative approach to addressing

problems or making decisions that consider all the related factors and aspects to

achieve a unified comprehension of a particular context. This approach focuses on

the whole part rather than a single one to gain an accurate perspective that accounts

for the relationships between different variables and the interconnections. This, in
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turn, provides a complete conclusion or solution.

Technological Factors: These are the features or properties influencing the use

and adoption of a particular technology. Guided by the Diffusion of Innovation

(DOI) theory [63], the study utilises the five attributes of innovation as the technol-

ogy factors.

Organisational Factors: These are the intra-organisational features and dynamics

that can influence the structures, performance and operation of an organisation or

firm, its capability to accomplish objectives and goals, and its capability to adapt to

change. Within technology adoption, organisational factors serve a main function in

assessing the suitability of a particular technology for the organisation. Guided by

the Technology–Organisation–Environment (TOE) framework, this research speci-

fies the primary organisational determinants influencing adoption [4].

Environmental Factors: These are the entities, processes and systems that shape

the broader setting of organisational functions. Although environmental factors im-

pact organisations, they do not exert direct authority over them. Several examples

include the national and political environment, market conditions and competitors.

Based on the Technology-Organisational-Environment (TOE) framework, this re-

search highlighted the primary environmental determinants influencing technology

adoption [4].

Human Factors: In the current study, human factors are viewed as a broad concept

that includes both individual and organisational attributes, roles, and capabilities

that may influence cobot adoption. Individual human factors focus on personal at-

tributes that may affect the willingness of a person to adopt and use cobots [64].

Organisational human factors, as described by Charalambous et al. [20], represent

the combinations of organisational and individual characteristics that influence em-

ployee behaviour at work. These factors shape how individuals perform tasks and

interact with people.

Adoption Barriers: These are the obstacles that hinder the complete adoption,

implementation or use of innovations or technology within an organisation. Organi-

sations need to recognise not only the enablers but also the barriers that may hinder

the adoption process and overcome them to preserve organisational competitiveness.
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3.3 Research Questions

The literature review reveals several gaps in the literature on cobots adoption in

manufacturing SMEs. Therefore, the main research question is outlined below:

How to develop a holistic cobot adoption model for Australian manu-

facturing SMEs?

As previously discussed, it is clear that a holistic model for cobot adoption by manu-

facturing SMEs does not currently exist in the Australian context. Although several

efforts to develop such models have been conducted in various countries, as shown

in Table 2.13, Chapter 2, the number and type of factors in these frameworks differ

across studies. This indicates that, although the classification among dimensions

remains relatively unchanged, various factors may be incorporated depending on

the specific setting. This work investigates the determinants of cobot adoption in

Australian manufacturing SMEs. Accordingly, the main research question is struc-

tured around five sub-questions:

Research Sub-Question 1: What technological factors influence Australian man-

ufacturing SMEs’ intention to adopt collaborative robots?

Research Sub-Question 2: What organisational factors influence Australian man-

ufacturing SMEs’ intention to adopt collaborative robots?

Research Sub-Question 3: What environmental factors influence Australian

manufacturing SMEs’ intention to adopt collaborative robots?

Research Sub-Question 4: What human factors influence Australian manufac-

turing SMEs’ intention to adopt collaborative robots?

Research Sub-Question 5: In addition to enabling factors for the adoption of

collaborative robots in manufacturing SMEs, several barriers slow down or prevent

their adoption. The following sub-question is identified:

What are the adoption barriers that Australian manufacturing SMEs face in adopting

collaborative robots?
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3.4 Research Objectives

Based on the aforementioned research question and subquestions, the main aim

of this research is as follows:

To develop an appropriate holistic collaborative robot adoption frame-

work in Australian manufacturing SMEs.

The research aim can be achieved by developing and validating a merged model

for the adoption of cobots in Australian manufacturing SMEs. Although existing

adoption frameworks or models are provided in the literature, this thesis is based

on the main view that adoption factors will differ depending on the context. Phase

1 of the thesis adopts qualitative research to determine the relevant enabling factors

and adoption barriers in the intended settings. Then, Phase 2 employs quantitative

research, using a survey targeting more than 200 respondents to test hypotheses

and confirm whether the relationships are supported or rejected. To achieve this

aim, it is essential to explore the factors that influence cobot adoption in Australian

manufacturing SMEs, whether positive or negative, through different dimensions.

Therefore, the research objectives are described below:

Research Objective 1: To develop an initial comprehensive model for collabora-

tive robot adoption in Australian manufacturing SMEs based on a related empirical

literature review and theoretical foundation.

To achieve this objective, relevant theories on technology adoption are reviewed to

identify and select the most appropriate factors that have been empirically confirmed

in research to influence the adoption of cobot technology and other manufacturing

technologies, particularly in light of the limited literature on cobot technology adop-

tion theories in the manufacturing context. The solution to this objective is given

in Chapter 2, Chapter 4 and Chapter 5.

Research Objective 2: To refine the adoption model by incorporating key factors

to align with the context of Australian manufacturing SMEs.

To achieve this objective, in phase 1, qualitative insights are gathered through inter-

views conducted with decision-makers from Australian manufacturing SMEs. After

completing the analysis, the factors perceived as non-influential by the interviewees
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will be excluded from the model. Additionally, several new factors which may not

have been studied in the earlier works but are relevant to the context of Australian

manufacturing SMEs may be included. Then, these modifications will refine the

conceptual model. The solution to this objective is given in Chapter 6.

Research Objective 3: To empirically test and validate the relationships between

the enabling factors and barriers included in the refined model for adopting collabora-

tive robots with a larger representative sample of manufacturing SMEs in Australia.

To achieve this objective, Phase 2 involves applying quantitative research using a

questionnaire. After completing the analysis, the model will be assessed for its suit-

ability in exploring the factors, and the influencing factors in the specified setting

will be identified. The solution to this objective is given in Chapter 7.

Research Objective 4: To provide new theoretical and practical insights based

on the research outcomes related to collaborative robot adoption and applications in

manufacturing SMEs.

To achieve this objective, this work positions its findings within the available studies

on cobot technology adoption in manufacturing. The findings will be compared with

the studies reviewed in Chapter 2 and the proposed hypotheses. Special emphasis

will be on inconsistencies between the results and the expectations. The study will

also outline the theoretical and practical contributions. In Chapter 8 and Chapter

9, the solution to this objective is given.

3.5 Conclusion

In Chapter 3, the study problem was introduced, and the key terms used were

defined. The thesis objectives and questions were outlined, drawing on the identified

gaps and approaches in the review.

In the following chapter, based on related theories and approaches from the litera-

ture, the study presents an overview of the solutions and the methods proposed to

tackle the thesis questions and fulfil the intended objectives.
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Chapter 4

Methodology and Solution Overview

4.1 Overview

Chapter 4 offers the proposed solution to the study questions and identifies the

general methods for its application. The fundamental terms applied across this chap-

ter are defined in section 4.2. Section 4.3 offers a summary of the problem-solving

approach, the choice of theoretical frameworks that underpin the collaborative robot

(cobot) technology model in Australian manufacturing SMEs, and the proposed so-

lutions to the research subquestions (RQ1-RQ5). A mixed-methods design and its

justification are detailed in the research methodology in section 4.4. Section 4.5

offers phase 1 (qualitative), which includes the model and provides an initial anal-

ysis by several industry experts. Section 4.6 presents phase 2 (quantitative), which

involves the quantitative testing and evaluation of the model, conducted using a

large-scale sample of senior, middle management, and technology specialists from

Australian manufacturing SMEs, as outlined in section 4.6. Ethical concerns are

outlined in section 4.7. Sections of Chapter 4 have been published as follows:

• M. Haddas and F.K. Hussain, ”Technology Factors Affecting Australian Man-

ufacturing SMEs Adoption of Collaborative Robot Technology: A Qualitative

Interview Study,”. In Proceedings of the 43rd International Business Infor-

mation Management Association Conference (IBIMA), Madrid, Spain, June

2024.

• M. Haddas and F.K. Hussain, ”Human Factors Influencing Australian Manu-

facturing SMEs’ Adoption of Collaborative Robots: A Qualitative Study. In

Advanced Information Networking and Applications: Proceedings of the 39th

International Conference on Advanced Information Networking and Applica-

tions (AINA-2025), vol. 7, Cham, Switzerland: Springer, 2025, pp. 154-164.
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4.2 Main Definitions

In this chapter, the following terms are frequently used and defined for clarity:

Theory: This is a set of propositions, definitions and concepts interrelated with sys-

tematically interpreting phenomena. The development of theories relies on reasoning

and empirical evidence to ensure that these theories are verifiable and testable. The

selection of a theory in any research is essential to make sense of and contextualise

the research results, thus improving the results’ validity and reliability and con-

tributing to knowledge [65].

Research Framework: This is the blueprint or conceptual structure that directs

the entire study process. A research framework encompasses the key theories, vari-

ables, study hypotheses, research questions, data analysis procedures, and methods

that shape the research design and implementation. It serves as a roadmap for con-

ducting the study, ensuring that it is well-organised, coherent, and consistent [66].

Research Design: This is the overall strategy or structure for answering a research

question by collecting and analysing data. It presents the methods and techniques

to be employed in collecting and analysing research, and offers a model for applying

the work credibly and thoroughly. As a relevant part of the research process, it

ensures the work is properly implemented, well-designed and that the outcomes are

valid and reliable [6].

Research Methodology: This refers to the systematic plan and specific tech-

niques used to undertake research. It involves data analysis and collection, research

design and the interpretation of outcomes. It provides a model for carrying out an

organised and systematic investigation and ensures that the research is credible and

rigorous [52].

Qualitative Research: This form of research aims to comprehend human be-

haviour by exploring individuals’ perceptions and subjective experiences by collect-

ing data through methods that are considered open-ended and in-depth, such as

research observations, ethnography, focus groups, and interviews. It seeks to offer a

detailed, precise, and rich comprehension of the respondents’ insights, rather than

generating numerical data or testing hypotheses [67].
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Quantitative Research: This form of research aims to understand phenomena by

describing them using statistical and numerical data. It involves collecting quan-

titative data and analysing it using structured and standardised methods, such as

observations, surveys or experiments. It seeks to test hypotheses, identify patterns

and relationships, and generalise findings. It often employs statistical techniques to

draw inferences from the analysed data [6]. Quantitative research is often utilised

in various fields, such as psychology, public health, and sociology, to offer an under-

standing of the research subject.

Mixed Research: This form of research integrates quantitative and qualitative

methods; mixed research enables a subject to be studied and analysed from different

views. This approach, therefore, offers a broader understanding of the phenomenon.

In this type of research, qualitative methods are employed to achieve a thorough

understanding of a specific issue and quantitative methods are applied to exam-

ine particular hypotheses and offer generalisations. This research design is relevant

to situations where the study question is complex and needs a rich and detailed

understanding of perspectives and expertise, as well as allowing comparisons and

quantifiable inferences to be made from the results [7].

4.3 Overview of the Solution

4.3.1 Approach to the Proposed Solution

To develop the overall solution to the research question, the design science ap-

proach [68] is followed in this thesis. Figure 4.1 shows the six-phase framework along

with the corresponding chapters of the thesis.

• Phase 1: Problem identification and solution value

The relevant academic literature reviewed in this phase highlighted the limita-

tions and knowledge gaps in cobot adoption in the manufacturing SMEs indus-

try were analysed to identify the research problem to be addressed (Chapter 2).

Then, the sub-questions and primary research question were designed based on

the review (Chapter 3). The proposed solution value was provided by empha-

sising the significance of new technologies and innovations for manufacturing
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SMEs (Chapter 1).

• Phase 2: Define the solution objectives

After formulating the key sub-questions and primary research question, the

primary objective of the thesis was outlined. The solution seeks to offer a

suitable model for cobots adoption by Australian manufacturing SMEs. In

Chapter 3, several relevant objectives were identified to ensure a holistic ap-

proach to the study phenomenon. To fulfil these objectives, various resources

were used: existing empirical and theoretical research on technology adoption,

opinions from industry experts, and data collected through a quantitative

questionnaire to establish the model’s role element.

• Phase 3: Development

The first aspect presented in Phase 3 involves developing an original frame-

work for the adoption of cobots by Australian manufacturing SMEs. This

framework, referred to as the Holistic Collaborative Robot Adoption Model

(HCRAM), is created based on the following: 1) a review and assessment of

existing frameworks and theories; 2) the combination of the most appropriate;

and 3) the determination of the main aspects of the model drawn from em-

pirical works. This process is carefully documented in the subsequent sections

of Chapter 4. The proposed HCRAM is described, including the relationships

among the framework’s elements (Chapter 5).

• Phase 4: Demonstration

The main significance of this phase is providing a refined HCRAM for cobot

technology adoption by Australian manufacturing SMEs, as detailed in Chap-

ter 6. To accomplish this, the HCRAM conceptual model was evaluated by

several industry experts. These experts offered insights into the framework

and its proposed elements, and also recommended further components they

deemed suitable for the Australian manufacturing SME context. This consti-

tutes Phase 1 of the thesis and yields a key result: a refined HCRAM.

• Phase 5: Evaluation
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In the evaluation phase, a key result is the provision of empirical evidence

that validates the refined HCRAM model in examining and evaluating cobot

technology adoption in Australian manufacturing SMEs, and in assessing the

effectiveness of its elements, as detailed in Chapter 7. To achieve this, the

study uses a large sample of industry experts, including managerial and tech-

nology specialists from Australian manufacturing SMEs, to test the refined

HCRAM. This constitutes Phase 2 of the study

• Phase 6: Communication

In this phase, the study findings are summarised, analysed, and communi-

cated to the target audiences. Chapters 8 and 9 present a discussion of the

conclusions and study outcomes. Selected findings have been presented at

conferences, and further publications are anticipated following the completion

of this thesis.

The solution approach for selecting the adoption model, as outlined earlier,

begins with identifying the most appropriate frameworks to serve as the foun-

dation.

4.3.2 Theoretical Framework Selection

With the integration of telecommunications, smartphones, tablets and the in-

ternet, coupled with rapid technological development, the shift driven by emerging

technologies has become increasingly evident in recent decades. Thus, there is a

growing need for the adoption of frameworks and theories that can help explain why

and how emerging technologies are adopted, and which factors are important in the

adoption process [69]. Several adoption frameworks were considered when selecting

the most suitable as the foundation for this study.

The process of technology adoption is generally divided into two levels, of which the

first pertains to the individual level, several established theoretical frameworks used

in this level, including the Theory of Reasoned Action (TRA) [70], the unified theory

of acceptance and use of technology (UTAUT) [55], the theory of planned behaviour

(TPB) [71], and technology acceptance model (TAM) [72], These theories relevant
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Figure 4.1 : Approach to the Problem Solution
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to individual user acceptance and intention, but overlook organisational context.

Thus, they do not fall within the scope of the thesis.

The second level is the organisational level, which is concerned with the current

work, i.e., studying how manufacturing SMEs adopt cobot technology. At the or-

ganisational level, several technology adoption frameworks and theories from the

information system (IS) field are relevant, such as the TOE framework [4], the DOI

theory [63], and institutional theory (IT) [73]. The following subsection provides

a review of these theories at the organisational level. Finally, the selection of the

TOE and DOI framework is justified as the theoretical basis for this work.

Institutional Theory

In organisational theory, the institutional paradigm explains organisational changes

through processes of organisational legitimacy [74]. In the larger social environment,

institutional sources of legitimacy are present in common actions, traits, features,

and structures that integrate to create a sense of reality through their presence.

These sources exert pressure on all entities in the environment to emulate these

main attributes. According to [73], the institutional environment of an organisation

is shaped by three types of isomorphic (i.e., similar) pressures: coercive (i.e., related

to legitimacy concerns and political influence), normative (i.e., related to profes-

sionalisation) and mimetic (i.e., standard responses to uncertainty). Organisations

perceive these pressures as forms of direct competition and bandwagon influence,

which manifest as shared patterns among trading partners. Organisations that fail

to align with these patterns risk falling behind [75].

As discussed in Chapter 2, one study conducted in large manufacturing firms [24]

and another in manufacturing SMEs [23], both incorporated institutional theory

with the DOI and TOE frameworks to examine cobot adoption in their respective

contexts. However, these studies did not provide details of the mechanisms of in-

stitutional isomorphism; instead, they focused on theoretical integration with other

theories. Both studies utilised environmental factors such as external pressure and

regulations on IT adoption, which are available as part of the TOE framework. Fur-

thermore, institutional theory is focused on legitimacy, which is less appropriate for
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the study objectives. This theory, therefore, was not selected as a theoretical basis

for this study.

Diffusion of Innovation Theory

This theory aims to explore why and how innovations and ideas spread across

cultures [76]. In various disciplines, the DOI theory [63] is regarded as an important

adoption theory, particularly in organisational adoption studies [69],[77]. The DOI

theory further aims to identify the influential factors that drive innovation in soci-

ety [3], and define why one new technology or innovation succeeds while others do

not. Users’ perceptions of innovation and technology characteristics are generally

considered the basis of this theory.

According to Rogers’ theory of innovation [3], four main elements are perceived

as important for adoption: a social structure, the innovation itself, a time frame,

and communication channels. The element of innovation refers to a new process,

product, idea, technology, or service as perceived by individuals or any other unit

of adoption [3]. According to DOI theory, knowledge about innovation differs be-

tween organisations and individuals, with innovation signifying something new to the

intended recipients. Accordingly, for this thesis, cobot applications (i.e., the innova-

tion) represent a novel approach in manufacturing SMEs, particularly in Australia.

The communication channel element facilitates the transmission of innovation from

one firm or individual to another [3]. This refers to the tools or channels used by

individuals to share knowledge and interact with others, thereby increasing aware-

ness of the innovation. Two types of communication channels [3] are identified:

mass media, which disseminate information to the public, and internal channels,

which influence people’s adoption decisions. As noted by [78], both learning pro-

cesses and effective communication can support the adoption of innovation. Then,

appropriate communication strategies are required to persuade and educate target

audiences about the value of the technology. In the DOI theory, time is a critical

element, which enables the process of diffusion of innovation through various stages

[3]. This element comprises three dimensions. Regrading the innovation of decision

process, the first dimension includes five phases: knowledge, persuasion, decision,
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implementation, and confirmation. The second dimension categorises the adopters

in the same social system as either late or early adopters. The third dimension

refers to the innovation pace, which is commonly assessed through the individuals

or firms that adopt the innovation [3]. The details of these dimensions are discussed

below. The social system element represents the final component relevant to tech-

nology adoption and is defined as ” a set of interrelated units that are engaged in

joint problem solving to accomplish a common goal” [3]. Within the social system,

the diffusion of an innovation is influenced by several systemic features, such as

innovation outcomes, innovation decision types, opinion leaders, social norms and

structure. Regarding social structure, Rogers [3] describes it as ” the patterned ar-

rangements of the units in a system”.

The decision-making process in DOI theory involves five stages, as previously out-

lined in Figure 4.2. In the first stage, knowledge of the technology is relevant for

potential adopters to understand the technology and how it functions. This is fol-

lowed by the persuasion stage, which acts as a decision borderline, where the as-

sessment of information becomes more credible because it is usually influenced by

current technology users and peer recommendations. The third stage involves the

decision to disregard or adopt the new technology. Notably, at any stage of the

process, the technology can be rejected, even if a positive decision is made, thus

halting progression to subsequent stages. In cases of adoption, the implementation

stage entails the practical applications of the technology. During this stage, the

technology is also evaluated regarding complexity, benefits and usability. In the

final stage, confirmation, adoption is reinforced. As shown above, the early stages

of the innovation-decision process model are essential in determining the subsequent

stages of adoption. The knowledge stage acknowledges that the units of decision

making differ depending on whether the adopters are individuals or organisations

[3]. The persuasion stage involves five key attributes of innovation that significantly

influence the adoption decision. In adoption research, these attributes have been

regarded as dominant technology factors [77]. Each attribute affects how the in-

novation, idea, or product is perceived and adopted. Table 4.1 provides a concise

overview of these five attributes. According to [3], adopters are categorised into
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Figure 4.2 : Phases of the Innovation-Decision Process [3]

Table 4.1 : The Five Innovation Attributes

Attribute Definition Source

Relative advantage
“the degree to which an innovation is perceived

as superior to its predecessor”
[3]

Compatibility

“the degree to which an innovation is perceived

as consistent with existing values, past experiences,

and needs of potential adopters”

[3]

Trialability
“the degree to which an innovation may be

experimented with on a limited basis”
[3]

Observability
“the degree to which the results of an innovation

are visible to others”
[3]

Complexity
“the degree to which an innovation is perceived

as relatively difficult to understand and use”
[3]
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different groups based on their behaviour toward innovation adoption, as illustrated

in Figure 4.3. Innovators are the first group to adopt innovation, comprising a small

proportion of adopters (2.5%). Generally, they have knowledge and awareness about

innovations and are extremely interested in being among the earliest to use them [3].

Further, they typically have access to financial resources that mitigate the risks as-

sociated with potentially unprofitable innovations and the high level of uncertainty

around innovation adoption. Early adopters are the second group, accounting for

approximately (13.5%) of adopters. These individuals possess the highest level of

opinion leadership and are particularly Change-oriented. Overall, they consider it

relevant in the persuasion and knowledge phase of the innovation-decision-making

model. The early majority is the third group, representing (34%) of adopters. These

individuals are generally cautious and make adoption decisions only after assessing

the reputation of the innovation. They act as a connection between early and late

adopters. The early majority takes more time to make adoption decisions than

innovators and early adopters. The late majority, another 34% of adopters, tend

to be sceptical or innovations and the benefits they may offer. According to [3],

they adopt technologies only once they have become thoroughly tested as they often

have relatively limited resources. The late majority usually adopt innovation due to

economic necessity and peer pressure [3]. Laggards are the last group of adopters,

accounting for 16% of the population. These individuals are often doubtful of change

agents and innovation, and therefore, they may tend to have a low level of awareness

and knowledge about innovations. According to Rogers [3], the number of innova-

tion adopters across the five groups is generally distributed over time. Each group

possesses different attributes that influence its adoption behaviour. As illustrated

in Figure 4.3, the two largest groups are the early majority and the late majority.

In the field of technology adoption, the DOI is one of the popular and widely applied

in diverse research areas [79]. It has also been tested within a range of contexts,

such as information systems, healthcare, and education[3],[80]. Earlier literature

has validated the five technology attributes of the DOI that influence the process of

any technology adoption [69]. Several current examples that investigate the adop-

tion of emerging technologies across different disciplines and industries include IoT
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Figure 4.3 : Categories of Innovation Adopters over Time [3]

adoption in healthcare [81], mobile wallet adoption in the financial sector [82], and

autonomous vehicle adoption in the transportation industry [83], among others.

As discussed in Chapter 2, very few studies have applied the DOI theory with other

frameworks to study cobots adoption in the manufacturing field. The five tech-

nological attributes of the DOI theory have been explore in several contexts: in

large manufacturing companies in Portugal and France (all five attributes) [24], in

manufacturing SMEs in Portugal (two attributes) [23], and manufacturing SMEs in

Guangdong Province, China (all five attributes) [54]. Although these studies demon-

strate the applicability of DOI theory in examining cobot adoption (an emerging

technology), they still represent a nascent trend that requires further investigation

of all five DOI technology attributes, particularly within the context of manufactur-

ing SMEs in Australia. Accordingly, these findings reinforce the appropriateness of

DOI a theoretical basis for this thesis.

Despite its contributions, the DOI theory has several limitations. A significant lim-

itation of DOI is that it conceptualises diffusion as a discrete process that occurs

in socially homogeneous and static environments [84]. According to [85], in many

cases, complex systems (i.e. technological systems) are explained and perceived dif-

ferently depending on the specific context of place and time. As a result, technology

adoption may be influenced by economic realities, as well as socio-political dynam-
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ics, infrastructural constraints, and local traditions. This is particularly applicable

to organisations that are more influenced by environmental structures than by in-

dividual users. Thus, several researchers have suggested that technology adoption

and diffusion should be driven over time by organisational and environmental forces

[86],[87]. The DOI concentrates on the attributes of the technology itself, with less

attention to these influences. A further limitation of the DOI theory, as a generalised

theory, is that it identifies the process of innovation diffusion as occurring over a

relatively short timeframe within fixed stages and mostly excludes the influence of

prior processes of decision making [84]. This means that the DOI regards technolog-

ical characteristics and organisations as linear or stable over time and may exclude

feedback from the system [85]. Instead, this may not be the case, and the role of

organisational evolution, historical, and process aspects should be reconsidered [88].

Overall, the DOI theory focuses on the role of technological features compared to

environmental and intra-organisational contexts. It is also criticised due to the ab-

sence of feedback and its stable nature. To overcome these shortcomings, this thesis

combines the TOE framework with DOI theory [4], seeking to establish and design

both a thorough and flexible framework based on a solid theoretical basis.

Technology-Organisation-Environment Framework

At the organisational level, the TOE framework is also the most prominent

model, developed by [4] to analyse the implementation and adoption of new tech-

nologies [89]. Regarding the adoption process, this framework consists of three key

contexts: the technology context, the organisation, and the environment, as shown

in Figure 4.4.

Technology Context: This context is applied to an organisation to explain ap-

plicable external and internal technologies [90]. Drawing on the TOE framework,

two forms of technology adoption are linked to the broader process of new technolo-

gies adoption: first, the technologies currently implemented in organisations, which

determine the limits and scope of potential developments, and second, technologies

present in the marketplace but not currently in use, highlighted what could poten-

tially be achieved [4]. Further, [4] defines three types of external technologies based
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Figure 4.4 : TOE framework [4]

on the nature of change they bring to the existing technology: discontinuous, in-

cremental or synthetic. Discontinuous change technologies are completely different

from those available in the organisation [89]; incremental change technologies en-

hance existing systems by adding new features or characteristics and pose the least

risk to organisations. According to [89], these technologies exert a gradual influence

across the organisation. For example, the adoption of LCD monitors in personal

computers did not require immediate operational changes; synthetic different tech-

nologies integrated available technologies in an innovative method and present a

manageable risk to organisations. According to [4], the impact of this type of tech-

nology change occurs over time. A cobot is considered one of these as it introduces

a new form of hybrid work environment in manufacturing that did not exist before,

which integrates robotics and human capabilities. Accordingly, organisations should

pay close attention to the innovations that need to be introduced and analyse the

expected changes resulting from the adopted innovation. The technology dimension

and its characteristics were originally incorporated in the TOE framework as the key

factors influencing the adoption of innovation [4]. However, further factors have also

been effectively incorporated and examined. The five technology attributes of the

DOI theory are typically used under the technology context in the TOE framework

[24],[54]. Several common factors in the technology context are perceived costs and
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technology readiness [56],[58],[91],[92].

Organisational Context: This context refers to the internal attributes and re-

sources of a firm that affect the process of innovation adoption [89]. According to

[4], three mechanisms contribute to this influence. First, internal groups and in-

dividuals who support innovation, such as technology gatekeepers, opinion leaders,

and innovation champions. Second, new technologies or services can be supported

by multi-disciplinary teams that have connected with partners and organisational

departments. Third, structures of organisations that are more directive, support

innovation and are decentralised. Additionally, communication ways may either

impede or support technology [4]. Within the TOE framework, the leader has a

pivotal role by supporting and connecting the new technology consistently with the

strategic vision and mission of the organisation, or by providing a clear justification

for the reason the technology may not be compatible with the organisation’s overall

strategic orientation. Within the original TOE, the effects of the two other fac-

tors, slack and organisational size, remain uncertain regarding technology adoption.

According to [89], larger firms have traditionally been connected with being more

suitable for adopting innovation; however, subsequent research presents more mixed

and inconsistent results [89]. It is often argued that organisational size may lack

the precision required to allocate targeted sources needed to support adoption [89].

Similarly, organisational slack has been acknowledged as promoting innovation in

several traditional organisational studies [93], and even within the DOI theory [4];

however, the existence of slack does not necessarily reflect adoption. Given these

two factors serve as uncertainty, subsequent studies have added further factors such

as the readiness of organisations and IT infrastructure [24],[54],[91],[94].

Environmental Context: This context represents the external ecosystem sur-

rounding the organisation, however it is often beyond its direct control. Intense

competition often prompts the adoption of novel technologies to gain a competitive

advantage. Such competition is one of the environmental mechanisms that affect

innovation adoption [4]. Similarly, dominant partner organisations encourage firms

to adopt innovation to enhance cross-organisational operations and maintain busi-

ness relationships. Additionally, adoption occurs more quickly in environments with
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an appropriate technology infrastructure and a sufficient supply of technologies [89].

Finally, government regulations can constrain innovation by imposing restrictions

or high implementation costs on the technology to be adopted [89].

The environmental context, like the technology and organisational contexts, has

been modified in different studies to include or exclude specific variables. Several

studies, for example, identify government support as one of the most dynamic and

frequently modified element in the environmental context [54],[56],[57],[91],[94].

As a result, within the TOE framework, the three contexts within the organisa-

tional level encompass influential dimensions that facilitate the adoption of decision-

making practices. These dimensions include factors that may either support or hin-

der the adoption of technology by organisations. Notably, the TOE framework does

not impose limitations on the types of factors considered within each dimension,

offering researchers a valuable opportunity to explore a broader range of environ-

mental factors. This flexibility aligns with the objectives of this thesis, as new

environmental elements are expected to emerge.

At the organisational level, the TOE framework is widely recognised as a framework

for analysing innovation adoption and is often compared with other theories, such as

DOI theory [24],[56],[59]. This framework allows researchers to add or remove fac-

tors based on contextual needs without requiring modifications to its fundamental

structure [95]. According to [89], TOE is valued for its flexibility in integrating with

similar theories, such as the DOI theory, enabling a unified approach to the adoption

process rather than presenting competing perspectives. TOE is also recognised as a

suitable framework for research on emerging technology adoption [24],[90].

Within the manufacturing field, the TOE framework has been applied to explore

the process of innovation adoption, particularly in areas such as big data analytics

[96], 3D printing [97], and AI-empowered industrial robots [94], among others. De-

spite this, as discussed in Chapter 2, very few studies have used TOE to study the

adoption of cobots in manufacturing SMEs [23],[54]. Hence, it is essential to empir-

ically validate the framework and evaluate its application in various manufacturing

settings, including the current study.
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4.3.3 The Enhanced Framework (DOI-TOE): Selection and Justification

Many studies have advocated frameworks that integrate more than one theoreti-

cal view to understand new technologies [90],[98]. A comprehensive research context

is essential to understand organisational decisions surrounding technology adoption,

particularly when it relates to the nature of the technology itself [99]. The thesis

relies on two theoretical underpinnings: the TOE framework and the DOI theory.

The selection of the DOI and TOE frameworks is justified for several reasons. First,

this combined framework facilitates the adoption of innovative technology in man-

ufacturing SMEs at the organisational level. As previously mentioned, adoption

theories such as UTAUT and TAM primarily focus on individual-level adoption.

Indeed, research on cobot adoption using these theories highlights the significance

of individual factors, for example, perceived usefulness, facilitating conditions, prior

performance experience [21],[40]. Although these factors are critical in understand-

ing the acceptance of cobots, they clarify little regarding the organisational and

intra-organisational dynamics that influence how such technologies are introduced

to support operational and strategic objectives and how the diffusion process oc-

curs. In particular, cobot adoption in the SME context is primarily an organi-

sational decision that involves different stakeholders and strategic considerations;

hence, individual-level theories are regarded as being outside the scope of the thesis.

Some researchers propose a socio-technical system (STS) theory to study cobots in

a manufacturing setting, as discussed in 2 . For example, one study utilised the STS

approach, along with various factors [36], and another study employed a conceptual

model that combined STS with the UTAUT model [40]. According to [100],[101],

the STS approach is a broad theoretical framework that includes two components:

social and technological subsystems. This framework is relevant to designing the

interactions between robots and humans. Although this approach is helpful in a

workplace environment that has already implemented innovations (i.e., after adop-

tion), this means it does not study whether the adoption phase occurs, making it

inappropriate for studying adoption decisions. Further, the STS perspective often

overlooks important aspects of innovation diffusion and the internal and external
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determinants that are necessary for a comprehensive understanding, which is im-

portant in the SME case in a competitive market.

This study also clarifies that institutional theory was used in two similar studies

[23],[24], combining it with DOI and TOE at the organisational level. However,

institutional theory is deemed less relevant to this research, as its key constructs

are already encompassed within the TOE framework, making institutional theory

redundant in the proposed theoretical structure.

In summary, the selection of the TOE framework and DOI in the current work at the

organisational level, as discussed, is based on their alignment with the thesis con-

text and objectives. This choice is consistent with prior works in the adoption field

at the organisational level, adapted from the TOE framework and DOI [90],[102].

Together, such an integrated framework offers a solid research foundation for explor-

ing innovative adoption of across the manufacturing SMEs industry. The need for

this integration arises from the inability of either framework to examine all possi-

ble factors influencing technology adoption in organisations thoroughly. While DOI

emphasises the technological attributes of innovations, it is less effective in explain-

ing the impact of organisational and environmental contexts. Conversely, the TOE

framework includes technology dimensions but lacks the ability to specify and vali-

date the technology attributes essential for the adoption process. As recommended

also by [90], the TOE and DOI theory meaningfully complement each other.

This integrated framework has been extensively applied to exploring the effecting

adoption determinants of different manufacturing technologies, for example, cloud

computing (e.g. [56]) and cloud-based ERP systems (e.g. [92]). More recently, the

adoption of cobots in manufacturing SMEs has received attention in only a small

number of empirical investigations that employ this enhanced framework, as dis-

cussed in chapter 2. One such work was employed in Guangdong Province, China

[54]. Another study by [23] applied an integrated framework combining DOI, TOE

and institutional theory to examine innovation adoption in Portuguese manufactur-

ing SMEs. Based on these clarifications, this study, therefore, contends that the

TOE and DOI can be extended to study cobots adoption, an emerging innovation

in Australian manufacturing SMEs at the organisational level. Due to the flexi-
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bility of the TOE, the thesis suggests integrating new contexts depending on the

research objectives. Notably, two new contexts are suggested: the human context,

viewed through the decision makers’ perspectives, and the adoption barriers. Con-

sequently, the conceptual framework in this thesis contributes by including five main

contexts: technology, organisational, environmental, human, and adoption barriers,

to facilitate an extensive comprehension of the diffusion of innovation adoption in

Australian manufacturing SMEs.

4.3.4 Overview of Solutions to Research Sub-questions

The following procedures involved identifying the specific adoption factors for

cobot in Australian manufacturing SMEs, after selecting a general theoretical frame-

work as the basis for the proposed model. An empirical literature review is con-

ducted, viewed in light of the DOI and TOE theoretical perspectives, exploring

and discussing the related factors linked to cobots. To provide a solution to each

sub-question, a common approach used is shown in Figure 4.5.
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Figure 4.5 : The Solution Approach to Each Research Sub-question

Overview of Solutions to Research Sub-Questions RQ1, RQ2 and RQ3

The purpose of RQ1, RQ2, and RQ3 is to explore the technological, organisa-

tional and environmental (external) factors influencing the adoption of cobots in

Australian manufacturing SMEs.Given the ongoing evolution of new technology like

cobot, there has been a few empirical works that apply DOI and TOE frameworks

to the adoption of cobots in manufacturing SMEs. This research expands its scope

to include other relevant manufacturing technologies, such as AI-powered robots,

Industrial Internet of Things (IIoT), etc, that have been examined through inte-
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grated applications of the DOI and TOE frameworks in the manufacturing context.

Although these technologies differ in some aspects from cobots, they have similar

adoption or acceptance challenges. Thus, a broad range of empirical literature on

the adoption of cobots and other manufacturing technologies has examined vari-

ous integrative approaches combining factors from the DOI and TOE frameworks.

These studies identified the influence environmental, organisational, and technolog-

ical factors through these theoretical lenses, as outlined in Tables 4.2–4.4.

Table 4.2 : Technological (DOI) Factors Influencing Adoption of Digital Technologies

Innovation studied Source DOI Factors

Cloud Computing [56] Relative advantage, Complexity, Compatibility

Big Data Analytics [96] Complexity, Compatibility

B2B e-commerce [57] Relative advantage, Compatibility, Complexity

B2B e-Commerce [91] Perceived relative advantage

3D printing [97] Relative advantage

Digital technologies of

smart manufacturing

[58] Perceived compatibility

Industry 4.0 [60] Relative advantage, Complexity, Compatibility

IIoT [59] Relative advantage, Compatibility

Cloud-based ERP [92] Complexity, Compatibility, Relative advantage

Big Data [103] Relative advantage

Collaborative robots [24] Relative advantage, Compatibility, Complexity, Triala-

bility, Observability

AI-powered robots [94] Perceived compatibility

AI technologies [104] Complexity

Collaborative robots [54] Relative advantage, Compatibility, Complexity, Observ-

ability, Trialability

Leagile manufacturing

system

[105] Relative advantage, Compatibility, Complexity

Generative Artificial

Intelligence (GenAI)

[61] Relative advantage, Compatibility, Complexity

Collaborative robots [23] Relative advantage, Compatibility
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Table 4.3 : Organisational and Environmental Factors Influencing Adoption of Digital Technologies

Innovation studied Source Organisational Factors Environmental Factors

Cloud Computing [56] Top management support,

Firm size

Regulatory support, Competi-

tive pressure

Big Data Analytics [96] Top management support, Or-

ganisation data environment,

Perceived costs

External pressure, Industry

type

B2B e-commerce [57] Top management support,

Firm size

Competitive pressure, Busi-

ness partners’ pressure

B2B e-Commerce [91] Top management support, IT

infrastructure and capabilities

Competitive pressure, Trading

partner pressure, Government

support, Legal infrastructure

3D printing [97] Organisational readiness, Top

management support, manage-

rial obstacles

Competitive pressure, Expec-

tations of market trends, Trad-

ing partner, Government pol-

icy

Continued on next page
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Table 4.3 (continued)

Innovation studied Source Organisational Factors Environmental Factors

Digital technologies of

smart manufacturing

[58] Information and digital tech-

nology knowledge, Information

processing, Strategic roadmap-

ping for manufacturing digital-

isation

Environmental imposition,

Competitive pressure

Industry 4.0 [60] Top management support and

championship, Satisfaction

with the existing system,

Organisational structure

Market uncertainty, Industry

cluster

IIoT [59] Top management support, Or-

ganisational readiness

Competitive pressure, Vendor

support

Cloud-based ERP [92] Top management support,

Firm size, Cloud knowledge

Competitive pressure, Regula-

tory support

Big Data [103] Management support, Firm

size

Competitive pressure, Trading

partner readiness, Regulatory

environment

Continued on next page
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Table 4.3 (continued)

Innovation studied Source Organisational Factors Environmental Factors

Collaborative robots [24] Top management support, Re-

ceptiveness, Readiness

Competitive pressure, Busi-

ness partner, Government di-

rectives, Regulatory environ-

ment, Technology infrastruc-

ture, Financing agencies

AI-powered robots [94] IT Infrastructure External pressure, Vendor sup-

port

AI technologies [104] Company size, Competitive

factor, R and D intensity, Dig-

ital skills

Industrial sector, Country

Collaborative robots [54] Top management support, Or-

ganisational readiness

Vendor support, Competitive

pressure, Government support

Leagile manufacturing

system

[105] Management commitment,

Resistance to change, Organi-

sation capacity, Firm size

Competitive pressure, Cus-

tomer link, Supplier involve-

ment, Environmental uncer-

tainty

Continued on next page
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Table 4.3 (continued)

Innovation studied Source Organisational Factors Environmental Factors

Generative Artificial

Intelligence (GenAI)

[61] Absorptive capacity Competitive pressure

Collaborative robots [23] Top management support, In-

novativeness, Resources, Hu-

man resources

Industry pressure, External

support
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Table 4.4 : Additional Factors Influencing Adoption of Digital Technologies

Innovation studied Source Additional Factors

Cloud Computing [56] Technology readiness, Security concerns, Cost savings

Big Data Analytics [96] IT assets

B2B e-commerce [57] Cost reduction, Differentiation, Growth, Quality

B2B e-Commerce [91] Perceived cost, Organisational culture

3D printing [97] Technology infrastructure, Technology integration, Ma-

chine cost, Labour cost, Material cost

Digital technologies of

smart manufacturing

[58] Perceived value, Perceived costs

Industry 4.0 [60] Cost, Market transparency, Security concerns

IIoT [59] IIoT expertise, Infrastructure, Cost, Security, Organisa-

tion size

Cloud-based ERP [92] Technology readiness, Security concern, Cost saving

Big Data [103] Technology competence, Technology resources

AI-powered robots [94] Perceived benefits, Cost issues

AI technologies [104] Batch size

Generative Artificial

Intelligence (GenAI)

[61] Technology readiness, Functional barriers, Phycological

barriers

The conceptual model was constructed by incorporating the following key factors

derived from both empirical and theoretical findings in the literature:

• Technology Factors (DOI elements): trialability, observability, compatibility,

relative advantage, complexity;

• Organisational Factors: organisational readiness, suppoert from top manage-

ment;

• Environmental Factors: competitive pressure, suppoert from government.
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Overview of Solution Research Sub-Question (RQ4)

RQ4 aims to explore the human factors affecting cobots adoption in Australian

manufacturing SMEs. In this study, as mentioned in Table 2.12 in Chapter 2, human

factors are perceived as a broad concept that includes both individual and organi-

sational attributes, roles, and capabilities that may influence cobot adoption. The

literature review for this study identified several factors. This comprehensive review

provides a clear understanding of the field and can serve as a practical reference to

decision-makers. Based on the study purposes of this research, only factors directly

aligned with the study’s scope were selected for further investigation. Other factors,

while acknowledged, were excluded to maintain clarity in the conceptual model.

The decision to focus on specific human factors was guided by three criteria: (1) the

factor must be mentioned in empirical studies only; (2) the factor must be related to

the research scope and not require alternative measurements methods, such as psy-

chometric instruments to assess variables; and (3) the factor must not rely only on

direct input from workers which fall outside the research out the scope. Therefore,

three human factors, whether individual or organisational, were selected as they met

the three criteria in this study: innovativeness, the existence of a champion, and

prior experience. Regarding innovativeness, which met the criteria for selection, it is

worth noting that even when a factor was mentioned only once in the Table 2.12, it

was included due to its relevance in exploring individual innovativeness, particularly

decision-makers in our case, which is critical for the adoption of innovations such as

cobots. This inclusion draws on Thong and Yap’s seminal work [106] in IT adoption,

which emphasises the significant role of CEO characteristics, particularly innovative-

ness, in achieving successful IT adoption. Simaially, Fink [107] asserted that small

firms led by innovative CEOs are more likely to achieve successful IS adoption. As a

result, the current work considers the innovativeness of decision-makers as a factor

that could influence the adoption of cobots in manufacturing SMEs. The existence

of a champion factor met the criteria for selection, and based on its similarity to

a project champion factor, which appeared under organisational factors, both are

individuals who hold a crucial role in fostering innovation and facilitating workforce
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adaptation during cobot adoption. Therefore, this study retained the existence of

a project champion under the human dimension. The final factor, prior experience,

met the criteria for selection, and it is most frequently mentioned in the literature.

Drawing on the literature review and the selection criteria applied, three factors

were identified under the human factor category: decision-maker innovativeness,

the existence of a project champion, and prior experience. Therefore, these factors

can be considered the most relevant to the cobot adoption process in this study.

Overview of Solution Research Sub-Question (RQ5)

The DOI and TOE frameworks do not present adoption barriers as a distinct

group of factors. Nevertheless, defining and effectively tackling such barriers will be

necessary for the successful adoption of cobots in Australian manufacturing SMEs.

While one barrier, such as the complexity of technology, is acknowledged in the DOI

theory, it is primarily presented as an enabler and is not categorised as a separate

barrier.

Manufacturing SMEs are often slow to adopt cobots due to barriers that need to

be overcome [23],[38],[108]. Hence, for researcher, presenting a distinct group of

factors that inhibit cobot technology adoption in Australian manufacturing SMEs

can be of great significance. Furthermore, the literature has reviewed barriers to

cobot adoption in manufacturing. As presented in Table 2.11 in Chapter 2, various

authors have determined these barriers based on the nature of their studies in the

manufacturing context. Additionally, Australian manufacturing SMEs may face

unique barriers that require further investigation. To address this, this thesis extends

the DOI-TOE framework by integrating a distinct barriers dimension.

According to empirical studies in the literature, the most frequently cited adoption

barriers are safety issues, lack of knowledge, and fear of job loss.
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Figure 4.6 : The ’Research Onion’ (adapted from [5])

4.4 Research Methodology for Testing and Evaluating the

Solution

After finalising the model, it is essential to test it rigorously. Specifically, all

the factors and their relationships should be validated and confirmed. A research

methodology is a set of specified principles to guide the examination and analysis

of the framework’s relationships [6],[109]. To validate the model, it is important to

accurately select a methodology that directs the process toward specific approaches

and methods for data analysis and collection [66]. [5] developed the ”research onion”,

which illustrates the various stages of research methodology as a series of layers.

Figure 4.6 visualises these layers, beginning with the broader selection of a research

design (e.g., a philosophical or pragmatic foundation) and moving to more specific

components such as data collection and analysis methods.
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4.4.1 Methodology Selection

Qualitative and quantitative research are widely recognised in the literature as

the two main methodological strands. Qualitative research is rooted in an interpre-

tive philosophy and typically uses an inductive research approach [65]. Researchers

who select a qualitative methodology typically aim to involve themselves in specific

contexts to gain an in-depth knowledge of the issues being studied [67],[110]. Data

collection and analyses focus on developing the perspectives and meanings of the

research participants, thus enabling a comprehensive understanding of what is being

studied. There are six commonly utilised qualitative methodologies: narrative re-

search, action research, grounded theory, case study, ethnography and phenomenol-

ogy [6]. Although qualitative methods are characterised by the quality and richness

of the gathered data and their interpretative flexibility, they are often criticised

for limitations such as generalised findings, potential researcher bias, and inherent

subjectivity[67],[111].

Quantitative research often employs a deductive approach to theory building and

originates from the positivist philosophy [6],[66]. It utilises numerical methods to

explain and study research subjects or issues. Data collection and analysis focus

on objectivity, a high level of data validity and reliability, and large-scale samples

that facilitate the generalisation of results. Common quantitative methods include

correlational studies, surveys, quasi-experiments, and experiments [6],[111]. Quanti-

tative methodologies are recognised for their simplicity in explaining results, relative

ease of replication and high level of precision. However, the key criticisms include

a dependence on standardised procedures, which may not be suitable in particular

settings, along with a static presentation of study results and an excessive emphasis

on numerical data over general themes and main topics [7],[66].

This thesis focuses on identifying the factors that drive cobot technology adop-

tion in Australian manufacturing SMEs. Currently, cobot adoption in Australia’s

manufacturing SMEs remains largely unexplored, although research in this area in

manufacturing organisations in other countries is developing rapidly [23],[24],[54].

Furthermore, TOE and DOI are well-established theories that are often utilised to
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explore the factors impacting cobot adoption in the manufacturing industry [54].

Accordingly, to meet the thesis purpose, it is essential to adopt an effective strat-

egy that integrates quantitative and qualitative methodologies to benefit from the

strengths of each. Qualitative research can facilitate an understanding of cobot

adoption, particularly within Australian manufacturing SMEs. In contrast, quanti-

tative research can provide a means to examine relationships and test predetermined

theories in this setting. Consequently, a mixed methods design was selected as the

methodological foundation for this thesis.

Rationale for Using the Mixed Methods Approach

Mixed methods research combines quantitative and qualitative design to gen-

erate data that presents a complete ’picture’ of a specific subject or issue, leading

to an in-depth understanding of participants’ perspectives on certain topics [112].

This concept differs from multi-method quantitative or qualitative research, where

multiple methods are used within the same methodological type [5]. In this man-

ner, mixed methods research incorporates the insights gained from both qualitative

and quantitative methodologies, thereby mitigating the inherent weaknesses of each.

The main reason for using a mixed methods design is to address the limitations as-

sociated with standalone methodologies [113],[114].

The mixed methodology is perceived as an effective approach in research, particu-

larly when compared to purely quantitative or qualitative methods. Studies have ar-

gued that this methodology improves researchers’ understanding of the issue [6],[7].

Furthermore, it is mentioned that applying this methodology can improve valid-

ity by integrating and comparing qualitative and quantitative analysis results [7].

According to [115], employing this methodology has several advantages: 1) it can

enhance the validity of data collection instruments; 2) it enables a balanced sample

size along with in-depth opinions from the participants; 3) it can achieve high levels

of data integrity; and 4) it can improve research outcomes. Lastly, [66] argued that

this methodology enables the efficient investigation of both static and processual

information, addressing various aspects of the issues under exploration.

By selecting a mixed-methods approach, this thesis seeks to provide a comprehensive
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and detailed understanding of cobot adoption in Australian manufacturing SMEs,

thereby enhancing existing theoretical and empirical contributions to the develop-

ment of theory and testing. Although research on cobot adoption in SMEs using

mixed methods is not as widespread as studies employing purely qualitative or purely

quantitative designs, such single-method studies have acknowledged limitations in

terms of sample representativeness, diversity, generalisability, and the need for fur-

ther empirical validation [37],[46]. In addition, the two other studies [22],[23] em-

ployed a survey method with self-selection bias and still had a narrow sample. From

the above-mentioned studies, only two provide a theoretical foundation by adopting

the DOI and TOE frameworks, with one of these also incorporating INT, offering

initial insights. However, these models were applied in their established models,

without deeper adaptation to address specific operational conditions or contextual

dimensions, including human factors and adoption barriers that are practically rel-

evant to the process of cobots adoption in SMEs, and which require a more detailed

investigation. Therefore, it is advisable to establish a basis for applying the mixed-

methods approach in this thesis, combining in-depth qualitative understanding with

large-scale quantitative analysis to validate the holistic model.

Study Design Selection

Mixed-methods research encompasses a range of designs, given its integration

of qualitative and quantitative research methods. According to [7], mixed methods

research is generally classified into three main types. The first, conversion design,

integrates quantitative and qualitative methodologies at each phase of the study,

transforming data to enable both quantitative and qualitative analyses. The second,

the concurrent design, employs both quantitative and qualitative research methods

simultaneously and then compares the findings. The third, the sequential design,

comprises two separate phases. It begins with either the quantitative or qualitative

methods for data collection and analysis; next, the findings from the first phase are

enhanced or clarified using the other method in the second phase. Hence, four key

categories of mixed methods designs are identified.

The first, sequential explanatory design, prioritises a quantitative methodology for
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data collection and analysis, using statistical tests or experimental results as a basis

for understanding and knowledge development, with the qualitative methods helping

to support specific findings [7]. The second, sequential exploratory design, begins a

qualitative approach to gather and analyse data. After this, quantitative method-

ologies are employed to explain the results and examine the identified hypotheses [6].

This design is particularly suitable for refining existing perspectives and theories,

developing new perspectives and confirming emerging ones. The third, convergent

parallel design, involves the simultaneous and independent collection and analysis

of both quantitative and qualitative data [6]. Equal importance is given to each and

the findings are compared to enhance reliability and provide a comprehensive under-

standing of the research problem [7]. Lastly, the embedded design integrates both

data types, but one plays a dominant role while the other plays a supportive and

complementary role [65]. This design is used to improve the results obtained from

the dominant approach. Table 4.5 summarises the mixed methodology approach

applied in the research design.

Table 4.5 : Mixed Methodology Designs. Adapted from [6],[7]

Methodology Sequence Application Description

Explanatory sequential

design

Quant first,

then qual.

Obtain an understanding

of the unexpected findings

of surveys or experiments.

Quantitative begins first,

and qualitative is applied for

further explanations.

Exploratory sequential

design

Qual first,

then quant.

Revise/develop models

or theories and test them.

Qualitative begins first,

and quantitative is applied

to examine/test and support the results.

Convergent parallel

design

Quant and qual are

done simultaneously.

Attain a comprehensive

understanding of the research

question and improve

the validity of the findings.

The methodologies are given

an equal priority in

investigating and explaining

a phenomenon (Triangulation).

Embedded design

Primary and secondary

methodology. Sequence

relies on the research needs.

Enhance the study design,

and clarify the findings

at each stage of the analysis.

One methodology is primary/leading,

and the other acts to

explain/enhance the results

as it develops.
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Figure 4.7 : Exploratory Sequential Research Methodology

To investigate the study questions, this thesis employs the exploratory sequential

design. The primary goal is to identify the key determinants that drive cobot tech-

nology adoption in the distinct context of Australian manufacturing SMEs. This

distinct approach suggests that, whereas established adoption theories could be suit-

able, several further factors could be revealed, and other factors identified in the lit-

erature may prove to be less significant in practice. To identify which factors could

be significant, an initial qualitative study was conducted, during which industry

experts provided perspectives on the usability of cobot adoption factors identified in

related works and suggested additional new factors that could be beneficial. After

refining the original model, a quantitative design was undertaken using a large sam-

ple to examine the relationships within the refined framework. Figure 4.7 illustrates

the exploratory sequential methodology.
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4.4.2 Selection of Research Strategy

A research strategy is the process used by researchers to conduct their research

[116]. According to [5], the ”research onion” includes several common research

strategies, including action research, grounded theory, narrative inquiry, ethnogra-

phy, case study, survey, and archival research. Furthermore, other strategies are

also valid, such as correlational research, experiments, quasi-experiments, and phe-

nomenology [6]. This thesis applies surveys as its main research strategy. A survey

refers to the procedure of gathering information from a sample of study participants

to obtain their responses to survey questions [117]. Surveys are employed across

diverse applications, ranging from business fields to academic studies that explore

consumer choices and marketing options. In academic fields, surveys are developed

through rigorous, scientifically backed strategies for data collection methods, proce-

dures, and sampling, contributing to minimising potential errors and reducing bias

[7],[118].

In this thesis, the selection of surveys as the primary strategy is based on multiple

considerations. First, surveys are widely used due to their flexibility, which allows

for the use of various sampling procedures, data collection methods, and instruments

[5],[6]. Second, surveys may be employed in qualitative and quantitative research

types by merging open- and closed-ended questions [118],[119]. This feature is sig-

nificant in the current work, since the mixed methods design was adopted. Third,

surveys are widely recognised as a foundational tool in research on the drivers of

human behaviour, particularly in psychology and behavioural science [120], mak-

ing them suitable for examining the factors of cobot adoption in manufacturing

SMEs. At the end, questionnaires are a popular and well-established tool due to

their broad coverage, facilitating data collection from both large and small samples

in a relatively easy manner and offering the potential to generalise the findings [6].

Accordingly, this strategy enables studies to be conducted with a larger sample of

senior and middle-level managerial and IT specialists, as well as a smaller sample of

industry experts in manufacturing SMEs. Additionally, this strategy helps address

the budget and time constraints of this study.
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4.4.3 Selection of Research Time Horizon

The required timeframe for conducting research is known as a time horizon [5].

The two classifications of time horizon, based on the research onion, longitudinal and

cross-sectional. A cross-sectional timeframe comprises data collection that occurs

at a specific point in time, presenting the status of the context at a single moment

[6],[66]. It seeks to appropriately illustrate the research population and, therefore,

comprises a diverse group of individuals. Conversely, a longitudinal time horizon

assumes that a series of data sets are collected over a period, often years, followed

by subsequent analysis and comparison of results [6],[66]. Although longitudinal

studies can provide strong evidence and an understanding of how variables change

over a period, they commonly require considerable investment in resources and time,

including financial and human, to fulfil their stringent demands [66]. Furthermore,

longitudinal research demands rigorous control, as respondents may change their

behaviour or withdraw over time. Longitudinal research is more suitable for investi-

gating a few key influencing factors over a period, instead of studying many factors

simultaneously, as in this research. Hence, the study selected a cross-sectional time

horizon to be followed based on the aforementioned reasons.

4.4.4 Research Methods

As previously discussed, this research employs an exploratory sequential method-

ology. The two phases that guide the process of data collection and analysis are

outlined as:

• Phase 1: The objective of this phase is to investigate and understand the

research framework and the relationships within the framework, which will be

conducted through qualitative research.

• Phase 2: This phase seeks to examine and evaluate the output from Phase

1, which is a refined framework and its relationships, and will be conducted

through quantitative research.

The subsequent sections present an overview of these two phases, which utilise dif-
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ferent research methods for data analysis and collection.

4.5 Phase 1: Qualitative Research

This research identified a set of factors considered relevant to the cobot adoption

process in manufacturing, based on a comprehensive review of the existing literature.

However, qualitative research was conducted to refine the proposed framework and

contextualise it for the Australian manufacturing SME sector.

4.5.1 Qualitative Data Collection and Analysis

The objective of this procedure is to refine the model in a context-specific manner

by presenting new factors and removing those deemed weak or insignificant.

Qualitative Data Collection Process

In the first phase of the work, an in-depth semi-structured interview approach

was conducted to acquire participants’ perspectives, thoughts, opinions and views

on a particular topic [6]. With semi-structured interviews, open-ended questions are

arranged around specified topics. Thus, this approach is more flexible and differs

from structured interviews in that it allows for new views on the issues while en-

suring that the interview discussions remain within the study’s narrative and align

with its topics without excessive deviation from significant topics. Semi-structured

interviews in this study follow a particular protocol that involves themes/topics and

respective questions to meet these objectives [121]. As a result, the interview ques-

tions serve as a guide and may be asked differently by various individuals.

The selection of semi-structured interviews was based on multiple criteria. Based

on a previously established framework, the interviews were applied and hence, the

interview data can easily be arranged by themes. To adhere to the theoretical un-

derpinnings of this thesis, it is essential to remain within these themes. However,

it is important to allow some flexibility to enable the participants to share their

opinions on a new aspect related to cobot adoption. Accordingly, these interviews

are the optimal selection for qualitative data collection, as they apply themes and

enable the expression of perspectives and opinions within them. The majority of
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limitations of these interviews, such as subjective issues and concerns about gener-

alising the results, are addressed by applying Phase 2 of the research, which includes

examining the results using statistical methods on a large scale.

Unlike quantitative research, qualitative research does not involve broadly predeter-

mined norms for sample size. In the literature on qualitative research [122],[123],

and specifically qualitative interviews [121],[124], a data saturation approach is fre-

quently recommended to determine sample size. In qualitative research, data satura-

tion is perceived where additional data collection no longer yields new or meaningful

insights necessary for a thorough understanding of the subject being investigated

[122]. By applying these recommendations, this research assesses the point of data

saturation from a developmental perspective, exploring new insights and themes

regarding the cobot adoption in Australian manufacturing SMEs. When no new

insights are obtained throughout a particular interview, the stage of data saturation

has been established.

Based on the principle of data saturation, the qualitative interview phase involved

ten participants. During the interview process, recurring themes related to collabo-

rative robot adoption in manufacturing SMEs began to emerge, and no substantially

new insights were identified in the later interviews. This indicates that data satu-

ration was achieved, suggesting that the sample size was sufficient to address the

qualitative research objectives. Furthermore, the participants were selected decision-

makers and technology specialists with direct experience relevant to cobot adoption,

which supports the adequacy of a smaller, information-rich sample, as recommended

in qualitative research methodology literature [122, 123, 124].

A sampling frame was first established in the interview phase in collaboration with

the researcher’s supervisors, which involved identifying a contact list of as many

manufacturing SMEs in Australia as possible. The directory contained informa-

tion on manufacturing SME classification (small or medium), location (state or

territory), email addresses, and contact names of key personnel (e.g., owner, CEO).

However, contact names were not available in certain firms. The directory was devel-

oped using government and industry sources such as the Australian Small Business

and Family Enterprise Ombudsman (ASBEFO), the Australian Bureau of Statistics
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(ABS), Australian Manufacturing Technology Institute Limited (AMTIL), Manufac-

turing Australia, Australian Industry Group (Ai Group) and commercial databases

like IBIS World and Dun & Bradstreet. To achieve a representative sample that

is balanced for interviewees’ positions (senior and mid-level managerial/technology

specialists) and the manufacturing size (small/medium enterprises), the research

identified a minimum number of participants for interviews. A convenience sam-

pling strategy was applied to recruit interview participants based on willingness and

availability to participate. Although this strategy is not advisable in quantitative

studies, it is regularly applied in qualitative research to balance a small sample of

likely representatives of all research groups [121]. In the study sample, the key in-

clusion criterion was that the interviewee was a decision maker in a manufacturing

SME. The study involved ten interviewees comprising individuals in managerial and

technology specialist roles in Australian manufacturing SMEs. Participants involved

in the interview phase must be excluded from participation in the survey phase.

Before the interview sessions, interviewees were presented with a copy of the thesis

aim, the interview objectives and their rights as respondents. All interviews took

place between October 2022 and January 2023 via online meetings (Zoom). Draw-

ing on the recommendations of prior studies, a set of themes was formulated to

guide the interview process. These themes encompass overall views on the poten-

tial of cobots in manufacturing SMEs, factors supporting the adoption of cobots in

manufacturing SMEs (classified into organisational, external (environmental), tech-

nological, and human dimensions), and barriers to their adoption. Depending on

the interviewee’s response, each session was scheduled for 30 to 50 minutes, and all

interviews were executed in English. Appendix A provides the interview questions.

After each interview, the participants received their respective transcriptions, thus

enabling them to make any necessary revisions to clarify their ideas and opinions.

For data analysis, the study then utilised a revision of the transcript files.

Qualitative Data Analysis

Manual content analysis was utilised to analyse the collected qualitative tran-

script data. As a popularly used study technique, content analysis is well supported
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in the literature for its ability to systematically identify patterns, themes, and mean-

ings within textual data [125],[126]. Given that this study builds on existing frame-

works and theories, the direct content analysis approach was specifically adopted

[127],[128]. Within the current work, the objective of this approach is to validate

or develop conceptually a theoretical framework [128]. This aligns with the goal of

this phase of qualitative research, which aims to understand the previously adopted

factors with a solid theoretical underpinning by refining the research framework

through the removal or introduction of other emerging factors based on interview

data.

Following the approach outlined by [129], this research employs three main steps of

data analysis: qualitative data reduction and organisation, data coding, and data

display. Unlike conventional approaches, the direct content analysis method allows

for a more structured process for analysing data [130]. For the data reduction step,

the data from the transcription is coded and simplified. While new codes are devel-

oped using the conventional content analysis approach, this differs when applying a

direct content research approach, which often utilises existing models and theories

to develop preliminary coding categories [131]. Therefore, the proposed concep-

tual framework includes predefined codes derived from variables determined in this

research (See 4.3.4). When qualitative data cannot be easily associated with any

predefined group, it is identified as a new group, which may develop into a new

factor influencing cobot adoption

After completing the first step, recurring patterns were identified in the data. For

each coded factor, the frequency of mentions was observed. The factors were then

analysed separately based on their occurrence, that is, those mentioned infrequently

and those mentioned frequently. Factors mentioned infrequently cited were viewed

as potential factors for merging with others or elimination from the model. Fac-

tors mentioned frequently were analysed for their possible influence on the adoption

of cobots, considering both strength (strong, moderate, weak, or unclear) and di-

rection (negative or positive). This process follows the application of deductive

category coding [132]. To develop themes that would help inform factor-related

decisions, recurring patterns identified across the interview transcripts were sys-
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tematically analysed. These patterns guided decisions to integrate certain factors,

eliminate certain factors from the model or retain them as standalone elements, with

justifications for these decisions.

The refined HCRAM framework for cobot adoption in Australian manufacturing

SMEs is a main finding of the qualitative analysis. Figure 4.8 summarises the qual-

itative data analysis approach.

4.6 Phase 2: Quantitative Research

To enhance the generalisability of the results, the researchers can use quantita-

tive methods that enable them to gather a large amount of data [65]. Quantitative

methods provide a high degree of objectivity and accuracy in the results, which con-

firms their validity and reliability. Quantitative research enables the comparison of

these results with available research on the subject by employing numerical analysis

and statistical methods, and allows for analyses across categories and time.

Surveys are employed as a common quantitative method for data collection. In quan-

titative research, an online survey is one of the most frequently applied approaches

[7],[118]. Given the penetration of the internet and the development of online and

digital technologies, questionnaires have become a common data collection tool [6].

According to [5],[6], online surveys are preferred as a data collection method based

on the following advantages:

1. Low Cost: There is no need for researchers to travel to distribute the survey.

Various online platforms are available to set up surveys with minimal costs;

2. Large Number of Respondents: Surveys can collect a large amount of data and

include individuals from different backgrounds;

3. Organisation and Structure: Survey results can be compared efficiently, and

surveys can be replicated;

4. Data Analysis: It may be efficiently conducted by applying consolidated sta-

tistical packages and other tools that support both inferential and descriptive

statistical analysis;
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Figure 4.8 : Stages of Qualitative Data Analysis
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5. Respondent Anonymity: Given that data collection occurs on an online plat-

form, no personal information is shared, and survey respondents are encour-

aged to respond to the survey questions easily and comfortably;

6. Reducing Bias: To minimise personal bias in the study, surveys detach the

respondents from the researcher;

7. Data Codification: Surveys benefit from inbuilt online tools that minimise

human error in data entry and speed the process, thereby facilitating data

coding and organisation.

4.6.1 Quantitative Data Collection and Analysis

The subsequent section provides the procedure for quantitative data collection,

including instrument development, participant recruitment, and data analysis.

Quantitative Data Collection Process

In line with positivist research principles, a large-scale survey was regarded as the

optimal method for capturing generalisable patterns and testing predefined hypothe-

ses. The current work used a questionnaire as the main data gathering method, de-

signed to gather insights from a large sample of managerial and IT professionals from

Australian small to medium-sized manufacturing enterprises (SMEs). The question-

naire provided a structured tool for both data analysis and collection, enabling the

application of statistical techniques aligned with the study’s design parameters. In

line with positivist research principles, a large-scale survey was deemed the most

appropriate research method for capturing generalisable patterns and testing hy-

potheses [133]. The survey items represent the constructs derived from the research

conceptual framework. To assess the interviewees’ awareness of cobot technology,

this study conducted a focus group comprising top-level managers from Australian

manufacturing SMEs. Participants expressed limited familiarity which may be at-

tributed to the recent emergence of cobot technology, and the limited integration

of efficient applications in the SME manufacturing context. To ensure the survey

participants fully understood the scope and terminology, a a summary of cobots
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Figure 4.9 : Approach for Quantitative Data Collection

was provided on the first page of the survey. Figure 4.9 illustrates the structured

approach used for quantitative data collection.

Instrument Development Process

According to [134], the proposed procedure for questionnaire development in

this research comprises three steps: creating survey items, developing the scale, and

testing the instrument. The details of these steps are as follows:

• Step 1: Item Creation

The questionnaire items were developed to align with the constructs in the

refined HCRAM conceptual model. Following the completion of Phase 1,

the research framework was finalised. Section 7.2 presents the questionnaire

instrument and the sources from which its items were derived.

• Step 2: Scale Development
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In this study, the questionnaire items were aligned with the identified con-

structs and designed using a 7-point Likert scale, ranging from 1 (strongly

disagree) to 7 (strongly agree). which helps ensure continuity and integrity of

the data. This scale was applied, with the coding and options ranging from

1 (strongly disagree) to 7 (strongly agree). This scale was selected to ensure

greater measurement sensitivity than a 5-point scale. Research suggests that

7-point scales yield higher reliability and stronger correlation with statistical

significance than 5-point scales [135]. Second, data derived from a 7-point

scale are appropriate for high-level analyses [136]. Third, a 7-point scale is

more suitable for respondents’ subjective evaluations, such as beliefs related

to technology applications [137]. The respondents indicated that a 7-point

scale was the easiest to use and the most accurate for expressing their views.

As noted by [138], the 7-point scale provides a superior trade-off between the

reliability of items and the number of discriminating points. Hence, this study

employed a 7-point scale for its questionnaire design.

• Step 3: Instrument Testing

Before distributing the questionnaire to the participants, a pre-test was con-

ducted, representing the final stage as defined by [134]. The pre-test in this

research was based on assessments offered by two small groups. Participants

from the technology experts group evaluated the questionnaire items for clarity

and accuracy. The other participants from the PhD candidate group checked

the ease of use of the questionnaire and identified potential concerns regarding

the time needed to complete the survey.

Population and Sampling

A work population consists of the full set of individuals, objects or cases that

share specific characteristics that are the focus of an investigation. [139]. The tar-

get population in this thesis comprises decision makers at various managerial levels,

including top-level executives (e.g., presidents, CEOs, CIOs), middle management

(e.g., production managers, manufacturing supervisors, plant managers) and tech-
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nology specialists (e.g., IT professionals, engineers, CTOs) in manufacturing SMEs

in Australia. These individuals were selected as they are knowledgeable and respon-

sible for implementing innovation development strategies in their organisations.

Due to the large size and indeterminate boundaries of the target population, this

study employed a sample as a practical alternative. A sample represents a set of

cases derived from the broader population for study purposes [140]. Research com-

monly distinguishes between two broad categories of sampling: probability-based

methods and non-probability methods. Probability sampling is characterised by the

fact that every unit in the population has a calculable and non-zero probability of

selection, thereby allowing for representative inclusion. By contrast, non-probability

sampling methods operate without such known probabilities, making it impossible

to determine the exact likelihood of any individual being selected [140]. Probability

sampling is widely adopted in research due to its capacity to enhance generalisability,

uphold validity and minimise selection bias. [141]. Applying this type of sampling

also requires the identification of a sampling frame, which is a defined subset of the

population that includes only those members eligible for selection in the study [142].

Therefore, the same sampling frame used in the first phase 4.5.1 was employed, ex-

cluding the 10 organisations that had participated. This enables the researcher, in

the second phase, to reach participants from a wide range of manufacturing SMEs.

Given that manufacturing SMEs are distributed across multiple locations in Aus-

tralia, the study employed a stratified random sampling strategy rather than a simple

random strategy to minimise sampling error [143]. This approach was selected to

ensure appropriate representation of manufacturing SMEs across geographic regions

and organisational sizes.

To operationalise the stratified random sampling strategy described above, the pre-

defined sampling frame of Australian manufacturing SMEs was organised in two

stages. First, the sampling frame was stratified by state and territory to ensure na-

tional geographic coverage. Second, organisations within each geographic stratum

were categorised by firm size (small or medium enterprises) to account for organisa-

tional heterogeneity within the SME sector.

Following this stratification process, survey invitations were distributed to all ac-

103



cessible eligible organisations within each state and size-based stratum. In each

manufacturing SME, the invitation was directed to a decision maker responsible for

technology or operational decisions (e.g., senior management, middle management,

or technology specialists). Where only a general organisational contact was avail-

able, the contact was requested to forward the survey to the appropriate decision

maker. No selective targeting or preferential inclusion of specific firms or individuals

occurred beyond the stratification criteria. Consequently, each eligible SME within

a given stratum was provided with an equal opportunity to participate, thereby op-

erationalising randomness at the invitation stage. Participation was voluntary, and

responses were obtained through self-selection following invitation. This description

clarifies how random sampling was implemented in practice during the quantitative

phase and is consistent with accepted approaches to stratified random sampling in

organisational survey research.

To assess validity and reliability, it is important to determine an appropriate sample

size [144]. In this research, Structural Equation Modelling (SEM) served as the an-

alytical technique for the quantitative data. According to [145], For SEM, a sample

size of at least 200 respondents is generally advised when using maximum likelihood

estimation. This guideline is used as a standard for statistics. A more rigorous

method for determining the minimum sample size in SEM recommends that the

sample should be no fewer than five to ten cases per indicator. (items) [146]. With

an estimated 61 items in the model, the minimum necessary sample size ranges from

305 to 610 respondents. Similarly, following Nunnally [138], the minimum sample

size is 10*n, where n represents the number of observed variables (items), resulting

in a required number of respondents of 610. Thus, the research aims to engage at

least 610 respondents, although a sample size exceeding 305 is considered acceptable.

Administration and Distribution

The Qualtrics platform was used to administer a pre-tested questionnaire, ap-

proved by the UTS Ethics Committee, to target and recruit decision-makers from

manufacturing SMEs in Australia. Email invitations were sent to the previously

identified contact lists of manufacturing SMEs, formally requesting permission to
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engage with eligible respondents. The email included: 1)A letter of introduction

outlining the objectives of the research and requesting cooperation in recruiting par-

ticipants; 2) an attached ethical approval form; 3) the researchers’ contact details

for further communication; and 4) A survey access link was provided. A follow-up

strategy was implemented using multiple communication media (e.g., emails and

telephone calls) to encourage survey completion and improve the response rate. No

additional contact was made with manufacturing organisations that declined to par-

ticipate.

Quantitative Data Analysis

The analysis of quantitative data was carried out with IBM SPSS Statistics

version 26 and AMOS, employing a two-step process: First, descriptive statistics

were generated based on responses from the participant profile section. Second, a

two-phase inferential analysis was undertaken. At the initial stage of analysis, a

confirmatory factor analysis (CFA) was carried out to estimate and validate the

measurement model [147]. This model tests the reliability and validity of the gath-

ered quantitative data. Internal consistency reliability was assessed using two es-

tablished measures: composite reliability (CR) at a > 0.7 adequate level [148],[149]

and Cronbach’s alpha, with an acceptable value of ≥ 0.7 [150]. Further, the square

root of average variance extracted (AVE) was applied to test discriminant valid-

ity [148],[149]. Lastly, the non-response bias test was used by applying a series of

t-tests [151]. Following this, to evaluate the hypothesised relationships, the struc-

tural model was estimated. An evaluation was required to establish if the model

corresponded to the structural associations present in the dataset. To assess model

fit, several widely used indices were employed: root mean square error of approx-

imation (RMSEA, ≤ 0.1), Tucker-Lewis index (TLI, ≥ 0.9), incremental fit index

(IFI, ≥ 0.9), standardised root mean residual (SRMR, ≤ 0.1) and comparative fit

index (CFI, ≥ 0.9) [148],[152],[153]. Moreover, to ensure a goodness of fit, some

items were deleted and scales were modified as needed. Finally, path analysis was

performed within the structural model to evaluate the study’s hypotheses, using

a 5% significance threshold (p ¡ 0.05). Figure 4.10 visualises all the stages of the

105



quantitative analysis.
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Figure 4.10 : Stages of Quantitative Data Analysis
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4.7 Ethical Considerations

Prior to data collection, the required ethics applications were disseminated to

the UTS Human Research Ethics Committee (HREC) (Reference No. ETH22: 7564

for Phase 1 and Reference No. ETH24: 9468 for Phase 2) to obtain ethical approval.

This research adhered to the recommended procedures and practices, including the

ethics code, the protection of anonymity, the right of participants to withdraw, and

the voluntary nature of participation. The aim and objectives were also clearly

presented in the consent forms. The consent forms for Phase 1 and Phase 2 are

provided in (Appendix B) (Appendix C).

4.8 Summary

This chapter discussed the proposed solution for addressing the study questions

and outlined the selected methodology. The current work adopted a six-phase design

science approach. The research solution began with the selection of the underlying

theoretical frameworks for the cobot technology adoption model. As this thesis fo-

cuses on the organisational level and its aim is to incorporate additional variables,

the TOE [4] and the DOI [63] were chosen as theoretical foundations. These theo-

ries are well validated at the organisational level and offer the flexibility to remove

or add contextual variables. They were extended in this study by integrating two

additional dimensions: the human dimension and adoption barriers.

This study followed a mixed research methodology to examine and validate the

proposed model and justify its selection. In Phase 1, the model is presented to

several industry experts for initial evaluation through semi-structured interviews.

The outcome is a refined model that considers a final product with some factors

added or removed. In Phase 2, the adoption model is validated using a large-scale

questionnaire to assess its effectiveness in predicting cobot adoption among Aus-

tralian manufacturing SMEs. For both phases, the collection and analysis methods

are discussed. Chapter 5 presents the proposed HCRAM model of cobot adoption

and its relationship to the associated variables.
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Chapter 5

A Holistic Collaborative Robot Adoption Model

(HCRAM) for Australian Manufacturing SMEs

5.1 Overview

Chapter 5 introduces the initial model of the Holistic Collaborative Robot Adop-

tion Model (HCRAM), developed to describe and support the adoption of collabo-

rative robots (cobots) in manufacturing SMEs. The development of HCRAM was

grounded in an extensive analysis of theoretical and empirical studies on cobot adop-

tion. The model combines the TOE framework and the DOI theory, supplemented

by a human dimension context and a distinct dimension of adoption barriers to

represent the specific conditions of manufacturing SMEs, as outlined in section 5.2.

In section (5.2.1 - 5.2.5), each dimension represents a set of factors hypothesised to

influence the process of cobot adoption. These factors are described in detail, along

with their proposed roles in the adoption process

5.2 HCRAM Model and Hypotheses Development

The proposed HCRAM model is grounded in the combination of the extended

DOI-TOE framework, which posits that the cobot adoption process in manufac-

turing SMEs is influenced by five contextual dimensions: technology, organisation,

environment, human, and adoption barriers, as illustrated in Figure 5.1. Given the

limited research applying DOI and TOE to cobot adoption in the manufacturing

context, the study was extended to include studies on the adoption of other ad-

vanced manufacturing technologies, supported by core propositions within DOI and

the TOE, as outlined in Chapter 4. This strengthens the theoretical foundation of

the model’s factors. Accordingly, the factors selected for the HCRAM established

a set of proposed factor relationships, identified through a review and analysis of
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empirical studies in chapters (2 and 4). In line with this, the operationalised and

corresponding impacts of each factor on cobot adoption are presented in Figure 5.1.

Figure 5.1 : Holistic Collaborative Robot Adoption Model (HCRAM): A Conceptual

Model for Australian Manufacturing SMEs

5.2.1 Hypotheses in the Technology Context (Hypothesis 1)

Technological attributes play an important role in the adoption process. Adop-

tion is more likely when the technology offers clear advantages and operational

improvements that exceed the costs and resources required for implementation. Fol-

lowing the DOI theory [3], this research considers the influence of five established

attributes, each expected to influence the decision to adopt cobot in Australian

manufacturing SMEs.

Relative Advantage: This represents the level to which an innovation is evaluated

as enhancing organisational performance or outcome [63]. For manufacturing SMEs,

this may indicate the degree to which cobots are expected to enhance productiv-

ity, quality or flexibility compared with current technologies or approaches. These
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potential benefits are weighed against the costs and challenges of adoption, which

may be financial or non-financial [3]. According to [154], this feature represents one

of the most frequently examined attributes of innovation in studies of IT adoption,

with the majority of firms recognising its strategic importance. Within the cobot

context, two recent empirical studies highlighted the significance of perceived tech-

nological relative advantage in large manufacturing firms in Portugal and France [24]

and Chinese SMEs [54]. However, a survey of Portuguese manufacturing SMEs by

[23] found this factor had no significant impact, suggesting that the results may be

due to resource constraints. In studies on manufacturing context, several researchers

demonstrated the positive role of this attribute in the adoption of cloud computing

in Portugal [56], and in leagile manufacturing systems [105]. Similarly, in the SME

manufacturing context, it was imperative in the adoption of several technologies,

including its role in B2B e-commerce across four levels in Egypt [57], 3D printing

in Taiwan [97], Industry 4.0 in Japan [60], IIoT in India’s auto-component sector

[59], and cloud-based ERP systems in Nigeria [92]. From the discussion above, and

drawing on the majority of empirical findings in the literature, the hypothesis sug-

gests that:

Hypothesis 1a: Relative advantage has a positive influence on collabo-

rative robot adoption in manufacturing SMEs.

The second attribute within the technology context is compatibility, it is char-

acterised as the level to which an innovation is aligned with the adopter’s main

values, established routines, prior practice, and operational requirements [63]. Low

compatibility between a new technology and the organisation’s prevailing norms

and practices tends to impede adoption [155]. However, when an innovation is well

aligned with existing technologies and processes, it generally facilitates adoption

decisions [4]. Given that needs and values vary across organisations and indus-

tries, compatibility is a critical attribute in adoption decisions. Regarding the cobot

context, one study conducted by [23] found no significant improvement associated

with this attribute. In contrast, other researchers identified the importance of com-

patibility during the adoption process in large firms [24] and SMEs [54]. In the

manufacturing context, some researchers noted that compatibility had no signifi-
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cant effect within their specific study settings [56],[57]. Conversely, others regarded

this attribute as being consistent with current organisational needs and requirements

[58],[59],[92],[94],[105]. Given that cobots represent a new technology, further inves-

tigation of this attribute, particularly within the Australian manufacturing SME

context, should be considered. From the preceding discussion and drawing on the

majority of empirical findings in the literature, the hypothesis suggests that:

Hypothesis 1b: Compatibility has a positive influence on collaborative

robot adoption in manufacturing SMEs.

Trialability: Within the framework of the DOI, trialability refers to the extent to

which potential adopters can test an innovation on a limited scale before commit-

ting to full-scale implementation [3]. When firms have opportunities to pilot test at

a low cost, trialability can reduce uncertainty, make benefits more observable, and

increase the likelihood of adoption. According to DOI theory, innovators and early

adopters tend to place greater emphasis on trialability, and its practical influence

often grows as technology matures and piloting becomes more feasible [3]. Seminal

work identified trialability as an important attribute that enables the adoption of

IT innovations [156],[157]. In one case, discussed by [46], one company initially in-

stalled a single cobot to enable employees to adjust to its presence. This approach

proved successful and became standard practice within the firm. This demonstrates

the importance of conducting an initial trial, consistent with the specific structural

and functional characteristics of an organisation. In the context of cobots, the im-

portance of trialability is highlighted in two recent works: one conducted in large

French and Portuguese manufacturing firms [24] and another in Chinese SMEs [54].

From the discussion above, the hypothesis suggests that:

Hypothesis 1c: Trialability has a positive influence on collaborative

robot adoption in manufacturing SMEs.

Observability: In the DOI theory, it is characterised as the visibility of both

the process and the results of innovation adoption, enabling others to identify and

evaluate its impact [3]. The DOI posits that innovations with readily observable

and tangible outcomes tend to diffuse more rapidly. Observability is classified as a

main attribute in the implementation of IT innovation [156],[157]. In the context of
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cobots, observability is perceived as the viability of use and outcomes that support

adoption in large Portuguese and French manufacturing firms [24], as well as in

Chinese manufacturing SMEs [54]. From the preceding discussion, the hypothesis

suggests that:

Hypothesis 1d: Observability has a positive influence on collaborative

robot adoption in manufacturing SMEs.

Complexity: This factor represents the level of perceived challenge in understand-

ing, adapting, and effectively implementing an innovation [4]. The likelihood of

adopting a new technology is enhanced when it is perceived as straightforward to

understand and operate; conversely, when innovations are presented as difficult to

utilise, it reduces the likelihood of being accepted. [158]. When adopting innova-

tive technologies, it is imperative that decision makers consider this factor and the

extent to which the innovation will apply. One study noted that during cobot im-

plementation, repeated programming and configuration workload can be seen as a

challenge, highlighting the role of complexity during operation and troubleshooting

[46]. Within the context of cobots in large manufacturing firms [24], this factor is

classified as a standard technological factor. The qualitative findings of this study

revealed that six interviewees did not perceive cobots as complex, whereas two re-

spondents considered them too complex. Another recent work [22] identified com-

plexity as one of the most significant factors negatively influencing cobot adoption in

Chinese manufacturing SMEs. In the manufacturing context, this factor is not seen

as important in the adoption of cloud-based ERP [56],[60]. However, it is among the

most frequently cited factors exerting a negative influence on technology adoption

[104],[105]. Another study found that it was perceived as negative at the fourth level

when examining B2B e-commerce in Egyptian manufacturing SMEs [57]. Overall, it

is noteworthy that, regarding cobots, particularly in manufacturing SMEs, the deci-

sion to adopt should consider the complexity of tangible workplace transformation,

which requires mechanical integration, programming skills, and workforce adapta-

tion. This would be valuable when adopting cobots in Australian manufacturing

SMEs. From the preceding discussion and drawing on the majority of empirical

findings in the literature, the hypothesis suggests that:
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Hypothesis 1e: Complexity has a negative influence on collaborative

robot adoption in manufacturing SMEs.

5.2.2 Hypotheses in the Organisational Context (Hypothesis 2)

Although technological attributes influence adoption, adopters must also be pre-

pared for integration. Ensuring the consistency of new technologies with established

processes and strategic priorities requires organisational change, which introduces

difficulties for management [159]. Consequently, the organisational context is rel-

evant to successful adoption. In this study, two critical determinants within the

organisational context are examined: readiness and top management support are

selected given their likely influence on cobot adoption in Australian manufacturing

SMEs, as outlined in the TOE framework [4].

Top management support: This refers to the extent to which senior leaders are

committed to the technology and view it as advancing the organisation’s strategic

objectives [7]. Senior leaders enhance the effectiveness and quality of new solutions

by providing strategic direction, a clear vision and mitigating internal resistance

[160]. This factor is perceived as an imperative in the cobot context, as their active

involvement promotes an effective adoption process [22],[23],[24],[36]. Within the

manufacturing context, one study found that support from top management was

not a critical factor [56]. However, several studies indicated that this factor was

associated with a greater likelihood of IT adoption [59],[60],[91],[92],[97]. From the

preceding discussion and drawing on the majority of empirical findings in the liter-

ature, the hypothesis suggests that:

Hypothesis 2a: Top management support has a positive influence on

collaborative robot adoption in manufacturing SMEs.

Organisational readiness: This is regarded as a prerequisite for adoption, encom-

passing the processes, structures and organisational culture necessary to facilitate

adoption [161],[162]. In the cobot context, two recent studies emphasised the signif-

icant role of top management [24],[54]. When top management support is limited,

the risk of delayed use increases, and the expected benefits are diminished. Simi-
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larly, in the manufacturing context, researchers confirm the relevance of this factor

in the adoption of 3D printing [97] and the IIoT [59]. From the preceding discussion,

the hypothesis suggests that:

Hypothesis 2b: Organisational readiness has a positive influence on col-

laborative robot adoption in manufacturing SMEs.

5.2.3 Hypotheses in the Environmental Context (Hypothesis 3)

It comprises factors external to the organisation and influences the process of in-

novation adoption [4]. External factors are significant because they shape adoption

decisions through external pressures and are largely beyond organisational control;

as such, they need to be addressed rather than avoided. Such factors, when not

effectively managed, can limit an organisation’s ability to counter their impact. The

external context is understood as a set of environmental enablers that influence

cobot adoption decisions, as defined by the TOE framework. In this thesis, govern-

ment support and competitive/peer pressure are considered potential factors that

may facilitate the adoption of cobots in manufacturing SMEs.

Government support: It influences the willingness of organisations to adopt new

technology. Governments can foster innovation by enhancing IT infrastructure, sup-

porting technology, promoting initiatives, and strengthening R & D for organisations

through funding [163]. In the context of cobots, several studies confirm the govern-

ment’s potential importance but also identified an implementation gap. In Chinese

SMEs manufacturing, [54] reported that SMEs require support due to resource con-

straints; however, current policies fail because they target large firms rather than

addressing the barriers faced by SMEs. In France and Portugal, large firms identi-

fied government agency support as the most influential external factor, emphasising

their role in the regulatory environment and the development of IT infrastructure as

critical elements of innovation diffusion [24]. In the manufacturing context, research

identified this factor as significant for prospective adopters considering the adop-

tion of cloud-based ERP systems [92] and B2B e-commerce adoption [91]. Notably,

identifying whether Australian government support mechanisms effectively address
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the barriers faced by SMEs in adopting cobots would provide valuable insights for

facilitating the adoption process. From the preceding discussion and drawing on the

majority of empirical findings in the literature, the hypothesis suggests that:

Hypothesis 3a: Government support has a positive influence on collab-

orative robot adoption in manufacturing SMEs.

Competitive pressure: From a broader perspective, competitive pressure refers to

the influence exerted by peers, business partners and various institutions in promot-

ing the adoption of IT [164]. This pressure may influence organisations to adopt in-

novation to enhance integration or ensure compatibility with modern systems [161].

This is particularly evident when competitors hold a dominant position and the

organisation has a high level of dependence on them, making technology adoption

more likely as a means of preserving competitiveness. According to [54], market ma-

turity and geographical limitations in a single province in China were not perceived

as critical, despite its classification as an important external influence. In contrast,

[24] found that this pressure significantly influences adoption intention in Portugal

and France. Several studies in the manufacturing context confirmed the significance

of this pressure in the adoption of technologies [57],[59],[91],[97],[105]. Given that

this study focuses on manufacturing SMEs across Australia, covering diverse regions

and varying market conditions, the role played by this factor may offer important

insights into the cobot adoption process in these enterprises. From the preceding

discussion and drawing on the majority of empirical findings in the literature, the

hypothesis suggests that:

Hypothesis 3b: Competitive pressure has a positive influence on collab-

orative robot adoption in manufacturing SMEs.

5.2.4 Hypotheses in the Human Context (Hypothesis 4)

In this study, the human context is considered a distinct and specific dimension.

As discussed in Chapter 2 and Chapter 4, the human factors examined in this study

encompass both individual and organisational roles and capabilities that may influ-

ence the adoption process. The research suggests that the human context involves
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the following variables: innovativeness of decision-makers, the presence of a project

champion and prior experience. These variables are classified under human factors,

which are understood to facilitate the adoption of cobot technology in Australian

manufacturing SMEs.

Decision-maker innovativeness: This factor is associated with individual-level

attributes of the decision maker, particularly their cognitive style [165]. In general,

innovativeness refers to a willingness to follow new approaches and involves how

individuals process information, make decisions, and address challenges [165],[166].

Within the SME context, researchers found that small firms led by an innovative

CEO are more likely to achieve successful IS adoption [107]. Similarly, the work in

[165] indicated that an organisation’s openness to new ideas is a crucial factor in

the adoption of innovation. A major obstacle to innovation adoption is resistance

from decision-makers [167]. Cobot technology represents a recent advancement in

information technology. Thus, it is important to assess whether decision-makers

can adapt to and readily embrace technological change, as this has been proposed

to have a positive influence on the adoption of new technology, such as cobots [106].

Within the cobot context, a recent study by [36] demonstrated the significant impact

of innovativeness among management staff in Russian manufacturing companies.

Drawing on the importance of this factor, as evidenced in seminal IT adoption re-

search and a recent work in the cobot context, it is expected that the innovativeness

of decision makers will promote cobot adoption in Australian manufacturing SMEs.

From the preceding discussion, the hypothesis suggests that:

Hypothesis 4a: The innovativeness of decision-makers has a positive

influence on collaborative robot adoption in manufacturing SMEs.

A project champion: A project champion is an individual who plays a essen-

tial role in promoting innovation, and is characterised by heightened innovativeness,

a strong achievement orientation and a greater willingness to take risks [168]. The

radical transformation occurring in manufacturing today, such as the introduction of

human-robot collaboration, brings changes not only from technological and produc-

tion perspectives but also in relation to human factors. In times of transformation,

the presence of a champion is important to support the workforce and facilitate the
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implementation of new initiatives [169]. The existence of a champion as a human

enabler is important in human-robot collaboration. An empirical work employed in

a larger manufacturing firm in the UK [20] identified a process champion as a key

organisational human enabler. A recent qualitative study [24] highlighted the role

of a project champion in influencing cobot adoption.

In this study, both terms, project champion and process champion, are used to refer

to individuals who actively advocate for and support technological innovations. The

existence of a project champion is expected to facilitate cobot adoption in Australian

manufacturing SMEs. From the preceding discussion, the hypothesis suggests that:

Hypothesis 4b: The existence of a project champion has a positive in-

fluence on collaborative robot adoption in manufacturing SMEs.

Prior experience: This variable reflects the degree to which the user view the

current practice as closely linked to their prior experience [69]. Within the DOI

theory [3], user adoption behaviour is influenced by prior engagement with previ-

ous innovations. With regard to cobots, one study [37] found that past experience

with automation can foster trust and willingness to engage. Another study [30]

highlighted that workers with experience in human-robot collaboration tend to have

more realistic expectations and experience less uncertainty. Furthermore, a study

by [56] identified prior experience as a positive factor in improving perceptions of

usefulness and readiness. From the preceding discussion, the hypothesis suggests

that:

Hypothesis 4c: Prior experience has a positive influence on collabora-

tive robot adoption in manufacturing SMEs.

5.2.5 Hypotheses for Adoption Barriers (Hypothesis 5)

Although this technology offers potential advantages for manufacturing, several

barriers may hinder its wider adoption. According to the DOI theory [3], one bar-

rier embedded within its conceptual framework is complexity. In contrast, several

studies on cobot adoption that do not apply the DOI theory generally overlook this

aspect. Therefore, the current study focuses on the most frequently cited barriers in
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the cobot literature and presents these barriers within a distinct categories referred

to as barriers. This could provide a practical step forward, enabling decision makers

to adopt a targeted approach to addressing these barriers.

Safety issues: Safety in cobots extends beyond traditional industrial automation,

in which caged robotic systems relied primarily on physical barriers as the pri-

mary protection mechanisms [29],[33]. The main focus is on preventing immediate

physical harm by implementing collision prevention and system reliability measures.

Operational safety in cobots requires the integration of specific technical elements,

such as force monitoring, passive compliance and overload detection [41]. One study

identifies mediated safety as one of the most significant barriers to cobot adoption,

due to the lack of clarity regarding relevant metrics and standards [26]. Similarly,

work by [15] identified safety as the main barrier to cobot adoption, emphasising the

need for any interactive technology to demonstrate a positive user experience during

the early stages of adoption. Another study conducted in Western Sweden SMEs

by [38] also highlighted safety as a key challenge in cobot adoption, describing it in

terms of the risk of injuries arising from exposure and collisions during human-robot

collaboration. Furthermore, a study of European manufacturing SMEs by [46] em-

phasised the difficulty of ensuring safety in these firms. The study also noted that

risk assessments often result to a reliance on suppliers for safety assurance. From

the preceding discussion, it is expected that the safety issues may negatively affect

the adoption of cobots, hence the hypothesis suggests that:

Hypothesis 5a: Safety issues related to cobots have a negative influence

on collaborative robot adoption in manufacturing SMEs.

Lack of knowledge: In the DOI theory [3], technological knowledge is a key

attribute that differentiates between adopter classifications. Early adopters and in-

novators tend to gain knowledge and understand the advantages of an innovation

more rapidly, positioning them as the first to adopt it. As knowledge advances, ad-

ditional adopter classifications emerge throughout the diffusion process. Therefore,

insufficient knowledge is often regarded as a primary barrier hindering the diffusion

of technology, including cobots [15],[26]. Similarly, [46] emphasised that the lack of

integration of knowledge was considered a barrier. In a subsequent study, [25] iden-
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tified knowledge-related issues primarily as training needs, understanding robotic

functionality and basic computer skills. Furthermore, it identified a knowledge gap

regarding business benefits, technology awareness, and market understanding, high-

lighting the need to enhance cobot knowledge among employees for successful im-

plementation. From the preceding discussion on the relation between knowledge

and its use, it may be argued that insufficient knowledge poses an obstacle to cobot

adoption. Accordingly, the hypothesis suggests that:

Hypothesis 5b: A lack of knowledge related to cobots has a negative

influence on collaborative robot adoption in manufacturing SMEs.

Fear of job loss: Concerns about job displacement and limited career progres-

sion may discourage employees from supporting the introduction of cobots [46].

This may create feelings of anxiety and uncertainty, thereby reducing openness to

the organisational change that accompanies their adoption [46]. Researchers in the

cobot context have recognised this issue and identified it as a significant barrier to

adoption. The work by [25] identified fear of job loss as the main challenge at the

employee level in the African manufacturing context, encompassing concerns about

redundancy, retrenchment, and rising unemployment. Likewise, [32] identified this

barrier as a key determinant impeding cobot acceptance in German manufacturing,

emphasising that addressing it requires effective internal communication strategies.

Finally, [46] highlighted fear of job loss as a cultural barrier contributing to organi-

sational resistance to change. From the preceding discussion, it is expected that the

fear of job loss may negatively affect the adoption of cobots, hence the hypothesis

suggests that:

Hypothesis 5c: Fear of job loss has a negative influence on collaborative

robot adoption in manufacturing SMEs.

5.3 Summary

Chapter 5 introduced the proposed HCRAM for manufacturing SMEs regarding

an extensive review of empirical works on adoption in manufacturing SMEs. This

model comprises five dimensions and 15 factors that may influence the cobot adop-
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tion process, each justified about its specific role. The hypotheses were proposed,

based on this framework, to investigate the relevance and contribution of five con-

texts to cobot adoption in manufacturing SMEs.

Chapter 6 details the findings from the model proposal and its subsequent evalu-

ation, conducted with technology specialists and manager-level participants from

both top and middle management.

121



Chapter 6

Phase 1: Qualitative Research

6.1 Overview

The detailed outcomes of the qualitative data were gathered from interviews

with ten industry decision-makers. It begins with an overview of the interview

participants and their positions in the industry (Section 6.2). The aims of phase

one were to firstly, determine the most promising application areas of collaborative

robots for Australian manufacturing SMEs; and secondly, uncover the key factors in

the adoption process. Section 6.3 presents both of these aims in detail in the data

analysis and results of the Interviews. It also provides a refined HCRAM conceptual

model of collaborative robot adoption, which contains newly proposed factors based

on the participants’ views and excludes those factors that the participants regarded

as insignificant (Section 6.4). Finally, the chapter concludes with a summary of the

important results (Section 6.5).

Portions of Chapter 6 have been published as follows:

• M. Haddas and F.K. Hussain, ”Technology Factors Affecting Australian Man-

ufacturing SMEs Adoption of Collaborative Robot Technology: A Qualitative

Interview Study,”. In Proceedings of the 43rd International Business Infor-

mation Management Association Conference (IBIMA), Madrid, Spain, June

2024.

• M. Haddas and F.K. Hussain, ”Human Factors Influencing Australian Manu-

facturing SMEs’ Adoption of Collaborative Robots: A Qualitative Study. In

Advanced Information Networking and Applications: Proceedings of the 39th

International Conference on Advanced Information Networking and Applica-

tions (AINA-2025), vol. 7, Cham, Switzerland: Springer, 2025, pp. 154-164.
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6.2 The Interview Participants

The research interviews were conducted with key decision makers, including man-

agerial and technology specialists from SMEs in Australian manufacturing. Follow-

ing the methodological guidelines in [121],[124], the study employs a data saturation

approach. By the tenth interview, the analysis indicated that data saturation was

reached, as no new themes or meaningful insights emerged. Consequently, the data

were considered appropriate for the analysis phase.

General information about the interview participants is provided in Table 6.1. The

interview sample was balanced with respect to participants’ positions and the classifi-

cation of their manufacturing organisation (small/medium) based on employee num-

bers. The sample consisted of ten participants in both high-level and medium-level

positions, with five holding managerial roles and five being technology specialists.

Three of the interviewees represented small manufacturing, and seven represented

medium manufacturing. The participants’ knowledge level regarding collaborative

robots was categorised into two levels: six interviewees characterised their knowledge

as excellent, great, or good, while the remaining rated their knowledge as moderate,

sufficient, or reasonable. Thus, the interviewees had an adequate level of expertise

with collaborative robots for the study’s purpose.
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Table 6.1 : An Overview of the Interview Participants

N Interviewee’s Code Interviewee’s Position Industry Size (No. of employee) Classification Level of Collaborative Robot Knowledge

1 P1 Chief Technical Officer (CTO) Appliance Manufacturing 100 Medium Good

2 P2 Technical Support Specialist Textile Manufacturing 126 Medium Good

3 P3 Chief Executive Officer (CEO) Furniture Manufacturing 76 Medium Good

4 P4 Operations Manager Paint manufacturing 19 Small Some

5 P5 IT manager Textile Manufacturing 198 Medium Good

6 P6 Production Manager Paper Product Manufacturing 196 Medium Good

7 P7 Process Engineer Sporting Goods Manufacturing 18 Small Some

8 P8 General Manager Camping equipment Manufacturing 16 Small Some

9 P9 Automation Engineer Plastic Product and Packaging 188 Medium Some

10 P10 General Manager Metal Product Manufacturing 98 Medium Good
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6.3 Interview Data Analysis and Findings

In this phase, the three-step process recommended by [129], as outlined in Chap-

ter 4 was used for the analysis. The two types of analyses in this research are

provided to support the thesis objectives and fulfil the requirements for gathering

and analysing the interviews. The first section describes the experts’ perceptions

with regard to the promising application areas of collaborative robots for Australian

manufacturing SMEs. In the second section, independent constructs and dimensions

relevant to collaborative robot adoption are descriptively conceptualised to uncover

the possible connections among the study’s constructs during the adoption process.

6.3.1 Experts’ Views on Promising Collaborative Robot Applications

The interviews with participants started with an explanation of the topic and

the aim of the interview. This was followed by a discussion that focused on the par-

ticipants’ views in terms of the use of cobot technology and the extent to which it is

applied in Australian manufacturing SMEs. A total of nine participants discussed

this subject matter. The majority indicated that the integration of collaborative

robots is still in its early stages, specifically in manufacturing SMEs. The adoption

level was described as follows: ’very low’ (4 participants), ’somewhat’ (2 partici-

pants), and ’in its beginning’ (3 participants). One participant, P6, reported high

adoption rates in large manufacturing stating, ”as you see, there are high adoption

rates in large manufacturing environments”. In contrast, P10 commented on rea-

sons why SMEs have lower adoption rates, stating, ”we are generally pretty slow

to adopt in SMEs, in Australia, [...] lack of investment in advanced technologies,

inadequate technical preparation of our employees”.

Following this, the participants were asked about the possible promising application

areas for cobots in Australian manufacturing SMEs to identify the most viable areas

for further investigation. Table 6.2 presents the identified codes from the analysed

transcripts for promising areas of application dimensions. According to the review of

the existing literature, assembly was identified as the most frequently cited applica-

tion. Moreover, Universal Robots - recognised as a pioneer in collaborative robots-
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Table 6.2 : List of Codes for the Collaborative Robots Promising Areas of Applica-

tion Dimensions

Code Meaning Frequencies

PAA Promising Application Areas 10

PAA-ASS Assembly 10

PAA-MAH Material Handling 8

PAA-MAT Machine Tending 8

PAA-QUI Quality Inspection 6

PAA-WEL Welding 4

PAA-MAR Material Removal 3

also emphasised assembly as an application, and seven other potential applications

were identified. However, two of the suggested applications (finishing and dispens-

ing) were not mentioned by all interviewees. The six promising areas of application

are discussed in the following. The most commonly discussed application among

interviewees was assembly, which was mentioned by all respondents. They focused

on how collaborative robots help to reduce fatigue and physical strain on human

workers in assembly lines. With respect to this, some interviewees’ responses were1:

One important thing to consider is that integrating cobots into an assembly line will

significantly reduce the incidence of musculoskeletal injuries and fatigue risk. (P3)

... I mean, collaborative robots can be quickly adapted to assemble diverse parts;

which will be especially beneficial for most SMEs with different product lines. (P4)

In the assembly line, workers still suffer continuous physical strain; collaborative

robot technology will assist in keeping the processes working smoothly and reduce the

strain... There is a great time for employees to rest, which is one big advantage.

(P5)

Part insertion and fastening, for example, are usual applications in assembly tasks,

and the use of a collaborative robot is essential here... We need careful attention to

1All direct quotes from the interview transcripts, and may contain errors or non-academic

expressions.
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insert different components, like circuit boards, and then secure them with screws.

The adoption of collaborative robots enables organisations to make better use of em-

ployees’ skills by reducing time spent on repetitive tasks. (P6)

Another commonly discussed application was material handling, which was men-

tioned by 8 of the 10 interviewees. The participants particularly spoke about such

areas of material handling as bin picking, palletizing and depalletizing products:

I think it is an amazing technology because it can handle even delicate items in bin

picking. The capability of collaborative robots to perform small and difficult tasks in

material handling is impressive. It is the future for the manufacturing sector. (P1)

We are looking for precision in our process, which will be get through the use of

collaborative robots equipped with advanced sensors to enable the precise alignment

and orientation of objects. [...] In the end, we will have a stable uniform pallet.

(P3)

If we see bin-picking tasks and how collaborative robots will find out the correct parts

from bins due to vision systems, to put it simply automation with collaborative robots

would deal with even the most precise operations. (P5)

In our manufacturing process, cobot technology would be employed to palletize and

depalletize products. We aim to implement this to lower the chance of errors in our

processes. (P9)

The use of collaborative robots for machine tending was discussed by 8 partici-

pants. The participants talked about the integration of collaborative robots in the

loading and unloading area (5 participants), and reducing setup times for machine

tending operations (1 participant). A collaborative robot is seen as an innovative

option to improve efficiency in operations. Some responses are:

Post-COVID-19 pandemic, most Australian manufacturing SMEs were impacted,

particularly in the area of loading and unloading, often called machine tending. One

innovative solution that is now being pursued is the integration of collaborative robots

in this area. (P3)

Collaborative robots can exceed other technologies in reducing setup times for ma-

chine tending operations. In my assessment, this feature is a key point for decision

makers when evaluating technology adoption options. (P6)
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In terms of improving the efficiency of loading and unloading operations, cobots are

the number one here. [. . . ] Any manufacturing company should begin updating its

process accordingly. (P10)

Others, however, thought that collaborative robots are not significant in machine

tending due to their limitations in handling products of different weights and sizes.

Manufacturers can still benefit from using existing technologies. In my view, apply-

ing collaborative robots in machine tending aspect is not currently essential. (P4)

I see it as not important. Collaborative robots have limited load capacities and can-

not manage different weights and sizes. Even with these limitations, manufacturers

will likely use collaborative robots in machine-tending tasks. (P8)

The participants also discussed collaborative robot applications to enhance quality

inspection in manufacturing (6 participants in total). Of these, 5 pointed to col-

laborative robots as an important advancement in quality inspection compared to

manual inspection:

In Australia, SMEs have long relied on human inspection and some limited technolo-

gies. However, things change with the rise of a collaborative robot, as this technology

can provide high inspection accuracy with repeatability and without concerns about

fatigue or performance variation. (P2)

No doubt, collaborative robots are much better at quality inspection. For example,

they can identify surface defects with good accuracy that are often missed during

manual inspection. (P3)

It is a feasible technology, particularly when considering the use of AI-enabled collab-

orative robots or those equipped with optical sensors to ensure that every part meets

exact guidelines. By doing so, most, if not all, manufacturing processes can benefit

from enhanced overall quality. (P6)

However, one respondent, P10, expressed the view that collaborative robots are ”not

in high demand” for quality inspections in most small manufacturing industries.

The participants expressed positive opinions regarding cobots for the welding area.

Of these, two referred to the advantages of cobots, for example, consistency, quality

and safety in welding applications:

In the appliance industry, collaborative robots help to automate welding processes.
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For example, in washing machine production, collaborative robots are programmed

to deliver consistent welds according to strict quality standards. (P1)

Applying advanced tools, such as collaborative robots in welding, gives us excellent

quality and safety in our metal products. (P10)

The remaining 2 participants, however, expressed more cautious perspectives:

P3 said that ”in Australia, there is no clear implementation for collaborative robot

use in different welding environments”. Likewise, P8 argued that ”dealing with

cobots in welding is not fully defined”

Finally, three participants discussed material removal the use of cobot applica-

tions. However, they noted future material removal applications rather than what

is expected soon in SME manufacturing:

There are currently no examples of Australian SMEs implementing cobots in ma-

terial removal applications. However, we hope to apply them in the near future to

remove paint residue from the interior walls of our mixing areas. This is a very

repetitive task, and by applying collaborative robots, we can save time and improve

process efficiency. (P4)

It would be beneficial if we could take advantage of this technology in our industry.

Collaborative robots could offer long-term solutions and improvements in material

removal. However, the timeframe for widespread adoption in Australian manufac-

turing may extend over the next five years or longer. (P2)

We are hopeful about the changes that collaborative robots will bring in the future,

both in material removal and broader manufacturing applications. (P6)

Two significant themes emerged from the participants’ opinions promising cobot

applications in the SME manufacturing sector.

Theme 1: Cobot technology remains an evolving and developing topic,

as viewed by the managerial and technology experts in Australian man-

ufacturing SMEs.

Of the ten participants, six expressed a thorough comprehension of the topic, whereas

the other four acknowledged they had only a moderate level of knowledge. Some

participants were not able to discuss cobot applications in Australian SMEs in detail.

Most mentioned cobots as a new topic requiring further research and development,
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noting that there was little clarity on adopting and using them effectively.

Theme 2: The application of cobots in assembly processes within Aus-

tralian manufacturing SMEs represents one of the most promising ar-

eas.

In this part, the interviewees were requested to name and evaluate the possible

promising application areas of collaborative robots for Australian manufacturing

SMEs. A summary of the interviewees’ assessments is presented in Table 6.3. The

data presented indicated that cobot applications in assembly were consistently iden-

tified by all participants as the main area of focus for manufacturing SMEs, receiving

the highest frequency of mention. Cobot applications for material handling and ma-

chine tending were also commonly cited areas, although there was some variability

in the opinions expressed by the participants about their feasibility and applica-

bility. The remaining promising areas of cobot applications were either not widely

considered and/or there was a lack of significant agreement about their uses or im-

plementation.

Drawing on the themes explored, the decision was made to prioritise cobot applica-

tions in assembly processes.

6.3.2 Experts’ Views on the Factors Influencing Collaborative Robot

Adoption in Australian Manufacturing SMEs

Guided by the theoretical foundations of the thesis, participants were requested

to share their views on the impact of various factors influencing cobot adoption

by manufacturing SMEs in Australia. Furthermore, participants were requested to

share any additional factors they deemed important in collaborative robot adoption.

Consequently, six categories of factors were covered. For each category, the analysis

process followed the methodology developed by [129], which involves the following

steps: 1) data reduction was employed to transform raw data into a simplified

dataset that can be managed; 2) pattern coding was used to identify themes or

concepts; and 3) the main themes and codes developed during the pattern coding

were summarised into a visual format, such as tables, to facilitate analysis and

interpretation.
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Table 6.3 : Summary of Participants’ Assessments of Promising Collaborative Robot

Applications for SME Manufacturing

Participant Assembly Material Handling Machine Tending Quality Inspection Welding Material Removal

P1 10 10 – – 10 –

P2 10 – 10 10 – 10

P3 10 10 10 10 6 –

P4 10 8 6 10 – 10

P5 10 10 10 – – –

P6 10 10 10 10 – 5

P7 10 – – – – –

P8 10 8 6 – 6 –

P9 10 10 10 10 0 0

P10 10 10 10 6 10 0

Total 10 8 8 6 4 3

Note: “–” indicates that participants did not provide an assessment for the corresponding

application.

For the first step in the content analysis, operational codes were created to determine

constructs relevant to collaborative robot adoption. Further codes were created

to assess the strength of factors with respect to collaborative robot adoption in

manufacturing SMEs. The following four categories of codes were created for this

purpose:

• Constructs were assigned strong effect values that were determined by the

study participants such as ” important,” ”very important,” ”extremely im-

portant,” ”most important,” ”quite important,” ”highly important,” ”strong,”

”essential,” ”imperative,” ”key,” ”crucial,” ”critical,” ”significant” and similar

adjectives.

• Constructs were assigned moderate effect values that were determined by the

study participants using terms such as ”somewhat,” ”moderate,” ”some ex-

tent,” ”not the most important,” and similar words.

• Constructs were assigned unclear effect values that were determined by the

study participants using terms such as ”maybe,” ”could be,” ”perhaps,” ”un-
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clear,” ”seem to be possible” and similar words.

• Constructs for which the study participants explicitly rejected any influence

were assigned no effect value.

Additionally, the analysis presents the mechanisms by which the interviewees as-

signed the aforementioned effect values.

Technological Context

The frequency of mentions and codes used in the analysis is presented in Table

6.4. Codes are arranged according to the strength of each factor. The trialabil-

ity factor was the most mentioned by the study participants. In contrast, relative

advantage was the most regularly discussed and received the highest rating. In gen-

eral, all the theoretically established technological factors were not deemed weak or

unrelated by the interviewees.

Table 6.4 : Coding Used to Analyse Technological Context

Effect Strength

Code Interpretation Mentions Strong Moderate No Effect Unclear

TECH-REA Relative advantage 9 9 - - -

TECH-COMP Compatibility 9 7 2 - -

TECH-OBS Observability 8 4 2 2 -

TECH-TRI Trialability 10 4 4 1 1

TECH-COMX Complexity 7 3 2 - 2

The results analysis revealed several themes related to the relative advantage ef-

fect on collaborative robot adoption by manufacturing SMEs. Six participants called

it a “key technology” for SME manufacturing companies, while others considered

it a ”crucial” aspect of cobots. The relative advantage of cobots was discussed in

terms of their ability to enhance productivity through collaborative teamwork be-

tween employees and machines and their cost-saving benefits for SMEs. In general,

the participants expressed that there is a persistent need for continual updates with
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emerging technologies, such as collaborative robots, as they enhance safety without

the need for cages which will add value to the company:

Relative advantage is a key factor, as productivity increases when collaborative robots

are used in our company. Following the COVID-19 crisis, Australian firms expe-

rienced a significant labour shortage. At this stage, the use of collaborative robots

allows the workforce and the cobot to operate together, enabling employees to focus

on more complex and interesting tasks while the cobot performs repetitive, dirty, dull

and dangerous activities. (P1)

When discussing the relative advantages of collaborative robots for small companies,

cost savings can be achieved, particularly through reductions in setup time and main-

tenance requirements. (P7)

Ongoing updates are important to remain aligned with technological advancements,

such as collaborative robots. A key advantage of cobots is their ability to work safely

alongside employees. This feature enhances workplace safety without the need for

protective cages and adds value to the company. (P9)

Four themes emerged during the data analysis process: 1) relative advantage is

viewed as the strongest factor in the technological context for collaborative robot

adoption; 2) the use of collaborative robots greatly enhances productivity; 3) col-

laborative robots provide cost-saving benefit for SMEs; and 4) cobots are able to

operate safely in close proximity to workers, hence there is no need for safety cages

or barriers to prevent accidents, which adds value to the company.

For the compatibility factor, 7 out of 10 participants emphasised the critical na-

ture of compatibility as a factor, focusing on the matter of collaborative robots being

compatible with all aspects of the manufacturing company, including its goals, vi-

sion, culture, or existing systems:

With regard to compatibility, collaborative robot technology aligns with our company’s

goals, vision, and expectations for using technology that meets our operational needs.

(P2)

In my opinion, ensuring that collaborative robots are compatible with organisational

values and culture is necessary. (P4)

Compatibility is essential, particularly in relation to collaborative robots’ integration
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with existing systems, whether hardware or software. (P5)

For our company, this factor is critical; it is the basis for making investment deci-

sions in new technology. (P6)

Two interviewees believed compatibility had a moderate impact because they def-

initely considered new technologies and their fit, and SMEs might take some time

to integrate their systems with cobots:

Right, I can say that compatibility is a somewhat important factor. We definitely

look at new technologies and how they can be implemented and adopted to fit the

company into which they are being applied. (P9)

Ok, I think SMEs might take some time to integrate their devices or systems with

collaborative robots, but it is not a highly critical factor that should be given signifi-

cant consideration. (P10)

As a result, four themes emerged from the participants’ discussions: 1) compati-

bility is taken into account in all aspects of the manufacturing company, including

its goals, vision, culture, or existing systems (hardware or software). Hence, this

factor is important in collaborative robot adoption; 2) compatibility is the basis for

making investment decisions in new technology; 3) compatibility is important when

considering new technologies and their fit for the company; 4) SMEs might take

some time to integrate their systems with collaborative robots, but it is not a highly

critical factor that should be given significant consideration.

Collaborative robot observability was discussed by 8 participants in the context

of collaborative robot adoption by manufacturing SMEs. Differing opinions were

expressed regarding the impact of observability. Some interviewees argued that ob-

servability was significant, particularly in light of the positive influence obtained in

different applications of manufacturing and the success of companies in using this

technology:

Indeed, observability is extremely important in the operations of SMEs. Assuming

that it is possible to easily and efficiently observe the behaviour and performance of

collaborative robots within the company environment, this would undoubtedly be a

significant motivator for us to adopt and widely implement them in different appli-

cations. (P1)
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Of course, as manufacturing companies, it is essential to keep up with new technolo-

gies, specifically those that facilitate operations, reduce the considerable time required

for execution, lower costs, and so on. In this case, if we notice these benefits for our

company, it will encourage us to adopt it on a wide scale. (P3)

Sure, the observability factor is quite important; we should observe if collaborative

robots facilitate the work in our company, especially if we notice that companies from

the same industry have used this technology and have had success. Our company will

then decide to adopt it, whether in an assembly line or other applications. (P6)

Some participants mentioned that the observability factor somewhat impacts the

adoption of collaborative robots:

From my perspective, seeing the benefits of collaborative robots doesn’t necessarily

mean we will immediately start adopting or implementing them. This depends on

several factors, with observability not the most important factor in our decision-

making process. (P2)

When we look at some manufacturing companies in the same industry that have

adopted collaborative robots in their various applications and have seen the benefits

of this technology, this doesn’t necessarily mean that it will benefit us in the same

way; we need to think about it. (P5)

The remaining two interviewees were unsure about the general impact of collabora-

tive robots:

Yes, I believe that the observability factor could be important, meaning that if com-

petitors have introduced this technology into their industries, it is possible for us to

observe and consider it. However, it is not clear enough at this time whether we will

adopt it, perhaps in the near future. (P7)

Let’s look at adopting new technologies in the Australian manufacturing setting.

There are certain procedures, measures, and policies that we need to consider care-

fully so this process may take a longer time. (P10)

Consequently, these themes emerged about the relationship between the adoption of

collaborative robot and observability factor: 1) observability is a significant factor

in collaborative robot adoption, though the strength of the impact is not clear; 2)

observability is extremely important in the operations of SMEs, particularly if the
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benefits of collaborative robots can be observed in manufacturing applications; 3)

this technology is likely to be adopted if other similar companies succeed in imple-

menting it; 4) in light of the benefits of collaborative robots in different applica-

tions for companies, there may be some factors contributing to the decision-making

process; 5) due to company procedures and policies, it may take a long time for

companies to adopt new technologies.

Technology trialability was discussed by all participants in the setting of collab-

orative robot adoption by manufacturing SMEs. Most interviewees in this study

agreed on the influence of trialability, however, to varying degrees. For those who

assert it has an extreme impact, trialling new technologies on a small scale leads to

the possibility of wide-scale implementation:

Definitely, for SMEs, the trialability factor is very important; the ability to try out

new technology, such as collaborative robots, can reduce potential risks before making

a substantial investment. (P2)

Sure, I believe that providing the opportunity to trial this new technology on a limited

scale allows our company employees to understand the operational dynamics and how

these can be more seamless; therefore, I rate this factor as highly important. (P6)

Right, I see trialability as essential when adopting any new technology; it should be

tested on a small scale to assess its applicability and achieve the required benefits.

This leads to the possibility of implementing it widely in the company. (P9)

Some participants also believed that this factor has a somewhat moderate impact

on adoption rates in Australian SMEs and argued that new technologies could be

trialled, and typically, company leaders make decisions on this quickly and within a

set timeframe:

We initially trial and test our new technologies in our company and similar in-

dustries. Therefore, I do not think there are challenges in experimenting with any

emerging technologies for our company. (P1)

We test and experiment with all technologies, and our manufacturing company lead-

ers typically decide on experimentation quickly and within a set timeframe, so I give

this factor medium to high importance. (P5)

I expect the trialability factor to affect, to some extent, the adoption rates in Aus-
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tralian SMEs. (P6)

One participant indicated that this factor is unimportant and that collaborative

robots can be integrated into SME operations without needing to be trialled:

No, this factor is not as important as I see it. In the case of SMEs, they can inte-

grate collaborative robots into their operations more rapidly without the need for a

trial, as progress here is clear and fast. (P8)

The subsequent themes emerged in the analysis process: 1) trialability plays a sig-

nificant role in collaborative robot adoption, though it is unclear how strong the

impact of this factor is; 2) SMEs can integrate collaborative robots into their oper-

ations without the need for trialling.

The final factor discussed by the participants was the complexity of collaborative

robots. Differing views were expressed on the strength of the influence of complex-

ity. Those who acknowledged the negative impact of this factor highlighted the high

initial costs and the total costs that could increase with the need for ongoing sup-

port. In addition, they noted the need for diverse and costly training requirements,

as well as the challenge of entirely using and understanding collaborative robots:

We must consider the high initial costs when considering the complexity factor and

its significant negative impact on collaborative robots. Collaborative robots are char-

acterised by very advanced features and capabilities, which make the initial cost high.

As SMEs, we suffer from limited budget constraints. Additionally, the ongoing need

for continuous support may further increase the overall cost of this type of robot.

(P7)

Of course, collaborative robots require a high degree of collaboration between ma-

chines and operators in all factory applications. Hence, a high level of complexity

will arise due to the need for diverse and costly training requirements, which will

increase the time and cost for companies. Therefore, the subject needs to be studied

extensively before adopting this type of technology. (P8)

To this point in time, I assume that complexity is a highly significant factor. Most

Australian SMEs still struggle to understand and fully use collaborative robots. (P10)

Other participants also argued that the impact of complexity would be moderate

because it takes time to correctly understand these emerging technologies and to
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consider safety features and regulatory compliance: From my point of view, the

complexity factor has a moderate impact. It doesn’t pose a major challenge or bar-

rier that could prevent the adoption of this technology. [. . . ] It may take some time

to understand it properly. This is quite natural when adopting emerging technolo-

gies. (P2)

When considering the complexity factor, we must consider safety features and regu-

latory compliance and ensure sufficient support to deal with present or future issues.

(P9)

Two of the participants, however, did not think that complexity posed a barrier to

adoption. They argued that this type of robot is designed with a user-friendly in-

terface and simplified programming because employees are highly trained and have

an open mindset:

No, I don’t think complexity is a barrier to adopting emerging technologies, espe-

cially collaborative robots. These robots are designed with user-friendly interfaces

and simplified programming, which motivates SMEs to adopt this technology. (P1)

Overall, this factor is not important at all. In our company, we can adopt new tech-

nologies because we have highly trained employees, and they have an open mindset to

experimenting with emerging technologies without imposing complexity or difficulty.

(P5)

The analysis highlighted the subsequent key themes: 1) collaborative robots may

be perceived negatively due to the high initial costs, costly training requirements,

and the need to understand the technology, which may negatively impact its adop-

tion; 2) this impact could be moderate because of the nature of technologies and

considering safety features and regulatory compliance; 3) collaborative robots with

user-friendly interfaces and trained employees decrease the effect of complexity.

The pattern codes and themes are presented in Table 6.5. As shown, all five factors

proposed by [63] were maintained in the refined HCRAM conceptual model, even

though the strength of the factors differ.
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Table 6.5 : Interview Data Summary for the Technological Context

Pattern Codes Themes Decision

Relative Advantage→ Collabora-

tive Robot Adoption

-This is viewed as the strongest factor

in the technological context for

collaborative robot adoption;

-provides high productivity;

-cost-saving benefit for SMEs;

-the advantage of collaborative robots

is enhanced safety without the need for

cages, which will add value to the company.

Retained in the technological con-

text, with a strong relationship in

technology adoption.
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Table 6.5 (Continued)

Compatibility → Collaborative

Robot Adoption

-compatibility is taken into account in all

aspects of the manufacturing company,

including its goals, vision, culture, or existing

systems which makes it an important factor;

-it is the basis for making investment decisions

in new technology;

-compatibility is important when considering

new technologies and their fit for the company;

-SMEs might take some time to integrate their

systems with collaborative robots, but it is not

a highly critical factor.

Retained in the technological con-

text, with a strong relationship in

technology adoption.
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Table 6.5 (Continued)

Observability → Collaborative

Robot Adoption

-unclear impact on the adoption process;

-observability is extremely important in

the operations of SMEs, particularly if

the benefits of collaborative robots can

be observed in manufacturing applications;

- this technology is likely to be adopted if

other similar companies succeed in

implementing it;

-considering the benefits of collaborative

robots in different applications, some

factors may affect decision-making process;

-due to the implementation of certain

procedures and policies, it may take

a long time for companies to adopt new

technologies.

Retained in the technological con-

text, with a moderate relation-

ship in the technology adoption.
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Table 6.5 (Continued)

Trialability → Collaborative

Robot Adoption

-perceived as having a moderate influence

on adoption;

-trialability is a significant factor in

collaborative robot adoption, though it is

unclear how strong of an impact this is;

-SMEs can integrate collaborative robots

into their operations without the need for

trialling.

Retained in the technological con-

text, with a moderate relation-

ship in technology adoption.
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Table 6.5 (Continued)

Complexity → Collaborative

Robot Adoption

-collaborative robots may be perceived

negatively due to the high initial costs,

costly training requirements, and the need

to understand the technology, which may

negatively impact its adoption;

-the negative impact of complexity could

be moderate because of the nature of

technologies and considering safety features

and regulatory compliance;

-collaborative robots with user-friendly

interfaces and trained employees decrease

the effect of complexity.

Retained in the technological con-

text, with a negative relationship

in technology adoption.
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Organisational Context

Three organisational-related factors were discussed by the interviewees: top man-

agement support, organisational readiness, and workforce empowerment, the latter

of which emerged as a new factor. The frequency of mentions and codes used in

the analysis is presented in Table 6.6. Codes are arranged according to the strength

of each factor. All three factors were viewed by the study interviewees as strongly

influencing the adoption of cobots. Table 6.7 outlines all pattern coding and themes

related to organisational factors in cobot adoption.

Table 6.6 : Coding Used to Analyse Organisational Context

Effect Strength

Code Interpretation Mentions Strong Moderate No Effect Unclear

ORGA-TMS Top Management

Support

10 9 1 - -

ORGA-REA Organisational

Readiness

9 7 1 - 1

ORGA-WKEM Workforce Empow-

erment

7 7 - - -

Top management support was close to being recognised by the interviewees as a

strong determinant in collaborative robot adoption. It was perceived as important

across all technologies. The interviewees used adjectives such as ”crucial”, ”essen-

tial”, and ”important” when expressing their views on top management support.

The majority discussed the importance of top management support in managing

the risks associated with implementing emerging technology and ensuring successful

technology adoption. Some responses in this regard included the following:

Our senior management is very supportive of emerging technologies. (P1)

...there are many challenges and big risks before moving forward with new technol-

ogy implementation. How can we reduce this? So yes, top management is absolutely

crucial in this. (P3)

Yes, adopting emerging technologies is a decision made by top leaders. (P4)
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Full support from top/senior management is essential. This support ensures we can

implement all new technologies without big issues. (P5)

I would say it is important; without their support, it would be impossible to adopt. If

we talk about one of top management’s key responsibilities, it is risk management;

their approach greatly impacts technology adoption or acceptance. (P6)

Three themes emerged during the data analysis process: 1) this is viewed as the

strongest factor in the organisational context for collaborative robot adoption; 2) it

is viewed as commonly important across all technologies; 3) top management is also

crucial in reducing the risks associated with adopting new technologies.

The second key factor influencing the adoption of cobots, based on the intervie-

wees’ insight, was organisational readiness. The majority of participants talked

about manufacturing readiness in relation to financial resources, human resources,

and technology required for new technology adoption:

It is important for us to check if our organisation is ready, especially when it comes

to having the right infrastructure and enough funds. (P3)

Besides top management support, we should always look at whether human resources,

finances, and technological infrastructure requirements are sufficient to adopt new

technologies. (P6)

For any manufacturing project, if the necessary resources are not available, it is hard

to move forward. (P5)

We need to carefully see our readiness, like preparing our employees and securing

long-term finances, before making decisions about adopting technologies. (P10)

A few participants also mentioned organisational readiness as an important factor,

although small manufacturing industries often struggle with financial resources:

The organisational readiness factor is so important. As I see it, smaller Australian

manufacturing firms face challenges with the initial investment needed. (P4)

We are interested in this. But, let me give you an example from our small industry.

There is trouble related to the first costs and other resources as well. (P8)

Two themes emerged during the data analysis process: 1) manufacturing industries’

readiness is an important factor which includes the technology required, financial

resources, and the human resources for new technology adoption; 2) small manufac-
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turing industries often struggle with financial resources.

Workforce empowerment emerged as a unique, strong factor within the organ-

isational context of collaborative robot adoption, as discussed by 7 interviewees.

They mentioned the importance of workforce empowerment by allowing them to

have autonomous decision-making roles in industrial organisations:

Regarding the organisational aspect, you must look at how to empower your employ-

ees, as I believe this is crucial. You need to take the first step that involves them in

the roles of decision making. (P3)

The topic of empowering the workforce through mentoring/ training etc. also comes

up as manufacturers get ready to adopt collaborative robots. This empowerment is

very very important. (P6)

If you look at cobots and their adoption, we notice we will be moving to modern

transformation, new to humans and technology. We need to engage staff and give

the workforce autonomy in decisions. More and more things or elements will change

with the introduction of cobots, empowerment is one of the elements that will change

humans’ role inside manufacturing. (P5)

Looking ahead, as a part of our strategy in manufacturing, we are working to em-

power our employees by allowing them to share knowledge and decisions with each

other. I am sure this will help us adopt new technologies more easily and reduce

resistance. (P10)

Three themes emerged during the data analysis process: 1) workforce empowerment

is perceived as a strong factor in collaborative robot adoption; 2) workforce em-

powerment occurs by allowing them to engage in autonomous decision making; 3)

workforce empowerment occurs through training programs and mentoring.

The pattern codes and data analysis themes are provided in Table 6.7. Two factors

proposed in the organisational context were maintained in the refined HCRAM con-

ceptual model. A new factor emerged: workforce empowerment, which was included

in the refined HCRAM conceptual model. The relationships between collaborative

robot adoption and the three organisational factors were expected to be strong.
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Table 6.7 : Interview Data Summary for the Organisational Context

Pattern Codes Themes Decision

Top Management Support →

Collaborative Robot Adoption

-This is viewed as the strongest factor

in the organisational context for

collaborative robot adoption;

-it is commonly important across all

technologies;

-it is also crucial in reducing the risks

associated with adopting new

technologies;

Retained in the organisational

context, with a strong relation-

ship in technology adoption.

Organisational Readiness → Col-

laborative Robot Adoption

-manufacturing industries’ readiness

is an important factor which includes

the technology required, financial

resources, human resources for new

technology adoption;

-small manufacturing industries often

struggle with financial resources.

Retained in the organisational

context, with a strong relation-

ship in technology adoption.
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Table 6.7 (Continued)

Workforce Empowerment → Col-

laborative Robot Adoption

-workforce empowerment is perceived

as a strong factor in collaborative robot

adoption;

-workforce empowerment occurs by

allowing them to engage in autonomous

decision making;

-workforce empowerment occurs through

training programs and mentoring.

Included in the organisational

context.
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Environmental Context

The frequency of mentions and codes used in the analysis is presented in Ta-

ble 6.8. Codes are arranged according to the strength of each factor. Government

support was the most influential factor, despite some interviewees questioning its

strength. The effect of competitive pressure was similarly ambiguous, with responses

evenly divided between those who perceived an effect and those who did not. All

pattern coding and themes related to environmental (external) factors in collabora-

tive robot adoption are outlined in Table 6.9.

Table 6.8 : Coding Used to Analyse Environmental Context

Effect Strength

Code Interpretation Mentions Strong Moderate No Effect Unclear

ENVI-GOVS Government Support 10 4 3 3 -

ENVI-COMPP Competitive Pressure 8 3 2 3 -

The potential influence of the government support factor was mentioned by all

study participants. Most discussed its positive impact, while opinions differ regard-

ing the importance of its impact. Those who emphasised this factor argued that

the government should primarily support development and research programs that

encourage manufacturing SMEs to adopt cobots and enhance their global competi-

tiveness.

The support from the government that we need here is not about subsidies or grants.

Of course, that is important. But much more important is if the government sup-

ports development and research. The results will be great with the adoption of new

technologies, like cobots. (P3)

Ok, support from the government is an essential thing. It is about helping with

the necessary resources and guidance to help manage SMEs. By doing so, the gov-

ernment helps these companies to improve their operations, apply technologies, and

compete globally. (P6)

I agree. We must consider government support for SMEs through research pro-

grams. Push adoption and implementation innovations by applying and supporting
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these programs. (P9)

Some participants argued that government support had a moderately important ef-

fect on adoption. They noted that manufacturing SMEs mostly rely on their internal

resources:

I believe SMEs often rely on what they have from resources, I mean different types

of resources. In fact, the question here is whether the support or assistance from the

government meets what SMEs need or not or maybe it depends to some extent. (P5)

Governments need to offer support, but honestly, we have our resources and plans

to adopt and to move to the next step without wasting time. (P10)

Some interviewees did not believe that government support has a significant influ-

ence on the adoption of cobots. They argued that government agencies are slow

to adopt new technologies, and there is considerable red tape in accessing funding

support:

The government takes a long time to adopt, and there are so many red tape chal-

lenges just to access any of the funding they make available to businesses like ours.

We are not too encouraged by their support, so we prefer to rely on ourselves instead.

(P1)

In our case, this type of support has not had much influence on our ability to adopt

technologies. We hope the government steps up its support, whether through funding

or more active campaigns. (P4)

Therefore, three themes emerged during the data analysis process: 1) government

support is viewed as a positive factor, despite different opinions; 2) manufacturing

SMEs mainly need support through development and research programs; 3) there

are still considerable bureaucratic challenges in accessing funding support from the

government.

There was disagreement in the opinions of study participants with regard to the

extent to which competitive pressure influences the adoption of collaborative

robots. Those who argued that competitive pressure point has a strong effect point

to its role in driving SMEs to adopt and implement new technologies like collabo-

rative robots:

Discussing the competitive pressure factor is extremely important, as it directly
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pushes SMEs to apply the newest technologies. (P1)

Some leading manufacturers in our sector are already using the latest process tech-

nologies. This put more pressure on us to compete and become one of the top SMEs

in this field. (P6)

It is essential to have a competitive culture because it inspires us to adopt and im-

plement services or technologies, like cobots. (P9)

Other interviewees acknowledged the moderate effect of competitive pressure, al-

though they felt this pressure did not have a significant impact. They stated that

such pressure can be helpful if it aligns with strategic goals, business requirements,

and processes of manufacturing SMEs:

There are many reasons behind our decisions to adopt innovations/ technologies.

When we see competitive pressure, this could boost SME industries to adopt, but it

is important for us to check if it matches or supports the strategic goals of industry.

I am with this factor but it is not very important. (P3)

Competitors, right they move us to look forward to adoption, but their impact is one

part of the bigger picture. Decision makers should decide what competitors’ pressure

impacts an SME’s business requirements and processes. This is one thing to ensure

the right adoption. (P10)

Three interviewees did not think competitive pressure was an important factor in

collaborative robot adoption. They argued that manufacturing SMEs prefer to main-

tain their stable state over risky competition and they have a successful business

model:

Generally, this pressure is not something we worry about. Our decision makers are

not rushing to adopt technologies just because of competitive pressure. (P2)

The competitive pressure factor, in my view, is not important at all. Our manufac-

turing business model is already successful on its own. (P4)

Many SME manufacturers prefer to remain stable over risky competition and do not

give this factor priority in its adoption plan. (P8)

As a result, three themes emerged during the data analysis process: 1) competi-

tive pressure can be a possible factor in a manufacturing SME’s decision to adopt

technology as a competitive point; 2) this pressure can be helpful if it aligns with
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strategic goals, business requirements, and the manufacturing processes of SMEs;

3) manufacturing SMEs prefer to maintain their stable state over risky competition,

so competitive pressure is not seen as important.

The pattern codes and data analysis themes are provided in Table 6.9. Both factors

proposed in the environmental (external) context were maintained in the refined

HCRAM conceptual model. The relationships between the two factors (government

support and competitive pressure) and the adoption of cobots were expected to be

moderately positive.
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Table 6.9 : Interview Data Summary for the Environmental Context

Pattern Codes Themes Decision

Government Support → Collabo-

rative Robot Adoption

-This is viewed as a positive factor,

despite different opinions;

-manufacturing SMEs mainly need

support through development and

research programs;

-there are still considerable bureaucratic

challenges in accessing government funding.

Retained in the environmental

context, with a moderate rela-

tionship in the technology adop-

tion.
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Table 6.9 (Continued)

Competitive Pressure → Collab-

orative Robot Adoption

-competitive pressure can be a possible

factor in manufacturing SMEs deciding

to adopt technology as a competitive

point;

-this pressure can be helpful if it aligns

with strategic goals, business requirements,

and the manufacturing processes of SMEs;

-for those manufacturing SMEs which prefer

to maintain their stable state over the risky

competition, competitive pressure is not

seen as important.

Retained in the environmental

context, with a moderate rela-

tionship in technology adoption.
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Human Context

Data codes and the frequency of mentions of human factors are presented in

Table 6.10. Codes are arranged according to the strength of each factor. The inno-

vativeness of decision-makers was the most significant factor and was discussed by

all study interviewees. The presence of a project champion was seen as the second

most influential factor. Conversely, prior experience was found to be relatively weak.

Notably, during the interviews, one new factor emerged: employee capability, which

was of particular interest. All pattern coding and themes related to human factors

in collaborative robot adoption are outlined in Table 6.11.

All interviewees confirmed the strong influence of decision-maker innovative-

Table 6.10 : Coding Used to Analyse Human Context

Effect Strength

Code Interpretation Mentions Strong Moderate No Effect Unclear

HUM-INN Decision-maker innovativeness 10 10 - - -

HUM-PROC Project Champion 8 7 1 - -

HUM-EMPC Employee Capability 7 7 - - -

HUMA-PRIE Prior Experience 6 1 - 3 2

ness on collaborative robot adoption. They discussed the role of decision-makers

innovativeness and connected it to openness to change as important characteristics

of decision makers:

Without a doubt, this is one of the most important human factors for adopting cobots.

Specifically, for SMEs, decision-makers’ innovativeness can enhance industrial per-

formance and development. (P1)

Adopting novel technologies requires leaders with an innovative mindset and openness

to change. We look to improve our manufacturing process, and our management is

generally open to adopting technologies if they promise efficiency. (P3)

Yes, yes, talking about a collaborative robot and human side, on my side, I first see if

decision makers have an innovative aspect that would lead the manufacturing com-

pany to embracing technological transformation. [...] It is very important to think
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about that first. (P9)

Some interviewees also pointed out that having innovative leaders is highly impor-

tant to remain competitive in the market and to avoid falling behind:

This is what we need, and I will rate this factor as highly important in exploring

and adopting collaborative robots. Companies without innovative leaders, literally in

the next years, cannot survive big changes in industrial development in the dynamic

market. (P6).

Of course, decision-making innovativeness has quite a big impact on decision adop-

tion and prevents companies from falling behind in the technology race. (P8)

Three themes emerged during the data analysis process: 1) decision-makers’ inno-

vativeness can enhance SMEs’ industrial performance; 2) an innovative mindset and

openness to change are seen as the required characteristics for leaders when adopting

novel technologies; 3) innovative leaders are highly important for remaining com-

petitive in the dynamic market and avoiding falling behind in the technology race.

Seven interviewees agreed on the impact of the project champion’s role in the

adoption process. They spoke about the important role of driving unique ideas and

possessing personal traits such as persuading and effectively communicating with all

levels of manufacturers to create a supportive environment and successful adoption:

Do you know what drives outstanding ideas for manufacturing projects? The project

champion. (P2)

Yes, also here, we are looking for the personal attributes of employees who can con-

vince and communicate effectively with all levels of the manufacturing company.

That is, not anyone can work on it, but a project champion with these attributes can

drive the company to successful adoption. (P3)

True, one of the important human factors is the project champion and their ex-

cellent roles in our company. Look at their super role in encouraging a supportive

environment for advanced projects and implementing advanced technologies like col-

laborative robots. (P6)

The project champion factor is very important when talking about their skills in per-

suasion and other soft skills that benefit manufacturing SMEs’ projects and support

their initiatives. I hope every Australian SME has at least one project champion.
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(P10)

One study participant was less particular regarding the role of the project champion,

mentioning that even without the project champion factor, manufacturing SMEs can

still adopt collaborative robots if they have clear plans and project goals:

It is a good factor, but some SME manufacturers may not have employees working

as project champions. You have to see if a manufacturer has clear plans/projects

for adopting collaborative robots that may tackle the lack of project champions. (P8)

Three themes emerged during the data analysis process: 1) the project champion

plays an important role in driving unique ideas; 2) the project champion possesses

personal traits such as persuasion and an ability to communicate with all levels

of a manufacturing SME to create a supportive environment leading to successful

adoption; 3) manufacturing SMEs without project champions can still adopt collab-

orative robots if they have clear plans and project goals.

Employee capability emerged as one of the interesting strong human factors for

collaborative robot adoption, as mentioned by 7 interviewees. They acknowledged

the importance of investing in employees, developing their capabilities for the long

term, and evaluating the current ones through new programs and initiatives:

I give you one comment here: when industrial companies plan to invest in their em-

ployees, they need to focus not just on preparing them for the short term; that is an

issue we note, unfortunately! In short, with the new type of robot, cobot, it is time

to prepare your employees with the important capabilities for the long term. (P1)

Yeah, about human factors, what about supporting new programs and initiatives for

SME employees to qualify them to work with collaborative robots? That is totally

what we will focus on to develop their capabilities and evaluate the existing ones.

(P3)

Something we should think about is the abilities of the workforce or, in general, the

human aspect of your manufacturing company. I believe that most Australian SMEs

need a highly skilled workforce to implement advanced robots. (P6)

The whole working style will change when adopting collaborative robots; therefore,

executing a high level of collaboration between manufacturing employees and cobots is

not easy. Are employees ready? Are they ready based on their capabilities/possibilities?
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One hundred percent? (P10)

Two themes emerged during the data analysis process: 1) employee capability is

seen as an essential human aspect for long-term development when adopting collab-

orative robots; 2) there is a need to evaluate the current capabilities of employees

and ensure they have a high level of skills through new programs and initiatives.

Contrary to expectations, prior experience was considered an insignificant or

weak factor by three study participants. They argued that prior/previous experi-

ence will not be important in the adoption of collaborative robots if manufacturing

organisations invest in preparing and qualifying their employees:

It doesn’t matter if your employees have previous expertise or knowledge or not. This

is not a big deal; seriously, what should your company do? Yes, invest in employees;

invest in humans through high-level programs and training to be capable of working

with collaborative robots. (P1)

Prior experience is not seen as an important factor. As I told you, for human

factors, I can say that the massive benefit will be with leaders with an innovative

mindset, as well as project or process champions who assist in adopting advanced

robots: cobots. Yeah, like this, that’s what I see up to now. (P3)

For some technology adoption, the prior experience factor acts as a condition for

adoption. However, I think this factor is not essential in cobot adoption/ accep-

tance technology. Therefore, ignore employees’ experience and look after developing

employees’ skills. Are there available development programs that support them in

adopting and implementing cobots much more easily? (P6)

Two participants expressed that prior experience could potentially be a factor when

adopting collaborative robots, but most SMEs ignored this factor:

Technology, like collaborative robots, needs a different approach compared to other

new technologies. In this regard, the previous experience factor may be seen as a

good aspect of adoption. But I am not confident in this. (P9)

It is a possible factor when adopting collaborative robots or similar technologies, but

not a necessary factor as you think. [...] Yes, I am with some who said it is impor-

tant, but not more or less. Most Australian manufacturing SMEs basically disregard

it. (P10)
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One participant still regarded it as a strong factor, mentioning employees’ experi-

ences can address technical issues during the adoption/implementation process:

What happens during the adoption/implementation of new technologies, for exam-

ple, cobots, where many issues or technical issues will occur; that is normal. Some

factors, of course, like an employee’s background or experience with technologies ad-

dress these issues to an acceptable level. (P4).

Three themes emerged during the data analysis process: 1) prior experience is con-

sidered an insignificant or weak factor; 2) SMEs should concentrate on investing in

employees through advanced development programs instead of their prior experience

or background; 3) only one positive view was expressed: employees’ experiences can

address technical issues during the adoption/implementation process.

The pattern codes and data analysis themes are provided in Table 6.11. For the

refined HCRAM conceptual model, two original factors were retained, one original

factor was removed, and one new factor was included. The decisions about the

factors were made based on the frequency of mentions of each factor, the depth of

participants’ opinions, and the specific influence of the factor on improving model

strength.
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Table 6.11 : Interview Data Summary for the Human Context

Pattern Codes Themes Decision

Innovativeness → Collaborative

Robot Adoption

-decision-makers’ innovativeness

can enhance SMEs’ industrial

performance;

-an innovative mindset and

openness to change are seen

as the required characteristics

for leaders when adopting novel

technologies;

-innovative leaders are very important

to remain competitive in a dynamic

market and to avoid falling behind

in the technology race.

Retained in the human context,

with a strong relationship in tech-

nology adoption.
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Table 6.11 (Continued)

Project Champion → Collabora-

tive Robot Adoption

-the project champion plays

an important role in driving

unique ideas;

-the project champion possesses

personal traits such as persuasion

and an ability to communicate with

all levels of the manufacturing

industry to create a supportive

environment and facilitate successful

adoption;

-manufacturing SMEs without project

champions can still adopt collaborative

robots if they have clear plans and

project goals.

Retained in the human context,

with a strong relationship in tech-

nology adoption.
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Table 6.11 (Continued)

Employee Capability → Collabo-

rative Robot Adoption

-employee capability is seen as

an essential human aspect for

long-term development when

adopting collaborative robots;

-there is a need to evaluate the

current capabilities of employees

and ensure they have a high level

of skills through new programs

and initiatives.

Included in the human context.
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Table 6.11 (Continued)

Prior Experience → Collabora-

tive Robot Adoption

-prior experience is considered

an insignificant or weak factor;

-SMEs should concentrate on

investing in employees through

advanced development programs

instead of prior experience;

-only one positive view was

expressed: employees’ experience

can be useful in addressing

technical issues during the

adoption/implementation process.

Excluded from the human con-

text.
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Adoption Barriers

The study participants identified several barriers to the adoption of collaborative

robots in manufacturing SMEs. Data codes and the frequency of mentions of bar-

riers are listed in Table 6.12. Codes are arranged according to the highest number

of mentions first. As seen, the first barrier was modified to a lack of technological

knowledge instead of its original name, lack of knowledge. Based on the partici-

pants’ perspectives, a new barrier to be added was regulatory uncertainty. However,

the data provided about the safety factor lacked sufficient detail and depth. The

fear of job loss factor was mentioned by only a few participants and was found to

contrast with above mentioned inorganisation factor. As a result, in the finalised

HCRAM conceptual model, two barriers were ultimately preserved. The outcomes

of the pattern coding and the theme related to the barriers to cobot adoption are

summarised in Table 6.13.

Table 6.12 : Coding Used to Analyse Adoption Barriers

Effect Strength

Code Interpretation Mentions Strong Moderate Unclear

B-LKTN Lack of Technological Knowledge 9 7 - 2

B-REGU Regulatory Uncertainty 7 5 2 -

B-SAFI Safety Issues 6 - 1 5

B-FJL Fear of Job Loss 4 3 - 1

The most common obstacle to the adoption of collaborative robots was identified as

a Lack of technological knowledge as mentioned by nine respondents. They ar-

gued that the issue extended beyond a general knowledge gap to a specific deficiency

in technological skills among employees within the organisation. Consequently, this

adoption barrier was defined as a lack of technological knowledge. The consensus

was that this challenge could hinder cobot technology adoption in most SMEs, de-

spite its benefits and applicability. This suggests that cobot technology remains

relatively new, particularly in Australia:

I want to comment a little bit here, as I thought complexity was not a barrier to the
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adoption of collaborative robots but actually when I see that overall most Australian

SMEs are unwilling to go one step to prepare their workforce with new technology

skills and knowledge. OK, it seems we can easily adopt collaborative robots as they

have user-friendly interfaces but I see again most SMEs are limited by their techno-

logical and skill knowledge. (P1)

Exactly, despite the advantages, this gap in technological understanding is a real

barrier. (P3)

Not having enough technological knowledge is the biggest barrier. (P4)

I will be honest: the lack of technological knowledge comes from first decision makers

who have not worked with new technology and do not see a need to change. That is

why, yeah, this factor prevents adoption.(P6)

It is a challenge for SMEs. This technology is still emerging and is not widely used

in Australia yet. (P10)

Two themes emerged during the data analysis process: 1) a lack of technological

knowledge commonly inhibits technology adoption; 2) in most SMEs, collaborative

robots are currently a technology that is not well understood and their use is limited.

Interestingly, regulatory uncertainty related to collaborative robots emerged as

a relatively novel concern, mentioned by only 6 respondents. They acknowledged

that this factor could inhibit the adoption process for most Australian SMEs. They

based their perception on the lack of clear regulations and existing regulations may

not be suitable for innovations, such as collaborative robots:

Also, I see not all but most Australian SMEs have something like a long-term

roadmap or sustainable roadmap with cobot adoption. Why? The simple answer

is that there is no clear, future regulations/rules. That is too hard, I see it as one

of barriers. (P1)

Keep in mind most barriers come from something outside of technology, for example,

ambiguous laws and conditions. There are more details about that so it is complex -

something which we usually suffer from. (P5)

The issue now with regulatory programs as far as I know, is that they have not been

developed for new innovations: cobot, blockchain etc. I have seen some rules for

these but I cannot confirm that. (P9)
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Three themes emerged during the data analysis process: 1) regulatory uncertainty is

perceived as a barrier for most manufacturing SMEs; 2) due to a lack of clear regula-

tions, there is an absence of a sustainable roadmap with most manufacturing SMEs

about collaborative robot adoption; 3) existing regulations may not be suitable for

new technologies, such as collaborative robots. Importantly, unlike safety issues,

the regulatory uncertainty includes broader governance and policy frameworks for

technology adoption

Unlike the studies discussed that clearly determined the safety factor and its influ-

ence, safety issues was only somewhat agreed by one interviewee, who pointed to

collaborative robot is still an emergent technology, particularly in Australian SME,

and therefore, may need a proactive management approach to mitigate these con-

cerns. The other five interviewees did not discuss this factor in-depth and clearly,

and failed to evaluate its impact:

I do not expect safety to be a major problem; even so, it is different for every man-

ufacturer. A lot of concerns could be handled by proactive management. (P2)

Not sure, really, safety perceptions need more and more time to assess. (P4)

I am undecided about safety. (P5)

The safety topic is new. It is too early to say our answer about whether it is a barrier

or an enabler. (P9)

Two themes emerged during the data analysis process: 1) safety issues differ by

manufacturer and can often be managed proactively; 2) however, it is unclear to

what extent these concerns may inhibit collaborative robot adoption. Due to the

lack of details and rich data about this barrier, and most participants did not iden-

tify its strength, it was excluded from the refined HCRAM conceptual model.

Fewer study participants indicated that fear of job loss was a potential barrier

to collaborative robot adoption. However, this barrier was no different from other

factors mentioned in the organisational context. Particularly, this factor was reverse

of the aspects of empowerment and readiness:

I believe if decision makers are ready to empower or involve their employees in dec-

sion make roles, this worry or resistance definitely reduces. (P3)

I have already talked about the availability of resources to go forward with the adop-
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tion plan. It is very, very important to make sure that your employees are ready

for this change; otherwise, an insecure job may negatively affect your adoption plan.

(P5)

Anyway, it is a possible barrier. But what about a manufacturer’s plan for their

workforce? Training/involvement is the main element to have an industrial organi-

sation without workforce fear or something like that. (P6)

Since only four study participants mentioned fear of job loss and no distinctive as-

pects of this barrier emerged beyond the organisational needs already outlined, it

was excluded from the refined HCRAM conceptual model.

Table 6.13 presents the pattern codes and data analysis themes. In developing the

refined HCRAM model, one original factor was retained, two original factors were

excluded, and one new factor was introduced. Hence, two factors were included

in the refined HCRAM conceptual model. Decisions regarding these factors were

based on the frequency with which each factor was mentioned and the depth of

participants’ insights.
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Table 6.13 : Interview Data Summary for Adoption Barriers

Pattern Codes Themes Decision

B-LKTN → Collaborative Robot

Adoption

-This commonly inhibits technology

adoption;

-in most SMEs, collaborative robots

are currently a technology that is not

well understood and they are limited

in their use.

Included in the adoption barriers.
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Table 6.13 (Continued)

B-REGU → Collaborative Robot

Adoption

-regulatory uncertainty is perceived

as a barrier for most manufacturing

SMEs;

-due to a lack of clear regulations,

there is an absence of a sustainable

roadmap with most manufacturing

SMEs on collaborative robot

adoption;

-existing regulations may not be

suitable for new technologies, such as

collaborative robots.

Included in the adoption barriers.

B-SAFI → Collaborative Robot

Adoption

-safety differ by

manufacturer and can often be

managed proactively;

-however, it is unclear to what

extent these concerns may inhibit

collaborative robot adoption.

Excluded from the adoption bar-

riers.
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Table 6.13 (Continued)

B-FJL → Collaborative Robot

Adoption

-It needs to empower employees

and involve them in the adoption

process of technology, as fear of job

loss will be reduced;

-ensure that manufacturing employees

are prepared for change; otherwise,

negative emotions such as fear will

affect the adoption plan.

Excluded from the adoption bar-

riers.

170



6.4 Refined HCRAM Conceptual Model

Based on the qualitative data, amendments were made to the original HCRAM

conceptual model to incorporate the perceptions and suggestions of decision-makers

in Australian manufacturing SMEs. In summary, the following modifications were

applied:

1. One new factor, namely empowerment, was added to the organisational factors

dimension, as it was considered substantial in collaborative robot adoption by

the participants.

2. One factor from the human factors dimension, namely prior experience, was

eliminated, and one new factor, employee capability was added based on the

interviewees’ perceptions.

3. One adoption barrier name was changed to lack of technological knowledge

instead of its original name, lack of knowledge. The safety issues and fear of

job loss barriers were eliminated, and one new adoption barrier, regulatory

uncertainty, was added based on the participants’ perceptions.

The refined HCRAM conceptual model, which provided the foundation for the next

phase of quantitative analysis, is shown in Figure 6.1. This model comprises five

contexts: technology, organisational, environmental, human, and adoption barriers.

The effects of fifteen factors across these contexts on collaborative robot adoption

in Australian manufacturing SMEs will be analysed through a quantitative research

survey.
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Figure 6.1 : Refined HCRAM Conceptual Model
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6.5 Summary

Phase 1 presents detailed results from interviews with ten decision-making ex-

perts in managerial and technology specialist positions in Australian manufacturing

SMEs. The interviewees shared their views on the current status of collaborative

robot adoption in manufacturing SMEs and identified the factors they perceived as

the most influential. The data interviews were analysed utilising a methodology

in [129], which involves data reduction and simplification, pattern coding and con-

cludes with data interpretation. The participants generally perceived collaborative

robot applications in manufacturing SMEs as positive, even though they are not

currently used extensively. Assembly emerged as the main area where cobots are

applied. Consequently, the finalised questionnaire for the thesis was specifically tai-

lored to focus on this application.

The next part of the analysis involves refining the framework, in which the inter-

viewees discussed the existing factors and expressed their views on some additional

factors they deemed important in the study. Three original factors were elimi-

nated: prior experience, safety issues and fear of job loss. Three new propositional

factors were added: workforce empowerment, employee capability and regulatory

uncertainty. The refined HCRAM conceptual model comprises fifteen factors. The

next chapter provides details of the survey results, which are based on the refined

HCRAM conceptual model.

173



Chapter 7

Phase 2: Quantitative Research

7.1 Overview

Chapter 7 details the analysis of the data gathered through the survey instru-

ment. It starts by describing the final study questionnaire, which includes the final

study factors and measurement items (see Section 7.2). This chapter then describes

the survey, including the response rate and summarises the participants’ character-

istics (see Section 7.3). It explains the preparation of the data for analysis, including

data screening, to identify possible challenges with missing data, outliers, and bias

that may be found during data collection (see Section 7.4). It also offers results

related to the reliability of internal consistency and validity (see Section 7.5). It

analyses the research structural model to verify the study hypotheses for each di-

mension: technology, organisation, environment, human, and adoption barriers (see

Section 7.6). Finally, it summarises the results of this chapter (see Section 7.7).

7.2 Final Questionnaire

The research questionnaire was developed based on the refined HCRAM con-

ceptual model presented in Section 6.4. To develop items for this study, previ-

ously established DOI, TOE and human dimension questionnaires were used as the

foundation. Given the limited research on collaborative robot (cobot) adoption in

manufacturing SMEs, this study consulted the established body of literature on

the adoption of various technologies, such as intelligent robots, industrial IoT, etc.,

across the manufacturing industry and other sectors. Table 7.1 details the items and

their references for the study variables. Appendix D presents the final questionnaire.

This instrument was organised into several sections:

• Section 1: This section provides the cover letter, which contains the consent
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Table 7.1 : Summary of Item Development and Empirical References

Variables Items References

Technological Context

Relative advantage 5 [54],[56],[134]

Compatibility 4 [54],[56],[134]

Trialability 4 [54],[134],[170],[171],[172]

Observability 5 [54],[170],[171],[172]

Complexity 4 [54],[56],[170],[173]

Organisational Context

Top management support 5 [54],[56],[171],[173],[174],[175]

Organisational readiness 5 [54],[59],[176]

Workforce Empowerment 3 [177]

Environmental Context

Government support 4 [94],[178]

Competitive pressure 4 [54],[56],[59],[174],[178]

Human Context

decision-maker Innovativeness 3 [179],[180]

Project champion 3 [181]

Employee capability 3 [182]

Adoption Barriers

Lack of technological knowledge 3 [183]

Regulatory uncertainty 2 [183]

Adoption

Collaborative robot adoption intent 4 [54],[170],[184] originally from [56],[185],[186],[187] and [188]
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page for the researcher questionnaire. It provides information about the re-

searcher and her supervisor’s contact details, the research, and the university’s

ethics and policy.

• Section 2: This section provides a brief description of cobot technology, partic-

ularly in the assembly process, to help decision-makers with limited knowledge

of cobots understand the technology before responding to the questions. It also

collects general information about the participants and manufacturing organ-

isations, such as educational level, job position, manufacturing organisation

location, manufacturing organisation size (employee number), and knowledge

level of cobots. It is noted that a screen question will be applied to the loca-

tion question to ensure that only participants from manufacturing SMEs are

eligible to respond. Thus, responses from manufacturing organisations that do

not meet this criterion (i.e., micro < 5 employees or large with 200 or more)

will be excluded and will not be permitted to complete the questionnaire.

• Section 3: This section covers the cobot adoption factors (technological, or-

ganisational, environmental, human and adoption barriers) and cobot adop-

tion intent. In addition, the questionnaire includes an open-ended question to

gather additional comments, encouraging participants to offer suggestions to

enhance the research.

7.3 Descriptive Analysis

The study obtained 734 responses from the target population. Several exclusion

criteria were utilised to verify the quality of the data collected:

1. Incomplete surveys were excluded;

2. Surveys completed in less than the minimum (6 minutes, determined during

the pilot test as necessary to read and respond to the questions appropriately)

were excluded;

3. Surveys in which all items were answered with identical responses (includ-

ing reverse-score questions to assess whether respondents were reading and
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responding thoughtfully) were excluded.

Following the application of the exclusion criteria, 640 valid questionnaires remained

for the final analysis. This number exceeds the recommended minimum threshold of

610 discussed in 4.6, thereby ensuring a sufficient sample size, which improves the

reliability and rigour of the results. The achieved response rate was (64%), which is

in line with the previously cited organisational research average of (68%) [189].

The demographic statistics of the respondents, including their job role, highest de-

gree qualification, and organisational characteristics, such as the location and size

of the manufacturing organisation, are presented in Table 7.2. It also includes in-

formation on the participants’ familiarity with cobots.

7.3.1 Educational Level

Table 7.2 shows a high percentage of respondents (59.53%) possessed a bachelor’s

degree and (24.38%) held a postgraduate degree. (12.81%) of respondents held

a diploma and only one (3.28%) had a high school qualification as their highest

educational level.

7.3.2 Job Position

The majority (63.13%) of respondents were in middle management, holding roles

such as plant managers, production managers, etc., followed by those who were from

top management, such as the president, CEO, director, etc.(20.78%) and Technology

specialists, such as IT manager and engineers (16.09%).

7.3.3 Organisation Location

Table 7.2 indicates that most of the respondents were from two states: NSW

(45.31%), followed by VIC (20.63%). A small proportion of respondents were from

other states and territories: specifically SA (5.78%), WA (3.44%), and NT (3.28%).

The remaining respondents were from the ACT (0.47%).
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Table 7.2 : Sample Characteristics

Characteristic No. %

High school 21 3.28

Diploma 82 12.81

Bachelor degree 381 59.53
Educational Level

Postgraduate degree 156 24.38

Top Management 133 20.78

Middle Management 404 63.13

Technology Specialists 103 16.09
Job Position

Other 0 0.0

Australian Capital Territory (ACT) 3 0.47

New South Wales (NSW) 290 45.31

Victoria (VIC) 132 20.63

Queensland (QLD) 127 19.84

Western Australia (WA) 22 3.44

South Australia (SA) 37 5.78

Northern Territory (NT) 21 3.28

Organisation Location

Tasmania (TAS) 8 1.25

5 -19 employees 205 32.03
Organisation Size

20 -199 employees 435 67.97

Good knowledge 343 53.59
Knowledge of Collaborative Robots

Some knowledge 297 46.41
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7.3.4 Organisation Size

Table 7.2 shows that more than half (67.97%) of the participants were from

medium-sized manufacturing organisations (20-199 employees), while the remaining

(32.03%) were from small-sized manufacturing organisations (5-19 employees).

7.3.5 Knowledge of Collaborative Robots

In terms of familiarity with cobot technology, 343 respondents (53.59%) had

good knowledge and 297 respondents (46.41%) had some knowledge. The results

present the overall awareness of technology among the respondents.

7.4 Data Preparation for Analysis

7.4.1 Data Screening

Data screening is essential to ensure data integrity before applying inferential

statistical tests. This step included several screening processes: checking for missing

values, data normality, outliers and non-response bias tests. These processes are

clarified in the following.

Nonresponse Bias

Nonresponse bias occurs in survey research when some respondents of the se-

lected sample are unwilling or unable to participate in the survey [190]. This can

result in systematic differences between nonrespondents and those who completed

the survey, potentially limiting the representativeness of the results. According to

[151], late and partial respondents can serve as proxy indicators for nonrespondents

and may be compared with early respondents to detect bias. In this study, a se-

ries of t-tests was conducted to compare the responses of thirty early respondents

with those of thirty late respondents. The analysis aimed to identify any significant

differences in responses to the scale item. The results revealed no statistically sig-

nificant differences between early and late respondents, suggesting that the dataset

is free from nonresponse bias.
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Missing Data

The next process included screening for missing data and reporting means and

standard deviations. Appendix E presents the descriptive statistics for data. A total

of 640 valid questionnaires were collected, each containing complete responses for

all 61 items, indicating there were no missing values in the dataset. All items mean

exceeded 3, that mean the midpoint of the 7 scale, confirming that participants

generally rated all items positively. To assess the variability of the sample means for

all survey items, the standard error of the mean was calculated [191]. Data values

range between 0.0305 (3.05%) and 0.0574 (5.74%), indicating low variability in the

sample mean.

Normality

It refers to gathered data that follows a bell-shaped distribution pattern [148],[192].

The extreme non-normal distribution can be problematic in assessing the significance

of the parameters [193]. To verify the normality of the collected data, kurtosis

and skewness tests were performed. For a normal univariate distribution, some re-

searchers propose that the skewness and kurtosis values should be within ±2 [194].

Others suggest looser values for kurtosis assessment at ±7 [148],[195]. However, due

to the robustness of SEM tests, some argue that the data distribution should be

deemed normal if kurtosis values fall within (±10) and skewness values fall within

(±3) [152],[196].

In this research, normality measures applied to the scale items are presented in Ap-

pendix F. The results indicated kurtosis values ranging from -1.046 to 1.591 and

skewness values ranging from -1.072 to 0.520. These values fall within or close to

the stringent range recommended in the literature, confirming that the data can be

considered normally distributed for the purposes of this study.

Outliers

Outliers are observations that deviate from the mean values [197]. They can

influence model fit, parameter estimation and standard errors. In large samples, a

small percentage of unusual responses is expected and may occur naturally. The
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z-scores were successfully used to screen outliers in the dataset, where all items are

converted into standardised values/z-scores. As stated by [198] and [199], a data

value is deemed to be an outlier if its standardised score is above or below 3.29.

Accordingly, as shown in Appendix G, the results of the z-scores for the scale items

indicate that some responses could be deemed outliers. Nevertheless, the total

number of outlier responses across the five different items was 26: 7 (TF RA Q1),

3 (TF RA Q4), 2 (TF OB Q2), 5 (TF OB Q5) and 9 (HF EC Q1), representing

only (4.06%) of the total observations. As stated by [199], deleting data outliers is

advised only when there is significant evidence that these outliers fall outside what

is usually noted in the dataset. Other authors also suggest that if the percentage

of outliers does not exceed 5%, they may be retained rather than removed from the

dataset [200]. In this dataset, the presence of 4.06% or fewer can be considered

normal. Given that a 7 Likert scale was used, this can reasonable that a small

number of respondents expressed very strong positive or negative views on certain

items. Therefore, it was determined that retaining outliers in all survey responses

would help preserve the integrity of the data.

7.5 Reliability and Validity of the Survey

Before evaluating the research structural model, two essential elements of data

quality, namely reliability and validity, should be measured. Factor analysis is an

important technique used to validate measurements, evaluate the performance of

individual items and confirm the study constructs. In this study, two important

methods are employed: confirmatory factor analysis (CFA) and exploratory factor

analysis (EFA) [152]. The CFA method is used to validate the proposed model by

confirming it aligns with the research context, whereas the EFA method is employed

to identify the data structure and the factors that explain the maximum variance

[201],[202]. As a result, CFA is more appropriate for validating established mea-

sures and models, whereas EFA is better suited for the early phases of a study or

for testing new instruments.

The model in this study includes items related to organisational, human and adop-

tion barrier constructs that have not been previously examined in the same study
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context. Consequently, both EFA and CFA were applied. To improve the quality of

factor analysis, several authors suggest using the EFA method to specify the model,

followed by the CFA method to validate it [203],[204],[205]. This research follows

these recommendations.

In the HCRAM conceptual model, factor analysis and reliability analysis were con-

ducted for five multi-variable dimensions: technology factors (5 variables), organisa-

tional (3 variables), environmental (2 variables), human (3 variables), and adoption

barriers (2 variables). The EFA stage commenced with extraction methods to eval-

uate item correlations, employing principal axis factoring in this study. Rotation

techniques, including Promax rotation (an oblique method) [199]. were applied to

enhance the interpretability of the factor structure. The Kaiser-Meyer-Olkin (KMO)

measure was used to verify the appropriateness of the dataset for factor analysis,

with a threshold of 0.7 or higher [152]. Cross-loadings and communality values

were calculated for individual items to assess their acceptance in the final research

model. For the commonality score, a value above 0.4 is deemed acceptable [206].

For cross-loadings, a common threshold for acceptability is ±0.2, which means that

items are loading onto more than one factor [207]. All items have to be equal to

or greater than 0.5 on their respective factor, and the average of the loadings for

all items associated with that factor has to be 0.7 or higher, according to [150] and

[148]. After performing EFA, all constructs were assessed for internal consistency

employing two measures: Cronbach’s alpha, with an acceptable value of ≥ 0.7 [150],

and composite reliability (CR), with a threshold of > 0.7 [148],[149].

A CFA was the final stage method performed to validate each dimension in the

model. As recommended by [152], chi-square in research models exceeding 200 cases

may be misleading. Then, the study determined the model fit with multiple indices

such as (SRMR, ≤ 0.1), (RMSEA, ≤ 0.1), comparative fit index (CFI, ≥ 0.9), incre-

mental fit index (IFI, ≥ 0.9) and Tucker-Lewis index (TLI, ≥ 0.9) [148],[152],[153].

Construct validity was tested through discriminant and convergent validity analyses

[208]. The Average variance extracted (AVE) value of ≥ 0.5 indicates the presence

of convergent validity, while discriminant validity is demonstrated when the square

root of the AVE exceeds the cross-correlation of constructs, as recommended by
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[148] and [149].

7.5.1 Reliability and Validity: Technology Dimension

This study analysed five factors within the technology dimension, namely relative

advantage (RA), compatibility (COM), observability (OBS), trialability (TRI) and

complexity (CPX). Table 7.3 presents the output of the EFA Pattern Matrix. The

initial KMO value for the five constructs was 0.916, which exceeds the 0.7 threshold

and a cumulative variance of 66.853%. All commonalities were above the threshold

of 0.4. It was observed that eight items might be problematic: RA 1, COM 4,

OBS 1, OBS 2 and OBS 5 did not clearly load with their corresponding factors, and

their loadings were weak (0.489, 0.463, 0.481, 0.473, and 0.493, respectively). The

other three items, RA Q3, RA Q4 and COM Q3, indicated cross-loadings within

the range of ±0.2, and their loadings were notably weak. Consequently, it was

decided to remove all seven items to prevent problems with discriminant validity.

After removing the seven items, the final EFA results showed no problems with weak

loadings or factor loadings, with a KMO value of 0.869 and a cumulative variance

of 81.273% (see Table 7.4).
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Table 7.3 : Initial Pattern Matrix of EFA for Technology Factors

Component

Items Communality 1 2 3 4 5

TF RA Q1 0.653 0.489

TF RA Q2 0.700 0.884

TF RA Q3 0.746 0.512 0.439

TF RA Q4 0.750 0.578 0.498

TF RA Q5 0.747 0.975

TF COM Q1 0.662 0.705

TF COM Q2 0.678 0.547

TF COM Q3 0.563 0.442 0.520

TF COM Q4 0.579 0.463

TF TRI Q1 0.901 0.936

TF TRI Q2 0.896 0.960

TF TRI Q3 0.845 0.946

TF TRI Q4 0.785 0.892

TF OBS Q1 0.486 0.481

TF OBS Q2 0.471 0.473

TF OBS Q3 0.669 0.896

TF OBS Q4 0.751 0.917

TF OBS Q5 0.551 0.493

TF CPX Q1 0.820 0.858

TF CPX Q2 0.808 0.870

TF CPX Q3 0.726 0.762

TF CPX Q4 0.678 0.759

KMO=0.916, p<0.01

Rotation converged in 5 iterations.
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Table 7.4 : Final Pattern Matrix of EFA for Technology Factors

Component

Items Communality 1 2 3 4 5

TF RA Q2 0.783 0.833

TF RA Q5 0.821 0.922

TF COM Q1 0.829 0.884

TF COM Q2 0.821 0.849

TF TRI Q1 0.905 0.922

TF TRI Q2 0.907 0.954

TF TRI Q3 0.853 0.935

TF TRI Q4 0.796 0.885

TF OBS Q3 0.814 0.904

TF OBS Q4 0.793 0.856

TF CPX Q1 0.829 0.912

TF CPX Q2 0.818 0.927

TF CPX Q3 0.730 0.820

TF CPX Q4 0.678 0.763

KMO=0.869, p<0.01

Rotation converged in 5 iterations.

Internal consistency of the technology-related construct data was assessed using

Cronbach’s alpha and composite reliability following EFA, as shown in Table 7.5.

The results indicate high reliability for all constructs; hence, all five were retained

for CFA.
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Table 7.5 : Reliability Test of Technology Constructs

Construct Items Cronbach’s alpha CR

RA 2 0.742 0.762

COM 2 0.774 0.780

TRI 4 0.944 0.948

OBS 2 0.716 0.731

CPX 4 0.887 0.879

CFA outcomes for all the retained constructs are provided in Table 7.6. The

following indices (CFI= 0.967, IFI=0.967, TLI=0.955, RMSEA= 0.070, SRMR=

0.0551) indicate the model fit is acceptable. All coefficients of standardised regres-

sion weight (SRW) were above 0.6, generally showing strong loadings. The outcomes

show that the AVE value exceeded 0.5, thus confirming convergent validity. The re-

sult also confirmed the discriminant validity by showing that
√
AV E = 0.884 was

greater than the highest correlation (r = 0.652) between compatibility and observ-

ability.
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Table 7.6 : CFA Outcomes for Technology Constructs

Items SRW AVE
√
AVE

Highest

Construct

Correlation

Model Fit

TF RA Q2 0.890

0.782 0.884 0.652

CFI= 0.967

IFI= 0.967

TLI= 0.955

RMSEA= 0.070

SRMR = 0.0551

TF RA Q5 0.669

TF COM Q1 0.775

TF COM Q2 0.824

TF TRI Q1 0.945

TF TRI Q2 0.950

TF TRI Q3 0.889

TF TRI Q4 0.833

TF OBS Q3 0.722

TF OBS Q4 0.794

TF CPX Q1 0.960

TF CPX Q2 0.936

TF CPX Q3 0.663

TF CPX Q4 0.614

7.5.2 Reliability and Validity: Organisational Dimension

In the organisational dimension of the study, three factors were identified: organ-

isational readiness (OR), top management support (TMS), and Workforce empow-

erment (EMP). Table 7.7 provides the outcomes of the EFA Pattern Matrix. The

initial KMO value for the three constructs was 0.927, which exceeds the 0.7 threshold

and a cumulative variance of 70.495%. All commonalities were above the threshold

of 0.4. It was observed that four items might be problematic: OF TMS Q4 and

OF TMS Q5 did not clearly load with their corresponding factors and their load-

ings were weak (0.475 and 0.486, respectively). The other two items, OF ORA Q1

and OF ORA Q5, showed cross-loadings within the range of ±0.2. Therefore, it

was decided to remove all four items to prevent problems with discriminant validity.

After removing the four items, the final EFA results presented no problems with fac-
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tor loadings, with a KMO value of 0.891 and a cumulative variance of 78.915%(see

Table7.8).

Table 7.7 : Initial Pattern Matrix of EFA for

Organisational Factors

Component

Items Communality 1 2 3

OF TMS Q1 0.780 0.946

OF TMS Q2 0.748 0.792

OF TMS Q3 0.640 0.576

OF TMS Q4 0.568 0.475

OF TMS Q5 0.670 0.486

OF ORA Q1 0.675 0.476 0.527

OF ORA Q2 0.767 0.865

OF ORA Q3 0.781 0.760

OF ORA Q4 0.768 0.672

OF ORA Q5 0.632 0.462 0.515

OF EMP Q1 0.681 0.531

OF EMP Q2 0.776 0.829

OF EMP Q3 0.679 0.761

Note: KMO=0.927, p<0.01

Rotation converged in 7 iterations.
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Table 7.8 : Final Pattern Matrix of EFA for

Organisational Factors

Component

Items Communality 1 2 3

OF TMS Q1 0.806 0.982

OF TMS Q2 0.794 0.828

OF TMS Q3 0.690 0.666

OF ORA Q2 0.742 0.865

OF ORA Q3 0.848 0.920

OF ORA Q4 0.820 0.791

OF EMP Q1 0.730 0.596

OF EMP Q2 0.847 0.875

OF EMP Q3 0.827 0.919

Note: KMO=0.891, p<0.01,

Rotation converged in 5 iterations.

After conducting EFA, the reliability of each organisational construct was mea-

sured to check the internal consistency of the retained data. Table 7.9 shows com-

posite reliability and Cronbach’s alpha analyses, implying high reliability for three

constructs. Therefore, all three were retained for CFA tests.

Table 7.9 : Reliability Test of Organisational

Constructs

Construct Items Cronbach’s alpha CR

TMS 3 0.838 0.816

ORA 3 0.858 0.881

EMP 3 0.852 0.835

CFA outcomes for all the retained constructs are shown in Table 7.10. The

following indices (CFI= 0.987, IFI= 0.987, TLI= 0.972, RMSEA= 0.067, SRMR =
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0.0295) indicate the model fit is acceptable. All coefficients of SRW were above 0.6,

generally showing strong loadings. The results showed that the AVE value exceeded

0.5, thus confirming convergent validity. The result also confirmed the discriminant

validity by showing that
√
AV E = 0.834 was greater than the highest correlation (r

= 0.793) between organisational readiness and empowerment.

Table 7.10 : CFA Outcomes for Organisational Constructs

Items SRW AVE
√
AVE

Highest

Construct

Correlation

Model Fit

OF TMS Q1 0.665

0.697 0.834 0.793

CFI= 0.987

IFI= 0.987

TLI= 0.972

RMSEA= 0.067

SRMR = 0.0295

OF TMS Q2 0.809

OF TMS Q3 0.836

OF ORA Q2 0.717

OF ORA Q3 0.874

OF ORA Q4 0.931

OF EMP Q1 0.856

OF EMP Q2 0.770

OF EMP Q3 0.751

7.5.3 Reliability and Validity: Environmental Dimension

This study analysed two factors within the environment dimension: government

support (GS) and competitive pressure (CP). Table 7.11 illustrates the outcomes of

the EFA Pattern Matrix. The KMO value for the three constructs was 0.842, which

exceeded the threshold of 0.7 and a cumulative variance of 81.974%. It was observed

that there were no issues with cross-loadings. Therefore, all data were retained for

reliability analysis.

190



Table 7.11 : Pattern Matrix of EFA for

Environmental Factors

Component

Items Communality 1 2

GS 1 0.694 0.843

GS 2 0.813 0.908

GS 3 0.807 0.879

GS 4 0.740 0.857

CP 1 0.898 0.938

CP 2 0.916 0.963

CP 3 0.879 0.935

CP 4 0.811 0.904

KMO=0.842, p<0.01,

Rotation converged in 3 iterations.

The internal consistency of the data related to the environment-related construct

was assessed after conducting EFA, as presented in Table 7.12. The results indicate

high reliability across all constructs; hence, all five were retained for CFA.

Table 7.12 : Reliability Test of Environmental

Constructs

Construct Items Cronbach’s alpha CR

GS 4 0.887 0.874

CP 4 0.945 0.953

CFA outcomes for all the retained constructs are presented in Table 7.13. The

following indices (CFI= 0.992, IFI= 0.992, TLI= 0.986, RMSEA= 0.072, SRMR

= 0.0119) indicate the model fit is acceptable. All coefficients of SRW were larger

than 0.7, proving to be strong loadings. The results showed that the AVE value

exceeded 0.5, thus confirming convergent validity. The results also confirmed the
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discriminant validity by showing that
√
AV E = 0.903 was greater than the highest

correlation (r = 0.409).

Table 7.13 : CFA Outcomes for Environmental Constructs

Items SRW AVE
√
AVE

Construct

Correlation
Model Fit

EF GS Q1 0.830

EF GS Q2 0.930

EF CP Q1 0.934

EF CP Q2 0.957

EF CP Q3 0.917

EF CP Q4 0.845

0.817 0.903 0.407

CFI= 0.992

IFI= 0.992

TLI= 0.986

RMSEA= 0.072

SRMR = 0.0119

7.5.4 Reliability and Validity: Human Dimension

Three factors were identified within the human dimension: decision-maker in-

novativeness (INN), project champion (PC) and employee capability (EC). Table

7.14 shows the outcomes of the EFA Pattern Matrix. The initial KMO value for

the three constructs was 0.909, which exceeds the 0.7 threshold and a cumulative

variance of 81.511%. All commonalities were above the threshold of 0.4. It was

observed that one item might be problematic: HF EC Q1 did not clearly load with

its corresponding factor, and the loading power was notably weak. Therefore, this

item was excluded to prevent problems with discriminant validity. After removing

it, the final EFA results presented no problems with factor loadings, with a KMO

value of 0.894 and a cumulative variance of 84.626% (see Table 7.15).
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Table 7.14 : Initial Pattern Matrix of EFA for

Human Factors

Component

Items Communality 1 2 3

HF INN Q1 0.714 0.603

HF INN Q2 0.828 0.879

HF INN Q3 0.793 0.906

HF PC Q1 0.844 0.842

HF PC Q2 0.903 0.916

HF PC Q3 0.880 0.904

HF EC Q1 0.683 0.447

HF EC Q2 0.823 0.854

HF EC Q3 0.867 0.972

Note: KMO=0.909, p<0.01

Rotation converged in 6 iterations.

Table 7.15 : Final Pattern Matrix of EFA for

Human Factors

Component

Items Communality 1 2 3

HF INN Q1 0.732 0.645

HF INN Q2 0.864 0.912

HF INN Q3 0.845 0.946

HF PC Q1 0.845 0.871

HF PC Q2 0.903 0.926

HF PC Q3 0.880 0.914

HF EC Q2 0.842 0.877

HF EC Q3 0.85 0.954

Note: KMO=0.894, p<0.01

Rotation converged in 5 iterations.
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The internal consistency of the retained data related to the human-related con-

struct was assessed using Cronbach’s alpha and composite reliability following EFA,

as outlined in Table 7.16. The results indicate high reliability for all constructs;

hence, all five were retained for CFA.

Table 7.16 : Reliability Test of Human Constructs

Construct Items Cronbach’s alpha CR

INN 3 0.869 0.876

PC 3 0.926 0.930

EC 2 0.836 0.839

The CFA outcomes for all the retained constructs are shown in Table 7.17. The

following indices (CFI= 0.980, IFI= 0.980, TLI= 0.967, RMSEA= 0.086 and SRMR

= 0.0321) indicate the model fit is acceptable. All coefficients of SRW were larger

than 0.7, proving strong loadings. The results showed that the AVE value exceeded

0.5, thus confirming convergent validity. Discriminant validity was also supported,

as the square root of AVE
√
AV E = 0.885 was greater than the highest correlation

(r = 0.801) between decision-maker innovativeness and project champion.

Table 7.17 : CFA Outcomes for Human Constructs

Items SRW AVE
√
AVE

Highest

Construct

Correlation

Model Fit

HF INN Q1 0.786

0.784 0.885 0.801

CFI= 0.980

IFI= 0.980

TLI= 0.967

RMSEA= 0.086

SRMR = 0.0321

HF INN Q2 0.892

HF INN Q3 0.833

HF PC Q1 0.866

HF PC Q2 0.935

HF PC Q3 0.908

HF EC Q2 0.874

HF EC Q3 0.825
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7.5.5 Reliability and Validity: Adoption Barriers

Two factors were identified within the adoption barriers: lack of technological

knowledge (LTK) and regulatory uncertainty (RU). Table 7.18 provides the out-

comes of the EFA Pattern Matrix. The KMO value for the two constructs was

0.779, which exceeds the 0.7 threshold and a cumulative variance of 86.398%. All

commonalities were above the threshold of 0.4. It was observed that there were no

issues with cross-loadings. Therefore, all data were retained for reliability assess-

ment.

Table 7.18 : EFA Pattern Matrix for Adoption

Barriers

Component

Items Communality 1 2

BF LTK Q1 0.844 0.931

BF LTK Q2 0.858 0.844

BF LTK Q3 0.784 0.896

BF RU Q1 0.909 0.902

BF RU Q2 0.925 0.994

Note: KMO=0.779, p<0.01

Rotation converged in 3 iterations.

The internal consistency of the retained data related to the barriers-related con-

struct was assessed using Cronbach’s alpha and composite reliability following EFA,

as presented in Table 7.19. The results indicate high reliability across all constructs;

therefore, all five were retained for CFA.
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Table 7.19 : Reliability Test for Adoption Barriers

Constructs

Construct Items Cronbach’s alpha CR

LTK 3 0.894 0.897

RU 2 0.893 0.910

Table 7.20 shows the CFA results for all the retained constructs. The following

indices (CFI= 0.992, IFI= 0.992, TLI= 0.998, RMSEA= 0.024, SRMR = 0.0097)

indicate the model fit is acceptable. All coefficients of standardised regression weight

(SRW) were larger than 0.7, indicating strong loadings. The results showed that

the AVE value exceeded 0.5, thus confirming convergent validity. The results also

confirmed discriminant validity by showing that
√
AV E = 0.921 was greater than

the highest correlation (r = 0.644).

Table 7.20 : CFA Outcomes for Adoption Barriers Constructs

Items SRW AVE
√
AVE

Construct

Correlation
Model Fit

BF LTK Q1 0.872

BF LTK Q2 0.920

BF LTK Q3 0.793

BF RU Q1 0.980

BF RU Q2 0.843

0.850 0.921 0.644

CFI= 0.999

IFI= 0.999

TLI= 0.998

RMSEA= 0.024

SRMR = 0.0097

7.5.6 Collaborative Robot Adoption

Given that the cobot adoption intent dimension consisted of one construct, a

reliability assessment was conducted only on this data (Table 7.21). Cronbach’s

alpha for adoption intent was above 0.7, showing the high internal consistency for

this construct. Consequently, this data was retained for the final structural equation

modelling (SEM) tests.
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Table 7.21 : Reliability Test of the Adoption Intent

Construct Items Cronbach’s alpha

Collaborative Robots Adoption Intent (AdInt) 4 0.790

7.6 Evaluation of the Structural Model

The final quantitative analysis process included the structural model evaluation

in two steps: (1) the multicollinearity test and (2) testing the study hypotheses.

The final HCRAM research model consisted of 15 independent factors and one de-

pendent factor, which were tested for causal relationships. The outcomes of the

multicollinearity test and the hypothesis tests for each dimension are presented in

the following subsections.

7.6.1 Multicollinearity

It refers to the presence of high correlations among independent constructs [146].

In this study, multicollinearity was assessed utilising the tolerance method and vari-

ance inflation factor (VIF). As indicated by [148] and [209], the tolerance value

should be above or equal to the threshold of 0.1, and the VIF should be below 10.

Therefore, as shown in Table 7.22, all 15 independent constructs meet acceptable

levels for tolerance (≥ 0.1) and VIF (< 10). Consequently, no multicollinearity

issues were observed in the results.
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Table 7.22 : Multicollinearity Test of Independent

Constructs

Tolerance VIF

Relative Advantage 0.590 1.694

Compatibility 0.464 2.156

Trialability 0.631 1.585

Observability 0.280 3.570

Complexity 0.294 3.405

Top Management Support 0.403 2.479

Organisational Readiness 0.336 2.980

Workforce Empowerment 0.311 3.217

Government Support 0.609 1.643

Competitive Pressure 0.356 2.807

decision-maker Innovativeness 0.224 4.460

Project Champion 0.320 3.128

Employee Capability 0.468 2.138

Lack of Technological Knowledge 0.233 4.300

Regulatory Uncertainty 0.639 1.565

7.6.2 Hypothesis Testing: Technology Dimension

The technology dimension model demonstrated a highly significant effect (R2 =

0.822, p < .001). The analysis found three of the five factors significantly influence

adoption intent (see Table 7.23). H1e complexity showed the strongest relationship

(β = −0.519, p < 0.001), then H1b compatibility (β = 0.299, p < 0.001) and H1d

observability (β = 0.152, p = 0.004). The analysis also indicated that two factors,

H1a relative advantage (β = 0.008, p = 0.845) and H1c trialability (β = 0.063,

p = 0.080) had no impact on adoption intent. Figure 7.1 shows the structural

model for technology factors.
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Table 7.23 : Results of the Structural Relationship for Technology Factors

Relationship Hypothesis
Influence

Direction

Standardised

Regression
T statistics p-value Result

RA → AdInt H1a Positive 0.008 0.271 0.845 Not Supported

COM → AdInt H1b Positive 0.299 6.556 0.001 Supported

TRI → AdInt H1c Positive 0.063 2.122 0.080 Not Supported

OBS → AdInt H1d Positive 0.152 6.515 0.004 Supported

CPX → AdInt H1e Negative -0.519 -12.391 0.001 Supported

Note: R2 = 0.822 (82.2%), p <0.001
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Figure 7.1 : Structural Model for Technology Factors
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7.6.3 Hypothesis Testing: Organisational Dimension

The organisational dimension model demonstrated a highly significant effect

(R2 = 0.833, p < .001). All three factors significantly influenced adoption intent

(see Table 7.24). H2c workforce empowerment demonstrated the strongest relation-

ship (β = 0.585, p < 0.001), followed by H2b organisational readiness (β = .283,

p < .001) and H2a TMS (β = 0.103, p = .038). Figure 7.2 displays the structural

model for organisational factors.

Table 7.24 : Results of the Structural Relationship for Organisational Factors

Relationship Hypothesis
Influence

Direction

Standardized

Regression
T statistics p-value Result

TMS → AdInt H2a Positive 0.103 4.929 0.038 Supported

ORA → AdInt H2b Positive 0.283 9.693 0.001 Supported

EMP → AdInt H2c Positive 0.585 10.351 0.001 Supported

R2 = 0.833 (83.3%), p <0.001
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Figure 7.2 : Structural Model for Organisational Factors
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7.6.4 Hypothesis Testing: Environmental Dimension

The environmental dimension model demonstrated a highly significant effect

(R2 = 0.566, p < 0.001). Both factors showed a positive and significant relationship

to adoption intent (see Table 7.25). H3a Government support showed the strongest

relationship (β = .431, p < 0.001) followed by H3b competitive pressure (β = 0.200,

p = 0.007). The structural model for the environmental dimension is illustrated in

Figure 7.3

Table 7.25 : Results of the Structural Relationship for Environmental Factors

Relationship Hypothesis
Influence

Direction

Standardised

Regression
T statistics p-value Result

GS → AdInt H3a Positive 0.431 10.991 0.001 Supported

CP → AdInt H3b Positive 0.200 3.328 0.007 Supported

R2 = 0.566 (56.6%), p <0.001
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Figure 7.3 : Structural Model for Environmental Factors
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7.6.5 Hypothesis Testing: Human Dimension

The human dimension model demonstrated a highly significant effect (R2 = 0.95,

p < 0.001). The analysis found two of the three factors significantly influence

adoption intent (see Table 7.26). H4a decision-maker Innovativeness showed the

strongest relationship (β = 0.664, p < 0.001), followed by H4b project champion

(β = 0.299, p < 0.001). The analysis also indicated that one factor, H4c employee

capability (β = 0.058, p = 0.203) had no impact on adoption intent. Figure 7.4

shows the structural model for the human dimension.

Table 7.26 : Results of the Structural Relationship for Human Factors

Relationship Hypothesis
Influence

Direction

Standardised

Regression
T statistics p-value Result

INN → AdInt H4a Positive 0.664 13.973 0.001 Supported

PC → AdInt H4b Positive 0.299 9.810 0.001 Supported

EC → AdInt H4c Positive 0.058 3.000 0.203 Not Supported

R2 = 0.95 (95.0%), p <0.001
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Figure 7.4 : Structural Model for Human Factors
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7.6.6 Hypothesis Testing: Adoption Barriers

The Adoption Barriers dimension model demonstrated a highly significant effect

(R2 = .844, p < 0.001). The analysis found that one of the two factors signif-

icantly influences adoption intent (see Table 7.27). As predicted, all hypotheses

were negative relationships. H5a Lack of technological knowledge had the strongest

relationship (β = −0.907, p < 0.001). However, H5b regulatory uncertainty had

no impact on adoption intent (β = −0.018, p = 0.641). Figure 7.5 displays the

structural model for the adoption barriers.

Table 7.27 : Results of the Structural Relationship for the Adoption Barriers

Relationship Hypothesis
Influence

Direction

Standardised

Regression
T statistics p-value Result

LTK → AdInt H5a Negative -0.907 -22.700 0.001 Supported

RU → AdInt H5b Negative -0.018 -3.597 0.641 Not Supported

R2 = 844 (84.4%), p <0.001
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Figure 7.5 : Structural Model for the Adoption Barriers
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7.7 Summary

A detailed analysis of the data gathered during the survey is provided in this

chapter. The final questionnaire which involves key factors and measurement items,

was detailed. This chapter provided descriptive statistics for the sample and per-

formed initial analyses to ensure data quality. All factors demonstrated high relia-

bility and validity. Of the 15 hypotheses, 11 were supported by the SEM results: 3

for the technology dimension (H1b, H1d, H1e), 3 for the organisational dimension

(H2a, H2b, H2c), 2 for the environmental dimension (H3a, H3b), 2 for the human

dimension (H4a, H4b), one for the Adoption Barriers (H5a). The remaining five hy-

potheses (H1a, H1c, H4c, H5b) were not supported. Based on the research findings,

Chapter 8 presents a detailed discussion.
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Chapter 8

Discussion

8.1 Overview

Chapter 8 presents a thorough interpretation of the research’s outcomes. To link

the thesis aim and objectives, the outcomes of the quantitative and qualitative anal-

yses are combined as follows: first, to explore the key factors and barriers affecting

cobot adoption in manufacturing SMEs; second, to develop and refine an HCRAM

that supports effective cobot adoption; and third, to evaluate the testing of these

factors and the overall dimension for each on cobot adoption. In addressing the out-

comes with the primary research question, this thesis revisits the main hypotheses

and investigates their evolution throughout the process 8.2. These developments

were implemented after the refinement of the proposed HCRAM, as presented and

analysed in Chapter 6. An overview of the mixed-method results from Phase 1

and Phase 2 of this thesis is presented in Section 8.3. The outcomes related to the

research sub-questions and hypotheses are presented in Sections 8.4 to 8.5. These

sections highlight and discuss the key relationships observed.

8.2 Addressing the Study Questions and Objectives

The current work is structured around the following main research question:

How to develop a holistic cobot adoption model for Australian manu-

facturing SMEs?

The development of HCRAM was informed by the six-step process of the Design

Science approach, as outlined by [68].

1. A comprehensive review of existing studies enabled the identification of key

knowledge gaps, including the limited presence of an holistic model for cobot

adoption precisely tailored for manufacturing SMEs. While some prior studies
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have proposed adoption models, they vary significantly in context, method-

ology, and scope, and often fail to comprehensively address the factors and

barriers specific to SMEs. These inconsistencies and limitations highlighted

the need for a more focused investigation. Consequently, the key research

question was formulated and further divided into sub-questions

2. The study objectives were formulated to facilitate the development of a prac-

tical model for cobot adoption in manufacturing SMEs. The resources used to

achieve these objectives included existing empirical research on cobot adop-

tion, insight from management and technical experts, and a questionnaire

designed to validate these factors within the proposed model.

3. The development of the model followed a multi-stage process. First, the theo-

retical works on cobot adoption and the broader manufacturing context were

reviewed to adopt a relevant theoretical grounding and to determine the key

dimensions and barriers, namely technological, organisational, and environ-

mental. Second, the organisational-level technology adoption theories (TOE-

DOI) were merged to present a holistic understanding of adoption. Third, a

review of empirical works was undertaken to determine the particular detri-

ments within each dimension that significantly affect cobot adoption.

4. The proposal was presented to decision-makers, comprising management and

technical experts, for assessment and analysis. During the interviews, the

decision-makers identified the most promising applications of the proposed

model in manufacturing SMEs. Based on their feedback, the model was revised

by merging further factors and deleting those considered less relevant to the

SME manufacturing context.

5. Following the refinement of the HCRAM model based on expert feedback, it

was examined and validated through a questionnaire conducted with a large

sample of manufacturing SME experts, encompassing both management and

technical specialists. The model’s effectiveness in studying cobot adoption in

manufacturing SMEs was confirmed following the evaluation stage.
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6. The findings, following the model’s refinements and evaluation, are presented

and discussed in this thesis. Further dissemination of the results is planned

through a series of publications. This process has already commenced with the

submission of two qualitative works on the model to an academic conference.

Regarding the evolution of the research sub-questions and objectives, as outlined in

Chapter 3, the adoption of cobots in manufacturing SMEs remains limited [23],[54]

and not yet mature. However, the scope of the research must be extended and

explore empirical works on technology adoption in the manufacturing filed, incor-

porating factors from the DOI [3] and TOE [4] theories within the manufacturing

context. This approach yielded meaningful insights, particularly regarding adoption

factors, and facilitated relevant comparisons.

The study acknowledged the varied applications of cobots and the HCRAM was

revised based on input from top and mid-level management, as well as technology

experts from manufacturing SMEs. Based on the analysis, five dimensions com-

prising a total of 15 factors were retained due to their relevance. To the author’s

knowledge, this is the initial model designed to examine and interpret cobot adop-

tion in Australian manufacturing SMEs. The research hypotheses and questions are

as follows:

RQ1: What technological factors influence Australian manufacturing SMEs’ inten-

tion to adopt cobots?

H1a: Relative advantage has a positive influence on the adoption of cobot technol-

ogy in Australian manufacturing SMEs.

H1b: Compatibility has a positive influence on the adoption of cobot technology in

Australian manufacturing SMEs.

H1c: Trialability has a positive influence on the adoption of cobot technology in

Australian manufacturing SMEs.

H1d: Observability has a positive influence on the adoption of cobot technology in

Australian manufacturing SMEs.

H1e: Complexity has a negative influence on the adoption of cobot technology in

Australian manufacturing SMEs.
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RQ2: What organisational factors influence Australian manufacturing SMEs’ inten-

tion to adopt cobots?

H2a: Top management support has a positive influence on the adoption of cobot

technology in Australian manufacturing SMEs.

H2b: Organisational readiness has a positive influence on the adoption of cobot

technology in Australian manufacturing SMEs.

H2c: Workforce empowerment has a positive influence on the adoption of cobot

technology in Australian manufacturing SMEs.

RQ3: What external factors influence Australian manufacturing SMEs’ intention to

adopt cobots?

H3a: Government support has a positive influence on the adoption of cobot tech-

nology in Australian manufacturing SMEs.

H3b: Competitive pressure has a positive influence on the adoption of cobot tech-

nology in Australian manufacturing SMEs.

RQ4: What human factors influence Australian manufacturing SMEs’ intention to

adopt cobots?

H4a: The innovativeness of the decision-maker has a positive influence on the adop-

tion of cobot technology in Australian manufacturing SMEs.

H4b: The project champion has a positive influence on the adoption of cobot tech-

nology in Australian manufacturing SMEs.

H4c: Employee capability has a positive influence on the adoption of cobot technol-

ogy in Australian manufacturing SMEs.

RQ5:What are the barriers that Australian manufacturing SMEs face in adopting

cobots?

H5a: A lack of knowledge related to cobot technology negatively affects its adoption

in manufacturing SMEs.

H5b: Regulatory uncertainty about cobot technology negatively affects its adoption

in manufacturing SMEs.
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8.3 Mixed-Methods Results: Comparison and Integration

The HCRAM, with its strong predictive capability, should yield findings consis-

tent with its predictions when examined through a large-scale survey. One of the

primary objectives was to develop a functional model of cobot adoption in manu-

facturing SMEs. The comparison of the mixed-methods findings for each research

question is presented in Tables 8.1 to 8.5.

Table 8.1 : Mixed-Methods Findings Comparison for RQ1

Hypotheses Interviews Survey Findings

Hypothesis 1a Confirmed Not Confirmed -

Hypothesis 1b Confirmed Confirmed Positive

Hypothesis 1c Confirmed Not Confirmed -

Hypothesis 1d Confirmed Confirmed Positive

Hypothesis 1e Confirmed Confirmed Negative

Table 8.2 : Mixed-Methods Findings Comparison for RQ2

Hypotheses Interviews Survey Findings

Hypothesis 2a Confirmed Confirmed Positive

Hypothesis 2b Confirmed Confirmed Positive

Hypothesis 2c Confirmed Confirmed Positive

Table 8.3 : Mixed-Methods Findings Comparison for RQ3

Hypotheses Interviews Survey Findings

Hypothesis 3a Confirmed Confirmed Positive

Hypothesis 3b Confirmed Confirmed Positive
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Table 8.4 : Mixed-Methods Findings Comparison for RQ4

Hypotheses Interviews Survey Findings

Hypothesis 4a Confirmed Confirmed Positive

Hypothesis 4b Confirmed Confirmed Positive

Hypothesis 4c Confirmed Not Confirmed -

Prior experience Relationship deleted - -

Table 8.5 : Mixed-Methods Findings Comparison for RQ5

Hypotheses Interviews Survey Findings

Hypothesis 5a Confirmed Confirmed Negative

Hypothesis 5b Confirmed Not Confirmed -

Hypothesis 5c Relationship deleted - -

Hypothesis 5d Relationship deleted - -

8.4 Technological Context

8.4.1 Relative Advantage

Although this factor was suggested to have a strong influence in both the cobot

and manufacturing contexts and was highlighted in the interviews, the survey did

not confirm its effect on cobot technology adoption. Specifically, the results did

not indicate a significant impact of relative advantage: (β = 0.008, p = 0.845).

However, this outcome is consistent with the results of one recent work in the cobot

context [23] and two others in the manufacturing field. The lack of a significant

relationship between relative advantage and cobot use can be attributed to sev-

eral contextual factors. First, although relative advantage is widely validated as

a driver of technology adoption in DOI theory, its influence may be less evident

when the technology is still perceived as emerging or unfamiliar. In the case of

Australian manufacturing SMEs, decision-makers may lack sufficient awareness or

exposure to cobots, limiting their ability to evaluate tangible benefits confidently.

Furthermore, with cobot adoption remaining relatively limited in Australia, the ab-

sence of widespread practical use cases or demonstrable performance improvements
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may weaken perceived advantages. Finally, SME-specific characteristics, such as

resource constraints and risk concerns, may limit organisational and environmental

considerations (e.g., cost, skills, external support) over perceived benefits. There-

fore, relative advantage alone appears insufficient to substantially influence cobot

adoption among Australian manufacturing SMEs at this stage.

8.4.2 Compatibility

Compatibility was perceived during the interviews as a relevant factor in cobot

adoption, and this was confirmed by the survey results. Respondents emphasised

the importance of cobot compatibility across multiple levels: alignment with man-

ufacturing goals, organisational vision and culture, and integration with existing

technical systems. The survey results showed a significant and positive influence

(β = 0.299, p = 0.001). This result confirms that when cobot technologies are per-

ceived to align well with existing workflows and systems, decision-makers are more

likely to consider adoption. Alignment with the firm’s values further supports this

decision-making process. For many SMEs, integrating new technologies must not

only be technically feasible but also compatible with operational processes without

requiring major restructuring.

The strong positive effect of compatibility suggests that cobot solutions perceived

as flexible, user-friendly, and customisable are more likely to be favorably received.

Given that SMEs often operate with limited resources and lean structures, high

compatibility reduces both the cost and disruption of implementation. This out-

come is consistent with recent research in the cobot context by [24] and [54], and in

the broader manufacturing context by [58],[59],[92],[94]. However, it contrasts with

the findings of [23], who reported no significant effect for this factor. Nevertheless,

these results confirm that compatibility with existing technology systems remains a

critical consideration for cobot adoption in Australian manufacturing SMEs.

8.4.3 Trialability

Trialability was identified in the interviews as potentially facilitating cobot adop-

tion, with several participants suggesting that piloting new technologies on a small
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scale could lead to broader implementation. However, the survey results did not

support the hypothesised relationship (β = 0.063, p = 0.080). This finding is in-

consistent with previous research in the cobot context by [24] and [54], suggesting

that trialability does not significantly influence cobot adoption among Australian

manufacturing SMEs. The lack of a significant effect for trialability may reflect the

specific innovation practices within Australian manufacturing SMEs. According to

several interviewees, their organisations frequently experiment test new technologies

that could enhance operational performance, suggesting that trialing is already an

embedded practice rather than a distinctive factor influencing adoption decisions.

Furthermore, some respondents indicated that adoption decisions are typically pre-

ceded by thorough evaluation processes, meaning that formal trial periods may not

always be necessary when strategic interest in the technology is strong. In such

cases, the ability to trial becomes less critical to the adoption decision. This con-

text may help explain the findings for cobot adoption in Australian manufacturing

SMEs.

8.4.4 Observability

The interviews revealed mixed views on the role of observability in cobot adop-

tion. While some participants considered it an important factor, others saw little

relevance, making it difficult to predict its overall influence based on qualitative data

alone. However, the survey analysis provided clearer evidence: observability had a

statistically significant and positive effect on cobot adoption (β = 0.152, p = 0.004).

This finding demonstrates that when cobots are more visible in successful imple-

mentations, SME decision-makers are more likely to adopt them. This outcome is

consistent with previous research by [24] and [54], which found that the visibility

of successful implementation processes enhances innovation adoption. For SMEs

with limited internal R&D capabilities, observing tangible outcomes from other

firms reduces uncertainty and builds trust in the technology. Therefore, increasing

the visibility of successful cobot deployments through case studies, demonstrations,

and industry networks could serve as a key policy and industry driver for broader

adoption in Australian manufacturing SMEs.
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8.4.5 Complexity

Although complexity was identified as a barrier by only five interview partic-

ipants, their concerns were consistently focused on technical challenges (e.g., pro-

gramming, system integration) and organisational demands (e.g., training require-

ments, implementation costs). Despite the limited qualitative emphasis, the survey

results revealed that complexity was the strongest negative predictor of cobot adop-

tion (β = −0.519, p = 0.001). This finding aligns with previous research in the

cobot context [54] and broader manufacturing studies [59],[104],[105]. The strong

negative effect indicates that perceived complexity, whether technical (e.g., program-

ming, integration with legacy systems, safety concerns) or organisational (e.g., work-

force training, change management), significantly inhibits adoption among SMEs.

Although cobots are generally considered less complex than traditional industrial

robots, they still present substantial barriers for resource-constrained SMEs facing

long learning curves and potential operational disruptions. This finding suggests

that reducing perceived complexity through simplified integration processes, tai-

lored training programs, and effective change management support may be critical

for promoting cobot adoption in Australian manufacturing SMEs.

8.5 Organisational Context

8.5.1 Top Management Support

Top management support has been empirically confirmed as a key factor in the

adoption of innovation across general manufacturing technologies [59],[91],[92],[97],

and specifically in the context of cobots [23],[36],[54]. The survey findings empha-

sised the relevance of top management support in managing the risks associated

with implementing emerging technologies and ensuring successful adoption. How-

ever, this was not fully confirmed, as the observed effect was weaker compared with

other organisational factors (β = 0.103, p = 0.038). Nevertheless, this result re-

mains plausible in the context of cobot adoption within Australian manufacturing

SMEs. The qualitative results revealed that support from top management was

described by participants as ”crucial” and ”imperative”. Furthermore, it was iden-
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tified as the essential factor within the organisational dimension influencing cobot

adoption in Australian manufacturing SMEs.

8.5.2 Organisational Readiness

Regarding the qualitative results, the outcomes are consistent with previous

studies in the cobot context, which define readiness as the extent to which fund-

ing, resources, and technologies are available. In SMEs, readiness challenges are

often more pronounced due to limited human resources and fewer innovation teams.

Hence, even firms with managerial interest may delay or avoid adoption if readiness

gaps are perceived as too wide to bridge.

The survey results also confirmed this factor (β = 0.283, p = 0.001). These findings

are consistent with prior works on manufacturing technologies (e.g., [59],[97]) and

with recent studies specifically focused on cobots (e.g., [24],[54]).

8.5.3 Workforce Empowerment

In this study, workforce empowerment is considered a distinct factor influencing

the cobot adoption process. In the qualitative interviews, participants recognised

workforce empowerment as a strong influential factor. Several interviewees observed

that when employees are engaged, confident, and given a degree of autonomy in

decision-making, they are more likely to support technological change, particularly

at this time when it is human-centric. Empowered teams were often described as

early adopters of cobot technologies, helping to promote their use across the organ-

isation.

Among all organisational factors in the survey results, workforce empowerment ex-

hibited the strongest effect on cobot adoption intent (β = 0.585, p = 0.001). This

shows the important role employees play in influencing technology adoption within

SMEs. This link appears to be relatively unique to cobot adoption in manufacturing

SMEs, although one study in large-scale manufacturing [20] identified this factor as

one of the most enabling for cobot adoption. In other contexts, such as Industry

4.0, this factor has been identified as one of the most important, and its importance
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has been confirmed [177, 210].

8.6 Environmental Context

8.6.1 Government Support

The qualitative analysis revealed differing views on the importance of govern-

ment support, based on interview insights. Some participants asserted that the

government should primarily focus on supporting development and research pro-

grams aimed at motivating manufacturing SMEs to adopt emerging technologies

and remain competitive globally. Others argued that government support had only

a moderately important influence on adoption, noting that manufacturing SMEs

often rely primarily on their internal resources. A few participants clearly believed

that government support had minimal impact on cobot adoption. These mixed views

are consistent with findings in one study on cobot adoption (e.g. [54]). Furthermore,

it was identified as an important factor by [24]. However, the survey results show

that government support had a significant positive effect on the intention to adopt

cobots in Australian manufacturing SMEs (β = 0.431, p = 0.001). This presents

a novel contribution by empirically validating that, within the Australian context,

supportive government action is not only desirable but also important for facilitat-

ing cobot adoption among SMEs.Similarly, in the broader manufacturing context,

the outcomes found by [92] and [91] show that this factor had a significant effect,

which is consistent with the present study’s findings.

8.6.2 Competitive Pressure

In this study, the qualitative results revealed mixed opinions. Supporters of this

factor, consistent with theoretical expectations, referred to the competitiveness that

cobots may offer, whereas opponents argued that technology adoption in manufac-

turing SMEs follows internally planned technology strategies. One study in the cobot

context found this pressure had no effect [22]. However, the survey results indicated

that this factor is a significant driver of cobot adoption (β = 0.200, p = 0.001).

Similarly, one study in the cobot context [24] identified it as one of the most im-
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portant factors for adoption, and other works in the manufacturing context have

confirmed this [59],[91],[92],[97],[105] This suggests that, although Australian SMEs

may experience competitive pressure, they may not have the necessary resources or

capabilities to respond effectively without external support.

8.7 Human Context

8.7.1 Innovativeness

The outcomes from both the quantitative and qualitative analyses (β = 0.664, p =

0.001) were consistent with these assertions. Interview participants recognised the

strong influence of cobots’ potential to facilitate successful adoption. This finding

aligns with recent quantitative research on cobot adoption (e.g., [36]). Additionally,

the study findings are consistent with earlier work by [106] and [107], who identified

similar dynamics influencing technology adoption within organisational settings.

8.7.2 Project Champion

Within the human dimension of technology adoption, the existence of a project

champion emerges as a context-specific role. The project champion is an individual

who acts as an internal advocate, driving the initiative forward by securing support,

overcoming resistance, and aligning organisational efforts [168].

The findings supported earlier assertions reflected in both quantitative and quali-

tative results. Most interviewees confirmed the strong influence of having a project

champion, emphasising the individual’s key role in actively promoting the adop-

tion process. The survey results further supported the association between project

champion and the intention to adopt cobots in Australian manufacturing SMEs

(β = 0.299, p = 0.001). This finding aligns with the qualitative results and is

consistent with previous research [20],[24].

8.7.3 Employee Capabilities

The qualitative interviews revealed that employee capability emerged as one of

the key human strengths driving cobot adoption, as noted by seven interviewees.
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They acknowledged the importance of investing in employees, developing their ca-

pabilities for the long term, and evaluating the current ones through new programs

and initiatives.

Some studies in other technological contexts, such as mobile marketing and digitali-

sation adoption, identified this factor as an important influence on adoption decisions

(e.g., [211],[212]. Nevertheless, the survey analysis revealed no significant relation-

ship between employee capability and adoption intention (β = 0.058 p = 0.203)

in Australian manufacturing SMEs. This may suggest that while capability is a

concern, it is not currently a critical factor in adoption decisions in Australian man-

ufacturing SMEs. One possible reason is that many SMEs intend to build their skills

only after deciding to adopt cobots, often depending on outside suppliers or gov-

ernment training programs. Another explanation could be that most respondents

rated their capabilities as similarly low, which reduces their usefulness in explaining

differences.

8.8 Adoption Barriers

8.8.1 Lack of Technological Knowledge

In this study, the interview analysis revealed that participants were primarily

referring to a lack of knowledge about the technology itself, including how cobots

work, how they can be integrated, and the skills required for effective use. Most

participants (9 out of 10) identified this as a serious issue in manufacturing SMEs.

Consequently, the barrier was renamed ‘lack of technological knowledge’ to better

reflect its intended meaning. The survey data analysis showed a strongly negative

path coefficient (β = −0.907, p = 0.001), indicating that when decision-makers

perceive their organisations as lacking the necessary technical knowledge or digital

maturity, the likelihood of adopting cobots significantly decreases. This finding

aligns with the cobot contex, as highlighted in previous studies [15],[25],[26],[46]

which emphasise that limited technological knowledge is a major barrier to adoption.
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8.8.2 Regulatory Uncertainty

Uncertainty regarding regulation emerged as another distinctive barrier to cobot

adoption in Australian manufacturing SMEs. The interview findings indicated that

this lack of clarity was perceived as an obstacle to adoption. This suggests that,

even when the technology is accessible, unclear regulatory frameworks can delay

decision making. Clearer guidance from regulatory bodies and industry organision

may alleviate uncertainty and encourage more confident implementation of cobots

in the Australian manufacturing SME sector. However, this factor had no effect

in the quantitative phase (β = −0.018 p = 0.641). These findings suggest that,

although unclear regulations around cobot deployment are perceived as a challenge,

they may not currently be a key factor influencing adoption intent. At this stage,

decision-makers are more likely to focus on internal readiness, such as workforce

empowerment, or on external enablers, such as government support and technolog-

ical knowledge, rather than on regulatory frameworks. Regulatory uncertainty may

become more relevant during later phases of adoption, particularly during integra-

tion or scaling. This outcome is consistent with one work on blockchain adoption

(e.g.,[183]).

8.9 Summary

Chapter 8 presents a critical discussion of the study’s findings to existing liter-

ature on cobot adoption and within the broader context of manufacturing. Of the

fifteen hypothesised relationships, eleven were confirmed by the study’s findings,

indicating that the HCRAM has explanatory capability. In several confirmed re-

spects, the hypotheses were consistent with the literature on cobot adoption and the

broader manufacturing context. The unsupported hypotheses may be attributable

to the specific study context. Furthermore, three relationships, empowerment, em-

ployee capability, and regulatory uncertainty, warrant further investigation in future

research. Chapter 9 concludes the thesis and outlines the key implications of this

work.
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Chapter 9

Conclusion and Future Work

9.1 Overview

Chapter 9 presents the conclusion of this thesis and outlines directions for future

research. Section 9.2 summarises the problems addressed in this study, while the

research contributions are discussed in Section 9.3. The limitations of the study and

directions for future research are presented in Section 9.4.

9.2 Problems Addressed in This Thesis

This study aims to address key gaps identified in Chapter 2 concerning cobots

adoption in manufacturing SMEs, as outlined below.

• Existing studies on cobot adoption primarily focus on large manufacturing

firms and, in some instances, do not specify firm size. This highlights a gap in

the literature regarding the unique adoption factors, challenges, and decision-

making processes relevant to the SME context.

• While prior research has identified several factors influencing cobot adoption,

the current literature provides only a limited understanding of their combined

effects. In particular, there is a lack of comprehensive frameworks that inte-

grate both enabling factors and barriers within a single holistic model, espe-

cially in the context of manufacturing SMEs.

• Although only two studies have proposed theoretical frameworks for cobot

adoption in manufacturing SMEs, these models show limitations in effectively

integrating human factors and barriers with technological, organisational, and

external dimensions to provide a comprehensive understanding of the adoption

process.
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• Of the 14 empirical works on cobot adoption in manufacturing SMEs identified

in the systematic literature review, only two employed qualitative approaches

and two adopted quantitative designs. These studies also exhibit limitations,

including small sample sizes and a predominant focus on managerial perspec-

tives, with limited input from technology experts despite their important role

in adoption decisions.

• Finally, there is no existing research that specifically investigates cobot adop-

tion in Oceania, particularly within Australian manufacturing SMEs. Given

Australia’s distinctive industrial structure, high labour costs, and persistent

skill shortages, exploring this context warrants focused investigation. As global

interest in cobots continues to grow, especially in countries such as Germany,

France, and Portugal, this study provides an initial roadmap for decision-

makers in the Australian manufacturing sector.

9.3 Implications and Contributions

Building on the gaps identified in this thesis, the implications and contributions

are outlined below.

9.3.1 Practical Implications

• This study provides initial insights into cobot adoption within Australian man-

ufacturing SMEs. While growing interest in cobot technology reflects its po-

tential benefits, it is also accompanied by uncertainty regarding practical appli-

cations in SME contexts. A comprehensive understanding of cobot adoption is

therefore essential for manufacturing decision-makers seeking to pursue adop-

tion in a strategic and informed manner. The adoption framework developed

and tested in this research offers a valuable starting point to support such

decision-making.

• This research introduces the first empirically tested, practice-oriented model

of cobot adoption in Australian manufacturing SMEs, termed the Holistic

Collaborative Robot Adoption Model (HCRAM). To the author’s knowledge,
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this study represents the first effort to examine the integrated effects of hu-

man, organisational, technological, environmental, and barrier-related factors

on cobot adoption within this context. The model can serve as a practi-

cal guide for manufacturing SMEs and potentially the broader manufacturing

sector in determining how and when to undertake cobot adoption.

• The proposed HCRAM systematically organises the key factors influencing

adoption in Australian manufacturing SMEs into distinct dimensions. This

structure enables decision-makers to assess the influence of each dimension

and associated variables, both prior to adoption decisions and throughout the

implementation process.

• Failure to achieve statistical significance for certain factors does not necessarily

imply an absence of influence. Some factors may still affect cobot adoption;

however, their role may be less evident during the early stages of the adoption

process.

• Although HCRAM was originally developed in the context of cobot appli-

cations in assembly processes, the the framework can be adapted to assess

both internal and external effects on cobot adoption. This flexibility allows

decision-makers to identify and prioritise critical factors, thereby supporting

more targeted and effective adoption strategies.

9.3.2 Theoretical Implications

• The outcomes of this research confirm the applicability of the Science De-

sign approach for modelling cobot adoption within Australian manufacturing

SMEs.

• The results validate the DOI-TOE framework as a viable tool for investigat-

ing cobot adoption in Australian manufacturing SMEs, with the majority of

hypotheses aligning with established findings. This supports the theoretical

applicability of TOE and DOI when extended to a novel context, namely Aus-

tralian manufacturing SMEs.
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• The study further confirmed the adaptability of the DOI-TOE framework by

extending it to incorporate contextual features. This extension demonstrates

the framework’s flexibility and contributed to its theoretical refinement by

highlighting the importance of factors that have previously been overlooked in

adoption studies.

• By validating an instrument to investigate cobot adoption, the research con-

tributes methodological tools capable of capturing both combined and dimension-

specific effects in Australian manufacturing SMEs.

9.4 Limitations and Future work

As with any empirical investigation, this study has several limitations that should

be considered when interpreting its findings.

• The study is limited to the Australian context.

• It focuses exclusively on manufacturing SMEs.

• As cobot adoption in Australian manufacturing SMEs remains at an early

stage, some participants may not have had comprehensive knowledge of the

technology, which could have affected the accuracy of their responses.

• The research adopts a cross-sectional design, which limits the ability to capture

changes in adoption behaviour over time.

For future research, this study several areas that need further investigation.

• Future studies could expand adoption models by placing greater emphasis on

human (individual) factors. Variables such as trust in technology, perceived

job security, and skill adaptability require further investigation.

• Contrary to expectations, relative advantage did not demonstrate a significant

positive effect on cobot adoption. This suggests that in the early stages of dif-

fusion, decision-makers may prioritise perceived benefits over other attributes,

a pattern that warrants further empirical investigation.
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• Future research could benefit from developing and testing alternative concep-

tual models informed by the perspectives of technology experts and industry

practitioners. Expert-driven frameworks may help refine factor specifications,

improve model accuracy, and enhance the applicability of adoption models

across different organisational contexts.

• Applying longitudinal research designs would allow future studies to capture

changes in adoption behaviour over time and provide deeper insights into the

dynamics of cobot adoption.
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of business intelligence system adoption stages: An empirical study of smes,”

Industrial Management & Data Systems, vol. 118, no. 1, pp. 236–261, 2018.

[182] Y. Zhong and H. C. Moon, “Investigating the impact of industry 4.0

technology through a toe-based innovation model,” Systems, vol. 11, no. 6, p.

277, 2023.

[183] M. Dehghani, R. W. Kennedy, A. Mashatan, A. Rese, and D. Karavidas,

“High interest, low adoption: A mixed-method investigation into the factors

influencing organisational adoption of blockchain technology,” Journal of

Business Research, vol. 149, pp. 393–411, 2022.

[184] I. R. Senarathna, “Cloud computing adoption by smes in australia,” Ph.D.

dissertation, Deakin University, Australia, 2016.

[185] A. Hailu, “Factors influencing cloud-computing technology adoption in

developing countries,” Ph.D. dissertation, ProQuest Dissertations & Theses,

2012.

[186] O. J. Opala, “An analysis of security, cost-effectiveness, and it compliance

factors influencing cloud adoption by it managers,” Ph.D. dissertation,

ProQuest Dissertations & Theses, 2012.

249



[187] V. W. Ross, “Factors influencing the adoption of cloud computing by

decision-making managers,” Ph.D. dissertation, ProQuest Dissertations &

Theses, 2010.

[188] A. Tweel, “Examining the relationship between technological, organizational,

and environmental factors and cloud computing adoption,” Ph.D.

dissertation, ProQuest Dissertations & Theses, 2012.

[189] B. Holtom, Y. Baruch, H. Aguinis, and G. A. Ballinger, “Survey response

rates: trends and a validity assessment framework,” Human Relations,

vol. 75, no. 8, pp. 1560–1584, 2022.

[190] R. Y. Cavana, U. Sekaran, and B. L. Delahaye, Applied business research:

qualitative and quantitative methods. Milton, Qld: John Wiley & Sons

Australia, 2001.

[191] D. G. Altman and J. M. Bland, “Standard deviations and standard errors,”

BMJ, vol. 331, no. 7521, p. 903, 2005.

[192] R. A. Johnson and D. W. Wichern, Applied multivariate statistical analysis,

6th ed. Upper Saddle River: Pearson Prentice Hall, 2007.

[193] J. F. Hair, G. T. M. Hult, C. M. Ringle, and M. Sarstedt, A primer on

partial least squares structural equation modeling (PLS-SEM), 2nd ed.

Thousand Oaks, CA: SAGE Publications Inc., 2017.

[194] D. George and P. Mallery, SPSS for Windows step by step: a simple guide

and reference, 10th ed. Boston: Pearson, 2010.

[195] B. M. Byrne, Structural equation modeling with Amos: basic concepts,

applications, and programming, 2nd ed. New York: Taylor and Francis,

2010.

[196] T. A. Brown, Confirmatory factor analysis for applied research. New York:

The Guilford Press, 2006.

250



[197] J. F. Hair, W. C. Black, B. J. Babin, and R. E. Anderson, Multivariate data

analysis, 7th ed. Upper Saddle River, NJ: Pearson, 2010.

[198] W. E. Martin and K. D. Bridgmon, Quantitative and statistical research

methods: From hypothesis to results. Hoboken, NJ: John Wiley & Sons,

2012.

[199] B. G. Tabachnik and L. S. Fidell, Using multivariate statistics, 7th ed.

Westlake Village: Pearson, 2018.

[200] P. J. Rousseeuw and A. M. Leroy, Robust regression and outlier detection.

Wiley, 2003.

[201] L. R. Fabrigar and D. T. Wegener, Understanding statistics: exploratory

factor analysis. New York: Oxford University Press, 2012.

[202] K. F. Widaman, “Exploratory factor analysis and confirmatory factor

analysis,” in APA handbook of research methods in psychology. Washington,

DC: American Psychological Association, 2012, vol. 3, pp. 361–389.

[203] R. L. Worthington and T. A. Whittaker, “Scale development research: A

content analysis and recommendations for best practices,” The Counseling

Psychologist, vol. 34, no. 6, pp. 806–838, 2006.

[204] P. Cabrera-Nguyen, “Author guidelines for reporting scale development and

validation results in the journal of the society for social work and research,”

Journal of the Society for Social Work and Research, vol. 1, no. 2, pp.

99–103, 2010.

[205] H. Taherdoost, S. Sahibuddin, and N. Jalaliyoon, “Exploratory factor

analysis; concepts and theory,” in Advances in Applied and Pure

Mathematics, ser. Mathematics and Computers in Science and Engineering

Series. WSEAS, 2014, vol. 27, pp. 375–382.

[206] J. W. Osborne, “Best practices in exploratory factor analysis,” in Best

practices in quantitative methods. Thousand Oaks, CA: SAGE Publications,

251



Inc, 2008, pp. 86–99.

[207] C. G. Ding and C.-K. Shen, “Perceived organizational support, participation

in decision making, and perceived insider status for contract workers: A case

study,” Management Decision, vol. 55, no. 2, pp. 413–426, 2017.

[208] T. M. Osberg, “The convergent and discriminant validity of the need for

cognition scale,” Journal of Personality Assessment, vol. 51, no. 3, pp.

441–450, 1987.

[209] J. Pallant, SPSS survival manual: A step by step guide to data analysis using

the SPSS program, 4th ed. New York: McGraw-Hill, 2010.

[210] A. B. L. de Sousa Jabbour, C. J. C. Jabbour, C. Foropon, and M. G. Filho,

“When titans meet – can industry 4.0 revolutionise the

environmentally-sustainable manufacturing wave? the role of critical success

factors,” Technological Forecasting & Social Change, vol. 132, pp. 18–25,

2018.

[211] D. K. Maduku, M. Mpinganjira, and H. Duh, “Understanding mobile

marketing adoption intention by south african smes: A multi-perspective

framework,” International Journal of Information Management, vol. 36,

no. 5, pp. 711–723, 2016.

[212] M. P. Low, C. S. Seah, T.-H. Cham, and S. H. Teoh, “Digitalization adoption

for digital economy: An examination of malaysian small medium-sized

enterprises through the technology–organization–environment framework,”

Business Process Management Journal, vol. 28, no. 7, pp. 1473–1494, 2022.

252



Appendices

Appendix A: Phase 1 (Qualitative Research): Interview Ques-

tions

254



255



Appendix B: Phase 1 (Qualitative Research): Information

Sheet and Consent Form for Participants

256



257



258



Appendix C: Phase 2 (Quantitative Research): Information

Sheet and Consent Form for Participants

259



260



261



Appendix D: Phase 2 (Quantitative Research): Online Ques-

tionnaire

262



263



264



265



266



267



268



269



270



271



272



273



274



Appendix E: Descriptive Statistics

275



276



Appendix F: Normality Tests For the Scale Items (Skewness

and Kurtosis)

277



278



Appendix G: Z-score Results For the Scale Items

279



280


	Certificate
	Abstract
	Acknowledgements
	List of Publications
	Abbreviations
	List of Figures
	List of Tables

	Introduction
	Overview
	Research Background
	Thesis scope
	Significance of the Thesis
	Theoretical Contributions
	Practical Contributions

	Thesis Layout

	A Systematic Literature Review
	Overview
	Systematic Literature Review Protocol
	Searching the Literature
	Applying Inclusion and Inclusion Criteria
	Applying Quality Assessment to the Shortlisted Papers
	Data Extraction and Synthesis Process

	Results and Discussion of the Shortlisted Papers
	Evidence of Collaborative Robot Adoption in Manufacturing
	Cobots Adoption in Manufacturing: Reasons 
	Barriers
	Factors Influencing Adoption
	Theory/Model/and Framework in Cobot Adoption 

	Gaps in the Literature
	Limitations of this SLR
	Summary

	Problem Definition
	Overview
	Key Terms and Concepts
	Research Questions
	Research Objectives
	Conclusion

	Methodology and Solution Overview
	Overview
	Main Definitions
	Overview of the Solution
	Approach to the Proposed Solution
	Theoretical Framework Selection
	The Enhanced Framework (DOI-TOE): Selection and Justification
	Overview of Solutions to Research Sub-questions

	Research Methodology for Testing and Evaluating the Solution
	Methodology Selection
	Selection of Research Strategy
	Selection of Research Time Horizon
	Research Methods

	Phase 1: Qualitative Research
	Qualitative Data Collection and Analysis

	Phase 2: Quantitative Research
	Quantitative Data Collection and Analysis

	Ethical Considerations
	Summary


	A Holistic Collaborative Robot Adoption Model (HCRAM) for Australian Manufacturing SMEs
	Overview
	HCRAM Model and Hypotheses Development
	Hypotheses in the Technology Context (Hypothesis 1)
	Hypotheses in the Organisational Context (Hypothesis 2)
	Hypotheses in the Environmental Context (Hypothesis 3)
	Hypotheses in the Human Context (Hypothesis 4)
	Hypotheses for Adoption Barriers (Hypothesis 5)

	Summary

	Phase 1: Qualitative Research
	Overview
	The Interview Participants
	Interview Data Analysis and Findings
	Experts' Views on Promising Collaborative Robot Applications
	Experts' Views on the Factors Influencing Collaborative Robot Adoption in Australian Manufacturing SMEs

	Refined HCRAM Conceptual Model
	Summary

	Phase 2: Quantitative Research
	Overview
	Final Questionnaire
	Descriptive Analysis
	Educational Level
	Job Position
	Organisation Location
	Organisation Size
	Knowledge of Collaborative Robots

	Data Preparation for Analysis
	Data Screening

	Reliability and Validity of the Survey
	Reliability and Validity: Technology Dimension
	Reliability and Validity: Organisational Dimension
	Reliability and Validity: Environmental Dimension
	Reliability and Validity: Human Dimension
	Reliability and Validity: Adoption Barriers
	Collaborative Robot Adoption

	Evaluation of the Structural Model
	Multicollinearity
	Hypothesis Testing: Technology Dimension
	Hypothesis Testing: Organisational Dimension
	Hypothesis Testing: Environmental Dimension
	Hypothesis Testing: Human Dimension
	Hypothesis Testing: Adoption Barriers

	Summary

	Discussion
	Overview
	Addressing the Study Questions and Objectives
	Mixed-Methods Results: Comparison and Integration
	Technological Context
	Relative Advantage
	Compatibility
	Trialability
	Observability
	Complexity

	Organisational Context
	Top Management Support
	Organisational Readiness
	Workforce Empowerment

	Environmental Context
	Government Support
	Competitive Pressure

	Human Context
	Innovativeness
	Project Champion
	Employee Capabilities

	Adoption Barriers
	Lack of Technological Knowledge
	Regulatory Uncertainty

	Summary

	Conclusion and Future Work
	Overview
	Problems Addressed in This Thesis
	Implications and Contributions
	Practical Implications
	Theoretical Implications

	Limitations and Future work

	Bibliography
	Appendices



