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Abstract  
 

Digital maturity in healthcare reflects an organisation’s capacity to effectively leverage technology, 

transform operational processes, and generate value through innovative digital solutions. As 

healthcare systems increasingly integrate digital technologies, there is a growing need for robust 

evaluation methodologies that assess not only clinical efficacy and economic impact but also align-

ment with stakeholder values. This thesis investigates how value is attributed to digital health tech-

nologies, with a particular focus on artificial intelligence (AI) in oncology. The traditional economic 

evaluation frameworks often fall short in capturing the dynamic, user-centred, and system-wide 

impacts of digital innovations. To explore these limitations, a scoping review of economic evalua-

tions of AI in oncology was conducted. The review identified key challenges, including the rapidly 

evolving nature of AI, an overreliance on accuracy metrics rather than clinical effectiveness, and 

insufficient consideration of implementation and equity. A critical gap emerged: the need for value 

assessments that incorporate stakeholder perspectives, particularly within the Australian 

healthcare context. 

 

To address this gap, the thesis employs discrete choice experiments (DCEs) to elicit stakeholder 

preferences beyond conventional clinical and economic metrics. Two empirical studies were con-

ducted in the context of radiation oncology. The first, involving healthcare professionals, revealed 

strong preferences for AI systems that enhance accuracy and efficiency, with a preference for as-

sistive over fully autonomous systems, especially those offering basic decision explanations. The 

second study, involving patients and the general public, confirmed the importance of accuracy but 

also highlighted the value placed on timely care and clinician involvement in AI-supported treat-

ment. These findings underscore the importance of aligning AI development with user values such 

as autonomy, explainability, and equity. 

 

The final empirical study focuses on the Australian National Digital Health Strategy (NDHS), se-

lected for its policy relevance and alignment with national digital health priorities. Using a Best-

Worst Scaling (BWS) approach, the study assessed stakeholder priorities across NDHS initiatives. 

Results showed that cybersecurity and access to healthcare information were most valued, while 

emerging technologies like AI were ranked lower. These insights provide actionable guidance for 

prioritising digital health initiatives that are sustainable, inclusive, and person-centred. 

This thesis contributes to the evolving discourse on digital health value assessment by highlighting 

the limitations of traditional economic evaluation frameworks in capturing the multifaceted 
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impacts of digital technologies. It demonstrates the utility of stated-preference methods, such as 

DCEs and BWS, in assessing the value of digital health innovations.  

 

The empirical findings provide evidence on stakeholder preferences for AI in oncology and national 

digital health priorities in Australia, offering practical recommendations for aligning digital health 

strategies with user values. By integrating stakeholder perspectives into value assessments, this 

research supports more responsible, effective, and equitable implementation of digital health 

technologies in healthcare systems. 

 

 

Funding 

This research was supported by the Digital Health Cooperative Research Centre (DHCRC). The views 
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Chapter 1:  Introduction 

Healthcare systems globally are under increasing pressure due to population ageing, environmen-

tal changes, and the growing burden of chronic and infectious diseases. In response, digital health 

technologies are emerging as promising tools to improve access to care, enhance patient monitor-

ing, and support more efficient and responsive public health systems. However, despite their po-

tential, the evaluation and adoption of digital health technologies remain challenging. This is due 

in part to their rapid evolution, and the complexity arising from their multidimensional nature in-

cluding technological, organisational, and user-level readiness. 

 

The overarching aim of this PhD research is to investigate how to define and value digital health 

maturity, and to explore approaches for evaluating the health economic impact of adopting digital 

health technologies. While digital health maturity is often measured through technical infrastruc-

ture and interoperability, a truly mature system is one that successfully translates these capabilities 

into realised value for its users. Digital maturity extends beyond systems readiness, including infra-

structure and organisational capability, to demonstrated utility for the consumers. Stated prefer-

ence methods are therefore essential to this aim, as they provide the empirical framework to quan-

tify what users value most, by allowing maturity to be defined not just by what a system can do, 

but by the extent to which it meets the prioritised needs and preferences of stakeholders. 

 

The research takes a case study approach to generate context-specific insights into how digital 

health value is perceived and measured in practice. Three empirical studies were conducted using 

stated preference (SP) methods to elicit stakeholder preferences, including best-worst scaling 

(BWS) and discrete choice experiments (DCEs). These methods provide a structured way to capture 

how different groups, including healthcare providers, patients, and policymakers, assess the value 

of digital innovations.  

 

Two key case studies are examined: the application of artificial intelligence (AI) in radiation oncol-

ogy, and the implementation of the Australian National Digital Health Strategy (NDHS). These cases 

were selected not only for their strategic importance in enhancing digital maturity, but also for 

their relevance across domains such as governance, interoperability, and workforce capability.  

 

Recent advancements in AI technologies have shown significant potential in oncology, where ac-

curate, timely, and detailed interpretation of medical images is critical throughout the cancer care 

continuum, from early detection to treatment planning and monitoring (Mun and Dieterich 2023). 
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Adoption of AI in radiation therapy provides a particularly valuable perspective through which to 

study digital health adoption. It has the potential to improve accuracy, efficiency, and consistency 

in image interpretation and clinical decision-making, which are the key factors in enhancing the 

quality and accessibility of cancer treatment (Khalifa and Albadawy 2024).  

 

Yet, implementation of AI faces barriers related to funding, clinical workflows, infrastructure, and 

stakeholder trust. These challenges reflect broader systemic factors that influence implementation 

of digital health technologies, such as the availability of technical infrastructure, sustainable fund-

ing, and skilled personnel, all of which are shaped by the level of digital health maturity within a 

given setting (Mennella et al. 2024). Digital health maturity reflects how well-equipped a 

healthcare system is to adopt and integrate digital innovations, and higher levels of maturity are 

associated with greater capacity to support the effective deployment of AI in clinical practice 

(Holmström 2022).  

 

Due to the evolving nature of AI systems, it is important to gain a deeper understanding of the 

perceptions and needs of stakeholders affected by these systems, including healthcare providers, 

patients, and caregivers. The first two empirical studies (Chapters 5 and 6) explore preferences 

related to AI adoption in radiation therapy, identifying what attributes are most valued by patients 

and providers. The third study (Chapter 7) focuses on the NDHS, assessing preferences for a range 

of digital health initiatives and offering a broader perspective on how national strategies can sup-

port digital health maturity (ADHA 2023a). The case study approach adopted in this thesis allows 

the generation of both specific and generalisable insights. The findings provide important context 

for critical considerations relevant to the development, implementation, and evaluation of digital 

health technologies (DHTs).  

 

This chapter introduces the key concepts of digital health and digital health maturity, exploring 

their definitions, significance, and methods of measurement. It establishes the context for the case 

studies and empirical investigations that follow. Chapters 2 and 3 present a critical review of exist-

ing evaluation frameworks, highlighting their limitations in capturing the multidimensional value 

of digital health innovations and the need for more comprehensive and adaptive methodologies. 

Chapter 4 outlines the theoretical foundations for the SP methods employed in this thesis, which 

are then applied in the empirical analyses presented in Chapters 5 through Chapter 7. Finally, Chap-

ter 8 discusses the key findings and their implications for future research and policy. 
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Digital health technology  
 

The term digital health was first introduced by Seth Frank in 2000 and primarily referred to inter-

net-based applications and media aimed at enhancing medical content, commerce, and connectiv-

ity (Frank 2000).  

 

The World Health Organisation (WHO) defines digital health as “the systematic application of in-

formation and communications technologies, computer science, and data to support informed de-

cision-making by individuals, the health workforce, and health systems, to strengthen resilience to 

disease and improve health and wellness ” (World Health Organizajon (WHO) 2020).  

 

The European Commission describes digital health as “tools and services that use information and 

communication technologies (ICTs) to improve prevention, diagnosis, treatment, monitoring and 

management of health-related issues and to monitor and manage lifestyle-habits that impact 

health” (European Commission 2023). 

 

The Food and Drug Administration (FDA) in the USA defines digital health as the “wide range of 

technologies including mobile health (mHealth), health information technology (IT), wearable de-

vices, telehealth and telemedicine, and personalised medicine, clinical decision support systems, 

AI and machine learning, that have the vast potential to improve our ability to accurately diagnose 

and treat disease and to enhance the delivery of health care for the individual” (FDA 2020).  

 

The Australian Department of Health, Disability and Ageing defines digital health as “the use of 

technology to improve the healthcare system for both patients and providers. This includes tele-

health, electronic patient records, electronic prescriptions, healthcare identifiers, electronic refer-

rals, electronic medication charts, and access to trusted data” (Australian Government Department 

of Health 2021). 

 

While the core concept of utilising digital technologies in healthcare remains consistent across 

these definitions, they vary in terms of the level of detail, inclusion of specific technologies, or the 

focus on certain aspects of digital health such as perceived benefits, emphasis on specific digital 

technologies or perspectives of different stakeholders.  
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Digital health technologies hold significant promise in addressing critical challenges faced by mod-

ern healthcare systems, particularly in improving the quality, efficiency, and accessibility of 

care. This rapidly evolving field is inherently multidisciplinary, integrating innovations from ge-

nomics, mobile health applications, electronic prescribing, electronic health records, and wearable 

devices (Mathews et al. 2019). Advancements in complementary domains such as AI, big data an-

alytics, and genomics have further accelerated the impact of digital health (Genjli et al. 2022).  

 

Among these, AI stands out as one of the most transformative and rapidly advancing technologies 

in digital health. It is increasingly used to enhance clinical decision-making, automate administra-

tive tasks, and derive insights from large-scale health data. A variety of AI technologies, such as 

machine learning (ML), deep learning (DL), and natural language processing (NLP), are increasingly 

being applied in predictive analytics, diagnostics, and personalised medicine (Alowais et al. 2023). 

Practical applications include AI-powered medical scribing tools that reduce documentation bur-

dens (AHPRA 2025), as well as systems for interpreting medical images, detecting disease patterns, 

and supporting clinical decisions (Alowais et al. 2023; Davenport and Kalakota 2019; 2019).  

 

Successful implementation of DHTs, such as AI, in clinical settings depends on robust digital infra-

structure, standardised data practices, and mature health information systems capable of captur-

ing, sharing, and utilising clinical data at scale. Adoption of AI-technologies in healthcare illustrate 

the broader challenges of integrating digital health tools, highlighting that the barriers are not only 

technical but also structural and systemic. In this context, assessing digital health system maturity 

becomes essential, helping to identify strengths and gaps, and guiding strategic investments to-

ward more integrated, efficient, and responsive digital healthcare environments. Given the recent 

transformative advancements in AI technologies, and the distinct challenges associated with its use 

in healthcare, the application of AI in this sector was chosen as the focus for developing two em-

pirical studies (Chapters 5 and 6). These studies demonstrate the value of adopting AI technologies 

in healthcare settings.  

 

The next section of this thesis examines digital health maturity frameworks, which provide struc-

tured tools to assess how effectively health systems, organisations, or services use digital technol-

ogies in care delivery. These frameworks support evaluation of digital capabilities, identify areas 

for improvement, and enable benchmarking based on outcomes such as efficiency, clinical perfor-

mance, and user satisfaction. 
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Digital health maturity assessment  
 

Digital transformation in healthcare depends not only on the adoption of emerging technologies, 

such as AI, but also on the health system’s ability to integrate these tools into everyday practice in 

a meaningful and sustained way. This requires more than isolated technological upgrades. It re-

quires a clear understanding of existing digital capabilities and a structured approach to measuring 

and improving them over time (Stoumpos et al. 2023). This is where digital health maturity be-

comes critical. Defined as the extent to which digital systems are used to support high-quality care, 

digital maturity provides a framework for assessing how well an organisation is positioned to 

achieve digital transformation (Duncan et al. 2022; Snowdon et al. 2024). It reflects a combination 

of technological infrastructure, workforce skills, digital literacy, and organisational readiness (Mar-

jn et al. 2019). Importantly, digital maturity is shaped by and contributes to the broader digital 

ecosystem, which connects data sources, applications, and technologies across the health sector 

(Iyawa et al. 2016). A mature digital environment allows this ecosystem to function cohesively, 

enabling health services to innovate, scale, and continuously improve (Stoumpos et al. 2023). 

 

Foundational digital infrastructure is essential for the successful implementation and uptake of 

digital health initiatives across healthcare systems and settings. The importance of digital infra-

structure was highlighted during the COVID-19 pandemic, when DHTs were rapidly deployed for 

contact tracing, public health communication, and quarantine management (Labrique 2025). While 

this rapid rollout demonstrated the potential of digital solutions in crisis response, it also revealed 

critical gaps in evaluation frameworks and infrastructure readiness. These gaps may also impact on 

the successful integration of more complex technologies, such as AI in healthcare, which depends 

on robust digital infrastructure, standardised data governance practices, and mature health infor-

mation systems. Addressing these foundational requirements is important not only for the imme-

diate adoption of DHTs but also for their integration into routine healthcare delivery.  

 

Identifying and addressing infrastructure gaps is therefore a strategic priority. Ensuring digital 

health solutions are fit for purpose and effectively adopted requires strong governance frame-

works to guide technical development, alongside engagement from stakeholders, including tech-

nology vendors, healthcare providers, patients, and policymakers. In this context, structured as-

sessments of digital health maturity provide a comprehensive understanding of existing capabili-

ties, gaps, and priority areas., which can be used to inform strategic planning and policy develop-

ment (Koutsoukis 2025).  
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Digital health maturity assessment models serve as tools for advancing technological capabilities 

within healthcare organisations. By providing structured frameworks to assess organisational read-

iness, these models inform both the development and evaluation of comprehensive digital health 

strategies throughout their implementation lifecycle (Woods et al. 2022). They enable healthcare 

organisations to benchmark capabilities, identify improvement opportunities, and strategically 

plan digital transformation initiatives that align with broader organisational objectives.  

 

The digital health maturity models can be divided into three categories (Fraser et al. 2002):  

 

• The Capability Maturity Models (CMM)  

• Hybrid-like and Likert-scale like questionnaires  

• Maturity grids  

 

Capability Maturity Models are a methodology used to develop and refine an organisation’s soft-

ware development process as an evolutionary path of increasingly organised and systematically 

more mature processes. The CMM group of models are structured according to a formal architec-

ture where each process area is organised by common features that specify a number of key prac-

tices to address a series of goals. These models adhere to a standardised format and are frequently 

employed for the purpose of certification (van Dyk and Cornelius 2013).  

 

The Likert-like questionnaires represent a simple form of maturity assessment, in which the re-

spondent is asked to score the relative performance of the organisation on a multi-point scale. The 

focus of Likert-like questionnaires is to provide indication of good practice rather than an overall 

assessment of maturity (Fraser et al. 2002).  

 

The maturity grid is typically used for self-assessment purposes and as a part of framework for 

improvement. However, unlike Likert-like questionnaires, maturity grids contain text descriptions 

for each activity at each maturity level, for each of several aspects of the area under study. It is a 

matrix that shows different stages of an organisation’s progress towards digital health maturity 

(van Dyk and Cornelius 2013). The following paragraphs provide examples of models used to assess 

the digital maturity of healthcare organisations along with a discussion of their limitations.  
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Healthcare Information and Management Systems Society (HIMSS) 

HIMSS has developed a set of maturity models that provide a framework for assessing and advanc-

ing the process of digital maturity within healthcare organisations. The HIMSS maturity models are 

examples of maturity grids (van Dyk and Cornelius 2013; Cresswell et al. 2019). HIMSS digital health 

indicator (DHI) measures progress towards a digital health ecosystem (i.e., a system that connects 

clinicians and health providers with patients, enabling them to manage their health and wellbeing 

through the use of digital tools in a secure and private environment). It consists of four dimensions 

that aim at advancing organisations digital health transformation (Table 1.1).  

 
Table 1.1: Digital health indicator  

Dimension  Description  
Interoperability:  
(i.e. foundational, struc-
tural, organisational 
and semantic) 

The ability of different information systems, devices, and applications to access, exchange, 
integrate and cooperatively use data in a coordinated manner, within and across organisa-
tional, regional and national boundaries, to provide timely and seamless portability of infor-
mation and optimise the health of individuals and populations globally 

Person-Enabled Health Health system ability to meet and deliver on the individual's needs, values, and personal-
ised health goals. Measures of person-enabled care include the level of personalisation of 
care, proactive risk management and ability to apply predictive systems informed by robust 
data analytics and digital health technology infrastructure 

Predictive analytics The transformation of data into knowledge and use of real-world insights to inform decision 
making. This may include tracking and tracing of data to identify risks for potential harm or 
poor outcomes, use of personalised data tailored to individual health and wellness (e.g., 
genomic, biometric data) and operational analytics that mobilise data to track health sys-
tem performance outcomes (e.g., supply chain, financial and adverse events) 

Governance and work-
force 

The strategic leadership and oversight of digital health systems that ensures the policy and 
regulatory environment of health systems ensures privacy, security, stewardship and ac-
countability. 

Source: HIMSS (2025) 
 

The DHI assessment is based on an online survey completed by healthcare organisations and their 

representatives (e.g. hospitals, and hospital executives) by self-assessing their performance against 

each indicator using a 5-point Likert scale (HIMSS 2023). To calculate a comprehensive score for 

the four dimensions of digital health, the HIMSS proprietary scoring methodology is used to gen-

erate a score out of 400, each of the four dimensions of the DHI account for 100 points (HIMSS 

2025) (HIMSS 2025). The indicator responses reflect the percentage of programs or clinical services 

that have a achieved each digital indicator or outcome within an organisation or across a health 

system (Table 1.2).  
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Table 1.2: Digital health indicator scoring scale 
Score  Result  Definition 
0% Not Enabled The capabilities referenced in the indicator statements are not typically or are 

only rarely available 
1-25% Minimally Enabled The capabilities referenced in the indicator statements are available in a limited 

manner 
26-49% Somewhat Enabled 

 
The capabilities referenced in the indicator statements are available roughly half 
the time; 

50-94% Mostly Enabled The capabilities referenced in the indicator statements are generally available 
most of the time 

95-100% Fully Enabled 
 

The capabilities referenced in the indicator statements are almost always or al-
ways available 

Source: HIMSS (2025) 
 
In addition to DHI, HIMSS developed seven maturity models for assessment of healthcare organi-

sation digital maturity focusing on specific domains of healthcare (Table 1.3). These models provide 

prescriptive frameworks for healthcare organisations to build their digital health ecosystems within 

a specified area.  

 

Table 1.3: HIMSS models of assessment of digital health maturity  
EMRAM The Electronic Medical Record Adoption Model is a roadmap for assessing and advancing the 

adoption and utilisation of EMRs (Reddy et al. 2023) 
AMAM  The Analytic Maturity Assessment Model focuses on driving the clinical, operational, and fi-

nancial analytics efforts to align with and support organisational strategy (HIMSS 2023) 
C-COMM The Community Care Outcomes Maturity Model assesses digital maturity in non-acute facili-

ties to guide and inform the unique needs and features of care delivery in a community organi-
sation (HIMSS 2023) 

CCMM The Continuity of Care Maturity Model focuses on building and improving critical capabilities 
needed for coordinated patient care and knowledge driven community of care (HIMSS 2023) 

DIAM The Digital Imaging Adoption Model assesses a health system’s IT-supported digital imaging 
processes to identify and guide the right digital imaging strategy for improved patient health 
outcomes (HIMSS 2023); 

INFRAM The Infrastructure Adoption Model assesses and maps the technology infrastructure capabili-
ties required to reach clinical and operational goals while meeting international benchmarks 
and standards (HIMSS 2023) 

CISOM The Clinically Integrated Supply Outcomes Model is a prescriptive pathway toward improving 
supply chain infrastructure to boost quality, safety and efficacy (HIMSS 2023). 

Source: HIMSS (2025) 
 
The HIMSS assessments are notable for its comprehensive coverage of digital health maturity do-

mains, including interoperability, data security, clinical decision support, and patient engagement. 

However, its association with health outcomes has been mixed. Von Poelgeest et al. (2017) found 

that patients in Dutch hospitals which had higher EMRAM scores had shorter lengths of stay after 

colorectal cancer surgery (van Poelgeest et al. 2017). In contrast, Martin et al. (2019) found no link 

between digital maturity and broader hospital performance indicators such as mortality, readmis-

sions, or complications (Marjn et al. 2019). Another study based on HIMSS EMRAM Maturity 

Model data to measure digital maturity, used cross sectional design to investigate the impact of 

digital maturity on quality outcomes and patient experience in United States (US) hospitals. The 

results showed that advanced digital maturity in US hospitals was associated with stronger patient 
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experience outcomes (i.e. communication with doctors, nurses and communication about medi-

cines and therapies) (Snowdon et al. 2024). Criticisms of the HIMSS model include its heavy em-

phasis on technological functionality over human and organisational factors, and its limited capac-

ity to contextualise digital tools as enablers of transformation (Cresswell et al. 2019). 

 

Other models to assess digital maturity include Victoria’s Digital Health Maturity Model (VDMM)  

and Gippsland Primary Health Network’s Digital Health Maturity Assessment (DHMA) (Reddy et al. 

2023) used for the assessment of digital maturity in general practice (Ernst&Young 2022), the In-

formatics Capability Maturity (ICM) model used to describe health organisations performance in 

terms of collection, management, sharing of information (Liaw et al. 2017) and Tele-Medicine Ser-

vice Maturity Model (TMSMM) used to measure and manage the maturity of telemedicine pro-

cesses (van Dyk and Cornelius 2013).  

 

While digital maturity assessment constitutes an essential component of comprehensive value 

evaluation, it is important to recognise that maturity measurement represents an input to value 

analysis rather than the evaluative process itself. In other words, assessing digital maturity helps 

to understand the readiness and capacity of a health system to adopt and effectively use digital 

technologies, but it does not, on its own, determine the actual value delivered.  

 

These models fall short in capturing the experiences, preferences, and priorities of end users, in-

cluding clinicians, patients, and administrators. Most existing models emphasise technical infra-

structure, interoperability, and governance, with less focus on user adoption, perceived value, or 

quality-of-care outcomes (Duncan et al. 2022). Conventional survey approaches using Likert-type 

scales, typically employing five-point scales ranging from "Strongly Disagree" to "Strongly Agree", 

are increasingly recognised as inadequate for assessing multifaceted digital health strategies, par-

ticularly when confronting the complexity and breadth of national digital health initiatives 

(Steenkamp et al. 2025).  

 

Overall, maturity assessment frameworks can be valuable tools for guiding strategic planning and 

supporting organisational transformation toward digitally enabled healthcare. Maturity assess-

ments play important role in informing strategic development and support organisational self-as-

sessment by identifying capability gaps and allowing organisations to track the progress toward 

digital health maturity. For example, the HIMSS DHI model has also been previously used to guide 

the development of digital health strategies and inform investment decisions within Australian 
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contexts, including the Queensland Digital Health Strategy (Queensland Government 2017) and the 

Sydney Local Health District (SLHD) Digital Health Strategy (Sydney Local Health District 2022). Re-

search evaluating digital health capability in Queensland has further demonstrated how the DHI 

model can support evidence-based planning and prioritisation of digital health initiatives (Woods 

et al. 2022).   

 

National digital strategies serve as frameworks for accelerating and managing digital health ma-

turity across healthcare ecosystems. By establishing clear governance structures, interoperability 

standards, and implementation roadmaps, these strategies aim to support and guide advance-

ments in digital health maturity (Ibrahim et al. 2022). Strategies outline long-term goals, invest-

ment areas, and frameworks for coordinated action across the health sector.  

 
Australian National Digital Health Strategy (NDHS).  

This section provides an overview of the Australian NDHS 2023-2028, the Australian Federal Gov-

ernment policy framework that informed the development of one of the empirical studies pre-

sented in this thesis. The following discussion establishes the context, key objectives, and govern-

ance structures of the NDHS, providing background for understanding the research design and find-

ings presented in Chapter 7. The NDHS was selected as a case study for examining the priority 

setting of initiatives due to its national significance, structured policy framework, and direct rele-

vance to digital transformation in healthcare. By situating the research within the context of the 

NDHS, the case study provides insight into how well digital health priorities outlined in the strategy 

align with the public’s preferences and where gaps may exist.  

 

The NDHS identifies opportunities for digital health to support planned national health system re-

forms and to address the emerging health system challenges. The strategy is guided by the Strategy 

Delivery Roadmap, setting out priority areas and initiatives (ADHA 2023b). The Strategy Roadmap 

is organised into strategic priority areas to support four key health system outcomes, these being:  

• Digitally enabled healthcare systems, where health and wellbeing services are connected, 

safe, secure and sustainable. The priority areas within the outcome include “connected 

care”, which aims at moving health systems from siloed clinical document repositories to 

near real-time data exchange across primary, acute, aged and other care sectors.   

• Person-centred systems describe systems where Australians are empowered to look after 

their health and wellbeing, equipped with the right information and tools. The priority ar-

eas within this outcome include support for strong consumer digital health literacy, 
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increasing availability of health information and improving consent management and flex-

ible health information exchange.  

• Inclusive systems represent the health system where Australians have equitable access to 

health services, when and where they need them. This includes initiatives aimed at improv-

ing and expanding virtual care, integrating personal devices and supporting equitable ac-

cess to health care.  

• Data-driven systems are systems where readily available data informs decision making at 

the individual, community and national levels. This includes use of health information for 

research and public health purposes, planning for emerging data sources and technology 

such as AI, spatial data and genomics and use of digital health tools to collect, analyse and 

report health information.  

 

The initiatives within the Strategy Roadmap were identified through a collaborative process involv-

ing various stakeholders (ADHA 2023b). This included consultations with consumers, healthcare 

providers, industry partners, researchers and government representatives. The roadmap is consid-

ered a living document that is periodically reviewed to align with technological developments and 

emerging policy priorities. Additionally, benchmarking against international best practices and lev-

eraging feedback from healthcare professionals, policymakers, and the public contribute to refin-

ing the strategy. The Strategy Roadmap identifies 80 specific initiatives which are divided into the 

specific priority areas listed above. These initiatives aim to boost digital health adoption by inte-

grating digital solutions, building workforce skills, and helping consumers feel informed and confi-

dent using digital tools. The initiatives outlined in the Strategy Roadmap provide the foundational 

context for one of the empirical studies presented in this thesis, discussed in more detail in Chapter 

7. 

Regulatory context for digital health and AI: implications for market access, 
funding and evaluation  

 

This section provides a brief overview of regulatory requirements for digital health in Australia and 

internationally, with specific reference to legislation and challenges associated with the regulatory 

assessment of AI technologies. It highlights the complexity of the legal landscape and explores its 

implications for clinical practice and the development of appropriate evaluation frameworks. This 

overview provides the context for the discussion on value frameworks presented in Chapter 2.  

Regulatory frameworks play a critical role in guiding the development and adoption of DHTs. They 

define acceptable clinical evidence, shape evaluation methodologies, and influence access to 
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funding and market pathways. As digital health and AI tools become increasingly complex and in-

tegral to clinical decision-making, clear and robust regulations are essential to ensure their safe, 

ethical, and effective integration into healthcare systems. These frameworks also play a key role in 

shaping investment decisions, as regulatory compliance is often a prerequisite for obtaining fund-

ing and entering the market. 

 

An overview of the international guidelines relevant to digital health solutions is presented in Table 

A1.1, Attachment 1. These include regulations that ensure compliance and safety, standards that 

underpin regulatory requirements, and specific laws and frameworks related to AI in healthcare. 

The overview is based on authoritative sources such as:  

• The WHO Global Strategy on Digital Health 2020–2025, which promotes robust digital 

health systems globally (WHO 2021); 

• The FDA’s guidance on digital health, which provides clarity on regulatory pathways for AI-

based medical products (FDA 2025); 

• The EU General Data Protection Regulation (GDPR) and the UK GDPR, which safeguard data 

privacy and personal health information (European Commission 2018; UK Government 

2018);  

• The Medical Device Regulation (MDR), including software as medical device (SaMD) and 

AI as medical device (AIaMD) regulations, which govern the safety and performance of 

digital medical technologies (EUR-Lex 2017); 

• The EU Artificial Intelligence Act (2024), which regulates AI based on risk levels to ensure 

safety and uphold fundamental rights of EU citizens (European Commission 2024).  

In Australia, the regulatory landscape is shaped by multiple legislative instruments, including the 

Therapeutic Goods Act 1989, My Health Records Act 2012, and the Australian Privacy Act 1988, 

among others. The Therapeutic Goods Administration (TGA) oversees the regulation of medical 

devices, including software-based technologies and AI-driven tools. The TGA’s evolving guidelines, 

particularly those addressing SaMD, define the types of evidence required for approval and the 

conditions under which international regulatory decisions may be accepted (Table A1.2, Attach-

ment 1). The Australian Digital Health Agency (ADHA) further supports the integration of digital 

technologies by developing interoperability standards and providing implementation guidance.  

 

Overall, the regulatory environment for DHTs is fragmented, involving multiple overlapping laws 

and agencies, and is frequently updated, making it challenging for innovators to navigate. Despite 
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the growing number of regulations, concerns remain about whether it can keep pace with rapid 

technological advancements. The case of AI in healthcare provides an example of the challenges 

arising in an evolving regulatory landscape, highlighting the need for flexible and adaptive regula-

tory models capable of accommodating evolving nature of these technologies.  

 

The EU AI Act, signed in June 2024, is the first binding worldwide regulation on AI, applicable across 

all EU countries. It aims to ensure AI systems are safe, transparent, traceable, non-discriminatory, 

and environmentally friendly. The AI Act impacts AI/machine learning-enabled medical devices, 

diagnostics, and clinical support tools. It follows a risk-based approach, classifying AI systems into 

minimal, specific transparency, high, and unacceptable risk categories (Table A1.3, Appendix 1). 

For AI systems that demonstrate high risk, technical documentation is required before the product 

is placed on the market or taken into use and the technical documentation must be kept up to 

date. The technical documentation for high-risk AI is comprehensive, including the description of 

the elements of the AI systems and the process of its development, such as design specification, 

system architecture, key design choices, rationale and assumptions made, data requirements, 

training methodology, computational resources used to develop, train and validate the AI system 

along with validation and testing procedures and performance metrics (Aboy et al. 2024). In addi-

tion, the Act poses specific requirements for AI-system transparency and human oversight to en-

sure safe and ethical deployment. The Act specifies requirements regarding the AI system accuracy, 

robustness, cybersecurity, and resilience throughout the product lifecycle (Aboy et al. 2024). 

 

The complexity and scope of the EU AI Act pose operationalisation challenges, particularly for man-

ufacturers of AI-based medical technologies, due to the limited access to the institutions like noti-

fied bodies which are authorised to assess compliance with regulatory requirements (Palaniappan 

et al. 2024). These challenges are compounded by the rapid pace of technological change. For ex-

ample, the definition of the “intended use” of AI-based medical devices may be challenging as AI 

models are likely to have multiple uses that may not be determined prior to adoption. Compliance 

with regulatory standards is also resource-intensive, requiring substantial investment in clinical 

validation, cybersecurity, and documentation costs. This introduces significant cost and time impli-

cations for developers, potentially limiting capital-constrained innovators from entering the mar-

ket while favouring established companies with regulatory expertise, which in turn may have an 

impact on the price of these technologies (Babina et al. 2024). Overall, these challenges may also 

impact the type of clinical evidence available to support the implementation of AI technologies, 
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with a greater reliance on real-world evidence (RWE) rather than randomised controlled trials 

(RCTs), which remain the gold standard in clinical research (Hariton and Locascio 2018).  

 

These challenges may collectively impact the ability of DHTs developers to generate the necessary 

evidence for approval and to secure the funding required for development and deployment. The 

following chapter provides an overview of the value framework used to assess DHTs. It also ex-

plores how the potential impact of the regulatory challenges outlined in the previous section may 

influence the evaluation process, shaping the types of evidence considered and the overall ap-

proach to assessment. 

Overview of the thesis components- structural outline 
 

Building on the context provided in Chapter 1 and recognising the unique challenges associated 

with assessing the value of digital health initiatives, this thesis examines these issues further in 

Chapter 2, which explores relevant value assessment frameworks. This is followed by Chapter 3, 

which investigates the published literature on methods used to assess the economic value of digital 

health. The core of the thesis comprises three stated preference experiments. Chapter 4 describes 

the methods, rationale, and development of two DCEs and one BWS study. Chapters 5 and 6 pre-

sent the two DCEs, which build on a shared context but assess preferences from the perspectives 

of consumers and healthcare professionals, two groups whose acceptance is critical for successful 

adoption. Chapter 7 reports the BWS survey on consumers’ preferences for implementing digital 

health initiatives within the NDHS. This work is highly relevant to the Australian healthcare sector, 

where digital health initiatives are a key pathway to improving care delivery. Chapter 8 synthesises 

the findings and discusses their policy implications for valuing and implementing digital health ini-

tiatives in the Australian healthcare sector.  
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Chapter 2:  Value framework for assessment of digital health technol-
ogies  

 

Digital health technologies (DHTs) are transforming healthcare delivery, yet their integration into ex-

isting health systems requires rigorous evaluation through established frameworks. Healthcare deci-

sion makers require a systematic assessment of the value proposition for DHTs and of the return on 

investment that is required to justify the costs of implementing digital health initiatives (Wilkinson et 

al. 2023). This economic justification is important as organisations face competing priorities and lim-

ited resources in an increasingly complex healthcare landscape. Health interventions are assessed not 

only based on their ability to improve clinical outcomes, but also on their effects on patient experi-

ence, workforce sustainability, and long-term system performance. In this context, decision-makers 

must rely on evaluative approaches that can accommodate multiple, often competing, dimensions of 

value. 

 

The Quadruple Aim provides a widely adopted framework focusing on four key goals for improving 

health systems: improving population health, enhancing patient experience of care, reducing costs, 

and supporting the wellbeing of healthcare providers (Duncan et al. 2022).  While the Quadruple Aim 

offers a clear statement of what healthcare systems seek to achieve, it does not prescribe how these 

objectives should be measured or balanced in practice. Translating these system-level goals into op-

erational decision-making therefore requires robust analytical frameworks. 

 

Value frameworks are tools that guide decision-makers in determining the worth of health technolo-

gies. They encompass a range of methodologies, from Health Technology Assessment (HTA) and eco-

nomic evaluations to specific frameworks for assessment of digital health maturity, which may inform 

value frameworks (Woods et al. 2022). By systematically evaluating the clinical, economic, and organ-

isational aspects of DHTs, these frameworks help stakeholders make informed choices about adop-

tion, implementation, and scaling.  

 

To understand how health technologies are assessed and funded in Australia, this chapter provides an 

overview of the standard evaluation frameworks currently in use for evaluation of heath technologies 

such as medicines, medical devices and health services, followed by a discussion of why these frame-

works may not be well-suited for evaluating DHTs.  
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Health Technology Assessment  
 

Health technology assessment (HTA) is a multidisciplinary process that evaluates the medical, social, 

economic, and ethical implications of healthcare interventions, using explicit methods to determine 

the value of health technology at different points in its lifecycle (Ramezani et al. 2025). It aims to 

inform decision-making regarding the introduction, reimbursement, and use of health technologies 

such as pharmaceuticals, medical devices, medical procedures, and health care programs including 

digital health interventions (Gray 2011).  

 

HTA has emerged as a critical process required by numerous jurisdictions worldwide before providing 

funding for new medical technologies. Countries including the United Kingdom, Australia, Canada, and 

many European nations have established HTA bodies that systematically evaluate the clinical effec-

tiveness, cost-effectiveness, and broader societal impacts of innovations before approving their use 

within public healthcare systems. This mandatory assessment serves as a gateway for innovative tech-

nologies and ensures that limited healthcare resources are directed toward solutions that demon-

strate meaningful value. The comprehensive nature of modern HTA frameworks provides decision-

makers with robust evidence regarding a technology's true impact across multiple dimensions. This is 

then used to determine whether patients can gain access to these innovations through public funding 

or insurance coverage pathways.  

 

Economic evaluation in healthcare and digital health technologies. 

Economic evaluation is an important part of the HTA process and can be defined as a comparison of 

alternative options in terms of their costs and consequences (Gray 2011). Healthcare resources are 

scarce which means the available resources are never sufficient to allow all available health interven-

tions to be provided. Consequently, decision-makers must make choices between the alternatives in 

a way that maximises the outcomes obtained from them. By prioritising technologies that provide the 

greatest health benefits within available resources, population health can be optimised.  

The main types of full economic evaluations in health care include cost effectiveness (CEA), cost-utility 

analysis (CUA) and cost-benefit analysis (CBA), all of which take into consideration both costs and con-

sequences of two or more alternatives being compared (Gray 2011). In addition, cost-minimisation 

analysis (CMA) focuses solely on identifying the cheapest option when outcomes are proven equiva-

lent, while cost-consequence analysis (CCA) presents costs and multiple outcomes separately without 

aggregation, giving decision-makers flexibility to apply their own value judgments to various outcome 

measures (Gray 2011). 
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Cost-effectiveness analysis presents results as a cost per natural unit of effect (e.g., life-years gained, 

cases detected). It is useful when interventions have comparable outcomes, but this limits its applica-

bility to technologies with broader or non-health outcomes. This may limit the applicability of CEA for 

evaluation of DHTs, which often influence behavioural, process, or system-level changes not easily 

captured by clinical endpoints alone (Gray 2011). 

 

Cost-utility analysis extends CEA by combining quality and quantity of life into a single outcome, qual-

ity-adjusted life years (QALYs), making it a preferred outcome in many HTA settings for comparing 

interventions across disease areas. The utility values used in QALY calculations are generally derived 

from stated preference-based methods, such as time trade-off (TTO), standard gamble (SG), and in-

creasingly, discrete choice experiments (DCEs) (Gray 2011). These techniques elicit individual or pop-

ulation preferences for different health states relative to perfect health, providing the weights neces-

sary to quantify health benefits. 

 

However, DHTs often affect domains such as patient empowerment, and access to care, factors that 

are not fully captured by traditional preference-based health-related quality of life (HRQoL) instru-

ments. As a result, their value may be underestimated in conventional CUA frameworks (Gomes et al. 

2022). Stated preference methods are increasingly being adopted to capture broader value elements 

that are relevant to DHTs (Gomes et al. 2022; Szinay et al. 2021).  

 

Cost-benefit analysis values both costs and outcomes in monetary terms, facilitating cross-sectoral 

comparisons (e.g., health vs. education) (Gray 2011). However, placing a dollar value on life or quality 

of life is ethically contentious, limiting its acceptability in healthcare decision-making (Keller et al. 

2021). This also makes it ill-suited to DHTs that deliver benefits that are hard-to-monetise (e.g., im-

proved health literacy or self-management). 

 

Cost-minimisation analysis assumes equivalent outcomes across alternatives and identifies the low-

est-cost option. This is only appropriate when clinical equivalence is established, which is rare in the 

evaluation of innovative or evolving DHTs where evidence is still emerging. CCA reports costs and out-

comes in a disaggregated manner, allowing decision-makers to apply their own value judgments. Its 

flexibility makes it more adaptable to complex interventions, such as DHTs with multidimensional out-

comes and stakeholder-specific impacts, but it lacks the formal decision rules of other approaches 

(Gray 2011). 
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The economic evaluation frameworks outlined above are used to generate evidence that informs 

funding decisions for the adoption of health technologies in publicly funded healthcare systems. The 

following sections explore this process in more detail. 

 

Healthcare funding mechanisms in Australia  

In Australia, health services are funded through a mix of state and federal government contributions, 

private health insurance, and out-of-pocket payments. State governments are responsible for deliver-

ing public hospital care, provided free of charge to all Australians as well as community and public 

health services. Medical services are largely funded through Medicare (Medicare 2025), which is a 

universal health insurance scheme that covers a broad range of services including general practice, 

specialist consultations, and diagnostic testing. Medicines are primarily funded through the Pharma-

ceutical Benefits Scheme (PBS) (PBS 2025b), which subsidises the cost of approved prescription med-

icines and vaccines to ensure equitable access for all Australians. Funding decisions for both medicines 

and medical services are informed by expert advisory bodies: the Pharmaceutical Benefits Advisory 

Committee (PBAC) (PBS 2025a) and the Medical Services Advisory Committee (MSAC) (MSAC 2025). 

The PBAC evaluates submissions for new medicines to be listed on the PBS, while MSAC assesses new 

medical services and technologies for public funding under Medicare. Both committees rely on eco-

nomic evaluations, particularly CUA, CEA, and CMA, to determine whether proposed interventions 

provide value for money. These assessments are critical in guiding government investment decisions 

and ensuring that limited healthcare resources are allocated efficiently. 

 

Compared to more established areas of medicines and health services, the digital health landscape in 

Australia is rapidly evolving (AIHW 2024c). The progress is focused on creating a connected, person-

centred system that leverages technology to improve healthcare access, quality and outcomes, guided 

by the Australian National Digital Health Strategy (ADHA 2023a). The national digital health initiatives 

are primarily led and funded by the Australian Digital Health Agency (ADHA) (ADHA 2025), which re-

ceives federal funding to implement national infrastructure such as My Health Record, secure mes-

saging systems, and interoperability standards. Funding for DHTs spans all levels of the health care 

system due to the broad scope of these initiatives, which may form part of health service delivery, 

pharmacological therapy or foundational investments needed to support healthcare delivery. This 

funding also includes targeted budget allocations for innovation, infrastructure upgrades, and integra-

tion across care settings (ADHA 2025). In some cases, DHTs, particularly those classified as medical 

devices or used in conjunction with pharmaceuticals, such as biomarker-based digital tools, may be 

subject to health technology assessment (HTA) and require regulatory approval through 
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the Therapeutic Goods Administration (TGA) before being eligible for public funding or inclusion in 

the Medicare Benefits Schedule (MBS) (Motahari-Nezhad et al. 2022).  However, not all DHTs pursue 

or qualify for MBS reimbursement, especially tools like mobile health apps, AI-based software, or pa-

tient engagement platforms (Australian Epilepsy Project 2025). In such cases, assessment and funding 

is more fragmented and inconsistent. Some of these technologies may be evaluated by state health 

departments, research institutions, or innovation bodies like the Digital Health Cooperative Research 

Centre (DHCRC) or CSIRO, often within the context of pilot studies, grants, or procurement trials. These 

assessments are not always standardised or made publicly available. Moreover, many digital solutions, 

particularly low-risk or consumer-facing tools, may bypass formal HTA altogether, instead gaining 

adoption through public-private partnerships, competitive grants, or direct procurement by health 

services. Private health insurers may also adopt digital tools independently, based on internal evalua-

tions rather than national HTA frameworks. This fragmented landscape reflects both the rapid pace of 

innovation and the limitations of traditional HTA models, which are not always suited to the iterative 

nature of digital technologies.  

 

The next section of this chapter explores the distinct challenges and methodological differences in-

volved in conducting economic evaluations of DHTs, as compared to traditional assessments of health 

interventions such as pharmaceuticals, and medical services. By identifying these unique characteris-

tics, the discussion aims to highlight critical gaps in existing value assessment frameworks that limit 

their applicability to digital health solutions. Recognising these limitations is essential for understand-

ing the rationale behind the methodological choices made in this thesis.  

 

Methodological challenges in evaluating digital health technologies 

While conventional economic evaluation methods provide valuable frameworks for assessing 

healthcare interventions, they present limitations when applied to digital health interventions. While 

DHTs often fall under the broader umbrella of medical services, sharing the inherent complexities of 

evaluating non-pharmacological health service delivery, they also introduce distinct methodological 

challenges. Unlike standard pharmaceutical medications or standalone medical devices, the evalua-

tion of DHTs within a health service context requires nuanced considerations regarding the type of 

evaluation applied. These complexities involve specific parameters such as the choice of perspective, 

the selection of appropriate service-level comparators, and the identification of multifaceted outcome 

measures that may capture both direct clinical costs and broader systemic benefits. (Table 2.1; (Gomes 

et al. 2022). 
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Table 2.1: Key factors differentiating economic evaluation of pharmaceuticals, medical devices and digital health 
interventions  

Item  Pharmaceuticals Medical devices  Digital health interven-
tions 

Comparator  Usually a well-defined 
comparator, e.g., placebo 

Usually a well-defined com-
parator, e.g., competing de-
vice 

Often a combination of al-
ternative treatment options 

Product evolvement Fixed  Gradual: product likely to 
evolve over time with modifi-
cations/iterations  

Fast: user feedback is 
used in a co-design pro-
cess resulting in frequent 
updates  

User involvement  Limited to compliance  Some assessment of interac-
tion between user and the de-
vice may be required 

Active user involvement  

Intervention cost  High fixed costs (R&D, 
manufacturing). 
- Variable cost per dose. 
- Cost per patient may de-
crease with scale.  
 

- Fixed costs (R&D, manufac-
turing). 
- Variable costs per unit. 
- Cost per patient may de-
crease with scale. 

- Fixed development or 
sunk costs. 
- Marginal cost per addi-
tional user often low or 
zero. 
- High scalability. 

Benefit assessment Health-related outcomes Health-related outcomes, 
Non- health benefits for some 
products 

Diffused health and non-
health changes i.e., experi-
ence, satisfaction, access 

Source: Adapted based on Table 1, (Gomes et al. 2022) 
 
The economic evaluation of pharmaceuticals and medical devices is mostly conducted from healthcare 

sector perspective where the benefits are measured in terms of improvement in health and health-

related quality of life. The choice of comparator is informed by clinical settings, current standard of 

care and the intended patient population in which the treatments will be used. Digital health inter-

ventions introduce some practical challenges for evaluation, primarily because they often involve 

complex, multi-component interventions. In some cases, isolating the effects of specific digital com-

ponent from the other inputs can be difficult (Gomes et al. 2022). The choice of comparator may vary. 

For process based DHTs, the comparator is often the existing standard of care, in other cases, it may 

be another digital tool or combination of interventions. It is important to consult clinical experts during 

the design of any evaluation plan to ensure potential "spillover" effects of the DHT are adequately 

considered (Malcolm 2025). At the health system level, DHT can improve care coordination, infor-

mation flow, and clinical decision-making, leading to productivity gains, reduced duplication of ser-

vices, and more efficient use of workforce and infrastructure (Producjvity Commission 2024). For pa-

tients and caregivers, spillover effects may include reduced travel and waiting times, improved access 

to care, enhanced self-management, and reduced informal care burden, which may translate into time 

savings and quality-of-life benefits (Genjli et al. 2022). Digital health can also produce broader societal 

spillovers, such as improved data for population health planning, strengthened public health surveil-

lance, and accelerated innovation through shared learning and wider adoption across services (Genjli 
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et al. 2022). These indirect and system-wide effects are often diffuse, accrue over time, and fall out-

side traditional cost and outcome boundaries, making them challenging to quantify within conven-

tional economic evaluation frameworks. 

 

Another consideration relates to the target population. Unlike pharmaceuticals, which are typically 

defined by the therapeutic indication, DHTs may be deployed across broader or more heterogenous 

populations (Malcolm 2025).  They can affect multiple stakeholders within the healthcare ecosystem, 

including providers to patients to payers. Consequently, evidence generation should aim to include 

broader and more representative populations and account for potential shifts or distortions in patient 

pathways, which may affect study design and data collection (Malcolm 2025).  

DHTs often generate multidimensional outcomes that extend beyond traditional clinical endpoints, 

encompassing aspects such as accessibility, convenience, user engagement, and data-driven insights 

(Gomes et al. 2022). While some of these outcomes may ultimately impact health-related endpoints 

such as QALYs, through improved adherence, better self-management or healthier behaviour (Kolasa 

and Kozinski 2020), they may also include broader range of system-level or societal benefits, such as 

efficiency gains, quality of care improvements, patient and provider satisfaction, and societal impacts 

(i.e. social inclusion, productivity and impact on natural environment).  

 

However, rather than describing DHTs as intrinsically “different”, the key question for evaluation is 

how these additional effects should shape the design of the study and the selection of outcomes. For 

instance, it may be appropriate to focus on intermediate outcomes, such as adoption, engagement, 

or adherence, as proxies for final health outcomes, particularly when the link to long-term health ef-

fects is uncertain. In this sense, the evaluation challenge is less about whether DHTs have unique value 

and more about defining the Patient Intervention Comparator Outcome (PICO)- framework appropri-

ately and choosing outcomes that meaningfully capture the intervention’s impact.  

 

Examples of non-utility-based tools for assessment of DHTs, which can complement economic evalu-

ation or inform early stage and implementation research include mobile app rating scale (MARS) (Klug 

2024), telemedicine usability questionnaire (TUQ) (Hajesmaeel-Gohari and Bahaadinbeigy 2021) and 

system usability scale (SUS) (Hyzy et al. 2022). However, as these tools assess user experience, usabil-

ity, or satisfaction, the extent to which these factors correlate with clinical effectiveness or long-term 

health outcomes and quality of life remains unclear. Additionally, their generalisability is often limited 

due to their context-specific nature. The practice of fitting a statistical model to health utility data 

referred to as “mapping” can be applied to estimate the effect of intervention in terms of health utility, 
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subsequently used to calculate QALYs (Wailoo et al. 2017).  While the existing literature has primarily 

focused on mapping between health-related outcome instruments, in principle similar approaches 

could be adapted to explore the mapping of non-health or experiential measures onto health out-

comes, including utilities if appropriate data are available. This is an important area for future research 

(Spertus et al. 2020). 

 

Clinical outcomes associated with digital health interventions, and medical devices more generally, 

often depend on the training, competence, and experience of the end users. Although the active in-

volvement of users provides benefits such as improved experience and higher adoption, it may trigger 

additional costs such as facilitation costs and opportunity costs of user time spent on training and pilot 

testing. Hence, costs of DHTs often comprise of both procurement costs and costs of infrastructure as 

well as operative costs related to maintenance and upgrades (Tarricone et al. 2017).  

 

Unlike pharmacological assessments, digital health evaluation depends on the underlying infrastruc-

ture, both in terms of technology and in terms of human resources. This can be illustrated by evaluat-

ing not just a health app that monitors heart rate, but the entire digital infrastructure behind it, from 

cloud servers and interoperability standards to cybersecurity protocols, often without established 

models or precedents to guide implementation. This involves considerations that may be absent in 

traditional health technology assessment, such as data privacy concerns, ethical implications of algo-

rithmic decision-making, societal attitudes toward AI, and regulatory ambiguities (Figure 2.1).  

 

The development and testing of digital health interventions and medical devices often requires a co-

design approach with intended users, and relies on timely, iterative feedback for technical upgrades 

and contextual adaptations. These dynamic factors limit the feasibility of conducting traditional ran-

domised controlled trials (RCTs) to assess effectiveness and safety.  

 

Economic evaluation of DHTs also requires careful consideration of potential harms and ethical con-

cerns. These may include issues related to data privacy, algorithmic bias, unequal access, or unin-

tended consequences from over-reliance on digital systems. While such harms are often difficult to 

quantify, their impact can be significant (Hanna et al. 2025). Frameworks for economic evaluation 

should, where possible, include qualitative and sensitivity analyses to explore the potential implica-

tions of these risks (Wilkinson et al. 2023). Integrating ethical dimensions, such as equity, autonomy, 

and informed consent, into broader health technology assessments can help ensure that evaluations 

reflect not only cost-effectiveness, but also societal values and acceptability (Assasi et al. 2016). 
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In addition, there is growing recognition of the need to incorporate environmental impact into health 

economic evaluations (Williams et al. 2024). Traditionally, such evaluations have focused primarily on 

costs and health outcomes. However, the healthcare sector is a significant contributor to carbon emis-

sions and environmental degradation (Malik et al. 2021). As sustainability becomes a key priority for 

health systems globally, economic evaluations must evolve to reflect the broader societal costs and 

benefits of health interventions, including their environmental footprint. This is relevant for digital 

health and AI technologies in particular, which may reduce emissions through more efficient care de-

livery (e.g., telehealth reducing travel) but also contribute to energy consumption and e-waste (Craw-

ford 2021).  
Figure 2.1: Economic evaluation of DHTs versus medicines. 

 
DTH= digital health technology; PICO=patient, intervention, comparator, outcome 

 

The CCA framework is recommended for assessment of digital health interventions as it typically pre-

sents a broad range of costs and effects in a disaggregated manner (NICE 2022). This allows compara-

bility of the results to the local context of the settings in which the decision is made. However, in the 

absence of unified measures of cost and benefits, decisions informed by the results of CCA rely on 

value judgments to decide whether additional spending can be justified by the health benefits it offers.  
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In practice, budget impact and return on investment analyses are often prioritised over traditional 

economic evaluations when determining the costs and potential savings associated with implement-

ing digital health interventions. This is primarily because digital health initiatives frequently involve 

substantial upfront costs, such as infrastructure, software integration, and staff training, making im-

mediate fiscal implications a key consideration. Additionally, long-term outcomes can be uncertain 

due to the rapid evolution of digital technologies, limiting the applicability of conventional cost-effec-

tiveness measure (Woods et al. 2023).  

 

Multi-criteria decision making 

In many health system decisions, particularly those involving complex service or digital health inter-

ventions, decision makers must consider a broader set of objectives that extend beyond health gain 

alone. While conventional evaluations are essential for quantifying efficiency trade-offs, they may not 

fully capture the other benefits, such as user autonomy or system interoperability that define digital 

health maturity. In this context, multi-criteria decision making (MCDM) offers a structured framework 

to support decision making where multiple, potentially competing criteria are relevant.  

The MCDM refers to a family of methods that explicitly incorporate multiple dimensions of value into 

a decision framework, extending evidence-based medicine and health technology assessment.  

Within an economic evaluation context, MCDM is best understood as a complementary approach ra-

ther than a substitute for traditional economic evaluation. Economic evaluations remain essential for 

quantifying costs, cost offsets, and efficiency trade-offs. MCDM builds on this information by integrat-

ing economic evidence alongside other criteria that may be critical to adoption or scale-up decisions. 

For example, cost-effectiveness estimates can be included as one criterion within an MCDM frame-

work, weighted alongside factors such as implementation risk, scalability, acceptability to users, or 

impacts on access and equity. 

Multi-criteria decision analysis (MCDA) is a tool that helps decision-makers summarize complex value 

trade-offs in a way that is consistent and transparent. It is comprised of a set of techniques that bring 

about an ordering of alternative decisions from most to least preferred, where each technology is 

ranked based on the extent to which it creates value through achieving a set of policy objectives. In 

this context, multiple outcomes such as stakeholder preferences, clinical outcomes, implementation 

feasibility, patient experience, equity considerations, and strategic alignment can be simultaneously 

incorporated in decision making process. This is particularly relevant where interventions generate 

system-level or non-health benefits, such as those associated with digital health technologies, that 

may not readily be captured within conventional economic evaluation metrics (Marsh et al. 2017).   
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The use of MCDM is particularly advantageous in contexts where evidence is uncertain or heteroge-

neous, where outcomes are multidimensional, or where decisions must be made at an early stage of 

implementation. This has led to increasing interest in MCDM within health technology assessment 

and policy settings, especially for interventions such as digital health technologies, service redesigns, 

and models of care that challenge conventional evaluation paradigms.  

Although MCDM is not a formally adopted framework in Australia, it can enhance decision making by 

systematically incorporating economic evidence within a broader value framework, supporting more 

informed and context-specific resource allocation decisions. However, application of MCDM may be 

challenging as there are many different MDCA methods. Results can be sensitive to the choice of cri-

teria, scoring methods and weights, and there is potential for subjectivity. Stated preference methods, 

such as Discrete Choice Experiments (DCE) and Best-Worst Scaling (BWS), serve as a robust empirical 

framework for eliciting and quantifying preferences relevant to address these challenges. Stated pref-

erence methods provide a significant contribution to the broader evaluation frameworks, which can 

be integrated with traditional clinical and economic data to allow for a more balanced and context-

sensitive interpretation of value. Integrating stated preference methods into the MCDM process ena-

bles a more comprehensive valuation of health technologies by aligning the assessment of value with 

the prioritised needs of the health system. In the context of digital health maturity, stated preference 

methods provide an empirical means of eliciting and quantifying stakeholder priorities, enabling ma-

turity to be assessed in terms of capability, integration, and practical utility rather than nominal adop-

tion or system readiness alone.  

 

In conclusion, the evaluation of digital health interventions, consistent with health technology assess-

ment more broadly, should be guided by a value-based approach. For digital health technologies, this 

extends beyond effectiveness and cost to include system readiness, interoperability, equity and ac-

cess, long-term economic value and sustainability, and, critically, user-centred design and the evalua-

tion of user preferences.  

 

The following chapter builds on the concepts introduced in this chapter by presenting a scoping review 

of published economic evaluations of digital health interventions, using artificial intelligence–enabled 

technologies as an example, to examine how the evaluation frameworks are currently used in the 

literature. Subsequent chapters then introduce and apply stated preference methods (i.e. DCE and 

BWS) to capture stakeholder preferences. 
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Guidelines  

The Professional Society for Health Economics and Outcome Research (ISPOR) has developed special-

ised guidelines specifically tailored to digital health and AI evaluation through its updated Consoli-

dated Health Economic Evaluation Reporting Standards (CHEERS) statement to ensure that economic 

evaluations of AI-based health interventions are reported in a sufficiently transparent manner (Sagoo 

and Richardson 2024).Their guidelines establish methodological standards that ensure DHTs are eval-

uated with appropriate rigor within existing HTA frameworks while acknowledging their unique char-

acteristics (Sagoo and Richardson 2024). This includes describing the details of the AI component, in-

cluding how the effect of the AI is measured, how AI learning occurs over time, and how the AI com-

ponent was developed and validated; reporting the results of analyses of uncertainty; and discussing 

the necessary requirements for implementation (Elvidge et al. 2024).  By adhering to CHEERS-AI, re-
searchers and evaluators can provide decision-makers with clearer insights into the value of AI-ena-

bled health interventions, facilitating more informed policy and funding decisions. However, it is im-

portant to note that CHEERS-AI does not explicitly address issues related to data privacy and security, 

which are critical in the context of AI and digital health. While the guidelines focus on methodological 

transparency and reporting standards, the safe handling of patient data, adherence to privacy regula-

tions, and potential ethical considerations in AI deployment are not systematically incorporated.  

 

Building on the overview of existing economic evaluation frameworks, the following chapter presents 

a scoping review focused on the economic evaluation of AI in oncology. This review deepens the un-

derstanding of the unique challenges associated with assessing the value of DHTs, using application of 

AI in oncology as a representative case. Insights gained from this review have informed the design of 

the empirical studies presented later in this thesis (Chapters 5 and 6).  
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Chapter 3:  Economic Evaluation of artificial intelligence in oncology: 
A scoping review of literature  

 

The work presented in this chapter has been submitted for publication in Health Economics Review 

and is currently under review. 

 

Publication manuscript details 

Milena Lewandowska, Deborah Street, Kathleen Manipis, Sally Inglis, Rosalie Viney. Economic Evalua-

tion of artificial intelligence in oncology: A scoping review of literature. Health Economics Review. 

Abstract 

Background: Artificial intelligence (AI) has significant potential to address pressing challenges in 

healthcare, particularly in improving access to, and quality, and efficiency of cancer care. AI technolo-

gies may streamline healthcare planning and delivery and reduce costs. An increasing number of AI-

based applications are being developed and implemented across various cancers, including breast, 

colorectal, lung, and brain cancer, and in multiple domains such as diagnostics, immunotherapy, radi-

ation therapy, and research. This scoping review aims to assess the current literature on health eco-

nomic evaluations of AI in oncology, examine the methodological approaches used, and explore the 

potential economic benefits and risks associated with integrating AI into cancer care. 

 

Methods: The literature on health economic evaluation (EE) of AI in oncology was reviewed from 1 

January 2019 to April 2025. Papers were included if they included data on clinical effectiveness, re-

source utilisation, costs, and other relevant parameters related to AI systems in this field. The key 

information from the papers was extracted, including the author, year, country in which the study was 

conducted, study design, population, care pathway phase (e.g. diagnostic, planning, delivery). 

 

Results: A total of 21 health economic evaluations were reviewed. Most studies focused on breast 

(n=5) and colorectal cancer (n=5) and were conducted primarily in Western developed countries, with 

5 studies from Asia. No studies were identified from Africa, Latin America, the Middle East, or other 

regions. Cost-utility analysis was the predominant analytical approach, with Markov modelling being 

the most common methodology. The studies were conducted from a healthcare perspective and in-

vestigated AI use primarily in screening and diagnostics. The evaluations highlighted economic bene-

fits associated with AI implementation due to improved accuracy, labour cost reduction, and improved 

workflow. Results contained uncertainties due to lack of established pricing for AI technologies, 
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limitations in the quality of clinical evidence informing the models, and incomplete assessment of 

long-term and budget impacts. 

 

Conclusions: Results suggest that AI has potential to be both cost-effective and cost-saving, particu-

larly in screening and diagnostic phases of cancer care. However, there is uncertainty regarding the 

applicability of these results to real-world settings. Future research should explore the cost-effective-

ness of AI across broader oncology settings and applications beyond screening and diagnosis. The pre-

dominance of model-based evaluations using cost-utility and cost-effectiveness frameworks indicates 

that AI interventions are largely being assessed within traditional health technology assessment par-

adigms. However, this approach often overlooks critical aspects unique to AI, such as algorithmic 

adaptability, data dependency, and lifecycle costs. This highlights the need for more tailored method-

ological frameworks that reflect the distinct characteristics and challenges of AI in healthcare.
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Background  
 

Artificial intelligence (AI) has emerged as a promising tool to address persistent challenges in 

healthcare, including increasing demand, workforce constraints, and the need for more efficient and 

personalised care. As AI applications continue to expand across clinical and operational domains, the 

evidence base describing their development, implementation, and impacts has grown rapidly and re-

mains heterogeneous. To provide a structured overview of this evolving field, this chapter adopts a 

scoping review approach, which is well suited to mapping the breadth and nature of existing evidence, 

with focus on how AI is being evaluated, and to identify key knowledge gaps. The review is restricted 

to oncology, as cancer care, particularly radiotherapy, is data-intensive, complex, and protocol driven, 

making it a highly relevant domain for AI adoption. In addition, increasing incidence of cancer and 

capacity constraints underscores the strategic importance of oncology for AI-driven innovation. 

Within this context, the scoping review aims to assess the current literature on health economic eval-

uations of AI in oncology, examine the methodological approaches used, and explore the potential 

economic benefits and risks associated with integrating AI into cancer care. 

Introduction  
 

AI has significant potential to address some of the most pressing challenges in healthcare, particularly 

in improving access to, and quality, and efficiency of care (Kumar 2025). It may streamline healthcare 

planning and delivery and reduce costs. An increasing number of AI-based technologies and applica-

tions are being developed and implemented across various cancer types, including breast, colorectal, 

lung, and brain cancer, and in multiple domains such as diagnostics, immunotherapy, radiation ther-

apy, and research and development. 

 

Despite these advances, concerns remain regarding the use of AI in healthcare. These include the risks 

of overdiagnosis, increased reliance on advanced and expensive diagnostic tests, deskilling of the la-

bour force and uncertain long-term cost savings (Vithlani et al. 2023). The broader impact of AI on 

healthcare resource utilisation remains unclear, and healthcare institutions may incur substantial up-

front costs, including those related to data acquisition, algorithm training, infrastructure upgrade, and 

regulatory compliance, before realising potential economic benefits. 

 

In most publicly funded healthcare systems, health technology assessment (HTA) is required to eval-

uate clinical and cost effectiveness before a new technology can be adopted into clinical practice. 

While a growing body of evidence supports the accuracy and clinical efficacy of AI tools, there is still a 
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notable gap in research on their cost effectiveness and broader implications for healthcare providers, 

patients, and system sustainability. 

 

While a previous scoping review broadly examined the use of AI in healthcare (Vithlani et al. 2023). 

This review specifically focuses on economic evaluations of AI in oncology. This scoping review aims 

to assess the current literature on health economic evaluations of AI in oncology, examine the meth-

odological approaches used, and explore the potential economic benefits and risks associated with 

integrating AI into cancer care. This targeted approach was undertaken to identify key gaps in the 

literature, inform future research and policy development in oncology, and better understand the 

challenges of conducting economic evaluation in this emerging field, given the complexity and rapidly 

evolving nature of AI technologies in healthcare.  

 

Methods  
 

The literature was reviewed to identify published peer-reviewed economic evaluations of AI-technol-

ogy in oncology, based on the Preferred Reporting Items for Systematic reviews and Meta-Analysis 

extension for Scoping Reviews (PRISM-ScR) guidelines (Tricco et al. 2018). The search was conducted 

between 15 April 2025 and 29 April 2025 in PubMed, Scopus, and Google Scholar (first 10 pages) using 

a combination of search terms: ("Artificial Intelligence" OR "Machine Learning" OR "Deep Learning" 

OR "Automation") AND ("Radiation Therapy" OR "Treatment Planning") AND ("Economic Evaluation" 

OR "Cost-effectiveness" OR "Cost-benefit" OR "Cost-utility") (Table A3.1, Appendix 3). The search 

terms and search strategy were informed by the previous scoping reviews of economic evaluations of 

AI in healthcare (Vithlani et al. 2023) and in oncology (Tun et al. 2024). Studies in English, that were 

published between 1 January 2019 to April 2025 were included. This period was chosen to capture the 

latest developments in the field of AI in oncology and the impact of COVID-19 pandemic on the accel-

eration of the use of AI in health (Hirani et al. 2024). Backward and forward citation searching was 

conducted to identify additional relevant studies beyond the initial database search. Eligible studies 

included peer reviewed research articles and reviews with focus on economic evaluations, i.e. cost-

effectiveness analyses, cost-benefit analyses and cost-minimisation analyses. After initial screening, 

two independent reviewers (ML, KM) assessed the relevance of potentially eligible studies and ap-

praised them according to predefined inclusion criteria to ensure that only studies directly addressing 

the economic impact of AI applications in oncology settings were included in the final analysis. Disa-

greements between reviewers were resolved through discussion, with a third reviewer consulted if 

consensus could not be reached.  
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Data extraction 

After removing duplicates, studies were included if they met the following inclusion criteria: peer re-

viewed economic evaluation of AI-based interventions in oncology, including cost-effectiveness anal-

yses, budget impact analyses in English. The full text of the included studies was reviewed to identify 

any potential exclusion criteria including study design (such as editorials, commentaries, or reviews 

without original data), population (studies involving non-human or non-oncology populations), inter-

vention (those not involving AI applications), and language (non-English publications). Data were ex-

tracted for a range of relevant study characteristics, including the author, year, country in which the 

study was conducted, study design, population, care pathway phase (e.g. diagnostic, planning, deliv-

ery). Next, detailed information about the health economic evaluation including type of analysis and 

modelling techniques, time horizon, comparator, health and cost outcomes and perspective was ex-

tracted.  

 

Data analysis 

The extracted data were synthesised using a narrative approach as heterogeneity across the studies 

did not allow quantitative assessment. Descriptive statistics were used to summarise the characteris-

tics of the included studies. Software for literature review, Zotero (Zotero 2025) and Rayyan AI (Rayyan 

2025) were used to extract and analyse data. 

 

Quality assessment 

The quality of the studies was assessed using Consolidated Health Economic Evaluation Reporting 

Standards (CHEERS) AI (Elvidge et al. 2024) and Philips checklist (Philips et al. 2004). CHEERS AI estab-

lish methodological standards that ensure digital health technologies (DHTs) are evaluated with ap-

propriate rigor within existing HTA frameworks while acknowledging their unique characteristics (Sa-

goo and Richardson 2024). This includes describing the details of the AI component, including how the 

effect of the AI is measured, how AI learning occurs over time, and how the AI component was devel-

oped and validated; reporting the results of analyses of uncertainty; and discussing the necessary re-

quirements for implementation (Sagoo and Richardson 2024). Each checklist item was assessed as 

fully reported (1 point), partially reported (0.5 points), or not reported (0 points), with non-applicable 

items excluded from calculation. A final score was calculated for all included studies based on the 

percentage of satisfied criteria across all 38 items (Elvidge et al. 2024). Publications were subsequently 

classified as high (≥80%), medium (50-79%), or low quality (<50%) based on their final scores, provid-

ing a standardised metric for evaluating reporting completeness and transparency in AI-based health 
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economic evaluations (Elvidge et al. 2024). Philips checklist, which was specifically designed to evalu-

ate the quality of model-based EEs, was used to assess modelling approach, model data, and uncer-

tainty assessment in the included studies (Philips et al. 2004). 

 

Results  
 
Figure 3.1 presents the study selection process. A total of 1,563 records were identified. After remov-

ing duplicates and initial screening, 49 records were retained for further review. Subsequent screening 

excluded 28 records due to incorrect study design, intervention, or population characteristics, result-

ing in 21 studies included in the final analysis.  

 

Figure 3.1: Study selection process  
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Overview of the studies  

The characteristics of the included studies are presented in  

 

Table 3.1. The studies examined the economic implications of AI implementation across various cancer 

types: breast and colon were the most frequently studied (5 studies each, comprising 48% of the sam-

ple), followed by lung (2 studies, 10%), and colorectal and gastric cancers (with one study examining 

both types, representing 14% altogether). Skin, prostate, renal, and cervical cancers were each ad-

dressed in a single study (19% collectively). Additionally, two studies conducted economic reviews 

across diverse cancer types. Twenty studies primarily focused on the early stages of the care pathway, 

such as screening and diagnosis, while one study examined shared decision-making about treatment 

options. Regarding geographical distribution, 16 papers originated from Europe and North America, 

while Asia contributed 5 papers. No studies were identified from Africa, Latin America, the Middle 

East, or other regions, highlighting a significant gap in the global evidence base. 

 

Table 3.1: Health economic methodology using Philips main item of included studies (N=21) 
Au-

thor/Ye
ar/ 

Country 

Title Cancer 
type 

Pathways 
stage 

Population Study 
design 

CHEERS 
AI Score 

Ahsen, 
2025, 
USA 
 

Economics of AI and hu-
man task sharing for deci-
sion making in screening 
mammography 

Breast 
cancer 

Screening  Women undergoing 
mammography screen-
ing; 

Cost op-
timisa-
tion 
model  

61% 

Borsoi, 
2024, 
Ger-
many,  
Israel, It-
aly, Po-
land,  
Portugal 

Artificial-Intelligence Cloud-
Based Platform to Support 
Shared Decision-Making in 
the Locoregional Treatment 
of Breast Cancer: Protocol 
for a Multidimensional Eval-
uation Embedded in the 
CINDERELLA Clinical Trial 

Breast 
cancer 

Treatment 
(shared de-
cision mak-
ing) 

Breast cancer patients 
undergoing locoregional 
treatment 

Trial- 
based 
eco-
nomic 
evalua-
tion  
CUA 
Study 
protocol 

76% 

Hill, 
2024, 
UK  

Cost-Effectiveness of AI for 
Risk-Stratified Breast Can-
cer Screening 

Breast 
cancer 

Screening  UK women eligible for 
breast screening 
N=174,523 

CUA 
68% 

Mital, 
2022, 
USA 

Cost-effectiveness of using 
artificial intelligence versus 
polygenic risk score to 
guide breast cancer screen-
ing 

Breast 
cancer 

Screening  Women aged 40 to 74 
years 

CUA  

76% 

Vargas, 
2023, 
UK  

Cost-effectiveness require-
ments for implementing arti-
ficial intelligence technology 
in the Women’s UK Breast 
Cancer Screening service 

Breast 
cancer 

Screening  Cohort of 100,000 
women age of 19 years 
and older 

CUA  

66% 

Shen, 
2023, 
China  

Cost-effectiveness of artifi-
cial intelligence-assisted liq-
uid-based cytology testing 

Cervical  Screening  Unvaccinated and un-
screened women aged 
30–64 years 

CUA  
71% 
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Au-
thor/Ye

ar/ 
Country 

Title Cancer 
type 

Pathways 
stage 

Population Study 
design 

CHEERS 
AI Score 

for cervical cancer screen-
ing in China 

Adams, 
2021, 
Canada  
 

Development and Cost 
Analysis of a Lung Nodule 
Management Strategy 
Combining Artificial Intelli-
gence and Lung-RADS for 
Baseline Lung Cancer 
Screening 

Colon 
cancer 

Screening  Individuals undergoing 
baseline lung cancer 
screening, with no spe-
cific age group men-
tioned 

Simple 
cost 
compar-
ison 
analysis  

74% 

Barkun, 
2023, 
Canada  

Cost-effectiveness of Artifi-
cial Intelligence-Aided Co-
lonoscopy for Adenoma De-
tection in Colon Cancer 
Screening 

Colon 
cancer 

Screening  Canadian colorectal 
cancer screening pro-
grams and patients 
N=685 

CUA  

76% 

Busta-
mante-
Balén, 
2025, 
Spain  

Cost-effectiveness analysis 
of artificial intelligence-
aided colonoscopy for ade-
noma detection and charac-
terisation in Spain 

Colon 
cancer 

Screening  Colorectal cancer pa-
tients classified by 
stage in Spain 

CUA  

74% 

Kacew, 
2021, 
USA 

Artificial Intelligence Can 
Cut Costs While Maintain-
ing Accuracy in Colorectal 
Cancer Genotyping 

Colon 
cancer 

Diagnostic  Patients with colorectal 
cancer (data from 
SEER and other 
sources) 
N=32,549 

CEA 

66% 

Mori, 
2020, 
Japan 
 

Cost savings in colonos-
copy with artificial intelli-
gence-aided polyp diagno-
sis: an add-on analysis of a 
clinical trial (with video) 

Colon 
cancer 

Diagnostic  Patients with diminutive 
rectosigmoid polyp 
(N=791) 

Trial- 
based 
eco-
nomic 
evalua-
tion  
CMA  

61% 

Ariea, 
2022, 
USA 

Cost-effectiveness of artifi-
cial intelligence for screen-
ing colonoscopy: a model-
ling study 

Colorectal Screening  Hypothetical cohort of 
100,000 individuals in 
the USA aged 50–100 
years 

CEA 
68% 

Libanio, 
2024, 
Nether-
lands, 
Portu-
gal, Italy 

Combined gastric and colo-
rectal cancer endoscopic 
screening may be cost-ef-
fective in Europe with the 
implementation of artificial 
intelligence: An economic 
evaluation 

Gastric 
and colo-
rectal  

Screening  Men and women aged 
50 to 75 years 

CUA 

68% 

Yonazu, 
2023, 
Japan  

Cost-effectiveness analysis 
of the artificial intelligence 
diagnosis support system 
for early gastric cancers 

Gastric 
cancer  

Diagnostic  Patients with moderate 
to severe gastritis 
caused by Helicobacter 
pylori infection. 

CUA  
71% 

Geng, 
2025, 
China  

A Cost-Effective Two-Step 
Approach for Multi-Cancer 
Early Detection in High-
Risk Populations 

General  Screening  Newly diagnosed can-
cer patients (n=617) 
and noncancer controls 
(n=580) from multiple 
hospitals in China 

CEA  

50% 

Huang, 
2025, 
China  

The feasibility and cost-ef-
fectiveness of implementing 
mobile low-dose computed 
tomography with an AI-

General  Screening  Underserved rural pop-
ulations in China 

CEA 
58% 
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Au-
thor/Ye

ar/ 
Country 

Title Cancer 
type 

Pathways 
stage 

Population Study 
design 

CHEERS 
AI Score 

based diagnostic system in 
underserved populations 

Ziegelm
ayer, 
2022, 
USA  

Cost-Effectiveness of Artifi-
cial Intelligence Support in 
Computed Tomography-
Based Lung Cancer 
Screening 

Lung can-
cer  

Screening  Individuals undergoing 
lung cancer screening. 
The specific age group 
is not mentioned 

CUA  

63% 

Trujillo, 
2025, 
Spain  

Cost-effectiveness of a ma-
chine learning risk predic-
tion model (LungFlag) 
in the selection of high-risk 
individuals for non-small 
cell lung cancer screen-
ing in Spain 

NSCL Screening  individuals at-risk for 
enrollment in NSCLC 
screening programs, 

CUA  

68% 

Gomez 
Rossi, 
2022, 
USA 

Cost-effectiveness of Artifi-
cial Intelligence as a Deci-
sion-Support System Ap-
plied to the Detection and 
Grading of Melanoma, Den-
tal Caries, and Diabetic 
Retinopathy 

Melanoma  Screening 
and diag-
nostic  

General US population CUA  

71% 

Du, 
2024, 
Sweden  

Effectiveness and Cost-ef-
fectiveness of Artificial Intel-
ligence-assisted Pathology 
for Prostate Cancer Diag-
nosis in Sweden: A Mi-
crosimulation Study 

Prostate Screening  Men from the age of 50 
years over a lifetime 
horizon, specifically 
aged 50–74 years for 
screening 

CEA 

66% 

Marka, 
2024, 
Ger-
many 

Artificial intelligence support 
in MR imaging of incidental 
renal masses: an early 
health technology assess-
ment 

Renal  Diagnostic  Patients undergoing ne-
phrectomy or biopsy for 
renal tumors 

CUA  

78% 

CEA =   cost-effectiveness analysis; CMA = cost=minimisation analysis; CUA= cost-utility analysis;  
 

Economic analysis  

The 21 economic evaluations included 13 (61%) studies (Borsoi et al. 2024; Hill et al. 2024; Mital and 

Nguyen 2022; Vargas-Palacios et al. 2023; Shen et al. 2023; Barkun et al. 2023; Bustamante-Balén et 

al. 2025; Libanio et al. 2024; Yonazu et al. 2024; Ziegelmayer et al. 2022; Trujillo et al. 2025; Gomez 

Rossi et al. 2022; Marka et al. 2024) which were cost-utility analyses, with quality-adjusted life years 

(QALYs) as the primary outcome measure; 5 (23%) studies were cost-effectiveness analyses (CEA) with 

natural units of effectiveness (such as life-years gained or cases detected); and 3 studies which pre-

sented simple cost comparisons without incorporating health outcomes. One study (Borsoi et al. 2024) 

also included evaluation of patient satisfaction.  

 

The cost effectiveness of AI in oncology was mostly assessed in the context of screening and diagnos-

tics relative to current practice or no intervention. The AI technologies included AI technical 
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subsystems such as machine learning, deep learning, and neural networks. In breast cancer, AI is inte-

grated into mammography screening (Ahsen et al. 2025), risk-stratified screening strategies (Hill et al. 

2024), and shared decision-making platforms (Borsoi et al. 2024), typically compared against expert-

only approaches, national screening programs, or standard care. In cervical cancer, AI-assisted liquid-

based cytology was evaluated against manual cytology (Shen et al. 2023) and HPV testing. For cardio-

pulmonary conditions, interventions include AI-supported computer tomography (CT) and low-dose 

CT (LDCT) for lung cancer, as well as risk prediction models and management tools, benchmarked 

against conventional imaging, Lung CT Reporting and Data System (RADS) (Adams et al. 2021), or pop-

ulation-based screening without AI. In gastrointestinal (GI) cancers, AI is incorporated into colonos-

copy and endoscopy (e.g., computer-aided diagnosis (CADx) systems, GI Genius modules) (Busta-

mante-Balén et al. 2025), compared with standard procedures without AI assistance. In multi-cancer 

detection, two-step AI-enhanced approaches were tested against other emerging genomic screening 

tests (i.e. SeekInCare and Galleri) for individuals who tested positive in the initial screening (Geng et 

al. 2025). Lastly, in pathology and imaging, AI was used as a diagnostic-support tool or to augment 

MRI and pathology workflows, with comparisons made to human experts or MRI alone (Du et al. 

2023). All the included studies compared conventional approaches with approaches that were inte-

grated with AI. The studies that were CEAs or CUAs used decision tree and Markov modelling. The 

time horizon applied in the modelled evaluations varied from 1 year to a lifetime and was guided by 

the natural progression of the disease. The majority of studies adopted a healthcare system perspec-

tive for their economic analyses, while only 3 studies (Borsoi et al. 2024; Libanio et al. 2024; Areia et 

al. 2022) employed the broader societal perspective that incorporates indirect costs and benefits. Dis-

counting was applied to costs and benefits in studies applying a time horizon beyond one year.  

 

Modelling characteristics  

Among the reviewed studies, three studies presented a basic costing assessment without accounting 

for clinical outcomes (Ahsen et al. 2025; Adams et al. 2021; Huang et al. 2025). Four types of economic 

modelling approaches were identified: Markov modelling (N=10); decision tree analysis (N=4); mi-

crosimulation (N=2), and discrete event simulation (DES) modelling (N=2). Modelling characteristics 

of these studies are summarised in Table 3.2. The choice of model type was based on claims about AI-

intervention effectiveness, the outcome measure, and the time horizon. Among the studies that 

claimed AI-intervention superiority, the intervention was compared to other screening and diagnostic 

strategies (Mital and Nguyen 2022; Kacew et al. 2021; Mori et al. 2020; Ziegelmayer et al. 2022; Trujillo 

et al. 2025; Marka et al. 2024), no screening (Shen et al. 2023; Areia et al. 2022; Libanio et al. 2024; 

Huang et al. 2025), or the standard of practice (Barkun et al. 2023; Bustamante-Balén et al. 2025; 
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Yonazu et al. 2024; Gomez Rossi et al. 2022; Du et al. 2023; Vargas-Palacios et al. 2023; Hill et al. 2024; 

Borsoi et al. 2024). Most Markov models used a cycle length of 1 year (Mital and Nguyen 2022; Barkun 

et al. 2023; Bustamante-Balén et al. 2025; Areia et al. 2022; Libanio et al. 2024), and one study (Adams 

et al. 2021) used 6-month.  
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Table 3.2: Characteristics of the economic evaluation models in the included studies (N=21) 
Author/ 

Year 
Economic 
model/EHH 

type 

Intervention Comparator Time 
hori-

zon/cycle 
length 

Perspec-
tive 

Out-
comes 

Dis-
count 
rate 

SA WTP thresh-
old 

 

Conclusions 

Ahsen et al. 
2025 

Optimisation 
model to mini-
mise mam-
mography 
screening 
costs 

Incorporating 
AI into mam-
mography 
screening 

Expert-alone 
strategy, auto-
mation strat-
egy, delegation 
strategy 

NA Healthcare  Cost  NA  NR  NR  Cost savings of 17.5% to 30.1% 
compared to relying solely on hu-
man experts 

Borsoi et al. 
2024 

Within-trial 
cost-conse-
quence., CCA, 
CUA 

AI cloud-
based plat-
form to sup-
port SDM in 
breast cancer 
patients un-
dergoing lo-
coregional 
treatment 

Conventional 
approach to 
support SDM in 
breast cancer 
patients under-
going locore-
gional treat-
ment 

12 months 
after the 
end of lo-
coregional 
treatment 

Societal QALYs 
(EQ-5D-
5L), 
Patient 
satisfac-
tion (5 
point 
scale), 
Costs 

NA  1-way and 
PSA 

EUR50,000-
10,000/QALY 

NA: Study protocol.  

Hill et al. 
2024 

CEA using 
DES and real-
world data 

AI-based risk-
stratified 
breast cancer 
screening 

Current UK Na-
tional Breast 
Cancer Screen-
ing Program 
(screening 
every 3 years) 

Lifetime  UK payer 
perspec-
tive 

QALYs, 
Costs, In-
cremen-
tal 

3.5% 1-way and 
PSA 

GBP20,000/Q
ALY 

Risk-stratified screening was likely 
to be cost-effective, yielding added 
health benefits at reduced costs. 

Mital et al. 
2022 

Decision tree 
and microsim-
ulation, CEA 

Combination 
of risk predic-
tion ap-
proaches (AI, 
PRS or family 
history) 

No screening, 
annual screen-
ing for all 
women,  

Lifetime, 
1-year cy-
cles  

Healthcare 
system  

Cancer 
detection, 
Cost, 
QALYs  

3% 1-way and 
PSA 

USD100,000/
QALY 

Risk prediction using AI followed 
by no breast cancer screening for 
low-risk women is the most cost-
effective strategy. 

Vargas et al. 
2023 

CEA, DES  AI-assisted 
mammogram  

Standard prac-
tice   

NA  Healthcare 
system  

Cancer 
detection 
rate, 
Cost, 
QALYs 

NA 1-way and 
PSA  

GBP20,000/Q
ALY 

If non-inferiority is maintained, the 
use of artificial intelligence tech-
nology as a second reader is a vi-
able and potentially cost-effective 
use of NHS resources. 
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Author/ 
Year 

Economic 
model/EHH 

type 

Intervention Comparator Time 
hori-

zon/cycle 
length 

Perspec-
tive 

Out-
comes 

Dis-
count 
rate 

SA WTP thresh-
old 

 

Conclusions 

Shen et al. 
2023 

CEA, Markov 
model 

AI-assisted liq-
uid- based cy-
tology 

Manual LBC 
and HPV DNA 
testing  

Lifetime  Healthcare 
provider  

Cancer 
detection 
rate, 
Cost, 
QALY,  

3% 
 

1-way and 
PSA 

USD30,000/Q
ALY 

AI-assisted LBC screening once 
every 5 years could be more cost-
effective than manually read LBC. 

Adams et al. 
2021 

Cost analysis: 
total cost esti-
mation  

AI informed 
management 
of atrial & 
Lung 

Lung RADS 
only 

6 months  
 

Payer Lung 
nodule 
classifi-
cation, 
Cost  

NA  NR  NR  Using an AI risk score combined 
with Lung-RADS at baseline lung 
cancer screening may result in 
fewer follow-up investigations and 
substantial cost savings. 
 

Barkun et al. 
2023 

CEA, Markov 
model  

Artificial intelli-
gence-aided 
colonoscopy 
for adenoma 
detection 

Conventional 
colonoscopy 
polyp detection 

Lifetime 
horizon/ 1-
year cy-
cles 

Canadian 
health 
care per-
spective 

LYs, 
QALYs, 
Costs 

3.5% 1-way and 
PSA 

USD 
50,000/QALY 
 

CADe colonoscopy is cost-effec-
tive with cost savings of approxi-
mately $14 per case.  

Bustamante-
Balén et al. 
2025 
 

Markov model 
with, CUA  

GI Genius In-
telligent En-
doscopy Mod-
ule-assisted 
colonoscopy 

Standard prac-
tice (colonos-
copy alone) 

Lifetime/1- 
year cy-
cles 

Spanish 
National 
Health 
System 
perspec-
tive 

Life years 
gained 
(LYG), 
QALYs, 
Cost 

3% 1-way and 
PSA 

EUR25,000/Q
ALY 
 

CADe/CADx would result in a 
dominant strategy versus standard 
practice in patients undergoing co-
lonoscopy in Spain. 

Kacew et al. 
2021 

CEA, Decision 
Tree  

8 next-generation sequencing 
(NGS) strategiesa 

1 year  US 
Healthcare  

Clinical 
implica-
tions, 
time to 
treatment 
initiation, 
diagnos-
tic accu-
racy, 
Costs, 

NA  NR  NR  High-sensitivity artificial intelli-
gence followed by confirmatory 
high-specificity polymerase chain 
reaction or immunohistochemistry 
panel for patients testing negative 
by artificial intelligence compared 
to next-generation sequencing 
alone in newly diagnosed meta-
static colorectal cancer resulted in 
the greatest project cost savings 
($400 million, 12.9%)  
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Author/ 
Year 

Economic 
model/EHH 

type 

Intervention Comparator Time 
hori-

zon/cycle 
length 

Perspec-
tive 

Out-
comes 

Dis-
count 
rate 

SA WTP thresh-
old 

 

Conclusions 

Mori et al. 
2020 
 

EE along clini-
cal trial, CMA 

AI combined 
with a diag-
nose-and-
leave strategy; 
 

no use of AI, 
resect-all-
polyps strategy 
 

NA  Healthcare 
system 

Polyps 
detection 
and path-
ologic 
predic-
tion, Cost 

NA  NR  NR  The use of AI to enable the diag-
nose-and-leave strategy results in 
substantial cost reductions for co-
lonoscopy.  
 

Areia et al. 
2022 

Markov Model, 
CEA 

AI assisted co-
lonoscopy for 
polyps detec-
tion  

Colonoscopy 
without the use 
of AI for polyp 
detection.  

5 years, 1 
year cy-
cles  

Societal  Number 
of colo-
rectal 
cancer 
cases 
and colo-
rectal 
cancer-
related 
deaths, 
Costs  

3% 1-way and 
PSA 

NR AI detection tools in screening co-
lonoscopy is a cost saving ($57 
per patient) strategy to further pre-
vent colorectal cancer incidence 
and mortality.  

Libanio et al. 
2024 

Markov model, 
CEA 

AI assisted 
EDG 

Stand alone 
EDG 

NR/ 1 year 
cycles  

Societal   Disease 
progres-
sion, 
Cost, 
QALYs  

3% 1-way and 
PSA 

EUR46,000-
80,000/QALY 

AI-assisted EGD may improve the 
cost-effectiveness of GC screen-
ing with combined EGD and 
screening colonoscopy. The actual 
effect of AI on cost-effectiveness 
may vary dependent on the accu-
racy and costs of the AI system. 

Yonazu et 
al. 2024 

Decision trees 
with Markov 
models, CUA  

Computer-as-
sisted diagno-
sis (CADx) 
system for 
early gastric 
cancers and 
Endoscopist  

Pre-artificial in-
telligence sta-
tus quo: Endos-
copist alone  

3 years  Payers 
perspec-
tive  

Disease 
progres-
sion, 
Cost, 
QALYs  

2% 1-way and 
PSA 

USD50,000/Q
ALY 

Using CADx for EGCs may de-
crease their misdiagnosis, contrib-
uting to improved cost-effective-
ness in Japan. 

Geng et al. 
2025 

Simulation 
analysis using 
two-step 

Two-step 
MCED ap-
proach using 
OncoSeek 

SeekInCare 
and Galleri 

NA  Healthcare 
system 
perspec-
tive 

Number 
of cancer 
cases de-
tected, 

NA  NR  NR  The two-step approach signifi-
cantly reduces false positives and 
screening costs, making it a cost-
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Author/ 
Year 

Economic 
model/EHH 

type 

Intervention Comparator Time 
hori-

zon/cycle 
length 

Perspec-
tive 

Out-
comes 

Dis-
count 
rate 

SA WTP thresh-
old 

 

Conclusions 

MCED ap-
proach, CEA 

and SeekIn-
Care 

number 
of false 
positives, 
Costs 

effective strategy for population-
wide cancer screening. 

Huang et al. 
2025 
 

Feasibility 
analysis, CEA 
 

Mobile low-
dose com-
puted tomog-
raphy (LDCT) 
with AI-based 
diagnostic 
system 

NA  NA Healthcare 
system  

Lung 
cancer 
detection 
rate, 
Costs  

NA  NR  NR  The LDCT with AI model for lung 
cancer screening holds economic 
promise for reducing health dispar-
ities in underserved areas and pro-
moting larger populations in similar 
low-income countries. 

Ziegelmayer 
et al. 2022 

Markov model, 
CEA 

CT augmented 
by AI  

Conventional 
CT 

20 years  Healthcare  Cost, 
QALYs 

3% 1-way and 
PSA 

USD100,000/
QALY 
 

CT + AI resulted in a negative in-
cremental cost-effectiveness ratio 
(ICER) as compared to CT only, 
showing lower costs and higher ef-
fectiveness.  

Trujillo et al. 
2025 

Decision tree 
with Markov 
model  
CUA  

Lung Flag risk 
prediction 
model 

screening the 
entire target 
population 
meeting 
USPSTF crite-
ria 
with LDCT 
without using 
any RPM 
(screening 
without RPM) 
Non-screening 
(current)  

Lifetime  Healthcare  Cancer 
progres-
sion  
QALYs 
LY 
 

3% 1-way and 
PSA 

EUR20,000-
30,000/QALY 
 

Using LungFlag for the selection of 
high-risk individuals for NSCLC 
screening in Spain 
would be a cost-effective strategy 
over screening the entire popula-
tion meeting USPSTF 2013 criteria 
and is dominant over non-screen-
ing 

Gomez 
Rossi et al. 
2022 

Markov mod-
els, CEA 

AI as a diag-
nostic-support 
system 

Standard of 
care 

Lifetime  Payer per-
spective 

Costs, 
QALYs,  

3% 1-way and 
multivariate  

USD18,496/Q
ALY 
 

AI showed mean costs of $750 
(95% CI, $608-$970) and was as-
sociated with 86.5 QALYs (95% 
CI, 84.9-87.9 QALYs), while the 
control showed higher costs $759 
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Author/ 
Year 

Economic 
model/EHH 

type 

Intervention Comparator Time 
hori-

zon/cycle 
length 

Perspec-
tive 

Out-
comes 

Dis-
count 
rate 

SA WTP thresh-
old 

 

Conclusions 

(95% CI, $618-$970) with similar 
QALY outcome. 

Du et al. 
2023 

Microsimula-
tion study, 
CEA 

AI-assisted 
pathology  

Human 
pathologist  

1 year  Health 
care 

CT scan 
reading 
time  
Cost  

3% NR  NR  Given current pricing, DL-CAD 
must be priced substantially below 
€6 in a pay-per-case setting or 
used in a high-workload environ-
ment to reach break-even in lung 
cancer screening. DL-CAD as pre-
screening reader shows the larg-
est potential to be cost-saving. 

Marka et al. 
2024 

Decision tree 
model  
CUA 

MRI + AI strat-
egy 

MRI strategy 
alone 

10 years  Healthcare 
sector per-
spective 

QALYs, 
Costs  

3% 1-way and 
PSA 

USD100,000/
QALY 
 

The integration of an AI-based al-
gorithm may be a potentially cost-
effective alternative in the differen-
tiation of incidental renal lesions 
using MRI. 

CCA = Cost-Consequence Analysis; CEA = Cost-Effectiveness Analysis; CI = Confidence Interval; CT = Computed Tomography; CUA = Cost-Utility Analysis; DES = Discrete Event Simula-
tion; DL-CAD = Deep Learning–Based Computer-Aided Detection; EQ-5D-5L = EuroQol 5-Dimension 5-Level; EUR = Euro; HPV DNA = Human Papillomavirus Deoxyribonucleic Acid; LBC = 
Liquid-Based Cytology; Lung-RADS = Lung Imaging Reporting and Data System; LYG = Life Years Gained; MRI = Magnetic Resonance Imaging; NGS = Next-Generation Sequencing; NR = 
Not Reported; PSA = Prostate-Specific Antigen; QALY = Quality-Adjusted Life Year; SA = Sensitivity Analysis; USD = United States Dollar 
Note: a. NGS alone, high-sensitivity PCR or IHC panel (“panel” for short) alone, high-specificity panel alone, high specificity AI alone, high-sensitivity AI with confirmatory NGS for patients 
testing negative by AI, high-specificity AI with confirmatory NGS for patients testing positive by AI, high sensitivity AI with confirmatory high-sensitivity panel for patients testing positive by AI, 
and high-sensitivity AI with confirmatory high-specificity panel for patients testing positive by AI
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Model inputs: efficacy estimates  

Among the CEAs the efficacy outcomes included QALYs and survival (Borsoi et al. 2024; Hill et al. 2024; 

Mital and Nguyen 2022; Vargas-Palacios et al. 2023; Shen et al. 2023; Barkun et al. 2023; Bustamante-

Balén et al. 2025; Libanio et al. 2024; Yonazu et al. 2024; Ziegelmayer et al. 2022; Trujillo et al. 2025; 

Gomez Rossi et al. 2022; Marka et al. 2024), number of cancer cases detected (Mital and Nguyen 2022; 

Vargas-Palacios et al. 2023; Shen et al. 2023; Mori et al. 2020; Areia et al. 2022; Geng et al. 2025; 

Huang et al. 2025), cancer progression (Trujillo et al. 2025; Yonazu et al. 2024; Libanio et al. 2024). 

Most evaluations relied on previously published literature, with only a few utilising high-quality pri-

mary evidence (e.g. RCT). Borsoi et al. (2024) was a study protocol that investigated outcomes directly 

from the CINDERELLA trial (prospective multicentre randomised controlled trial (RCT) (ClinicalTri-

als.gov: NCT05196269). Barkun et al. (2023) and Areia et al. (2022) based their estimates of clinical 

efficacy on RCT data, with the latter specifically using a meta-analysis of five trials. The majority of 

studies (Hill et al. 2024; Mital and Nguyen 2022; Geng et al. 2025; Ziegelmayer et al. 2022; Shen et al. 

2023; Bustamante-Balén et al. 2025; Kacew et al. 2021; Libanio et al. 2024), sourced their efficacy 

estimates from existing published literature and systematic reviews. Some studies relied on less ro-

bust evidence sources, such as Trujillo et al. 2025 who used case-control studies and expert opinion, 

and Gomes Rossi et al. 2022 who utilised comparative accuracy studies. Marka et al. 2024 based their 

parameters on a multicentre cohort study, while Yonazu et al. (2024) reconstructed efficacy data from 

published reports and health registries. Du et al. 2023 used a mixed approach, sourcing data from 

literature for current strategies while making assumptions for AI-based interventions.  

 

Model inputs: utility estimates  

Studies that used CUA derived utility values from various sources, with most studies utilising estab-

lished generic health-related quality of life instruments. Four studies (Borsoi et al. 2024; Bustamante-

Balén et al. 2025; Ziegelmayer et al. 2022; Marka et al. 2024) employed the EQ-5D-5L (EUROQOL 2025) 

Two studies (Ziegelmayer et al. 2022; Marka et al. 2024) used the SF-36 instrument in addition to EQ-

5D-5L (Ware and Gandek 1998). Several other evaluations (Mital and Nguyen 2022; Vargas-Palacios 

et al. 2023; Shen et al. 2023; Barkun et al. 2023; Trujillo et al. 2025) sourced utility values from previ-

ously published economic evaluations. Borsoi et al. (2024) uniquely incorporated disease-specific pa-

tient-reported outcomes through the BREAST-Q tool from the International Consortium for Health 

Outcomes Measurement (ICHOM), focusing specifically on patient satisfaction with breast cancer 

treatment measured on a four-point scale and converted to a 0-100 synthetic score. Yonazu et al. 2024 

employed a direct preference elicitation approach using the standard gamble (SG) instrument (Gafni 

1994) in patients to determine utility weights across various gastric cancer stages and treatment 
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strategies, while also drawing from previously published economic evaluations. The quality-of-life es-

timates in Marka et al. (2024) came from retrospective telephone assessments using SF-36 and pub-

lished systematic literature reviews. Notably, several studies (Gomez Rossi et al. 2022; Libanio et al. 

2024; Hill et al. 2024) did not clearly specify their sources for utility estimation, representing a meth-

odological gap in these evaluations. 

 

Assessment of AI Implementation in clinical settings 

Among the reviewed studies, the protocol by Borsoi et al. (2024) uniquely addressed comprehensive 

implementation aspects of AI in clinical settings, proposing to evaluate usability, acceptability, organ-

isational impact, feasibility, and environmental consequences of the CINDERELLA mobile application 

for breast cancer treatment decision-making.  

 

For usability assessment, the protocol describes employing validated instruments including the 

mHealth Apps Usability Questionnaire (MAUQ) for patients, which evaluates three dimensions (ease 

of use, interface satisfaction, and usefulness) across 18 items on a seven-point scale. Additionally, they 

plan to incorporate the user version of the Mobile App Rating Scale (uMARS), focusing specifically on 

the four-question information quality subscale rated on a five-point scale. 

 

The protocol outlines how to measure acceptability from patients and healthcare professionals’ per-

spective through app usage statistics, MAUQ questionnaire responses, semi-structured interviews, 

and focus groups. The organisational impact evaluation was designed to utilise focus groups to exam-

ine changes in work processes, human resource requirements, professional relationships, resource 

needs, and patient involvement following AI implementation. 

 

The proposed feasibility assessment integrates findings from economic evaluation, usability, accepta-

bility, and organisational impact analyses. This protocol also incorporates environmental impact as-

sessment based on the quantity of services used, appropriateness of care delivery, and emissions as-

sociated with healthcare provision. This included quantification of healthcare service utilisation, travel 

distances to healthcare facilities, and transportation modes.  

 

Resource utilisation  

The studies incorporated various cost categories, with most studies including direct healthcare costs 

such as hospitalisations and health services (diagnostic procedures, treatments, and surgeries). 
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Several studies (Borsoi et al. 2024; Libanio et al. 2024; Areia et al. 2022) also included indirect costs 

such as productivity losses, and informal care.  

 

The pricing approaches for AI technologies varied across studies: Trulijo et al. (2025) modelled the 

cost of LungFlag using an annual license fee structure, estimating approximately €60,000 annually for 

the 17 licenses required for implementation across Spain. Du et al. (2023) and Areia et al. (2022) em-

ployed a more detailed approach, evaluating multiple AI pricing models offered by system providers 

(including pay-per-use, one-off perpetual licensing, and yearly subscriptions) and incorporating esti-

mated labour costs based on radiologist hourly rates. This variability in cost modelling approaches 

reflects the evolving economic frameworks surrounding AI implementation in cancer care settings. 

 

Reported results  

The results in most studies were reported as incremental cost effectiveness ratio (ICER) (i.e. the dif-

ference in total mean costs between the intervention and comparator divided by the differences in 

effectiveness (QALYs or natural units)) (Barkun et al. 2023; Borsoi et al. 2024; Bustamante-Balén et al. 

2025; Hill et al. 2024; Gomez Rossi et al. 2022; Libanio et al. 2024; Marka et al. 2024; Mital and Nguyen 

2022; Shen et al. 2023; Trujillo et al. 2025; Vargas-Palacios et al. 2023; Yonazu et al. 2024; Ziegelmayer 

et al. 2022) cost saved per patient screened/cost per case prevented (Areia et al. 2022; Du et al. 2023; 

Geng et al. 2025; Huang et al. 2025) and cost savings (Adams et al. 2021; Ahsen et al. 2025; Kacew et 

al. 2021; Areia et al. 2022). In addition, one study (Hill et al. 2024) reported incremental net monetary 

benefit (INMB) and one study reported the results in terms of break-even analysis, while three studies 

presented the overall costs associated with the use of AI (Ahsen et al. 2025; Adams et al. 2021; Huang 

et al. 2025). Thirteen (62%)  EEs (Borsoi et al. 2024; Hill et al. 2024; Mital and Nguyen 2022; Vargas-

Palacios et al. 2023; Shen et al. 2023; Barkun et al. 2023; Bustamante-Balén et al. 2025; Libanio et al. 

2024; Yonazu et al. 2024; Ziegelmayer et al. 2022; Trujillo et al. 2025; Gomez Rossi et al. 2022; Marka 

et al. 2024) reported the AI intervention was cost effective versus the comparator relative to an ex-

plicit or implicit threshold value (see Table 3.2). In 6 (29%) studies (Ahsen et al. 2025; Barkun et al. 

2023; Adams et al. 2021; Kacew et al. 2021; Du et al. 2023; Mori et al. 2020) the AI interventions 

produced potential cost savings. Adams et al. (2021) noted that demonstrated cost savings were pri-

marily attributable to increased specificity afforded by AI algorithms and subsequent reduction in un-

necessary follow-up investigations. 

 

Two studies (Shen et al. 2023; Huang et al. 2025) noted particular challenges with how AI systems 

would be incorporated into clinical practice and the impact of contextual and individual factors 
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affecting adoption, for example existing technology infrastructure and qualified personnel in under-

served rural areas. The results from Shen et al. (2023) demonstrated that cost-effectiveness thresh-

olds depend heavily on factors such as radiologist salaries and workload volumes, with AI systems 

becoming more economically viable in high-volume settings or when professional costs are higher. 

The findings suggest that AI-implementation strategy based on combined human-machine workflows 

may be most effective when designed to complement rather than replace human expertise. This ap-

proach achieved cost reductions between 17.5% and 31.1% (Ahsen et al. 2025).  

 

Fourteen studies presented sensitivity analyses (14/21, 67%), mostly using deterministic and proba-

bilistic sensitivity analyses. The results of sensitivity analyses showed that economic evaluation out-

comes were sensitive to changes in the estimates informing AI accuracy and costs. Subgroup analyses 

were planned and have not been reported yet, in one study (Borsoi et al. 2024) to investigate how 

costs and outcomes vary between different patient subgroups, based on factors such as age, educa-

tion level, marital status, comorbidity profile, employment status, digital health literacy, and trial 

country.  

 

Quality assessment 

The CHEERS-AI and Philips checklist was used to assess the methodological quality of the studies (Table 

A3.2 and Table A3.3, Appendix 3). The scores ranged from 50% to 78%, with an average of 68%,  as 

indicated in Table A3.2, Appendix 3. The study that received the highest score used a decision tree 

model to examine the cost-effectiveness of MRI with artificial intelligence compared to conventional 

MRI, in distinguishing whether incidentally found renal lesions were benign or malignant (Marka et al. 

2024). Although most studies provided explicit statements on the checklist, none involved an ap-

proach to patient participation and engagement. Regarding the AI-related items specifically, all studies 

indicated whether the AI intervention was directive or whether users would retain autonomy to make 

care decisions. Although the description of the AI components and validation of performance esti-

mates was presented in six studies, the impact of AI uncertainty on the cost-effectiveness was dis-

cussed in only one study (Ahsen et al. 2025). Four  studies (19%) state that the model’s learning per-

formance will be impacted over time by the assumptions made during model development, such as 

assuming data used in deployment will resemble the data used during training and key feature and 

outcome definitions don’t change, which may not hold in real-world settings (Areia et al. 2022; Shen 

et al. 2023; Ziegelmayer et al. 2022; Adams et al. 2021). Five studies discussed requirements needed 

to integrate the AI intervention (and comparators, as appropriate) into practice, and other implemen-

tation considerations relating to the AI component of the intervention, including implications for the 
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interpretation of cost-effectiveness results. Additional information regarding the CHEERs-AI checklist 

can be found in Table A3.2, Appendix 3. 

 

Discussion 
 

This review reports results that build on the review conducted by Tun 2024 (Tun et al. 2024), including 

an updated search of literature. Tun et al provided an overview of the EE evidence base for AI health 

technologies in oncology, and identified 12 studies, 9 of which were also included in this review. The 

remaining three studies were excluded due to an incorrect intervention (Thiruvengadam et al. 2023), 

incorrect design (Reason et al. 2024) or limited information (abstract only) (Kenseth et al. 2024).  

This review demonstrates economic evaluations of AI health interventions in oncology, were reported 

as cost-effective or dominant compared to conventional approaches. However, important methodo-

logical and reporting limitations persist.  

 

A total 21 EE were identified, primarily assessing AI-based automated image analysis interventions for 

diagnosis and screening in oncology. Nearly all were CUAs and CEAs. Some of the EEs only presented 

trial-based analyses, but the large majority were model-based and mostly used Markov models pre-

senting results beyond the trial period. All the included studies compared conventional approaches 

with AI integration in oncology showing that hat AI improved outcomes and/or lowered costs and 

improved cost-effectiveness. Most studies adopted healthcare system or payer perspectives with life-

time horizons, following established EE methodological approaches (Drummond et al. 2015). In terms 

of the EE results, the AI interventions were found to be cost effective or dominant in 13 studies and 

potentially cost saving in six studies. The remaining two studies did not report cost-effectiveness, be-

cause one was a protocol (Borsoi et al. 2024) and the other was not a full economic evaluation (Huang 

et al. 2025).  

 

This scoping review reveals that the benefits for AI use is particularly useful in supporting screening 

and diagnosis.  The predominance of model-based evaluations using cost-utility and cost-effectiveness 

analysis frameworks suggests AI interventions are being increasingly evaluated within traditional 

health technology assessment (HTA) paradigms. However, Markov models and decision trees may not 

adequately capture the dynamic nature of AI technologies. Unlike traditional medical interventions, 

AI systems can potentially improve over time as they learn from additional data, challenging standard 

assumptions about fixed intervention effects (Adekunle 2024; Hendrix et al. 2022).  Simulation-based 

modelling approaches present opportunities to build more flexible models capable of addressing the 
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dynamic nature of AI interventions and capturing complex downstream effects in clinical pathways. 

However, microsimulation inherently incorporates considerable uncertainties due to calculation as-

sumptions. Sensitivity analyses consistently revealed that results were highly dependent on AI accu-

racy parameters and implementation costs.  

 

Most studies sourced the model inputs from published literature focused on prediction accuracy and 

precision rather than clinical effectiveness. There is a notable lack of RCTs directly comparing AI with 

current practice, with most studies relying on published data supplemented by multiple assumptions 

regarding compliance, time horizons, and model inputs, potentially yielding overestimated results. 

Data on efficacy of AI was obtained from different studies and demographic and personal risk factors 

considered in the analyses. The differences in healthcare characteristics, clinical practices, and service 

accessibility across different settings, may limit the generalisability of the study results. Two studies 

(Adams et al. 2021; Kacew et al. 2021) acknowledged that datasets used for AI training may not be 

representative of diverse target populations, particularly racial minorities. This raises important ques-

tions about equitable benefit distribution across demographic groups. This pattern highlights a critical 

need for more primary effectiveness research specific to AI applications in cancer care to strengthen 

future economic evaluations. 

 

Most evaluations adopted healthcare or payer perspectives, omitting patient-incurred costs that 

would be included in societal perspectives. Studies varied in their approach to AI technology pricing 

models, with some considering licence-based approaches and others using pay-per-analysis models. 

Cost of using AI in clinical practice was often based on assumption as it was not yet known and was 

not available from the existing literature. Given the current financial pressures on healthcare systems, 

however, a high set-up cost or annual maintenance of AI systems could be a barrier to implementa-

tion.  

 

AI implementation success depends on broader socio-technical and economic factors that transcend 

the technology itself. The results of this review show that AI effectiveness is contingent upon contex-

tual integration factors rather than algorithmic performance alone. The challenges identified in rural 

settings (Huang et al. 2025) illustrate how infrastructure limitations and resource constraints can un-

dermine even technically sound AI solutions. AI systems were shown to be more viable when profes-

sional resource costs are high or when deployed at scale. The studies noted the importance of the 

upstream process quality and human capability development. The optimal AI deployment followed a 

complementary rather than substitutive model, where technology augments human capabilities 
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within carefully designed workflows. These findings collectively indicate that AI implementation suc-

cess requires systems thinking that addresses organisational, economic, and human factors alongside 

technical considerations. Quality assessment of the included studies showed that most studies had 

limitations arising from data sources and input assumptions. This aligns with previous findings sug-

gesting that despite increasingly sophisticated economic evaluation techniques, the underlying evi-

dence remains limited (Vithlani et al. 2023).  

 

None of the included studies were conducted for the Australian healthcare setting. There was a nota-

ble lack of studies exploring different care settings, particularly rural areas and middle-income coun-

tries, despite AI technologies' potential to address healthcare personnel shortages and overcome bar-

riers to advanced medical equipment access in these settings. This gap is significant, as highlighted by 

Huang who noted the challenges with implementation and scaling up of AI-assisted programs in un-

derserved rural areas that face insufficient human resources and logistical constraints. The "digital 

divide" remains a significant barrier, as unequal access to digital infrastructure hampers effective AI 

implementation globally.  

 

The studies were focused on screening and diagnosis applications, with no studies evaluating AI across 

other phases of cancer treatment. This represents a significant gap in understanding the comprehen-

sive value proposition of AI across the entire oncology care continuum. However, there are AI appli-

cations emerging across the broader oncology care continuum, including treatment planning, moni-

toring, and survivorship, which are not yet captured in existing evaluations. This points to an important 

gap in understanding the full economic and clinical value of AI in cancer care. 

 

A key strength of this scoping review is the application of the CHEERS-AI checklist to assess the quality 

of included economic evaluations of AI-based health technologies. The CHEERS-AI checklist is a re-

cently developed extension of the Consolidated Health Economic Evaluation Reporting Standards 

(CHEERS) (Elvidge et al. 2024), specifically designed to guide and improve the reporting of economic 

evaluations involving AI interventions. Its use is particularly important given the unique methodolog-

ical and implementation challenges associated with AI in healthcare, including issues related to trans-

parency, model adaptability, and integration into clinical workflows.  

 

Potential future research directions  

To advance the research in this field, the following future research areas are of interest:  
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• Collection and analysis of real-world evidence following implementation to clarify how im-

provements in diagnostic accuracy impact cost-effectiveness; 

• Consideration of expected value of information analysis to assess parameter uncertainty and 

guide research and development priorities; 

• Expansion of studies to include broader oncology settings and applications beyond screening 

and diagnosis. 

 

Addressing these recommendations would significantly strengthen the evidence base and promote 

more informed decision-making regarding the economic value of AI interventions in oncology care. 

Overall, the findings of this scoping review reinforce the limitations of applying traditional economic 

evaluation approaches to DHTs, as discussed in Chapter 2 of this thesis. In particular there remains a 

narrow focus on health outcomes and reliance on QALYs, which often fail to capture the broader value 

these technologies can offer, such as increased patient empowerment (Bracey et al. 2025), improved 

healthcare system efficiency (Faiyazuddin et al. 2025) , reduced healthcare resource use through re-

mote monitoring (Ramezani et al. 2025; Mohanadas 2025), enhanced communication (Clay et al. 

2024), and productivity gains (Olawade et al. 2024). Most of the studies included in this review evalu-

ated only health-related benefits, overlooking the wider social, behavioural, and system-level impacts. 

This highlights the need for methodological adaptations to better reflect their unique and multifac-

eted value. For example, further research may consider the use of stated preference (SP) methods, 

which provide a robust framework for assessing the value of DTHs such as AI, by addressing their 

multifaceted impacts. 

This scoping review has several limitations that should be considered when interpreting the findings. 

First, the search strategy was deliberately focused on identifying economic evaluations of AI in oncol-

ogy, which may have limited the capture of studies using broader economic or decision-analytic frame-

works, such as health technology assessment, or multi-criteria decision analysis. While this targeted 

approach aligned with the primary review objective, it may have resulted in the under-representation 

of relevant studies that evaluated AI using alternative or complementary assessment methods. Finally, 

the limited number of studies identified highlights the evolving nature of the field and suggests that 

relevant evidence may exist outside the scope of the current search or in grey literature not captured 

by the databases searched.   
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Chapter 4:  Preference research methodologies  
 

The preceding chapter presented the findings of a scoping review examining the current landscape of 

economic evaluations of artificial intelligence (AI) in oncology. The review revealed a growing body of 

literature in this area, with evidence suggesting that AI can be both cost-effective and cost-saving, 

particularly in the screening and diagnostic phases of cancer care. However, it also highlighted key 

limitations, notably the uncertainty around the real-world applicability of these results and the narrow 

focus on model-based evaluations using traditional cost-utility and cost-effectiveness frameworks. 

These approaches often fail to capture unique features of AI technologies, such as algorithmic adapt-

ability, data dependency, and evolving lifecycle costs. Together, these findings point to a need for 

more flexible and context-sensitive methods to assess the value of AI and other digital health inter-

ventions.  

 

Considering these evidence gaps, this chapter introduces stated preference (SP) methods as a prom-

ising approach to complement existing evaluation frameworks. These methods offer a way to capture 

stakeholder preferences, providing insights into the perceived benefits and trade-offs associated with 

digital health innovations such as AI. The empirical analyses presented in this thesis will build on these 

methods, applying them to investigate how different stakeholders value digital health technologies. 

 

Stated preference methods, such as discrete choice experiments, are particularly suited for assessing 

digital health interventions because they allow the elicitation of preferences for specific features, 

trade-offs, and outcomes that may not yet be observable in real-world usage. Unlike revealed prefer-

ence approaches, which rely on actual behaviour or uptake data, stated preference methods can cap-

ture hypothetical or future scenarios, enabling the assessment of innovations, emerging technologies, 

or complex interventions where market data are limited or unavailable. This makes SP methods espe-

cially valuable for evaluating digital health solutions, where adoption, usability, and perceived benefits 

vary across users and contexts (Mühlbacher and Johnson 2016). 

 

Stated preference  methods are applied in this thesis to explore various aspects of the value attributed 

to improvements in digital health maturity and their implications for users and the overall system. This 

analysis is conducted using two case studies, each showcasing significant recent advancements in 

DHTs expected to revolutionise the healthcare sector, specifically the application of artificial intelli-

gence (AI) technology in radiation oncology and the evaluation of the Australian National Digital 

Health Strategy (NDHS). The studies are based on a structured approach, incorporating SP methods, 
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including BWS and DCEs. The following sections of this chapter provide an overview of the choice 

experiment methodology, including survey development, statistical design, and data analysis. In the 

subsequent chapters, this methodology is applied to explore the adoption of AI in radiation therapy 

and the evaluation of the NDHS.  

 

Choice-based preference measurement methods 
 

Understanding value is essential for informing priority setting and decision-making, particularly in 

healthcare. This process is guided by the preferences of consumers as well as other key decision mak-

ers, such as providers and policy makers. In economics revealed preference is inferred from choices 

made in markets, under circumstances where there is no market failure. However, due to distinctive 

features of health and healthcare goods (e.g., uncertainty, risk, quality of life) which are typically not 

traded in conventional markets, estimating consumer preferences using revealed preference data can 

be challenging. Hence, stated preference methods have become widely used.  

 

Stated preference methods are used to understand individual’s priorities, using surveys in which re-

spondents choose from a set of predefined options. A key component of these surveys is that the 

choice tasks are clearly defined and systematically constructed as part of designed experiment, ena-

bling valid estimation of the underlying preference model (Mühlbacher and Johnson 2016). Choice-

based preference measurement methods are grounded in Random Utility Theory, a well-established 

framework in human decision-making proposed by Thurstone and generalised by McFadden (Flynn et 

al. 2007). Methods such as discrete choice experiments (DCEs) and best-worst scaling (BWS) are tools 

that can be used to inform value frameworks for digital health technologies (DHTs). They allow quan-

titative assessment of a wide range of criteria relevant for the assessment of DHTs, such as clinical 

effectiveness, cost-effectiveness, patient experience, usability, equity, and data security. By system-

atically capturing how different stakeholders, including patients, clinicians, and payers, prioritise var-

ious attributes of DHTs, SP methods reveal the trade-offs users are willing to make (e.g., between data 

privacy and real-time feedback). These insights provide input into multi-criteria decision analyses, eco-

nomic evaluations, and help shape the design, implementation, and reimbursement of DHTs.  

 

Choice-based experiments  
 

Choice-based experiments are a family of methods used to study decisions people make when faced 

with alternative options. By systematically varying the characteristics of these options and observing 
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the choices individuals make, researchers can study preferences and trade-offs. Within this family of 

methods, DCEs and BWS are two of the most frequently applied approaches, each offering distinct 

ways to capture and analyse preferences. The following sections provides the conceptual foundation 

and background necessary for the subsequent empirical chapters, which apply the DCEs (Chapters 5 

and 6) and BWS (Chapter 7) approaches. 

 

Discrete choice experiment (DCE) 

A DCE is a type of SP method used to understand people’s preferences by asking them to make choices 

between alternative options, often called profiles. In this situation respondents evaluate profiles that 

consist of multiple attributes, with each attribute taking on a specific level from a finite set of possible 

levels. The attributes may be either quantitative or qualitative and their levels are selected from a 

plausible and policy-relevant range (Street and Viney 2019) to reflect a subset of the possibilities that 

respondents may face. A combination of sources should be used to inform the identification and de-

velopment of the attributes and their corresponding levels. These sources could include published 

literature, stakeholder consultations, and qualitative research focused on the population of interest. 

The purpose of the literature review is twofold: to identify whether any previous research has been 

undertaken on the topic (or a closely related topic) or, if not, whether there is any (and if so, sufficient) 

qualitative research available to inform the development of suitable items (that is, the master list) for 

the survey. If a number of published papers report similar findings, the need for expert guidance is 

reduced and preliminary qualitative research is not required. Selecting attributes with minimal corre-

lation improves statistical efficiency, reduces the need to address multicollinearity in the analysis, and 

provides clearer insights into respondent preferences. While there is no specific written guideline re-

garding the number of attributes a DCE should include, prior studies have shown that an increase in 

the number of attributes leads to a situation where the cognitive burden stemming from increased 

volume of information will increase complexity-induced choice inconsistency (DeShazo and Fermo 

2002).  

 

Attribute levels are assigned to an attribute as a part of the designed experiment development. The 

multiple levels of each attribute are then varied systematically across the options in the choice tasks, 

and the respondents are asked to choose the option they prefer from each choice task they are shown 

in Figure 4.1. Depending on the number of choice tasks generated, these may be allocated to different 

versions so that respondents are not overwhelmed by the number of tasks that they are asked to 

complete. Following established guidelines, such as those from the ISPOR taskforce (Bridges et al. 

2023) can ensure high-quality survey development and appropriately designed DCEs.  
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Figure 4.1: Example of a choice task in a DCE 

Use of DCEs in this thesis 

In this PhD research, two DCEs were designed and implemented to address distinct yet complemen-

tary research questions. The first DCE focused on health care professionals (HCPs) involved in radiation 

therapy planning, exploring their preferences for the use of AI in radiation therapy planning and de-

livery. The second DCE surveyed the Australian general public to understand their preferences and 

attitudes toward the use of AI in radiation therapy. Together, these experiments offer a comprehen-

sive perspective on both professional clinical considerations and public perceptions regarding the use 

of AI in radiation oncology. The DCE is an appropriate methodological approach to address the pref-

erences for adoption of AI in radiation oncology because there is no established market revealing 

preferences of patients and HCPs, given the limited information available on this relatively new market 

segment. AI is not one technology but rather a collection of technologies. As such it represents a multi-

attribute service. The DCE design allows us to create choice options to place in choice tasks in a con-

tingent yet realistic market to assess preferences for different features of AI.  

The object case BWS 

BWS, also known as maximum-difference scaling, is a multi-attribute approach to measuring prefer-

ences. It is a stated-preference method based on the assumption that respondents are capable of 

making judgments regarding the best and the worst out of three or more elements of a choice-set 

(Mühlbacher et al. 2016) . There are three types of BWS, referred to as cases, being object case, profile 

case and multi-profile case. The difference between these BWS types is the complexity of the items 

or options under consideration (Louviere et al. 2015). This chapter provides a detailed overview of the 
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object case BWS, the methodological approach used to develop the empirical study presented in 

Chapter 7.  

In the object case of BWS the researcher is interested in measuring a set of objects, items, statements 

etc on an underlying latent subjective scale (Louviere et al. 2015). Unlike in DCEs, in the BWS approach 

used in this thesis, object case BWS, respondents are presented with systematically generated subsets 

of three or more objects (items, attributes) drawn from a master list of objects and are asked, within 

each subset, to identify the ‘best’ (most preferred or most important) and the ‘worst’ (least preferred 

or least important) object. This task is repeated multiple times using subsets of items from the master 

list, with the subsets coming from a statistical design, allowing for robust estimation of preference 

structures. The number of scenarios required to identify a complete ranking depends on the number 

of objects and on the size of the subsets (Mühlbacher et al. 2016). An example of a BWS task appears 

in Figure 4.2.  

 

Figure 4.2: Example of best-worst scaling (BWS) choice task for the object case  

 
 

BWS offers several advantages over pairwise comparison. First, using designed experiments, such as 

balanced incomplete block designs (BIBDs), can allow for a comparison of multiple objects more effi-

ciently. Second, BWS allows two answers per set (‘best’ and ‘worst’), which provides a more efficient 

presentation and collection of information (Hollin et al. 2022). BWS is particularly effective for han-

dling a large number of objects, as it breaks down the evaluation into manageable tasks, minimising 

respondent fatigue and improving data quality. BWS compels respondents to prioritise by selecting 

the ‘best’ and ‘worst’ options from a subset of the items under consideration, providing clear and 

actionable preference rankings. Unlike Likert scales, which allow respondents to rate each initiative 

independently and often result in inflated or clustered ratings (Mühlbacher et al. 2016). BWS ensures 

relative differentiation among initiatives, avoiding the problem of rating everything as equally im-

portant (Mühlbacher et al. 2016). Furthermore, BWS generates preference scores that make it easy 

to rank initiatives objectively, offering better predictive validity and cross-respondent comparability. 
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These strengths make BWS a powerful tool for decision-making and resource allocation, especially 

when prioritising initiatives in complex contexts like health policy or business strategy (White 2021). 

The effectiveness of the BWS methods may be limited by the cognitive burden of too many objects, 

the relative nature of the scoring and potential results validity issues if the sample of respondents 

does not adequately represent the target population (Hollin et al. 2022). In addition, while the BWS 

approach can be useful for object ordering, where objects lack attribute level structure, the object 

ordering may lack accuracy and discriminating power in certain situations (Mühlbacher et al. 2016). 

However, recent studies have demonstrated BWS's particular effectiveness in healthcare policy anal-

ysis, where understanding complex prioritisation dynamics is crucial (Mühlbacher et al. 2016). Beyond 

healthcare, BWS methods are increasingly used in a variety of fields including agriculture, business, 

banking, environment, linguistics and transportation (Amiri et al. 2023; Schuster et al. 2024).  

 

The Use of BWS in this thesis  

BWS methodology was chosen as being appropriate for evaluating the alignment between the Aus-

tralian National Digital Health Strategy (NDHS) on the one hand and public preferences for resource 

allocation on the other. BWS exercises are well suited for identifying which outcomes are critical for 

key decision-makers and how these may be aligned or misaligned (Irie et al. 2024). By asking respond-

ents to select both the most and least important items within a set, BWS captures priorities and pro-

vides a quantifiable measure of relative preferences, minimising cognitive biases associated with tra-

ditional rating or ranking methods (Mühlbacher et al. 2016). This approach is particularly useful in 

complex decision-making contexts, such as digital health, where multiple competing priorities (e.g. 

interoperability, digital literacy, data analytics) must be evaluated. BWS not only facilitates the identi-

fication of shared priorities across diverse stakeholders but also highlights areas of misalignment be-

tween strategic objectives and public preferences. This allows policy-makers to make evidence-based 

adjustments to policies and resource allocation. It also allows one to test different scenarios to inves-

tigate how changes in priorities could affect alignment with public preferences.  

 

The remainder of this chapter outline the key considerations in constructing designed experiments 

and analysing data generated from choice experiments, with a particular focus on the approaches 

adopted in the empirical studies presented in this thesis (Chapters 5-7). 

 

Construction of designs for choice experiments  
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The construction of a designed experiment is a systematic method of generating choice tasks that are 

presented to respondents. It is a crucial step in choice-based studies, as it determines both the statis-

tical efficiency of the set of choice tasks presented to respondents and the cognitive burden placed 

on respondents. More efficient designs give more accurate estimates using the same number of re-

spondents, all else being equal.  

 

DCE  

A statistical design for a choice experiment refers to how attributes and levels are combined into op-

tions which are then combined into choice tasks. An effective design should provide sufficient varia-

tion across choice tasks to enable unbiased estimation of the parameters of interest, while also re-

maining manageable for respondents to complete (Street and Viney 2019). A statistical design for a 

choice experiment refers to how attributes and levels are combined into options which are then com-

bined into choice tasks. An effective design should provide sufficient variation across choice tasks to 

enable unbiased estimation of the parameters of interest, while also remaining manageable for re-

spondents to complete (Street and Viney 2019).  

 

The first step in the generation of a designed experiment is to specify the analytical model that is going 

to be used to estimate the parameters of the DCE. The MNL model has been previously described as 

the “workhorse” of DCE estimation, and it typically serves as a starting point for basic model estima-

tion (Street and Viney 2019). Extensions of the MNL (e.g. mixed logit, and latent class models) may be 

used to account for the limitations of the MNL model (see Section 4.4). The first step in the generation 

of a designed experiment is to specify the analytical model that is going to be used to estimate the 

parameters of the DCE. The MNL model has been previously described as the “workhorse” of DCE 

estimation, and it typically serves as a starting point for basic model estimation (Street and Viney 

2019). Extensions of the MNL (e.g. mixed logit, and latent class models) may be used to account for 

the limitations of the MNL model (see Section 4.4).  

 

The next step in model specification is deciding whether main effects only, or main effects and inter-

action effects, including between which pairs of attributes, will be included. Main effects investigate 

the effect of each attribute level, independent of all other attribute levels, on the choice. If the effect 

on the choice made at one level of an attribute depends on the level of another attribute, then we say 

that the two attributes interact. In this thesis, given the novel nature of the research on the uptake of 

AI in radiation therapy and the lack of empirical evidence to suggest the presence of potential inter-

actions between attributes, we decided to only look at main effects.  
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During the construction of a designed experiment, hypothetical alternatives are generated and com-

bined to form choice tasks based on the selected attributes and levels. Unlabelled alternatives, which 

describe options only in terms of their attributes and levels and without an identifying label, are most 

commonly used in health economics and were adopted in this thesis. The choice tasks may be pre-

sented with full or partial profiles and with or without an opt-out option. A full-profile design presents 

all attributes for the alternatives in each choice task. In contrast, a partial-profile DCE omits certain 

attributes from some alternatives. To better reflect real-world decision-making, a neutral option (‘nei-

ther’ or ‘status-quo’), commonly referred to as an opt-out alternative (Szinay et al. 2021) is also in-

cluded. This option can be presented either as part of the choice task or as a follow-up question. The 

DCEs presented in Chapters 5 and 6 employed forced choice full-profile designs, but allowed for pos-

sible overlap between attribute levels. The opportunity to opt-out was incorporated through a follow-

up question, asking whether the respondent would instead prefer the status quo, suitably described.  

As the number of attributes, alternatives, options and choice tasks increases, so does task complexity. 

This raises concerns about cognitive burden, which can be mitigated through techniques such as block-

ing. Blocking partitions a large designed experiment into smaller, equal-sized subsets so that each 

respondent only completes a fraction of the total set of choice tasks (Szinay et al. 2021). Efficient 

designed experiments maximise the precision of estimated choice model parameters for a given num-

ber of choice tasks (Szinay et al. 2021). As the number of attributes, alternatives, options and choice 

tasks increases, so does task complexity. This raises concerns about cognitive burden, which can be 

mitigated through techniques such as blocking. Blocking partitions a large designed experiment into 

smaller, equal-sized subsets so that each respondent only completes a fraction of the total set of 

choice tasks (Szinay et al. 2021). Efficient designed experiments maximise the precision of estimated 

choice model parameters for a given number of choice tasks (Szinay et al. 2021).  

 

A full factorial design includes all possible combinations of the attributes and levels and can be used 

to provide the options that can be grouped into choice tasks for the DCE.  It is the grouping of these 

options into sets of choice tasks, and the choice of tasks to include in the DCE, that determines 

whether the DCE can allow for the estimation of main effects only, or main effects and any desired 

interaction effects. In general, one cannot present respondents with all possible combinations of op-

tions as that results in a large number of choice tasks, many of which provide little useful information 

(Street and Viney 2019). For instance, a design with 5 attributes with 3 levels presented in choice tasks 

with 2 alternatives would generate 29,403 possible choice tasks, being 3^5 possibilities for the first 

item, (3^5-1) for the second item and since the order of presentation of the items in an unlabelled 
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choice task is immaterial, only one of each ordered pair of items is required. Administering such a 

design would clearly be impossible. To address this, researchers commonly reduce the number of 

choice tasks by selecting a subset of choice tasks that enable the desired models to be estimated and 

compare such subsets of choice tasks using an optimality measure to determine which is the best 

(Street and Viney 2019).  

 

The most widely used optimality criterion in DCE design is D-optimality. The D-optimality criterion 

minimises the joint confidence sphere around the complete set of estimated model parameters by 

maximising the determinant of the inverse of the variance-covariance matrix in maximum-likelihood 

estimation. Algorithms can be used to construct D-optimal designs, and a corresponding D-efficiency 

score provides a quantitative measure of design quality (Johnson et al. 2013). 

 

Most available software solutions for constructing designed experiments use algorithms to construct 

D-optimal designs for the smallest possible design that identifies all the necessary parameters. The 

DCEs presented in this thesis (Chapters 5 and 6) employed a D-optimal design generated using the 

idefix package in R Studio (Traets et al. 2020), which specified choice tasks (allocated across survey 

versions) for direct implementation in the experiment. Blocking was applied to reduce respondent 

burden and improve response quality. 

 

BWS  

The construction of designed experiments in a BWS tells us which objects (object code numbers, re-

ferred to as items) to put in each choice task. BWS experiments with a large number of items may put 

additional burden on respondents. “In a standard best-worst experiment where we want to show each 

item three times, one can determine the appropriate number of number of questions, depending on 

the total number of items using simple math, multiplying three times the number of items in the study 

and dividing by the number of items per question. Increasing the total number of items increases the 

number of questions per respondent, and thus the length of the survey, at some point adversely af-

fecting the quality of responses” (Chrzan and Peitz 2019).  

 

To accommodate a large number of items, sparse and express BWS methods can be applied. Sparse 

BWS is a preferred method for handling a large number of items (Chrzan and Peitz 2019). “Express 

BWS shows different respondents different subsets of the items; each respondent sees each of the 

items in her subset (and only those items) three or four times. For example, in a study of 100 items, 

we might randomly select a unique subset of 24 items for each respondent. Each respondent receives 
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18 choice tasks of four items each, with each of the 24 items in her unique subset presented in three 

choice tasks, and with none of the other 76 items presented. Each respondent receives a different 

subset of items, but across respondents, every item would be included in some respondents' subsets. 

A Sparse BWS, on the other hand, allows each item to appear as infrequently as just once across each 

respondent's BWS questions (rather than the previously suggested three to four times). To continue 

the example study of 100 items, we might, with a Sparse BWS experiment, show each respondent 20 

sets of five items each. A given respondent would see all 100 items, with each item appearing in ex-

actly one choice task. Different respondents would receive different blocks of the experimental de-

sign, allowing each item to appear with all the other items as well as enabling us to control for order 

and position effects” (Chrzan and Peitz 2019).  

 

The BWS study presented in Chapter 7 was a sparse BWS using a Balanced Incomplete Block Design 

(BIBD), which is the type of design most commonly used in object case BWS studies (Hollin et al. 2022). 

The BWS study presented in Chapter 7 was a sparse BWS using a Balanced Incomplete Block Design 

(BIBD), which is the type of design most commonly used in object case BWS studies (Hollin et al. 2022).  

A BIBD is constructed on a set of 𝑣 items by finding 𝑏 subsets, or blocks, each containing 𝑘 distinct 

items, such that each item appear in exactly 𝑟 blocks and each pair of items appears in exactly 𝜆 of the 

𝑏 blocks. The blocks of the BIBD can be used as the choice tasks of the BWS object case. 

 

Models for choice data analysis 
 

The analysis of data form choice -experiments is based on Lancaster’s theory of value, which assumes 

that utility is derived from the underlying characteristics of the options being presented (Lancaster 

and Tsushima 1966) and on the random utility model (RUM) (McFadden, D. 1974; Train 2009). The 

underlying choice process is utility maximisation, which assumes that each respondent will choose, 

from the options available, the one which has the higher/highest utility (for them) (Street and Viney 

2019).  

 

As mentioned above, the choice of model for analysing the choice experiment results must be consid-

ered during the design phase, as the model determines the information matrix, and functions of the 

information matrix are commonly used to evaluate and compare different designs (Street and Viney 

2019). Furthermore, for any choice model, the information matrix depends not only on the model 

itself but also on the unknown parameters. Therefore, it is important to consider how well the pro-

posed design is likely to perform across a range of plausible parameter values (Street and Viney 
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2019)As mentioned above, the choice of model for analysing the choice experiment results must be 

considered during the design phase, as the model determines the information matrix, and functions 

of the information matrix are commonly used to evaluate and compare different designs (Street and 

Viney 2019). Furthermore, for any choice model, the information matrix depends not only on the 

model itself but also on the unknown parameters. Therefore, it is important to consider how well the 

proposed design is likely to perform across a range of plausible parameter values (Street and Viney 

2019). The two most common models used for the analysis of choice experiments in health economics 

are the multinomial logit (MNL) and the mixed logit (MXL) model, each accounting for 39% of DCEs 

reported between 2013-2017 (Soekhai et al. 2019). The models presented in this section build directly 

on the contributions of Sarrias and Daziano (2017), Hensher (2015), and Street and Viney (2019), as 

referenced in the corresponding subsections of this thesis. 

 

Multinominal logit (MNL) 

In a DCE, if choice task c consists of multiple (m) options T1c,…, Tmc , with corresponding utility function 

Uic , 1 ≤ 𝑖 ≤ 𝑚 then option Tic  is chosen if Uic > Ujc ∀𝑗 ≠ 𝑖, 1 ≤ 𝑗 ≤ 𝑚, since a  respondent is 

assumed to select the option with the highest utility.  

 

The utility of an option is typically modelled as the sum of a systematic component, which depends 

on the attribute levels of the option (Ti) and a random component (ei), which captures unobserved 

factors, taste variation, or measurement error (McFadden, D. 1974; Train 2009). Thus:  

 

Ui= Vi +ei  .      (Equation 1) 

 

When the choices are made according to the Random Utility Model (RUM) principle and the random 

components are assumed to be independent and follow a Type 1 extreme value distribution, the re-

sulting model is the multinomial logit (MNL), where the probability of choosing a given option is de-

termined by the relative systematic utilities of all options in the choice task (Train 2009). In this case, 

the probability of choosing 𝑇!  is given by the logit formula:  

 

𝑃(𝑇! > {𝑇", 𝑇#, … 𝑇$}) = 
%&'()*!)

∑ %&'-)*".#
"$%

 ,   (Equation 2) 

 

where 𝜆 is a positive scale parameter inversely related to the variance of the random component. 

Since 𝜆 cannot be estimated separately from the coefficients, it is commonly set to 1. 
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As presented in Street and Viney (2019): “suppose each Ti is represented by a k-tuple (𝑡!",…,	𝑡!/) 

where 𝑡!0  is the level of attribute q, 1 ≤ q ≤ k, . If attribute 𝑞 has 𝑙0  levels (represented by 0, 1, ..., 𝑙0-

1), we must code these levels if we are fitting the attribute as a categorical variable when calculating  

𝑉!. This can be done with dummy or effects coding. In dummy coding, one level is omitted, the so-

called reference level, and represented by a vector of zeros, of length 𝑙0-1 while the remaining levels 

are coded as rows of the identity matrix of order 𝑙0-1. In effects coding, the reference level is repre-

sented by a vector of –1s of length 𝑙0-1, with other levels again corresponding to the rows of an iden-

tity matrix of order 𝑙0-1. The systematic utility for each option is then expressed as a linear combina-

tion of these coded attributes and a vector of parameters which need to be estimated. However, we 

do the coding we will represent the resulting vector associated with 𝑇!  by the row with vector 𝑥!. For 

a main effects model, the length of each 𝑥!  is: ∑ 7𝑙0 − 19/
01"  = 𝑝; and we have 𝑉! = 𝑥!𝛽 , where 𝛽 is 

a column vector of length 𝑝 of the parameters to be estimated.  

 

When interactions terms are included (e.g. for a two-way interaction between attributes 𝑞 and 𝑟), 

additional entries are adjoined to 𝑥!. In the case of two-way interactions between attributes 𝑝and 𝑞, 

the number of extra terms is 7𝑙0 − 19(𝑙2 − 1). Thus, the total length of 𝑥!  is the sum of the main-

effect terms and the interaction terms, with a corresponding increase in the length of 𝛽 but we will 

always assume that there are p parameters to estimate.  

 

The Fisher information matrix of the C, choice tasks which make up design d, is given by:  

 

𝑀345 = ∑ 𝑋67 @𝑑𝑖𝑎𝑔7𝑝7,59 − 𝑝7,5𝑝67,5D 𝑋7
9
71" .  (Equation 3) 

 

where 𝑝7,5  is the vector of choice probabilities for the entries in choice task c given the column of 

parameters 𝛽 and 𝑋7  is a matrix of order 𝑐	 × 𝑝 which has the 𝑥!  associated with the options in choice 

task 𝑐 as its rows. This is the information matrix for a single respondent and, assuming all respondents 

see the same choice tasks, the overall DCE information matrix is obtained by summing over the re-

spondents.  

 

Mixed logit (MXL) 

The MXL model relaxes the assumption of the multinomial logit model, allowing unobserved hetero-

geneity to be modelled by permitting each individual to have their own set of parameters which are 

assumed to come from some underlying distribution (Sarrias and Daziano 2017). The model explicitly 
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assumes that there is a distribution of preference weights across the sample reflecting differences in 

preferences among respondents, and it models the parameters of that distribution. In this thesis a 

normal distribution is assumed and so estimating the mean and standard deviation is sufficient, since 

these parameters uniquely characterize the normal distribution. The MXL model assumes that the 

elements of 𝛽 are random effects (Street and Viney 2019) where:  

 

𝛽 = 𝜇 + 𝑍𝜎 ,        (Equation 4) 

 

where 𝜇 = (𝜇", 𝜇#, … , 𝜇') represents the mean preference vector, 𝜎 = (𝜎", 𝜎#, … , 𝜎') represents 

the standard deviations and	𝑍 is a p x p diagonal matrix whose entries are independently and identi-

cally distributed random variables from the standard normal distribution.  

 

The MXL model estimates a set of mean preference weights and a set of standard deviations of effects 

across the sample. Interpretation of mean preference weights is made in relation to a base level for 

each attribute. The standard deviations indicate variability in the mean preference weights; larger 

(smaller) values indicate greater (smaller) variability (Hauber et al. 2016).  

 

The mixed logit model is defined on the basis of the functional form for its choice probabilities, given 

by (Train 2009):  

 

𝑃4! = ∫ 𝐿4!(𝛽)𝑓(𝛽)𝑑𝛽,      (Equation 5) 

 

where 𝐿4!(𝛽) is the logit probability evaluated at parameter 𝛽: 

 

𝐿4!(𝛽) =
:;<	(*'!(5))

∑ :;<	(*'"(5))
(
"$%

 ,       (Equation 6) 

 

and 𝑓(𝛽) is the density function. 𝑉4!(𝛽) is the observed portion of the utility, which depends on the 

parameter 𝛽. If the utility is linear in 𝛽, then 𝑉4!(𝛽) = 𝛽′𝑥4!. In this case, the mixed logit probability 

is expressed in the form (Train 2009): 

 

𝑃4! = ∫ ( :;<	(5)&'!)
∑":;<	(56&'")	

)𝑓(𝛽)𝑑𝛽 .      (Equation 7) 
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The mixed logit probability is a weighted average of the logit formula evaluated at different values of 

𝛽, with the weights given by the density 𝑓(𝛽). The MNL is a special case where the weights given by 

𝑓(𝛽) are 𝑏:	𝑓(𝛽)= 1 for 𝛽 = 𝑏  and 0 for 𝛽 ≠ 𝑏. The choice probability (Equation 7) then becomes 

the logit formula (Train 2009): 

 

𝑃4! =
:;<	(>)&'!)

∑"	:;<	(>)&'")
 ,        (Equation 8) 

and, which is the same for all individuals.  

 

The weights given by 𝑓(𝛽) can be non-zero at only a finite number of points, corresponding to 𝛽 

taking a finite set of distinct values (Train 2009). This gives rise to the latent class model which we 

discuss next. 

 

Latent class model (LC) 

Another approach to explore preference heterogeneity in the data is to use a Latent Class (LC) model. 

It is a special case of the mixed logit model, which is useful if the sample population consists of several 

segments (classes), each with its own preferences. Latent class analysis is used to identify latent clas-

ses within a population based on individuals’ responses to various choice tasks. Latent class models 

relax the assumption of homogeneous preferences and assume there are two or more classes or 

groups (segments) of people with homogenous preferences within each group (Shen 2009).  

The group membership variable is latent (unobserved) and while it can be related to a set of discrete 

observed measures such as general attitudes and perceptions as well as sociodemographic character-

istics of the individuals, in this thesis (Chapter 7) we only use the choices made to identify the classes 

(Shen 2009).The group membership variable is latent (unobserved) and while it can be related to a set 

of discrete observed measures such as general attitudes and perceptions as well as sociodemographic 

characteristics of the individuals, in this thesis (Chapter 7) we only use the choices made to identify 

the classes (Shen 2009). 

 

Suppose individual 𝑛 faces choice task 𝑐. Assuming that the person belongs to class 𝑔, the probability 

of choice 𝑖 is (Hensher et al. 2018): 

 

𝑃47|@(𝑖) =
:;<-&'+!5,.

∑ :;<-&'+"5,.#
"$%

 .      (Equation 9) 
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If we let 𝑦47  be the choice made by individual 𝑛 in choice set 𝑐 then individual 𝑛 has the sequence 

of choices 𝑦4 = (𝑦4", … , 𝑦49).  Then, conditional on class 𝑔, (Hensher et al. 2018): 

 

𝑃4|@ = ∏ 𝑃47|@.9
71"        (Equation 10) 

 

Since class assignments are unknown, the probability that individual 𝑛 belongs to class 𝑔 is modelled 

as (Sarrias and Daziano 2017):  

 

𝜔4@ =
:;<	(A,)

∑ :;<	(A")-
"$%

, 𝑔 = 1,… , 𝐺, 𝛾" = 0,    (Equation 11)  

 

where the 𝛾@ are constants.  

 

The likelihood for individual 𝑛 is the expectation (over classes) of the class-specific contribution, as 

shown (Hensher et al. 2018): 

 

𝑃4 = ∑ 𝜔4@𝑃4|@B
@1" .       (Equation 12) 

 

The log-likelihood (LL) for the sample is (Hensher et al. 2018): 

 

𝑙𝑛𝐿 = ∑ 𝑙𝑛𝑃4 = ∑ 𝑙𝑛C
41" Z∑ 𝜔4@(∏ 𝑃47|@9

71"
B
@1" )[C

41" . (Equation 13) 

 

The appropriate number of classes, 𝐺, that allows us to capture the true heterogeneity can be based 

on either the Akaike Information Criterion (AIC) or the Bayesian Information Criterion (BIC) (Stata 

2025):  

 

𝐴𝐼𝐶 = −2𝑙𝑛𝐿 + 2(𝑝	𝐺 + (𝐺 − 1)),     (Equation 14) 

𝐵𝐼𝐶 = −2𝑙𝑛𝐿 + 2(𝑝	𝐺 + (𝐺 − 1))𝑙𝑛(𝑁𝐶),   (Equation 15) 

 

where 𝑙𝑛𝐿 is maximised log-likelihood, (𝑝	𝐺 + (𝐺 − 1)) is the number of parameters estimated, 𝑁𝐶 

is number of observations from 𝑁	respondents, each providing 𝐶 choices. In models with latent 𝐺 

classes, the number of parameters is 𝑝	𝐺 + (𝐺 − 1), since each class has 𝑝 parameters, and (𝐺 − 1) 

𝛾s to estimate the class membership probabilities.  
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While the AIC and BIC are two popular measures for comparing maximum likelihood models, they 

each have distinct theoretical advantages. Thus, a researcher may judge that there may be a practical 

advantage to one or the other in some situations. For example, as mentioned earlier, in choosing the 

number of classes in a mixture model, the true number of classes required to satisfy all model assump-

tions is sometimes quite large, too large to be of practical use or even to allow coefficients to be reli-

ably estimated. In that case, BIC would be a better choice than AIC. Additionally, in practice, one may 

wish to rely on substantive theory or parsimony of interpretation in choosing a relatively simple model 

(Dziak et al. 2020). 

 

Once the parameters are estimated, we can compute the probability that individual 𝑛 belongs to class 

𝑔, conditional on their observed choices. These posterior class probabilities are obtained via Bayes’ 

theorem and given by (Hensher et al. 2018): 

𝜔̂4@ =
D̂',F̂',

∑ D̂',F̂',-
,$%

,       (Equation 16) 

 

where 𝜔̂4@	is used to indicate the respondents-specific estimate of the class probability, conditioned 

on their estimated choice probabilities, as distinct from the unconditional class probabilities that enter 

the LL function.  This posterior probability reflects how likely each individual is to belong to a given 

class and it forms the basis for class assignment, as well as for the calculation of class specific param-

eter estimates. Membership of a particular class may be characterised by shared observed demo-

graphic characteristics that determine choice, or by other unobserved factors that drive preferences. 

These can be investigated once the classes based on the choices made have been identified. 

 

Multinomial probit model (MNP) 

The multinomial probit model, instead of utilising the logistic function as in the multinomial logit 

model, employs the cumulative distribution function of the standard normal distribution, the probit 

function to estimate the probabilities of each category. The MNP model assumes that the error terms 

associated with each alternative follow a multivariate normal distribution, allowing for more flexible 

distributional assumptions compared to the MNL model. Like the MNL model, each outcome category 

in the MNP model has its own set of parameters, capturing the influence of predictor variables on the 

likelihood of choosing that category (Hensher et al. 2018).  

 

Willingness-to- pay 

In economics, the marginal rate of substitution is the amount of one good that a consumer is willing 

to give up in exchange for a new good, while maintaining the same level of utility (Mo| et al. 2020). 
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The approach for estimating MRS using DCE data is to take the ratio of the 2 estimated attribute level 

coefficients of interest, as in the equation below (Mo| et al. 2020). 

 

𝑀𝑅𝑆&G = 7𝛽& 𝛽G⁄ 9,     (Equation 17) 

 

where 𝑀𝑅𝑆&G  is the trade of between attribute levels x and y, and 𝛽&  and 𝛽G  are their coefficients in 

the choice model. 

 

BWS data analysis  

The principles underlying the analysis of the best-worst choice data are similar to those in a discrete 

choice experiment, and the theoretical framework common to both is random utility theory, which 

assumes that people make errors, but when choosing repeatedly their choice frequencies give an in-

dication of how much they value the items under consideration (Louviere et al. 2015). Thus, how often 

item A is chosen over item B gives an indication of how much item A is preferred to item B. This infor-

mation is obtained from how often respondents select item A as best and/or item B as worst in the 

presented choice tasks (Louviere et al. 2015). The principles underlying the analysis of the best-worst 

choice data are similar to those in a discrete choice experiment, and the theoretical framework com-

mon to both is random utility theory, which assumes that people make errors, but when choosing 

repeatedly their choice frequencies give an indication of how much they value the items under con-

sideration (Louviere et al. 2015). Thus, how often item A is chosen over item B gives an indication of 

how much item A is preferred to item B. This information is obtained from how often respondents 

select item A as best and/or item B as worst in the presented choice tasks (Louviere et al. 2015).  

 

As a first approximation, we calculate the individual best-worst scores by counting how many times 

each object is chosen as best and how many times it is chosen as worst, then subtract the worst count 

from the best count. These differences are then normalised to lie between -1 and +1 by dividing by 

the number of times each object appeared (its availability). This normalised score provides a mean-

ingful individual-level measure of preference or importance, where +1 indicates the item was always 

chosen as best every time that it was presented, and -1 means it was chosen as worst every time that 

it was presented (Louviere et al. 2015). These count-based results provide an initial indication of pref-

erence ordering and can inform subsequent statistical modelling. 

 

To extract more detailed preference information from BWS data, statistical models based on random 

utility theory can be employed, most commonly the multinomial logit (MNL) and mixed multinomial 
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logit (MXL) models.  In both model types, the observed choice data are used to estimate the probabil-

ity of selecting particular objects as best or worst, based on the difference in latent utility. For the 

MNL, these probabilities follow a logistic distribution. For the MXL, individual-level variation is mod-

elled, typically assuming normally distributed random coefficients. Each choice scenario is treated as 

a set of alternatives, with the respondent choosing the most and least preferred object from each set. 

The BWS task is modelled as a series of paired comparisons, where the probability of each best-worst 

(or most-least) combination is a function of the utility difference between chosen objects. The stand-

ard MNL model assumes homogenous preferences across respondents. It estimates utility coefficients 

for each object based on the observed pattern of best and worst choices. The MXL (mixed logit) model 

relaxes this assumption by allowing for random variation in utility coefficients across respondents, 

accommodating preference heterogeneity within the sample.  

 

Before estimating the MNL or MXL model, MaxDiff data must be transformed into a choice-modelling 

format suitable for logit estimation. First, a respondent–task–item level dataset is created where the 

independent variable is coded as 1 if the item was selected as best, −1 if selected as worst, and 0 

otherwise. The independent variables consist of item-specific dummy variables. In this structure, each 

best–worst decision contributes several observations to the likelihood function, allowing the model 

to estimate utility coefficients that reflect the relative preference for each item while accounting for 

the full choice context (Louviere et al. 2015). For example, if a respondent evaluates a set of four items 

{A, B, C, D} and selects A as best and D as worst (Table 1), this yields six paired comparisons: A vs B, A 

vs C, A vs D, B vs D, C vs D, and B vs C (coded as 0 for items not chosen), which are used to construct 

the data used for the log-likelihood for estimation (Table 2).  

 

Table 4.1: Item-level representation of a best–worst task 
Respondent Task Item Choice  Notes 

1 1 A 1 Best 
1 1 B 0 Not chosen 
1 1 C 0 Not chosen 
1 1 D −1 Worst 

 

The MaxDiff representation of this is given in Table 4.2 below:  
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Table 4.2: MaxDiff representation of data 
A B C D Choice 
1 -1 0 0 0 
1 0 -1 0 0 
1 0 0 -1 1 
0 1 -1 0 0 
0 1 0 -1 0 
0 0 1 -1 0 
-1 1 0 0 0 
-1 0 1 0 0 
-1 0 0 1 0 
0 -1 1 0 0 
0 -1 0 1 0 
0 0 -1 1 0 

 

It is this representation of BWS data that was used in Chapter 7 of this thesis. 
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Abstract  

Introduction 

The application of artificial intelligence (AI) in radiation therapy holds promise for addressing chal-

lenges, such as healthcare staff shortages, increased efficiency and treatment planning variations. In-

creased AI adoption has the potential to standardise treatment protocols, enhance quality, improve 

patient outcomes, and reduce costs. However, drawbacks include impacts on employment and algo-

rithmic biases, making it crucial to navigate trade-offs. A discrete choice experiment (DCE) was under-

taken to examine the AI-related characteristics radiation oncology professionals think are most im-

portant for adoption in radiation therapy treatment planning.  

 

Methods  

Radiation oncology professionals completed an online discrete choice experiment to express their 

preferences about AI systems for radiation therapy planning which were described by five attributes, 

each with 2-4 levels: accuracy, automation, exploratory ability, compatibility with other systems and 

impact on workload.  The survey also included questions about attitudes to AI. Choices were modelled 

using mixed logit regression.  

 

Results 

The survey was completed by 82 respondents. The results showed they preferred AI systems that offer 

the largest time saving, and that provide explanations of the AI reasoning (both in-depth and basic). 

They also favoured systems that provide improved contouring precision compared with manual sys-

tems. Respondents emphasised the importance of AI systems being cost-effective, while also recog-

nising AI’s impact on professional roles, responsibilities, and service delivery.  

 

Conclusions 

This study provides important information about radiation oncology professionals' priorities for AI in 

treatment planning. The findings from this study can be used to inform future research on economic 

evaluations and management perspectives of AI-driven technologies in radiation therapy 
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Introduction  
 

As the population ages, the demand for high quality cancer services increases. Cancer cases are ex-

pected to increase by 22% between 2021 and 2031, greater than the rate of population increase (15%) 

(AIHW 2021). The Australian Institute of Health and Welfare (AIHW) estimates 1.9 million cases of 

cancer will be diagnosed between 2024 and 2033 (AIHW 2024a). Radiation therapy (RT) treatment is 

one of the prime modalities used in oncology and it is an important part of cancer treatment for about 

50% of cancer patients (AIHW 2024b). The increasing demand for RT also drives the need for improve-

ment in RT efficiency to meet this demand.  

 

Artificial intelligence (AI) is transforming numerous medical fields and its application in RT has the po-

tential to address the challenges faced by the field such as healthcare staff shortages, inefficiency and 

variation in treatment planning and delivery (Mun and Dieterich 2023). AI has the ability to manage 

very complex, high-dimensional, and multifactorial problems that are commonly encountered in the 

field of RT and medical imaging (Santoro et al. 2022). Artificial intelligence (AI) is transforming numer-

ous medical fields and its application in RT has the potential to address the challenges faced by the 

field such as healthcare staff shortages, inefficiency and variation in treatment planning and delivery 

(Mun and Dieterich 2023). AI has the ability to manage very complex, high-dimensional, and multifac-

torial problems that are commonly encountered in the field of RT and medical imaging (Santoro et al. 

2022).  

 

AI systems have been shown to be accurate for tasks that are time-consuming and which demand 

focus, such as identifying patterns and abnormalities in medical images (Khalifa and Albadawy 2024). 

There is increasing research showing that AI achieves superior accuracy compared to processes pri-

marily reliant on human input. AI in auto-contouring compared with a human practitioner shows im-

proved performance in terms of precision, differences in dose distribution, and time consumption 

(Marin Anaya 2023; Sarria et al. 2023).  

 

Time savings offered by AI systems may increase patient throughput and streamline workflows, but it 

is essential to balance these efficiency gains with maintaining high quality standards (Topol 2019). Time 

savings offered by AI systems may increase patient throughput and streamline workflows, but it is 

essential to balance these efficiency gains with maintaining high quality standards (Topol 2019). Appli-

cation of AI in clinical settings requires that AI models are trained on high-quality, relevant data to 

ensure reliability of the recommendations provided by AI and to ensure patients’ safety. 
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Understanding not only the potential the benefits of AI-based innovations but also their potential ad-

verse effects, such as overdiagnosis and increased healthcare utilisation is important for successful 

integration into healthcare system (Senevirathna et al. 2023).  

 

The key opportunities and limitations associated with the adoption of AI in healthcare are outlined 

below, providing essential context for the development of the discrete choice experiments (DCEs). 

 

AI Accuracy  

Accuracy in healthcare is as a cornerstone of patient safety and clinical excellence, preventing misdi-

agnoses and inappropriate interventions that could result in adverse outcomes or mortality. This pre-

cision in clinical information not only fulfils legal and ethical obligations but also enhances operational 

efficiency by minimising redundant testing and interventions. The accuracy of AI refers to the degree 

to which an AI system correctly performs its intended tasks or makes correct predictions based on 

input data (Mun and Dieterich 2023). AI systems have demonstrated exceptional accuracy in specific 

healthcare domains (Alowais et al. 2023). They excel particularly in tasks requiring sustained attention 

and pattern recognition, such as identifying subtle abnormalities in medical images that may elude 

human perception. Growing evidence indicates that AI can outperform human clinicians in detecting 

various cancers, including lung, liver, and breast malignancies (Ge et al. 2024; Lång et al. 2023). Results 

from recent research exploring the use of AI in organ delineations on computed tomography (CT) scans 

for radiation treatment planning in prostate cancer showed that automated delineations of the pros-

tate and organs at risk (OAR) can be more successfully performed by AI compared with manual meth-

ods (Polymeri et al. 2024). A landmark randomised controlled trial (RCT) involving 80,000 women 

found that radiologists using AI detected 20% more breast cancers while reducing screen-reading 

workload by 44.3% compared to conventional approaches (Lång et al. 2023).  

 

Data Quality and Representational Fairness 

The reliability and safety of clinical AI applications depend on the quality and generalisability of training 

data. AI systems can only be as accurate as the data they're trained on, and many healthcare datasets 

contain historical biases, are incomplete, or lack diversity across demographics, conditions, and care 

settings (McCradden, Sarker, et al. 2020). Systems developed using incomplete, inaccurate, or non-

diverse datasets risk perpetuating or amplifying existing healthcare disparities. Research has consist-

ently shown that AI models often perform unequally across demographic groups, with women and 

people of colour frequently experiencing the most significant disadvantages (Watkins et al. 2022; Tem-

ple and Rowbo|om 2024; McCradden, Joshi, et al. 2020). These representational biases can manifest 
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as differential diagnostic accuracy across population subgroups, inappropriate treatment recommen-

dations, or inability to generalise to novel clinical presentations. The consequences of such algorithmic 

shortcomings extend beyond technical performance metrics to potentially exacerbate existing 

healthcare disparities, particularly affecting traditionally underserved populations whose characteris-

tics may be underrepresented in training data. Concerns have been raised that AI algorithms may be 

developed using data sets that are not representative of the individuals that the system is designed to 

serve, and that inaccurate or incomplete data may lead to discrimination and medical errors (Nazer et 

al. 2023). Responsible AI deployment therefore requires rigorous understanding of data source, quality 

assessment protocols, and applicability across intended patient populations (McCradden, Joshi, et al. 

2020). The reliability and safety of clinical AI applications depend on the quality and generalisability of 

training data. AI systems can only be as accurate as the data they're trained on, and many healthcare 

datasets contain historical biases, are incomplete, or lack diversity across demographics, conditions, 

and care settings (McCradden, Sarker, et al. 2020). Systems developed using incomplete, inaccurate, 

or non-diverse datasets risk perpetuating or amplifying existing healthcare disparities. Research has 

consistently shown that AI models often perform unequally across demographic groups, with women 

and people of colour frequently experiencing the most significant disadvantages (Watkins et al. 2022; 

Temple and Rowbo|om 2024; McCradden, Joshi, et al. 2020). These representational biases can man-

ifest as differential diagnostic accuracy across population subgroups, inappropriate treatment recom-

mendations, or inability to generalise to novel clinical presentations. The consequences of such algo-

rithmic shortcomings extend beyond technical performance metrics to potentially exacerbate existing 

healthcare disparities, particularly affecting traditionally underserved populations whose characteris-

tics may be underrepresented in training data. Concerns have been raised that AI algorithms may be 

developed using data sets that are not representative of the individuals that the system is designed to 

serve, and that inaccurate or incomplete data may lead to discrimination and medical errors (Nazer et 

al. 2023). Responsible AI deployment therefore requires rigorous understanding of data source, quality 

assessment protocols, and applicability across intended patient populations (McCradden, Joshi, et al. 

2020). 

 

Transparency and Explainability Challenges 

The AI algorithms may lack interpretability or transparency in their decision-making processes, the 

phenomenon referred to as being a “black box” (Ahmed et al. 2023). Lack of understanding of the AI 

systems decision-making may lead to issues with both validation and clinical oversight. It may also 

affect the doctor-patient relationship as clinicians may be unable to explain decisions made by AI al-

gorithms to their patients (Ahmed et al. 2023). Making sure that AI systems can explain their decisions 



75 

 

  

is also important for building trust among healthcare professionals, mitigating concerns about algo-

rithmic bias and to account for potential liability issues. While transparency and explainability gener-

ally enhance trust, they are not universally achievable with current technologies. Therefore, these at-

tributes should be understood as mechanisms for building confidence rather than absolute require-

ments (Walsh 2022). For clinicians, explainability serves as a means to justify clinical decision-making 

in the context of AI predictions. Research indicates that healthcare professionals may accept models 

with lower accuracy provided there is clarity regarding when and why the model might underperform 

(Tonekaboni et al. 2019).  

 

Professional identity and impact on workforce 

The integration of AI into clinical practice raises concerns about potential workforce de-skilling, re-

duced autonomy, discretion, and clinical judgment, particularly in specialties that rely heavily on pat-

tern recognition such as radiology. While technological disruption in healthcare is not unprecedented, 

as seen with electronic health records and telemedicine, AI-driven automation presents unique chal-

lenges to professional identity and clinical expertise (Schneider-Kamp and Godono 2025). The concern 

extends beyond simple task automation to potentially degrading clinical services through diminishing 

the holistic nature of clinical reasoning, which incorporates intuition, emotional intelligence, and con-

textual understanding. AI systems that lack transparency may further undermine clinician confidence 

and professional identity, highlighting the need for transparent AI technologies that support rather 

than replace clinical expertise (Goktas and Grzybowski 2025).   

 

Interoperability and Systems Integration 

Interoperability of AI's technologies in healthcare requires standardised data exchange between sys-

tems within and across organisations while maintaining data privacy and security. Different technolog-

ical platforms and varying levels of technological maturity across healthcare settings create additional 

integration complexities (Ahmed et al. 2023). Furthermore, many healthcare organisations rely on leg-

acy IT systems that were not designed to support modern AI technologies. Upgrading or replacing 

these systems to accommodate AI can be complex and costly. Integration challenges include ensuring 

interoperability between new AI systems and existing electronic health records (EHRs), maintaining 

data integrity, and minimising disruptions to patient care during the transition. These complexities can 

delay the implementation of AI solutions and require significant technical expertise. In specialised 

fields like radiotherapy planning, AI systems can be implemented as either stand-alone or integrated 

solutions. Stand-alone systems focus on specific tasks like organ auto-contouring and image segmen-

tation. This offers the flexibility to use these systems through interfaces of various treatment planning 
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platforms (Rusanov et al. 2025). Integrated systems incorporate AI directly into existing radiotherapy 

workflows, enabling real-time adaptation and enhanced imaging capabilities (Najjar 2023). However, 

concerns persist about how these technologies might impact creativity, clinical oversight, and profes-

sional identity within radiation oncology (Jones et al. 2024). However, concerns persist about how 

these technologies might impact creativity, clinical oversight, and professional identity within radiation 

oncology (Jones et al. 2024).  

 

Regulatory and implementation issues  

Implementing AI in healthcare involves navigating several regulatory and practical challenges. These 

challenges can significantly impact the adoption and effectiveness of AI technologies in clinical set-

tings. The rapid advancement of AI technologies has outpaced the development of comprehensive 

regulatory frameworks and guidelines. This gap creates uncertainty for healthcare providers and de-

velopers regarding compliance with existing laws and standards. Regulatory bodies are still working to 

establish clear guidelines for the safe and ethical use of AI in healthcare, which includes ensuring pa-

tient privacy, data security, and the reliability of AI algorithms (AHPRA 2025). The Australian Depart-

ment of Health and Aged Care consultation, “Safe and Responsible Artificial Intelligence in Health Care 

– Legislation and Regulation Review” outlines key opportunities and challenges for AI in healthcare. 

Drawing on recent research, the Productivity Commission highlights AI’s potential to boost productiv-

ity, the importance of leveraging existing regulatory frameworks, and the need for a national data 

strategy to improve data sharing, particularly by addressing barriers in the private sector and embed-

ding Indigenous data sovereignty from the outset (Australian Government, Producjvity Commission 

2024).  

 

The lack of standardised regulations can hinder the widespread adoption of AI technologies, as organ-

isations may be hesitant to invest in systems that could face future regulatory challenges or that sacri-

fice data security and patient safety. In addition, integrating AI into existing healthcare workflows re-

quires substantial upfront investment. These costs include purchasing AI software, upgrading hard-

ware, training staff, and potentially hiring new personnel with specialised skills (Ahmed et al. 2023). 

The financial burden can be a significant barrier, especially for smaller healthcare facilities with limited 

budgets. Once AI systems are deployed, continuous monitoring is necessary to ensure they function 

correctly and safely. Post-deployment monitoring involves tracking the performance of AI algorithms, 

identifying and addressing any issues that arise, and ensuring compliance with regulatory standards. 

This ongoing process requires dedicated resources and can be resource-intensive (Kolla and Parikh 

2024). The lack of standardised regulations can hinder the widespread adoption of AI technologies, as 
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organisations may be hesitant to invest in systems that could face future regulatory challenges or that 

sacrifice data security and patient safety. In addition, integrating AI into existing healthcare workflows 

requires substantial upfront investment. These costs include purchasing AI software, upgrading hard-

ware, training staff, and potentially hiring new personnel with specialised skills (Ahmed et al. 2023). 

The financial burden can be a significant barrier, especially for smaller healthcare facilities with limited 

budgets. Once AI systems are deployed, continuous monitoring is necessary to ensure they function 

correctly and safely. Post-deployment monitoring involves tracking the performance of AI algorithms, 

identifying and addressing any issues that arise, and ensuring compliance with regulatory standards. 

This ongoing process requires dedicated resources and can be resource-intensive (Kolla and Parikh 

2024).  

 

Ethical Considerations in Clinical AI 

The use of AI in healthcare settings raises fundamental ethical questions that need careful considera-

tion. One major concern is ensuring fairness and equitable access, as AI technologies must be accessi-

ble to all patients regardless of socioeconomic status to avoid exacerbating existing health disparities. 

Additionally, there is the potential for over-reliance on technology, which could lead to a diminished 

role for human judgment and expertise in patient care. This could also lead to de-humanising patient 

care, where the personal touch and empathy provided by healthcare professionals is replaced by au-

tomated systems. However, published research has shown that AI-based assistants (i.e., chatbots) may 

be preferred by patients in certain settings, with responses rated significantly higher in both quality 

and empathy compared to those provided by physicians (Chen et al. 2025; Ayers et al. 2023).  The use 

of AI in healthcare settings raises fundamental ethical questions that need careful consideration. One 

major concern is ensuring fairness and equitable access, as AI technologies must be accessible to all 

patients regardless of socioeconomic status to avoid exacerbating existing health disparities. Addition-

ally, there is the potential for over-reliance on technology, which could lead to a diminished role for 

human judgment and expertise in patient care. This could also lead to de-humanising patient care, 

where the personal touch and empathy provided by healthcare professionals is replaced by automated 

systems. However, published research has shown that AI-based assistants (i.e., chatbots) may be pre-

ferred by patients in certain settings, with responses rated significantly higher in both quality and em-

pathy compared to those provided by physicians (Chen et al. 2025; Ayers et al. 2023).   

 

Another critical issue is the appropriate allocation of decision-making responsibility. This requires clear 

definition of the roles of AI and human practitioners to maintain accountability and trust. Concerns 

about who is accountable for decisions made with AI assistance remain significant, emphasising the 
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need for development of clear and transparent AI processes in clinical settings. Trust in a clinical con-

text refers to the confidence a patient has in their healthcare provider, believing that the provider will 

act in their best interest, possess the necessary expertise and make informed decisions regarding their 

health (Birkhäuer et al. 2017) The use of AI technologies in clinical settings may impact on these com-

ponents of trust. Finally, the early identification of algorithmic harms, often referred to as the "canary 

in the coal mine", is crucial to promptly address any unintended negative consequences of AI deploy-

ment, ensuring patient safety and ethical integrity in clinical practice (McCradden 2024). 

 

Due to the evolving nature of AI systems, it is crucial to gain a deeper understanding of the perceptions 

and needs of stakeholders affected by these systems, including healthcare providers, patients, and 

caregivers. This understanding is essential to ensure the successful integration of AI into healthcare 

systems (Chew and Achananuparp 2022). A recent survey suggested that radiation oncology profes-

sionals generally feel optimistic about the application of AI in RT and the impact AI will have on their 

role (O’Shaughnessey and Collins 2023). However, the trade-offs between specific features of AI, such 

as accuracy versus explainability (transparency) of the system's underlying reasoning, and security of 

patient information versus performance gains attained through enhanced access to patient data may 

be necessary (Duffy 2022). Health preference research makes it possible to investigate and quantify 

these preferences and trade-offs to better understand the attitudes of the stakeholders such as pa-

tients and health care service providers. While there is some research on preferences for AI integration 

in healthcare (Shinners et al. 2020; Batumalai et al. 2020; Brouwer et al. 2020; Castagno and Khalifa 

2020; O’Shaughnessey and Collins 2023; Coakley et al. 2022), studies utilising stated preference (SP) 

approaches remain scarce. This study seeks to fill this gap by examining preferences and attitudes to-

wards the adoption of AI in RT treatment planning using a DCE, which is a quantitative SP method. DCE 

is a method of eliciting SPs from respondents through a structured survey that presents respondents 

with a series of hypothetical choice tasks presenting multiple characteristics (attributes) to simulate 

realistic choice scenarios (Ryan et al. 2008). DCEs allow to understand how people trade-off between 

different features of the objects being compared, in this study, two AI systems. A detailed description 

of the SP methodology is provided in Chapter 4 of this thesis.  

 

Choice experiments are widely used in transport economics, environmental economics, marketing, 

and health economics (Broberg et al. 2021; Cao 2021; Godden et al. 2023; Hellali et al. 2023; 

Schatzmann et al. 2024). DCEs are increasingly popular in evaluation of digital health technologies 

(DHTs) across a wide range of health-related concerns (Vo et al. 2024). This research aims to determine 

the features of the AI systems that Australian radiation oncology professionals would value most, 
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which can then inform decision makers about ways to improve the provision of RT treatment based on 

AI-systems in Australia. Choice experiments are widely used in transport economics, environmental 

economics, marketing, and health economics (Broberg et al. 2021; Cao 2021; Godden et al. 2023; 

Hellali et al. 2023; Schatzmann et al. 2024). DCEs are increasingly popular in evaluation of digital health 

technologies (DHTs) across a wide range of health-related concerns (Vo et al. 2024). This research aims 

to determine the features of the AI systems that Australian radiation oncology professionals would 

value most, which can then inform decision makers about ways to improve the provision of RT treat-

ment based on AI-systems in Australia.  

 

Methods  
 

A DCE was designed to identify the features of AI systems and their impact on RT that are most im-

portant to users. A DCE was chosen as the most appropriate method for the research question because 

there is no established market which reveals the preferences of HCPs who are involved in RT treatment 

planning, due to limited information on this relatively new market segment. The DCE design allows the 

researcher to create a choice scenario in a contingent yet realistic market to assess preferences for 

different features of AI.  

 

Survey development  

The survey instrument was developed using the steps recommended by the Professional Society for 

Health Economics and Outcomes Research (ISPOR) taskforce (Bridges et al. 2023). The DCE tasks were 

created and refined in stages based on both qualitative and quantitative methods, with the qualitative 

component comprising structured consultation with expert researchers rather than primary qualita-

tive data collection. Vignettes, attribute descriptions, and levels were developed using existing litera-

ture and consultations with HCPs with expertise in AI. The vignette, attributes and levels descriptions 

were refined based on detailed feedback from researchers with experience in implementation of DCEs, 

and reviewed by HCPs to ensure descriptions were comprehensive and accurate.  

 

The survey included four sections: 1) Background information; 2) The DCE which included 12 tasks per 

respondent; 3) Debriefing questions and 4) Questions about attitudes and opinions to adoption of AI 

in RT planning. The survey structure is presented in Figure 5.3, Appendix 5. 

 

Figure 5.1Figure 5.1 presents an example of the DCE choice task as presented to respondents. Each 

choice task started with a vignette which described how the respondent’s health care facility was 
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considering implementing an AI system to facilitate RT treatment planning. Two different systems are 

described in terms of their features: accuracy, automation, explainability, compatibility and impact on 

workload. Respondents were asked to compare the two systems-based on the attributes described 

and select their more preferred system. They were then asked if they would prefer the system they 

chose or a manual system.  

 
Figure 5.1: Example of a DCE choice task 

 
 
Attributes and levels  

The AI systems accuracy and explainability were each assigned three levels. A four-level attribute de-

scribed the impact of AI on workload in terms of the time needed for generating of RT plans (range 

from 30 min longer to 60 min saved per patient). A two-level attribute described automation and AI 

compatibility with other systems (Table 5.1). 
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Table 5.1: Overview of attributes and levels; DCE– radiation oncology professionals involved in RT treatment plan-
ning and delivery  

Attributes Levels Definition 

Accuracy of or-
gan contouring   

1. Reduced contouring precision compared with 
manual organ contouring Degree of precision and accuracy of 

the AI system output compared to 
manually contoured healthy organs 

2. Same contouring precision as manual organ con-
touring 

3. Improved contouring precision compared with 
manual organ contouring 

Automation 

1. Assistive system: Requires clinician verification 
and sign-off   

The use of AI algorithms to perform re-
petitive and manual activities typically 
carried out by humans with minimal or 
no human intervention (e.g., automa-

tion of outlining healthy organs, Quality 
Assurance (QA)of human-driven pro-

cesses). 

2. Autonomous system: AI system operates without 
the need for human intervention. It can make de-
cision and execute tasks independently  

Explanatory 
ability 

1. “Black box” with no explanations of AI reasoning 
and decisions   

The ability of AI to provide understand-
able, transparent, and trustworthy ex-
planations for its decisions or actions. 

2. Basic explanations of AI reasoning and deci-
sions: Providing a comprehensive summary of AI 
reasoning but no explanation of its algorithm and 
data sources it used. 

3. In-depth explanations of AI reasoning and deci-
sions: AI system provides a comprehensive sum-
mary of AI reasoning, the algorithms used, and 
the data sources it referenced to generate its so-
lution.  

 Compatibility 
with other sys-
tems  

1. Separate system to the existing software and 
systems: Requires exporting/importing of data 
during the planning process. Different approaches to connecting 

and integrating AI with other systems 
or applications. 2. Fully integrated system with existing software 

and systems: No need to export or import data 
during the planning process.  

AI impact on 
workload 

1. 30 minutes longer per patient 
The impact of AI on the time required 
for generating treatment plans (dosim-
etry) compared with a predominantly 

human-based system 

2. No change  
3. 30 minutes saved per patient 
4. 60 minutes saved per patient 
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Designed experiment 

The designed experiment contained 36 choice tasks which were divided into three versions, each with 

12 choice tasks. The initial D-optimal design was constructed using idefix (Traets et al. 2020) to select 

the choice options to be included in the experiment to allow for estimation of the main effect for each 

attribute (accuracy, automation, explainability, compatibility and impact on workload) using a multi-

nomial logit (MNL) model. All variables were dummy coded.  

 

The design was tested with simulations prior to implementation. The simulations were conducted 

based on zero (utility neutral) priors, with 1000 iterations, each for 25 respondents per version. The 

simulations yielded small standard errors and ranges for each estimated parameter, demonstrating 

that the design was robust with 75 respondents in total (25 per version). The model can be fitted to 

the results from each version independently if required.  

 
Data collection  

The survey was implemented in a sample of HCPs working in Australia. Eligibility criteria included HCPs 

involved in RT planning, such as radiation therapists, radiation oncologists, and medical physicists. Re-

spondents were recruited using a range of approaches, including through radiation oncology profes-

sional associations, including The Australian Society of Medical Imaging and Radiation Therapy (AS-

MIRT) and its AI special interest group and its Educators group for radiation oncology HCPs in Australia. 

Information about the study and a link to the survey was disseminated at the Trans-Tasmanian Radia-

tion Oncology Group Annual Scientific Meeting (TROG ASM) (Newcastle, 12-15th March 2024) and 

ASMIRT conference (Darwin, 8-12 May 2024). In addition, individual emails (N=277) were sent to HCPs 

involved in RT planning. Respondents were invited to participate via an email link. Data were collected 

between 26 February 2024 and 31 May 2024.  This study was approved by the University of Technology 

Health Research Ethics Committee, ETH21-6090, 10 November 2023.  

 

Data analysis  

Data were analysed in R Studio 2024 (RStudio Team 2024). Descriptive statistics were used to summa-

rise the characteristics of the overall sample. A multinomial logit model was originally fitted to the 

data. The marginal willingness to save time was estimated using coefficients from the multinomial logit 

model using the impact on workload variable to calculate a marginal rate of substation (MRS), which 

represents the change in time saving that would compensate for a change in another attribute. Rela-

tive attribute importance was calculated by dividing the range of marginal utilities of the given attrib-

ute by the sum of all attribute ranges. Two approaches were adopted to account for heterogeneity: 
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mixed logit (MIXL) and latent class (LC) modelling. Mixed logit modelling generalises the MNL model 

by allowing the preference or taste parameters to be different for each individual.  

 

The MIXL model was estimated using the GMNL package (Sarrias and Daziano 2017) in R Studio 2024 

(RStudio Team 2024). Several variations of the MXL model were estimated to identify the model of 

best fit to the data. All variables were dummy coded, and each model was simulated with different 

numbers of Halton draws, ranging from 100 to 5000. The model estimates a set of mean preference 

weights and a standard deviation of effects across the sample. The model was based on the choice 

data assuming that the parameters follow a multivariate normal distribution with all pairwise correla-

tions equal to 0.  

 

The base level for each variable was used to compare the estimated coefficients of the other levels, 

both within and across attributes.  

Heterogeneous preferences identified in the MIXL model via significant standard deviations (p < 0.05) 

were examined further via choice probability distributions and by kernel density plots.  

 

Another approach to explore preference heterogeneity in the data is to use a LC model (Ryan et al. 

2008). Latent class analysis is used to identify subgroups within a population according to individuals’ 

choices and then assesses whether demographic characteristics are associated with group member-

ship... It assumes that these subgroups, or latent classes, explain the pattern of responses observed in 

the data. The Latent class model was estimated with the GMNL package (Sarrias and Daziano 2017) in 

R studio 2024 (RStudio Team 2024). Given the small sample size, specific characteristics that are likely 

to impact on preferences were not identified. To evaluate model fit, log likelihood, Akaike information 

Criterion (AIC) and Bayesian Information Criterion (BIC) were determined (Dziak et al. 2020). The num-

ber of classes to include was informed by the model with the lowest BIC across models with from 2 to 

4 classes.  

 

Results 
 
Sample characteristics  

There were 137 respondents who started the survey and gave informed consent and provided back-

ground information. There were 112 respondents who initiated the DCE and who were allocated to 

one of three versions of the DCE survey, of whom 82 (73%) finished all choice tasks. The drop out was 

not significantly different across the survey versions. The majority of DCE respondents were radiation 

therapists (52%). No respondents were excluded due to the small sample size, as it was considered 
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important to capture the preferences of all professionals involved in the RT planning process. Respond-

ents were predominantly HCPs who received their training in Australia (91%) and who were working 

in the public sector (75%), with an average professional experience of 15 years. Most of the respond-

ents had prior experience with AI. The average size of work facilities was 14 persons. The respondents 

were involved in most of the planning activities, with more than half being involved in organ at risk 

contouring, plan evaluation and quality assurance (Table 5.2).  

Table 5.2: Respondents characteristics (N=82) 
Characteristics   Frequency (N=82, %) 

Radiation therapist  43 (52) 
Medical physicist 24 (29) 
Radiation oncologist 9 (11) 
Othera 6 (7) 

Radiographer  1 (1) 
Branch manager 1 (1) 

Lecturer 1 (1) 
Researcher (RT) 2 (2) 

Student  1 (1) 
Location of training  

Australia  75 (91) 
New Zealand  3 (4) 

Other  4 (5) 
UK 4 (5) 

Work settings  
Public 61 (74) 

Private 7 (9) 
Both 13 (16) 

Years of experience  
Mean (SD) 
Min, max  

 
15 (9) 
(1, 34) 

Aspects of RT involved   
Patient positioning 36 (44) 

Image registration and reconstruction 36 (44) 
Image simulation 29 (35) 

 Image fusion 41 (50) 
Organ at risk (OAR) contouring 46 (56) 

Target contouring 23 (28) 
Plan set up 32 (39) 

Plan optimisation 42 (51) 
Plan evaluation  57 (69) 

Quality assurance 57 (69) 
Other 9 (11) 

Size of workplace (N, SD) 14 (14) 
Currently using AI at work  

Yes  44 (54) 
No  29 (35) 

Don’t know  8 (10) 
Note: a. The average number of years of experience among “other” professionals (n=6) was 12 (SD 12) range 3-30 
  



85 

 

  

DCE Results 

The estimation of the mixed logit model yielded significant effects at 1% significance level for all at-

tribute levels (Table 5.3). The estimated standard deviations for six out of nine attribute levels were 

statistically significant, indicating the presence of unobserved preference heterogeneity in the sample. 

In contrast, the standard deviations for “improved accuracy of the AI system” and “time saved per 

patient during treatment planning” were not statistically significant, suggesting no evidence of prefer-

ence heterogeneity for these attributes. 

 
Table 5.3: Results of the DCE responses, analysed using mixed logit model (N=82) 

Attributes Levels  Mean (SE) SD (SE) 
Accuracy  

(Base = Same as current)  
Reduced -3.58 (0.70)*** 2.34 (0.56)*** 
Improved 1.15 (0.24)*** 0.09 (0.94) 

Automation 
(Base = Assistive) 

Autonomous -0.84 (0.25)*** 1.55 (0.33)*** 

Explainability 
(Base = “Black box”) 

Basic explanations  1.46 (0.29)*** 0.94 (0.38)* 
In-depth explanations 1.46 (0.35)*** 1.74 (0.43)*** 

Compatibility 
(Base = Separate systems) 

Fully integrated systems  0.97 (0.25)*** 1.14 (0.30)*** 

Impact on workload 
(Base =No change) 

30 minutes longer  -1.14 (0.34)*** 1.36 (0.45)** 
30 minutes saved 1.16 (0.30)*** 0.49 (0.73) 
60 minutes saved 1.63 (0.35)*** 0.66 (0.48) 

Number of draws 5000 
Sample (observations) 984 

AIC 956.90 
BIC  868.85 
LL -416.43 

AIC: Akaike information criterion; BIC: Bayesian information criterion; LL: log-likelihood; SD: standard deviation; SE: stand-
ard error. 
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05  
 
The mixed logit results are also illustrated in Figure 5.2 which shows the point estimate and the corre-

sponding 95% confidence intervals for each attribute level. The results show the highest preference is 

for an AI-system that reduces workload (time saved), followed by an AI system with an ability to pro-

vide explanations (whether basic or in-depth). The results showed that there is a negative utility asso-

ciated with AI systems with reduced accuracy and with fully autonomous systems.  
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Figure 5.2:  A forest plot of results from DCE (N=82) based on mixed logit model: estimated effect and confidence 
intervals  

 
 

The results from the DCE were consistent with the responses to questions about attribute importance 

that revealed that AI accuracy and impact on workload were the most frequently considered attributes 

when choosing between the AI systems (Figure 5.3).  

 



Figure 5.3: Importance of attributes in respondents’ decision-making (N=82) 

87 

The results from LC model are presented in Table 5.4. Based on the BIC estimates the best fit was the 

model with two classes. Class 1 (share, 74%) prefers improved accuracy (p < 0.001), an AI system that 

provides basic explanations for its decisions (p < 0.001), that is fully integrated with the existing sys-

tems (p < 0.001) and that offers the biggest time saving (60 min) (p < 0.001). Class 2 (share, 26%) 

strongly prefers assistive AI systems (p < 0.001) and AI systems that are fully integrated with the exist-

ing systems (p<0.001). However, class 2 prefers in-depth explanations for AI-decisions (p < 0.001) ra-

ther than basic explanations. Preference estimates for the impact on workload for class 2 showed that 

AI systems that require an additional 30 minutes for treatment plan preparation have statistically sig-

nificant negative impact on workload. In contrast, time savings of 30 and 60 minutes did not show 

statistically significant effect for class 2 (Table 5.4).  
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Table 5.4: Results from a latent class logit model with 2 classes: class specific parameters and model fit statistics 
(N=82) 

Attributes Levels  Class 1 (Coeff, SE) Class 2 (Coeff, SE) 
Accuracy  
(Base = Same as current)  

Reduced -2.33 (0.27)*** -0.84 (0.42)* 
Improved 0.86 (0.17)***  0.56 (0.29)* 

Automation 
(Base = Assistive) 

Autonomous 
-0.17 (0.13) -1.20 (0.28)*** 

Explainability 
(Base = “Black box”) 

Basic explanations  0.69 (0.16)*** 1.42 (0.35)*** 
In-depth explanations 0.31 (0.20) 2.36 (0.50)*** 

Compatibility 
(Base = Separate systems) 

Fully integrated systems 0.44 (0.13)*** 0.97 (0.26)*** 

Impact on workload 
(Base =No change) 

30 minutes longer  -0.73 (0.20)*** -0.48 (0.36)*** 
30 minutes saved 1.07 (0.23)***  -0.05 (0.33) 
60 minutes saved 1.27 (0.22)***   0.36 (0.32) 

Average class share   0.74  0.26 
Constant, SE   Base class -1.07 (0.09) 
Observations 984 

LL -421.76 
AIC 881.51 
BIC  974.46 

AIC: Akaike information criterion; BIC: Bayesian information criterion; LL: log-likelihood; SE: standard error. 
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05  
 

Latent class membership was examined in relation to observable respondent characteristics to sup-

port interpretation and potential implementation relevance (Table 5.5). Class assignments were cross 

tabulated with key respondents’ characteristics, including type of professional role, work settings, 

years of experience, and prior experience with using AI. Notably, respondents in Class 1, who favoured 

operational efficiency, were more likely to be radiation therapists and to have longer professional 

experience. 

Table 5.5: Respondents characteristics in the LCA (N=82) 
Respondent characteristic Class 1 

(N=62) 
Class 2 
(N=20) 

Professional role (n, %)   
Radiation therapist  36 (59) 7 (35) 

Medical physicist 7 (12) 2 (10) 
Radiation oncologist 15 (25) 9 (45) 

Othera 4 (7) 2 (10) 
Work settings (n, %)   

Public 47 (78) 14 (70) 
Private 4 (7) 3 (15) 

Both 10 (17) 3 (15) 
Years of experience (n, %)   

1–5 14 (23) 6 (30) 
6–15 16 (27) 4 (20) 

16–22 16 (27) 7 (35) 
23+ 15 (25) 3 (15) 

Currently using AI at work (n, %)   
Yes  32 (53) 12 (60) 
No  23 (38) 6 (30) 

Don’t know  6 (10) 2 (10) 
AI = artificial intelligence; LCA = latent class analysis  
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The marginal willingness-to-save (WTS) time values for each attribute level are presented in Table 5.6. 

These results can be interpreted as the amount of time saving that would be required to compensate 

for different features of the AI system. For an AI system that had reduced accuracy, a time saving of 

111 minutes compared with a human based system would be required. To compensate for a system 

that was autonomous, a time saving of 32 minutes would be required (compared with a system that 

was assistive). For an AI system that has an improved accuracy it could take an additional 42 minutes. 

Compared with a “black box” type of AI systems, a system that could provide basic and in-depth ex-

planations can take an hour longer per patient.  

 

Table 5.6: Willingness-to-save time results (N=82) 
Attributes Levels  Mean, minutes (SE) 

Accuracy  
(Base = Same as current)  

Reduced -111 (15.22)*** 
Improved 43 (9.30)*** 

Automation 
(Base = Assistive) 

Autonomous -32 (6.95)*** 

Explainability 
(Base = “Black box”) 

Basic explanations  59 (10.29)*** 
In-depth explanations 56 (10.50)*** 

Compatibility 
(Base = Separate systems) 

Fully integrated systems   38 (7.15)*** 

SE: standard error; WTS: willingness-to-save  
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05  
 
Additional analyses 

 
Attitudes and opinions  
Responses to questions about survey difficulty and respondents’ attitudes and opinions about AI are 

presented in Figure 5.4 and Figure 5.5 . Most respondents found the DCE tasks manageable, with over 

half disagreeing that the tasks were difficult or that distinguishing between options was challenging, 

and the majority (87%) reporting they considered all features when making decisions. Regarding atti-

tudes to AI in radiation therapy, most respondents acknowledged the potential for AI-driven bias (69%) 

but believed AI would improve RT delivery (77%) without significantly diminishing human connection 

(76%). There was strong support for including information about AI use in informed consent processes 

(43%), recognition of AI’s role in enhancing workforce skills (60%), and agreement that while AI can 

automate tasks and potentially displace humans (49%), it cannot fully replace human roles (75%). 
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 Figure 5.4:Attitudes and Opinions on AI in RT planning (N=81) 

 
 
Figure 5.5: Attitudes and Opinions on AI in RT planning (N=81) 

 
AI: artificial intelligence; DCE: discrete choice experiment; RT: radiation therapy  
Notes:  
Q1. AI algorithms, based on the data they learn from, can develop biases that affect how healthcare is provided to different 
groups of people 
Q2. The implementation of AI in RT treatment planning diminishes human connection in patient care. 
Q3. Informed consent for patients should include information about AI use in diagnostic and treatment recommendations 
Q4. The use of AI technology will improve the delivery of RT. 
Q5. AI technology can never replace the role of humans. 
Q6. The increasing use of AI in automating tasks may lead to workforce displacement. 
Q7. The use of AI contributes to a more diverse skill set within the team by allowing staff to cultivate specialised expertise. 
 
Sensitivity analyses  

The results of a sensitivity analysis after excluding the 17 (22%) of respondents who reported diffi-

culty in distinguishing between the presented options are presented in Table 5.7. The results were 

consistent with the base case results. 
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Table 5.7: Results of sensitivity analysis: DCE responses analysed using a mixed logit model, excluding respond-
ents to follow-up questiona (N=65) 

Attributes Levels  Mean (SE) SD (SE) 
Accuracy  

(Base = Same as current)  
Reduced -3.81 (0.82)*** 2.59 (0.69)*** 
Improved 1.26 (0.31)*** 0.36 (0.67) 

Automation 
(Base = Assistive) 

Autonomous -1.03 (0.33)** 1.81 (0.43)*** 

Explainability 
(Base = “Black box”) 

Basic explanations  1.49 (0.35)*** 1.11 (0.40)** 
In-depth explanations 1.32 (0.39)*** 1.68 (0.52)** 

Compatibility 
(Base = Separate systems) 

Fully integrated systems  0.97 (0.29)*** 1.24 (0.35)*** 

Impact on workload 
(Base =No change) 

30 minutes longer  -1.36 (0.43)** 1.34 (0.54)* 
30 minutes saved 1.26 (0.34)*** 0.08 (0.81) 
60 minutes saved 1.93 (0.45)*** 1.00 (0.51) 

Number of draws 5000 
Sample (observations) 792 

BIC 783.71 
AIC  699.57 
LL -331.78 

AIC: Akaike information criterion; BIC: Bayesian information criterion; LL: log-likelihood; SD: standard deviation; SE: stand-
ard error. 
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05 
a. Respondents agreed (n=15) or strongly agreed (n=2) with the statement, ‘I found it difficult to differentiate between the 

options presented”. 
 

Discussion  
 

The study investigated the preferences of radiation oncology professionals regarding the use of AI in 

RT planning, focusing on specific features of AI systems. The results of this DCE indicated that the most 

important features for respondents were the AI system’s ability to save time in treatment planning, 

provide basic explanations for its decisions, and offer improved accuracy compared to human-based 

systems. Respondents expressed a preference for AI systems that are assistive rather than fully auton-

omous and those that are fully integrated into existing software and systems. Given the clinical cancer 

context, it is expected that accuracy ranked among the most important attributes. This raises the pos-

sibility that accuracy attribute could be dominant, potentially limiting the estimation of trade-offs for 

the remaining attributes. To mitigate this risk, some choice sets were designed with options of equal 

accuracy, helping to reduce accuracy dominance and encourage consideration of other attributes.  

A previous DCE survey of German radiologists found that development, funding, and research regard-

ing AI tools should consider providers’ preferences for features of immediate every day and economic 

relevance like time savings to optimise adoption (Von Wedel and Hagist 2022). The results of the cur-

rent DCE suggest that radiation oncology HCPs may be more interested in AI tools that have positive 

impact on the specific activities involved in RT treatment planning.  
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The preference for basic AI system explanations among respondents may reflect a desire for access to 

systems that provide a balanced level of information about AI decisions. Such systems should offer 

sufficient detail to ensure understanding of the AI process while being feasible enough to improve the 

effectiveness of their work and communication with patients. Respondents’ preference for the time 

savings offered by AI systems is an important finding of this study, considering the high volume of 

patients in this field, and the treatment plans that radiation therapists are required to generate daily 

(Debnath 2023). 

 

This is the first study to elicit preferences for AI adoption in RT planning in Australia. It included radia-

tion oncology professionals involved in RT planning including radiation therapists who are engaged in 

a variety of activities in the RT planning and delivery process. The inclusion of a variety of background 

characteristics and information on attitudes and opinions related to AI adoption in RT planning allowed 

us to further investigate respondents’ attitudes to adoption of AI in RT planning. Overall, the DCE pro-

vides important information to understand and plan for the adoption of AI in RT and the transformative 

potential of AI in streamlining processes, improving outcomes, and reducing costs. However, it should 

be noted that the DCE attributes may not reflect all aspects of the complex reality of experience of 

HCPs with AI in RT. There may be other relevant attributes not included in the choice tasks such as cost 

of AI systems (including implementation costs), impact on professional development and skills, as sug-

gested by respondent feedback. Since no financial incentives were provided, recruitment depended 

solely on respondents' interest, making those with a strong interest in AI or strong opinions about it 

more likely to participate. This limitation is an inherent aspect of the study design, as participation 

cannot be enforced. However, the survey was distributed through multiple channels to reach out to a 

relevant HCPs. 

 

Future research should investigate the reasons behind differences in preferences. Preferences are 

likely influenced by respondents' experiences and other individual characteristics and external factors, 

which were not explicitly addressed in this study. Although information about the respondents' pro-

fessional experience was collected, the sample size was too small to allow for subgroup analysis of 

class-specific respondent characteristics.  

 

Conclusions 

This study provides important information about healthcare professionals' priorities for AI in treat-

ment planning.  The results showed they preferred AI systems that offer the largest time saving, and 

that provide explanations of the AI reasoning (both in-depth and basic). They also favoured systems 
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that provide improved contouring precision compared with manual systems. Respondents emphasised 

the importance of AI systems being cost-effective, while also recognising AI’s impact on professional 

roles, responsibilities, and service delivery. The findings from this study can be used to inform future 

research on economic evaluations and management perspectives of AI-driven technologies in RT.  
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study could be presented at national and international conferences and published in peer-reviewed 

journals.   
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Abstract  

Objectives: 

The integration of artificial intelligence (AI) in radiation therapy offers significant potential to enhance 

cancer care by improving diagnostic accuracy, streamlining workflows, and reducing treatment delays. 

However, the adoption of AI in clinical settings depends heavily on its acceptability, shaped by per-

ceptions of accuracy, cost, efficiency, and ethical considerations. This study explores the preferences 

of the Australian general population regarding the features of AI systems in radiation therapy. 

Methods: 

A discrete choice experiment (DCE) was conducted with 533 respondents, who were representative 

of the Australian population in terms of age and gender. Respondents were presented with hypothet-

ical scenarios comparing AI systems described by attributes including accuracy, decision-making au-

tonomy, impact on out-of-pocket costs, treatment timelines, and data privacy. Preferences were an-

alysed using mixed logit and latent class models to evaluate heterogeneity and willingness-to-pay for 

AI system attributes. 

Results: 

Respondents preferred AI systems with enhanced accuracy and reduced treatment delays. Systems 

less likely to misclassify tissues were highly valued, while fully autonomous AI systems were less fa-

voured compared to assistive systems requiring clinician oversight. Data privacy concerns varied, with 

some respondents prioritizing consent-based data usage. Heterogeneity analysis revealed four distinct 

preference classes, highlighting trade-offs between cost, speed, and ethical considerations. Willing-

ness-to-pay estimates showed the respondents were willing to pay for features such as enhanced 

oversight, reduced time burden, and AI-driven data use. 

Conclusions: 

This study provides important information about Australian general public preferences for AI in treat-

ment planning and can be used to inform future research on economic evaluations and implementa-

tion of AI-driven technologies in radiation therapy. 
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Introduction  

Rapid technological innovations in cancer diagnosis and treatment have contributed to an estimated 

30% reduction in cancer mortality over the last 20 years (AIHW 2024b). These innovations include 

advances in genomic and precision medicine, diagnostic imaging and artificial intelligence (AI).  

AI involves programming a computer to simulate human reasoning, and decision-making. It can find 

patterns in large datasets by identifying relationships among data points that cannot be easily per-

ceived by the human brain. In cancer care, AI analyses imaging data and health records to tailor patient 

care and estimate cancer probabilities. Radiation oncology focuses on radiation therapy for cancer 

treatment. Imaging has an essential role in radiotherapy planning and delivery. Optimal use of imaging 

allows higher doses of radiation to be delivered to the tumour, while sparing surrounding tissues 

(Beaton et al. 2019). The complexity of radiation therapy and the heavy reliance on medical imaging 

technologies have increased requirements for data collection and analysis, contributing to profes-

sional burnout and treatment access challenges (Thompson et al. 2017).  

The use of AI in radiation therapy has the potential to optimise the use of medical images and to 

address challenges including healthcare staff shortages, inefficiency and variation in treatment plan-

ning and delivery (Mun and Dieterich 2023). AI enhances radiation therapy treatment by improving 

tumour detection, segmentation accuracy, and treatment planning (Pinto-Coelho 2023)The use of AI 

in radiation therapy has the potential to optimise the use of medical images and to address challenges 

including healthcare staff shortages, inefficiency and variation in treatment planning and delivery 

(Mun and Dieterich 2023). AI enhances radiation therapy treatment by improving tumour detection, 

segmentation accuracy, and treatment planning (Pinto-Coelho 2023). Research shows that AI outper-

forms traditional methods in radiation dose prediction (Zadnorouzi and Abtahi 2024), treatment de-

sign, and dose delivery (Cai et al. 2023), creating more efficient and precise treatment plans. The risks 

related to AI include potential errors in the algorithm or it not functioning as intended, and over-

reliance on technology, which can lead to the dehumanisation of patient care (Kolla and Parikh 2024; 

Mittelstadt et al. 2016). In addition, AI systems can't fully replicate clinician decision-making because 

they don't integrate patient cognitive status, quality of life, and individual preferences.  

Despite the rapid development and the potential benefits of AI technologies for cancer treatment, 

only a small proportion of available AI-based technologies have been successfully adopted in clinical 

settings (Ahmed et al. 2023). Challenges related to AI implementation include limited regulatory 

guidelines, high upfront costs for integration of AI in clinical workflow and existing IT infrastructure, 

and challenges in AI algorithm explainability and monitoring post deployment.  
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Human biases can affect how AI algorithms are used in clinical settings. Factors such as the expertise, 

technological literacy, and age of physicians affect the adoption of these technologies in healthcare 

(Ahmed et al. 2023). Perceived usefulness, performance expectancy, attitudes, trust, and effort ex-

pectancy are predictors of adoption of AI technologies (Kelly et al. 2023). Low user acceptance of AI 

can waste resources, create surplus unused AI technologies, and potentially hinder technological in-

novation, ultimately harming consumers (Kelly et al. 2023). 

Given the complexity of AI's potential impact on cancer diagnosis, treatment, and care delivery, it is 

important to understand consumer preferences, both from those of providers and of recipients of 

care. While the perspectives of healthcare professionals are a critical factor, the acceptability of AI 

technologies to consumers is also important for their successful adoption in clinical practice. Patients’ 

willingness to accept AI-assisted care depends on factors such as perceived accuracy, transparency, 

and alignment with their values and expectations (Haan et al. 2019). Research has shown that while 

patients appreciate AI’s potential to enhance diagnostic precision and treatment planning, they also 

express concerns regarding autonomy, ethical considerations, and the role of human oversight (Pra-

kash et al. 2022). If these concerns are not addressed, resistance to AI-driven healthcare solutions may 

hinder their widespread adoption, limiting their potential benefits.  

For these reasons, in addition to their predictive accuracy and effectiveness, successful AI systems 

must be evaluated in terms of their broader impact on healthcare systems delivery. This includes con-

sidering human factors that influence technology adoption and accounting for the unintended conse-

quences of AI use in medicine. This study aims to investigate the preferences for the adoption of AI 

technologies in radiation oncology settings from the perspective of the general population as consum-

ers of healthcare services.  

Methods  

This study involved conducting a DCE to identify the features of AI systems and their impact on radia-

tion therapy delivery that are most important to the general population as consumers of healthcare 

services. A DCE is a structured survey method that elicits preferences by presenting respondents with 

a series of hypothetical choice tasks, where each option is characterised by multiple attributes to sim-

ulate realistic decision-making scenarios. This method is especially relevant for new healthcare prod-

ucts and technologies, such as AI, for which market data are limited or unavailable for assessing user 

preferences.  

Survey development  
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The survey instrument was developed using the steps recommended by the Professional Society for 

Economics and Outcomes Research (ISPOR) taskforce (Bridges et al. 2023). The DCE tasks were created 

and refined in stages based on both qualitative and quantitative methods, with the qualitative com-

ponent comprising structured consultation with expert researchers rather than primary qualitative 

data collection. The survey included four sections: 1) Background information; 2) The DCE which in-

cluded 12 tasks per respondent; 3) Debriefing questions and 4) Questions about attitudes and opinions 

to adoption of AI in radiation therapy planning. A summary of the survey structure is presented in 

Figure A6.3, Appendix 6.  

 

Attributes and levels  

Vignettes, attribute descriptions, and levels were developed through a multi-step process involving 

collaboration with clinical experts specialising in radiation therapy treatment planning and delivery. 

These experts provided input to ensure that the choice context accurately described a real-world 

treatment scenario where AI treatment options might be used, and that the treatment options them-

selves were plausible. Notably, these clinicians are also members of AI special interest groups within 

their professional networks, which ensured that their insights were informed by both current clinical 

practice and the evolving role of AI in radiation therapy, while also accounting for differences in per-

spective between professional and public audiences. In addition, the study incorporated findings from 

a published literature review (Table A6.1, Appendix 6) and consultation with an expert group of DCE 

researchers at University of Technology Sydney (Centre for Health Economic Research and Evaluation) 

to enhance methodological rigor.  

The attributes of AI systems that were included in the experiment are described in Table 6.1. These 

attributes encompass “accuracy compared with clinicians”, use of AI in “diagnosis and treatment over-

sight”, “AI impact on out-of-pocket costs”, “AI impact in time to cancer treatment”, and “AI-driven use 

of your data” Table 6.1  

The process of defining attributes and levels involved adapting the framework developed in Chapter 

5 while making deliberate modifications to reflect the different decision contexts and respondent 

groups. Whereas the earlier study focused on healthcare professionals, the current DCE targets the 

general public, necessitating changes to ensure attributes were meaningful, interpretable, and rele-

vant to lay respondents. To ensure clarity and accuracy, feedback from a convenience sample of the 

general population was gathered. As a result, some attributes were reformulated or replaced to better 

capture outcomes and trade-offs that are salient to the general public, for example, framing time im-

pacts in terms of time to cancer treatment rather than time in clinic, and explicitly including the use 
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of patient data as an attribute reflecting public concerns about data use and governance. These dif-

ferences were intentional and designed to accommodate variation in stakeholder perspectives rather 

than to replicate the attribute set presented in Chapter 5 directly. 

 
Table 6.1: Overview of attributes and levels 

Attributes Levels Definition 

Accuracy 
compared with clini-

cians 

1. The AI system sometimes misses cancer 

The ability of the AI-systems to 
correctly identify cancerous or 
healthy tissues in medical im-

ages such as X-rays 

2. The AI never misses cancer but sometimes 
calls normal tissue cancer 

3. The AI system is the same as clinicians at iden-
tifying cancer correctly  

4. The AI system is less likely to miss cancer and 
less likely to call healthy tissue for cancer 

Diagnosis and treat-
ment oversight 

 

1. Assistive: The AI-system is used as a decision 
support tool; it provides doctors with sugges-
tions based on your initial test results, but doc-
tors still oversee and approve the treatment rec-
ommendations 

The extent to which the AI sys-
tem makes decisions about treat-
ment or assists clinicians in their 

decisions. 2. Fully autonomous: The AI system plans and de-
livers radiation therapy based on your test re-
sults all by itself, without needing doctors to 
step in during the process 

AI impact on out-of-
pocket costsa 

1. No additional costs ($0) 

The out-of-pocket costs associ-
ated with each visit 

2. Additional $35 

3. Additional $50  

4. Additional $100 
AI impact on time to 
cancer treatment 
Compared to the usual 
30 days waiting time at 
treatment centre not 
using AI it will beb 

1. 10 days longer 
2. No change (30 days) 
3. 10 days shorter 
4. 15 days shorter 

The impact of AI system adoption 
on the time needed to start cancer 

treatment 

AI-driven use of your 
data to update its learn-
ing/model 

1. The AI may use your medical images only, 
and only with your consent  

How AI is using your data such 
as medical images and health 

record data to improve its work-
ing/performance 

2. The AI uses your medical images only, with-
out needing your consent 

3. The AI system may use your medical images 
and health record data only with your con-
sent  

4. The AI uses your medical images and your 
health record data without needing your con-
sent  

Notes: Selection of the attribute levels was informed by 
a. the average out of pocket payment in Australia of $69.78 (van Gool et al. 2023) 
b. the estimated waiting times for radiotherapy in Australia 2018-2019 (Australian Institute of Health and Welfare 2020) 
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An example choice task from the DCE is shown in Figure 6.1. Each choice task presents a vignette in 

which respondents were asked to imagine undergoing radiation therapy facilitated by various AI-sys-

tems. Respondents were asked to select their preferred option based on the attributes of AI -systems 

provided. The primary focus of the study was on understanding preferences between different AI-

based approaches. After selecting their preferred AI system, respondents were then asked if they 

would prefer the treatment centre using the AI system they chose or a treatment centre that does not 

use AI. This opt-out option was included to reflect the realistic options for patients in clinical practice 

and to understand overall attitudes to AI, rather than serving as a third equivalent choice in the main 

comparison.  

Figure 6.1: Example DCE choice task 

Designed experiment 

The designed experiment, constructed in R (R Core Team 2024) using the idefix package (Traets et al. 

2020), contained 256 choice tasks divided into 16 versions, each with 16 choice tasks. The design was 

constructed to allow for the estimation of the main effect using a multinomial logit (MNL) model and 
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used an uninformative prior. To evaluate the ability the design (i.e. design that maximised the preci-

sion of estimated choice-model parameters for a given number of choice questions (Johnson et al. 

2013), several simulations were conducted in R, and in all cases the assumed priors were recovered 

accurately. . The questionnaire and DCE were piloted with a general population (n=50) during a survey 

soft launch to assess comprehension and to ensure the DCE was performing as intended. Following 

the DCE choice tasks, the respondents were prompted to rate the perceived difficulty of the choice 

task using a 5-level Likert scale, ranging from “strongly agree" to "strongly disagree." This rating aimed 

to assess task comprehension and the overall survey difficulty. In our open-ended question no attrib-

utes were consistently listed as being missing.  

Data collection  

The survey was administered by Pure Profile, an online panel provider with over 1 million panel mem-

bers. Panel members who were aged 18 year and older, living in Australia and able to speak and read 

English, were invited to participate via an email link which granted access to the survey. Respondents 

were recruited to be representative of the general population of Australia by age and gender. Panel 

members were asked indicate consent at the end of the introduction which contained information 

about the content and purpose of the study, and they could exit the survey at any point. Data were 

collected between and 26 June and 28 June 2024. This study was approved by the University of Tech-

nology Health Research Ethics Committee, 3 May 2024 (UTS HREC REF NO. 2015000135, Figure A6.2, 

Appendix 6).  

Data analysis  

Descriptive statistics were used to summarise the characteristics of the overall sample. A multinomial 

logit model (MNL) was originally fitted to the choice data. The probit model was used to analyse the 

data from the opt-out responses and to allow modelling of the choice as being driven by an underlying 

utility influenced by the attributes of the AI systems and individual-specific characteristics. The re-

spondents, after choosing between two main options (Treatment centre A and Treatment centre B) 

could indicate a preference for an opt out which corresponded to choosing a treatment centre that 

does not use AI.  

The marginal willingness to pay was estimated using coefficients from the MNL logit model using the 

AI impact on out-of-pocket cost variable to calculate a marginal rate of substitution (MRS), which pro-

vide information on the rate at which respondents are willing to trade the level of one attribute for a 

preferred level of another attribute (Mott et al. 2020). Relative attribute importance was calculated 

by dividing the range of marginal utilities of the given attribute by the sum of all attribute ranges. The 
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estimation was based on a piece-wise linear approach described in Johnson et al. (2011). This method 

derives cost values from dummy-coded utility estimates, assuming linear interpolation between dis-

crete cost-utility points. The cost attribute was specified at four levels: 0, 35, 50, and 100 AUD, forming 

the basis for constructing linear segments between adjacent cost levels. To capture non-linear mar-

ginal utility of cost, the cost attribute was effects-coded, while other attributes (i.e. accuracy, diagnos-

tic and treatment oversight, time impact, and AI-driven data use) were dummy-coded. In addition, the 

“AI-driven use of data” attribute was recoded to allow separate estimation of preferences for “use of 

health data” and “consent”. The slope of each linear segment was calculated between two cost levels 

and their corresponding utility coefficients. WTP values for each attribute level were then estimated 

by identifying the relevant cost segment into which the utility difference fell and applying linear inter-

polation. This approach allows for estimation of WTP by accommodating non-linearities in the cost-

utility relationship.  

Two approaches were used to account for heterogeneity: mixed logit (MIXL) and latent class (LC) mod-

elling. Mixed logit modelling generalises the MNL model by leveraging variation in choices across re-

spondents to estimate variation in preferences in the population (Sarrias and Daziano 2017). Each 

model was estimated by maximum simulated likelihood, with varying numbers of Halton draws, rang-

ing from 100 to 5000 Preferences for attribute levels were estimates relative to the base (omitted) 

level. Another approach to explore preference heterogeneity in the data is to use a latent class (LC) 

model (Ryan et al. 2008). Latent class analysis is used to identify subgroups within a population ac-

cording to individuals’ choices and then assesses whether demographic characteristics are associated 

with group membership. It assumes that these subgroups, or LCs, explain the pattern of responses 

observed in the data and that preference heterogeneity follows a discrete distribution for the attrib-

ute levels. The specific characteristics that are likely to impact on preferences were identified. To eval-

uate model fit, log likelihood, Akaike information Criterion (AIC) and Bayesian Information Criterion 

(BIC) were determined (Dziak et al. 2020). The number of classes to include was determined by the 

model with the lowest AIC and BIC across models with from 2 to 6 classes. In addition, the choice of 

best model fit was informed by an assessment of the average (over respondents) of the highest pos-

terior probability of class membership and the assessment of the model’s ability to make in-sample 

predictions of the actual choice outcomes by classifying the respondent as a member of a class “c” if 

class “c” gives him or her highest posterior membership probability. For each subsample of such re-

spondents, the probability of the actual choice was predicted, and the probability of the choice con-

ditional on being in class “c” (Newton et al. 2013). The statistical data analysis was conducted in R 

Studio (RStudio Team 2024) using GMNL package (Sarrias and Daziano 2017).  
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Results 
 

Sample characteristics  

A total of 533 respondents completed the survey. Most were born in Australia (n=449, 84%), with 72 

(14%) born overseas, primarily in Europe (Table A6.2, Appendix 6), with a small proportion identifying 

as Aboriginal (n=8, 2%) (Table 6.2). Respondents' ages were well-distributed across age groups, with 

most being between 25 and 44 years (n=192, 36%). Most held a bachelor’s degree (n=176, 33%) and 

were employed full-time (n=247, 46%) or part-time (n=124, 23%). Forty-three percent (n=230) re-

ported being in “good health or better”, 59% (n=312) felt knowledgeable about cancer, or knew some-

one diagnosed with cancer (n=410, 77%). The study population was representative of the broader 

Australian population in demographic and education.  

Table 6.2: Respondents characteristics (N=533) 
Characteristics All respondents N=533 

(n, %) 
Australian popu-

lationa (%) 
Gendera   
Female 275 (52) 51 
Male 258 (48) 49 
Country of birtha   
Australia 449 (84) 71 
NZ 11 (2) 29 
Other  72 (14) 
Prefer not to say 1 (<1)  
Aboriginal statusb    
Aboriginal 8 (2) 3 
Torres Strait Islander 3 (1) <1 
Both 2 (<1) <1 
Neither 516 (97) NA 
Prefer not to say 4 (1) NA  
Agea    
18-24 years 60 (11) 7j 

25-34 years 98 (18) 15 
35-44 years 94 (18) 14 
45-54 years 86 (16) 12 
55-64 years 75 (14) 11 
65-74 years 81 (15) 9 
75+ years 39 (7) 8 
Educationc    
Post graduate degree (master’s or Doctorate) 61 (11) 12 
Bachelor’s/honours degree 176 (33) 20 
Diploma/advanced diploma 71 (13) 10 
Certificate 75 (14) 17 
Year 12 or equivalent 89 (17) 18 
Year 11 and below 60 (11) 21 
Did not go to school 1 (<1) NA 
Employmentd    
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Characteristics All respondents N=533 
(n, %) 

Australian popu-
lationa (%) 

Employed (full-time) 247 (46)  69 
Employed (part-time) 124 (23) 31 
Home duties 25 (5) NR  
Not employed but looking for a job 18 (3) NR  
Not-working student 5 (1) NR  
Other (specify)e 4 (1) NR  
Retired 110 (21) 16 

Health state (self-assessed) f National Health 
Surveyf  

Excellent 58 (11) 19 
Very good 160 (30) 36 
Good 230 (43) 29 
Fair 77 (14) 12 
Poor 8 (2) 4 
Cancerg    
I don't know 13 (2) NA  
No 445 (83) NA 
Prefer not to say 3 (1) NA  
Yes 72 (14) NA 
Cancer_othersh   
I don't know 7 (1) NA  
No 111 (21) NA 
Prefer not to say 5 (1)  NA  
Yes 410 (77) NA 
Cancer knowledgei   
No 221 (41) NA  
Yes 312 (59) NA 

ABS = Australian Bureau of Statistics; NR: not reported  
Notes:  
a. ABS, https://www.abs.gov.au/statistics/people/population/births-australia/2022#national, accessed 11 Nov 2024 
b. ABS,https://www.abs.gov.au/statistics/people/aboriginal-and-torres-strait-islander-peoples/aboriginal-and-torres-strait-is-

lander-people-census/latest-release 
c. ABS, https://www.abs.gov.au/statistics/people/education/education-and-work-australia/latest-release#data-downloads 
d. ABS, https://www.abs.gov.au/statistics/labour/employment-and-unemployment/labour-force-australia/oct-2024#employ-

ment 
e. Disabled (n=1), Planned break from work force (n=1), Self Employed part time (n=1), Student who works as a casual 

(n=1) 
f. National Health Survey 2022: https://www.abs.gov.au/statistics/health/health-conditions-and-risks/national-health-sur-

vey/latest-release#about-the-national-health-survey, accessed 11 November 2024 
g. Have you ever been told by a doctor or nurse that you have any type of cancer?  
h. Has someone you know well ever been told by a doctor or nurse that they have any type of cancer?  
i. Do you feel knowledgeable about cancer treatment and what it entails?  
j. ABS data Reported for age 20-24 
 
DCE Results 

 

Mixed logit analysis 

The results from the mixed logit analysis are presented in Table 6.3. The estimation of the mixed logit 

model yielded significant effects at the 1% significance level for all levels of all attributes, except AI-

https://www.abs.gov.au/statistics/people/population/births-australia/2022#national
https://www.abs.gov.au/statistics/health/health-conditions-and-risks/national-health-survey/latest-release#about-the-national-health-survey
https://www.abs.gov.au/statistics/health/health-conditions-and-risks/national-health-survey/latest-release#about-the-national-health-survey
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driven use of medical images and health record data and the impact of AI on cancer treatment time-

lines that lead to a 10-day increase in the time to treatment. The results showed negative utility asso-

ciated with fully autonomous AI systems that had the highest impact on out-of-pocket costs and AI 

systems that resulted in longer time to treatment. The results show the highest preference is for an 

AI system with improved accuracy described as being less likely to miss cancer and less likely to classify 

healthy tissue as cancer, followed by an AI-system that offers reduction in time to cancer treatment 

(Table 6.3). The results from the DCE were consistent with the responses to questions about attribute 

importance that revealed that AI accuracy and AI impact on time to treatment were the most fre-

quently considered attributes when choosing between the AI systems (Figure 6.2). 

Figure 6.2: Attribute importance (N=533) 

 
OPP= out-of-pocket, Tx= treatment; 

Table 6.3 also presents the estimated standard deviations for each attribute. The estimated standard 

deviations for nine out of 12 attribute levels were statistically significant, indicating that there is 
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preference heterogeneity in the sample. The standard deviations for “AI impact on out-of-pocket cost 

of $100”, “AI impact on time to cancer treatment that led to 10 days shorter time”, and “AI use of 

health record data”) were not statistically significant.  

Table 6.3: Results of the DCE responses, analysed using mixed logit model (N=533) 
Attributes Levels  Mean (SE) SD (SE) 

Accuracy  
(Base = Same as clini-
cian)  

The AI system sometimes misses cancer 1.29 (0.09) *** 1.25 (0.1) *** 
AI never misses cancer but sometimes 

calls normal tissue cancer 1.66 (0.1) *** 1.09 (0.1) *** 

The AI system is less likely to miss can-
cer and less likely to call healthy tissue 

for cancer 
1.99 (0.1) *** 1.06 (0.1) *** 

Diagnosis and treatment 
oversight 
(Base = Assistive) 

Autonomous 
-0.36 (0.06) *** 0.82 (0.06) *** 

AI impact in OOP 
(Base = No additional 
costs: $0) 

Additional $35 0.5 (0.06) *** 0.8 (0.06) *** 
Additional $50 0.21 (0.05) *** 0.34 (0.07) *** 
Additional $100 -0.18 (0.04) *** 0.08 (0.16)  

AI impact on time to 
treatment  
(Base = No change: 30 
days) 

10 days longer -0.14 (0.08) . 0.95 (0.09) *** 
10 days shorter 0.67 (0.07) *** 0.03 (0.23)  
15 days shorter  0.75 (0.08) *** 0.58 (0.11) *** 

AI-driven use of your data 
(Base = No health record 
data) 

Includes health record data -0.06 (0.05) 0.25 (0.14) . 

AI-driven use of your data 
(Base = No consent re-
quired) 

Consent required 0.4 (0.06) *** 0.75 (0.07) *** 

Number of draws 5000 
Sample (observations) 8528 

BIC  9945.561 
AIC   9776.334 
LL  -4864.2 

AIC: Akaike information criterion; BIC: Bayesian information criterion; LL: log-likelihood; OPP: out-of-pocket payment; SD: 
standard deviation; SE: standard error. 
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05 

The mixed logit results are also illustrated in Figure 6.3, which shows the point estimate and the cor-

responding 95% confidence intervals for each attribute level. The results show the highest preference 

is for an AI-system with improved accuracy described as being less likely to miss cancer and less likely 

to classify healthy tissue as cancer, followed by an AI system that offers reduction in time to cancer 

treatment.  
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Figure 6.3: Mixed logit model results (N=533) 

 
Figure legend: The round marks indicate the coefficient estimates from the mixed logit model with their 95% confidence in-
tervals for the attribute levels (y-axis). The x-axis represents the coefficient values, with a red dashed vertical line indicating 
the zero-reference point. Positive coefficients indicate a preference for the attribute level, while negative coefficients indicate 
a disfavour.  
 

Latent class analysis 

The results from LC analysis are presented in Table 6.5. Based on the BIC estimates and the assessment 

of posterior average class probability and respondents class membership the best fit was the model 

with four classes (Table 6.4). 

 

Table 6.4: Models goodness of fit statistics (N=533) 

AIC: Akaike information criterion; BIC: Bayesian information criterion 

Classes Parameters, N Log-Likelihood AIC BIC 
2 8528 -5038.2 10126.47 10302.75 
3 8528 -4912.4 9900.859 10168.8 
4 8528 -4829.8 9761.558 10121.16 
5 8528 -4723.4 9574.855 10026.13 
6 8528 -4689.2 9532.398 10075.33 
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The latent class analysis identified four distinct subgroups of respondents (Classes 1 shared 7.2%, Class 

2 shared 38.5%, Class 3 shared 45.5% and Class 4 shared 8.8%) with varying preferences for AI systems 

in radiation therapy. All classes showed positive preference for AI systems with improved accuracy 

and AI systems that reduce time to treatment. All classed showed negative preference for AI systems 

having full autonomy. Respondents in Class 3 (45.5% share) and Class 4 (8.8% share) had negative 

preference for AI systems that increased out-of-pocket costs. The negative coefficient associated with 

the highest out-of-pocket cost ($100) in Class 4 suggests that this segment of respondents may be 

highly cost-sensitive or, alternatively, present a protest response to the inclusion of cost in the choice 

task. This interpretation is plausible given the Australian public healthcare context, in which radiation 

therapy is typically provided free of charge or subsidised. Respondents in Class 2 (38.5% share) and 

Class 3 were sensitive to privacy concerns regarding AI use of medical data without consent. These 

results show substantial heterogeneity in patient preferences, influenced by trade-offs between ac-

curacy, autonomy, cost, treatment speed, and data privacy in AI-enabled healthcare systems.  

Table 6.5: Latent class logit results: model with 4 classes (N=533) 
Attributes Levels  Class 1 (Coeff, 

SE) 
Class 2 (Coeff, 

SE) 
Class 3 (Coeff, 

SE) 
Class 4 (Coeff, 

SE) 

Accuracy  
(Base = Same as 
clinician)  

The AI system 
sometimes misses 
cancer 

0.42 (0.33) 2.69 (0.39) *** 0.17 (0.1) . 0.03 (0.29) 

AI never misses 
cancer but some-
times calls normal 
tissue cancer 

1.36 (0.34) *** 2.65 (0.34) *** 0.61 (0.13) *** 0.3 (0.32) 

The AI system is 
less likely to miss 
cancer and less 
likely to call 
healthy tissue for 
cancer 

1.66 (0.38) *** 3.35 (0.38) *** 0.63 (0.11) *** 0.59 (0.28) * 

Diagnosis and 
treatment over-
sight 
(Base = Assis-
tive) 

Autonomous -3 (0.36) *** -0.14 (0.07) . -0.11 (0.05) * -0.17 (0.17) 

AI impact in OOP 
(Base = No addi-
tional costs: $0) 

Additional $35 -0.09 (0.18) 0.33 (0.08) *** 0.15 (0.05) ** 3.5 (0.44) *** 
Additional $50 0.52 (0.2) ** 0.1 (0.08) 0.08 (0.05) 1.11 (0.25) *** 
Additional $100 -0.03 (0.2) -0.07 (0.07) -0.1 (0.05) * -1.02 (0.26) *** 

AI impact on time 
to treatment  
(Base = No 
change: 30 days) 

10 days longer -0.04 (0.4) -0.2 (0.12) . 0.06 (0.09) -0.45 (0.29) 
10 days shorter 0.81 (0.3) ** 0.79 (0.11) *** 0.4 (0.09) *** 0.31 (0.28) 
15 days shorter  1.34 (0.35) *** 0.95 (0.13) *** 0.28 (0.11) ** 0.6 (0.27) * 

AI-driven use of 
your data 
(Base = No 
health record 
data) 

Includes health 
record data -0.1 (0.25) -0.17 (0.08) * -0.01 (0.06) 0.38 (0.2) . 

AI-driven use of 
your data Consent required 0.49 (0.29) . 0.24 (0.09) ** 0.37 (0.06) *** 0.22 (0.18) 
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Attributes Levels  Class 1 (Coeff, 
SE) 

Class 2 (Coeff, 
SE) 

Class 3 (Coeff, 
SE) 

Class 4 (Coeff, 
SE) 

(Base = No con-
sent required) 
Average class 
share  7.2 38.5 45.5 8.8 

Constant, SE   Base class 1.68 (0.06) *** 
 

1.85 (0.07) *** 
 

0.21 (0.07) ** 
 

Observations     8528 
LL     -4829.8 
AIC     9761.558 
BIC     10121.16 

Notes: p-value:  *** p=0, ** p=0.001, * p=0.01, . p=0.05 
 
Latent class membership was examined in relation to observable respondent characteristics to sup-

port interpretation and potential implementation relevance. Class assignments were cross tabulated 

with key demographic and experiential variables, including age group, education level, prior cancer 

experience, and self-reported knowledge about cancer. Distinct patterns were observed across clas-

ses. Notably, the privacy-sensitive classes (Classes 2 and 3) had the lowest proportion of respondents 

with higher educational attainment (Table 6.7), providing insight into the sociodemographic profiles 

associated with differing preference structures. 
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Table 6.6: Respondents characteristics in the LCA  
Respondent charac-

teristic 
Class 1 
(N=39) 

Class 2 
(N=210) 

Class 3 
(N=236) 

Class 4 
(N=48) 

Age (n, %)     
18-24 8 (21)  23 (11)  27 (11)  2 (4)  
25-34 6 (15)  42 (20)  40 (17)  10 (21)  
35-44 7 (18)  30 (14)  46 (19)  11 (23)  
45-54 5 (13)  37 (18)  36 (15)  8 (17)  
55-64 5 (13)  34 (16)  31 (13)  5 (10)  
65-74 6 (15)  29 (14)  38 (16)  8 (17)  

75+ 2 (5)  15 (7)  18 (8)  4 (8)  
Education (n, %)     

Year 11 and below 0 (0)  0 (0)  1 (0)  0 (0)  
Year 12 or equivalent 4 (10)  28 (13)  28 (12)  0 (0)  
Certificate (any level 

including trade certifi-
cate) 6 (15)  34 (16)  37 (16)  12 (25)  

Diploma/advanced di-
ploma 5 (13)  33 (16)  33 (14)  4 (8)  

Bachelors on hon-
ours degree 3 (8)  27 (13)  34 (14)  7 (15)  

Post graduate degree 
(Masters or Doctor-

ate) 15 (38)  63 (30)  79 (33)  19 (40)  
Experienced cancer 
(n, %) 

    

Yes 4 (10)  28 (13)  32 (14)  8 (17)  
No 34 (87)  178 (85)  195 (83)  38 (79)  

I don’t know 0 (0)  4 (2)  7 (3)  2 (4)  
Prefer not to say 1 (3)  0 (0)  2 (1)  0 (0)  

Know someone with 
cancer (n, %) 

 

    

Yes 34 (87)  150 (71)  187 (79)  39 (81)  
No 5 (13)  53 (25)  44 (19)  9 (19)  

I don’t know 0 (0)  5 (2)  2 (1)  0 (0)  
Prefer not to say 0 (0)  2 (1)  3 (1)  0 (0)  

Knowledgeable about 
cancer treatment (n, 
%) 

    

Yes 28 (72)  131 (62)  131 (56)  22 (46)  
No 11 (28)  79 (38)  105 (44)  26 (54)  

 

Willingness to pay 

The marginal willingness-to-pay (WTP) values for each attribute level are presented in Table 6.7. These 

reflect the cost that respondents would be willing to pay to compensate for different features of the 

AI system. The results showed the respondents were willing to pay features such as enhanced over-

sight, reduced time burden, and AI-driven data use. Autonomous AI systems, which operate inde-

pendently without clinician oversight, were valued at $79 more than assistive systems, indicating 

some trust or preference for autonomy in decision-making. Regarding AI-driven use of data, respond-

ents were willing to pay $2 more for systems that require explicit consent, and $45 more for a system 

that used health record data. AI systems that resulted in 10 days longer to delivered treatment were 
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valued at $45. However, the results were not statistically significant. For some changes in attribute 

levels (i.e. AI impact on accuracy and reduction in time to treatment), the WTP could not be reliably 

estimated. This is likely due to estimating WTP in those cases would have required extrapolating be-

yond the available cost levels included in the DCE. Such extrapolation was not supported by the piece-

wise linear method (Johnson et al. 2011).  

 

Table 6.7: Willingness-To-Pay results (N=533) 
Attributes Levels MNL, MEAN (SE) WTP ($) 
Accuracy 

(Base = Same as clinician) 
The AI system sometimes 

misses cancer 0.85 (0.05) *** NE 

AI never misses cancer but 
sometimes calls normal tis-

sue cancer 1.1 (0.05) *** 
NE  

The AI system is less likely 
to miss cancer and less 

likely to call healthy tissue 
for cancer 1.32 (0.05) *** 

NE  

Diagnosis and treatment 
oversight 

(Base = Assistive) 

Autonomous  

-0.24 (0.03) *** 
79 

AI impact on time to treat-
ment 

(Base = No change: 30 
days) 

10 days longer -0.04 (0.05)  45 
10 days shorter 0.47 (0.05) *** NE  
15 days shorter 

0.5 (0.05) *** NE 
AI-driven use of your data 
(Base = No health record 

data) 

Includes health record data 

-0.02 (0.05)  
45 

AI-driven use of your data 
(Base = No consent re-

quired) 

Consent required 

0.29 (0.05) *** 
2 

OOP COST $0 0.3 (0.03) ***  
 $35 0.15 (0.03) ***  
 $50 -0.12 (0.03) ***  
 $100 0.3 (0.03) ***  

AI = artificial intelligence; SE: standard error. DS= standard deviation, OOP= out of pocket costs  
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05 
 

Opt-out preferences: probit model  

The probit model was used to analyse the data from the opt-out responses. The respondents, after 

choosing between two main options (treatment centre A and treatment centre B) could indicate a 

preference for an opt out which corresponded to staying with a treatment centre that does not use 

AI. The probit model estimates, reveals that accuracy is the dominant factor in people's decisions to 

opt out of AI-assisted care. Respondents’ preferences for AI system accuracy indicate a sensitivity to 

errors. Compared with an AI system performing at the same level as clinicians, reduction in accuracy 

was associated with lower preference. In particular, systems that sometimes-missed cancer or mis-

classifying healthy tissue were less preferred. The results showed that respondents had negative pref-

erence for AI systems that were less likely to miss cancer and less likely to call healthy tissue cancer. 
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This may reflect perceived  complexity or scepticism about the claim, suggesting that respondents may 

be cautious about AI systems that deviate from standard clinical performance, even if it is technically 

more precise. It is also important to acknowledge that his qualitative and relative approach may over-

simplify the nuanced nature of diagnostic performance, particularly in relation to false positives and 

false negatives, in a way that may not unambiguously situate artificial intelligence (AI) performance 

relative to clinicians across all levels. 

 Other attributes, including oversight, time to treatment, and how the AI system uses personal medical 

data—did not significantly influence preferences (Table 6.8). The positive intercept (0.26) indicates 

that If the AI system has the baseline characteristics (same accuracy as clinicians, assistive, no extra 

cost, no time change, no data use), the model predicts that the likelihood of choosing the system is 

more than 50%. 

 

Table 6.8: Probit model results (N=533) 
Attribute Level Estimate (SE) 

Intercept  0.26 (0.06) *** 
Accuracy  
(Base = same as clinicians)  

The AI system sometimes misses 
cancer -0.27 (0.05) *** 
The AI never misses cancer but 
sometimes calls normal tissue 
cancer 

-0.19 (0.05) *** 

The AI system is less likely to 
miss cancer and less likely to call 
healthy tissue for cancer 

-0.37 (0.05) *** 

Diagnosis and treatment oversight 
(Base = Assistive) 

Fully autonomous 0.04 (0.03) 

AI impact on out-of-pocket costs 

(Base = No additional costs ($0) 
Additional $35 0.04 (0.03) 
Additional $50 0.03 (0.03) 
Additional $100 -0.06 (0.03) * 

AI impact on time to cancer treatment  
(Base =No change (30 days)) 

10 days longer  0.08 (0.05) . 
10 days shorter -0.03 (0.04) 
15 days shorter -0.06 (0.04) 

AI-driven use of your data 
(Base = No health record data) 

Includes health record data 0.03 (0.05) 

AI-driven use of your data 
(Base = No consent required) 

Consent required 0.06 (0.04) 

Observations 8528 
LL  

AIC  
BIC   

AIC: Akaike information criterion; BIC: Bayesian information criterion; LL: log-likelihood; SE: standard error. 
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05 
 
Subgroup analyses 

The results of subgroup analyses showed the preferences were consistent across gender (Table 6.9), 

with some variation in preferences across different age groups (Table 6.10) and education level (Table 

6.11). 
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Table 6.9: MNL model: subgroup analyses by gender  
  Male  Female  

Attribute Level Estimate (SE) Estimate (SE) 
Accuracy  
(Base = same as clini-
cians)  

The AI system sometimes misses 
cancer 0.68 (0.07) *** 1.03 (0.07) *** 

The AI never misses cancer but 
sometimes calls normal tissue can-
cer 

0.92 (0.07) *** 1.29 (0.07) *** 

The AI system is less likely to miss 
cancer and less likely to call healthy 
tissue for cancer 

1.13 (0.07) *** 1.52 (0.08) *** 

Diagnosis and treatment 
oversight 
(Base = Assistive) 

Fully autonomous 
-0.19 (0.04) *** -0.3 (0.04) *** 

AI impact on time to can-
cer treatment  
(Base =No change (30 
days)) 

10 days longer  0.05 (0.07) -0.12 (0.07) . 
10 days shorter 0.48 (0.07) *** 0.47 (0.07) *** 
15 days shorter 0.46 (0.07) *** 0.56 (0.07) *** 

AI-driven use of your data 
(Base = No health record 
data) 

Includes health record data 
-0.05 (0.07) 0.01 (0.07) 

AI-driven use of your data 
(Base = No consent re-
quired) 

Consent required 
0.2 (0.07) ** 0.39 (0.07) *** 

AI impact on out-of-pocket 
costs 

(Base = No additional 
costs ($0) 

Additional $35 0.32 (0.04) *** 0.28 (0.04) *** 
Additional $50 0.18 (0.04) *** 0.12 (0.05) ** 
Additional $100 -0.11 (0.04) ** -0.14 (0.04) *** 

Observations 4128 4400 
LL -2568.4 -2587.7 

AIC 5162.833 5201.319 
BIC  5245.065 5284.381 

AIC: Akaike information criterion; BIC: Bayesian information criterion; LL: log-likelihood; SE: standard error. 
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05 
 
Table 6.10: MNL model: subgroup analyses by age  

  18-24 25-34 35-44 45-54 55-64 65-74 75+ 
Attribute Level Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Accuracy  
(Base = 
same as 
clini-
cians)  

The AI system 
sometimes misses 
cancer 

0.81 
(0.14) *** 

0.84 
(0.11) *** 

0.7 (0.11) 
*** 

0.96 
(0.12) *** 

0.74 
(0.13) *** 

1.03 
(0.13) *** 

1.24 
(0.2) *** 

The AI never 
misses cancer but 
sometimes calls 
normal tissue can-
cer 

1.04 
(0.15) *** 

0.88 
(0.11) *** 

0.84 
(0.11) *** 

1.2 
(0.13) *** 

1.41 
(0.14) *** 

1.28 
(0.14) *** 

1.56 
(0.2) *** 

The AI system is 
less likely to miss 
cancer and less 
likely to call healthy 
tissue for cancer 

1.09 
(0.15) *** 

1.19 
(0.12) *** 

1.01 
(0.12) *** 

1.47 
(0.13) *** 

1.47 
(0.14) *** 

1.6 
(0.14) *** 

1.93 
(0.21) *** 

Diagno-
sis and 
treatment 
oversight 
(Base = 
Assis-
tive) 

Fully autonomous 

-0.18 
(0.08) * 

-0.12 
(0.07) * 

-0.21 
(0.07) *** 

-0.27 
(0.07) *** 

-0.37 
(0.08) *** 

-0.35 
(0.08) *** 

-0.34 
(0.11) ** 
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18-24 25-34 35-44 45-54 55-64 65-74 75+ 
Attribute Level Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
AI impact 
on time 
to cancer 
treatment 
(Base 
=No 
change 
(30 
days)) 

10 days longer -0.23
(0.14) .

-0.17
(0.11)

0.01 
(0.11) 

-0.12
(0.12)

0.08 
(0.13) 

0.07 
(0.13) 

0.29 
(0.18) 

10 days shorter 0.4 
(0.14) ** 

0.41 
(0.11) *** 

0.41 
(0.11) *** 

0.31 
(0.12) ** 

0.46 
(0.13) *** 

0.82 
(0.13) *** 

0.71 
(0.19) *** 

15 days shorter 
0.38 

(0.14) ** 
0.43 

(0.11) *** 
0.51 

(0.12) *** 
0.31 

(0.12) ** 
0.67 

(0.13) *** 
0.72 

(0.13) *** 
0.69 

(0.2) *** 

AI-driven 
use of 

your data 
(Base = 

No 
health 
record 
data) 

Includes health rec-
ord data 

0.04 
(0.15) 

0.05 
(0.11) 

-0.03
(0.11)

-0.07
(0.12)

0.01 
(0.13) 

-0.06
(0.13)

-0.27
(0.2)

AI-driven 
use of 

your data 
(Base = 
No con-
sent re-
quired) 

Consent required 

0.57 
(0.14) *** 

0.23 
(0.11) * 

0.35 
(0.11) *** 

0.24 
(0.12) * 

0.24 
(0.13) . 

0.26 
(0.13) * 

0.21 
(0.19) 

AI impact 
on out-
of-pocket 
costs 

(Base = 
No addi-

tional 
costs 
($0) 

Additional $35 0.3 
(0.09) *** 

0.18 
(0.07) ** 

0.33 
(0.07) *** 

0.18 
(0.07) * 

0.35 
(0.08) *** 

0.47 
(0.08) *** 

0.46 
(0.11) *** 

Additional $50 0.08 
(0.09) 

0.13 
(0.07) * 

0.16 
(0.07) * 

0.1 
(0.08) 

0.15 
(0.08) . 

0.24 
(0.08) ** 

0.21 
(0.12) . 

Additional $100 
-0.19

(0.08) *
-0.05
(0.07)

-0.21
(0.07) ** 

-0.05
(0.07)

-0.18
(0.08) *

-0.15
(0.08) *

-0.05
(0.11)

Observa-
tions 

960 1568 1504 1376 1200 1296 624 

LL -588 -980 -944 -837 -697 -731 -339
AIC 1202 1985 1913 1670 1419 1488 702 
BIC 1265 2055 1983 1768 1486 1555 760 

AIC: Akaike information criterion; BIC: Bayesian information criterion; LL: log-likelihood; SE: standard error. 
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05 

Table 6.11: MNL model: subgroup analyses by education 

Year 11 
and be-

low 

Year 12 or 
equiva-

lent 

Certifi-
cate (any 
level in-
cluding 

trade cer-
tificate) 

Diploma/ad-
vanced di-

ploma 

Bachelors 
on hon-
ours de-

gree 

Post 
graduate 
degree 

(Masters 
or Doctor-

ate) 
Attribute Level Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Accuracy 
(Base = 
same as 
clinicians) 

The AI system 
sometimes misses 
cancer 

0.9 (0.15) 
*** 

0.87 
(0.12) *** 

0.74 
(0.13) *** 

0.81 (0.13) 
*** 

0.84 
(0.09) *** 

1.06 
(0.15) *** 

The AI never misses 
cancer but 

1.35 
(0.16) *** 

1.11 (0.12) 
*** 

1.2 (0.14) 
*** 

1.26 (0.14) 
*** 

0.99 
(0.09) *** 

0.98 
(0.15) *** 
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Year 11 
and be-

low 

Year 12 or 
equiva-

lent 

Certifi-
cate (any 
level in-
cluding 

trade cer-
tificate) 

Diploma/ad-
vanced di-

ploma 

Bachelors 
on hon-
ours de-

gree 

Post 
graduate 
degree 

(Masters 
or Doctor-

ate) 
Attribute Level Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
Estimate 

(SE) 
sometimes calls nor-
mal tissue cancer 
The AI system is 
less likely to miss 
cancer and less 
likely to call healthy 
tissue for cancer 

1.44 
(0.16) *** 

1.29 
(0.12) *** 

1.46 
(0.14) *** 

1.24 (0.14) 
*** 

1.37 
(0.09) *** 

1.18 
(0.15) *** 

Diagnosis 
and treat-
ment over-
sight 
(Base = 
Assistive) 

Fully autonomous 

-0.5 (0.09) 
*** 

-0.17 
(0.07) ** 

-0.21 
(0.08) ** 

-0.37 (0.08) 
*** 

-0.18 
(0.05) *** 

-0.18 
(0.08) * 

AI impact 
on time to 
cancer 
treatment  
(Base =No 
change 
(30 days)) 

10 days longer  -0.19 
(0.14) 

-0.05 
(0.12) 0.1 (0.13) -0.03 (0.13) -0.08 

(0.08) 
0.07 

(0.14) 
10 days shorter 0.35 

(0.15) * 
0.46 

(0.12) *** 
0.56 

(0.12) *** 
0.43 (0.13) 

*** 
0.43 

(0.08) *** 
0.69 

(0.14) *** 
15 days shorter 0.35 

(0.15) * 
0.47 

(0.12) *** 
0.62 

(0.13) *** 
0.47 (0.13) 

*** 
0.52 

(0.09) *** 
0.6 (0.15) 

*** 
AI-driven 

use of 
your data 
(Base = 

No health 
record 
data) 

Includes health rec-
ord data 

0.13 
(0.15) 

-0.04 
(0.12) 

0.05 
(0.13) -0.21 (0.13) -0.01 

(0.09) 
-0.07 
(0.15) 

AI-driven 
use of 

your data 
(Base = 
No con-
sent re-
quired) 

Consent required 

0.34 
(0.14) * 

0.51 
(0.12) *** 

0.27 
(0.13) * 0.1 (0.13) 0.25 

(0.08) ** 
0.31 

(0.14) * 

AI impact 
on out-of-
pocket 
costs 

(Base = 
No addi-

tional 
costs ($0) 

Additional $35 0.37 
(0.09) *** 

0.25 
(0.07) *** 

0.38 
(0.08) *** 

0.28 (0.08) 
*** 

0.28 
(0.05) *** 

0.35 
(0.09) *** 

Additional $50 0.14 (0.1) 0.13 
(0.07) . 

0.03 
(0.08) 

0.23 (0.08) 
** 

0.18 
(0.05) *** 

0.14 
(0.09) 

Additional $100 
-0.14 
(0.09) 

-0.08 
(0.07) 

-0.09 
(0.08) 

-0.23 (0.08) 
** 

-0.14 
(0.05) ** 

-0.09 
(0.09) 

Observa-
tions 

       

LL  960 1424 1200 1136 2816 976 
AIC  -557 -867 -718 -683 -1711 -590 
BIC   1140 1759 1463 1391 3448 1206 

AIC: Akaike information criterion; BIC: Bayesian information criterion; LL: log-likelihood; SE: standard error. 
Note: *** p=0, ** p=0.001, * p=0.01, . p=0.05 
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Feedback questions 

Responses to question regarding DCE task difficulty suggest that most respondents did not find the 

DCE tasks overly difficult and were able to differentiate between the options presented (Figure 6.4 

and Figure 6.5).  

 

Figure 6.4: DCE follow-up questions (N=533) 

 
Figure 6.5: Attitudes and Opinions on AI in radiation therapy planning (N=533) 

 
AI: artificial intelligence; DCE: discrete choice experiment; RT: radiation therapy  
Notes:  
Q1. The benefits of using AI to analyse medical images outweigh the risks 
Q2. I would grant permission to use my personal data 
Q3. I would be in favour of using AI to interpret medical images as decision support for clinicians 
Q4. The implementation of AI may impact my healthcare costs 
Q5. AI systems should be tested by an independent authority before they are used on patients 
Q6. I would like my physician to override the recommendations of AI 
Q7. I would like to be informed about the use of AI in my diagnosis and treatment 
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Discussion  

The findings from this study provide significant insights into the preferences and attitudes of patients 

regarding the use of AI in the delivery of radiation therapy. This is the first paper to explore the general 

population's preferences regarding the use of AI in radiation therapy treatment planning and delivery. 

The results underscore the crucial role that accuracy, cost and timeliness play in the acceptance of AI 

systems, as well as ethical concerns and autonomy preferences of potential users.  

Respondents preferred AI systems that demonstrate higher accuracy in identifying cancerous tissues 

compared to conventional clinician assessments. This refers to the necessity for AI systems to meet 

high accuracy standards to gain acceptance. However, it is acknowledged that the levels of the “accu-

racy” attribute are expressed in language that may oversimplify the nuanced nature of diagnostic per-

formance. The levels of accuracy were formulated in qualitative terms based on the understanding 

that (according to fuzzy-trace theory); people often extract the qualitative gist of a risk when inter-

preting it. This involves making qualitative distinctions similar to those presented in our discrete choice 

experiment (DCE), which rely on relative comparisons rather than literal, quantitative computation 

(Brust-Renck et al. 2013). Although described as the AI system’s ability to correctly identify cancerous 

or healthy tissues in medical images, this broad framing may not adequately reflect the trade-offs 

between false positives and false negatives, which could have potentially introduced ambiguity, lead-

ing respondents to rely on their own assumptions. It is acknowledged that the use of this qualitative 

and relative approach may be at risk of oversimplifying the nuanced nature of diagnostic performance, 

particularly in relation to false positives and false negatives, in a way that may not unambiguously 

situate AI performance relative to clinicians across all levels. This needs to be considered when inter-

preting coefficients and willingness-to-pay (WTP) estimates, and future DCEs could include quantita-

tive anchors for sensitivity, specificity, or missed cancer rates. That approach would allow direct map-

ping of preferences to the performance characteristics of candidate AI tools but may also lose the 

nuance of asking respondents to consider their underlying attitudes regarding clinician versus AI in-

terpretation of accuracy. These issues were raised in a Letter to the Editor published in Value in Health 

in relation to the publication derived from the work presented in this chapter. They were addressed 

in the corresponding author response and should be borne in mind when interpreting the results (see 

Figure A6.4, Attachment 6). 

Timeliness also emerged as a significant factor, with respondents valuing systems that could expedite 

cancer treatment, reflecting the pressing need for timely care in oncology settings and highlighting 

the need for a balanced approach that optimises both accuracy and speed without compromising 
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quality. Higher costs were associated with a lower perceived value of AI. However, the predefined cost 

range used in this DCE may have been limited to fully capture respondents’ willingness to pay for 

certain AI-related attributes. Although there was some acceptance of autonomous AI systems, the 

preference for clinician oversight remains strong. This indicates that while patients may appreciate 

the efficiencies brought by AI, they also prioritise the human element in patient care, seeking a shared-

decision model where clinicians and patients share the best available evidence (Elwyn et al. 2012) 

rather than a replacement of clinicians with AI technology. The mixed preferences regarding medical 

data use highlight the complex dynamics surrounding consent and privacy in healthcare settings. 

While some respondents indicated a willingness to forego explicit consent for the use of their health 

data in favour of granting access to their data and the potential positive impact on treatment effec-

tiveness and prognosis, others expressed a strong desire to maintain control over their personal infor-

mation. These findings suggests that healthcare organisations must navigate these preferences, en-

suring that ethical standards are upheld while fostering trust in AI technologies. This requires evalua-

tion of AI recommendations by healthcare professionals, recognising AI limitations while maintaining 

accountability for patient care.  

Despite the growing volume of research that provides evidence that AI improves accuracy compared 

with human based systems, the accuracy of medical AI should not be conflated with efficiency 

(Jongsma et al. 2024). Previous research showed that while AI systems demonstrate high accuracy in 

tasks that are challenging for healthcare professionals, this does not automatically translate to a re-

duction in workload or increased efficiency. The development and integration of AI requires significant 

human labour and expertise, which can ultimately increase workloads rather than reduce them. Fur-

thermore, the successful implementation of AI depends on healthcare professionals' trust and com-

petence in using these systems. Hence, the AI's benefits should be critically evaluated, and it is essen-

tial to distinguish between effectiveness (getting more done) and efficiency (doing it with fewer re-

sources) (Jongsma et al. 2024). 

Respondents’ preference for AI systems that are assistive rather than fully autonomous resonates with 

concerns regarding accountability and the potential for AI to make erroneous decisions without hu-

man intervention, raising questions about the ethical implications of AI deployment in healthcare set-

tings. As highlighted in recent literature, these algorithms can perpetuate historical biases embedded 

in their training data, leading to discriminatory outcomes in high-stakes areas such as criminal justice 

and education (Busuioc 2021). Algorithmic bias can lead to disparities in diagnosis, treatment and out-

comes among different patient groups. It can impact on principles of fairness, justice and equity in 

health, eroding trust in the healthcare system (Harishbhai Tilala et al. 2024). The complexities of 
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machine learning models pose challenges for transparency, making it difficult for public administrators 

to effectively oversee their functioning and ensure accountability. Furthermore, the reliance on pro-

prietary algorithms exacerbates these issues, as many details about their operation remain undis-

closed, hindering efforts to interrogate and challenge algorithmic decisions. These complexities un-

derscore the necessity for regulatory frameworks that prioritise the use of AI systems that provide 

insight into their workings to safeguard against the unintended consequences of algorithmic decision-

making (Busuioc 2021).  

The implications of these findings extend to the development and implementation of AI systems in 

healthcare. To mitigate issues of bias and underrepresentation in AI training data, which can compro-

mise accuracy, it is essential to expand training datasets to include diverse populations that reflect the 

demographics of the patient population. This approach will enhance the generalisability and reliability 

of AI algorithms, ultimately leading to improved patient outcomes and greater acceptance among 

consumers. Previous research highlights that perceived usefulness, performance expectancy, atti-

tudes, trust, and effort expectancy are critical predictors of behavioural intention to adopt AI technol-

ogies across various sectors (Kelly et al. 2023).  

In addition, a comprehensive evaluation of an AI system’s performance should be conducted through 

collaboration between developers, clinicians, and healthcare service consumers to confidently estab-

lish its ability to perform specific tasks within real-world clinical workflows. This process can be sup-

ported by translational trials, which serve as a critical testing stage for AI in healthcare (McCradden 

2024; McCradden, Joshi, et al. 2020).   

Overall, this DCE offers valuable insights for adopting of AI in radiation therapy highlighting its poten-

tial to streamline processes, improve outcomes, and reduce costs (Kalsi et al. 2024). However, this 

study is limited by the practical constraints of the survey design, testing only two hypothetical AI sys-

tems with five attributes, which may not fully capture the complexity and breadth of features that 

influence real-world decision-making. In practice, AI systems used in healthcare may involve a wider 

range of attributes, such as interoperability, patient safety, regulatory compliance, cost-effectiveness, 

and user training requirements, that could potentially affect stakeholder preferences.  

The out-of-pocket cost attribute levels were informed by previous Australian study exploring costs in 

radiotherapy settings (van Gool et al. 2023) , given that the DCE recruited general public rather than 

patients with cancer. We acknowledge that these values are substantially lower than those reported 

in research investigating the costs of radiotherapy (Batumalai et al. 2019). Future work should incor-

porate a broader range of cost levels to better test their impact on willingness-to-pay estimates and 
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ensure that the resulting values are realistic and policy relevant. The out-of-pocket cost attribute lev-

els were informed by previous Australian study exploring costs in radiotherapy settings (van Gool et 

al. 2023) , given that the DCE recruited general public rather than patients with cancer. We 

acknowledge that these values are substantially lower than those reported in research investigating 

the costs of radiotherapy (Batumalai et al. 2019). Future work should incorporate a broader range of 

cost levels to better test their impact on willingness-to-pay estimates and ensure that the resulting 

values are realistic and policy relevant. 

Another potential limitation of this study relates to the general population sample and their varying 

levels of understanding and experience with cancer. Given the complexity of cancer care, respondents 

with limited personal or professional exposure may have found it challenging to interpret the scenar-

ios accurately or fully engage with the hypothetical tasks. Although the survey included questions to 

gauge self-reported knowledge (59%) and experience (14%) with cancer, self-assessments of under-

standing may not reliably reflect true comprehension, particularly for a nuanced topic like oncology. 

Respondents were not specifically primed or provided with detailed background information prior to 

completing the tasks, which may have further impacted their ability to make informed trade-offs.  

In conclusion, this study highlights the importance of optimising AI systems for accuracy and timeliness 

while addressing ethical concerns surrounding autonomy and data privacy. The findings indicate a 

need for ongoing discussions and collaborations among stakeholders, including healthcare profession-

als, patients, and AI developers, to ensure that AI technologies prioritise patient safety and care qual-

ity. Future research should explore these dynamics, focusing on the integration of AI into clinical work-

flows and the implications for patient-provider relationships.   
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Chapter 7:  Evaluation of the Australian National Digital Health using  

Best-Worst Scaling  

Abstract 

Background: Australia's National Digital Health Strategy (NDHS) 2023-2028 provides a framework for 

healthcare transformation through digital innovation. While existing maturity assessment models 

evaluate organisational capabilities, they rarely incorporate public input. This research addresses this 

gap by exploring how individuals in general population prioritise digital health initiatives across the 

Strategy's four outcomes: digitally enabled systems, person-centred care, inclusive access, and data-

driven decision-making. Using Best-Worst Scaling (BWS) methodology, this study examines which ini-

tiatives matter most to the public, ensuring digital transformation aligns with community values and 

expectations rather than solely with institutional priorities. 

Methods: This study involved conducting a BWS experiment to assess public priorities within the 80 

initiatives included in the NDHS. Respondents were asked to select both the most and least important 

initiatives from sets of five initiatives. They were shown 27 such sets of 5 initiatives. Data were ana-

lysed using count analysis, multinomial logit, mixed logit, and latent class models to generate robust 

preference rankings and identify population segments with distinct priorities. 

Results: Analysis of data from 548 representative Australian adults revealed that the most important 

initiatives to respondents were "Protecting health information against cyber-attacks" and "Ensuring 

current, accessible information about healthcare providers and services." Conversely, "Preparing for 

new technologies like AI and genomics" and "Participating in digital health evaluations" ranked lowest 

in priority. Statistical modelling confirmed significant differences between highest and lowest-ranked 

initiatives. Mixed logit modelling revealed significant preference heterogeneity for most initiatives, 

indicating varying priorities across individuals. Latent class analysis identified distinct preference seg-

ments within the population. The results were largely consistent across demographic subgroups, with 

some variation in preferences among IT professionals, suggesting broad consensus on digital health 

priorities. 

Conclusions: The findings underscore the importance of incorporating public input into digital health 

strategy development. By identifying and prioritising initiatives that resonate most with the public, 

policymakers can ensure that digital health transformations are not only technologically advanced but 

also aligned with community values and expectations. This alignment is crucial for fostering public 

trust and engagement in digital health initiatives. Future research should continue to explore public 
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preferences and expand the scope to include diverse demographic groups to further refine and en-

hance digital health strategies.  

Introduction  

Strategies for implementing digital technologies that support an organisation’s digital transformation 

goals have been widely explored, particularly in light of the recent growth in application of artificial 

intelligence (AI). These technologies present both significant opportunities and complex challenges 

for adoption, requiring thoughtful planning and alignment with organisational capabilities and strate-

gic objectives (Holmström 2022).  

To maximise the potential of digital technologies such as AI, both organisational transformation and 

technological adoption are essential. Given the complexity and the evolving nature of these technol-

ogies, AI in particular, their successful implementation requires ongoing, multifaceted adaptations in-

formed by user feedback and experience. This includes adapting organisational resources, workforce 

capabilities, culture, and decision-making processes, all of which are evolving in parallel with techno-

logical advancements (Holmström 2022).  

However, this can be challenging due to the inherent complexities of healthcare systems, legacy tech-

nological infrastructure, and rigid policies that may not be sufficiently flexible to accommodate inno-

vative technologies. These technologies often require substantial investment and specialised human 

resources, frequently sourced from private consulting, highlighting a persistent gap between their po-

tential and their actual use within organisations (Koutsoukis 2025).  

Digital strategies can play an important role in bridging this gap by providing a coherent framework 

and policy direction that encourages the integration of emerging digital health technologies (DHTs). 

By aligning organisational goals with broader national objectives, these strategies can help streamline 

investment, foster public-private partnerships, and promote capacity-building initiatives that support 

sustainable digital transformation in healthcare. 

The National Digital Health Strategy NDHS aims to provide a comprehensive roadmap for transforming 

healthcare through digital innovation, with ambitious initiatives spanning multiple sectors. At its core 

is the goal of advancing digital health maturity, a critical foundation for the effective implementation 

and scaling of DHTs. Achieving this requires modernising Australia’s digital health infrastructure to 

support a more integrated and responsive ecosystem, capable of accommodating innovations such as 

genomics, AI, and sensor-based technologies (ADHA 2023a). A mature digital ecosystem leverages 
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health technology to enable advanced data analytics, improve clinical decision-making, and 

strengthen public health policy and research. Through targeted investments in infrastructure, work-

force development, interoperability, and governance, the NDHS provides a structured framework for 

assessing and strengthening digital capabilities. These efforts not only prepare health systems for the 

technical demands of innovative health technologies, such as the use of AI in oncology, but also culti-

vate a culture of innovation, ensuring that digital tools are seamlessly embedded into clinical work-

flows and aligned with patient needs.  

National strategies need to be accepted by the individuals, organisations and communities they aim 

to serve. However, the preferences and opinions of those who are the recipients of these policies and 

healthcare services may differ from those of the policymakers and decision-makers responsible for 

designing and implementing them.  

Evaluation of national strategies is a crucial aspect of policymaking and public administration, as it 

helps to inform whether the priorities included in the strategy are accurately represented and aligned 

with public needs, expectations, and values (Cummings 2024). The evaluation process ensures that 

policies and programs are in line with the priorities supported by the population while also identifying 

gaps between government actions and public expectations. The evaluation process involves continu-

ous monitoring, stakeholder engagement, and the use of key performance indicators (KPIs) to meas-

ure impact (Biggs et al. 2019).  

Engaging the general population in determining how publicly funded healthcare resources should be 

allocated ensures digital health transformations reflect community needs and values, aligning with 

their priorities and preferences. While existing digital health maturity assessment models such as the 

Health Information and Management System Society (HIMSS) Digital Health Indicator (DHI), and re-

gional frameworks provide structured methods for evaluating digital capabilities, they often lack direct 

input from the general population.  

This chapter presents a study designed to elicit preferences of potential recipients of health care ser-

vices. This research addresses this gap by seeking to understand public perspectives on prioritising 

digital health initiatives. BWS methodology was chosen as being appropriate understanding public 

preferences for digital health initiatives and priorities, to inform consideration of the extent to which 

public investment aligns with population preferences for resource allocation. By exploring how indi-

viduals perceive and prioritise the initiatives in the NDHS, the study aims to bridge the traditional top-

down approach with bottom-up public input. The results of the BWS survey provide insights for the 
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priority setting of the digital health initiatives that are included in the NDHS, which are important for 

achieving sustainable, inclusive, and person-centred health outcomes for Australians. 

Methods   
 
Survey development  

A BWS survey was developed and implemented to identify which initiatives included in the NDHS are 

perceived as most and least important by the general population, including different groups such as 

patients and health providers/professionals. The survey design and the items included in the BWS 

were based on the initiatives described in the NDHS.  

The survey included background information about the NDHS and the research question, which was 

then followed by seven sections (see Figure A7.2, Appendix 7). The structure of the survey is presented 

below: 

• Section 1: Respondent’s background and demographic information part 1  

• Section 2: BWS:  9 initial choice tasks 

• Section 3 Respondent’s background and demographic information part 2  

• Section 4: BWS additional 9 choice tasks 

• Section 5: Respondent’s background part 3 

• Section 6: BWS final 9 choice tasks  

• Section 7: Follow-up questions including questions about the difficulty of the survey and 

questions about respondent’s priorities related to digital health initiatives  

 

The survey was structured in a way to limit respondents’ fatigue by interspersing the choice tasks with 

questions about respondent’s background and attitudes. The context for the BWS was introduced via 

a vignette (Figure 7.1) which included a short (30sec) video presenting the NDHS 

(https://youtu.be/l1O7ox28xYM) and information shown below:  

 

https://youtu.be/l1O7ox28xYM
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Figure 7.1: BWS survey Vignette  
The  National Digital Health Strategy (2023-2028) in Australia aims to improve the quality, safety 
and efficiency of the healthcare system through integration of digital technologies. The strategy 
seeks to achieve 4 outcomes for Australia’s health system as presented below:  
 

 
 
The strategy includes specific initiatives that outline priority actions, guiding partners in their con-
tributions to its implementation. We will ask you to identify the initiatives you consider most and 
least important. Your feedback will help policymakers improve digital health initiatives to better 
meet the needs of Australians. 
 

 
Each respondent was asked to complete 27 BWS choice tasks.  In each choice task, respondents were 

shown a list of five initiatives and were asked to indicate which of the listed initiatives was most im-

portant to them and which least important to them. An example choice task is presented in Figure 7.2. 

The BWS choice tasks were divided into three sections, where 9 choice tasks were presented in each 

section. Before the actual choice tasks, the respondents were presented with a tutorial to guide them 

through the components of the choice tasks and instructions on how to complete the tasks (see Figure 

A7.2, Appendix 7). Additional background questions were presented in between the sets of 9 choice 

tasks to break up the presentation of the BW tasks to reduce respondent fatigue (Nguyen et al. 2022). 

The final 9 choice tasks of the survey were followed by questions about the survey and a final question 

asking respondents to provide feedback about the survey or the topic in general.  

 
Figure 7.2: Example of BWS choice task  

 

https://www.digitalhealth.gov.au/discover-the-national-digital-health-strategy-2023-2028#dialog-xf1r2t
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BWS items 

The development of items for the BWS exercise was based on the original 80 initiatives included in 

the NDHS Delivery Roadmap (ADHA 2023b). Because the initiatives are worded in technical and policy-

oriented language, they were reviewed and re-worded to improve comprehensibility for the general 

population respondents. This process involved reviewing and modifying the wording of the initiatives 

through consultations with senior researchers (DS, RV) experienced in stated preference (SP) research. 

Their input helped to ensure the initiatives were clearly worded, contextually relevant, and easily in-

terpretable by respondents. Specific attention was paid to phrasing, terminology and cognitive burden 

to maximise comprehension and reduce ambiguity during survey completion (Table 7.1). The refine-

ment process involved an initial independent rephrasing by ML, followed by independent reviews 

from RV and DS, and concluded with an extensive review by all three researchers to reach consensus-

based approach. 

 

Table 7.1: BWS items (N=80) 
Item 
no. Description- Original NDHS Description- used in BWS 

0 Develop and maintain a national secure messaging ca-
pability to enable the safe exchange of clinical docu-
ments 

Create secure national system for safely sharing 
health-related documents like clinical notes 

1 Continue roll out of Provider Connect Australia to en-
sure availability of up-to-date information about 
healthcare providers 

Make sure information about health care providers and 
health services is always current and easy to access 

2 Assist software vendors to connect residential aged 
care facilities to My Health Record 

Assist residential aged care facilities in connecting to 
the online health record system, My Health Record 

3 Connect multiple government services to newborn en-
rolment information by rolling out the Birth of a Child 
project nationally 

Roll out a national newborn enrolment system that 
connects to government services 

4 Advance the use of electronic referrals, transfers of 
care and discharge summaries as business as usual 

Make the use of electronic referrals, transfers of care 
and discharge summaries business as usual 

5 Update healthcare provider systems to strengthen and 
support electronic prescribing 

Update healthcare provider systems to strengthen and 
support electronic prescribing 

6 Assist software vendors to connect allied health provid-
ers to My Health Record 

Help aged care software developers to align with My 
Health Record and the Aged Care Transfer Summary 

7 Finalise clinical information system standards for resi-
dential aged care facilities 

Standardise clinical information systems for residential 
aged care facilities 

8 Enhance and expand advance care planning docu-
ments to support end-of-life decisions, ongoing care 
and treatment preferences 

Improve and update advance care planning documents 
to support end-of-life decisions and ongoing care pref-
erences 

9 Implement the National Digital Health Capability Action 
Plan 

Implement the National Digital Health Capability Action 
Plan  

10 Develop a digital health workforce readiness frame-
work for organisations to self-assess and plan their 
digital health workforce development 

Develop a framework to help organisations ensure 
their health workforce is digital health ready  

11 Pilot and evaluate the national digital health capability 
framework and self-assessment tool to improve digital 

Improve digital health skills of the health and care 
workforce in residential aged care facilities 



128 

 
 
 

  

Item 
no. Description- Original NDHS Description- used in BWS 

health skills of the health and care workforce in resi-
dential aged care facilities 

12 Develop guidelines and resources for digital health 
learning, education and practice 

Develop guidelines and resources for digital health 
learning, education and practice 

13 Develop an online hub to host and connect curated 
digital health workforce content 

Create an online platform to share and connect digital 
resources for the health workforce 

14 Uplift digital health capabilities in primary care to im-
prove interoperability between systems and streamline 
and simplify data access 

Make it easier for primary care providers to share infor-
mation and access data 

15 Develop and operate digital solutions that support the 
career and learning pathways of healthcare providers 
and their mobility across the sector 

Build digital tools that support healthcare providers in 
their training and career paths 

16 Continue modernising digital health infrastructure in-
cluding My Health Record with contemporary architec-
tures to make information more accessible and discov-
erable 

Modernise platforms like My Health Record to make 
them faster and easier to use 

17 Mandate electronic prescribing for medicines that are 
high cost and/or high risk through updates to technol-
ogy, standards and regulation 

Create accurate terms and standardised rules to en-
sure systems work well across healthcare settings 

18 Develop Fast Health Interoperability (FHIR®) core 
standards that set the minimum requirements to sup-
port consistent capture and sharing of health infor-
mation 

Set standards for sharing health data with consistent 
rules to make it easier to share health information 
across systems 

19 Continue to implement standards and resilience 
measures to protect personal health information and 
digital health infrastructure from cyber-attack, natural 
disasters and climate event 

Protect Health Information and infrastructure against 
cyber-attacks and natural disasters 

20 Co-design technical, clinical terminology and exchange 
standards for a national electronic requesting capability 
for diagnostic imaging and pathology 

Develop a national system for online requests for blood 
tests and X-rays 

21 Embed interoperability in procurement in accordance 
with national interoperability procurement guidelines 

Require new healthcare technology to work well with 
existing systems 

22 Mandate electronic prescribing for medicines that are 
high cost and/or high risk through updates to technol-
ogy, standards and regulation 

Require electronic prescribing for expensive or high-
risk medicines by updating technology and rules 

23 Increase digital maturity to enable efficient data collec-
tion, analysis and use of national clinical quality regis-
tries in line with the Framework for Australian Clinical 
Quality Registries 

Improve digital systems to collect, analyse, and use 
data from national health registries more effectively 

24 Co-design, deliver, promote and participate in con-
sumer digital health literacy programs and integrate 
with broader government digital literacy programs 

Involve consumers in the design and delivery of digital 
health literacy programs  

25 Use guidelines, such as the Assessment Framework 
for mHealth Apps, when developing consumer facing 
digital health products that meet a range of consumer 
needs and levels of digital health literacy 

Work with consumers to design health tools that are 
easy to use and accessible 

26 Undertake research and evaluate effectiveness of digi-
tal health literacy programs to inform program develop-
ment 

Undertake research on the effectiveness of digital 
health literacy programs  

27 Consider digital health literacy in national safety and 
quality standards 

Make digital health literacy part of national safety and 
quality standards 

28 Develop a National Health Information Exchange Ar-
chitecture and Roadmap that will establish the national 
technical infrastructure requirements and direction to 

Build a system to allow real time sharing of health in-
formation safely across care settings nationally  
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Item 
no. Description- Original NDHS Description- used in BWS 

enable consistent, secure, safe and discoverable near 
real-time sharing of health information across care set-
tings, with consent, regardless of where the data is 
stored 

29 Enable consumers, carers and healthcare providers to 
access key aged care information such as the aged 
care assessment summary in My Health Record 

Enable consumers, carers and healthcare providers to 
access key aged care information in My Health Record 

30 Enable key health information to be made easily avail-
able to support transfer of care between residential 
aged care and acute care settings 

Enable key health information to be easily shared to 
support transfer of care between residential aged care 
and hospitals  

31 Support Real Time Prescription Monitoring (RTPM) to 
provide clinical decision-making support for prescribers 
and dispensers 

Support clinicians and pharmacists to track and man-
age medicines and prescriptions in real time 

32 Deliver a Prescription Delivery Service that supports 
the ongoing uptake of electronic prescribing, the ex-
panded use of electronic medication charts and the 
use of electronic prescribing for high-risk and high-cost 
medicines 

Develop and deliver systems to support electronic pre-
scribing and electronic medicines charts for high risk 
and high costs medicines  

33 Support the use and expansion of electronic prescrib-
ing, including the delivery of operational support such 
as incident management for the Prescription Delivery 
Service 

Develop and expand operational support for electronic 
prescribing including incident management support 

34 Establish regulatory requirements and changes to na-
tional accreditation standards to require private and 
public healthcare providers to share information to My 
Health Record by default, starting with diagnostic im-
aging and pathology. This will include providing tech-
nical and registration support, education and training 

Establish regulations for private and public healthcare 
providers to share information with My Health Record 
by default 

35 Expand functionality and health information available in 
my health app to better support consumers, such as 
structured pathology, electronic prescriptions, aged 
care transfer summaries and Medicare information 

Add new features to My Health App to better support 
consumers e.g., electronic prescriptions and test re-
sults  

36 Engage consumers in co-design and improvements to 
digital health solutions such as my health app and My 
Health Record 

Involve consumers in improving tools like My Health 
Record and My Health App 

37 Develop a roadmap to support the allied health sector 
and software vendors to upload clinical content to My 
Health Record 

Assist physiotherapists, dietitians, and other allied 
health providers in sharing their records on My Health 
Record 

38 Implement widespread adoption and use of national 
healthcare identifiers for individuals, healthcare provid-
ers and healthcare provider organisations 

Implement unique national healthcare identifiers for in-
dividuals and healthcare providers  

39 Connect hospital clinical information systems to the 
National Health Information exchange 

Connect hospital clinical information systems to the 
National Health Information exchange  

40 Enable pregnancy and child health information to be 
shared and accessed through national digital health in-
frastructure 

Allow pregnancy and child health information to be 
shared and accessed through national digital systems  

41 Uplift the Pharmacist Shared Medicines List to enable 
structured medicines information to be discoverable 
and available in the My Health Record System 

Improve systems to allow medicines information to be 
accessed and shared through My Health Record  

42 Share information by default to support multidiscipli-
nary care, including aged care plans and GP manage-
ment plans 

Automatically share information to support multidiscipli-
nary care, including aged care and GP management 
plans 

43 Support secure information sharing by enhancing au-
thentication services 

Support secure information sharing by enhancing au-
thentication services 
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Item 
no. Description- Original NDHS Description- used in BWS 

44 Identify options to develop a national health legislative 
framework authorising health information sharing 
across care settings and borders 

Develop legislation to allow health information sharing 
across care setting and borders 

45 Implement system changes to store and manage indi-
vidual and organisational healthcare provider details 

Implement systems to store and manage healthcare 
provider details 

46 Progress integration between the national digital iden-
tity solution and healthcare systems 

Progress integration between the national digital iden-
tity solution and healthcare systems 

47 Review and implement regulatory requirements for 
consent management for access and use of patient 
health information 

Improve regulatory requirements to manage consent 
for access and use of patient health information  

48 Ensure service provider details in healthcare provider 
directories are accurate and kept up to date 

Ensure provider details in health care provider directo-
ries are accurate and kept up to date 

49 Provide digital solutions to support expanded delivery 
of home-based care, such as hospital delivered in the 
home and services provided in residential care facili-
ties 

Provide digital tools to support expanded delivery of 
home-based care 

50 Evaluate virtual care models, policy tools and mecha-
nisms that support team-based, multidisciplinary pri-
mary and specialist care and identify opportunities for 
further investment 

Evaluate virtual care and policy tools that support team 
based multidisciplinary care.  

51 Identify, design and build digital capabilities required to 
improve and scale virtual care, particularly in rural and 
remote areas 

Build tools to improve and expand virtual care, particu-
larly for remote and rural communities 

52 Develop and design capabilities that support the shar-
ing of health information from personal devices 

Develop and design ways to support the sharing of 
health information from personal devices 

53 Develop capabilities to enable healthcare provider sys-
tems to collect and display health information from per-
sonal devices 

Create systems that let healthcare providers to collect 
and display health information from personal devices 
securely 

54 Incorporate standards and develop infrastructure to 
support the sharing of health information from personal 
devices with healthcare providers 

Develop guidelines to support the sharing of health in-
formation from personal devices with healthcare pro-
viders 

55 Establish governance and a framework to support 
adoption, use of personal devices and sharing of per-
sonal health information 

Create rules and plans to safely use personal devices 
for sharing health information 

56 Support the design, development, and enhancement of 
digital infrastructure to enable integrated mental 
healthcare screening, assessment, navigation, referral 
and treatment 

Create better systems to help people access mental 
health services 

57 Identify options to improve data integration between 
the health and disability systems 

Make it easier to share information between the health 
and disability systems 

58 Enhance digital systems and services that support 
team-based care for consumers registered with 
MyMedicare 

Improve digital tools to support team-based care for 
people registered with MyMedicare 

59 Support the development of new digital health stand-
ards with a focus on priority use cases and emerging 
technologies 

Support development of new digital health standards 
for emerging technologies 

60 Align digital health plans and activities with actions in 
national, state, territory, and Coalition of Peaks Closing 
the Gap Implementation Plans 

Align digital health plans and activities across national, 
state, territory Closing the Gap Implementation Plans  

61 Engage consumers who experience barriers to 
healthcare access, and peak health and community or-
ganisations to uptake, access, use and co-design digi-
tal health solutions 

Involve consumers who face barriers in using 
healthcare, and health and community groups, in de-
sign of digital health tools 
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Item 
no. Description- Original NDHS Description- used in BWS 

62 Undertake and share research into digital health mod-
els of care to inform public health decisions and the 
translation of the models into clinical practice 

Research and share information about digital health 
care to help translate new models into clinical practice 

63 Collect and share patient reported experience and out-
comes data to inform decision making, shared care 
planning and care improvements 

Collect and share patient reported experience and out-
comes data to improve healthcare  

64 Deliver a data analytics capability and implement ana-
lytics programs to leverage identified data including for 
research and public health use once necessary gov-
ernance and legislative arrangements are established 

Develop analysis and governance systems to allow 
health data to be safely used for health research 

65 Australia to participate in discussions to harmonise 
global aligned standard on health technology exports 
and reduce costs associated with customising im-
ported global products 

Australia to take part in discussion to harmonise global 
health technology standards and products and to re-
duce costs  

66 Australia is to continue international cooperation to ad-
vance secure and interoperable digital health as a core 
focus of the Global Digital Health Partnership and or-
ganisations including WHO, OECD, APEC and G20 
Target: ongoing to 2028 

Australia to cooperate internationally to improve secure 
digital health systems 

67 Develop mechanisms to ensure Aboriginal and Torres 
Strait Islander communities have access to data held 
by government and other relevant entities to support 
local planning and decision making 

Ensure Aboriginal and Torres Strait Islander communi-
ties can access data held by government and other rel-
evant entities to support local decision making 

68 Support the use of exploratory and simulation research 
activities to evaluate digital health solutions 

Support the use of exploratory and simulation research 
activities to evaluate digital health solutions 

69 Harmonise relevant policy and legislation across juris-
dictions to support the safe and secure use of and ac-
cess to health information 

Harmonise relevant policy and legislation across juris-
dictions to support the secure use of and access to 
health information 

70 Develop plans for emerging and highly dimensional 
data such as AI, image analysis and genomics 

Get ready for new technologies like AI and genomics in 
healthcare 

71 Uplift national and jurisdictional digital health infrastruc-
ture to flexibly accommodate AI, machine learning, 
deep learning technologies and genomics 

Improve national and local digital health systems to al-
low for use of AI, machine learning, and genomics 

72 Monitor and identify emerging data sources and tech-
nology that support healthcare 

Monitor and identify emerging data sources and tech-
nology that support healthcare 

73 Identify healthcare related opportunities and risks aris-
ing from broader, whole-of economy approaches to the 
regulation of AI 

Identify healthcare opportunities and risks arising from 
whole-of economy approaches to regulating AI 

74 Support adoption of and regulate new medical technol-
ogy including bioinformatics, AI and mixed reality in 
settings such as radiology, ophthalmology and triaging 

Support and regulate use of new medical technology 
including bioinformatics, AI and mixed reality in 
healthcare settings  

75 Support implementation of data sharing frameworks for 
data such as genomics and for My Health Record 

Help set up systems for sharing data like genomics 
and for My Health Record 

76 Measure, monitor and report on changes in digital 
health maturity, adoption, meaningful use and benefits 
to inform national and local planning 

Measure, monitor and report on changes in digital 
health to help plan for the future 

77 Participate in evaluations and provide feedback on ex-
periences of digital health 

Participate in evaluations and provide feedback on ex-
periences of digital health 

78 Support increased digital health maturity, adoption and 
meaningful use through increased awareness of digital 
health benefits among consumers and healthcare pro-
viders 

Help consumers and healthcare providers to under-
stand and use digital health to improve care 

79 Increase access to and integration of clinical quality 
registries in the broader digital health ecosystem to 

Make clinical quality registries more accessible and 
able to support patient-cantered care  
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Item 
no. Description- Original NDHS Description- used in BWS 

support patient-centred care and clinical practice im-
provement 

 
Initially a draft of the survey was completed by members of the discrete choice experiment group at 

the Centre for Health Economics Research and Evaluation, University of Technology Sydney (CHERE, 

UTS), specifically to provide feedback on the number of initiatives presented in each choice task and 

the overall number of choice tasks to be presented to each respondent. This group also provided sug-

gestions regarding survey comprehension and sequencing. 

 

Designed experiment 

The initial design was a balanced incomplete block design (BIBD) based on 81 items and with 324 

blocks of size 5. The four base blocks used to obtain this BIBD are given in Julian, Abel and Buratti 

(2010). Three versions were obtained from each of the 4 base blocks giving 12 versions in total. As 

there are only 80 initiatives, one of the 81 items was mapped to one of the others so that each version 

had at least one copy of each initiative. The BIBD and the final choice tasks were generated in Mathe-

matica (Wolfram Research, Inc 2025).  

Maximum difference representation of data was used for the analysis, which assumes that each re-

spondent is choosing, from each quintuple presented to them, a pair of items with one being the best 

available in the quintuple and the other being the worst. There are 20 possible (best, worst) pairs and 

so each choice task corresponds to 20 rows in the design matrix of which only 1 is chosen.  

 

Data collection  

The survey was administered by Pure Profile, an online survey provider with approximately 1 million 

panel members in Oceania (PureProfile 2022). Panel members who were 18 years and older, living in 

Australia and able to speak and read English, were invited to participate via an email link which granted 

access to the survey. Respondents were recruited to be representative of the general population in 

Australia by age and gender. Panel members were asked to indicate consent at the end of the intro-

duction which contained information about the content and purpose of the study, and they could exit 

the survey at any point.  

Data were collected between 20 December 2025 to 24 January 2025: noting that the first pilot of 50 

respondents was collected 20 December to 2 January; an additional pilot of 50 respondents between 

13-14 January and the final collection of data from 448 respondents between 19 and 24 January 2025. 

During the survey pilot phase, the first 100 responses were checked for survey flow and logic before 

collection of the full sample commenced. 
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Ethics approval  

Ethics approval was granted by the University of Technology Sydney (UTS), Human Research Ethics 

Committee (HREC) under the CHERE Program Ethics Approval (UTS HREC REF NO. ETH24-9283; Figure 

A7.1 Appendix 7). Respondents’ confidentiality was ensured by ensuring that no identifying infor-

mation was provided in the data for analysis. All respondents have provided informed consent. Re-

spondents could withdraw from the study at any time and without giving reasons and to request the 

deletion of the collected data at any time during the survey. Respondents were informed that they 

could contact the Research Office directly if they had any concerns, they wished to raise independently 

of the research team. Both a phone number and an email address were provided for this purpose. 

Researchers’ contact information was provided on the first and last page in case the respondents had 

questions. The respondents could contact the researchers directly by phone or via the contact email 

address. The respondents were told that the results of this study could be presented at national and 

international conferences and published in peer-reviewed journals.  

 

Data analysis  

Only fully completed surveys were included in the analysis. Data were analysed using four selected 

analysis methods: count analysis, multinomial logit, mixed logit and latent class analysis. Responses to 

the demographic information and feedback questions were analysed as descriptive statistics using R 

Studio.  

 

Count analysis 

Responses to the BWS surveys were first summarised using a simple count analysis for each item. 

Frequency counts for the number of times each of the items are chosen as the best (most important) 

or worst (least important) is the simplest way to analyse best-worst data. The number of times that 

each item was chosen as worst was subtracted from the number of times it was chosen as best and 

divided by the number of times an item appeared (Louviere et al. 2015). This is termed the standard-

ised best-worst score for each item. These scores were used to rank the NDHS initiatives. The stand-

ardised best-worst scores can range from -1 (always the worst) to 1 (always the best). A positive score 

corresponded to items that were chosen as best more often than they were chosen as worst. A nega-

tive score corresponded to items that were chosen as worst more often than they were chosen as 

best. A zero-score indicated that an item was chosen as best and worst an equal number of times or 

one that was never chosen. Calculations were undertaken using Mathematica (Wolfram Research Inc. 

2025) and RStudio (RStudio Team 2024).  

Multinomial logit model  
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Following the initial count analysis, the BWS data were analysed by fitting a multinomial logit (MNL) 

model to estimate the probability of selecting an item within the NDHS, based on perceived im-

portance relative to the other simultaneously presented options and assuming all respondents have 

the same underlying preference structure. 

The MNL incorporates the logit procedure (where each item has dual coding, best=1 if item is chosen 

as most important, and best =0 if otherwise; and worst=1 if the item is chosen as least important and 

worst=0 if otherwise). Hence, as mentioned above, each choice task gives rise to 20 possible vectors 

and the choice vector indicates which of the 20 (best, worst) vectors was chosen from each choice 

task presented to each respondent. Data analysis was conducted using mlogit package in R Studio 

(Croissant 2020). Each item was represented by a coefficient in a vector, b representing the relative 

preference (importance) of that item, compared to the reference (base) item. The relative preference 

(importance) of each item indicated the strength and direction of preference for a particular item 

relative to the base item (Cheung et al. 2019).  

 

The initial MNL model included all items, with the item that was ranked as the most important in the 

count analysis specified as a base item. Comparison of the coefficients associated with each item made 

it possible to determine which initiative is most important to respondents. In addition, a robustness 

check was conducted, where the base item was systematically replaced one at a time in descending 

order, considering the top five best-performing items and the top five worst-performing items. The 

results were further analysed within various subgroups of respondents (such as healthcare and IT pro-

fessionals; subgroups based on age, on gender and on education level).  

 

Mixed logit model  

The MNL assumption that all individuals have the same preferences limits the realism of the model. 

The mixed logit model relaxes the behavioural restrictions on the classic MNL model (i.e. accounts for 

preference heterogeneity). The model captures heterogeneity by estimating the mean and standard 

deviation of the parameters. Similar to the multinomial model, the item’s coefficient b represents the 

relative preference (importance) for that item compared with the base item, and their corresponding 

standard deviation (h), capturing individual-specific unexplained variation around the mean (Cheung 

et al. 2019). However, this requires simulation methods to estimate. The time needed to run the 

model increases linearly with the number of draws selected in the model (Molloy 2021), and the size 

of the datasets. The complexity of this BWS required substantial computational resources, presenting 

challenges in data processing and analysis. To overcome these issues the logitr package in RStudio was 
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used to conduct the mixed logit analyses. The package is computationally efficient and faster than 

other similar packages such as mlogit, gmnl and mixl packages in R Studio (Helveston 2023). 

 

The initial model included all items, with the item that was ranked as the most important in the count 

analysis, specified as a base item. The items included in the model were specified as random parame-

ters and were drawn from a normal distribution using 100 Sobol draws followed by a model using 150 

and one using 170 Sobol draws. Sobol sequences are quasi-random low-discrepancy sequences used 

in simulated maximum likelihood estimation for mixed logit models (Hensher et al. 2018). When in-

creasing the number of draws, the numerical precision obtained for integration increases. However, 

this also increases RAM and CPU processing time, and a model with 170 Sobol draws was the most 

that could be run, as higher draw numbers exceeded the computational resources available. Addi-

tional models were specified based on a subset of 45 selected items, including 15 best, 15 worst and 

15 median items based on the results from MNL model and MaxDiff estimation.  

 

Latent class analysis  

The latent class analysis was conducted to identify potential latent segments and hidden heterogene-

ity among the respondents. This provided additional information on whether the preference for (im-

portance of) an item differs among the respondents. The latent class analysis was explored using dif-

ferent software packages: mlogit function (Croissant 2020) in RStudio and Latent Gold software ver-

sion 6.1 (Stajsjcal Innovajons, Inc 2025) to estimate the optimal number of latent class models, 

starting with two classes and increasing to six classes. The respondents were classified into clusters 

with latent class probabilities for each cluster. To determine the number of optimal classes, Aikaike’s 

information criterion (AIC), Bayesian information criterion (BIC) and log-likelihood were used, as these 

are the preferred indicators for the model choice, where the best fit has the lowest BIC (Cheung et al. 

2019).  

Results 
 
Sample characteristics 

The demographic characteristics of the sample recruited for the survey are presented in Table 7.2. A 

total of 548 respondents completed the survey and were included in the analysis. The mean time to 

complete the survey was 28 minutes (SD 83 minutes) and median was 15 minutes (range 2.6 minutes 

to 24 hours). The age of the respondents was distributed relatively evenly across the age groups and 

gender, with the highest proportion in age group 35-44 years and with 52% females. The majority of 

the respondents were born in Australia and lived in metropolitan NSW. Overall, 59% of the 
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respondents had higher education (i.e. diploma/advanced diploma, bachelor’s degree and postgrad-

uate degree). Approximately 19% of the respondents worked in healthcare or IT, which is reflective of 

the Australian general population.  

 
Table 7.2: Respondents demographics characteristics (N=548) 

 
Respondents, n (%) 

 (N=548) 
Australian population (%) 

Agea   

18-24 57 (10.4) 6.5 

25-34 99 (18) 14.7 

35-44 96 (18) 14.0 

45-54 91 (17) 12.4 

55-64 83 (15) 11.4 

65-74 88 (16) 9.3 

75+ 34 (6) 7.8 

Gendera    

Female 282 (51) 50.9 

Male 265 (48) 49.1 

Prefer not to say 1 (0.18)  

Born in Australiaa    

Yes 432 (79) 70.9 

No  116 (21) 29.1 
Stateb   

ACT 13 (2) 2 

NSW 174 (32) 31 

NT 5 (1) 1 

QLD 110 (20) 21 

SA 39 (7) 7 

TAS 10 (2) 2 

VIC 141 (26) 26 

WA 56 (10) 11 

Region   

Metro 390 (71) NR  

Regional 158 (29) NR  

Cityc     

Adelaide 33 (6) 5 

Brisbane 50 (9) 10 

Canberra 13 (2) 2 

Darwin 4 (1) 1 

Hobart 6 (1) 1 

Melbourne 110 (20) 20 

Perth 50 (9) 9 

Sydney 124 (23) 20 

Regional NSW 50 (9) NR 
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Respondents, n (%) 

 (N=548) 
Australian population (%) 

Regional NT 1 (<1) NR  

Regional QLD 60 (11) NR  

Regional SA 6 (1) NR  

Regional TAS 4 (1) NR  

Regional VIC 31 (6) NR  

Regional WA 6 (1) NR  
Aboriginal origin, Torres Strait Islander 
origind    

Aboriginal 6 (1) 2.9 

Both Aboriginal and Torres Strait Islander 2 (<1) 0.1 

Neither 536 (98) NA 

Prefer not to say 2 (<1) NA 

TSI 2 (<1) 0.1 

Educatione    
Post graduate degree (Masters or Doctor-
ate) 69 (13) 12.1 

Bachelors or honours degree 171 (31) 20.0 

Diploma/advanced diploma 80 (15) 10.3 
Certificate (any level including trade certifi-
cate) 89 (16) 16.8 

Year 12 or equivalent 93 (17) 17.5 

Year 11 and below 45 (8) 21.4 

Prefer not to say 1 (<1) NA  

Employmentf     

Carer 3 (1) 69.1 

Employed full-time 277 (51) 30.9 

Employed part-time 95 (17) NR  

Home duties 24 (4) NR  

Not employed but looking for a job 19 (3) NR  

Not-working student 4 (1) NR  

Other (please specify) 14 (3) 15.7i 

Retired 111 (20) 69.1 

Prefer not to say 1 (<1) NA 

Sectorsg     

IT 52 (9) 1.3 

Education 64 (12) 8.9 

Finance 37 (7) 3.8 

Government 49 (9)  6.6 

Healthcare 52 (9) 15.5 

Manufacturing 32 (6) 6.1 

Retail 71 (13) 9.3 

Other 164 (30) 48.6 

Prefer not to say 27 (5) NA  

Professional role (healthcare workers)    

Enrolled Nurse 1 (2) NA 
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Respondents, n (%) 

 (N=548) 
Australian population (%) 

Registered Nurse 11 (21) NA 

Nurse Practitioner 3 (6) NA 

General Practitioner 1 (2) NA 

Physician 1 (2) NA 

Allied health 9 (17) NA 

Management and administration 13 (25) NA 

Other (please specify) 10 (19) NA 

Prefer not to say 3 (6) NA 

Areas of responsibility (IT professionals)   

IT Infrastructure 11 (2) NA 

Other 2 (<1) NA 

None 3 (1) NA 

Cybersecurity 6 (1) NA 

Software updates 9 (2) NA 

Network infrastructure 2 (<1) NA 

System administration 2 (<1) NA 

Data Management 7 (1) NA 

Cloud computing 8 (1) NA 

Software development 22 (4) NA 

IT Strategy and planning 9 (2) NA 
ABS = Australian Bureau of Statistics; NR: not reported  
Notes:  
a. ABS, https://www.abs.gov.au/statistics/people/population/births-australia/2022#national, accessed 11 Nov 2024 
b. ABS, National, state and territory population September 2024, https://www.abs.gov.au/statistics/people/population/na-

tional-state-and-territory-population/sep-2024 
c. ABS, Regional population 2023-24 financial year, https://www.abs.gov.au/statistics/people/population/regional-popula-

tion/2023-24 
d. ABS,https://www.abs.gov.au/statistics/people/aboriginal-and-torres-strait-islander-peoples/aboriginal-and-torres-strait-is-

lander-people-census/latest-release 
e. ABS, https://www.abs.gov.au/statistics/people/education/education-and-work-australia/latest-release#data-downloads 
f. ABS, https://www.abs.gov.au/statistics/labour/employment-and-unemployment/labour-force-australia/oct-2024#employ-

ment 
g. ABS, https://www.abs.gov.au/statistics/labour/employment-and-unemployment/labour-force-australia-detailed/latest-re-

lease#data-downloads, accessed 14 March 2025 
  

https://www.abs.gov.au/statistics/people/population/births-australia/2022#national
https://www.abs.gov.au/statistics/labour/employment-and-unemployment/labour-force-australia/oct-2024#employment
https://www.abs.gov.au/statistics/labour/employment-and-unemployment/labour-force-australia/oct-2024#employment
https://www.abs.gov.au/statistics/labour/employment-and-unemployment/labour-force-australia-detailed/latest-release#data-downloads
https://www.abs.gov.au/statistics/labour/employment-and-unemployment/labour-force-australia-detailed/latest-release#data-downloads
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The results of questions about respondent’s use of healthcare services are presented in Table 7.3. The 

results show varied healthcare utilisation patterns among respondents. Approximately one-quarter 

(26%, n=142) reported visiting an emergency department in the past year, while a smaller proportion 

(20%, n=108) had been hospitalised during that same period. Regarding chronic conditions, 22% 

(n=121) of respondents reported having been diagnosed with at least one chronic condition. General 

practitioner visits showed notable variation in frequency: 37% (n=200) visited their GP a few times 

annually, representing the most common pattern, while 22% (n=120) reported never visiting a GP. 

More frequent GP utilisation was also observed, with 11% (n=59) visiting monthly, 10% (n=53) weekly, 

and 6% (n=33) reporting daily visits. These findings indicate diverse healthcare utilisation behaviours 

across the respondent population, with substantial proportions having recent acute care experiences 

or ongoing chronic condition management requirements. 

 
Table 7.3: Healthcare utilisation (N=548) 

 
Respondents, n (%) 

(N=548) 
Have been to ED in the last 12 months  
Yes 142 (26) 
No 351 (64) 
Prefer not to say 3 (1) 
Have been to hospital in the last 12 months   
Yes 108 (20) 
No 267 (49) 
Prefer not to say 1 (0) 
Have been diagnosed with a chronic condition   
Yes 121 (22) 
No 248 (45) 
Prefer not to say 7 (1) 
How often do you visit GP   
Every day 33 (6) 
Once a week 53 (10) 
Once a month 59 (11) 
Few times a year 200 (37) 
Never 120 (22) 
Prefer not to say 9 (2) 
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BWS results 

The BWS matrix was constructed based on sets of 5 items out of 80 items, choosing the most im-

portant ('best') and least important ('worst') in each task. Each respondent completed 27 tasks. Each 

task generated 20 rows that represent all possible (best-worst) pairs of the 5 items. The outcome 

column has a 1 in the position corresponding to the row that has the (best, worst) pair chosen. The 

data matrix has 295,920 rows, being 27x20 rows for each of the 548 respondents.  

 
Count analysis  

Table 7.4 presents BWS results using both count analysis and the MNL model. Overall, the respondents 

identified item 19 (“Protect Health Information and infrastructure against cyber-attacks and natural 

disasters”) and item 1 (“Make sure information about health care providers and health services is 

always current and easy to access”) as the most important, while items 70 (“Get ready for new tech-

nologies like AI and genomics in healthcare”) and 77 (“Participate in evaluations and provide feedback 

on experiences of digital health”) were least important (Table A7.1, Appendix 7). Between these ex-

tremes, a range of items clustered in the middle, indicating moderate importance or divided opinions 

on their priority. This pattern may highlight areas where respondents see some value but do not feel 

strongly either way, or where understanding of benefits and impacts varies.  

 

Multinomial logit model  

A MNL model was fitted to assess the confidence around the estimates (Table 7.4). The analysis com-

pares preferences for different digital health initiatives, with item 19 (“Protect Health Information and 

infrastructure against cyber-attacks and natural disasters”) used as the reference (base) category in 

the MNL model. Each row corresponds to a specific item, described in the second column, and cate-

gorised by theme presented in the NDHS (e.g. "Data-driven", "Person-centred"). Negative values in 

both the count and MNL analyses indicate that these items (i.e. item 70, 77 and 26) were selected 

more frequently as ‘worst’ than as ‘best’ compared to the reference item (Table 7.4). The MNL esti-

mates are presented as mean coefficients with standard errors in parentheses. All listed items show 

statistically significant differences between an estimated preference weight for each item relative to 

the base item at p < 0.001. 

 

The estimated coefficients from the MNL model were consistent with those obtained from count anal-

ysis (Table 7.4 and Table A7.1). On average, the respondents assigned the highest relative importance 

to the item 1 (“Make sure information about health care providers and health services is always 
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current and easy to access”), followed by item 0 (“Create secure national system for safely sharing 

health-related documents like clinical notes”).  

 

The results of the MNL analysis showed that all items were statistically significantly different from the 

chosen base level (i.e. item 19). The relative importance of item 1 (next best) compared to item 19 

was -0.24 (0.07), p<0.01. The relative importance of item 70 (worst/least important) was -1.45 (0.08), 

p<0.01. Therefore, item 1 yields approximately 6 times as much importance as item 70 (1.45/0.24). 

The results of the Multinomial Logit (MNL) model robustness check showed that the estimates re-

mained consistent across different base items used in the analysis. Given that the differences in pref-

erence weights were not large in magnitude, a refined MNL model was estimated using a reduced set 

of items. This model included 15 items ranked as best, 15 items ranked as worst and 15 items ranked 

as medium from the original MNL model with all items and with item 19 used as a base item (Table 

A7.2, Appendix 7). Sensitivity analyses excluding respondents with very short completion times (quick 

respondents; Table A7.4 Appendix 7) did not materially alter the estimated preferences, indicating 

that the results were robust to the exclusion of potentially low-engagement responses, despite sub-

stantial variation in survey completion time (mean 28 minutes; median 15 minutes). 

 

Table 7.4: BWS results: count analysis, MNL model (base case item 19) (N=548) 
Item Item description Theme Count 

analysis 
MNL 
Mean (SE) 

70 
Get ready for new technologies like AI and genomics in 
healthcare Data-driven  -0.25 -1.45 (0.08) *** 

77 
Participate in evaluations and provide feedback on expe-
riences of digital health Data-driven  -0.24 -1.41 (0.08) *** 

26 
Undertake research on the effectiveness of digital health 
literacy programs  Person-centred -0.19 -1.28 (0.08) *** 

3 
Roll out a national newborn enrolment system that con-
nects to government services Digitally enabled  -0.18 -1.27 (0.08) *** 

71 
Improve national and local digital health systems to allow 
for use of AI, machine learning, and genomics Data-driven  -0.16 -1.2 (0.08) *** 

66 
Australia to cooperate internationally to improve secure 
digital health systems Data-driven  -0.16 -1.2 (0.08) *** 

50 
Evaluate virtual care and policy tools that support team 
based multidisciplinary care.  Inclusive  -0.14 -1.17 (0.08) *** 

24 
Involve consumers in the design and delivery of digital 
health literacy programs  Person-centred -0.14 -1.17 (0.08) *** 

73 
Identify healthcare opportunities and risks arising from 
whole-of economy approaches to regulating AI Data-driven  -0.14 -1.16 (0.08) *** 

67 

Ensure Aboriginal and Torres Strait Islander communi-
ties can access data held by government and other rele-
vant entities to support local decision making Data-driven  

-0.14 
-1.16 (0.08) *** 

68 
Support the use of exploratory and simulation research 
activities to evaluate digital health solutions Data-driven  -0.13 -1.14 (0.08) *** 

40 
Allow pregnancy and child health information to be 
shared and accessed through national digital systems  Person-centred -0.13 -1.13 (0.08) *** 
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Item Item description Theme Count 
analysis 

MNL 
Mean (SE) 

65 

Australia to take part in discussion to harmonise global 
health technology standards and products and to reduce 
costs  Data-driven  

-0.12 
-1.12 (0.08) *** 

36 
Involve consumers in improving tools like My Health 
Record and My Health App Person-centred -0.11 -1.09 (0.08) *** 

75 
Help set up systems for sharing data like genomics and 
for My Health Record Data-driven  -0.11 -1.06 (0.07) *** 

74 

Support and regulate use of new medical technology in-
cluding bioinformatics, AI and mixed reality in healthcare 
settings  Data-driven  

-0.08 
-1.02 (0.08) *** 

12 
Develop guidelines and resources for digital health learn-
ing, education and practice Digitally enabled  -0.08 -1.01 (0.08) *** 

15 
Build digital tools that support healthcare providers in 
their training and career paths Digitally enabled  -0.08 -1.01 (0.08) *** 

10 
Develop a framework to help organisations ensure their 
health workforce is digital health ready  Digitally enabled  -0.07 -0.99 (0.08) *** 

45 
Implement systems to store and manage healthcare pro-
vider details Person-centred -0.07 -0.98 (0.08) *** 

60 
Align digital health plans and activities across national, 
state, territory Closing the Gap Implementation Plans  Inclusive  -0.06 -0.95 (0.08) *** 

72 
Monitor and identify emerging data sources and technol-
ogy that support healthcare Data-driven  -0.06 -0.95 (0.08) *** 

49 
Provide digital tools to support expanded delivery of 
home-based care Inclusive  -0.06 -0.95 (0.08) *** 

52 
Develop and design ways to support the sharing of 
health information from personal devices Inclusive  -0.05 -0.94 (0.08) *** 

9 
Implement the National Digital Health Capability Action 
Plan  Digitally enabled  -0.05 -0.94 (0.08) *** 

46 
Progress integration between the national digital identity 
solution  and healthcare systems Person-centred -0.05 -0.93 (0.08) *** 

22 
Require electronic prescribing for expensive or high-risk 
medicines by updating technology and rules Digitally enabled  -0.05 -0.92 (0.08) *** 

62 
Research and share information about digital health care 
to help translate new models into clinical practice Data-driven  -0.05 -0.91 (0.08) *** 

38 
Implement unique national healthcare identifiers for indi-
viduals and healthcare providers  Person-centred -0.04 -0.91 (0.08) *** 

76 
Measure, monitor and report on changes in digital health 
to help plan for the future Data-driven  -0.04 -0.91 (0.08) *** 

55 
Create rules and plans to safely use personal devices for 
sharing health information Inclusive  -0.03 -0.89 (0.08) *** 

7 
Standardise clinical information systems for residential 
aged care facilities Digitally enabled  -0.03 -0.89 (0.08) *** 

25 
Work with consumers to design health tools that are 
easy to use and accessible Person-centred -0.03 -0.88 (0.08) *** 

13 
Create an online platform to share and connect digital re-
sources for the health workforce Digitally enabled  -0.02 -0.86 (0.08) *** 

63 
Collect and share patient reported experience and out-
comes data to improve healthcare  Data-driven  -0.02 -0.86 (0.08) *** 

33 
Develop and expand operational support for electronic 
prescribing including incident management support Person-centred -0.01 -0.83 (0.08) *** 

58 
Improve digital tools to support team-based care for peo-
ple registered with MyMedicare Inclusive  -0.01 -0.83 (0.08) *** 

6 
Help aged care software developers to align with My 
Health Record and the Aged Care Transfer Summary Digitally enabled  0 -0.82 (0.07) *** 

53 

Create systems that let healthcare providers to collect 
and display health information from personal devices se-
curely Inclusive  

0 
-0.81 (0.08) *** 
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Item Item description Theme Count 
analysis 

MNL 
Mean (SE) 

37 
Assist physiotherapists, dietitians, and other allied health 
providers in sharing their records on My Health Record Person-centred 0 -0.81 (0.08) *** 

78 
Help consumers and healthcare providers to understand 
and use digital health to improve care Data-driven  0 -0.81 (0.08) *** 

4 
Make the use of electronic referrals, transfers of care 
and discharge summaries business as usual Digitally enabled  0 -0.8 (0.07) *** 

27 
Make digital health literacy part of national safety and 
quality standards Person-centred 0 -0.8 (0.08) *** 

59 
Support development of new digital health standards for 
emerging technologies Inclusive  0.01 -0.79 (0.08) *** 

69 

Harmonise relevant policy and legislation across jurisdic-
tions to support the secure use of and access to health 
information Data-driven  

0.01 
-0.79 (0.08) *** 

64 
Develop analysis and governance systems to allow 
health data to be safely used for health research Data-driven  0.01 -0.78 (0.08) *** 

2 
Assist residential aged care facilities in connecting to the 
online health record system, My Health Record Digitally enabled  0.01 -0.77 (0.07) *** 

5 
Update healthcare provider systems to strengthen and 
support electronic prescribing Digitally enabled  0.02 -0.77 (0.07) *** 

11 
Improve digital health skills of the health and care work-
force in residential aged care facilities Digitally enabled  0.02 -0.76 (0.08) *** 

44 
Develop legislation to allow health information sharing 
across care setting and borders Person-centred 0.02 -0.74 (0.08) *** 

57 
Make it easier to share information between the health 
and disability systems Inclusive  0.04 -0.71 (0.08) *** 

61 

Involve consumers who face barriers in using healthcare, 
and health and community groups, in design of digital 
health tools Inclusive  

0.04 
-0.69 (0.08) *** 

54 
Develop guidelines to support the sharing of health infor-
mation from personal devices with healthcare providers Inclusive  0.04 -0.69 (0.08) *** 

20 
Develop a national system for online requests for blood 
tests and X-rays Digitally enabled  0.05 -0.68 (0.08) *** 

8 

Improve and update advance care planning documents 
to support end-of-life decisions and ongoing care prefer-
ences Digitally enabled  

0.05 
-0.68 (0.08) *** 

23 
Improve digital systems to collect, analyse, and use data 
from national health registries more effectively Digitally enabled  0.05 -0.68 (0.08) *** 

43 
Support secure information sharing by enhancing au-
thentication services Person-centred 0.06 -0.65 (0.08) *** 

16 
Modernise platforms like My Health Record to make 
them faster and easier to use Digitally enabled  0.06 -0.65 (0.08) *** 

21 
Require new healthcare technology to work well with ex-
isting systems Digitally enabled  0.06 -0.64 (0.08) *** 

79 
Make clinical quality registries more accessible and able 
to support patient-cantered care  Data-driven  0.08 -0.61 (0.07) *** 

32 

Develop and deliver systems to support electronic pre-
scribing and electronic medicines charts for high risk and 
high costs medicines  Person-centred 

0.08 
-0.6 (0.08) *** 

47 
Improve regulatory requirements to manage consent for 
access and use of patient health information  Person-centred 0.08 -0.59 (0.08) *** 

51 
Build tools to improve and expand virtual care, particu-
larly for remote and rural communities Inclusive  0.09 -0.58 (0.08) *** 

34 

Establish regulations for private and public healthcare 
providers to share information with My Health Record by 
default Person-centred 

0.09 
-0.57 (0.08) *** 

35 
Add new features to My Health App to better support 
consumers e.g., electronic prescriptions and test results  Person-centred 0.09 -0.57 (0.08) *** 
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Item Item description Theme Count 
analysis 

MNL 
Mean (SE) 

14 
Make it easier for primary care providers to share infor-
mation and access data Digitally enabled  0.09 -0.57 (0.08) *** 

29 
Enable consumers, carers and healthcare providers to 
access key aged care information in My Health Record Person-centred 0.09 -0.56 (0.08) *** 

17 
Create accurate terms and standardised rules to ensure 
systems work well across healthcare settings Digitally enabled  0.1 -0.56 (0.08) *** 

39 
Connect hospital clinical information systems to the Na-
tional Health Information exchange  Person-centred 0.11 -0.53 (0.08) *** 

42 

Automatically share information to support multidiscipli-
nary care, including aged care and GP management 
plans Person-centred 

0.12 
-0.49 (0.08) *** 

48 
Ensure provider details in health care provider directo-
ries are accurate and kept up to date Person-centred 0.13 -0.48 (0.08) *** 

31 
Support clinicians and pharmacists to track and manage 
medicines and prescriptions in real time Person-centred 0.13 -0.46 (0.08) *** 

28 
Build a system to allow real time sharing of  health infor-
mation safely across care settings nationally  Person-centred 0.14 -0.45 (0.08) *** 

30 

Enable key health information to be easily shared to sup-
port transfer of care between residential aged care and 
hospitals  Person-centred 

0.15 
-0.43 (0.08) *** 

41 
Improve systems to allow medicines information to be 
accessed and shared through My Health Record  Person-centred 0.15 -0.42 (0.08) *** 

56 
Create better systems to help people access mental 
health services Inclusive  0.16 -0.39 (0.08) *** 

18 

Set standards for sharing health data with consistent 
rules to make it easier to share health information across 
systems Digitally enabled  

0.17 
-0.38 (0.08) *** 

0 
Create secure national system for safely sharing health-
related documents like clinical notes Digitally enabled  0.17 -0.36 (0.07) *** 

1 
Make sure information about health care providers and 
health services is always current and easy to access Digitally enabled  0.22 -0.24 (0.07) ** 

19 
Protect Health Information and infrastructure against 
cyber-attacks and natural disasters Data-driven  0.31  Base  

***p < 0.001;  
 
The difference in preference weights between the best or most important item and the worst or least 

important items is presented in Figure 7.3. The relative preference probability indicates no single ini-

tiative strongly dominates the others in terms of preference. The 95% confidence intervals (CI) were 

wide and overlapping across the initiatives indicating high variability in preferences among respond-

ents (Figure A7.3, Attachment 7).  



Figure 7.3: Item rankings (N=548) 
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Note: “The X-axis shows Coefficients: with the estimated preference score for each item, ranging from -1.5 to 0.0. The coefficients are 
negative because these were analyzed relative to item 19. Higher (closer to 0) values indicate more preferred items, while lower (more 
negative) values indicate less preferred ones.”  

Subgroup analyses 

Exploratory subgroup analyses were conducted based on respondents’ gender, age, profession and 

education level. Of the 548 respondents who completed the survey, 19% (n=104) were health profes-

sionals (n=52) or IT professionals (n=52), which was reflective of the Australian general population. 

Among health professionals, the majority worked in management and administration, nursing, and 

allied health. Respondents were classified into seven age groups and categorised based on their edu-

cation level as either lower or higher education. Educational qualifications had seven options, ranging 

from Year 11 and below to a postgraduate degree. For the subgroup analysis, these categories were 

consolidated into two groups: lower education and higher education. Of the 548 respondents, 59% 

(those with a diploma to a postgraduate degree) were classified as having higher education, while 41% 



146 

(those with Year 11 or below to a certificate) were classified as having lower education. The results of 

the subgroup analyses were largely consistent across the subgroups (Table A7.4, Attachment 7, Figure 

7.4- Figure 7.7). Among IT professionals, the responses to the following items did not differ signifi-

cantly from item 19 (“Protect Health Information and infrastructure against cyber-attacks and natural 

disasters”) in statistical terms:  

• 0:  Create secure national system for safely sharing health-related documents like clinical notes
• 17: Create accurate terms and standardised rules to ensure systems work well across

healthcare settings
• 30: Enable key health information to be easily shared to support transfer of care between res-

idential aged care and hospitals
• 41: Improve systems to allow medicines information to be accessed and shared through My

Health Record
• 47: Improve regulatory requirements to manage consent for access and use of patient health

information
• 48: Ensure provider details in health care provider directories are accurate and kept up to date
• 54: Develop guidelines to support the sharing of health information from personal devices

with healthcare providers

Figure 7.4: Subgroup Analysis: IT Professionals vs Base Case 

IT = information technology professional 

Figure 7.5: Subgroup Analysis: HCPs vs Base Case 
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HCP= healthcare professionals  

Figure 7.6: Subgroup Analysis: Gender vs Base Case 

Figure 7.5: Subgroup Analysis: HCPs vs Base Case 
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Figure 7.7: Subgroup Analysis: Education vs Base Case 
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Assessment of heterogeneity: Mixed logit model and latent class analysis 

Two approaches were adopted to account for heterogeneity: mixed logit (MIXL) and latent class (LC) 

modelling. The MIXL model was esjmated using the GMNL package (Sarrias and Daziano 2017) in R 

Studio 2024. In addition, the logitr package was used to reduce the time needed for the estimation of 

maximum likelihood of multinomial logit and mixed logit models (Helveston 2023). The results from 

the logitr analysis were obtained using 170 Sobol draws, as RStudio encountered computational limi-

tations with higher numbers. Attempts to run the model with 175 draws failed, likely due to memory 

constraints or numerical instability. The final analysis was conducted with 170 draws, which success-

fully produced results without errors while maintaining computational feasibility. The results of the 

mixed logit model showed significant preference heterogeneity for most items (their standard devia-

tion term was significantly different from zero), with the exception of five items (15, 45, 46, 76, 7) 

(Table 7.5). The mixed logit model, therefore, suggests that the preferences for the initiatives differ 

among respondents.  

Table 7.5: Results of mixed logit model (N=548) 
Item Description Mean (SE) SD (SE) 

70 
Get ready for new technologies like AI and genomics in 
healthcare -1.86 (0.11) *** 1.56 (0.14) *** 

77 
Participate in evaluations and provide feedback on experi-
ences of digital health -1.77 (0.1) *** 0.73 (0.17) *** 

3 
Roll out a national newborn enrolment system that connects to 
government services -1.6 (0.11) *** 1.3 (0.14) *** 

26 
Undertake research on the effectiveness of digital health liter-
acy programs  -1.58 (0.1) *** 1.01 (0.14) *** 

66 
Australia to cooperate internationally to improve secure digital 
health systems -1.51 (0.11) *** 1.45 (0.14) *** 
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Item Description Mean (SE) SD (SE) 

71 
Improve national and local digital health systems to allow for 
use of AI, machine learning, and genomics -1.5 (0.1) *** -1.21 (0.14) *** 

73 
Identify healthcare opportunities and risks arising from whole-
of economy approaches to regulating AI -1.49 (0.11) *** 1.49 (0.14) *** 

67 

Ensure Aboriginal and Torres Strait Islander communities can 
access data held by government and other relevant entities to 
support local decision making -1.46 (0.11) *** -1.66 (0.14) *** 

24 
Involve consumers in the design and delivery of digital health 
literacy programs  -1.45 (0.1) *** -1.14 (0.14) *** 

50 
Evaluate virtual care and policy tools that support team based 
multidisciplinary care.  -1.44 (0.09) *** -0.44 (0.22) . 

68 
Support the use of exploratory and simulation research activi-
ties to evaluate digital health solutions -1.41 (0.1) *** -0.61 (0.18) *** 

40 
Allow pregnancy and child health information to be shared and 
accessed through national digital systems  -1.41 (0.1) *** 0.8 (0.15) *** 

65 
Australia to take part in discussion to harmonise global health 
technology standards and products and to reduce costs  -1.4 (0.11) *** 1.61 (0.14) *** 

36 
Involve consumers in improving tools like My Health Record 
and My Health App -1.35 (0.1) *** -1.03 (0.14) *** 

75 
Help set up systems for sharing data like genomics and for My 
Health Record -1.29 (0.09) *** -0.67 (0.16) *** 

12 
Develop guidelines and resources for digital health learning, 
education and practice -1.25 (0.09) *** -0.53 (0.19) ** 

15 
Build digital tools that support healthcare providers in their 
training and career paths -1.24 (0.09) *** 0.06 (0.46)  

74 
Support and regulate use of new medical technology including 
bioinformatics, AI and mixed reality in healthcare settings  -1.24 (0.1) *** -1.35 (0.14) *** 

10 
Develop a framework to help organisations ensure their health 
workforce is digital health ready  -1.24 (0.09) *** -0.52 (0.19) ** 

45 
Implement systems to store and manage healthcare provider 
details -1.2 (0.09) *** 0.11 (0.43)  

72 
Monitor and identify emerging data sources and technology 
that support healthcare -1.17 (0.09) *** -0.66 (0.17) *** 

52 
Develop and design ways to support the sharing of health in-
formation from personal devices -1.17 (0.09) *** 0.56 (0.18) ** 

49 
Provide digital tools to support expanded delivery of home-
based care -1.17 (0.09) *** 0.66 (0.17) *** 

60 
Align digital health plans and activities across national, state, 
territory Closing the Gap Implementation Plans  -1.17 (0.09) *** -0.86 (0.15) *** 

9 Implement the National Digital Health Capability Action Plan  -1.15 (0.09) *** 0.48 (0.21) * 

46 
Progress integration between the national digital identity solu-
tion and healthcare systems -1.14 (0.09) *** 0.06 (0.29)  

76 
Measure, monitor and report on changes in digital health to 
help plan for the future -1.13 (0.09) *** -0.27 (0.36)  

22 
Require electronic prescribing for expensive or high-risk medi-
cines by updating technology and rules -1.12 (0.1) *** -1.02 (0.14) *** 

38 
Implement unique national healthcare identifiers for individuals 
and healthcare providers  -1.11 (0.09) *** -0.56 (0.19) ** 

62 
Research and share information about digital health care to 
help translate new models into clinical practice -1.11 (0.09) *** -0.6 (0.18) *** 

55 
Create rules and plans to safely use personal devices for shar-
ing health information -1.09 (0.09) *** -0.86 (0.15) *** 

7 
Standardise clinical information systems for residential aged 
care facilities -1.09 (0.09) *** 0 (0.2)  

25 
Work with consumers to design health tools that are easy to 
use and accessible -1.08 (0.1) *** 1.01 (0.14) *** 
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Item Description Mean (SE) SD (SE) 

13 
Create an online platform to share and connect digital re-
sources for the health workforce -1.06 (0.09) *** 0.63 (0.17) *** 

63 
Collect and share patient reported experience and outcomes 
data to improve healthcare  -1.04 (0.09) *** 0.8 (0.15) *** 

6 
Help aged care software developers to align with My Health 
Record and the Aged Care Transfer Summary -1.02 (0.09) *** 0.74 (0.15) *** 

33 
Develop and expand operational support for electronic pre-
scribing including incident management support -1.02 (0.09) *** 0.59 (0.18) *** 

58 
Improve digital tools to support team-based care for people 
registered with MyMedicare -1.01 (0.09) *** -0.82 (0.15) *** 

78 
Help consumers and healthcare providers to understand and 
use digital health to improve care -1 (0.1) *** -1.01 (0.14) *** 

53 
Create systems that let healthcare providers to collect and dis-
play health information from personal devices securely -1 (0.09) *** 0.91 (0.14) *** 

37 
Assist physiotherapists, dietitians, and other allied health pro-
viders in sharing their records on My Health Record -0.98 (0.1) *** -1.07 (0.14) *** 

4 
Make the use of electronic referrals, transfers of care and dis-
charge summaries business as usual -0.98 (0.09) *** -1.12 (0.13) *** 

27 
Make digital health literacy part of national safety and quality 
standards -0.97 (0.09) *** -0.76 (0.16) *** 

69 
Harmonise relevant policy and legislation across jurisdictions 
to support the secure use of and access to health information -0.96 (0.09) *** 0.86 (0.15) *** 

2 
Assist residential aged care facilities in connecting to the 
online health record system, My Health Record -0.96 (0.09) *** -0.67 (0.16) *** 

64 
Develop analysis and governance systems to allow health data 
to be safely used for health research -0.96 (0.09) *** 0.59 (0.17) *** 

59 
Support development of new digital health standards for 
emerging technologies -0.96 (0.09) *** 0.55 (0.19) ** 

5 
Update healthcare provider systems to strengthen and support 
electronic prescribing -0.94 (0.09) *** 0.38 (0.24)  

11 
Improve digital health skills of the health and care workforce in 
residential aged care facilities -0.93 (0.09) *** 0.62 (0.17) *** 

44 
Develop legislation to allow health information sharing across 
care setting and borders -0.9 (0.09) *** 0.56 (0.17) *** 

54 
Develop guidelines to support the sharing of health information 
from personal devices with healthcare providers -0.85 (0.09) *** -0.75 (0.16) *** 

57 
Make it easier to share information between the health and 
disability systems -0.85 (0.09) *** 0.89 (0.14) *** 

20 
Develop a national system for online requests for blood tests 
and X-rays -0.85 (0.1) *** 1.16 (0.14) *** 

61 
Involve consumers who face barriers in using healthcare, and 
health and community groups, in design of digital health tools -0.84 (0.09) *** -0.94 (0.14) *** 

8 
Improve and update advance care planning documents to sup-
port end-of-life decisions and ongoing care preferences -0.83 (0.09) *** -0.73 (0.16) *** 

23 
Improve digital systems to collect, analyse, and use data from 
national health registries more effectively -0.83 (0.09) *** 0.64 (0.17) *** 

21 
Require new healthcare technology to work well with existing 
systems -0.81 (0.09) *** -0.71 (0.16) *** 

16 
Modernise platforms like My Health Record to make them 
faster and easier to use -0.8 (0.1) *** -1.27 (0.13) *** 

43 
Support secure information sharing by enhancing authentica-
tion services -0.79 (0.09) *** -0.98 (0.14) *** 

79 
Make clinical quality registries more accessible and able to 
support patient-cantered care  -0.73 (0.09) *** -0.46 (0.21) * 

51 
Build tools to improve and expand virtual care, particularly for 
remote and rural communities -0.72 (0.09) *** -0.99 (0.14) *** 
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Item Description Mean (SE) SD (SE) 

32 

Develop and deliver systems to support electronic prescribing 
and electronic medicines charts for high risk and high costs 
medicines  -0.7 (0.09) *** 0.94 (0.14) *** 

47 
Improve regulatory requirements to manage consent for ac-
cess and use of patient health information  -0.7 (0.09) *** 0.75 (0.16) *** 

34 
Establish regulations for private and public healthcare provid-
ers to share information with My Health Record by default -0.7 (0.1) *** -1.1 (0.14) *** 

14 
Make it easier for primary care providers to share information 
and access data -0.7 (0.09) *** 0.94 (0.14) *** 

29 
Enable consumers, carers and healthcare providers to access 
key aged care information in My Health Record -0.69 (0.09) *** 0.83 (0.15) *** 

17 
Create accurate terms and standardised rules to ensure sys-
tems work well across healthcare settings -0.68 (0.09) *** -0.62 (0.19) *** 

35 
Add new features to My Health App to better support consum-
ers e.g., electronic prescriptions and test results  -0.66 (0.1) *** -1.42 (0.14) *** 

39 
Connect hospital clinical information systems to the National 
Health Information exchange  -0.64 (0.09) *** -0.75 (0.16) *** 

42 
Automatically share information to support multidisciplinary 
care, including aged care and GP management plans -0.58 (0.1) *** -1.15 (0.14) *** 

48 
Ensure provider details in health care provider directories are 
accurate and kept up to date -0.58 (0.09) *** -0.56 (0.19) ** 

28 
Build a system to allow real time sharing of health information 
safely across care settings nationally  -0.56 (0.09) *** 0.98 (0.14) *** 

31 
Support clinicians and pharmacists to track and manage medi-
cines and prescriptions in real time -0.56 (0.09) *** -1.09 (0.14) *** 

41 
Improve systems to allow medicines information to be ac-
cessed and shared through My Health Record  -0.49 (0.09) *** 0.58 (0.19) ** 

30 
Enable key health information to be easily shared to support 
transfer of care between residential aged care and hospitals  -0.49 (0.09) *** -0.77 (0.16) *** 

18 
Set standards for sharing health data with consistent rules to 
make it easier to share health information across systems -0.45 (0.09) *** 0.94 (0.15) *** 

56 
Create better systems to help people access mental health 
services -0.44 (0.09) *** 0.86 (0.15) *** 

0 
Create secure national system for safely sharing health-related 
documents like clinical notes -0.41 (0.09) *** 0.81 (0.14) *** 

1 
Make sure information about health care providers and health 
services is always current and easy to access -0.27 (0.09) ** -0.98 (0.14) *** 

19 
Protect Health Information and infrastructure against cyber-at-
tacks and natural disasters Base 

*** p=0, ** p=0.001, * p=0.01, . p=0.05 
 
An overview of prioritisation of items in the BWS by individual respondents is presented in Figure 7.8. 

Each individual's BWS score for an item is derived by subtracting the number of times it was chosen 

as worst from the number of times it was chosen as best. These scores reflect the relative importance 

or preference assigned to different digital health initiatives. The scatter plot of mean and standard 

deviation values, illustrates the variation in individual preferences and consistency across the sample. 

The data shows clear prioritisation of certain items with positive means, particularly 19, 1, and 0) while 

others face consistent rejection (items 77, 70, 3 and 26). The varying standard deviations highlight 

where consensus exists versus where opinions remain divided. The distinctive spread of items indi-

cates that respondents held defined preferences rather than neutral positions, offering clear direction 

for strategic prioritisation of digital health resources and focus areas. 
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Figure 7.8: Individual BWS (N=548) 

 
 
A Pearson’s Chi-squared test was conducted to examine whether the frequency of ‘best’ and ‘worst’ 

selecjons differed by item posijon within the choice tasks (posijons 1 to 5). The results revealed a 

significant deviajon from the expected uniform distribujon across posijons (χ² = 306.29, df = 4, p < 

0.001). The largest contribujon to the test stajsjc came from posijon 5, which accounted for over 

56% of the total χ² value, indicajng that items presented in this posijon were selected 

disproporjonately more oäen as ‘worst’ and less oäen as ‘best’ (Table 7.6). These findings suggest 

that the posijon of an item within the choice task may have influenced respondent selecjons, 

potenjally reflecjng posijon-related bias in the responses. Randomisajon of item order within 

choice tasks was employed to minimise potenjal ordering effects and reduce bias in respondents’ 

selecjons.  

 
Table 7.6: Pearson’s Chi-squared test results: items position within the choice tasks (N=548) 

Item Best (Ob-
served) 

Worst (Ob-
served) 

Expected 
(Both) 

Std. Residual 
(Best) 

Std. Residual 
(Worst) 

Contribution to 
χ² (%) 

1 3094 2677 2885.5 4.0 -4.0 4.92 
2 3309 2687 2998.0 6.0 -6.0 10.53 
3 3066 2731 2898.5 3.0 -3.0 3.16 
4 2740 3079 2909.5 -3.0 3.0 3.22 
5 2587 3622 3104.5 -9.0 9.0 28.16 

 
Latent class analysis  
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Latent-class analysis (LCA) allows for identifying distinct preference groups that may not cluster ac-

cording to sociodemographic characteristics. LCA is used to identify unobserved subgroups within a 

population based on individuals' responses or preferences. It models heterogeneity by assuming that 

the population consists of a finite number of latent (i.e., unobserved) classes, each characterised by 

its own distinct probability distribution. Rather than assuming a continuous distribution of prefer-

ences, LCA assumes that the diversity in responses can be captured by a discrete number of distinct 

segments or classes (Hensher et al. 2018). Latent class analysis can identify key populations with 

unique needs and wants, give insight into these groups’ relative sizes, and ultimately indicate whether 

multiple tailored strategies may be required to maximise reach and adoption.  

 

To decide on the optimal number of classes the model was estimated with varying number of classes, 

from 2 up to 6. The selection of the optimal number of classes was guided by AIC and BIC statistics 

(Table 7.7), as well as by assessing the reasonableness of the results with different class numbers 

(Train 2009). Dziak et al. have shown that BIC is the preferred statistical criterion in this context (Dziak 

et al. 2020). The latent class analysis yielded consistency regarding the optimal number of classes 

across different statistical packages, confirming the robustness of our class structure determination. 

However, notable differences emerged in the fit statistics, with the Latent Gold software generating 

higher log likelihood values and AIC and BIC metrics across various class solutions compared to equiv-

alent analyses conducted in RStudio and Stata. This divergence in fit statistics between software im-

plementations, despite agreement on class enumeration, suggests potential variations in algorithmic 

approaches or estimation procedures. 
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Table 7.7: Models goodness of fit statistics  
Classes  Parameters Log-likelihood AIC BIC 
RStudio output  

2 14796 -42780 85877 87086 
3 14796 -42610 85697 87514 
4 14796 -42374 85385 87810 
5 14796 -42250 85298 88331 
6 14796 -42101 85160 88802 

Stata output 
2 14796 -42780 85877 86562 
3 14796 -42550 85577 86607 
4 14796 -42356 86725 87044 
5 14796 -42217 85231 86950 
6 14796 -42100 85158 87220 

Latent gold output 
2 14796 -38211 76821 77678 
3 14796 -38094 76786 78073 
4 14796 -37898 76593 78312 
5 14796 -37769 76535 78684 
6 14796 -37861 76921 79500 

AIC= Akaike Information Criterion, BIC= Bayesian Information Criterion 
 

The results from the three approaches for the LCA with 2 classes are presented in Table 7.8. The model 

includes a set of MNL model coefficients for each of the two classes and a class probability function 

indicating the probability of class membership. The Latent Class Analysis identified two groups with 

broadly similar preferences toward digital health initiatives, with both Class 1 (65.05%) and Class 2 

(34.95%) ranking items 0, 1, and 18 among the highest. These items, focused on secure document 

sharing, accessible provider information, and data interoperability standards, reflect support for 

strengthening foundational digital infrastructure. Similarly, both classes consistently ranked items 77, 

70, 66, 3, and 26 among the lowest, suggesting limited perceived value in participatory evaluation, 

AI/genomics readiness, international cooperation, newborn enrolment systems, and digital literacy 

research (Table 7.8). 

 

Some differences emerged in specific priorities. Class 2 placed items 28, 32, and 35 among its top 

five—indicating stronger support for real-time information sharing, advanced e-prescribing, and en-

hanced consumer tools. In contrast, Class 1 prioritised Items 17 and 47, focused on standardisation 

and consent management, pointing to a stronger emphasis on regulatory and governance structures. 

In terms of least-preferred initiatives, Class 2 included Item 65 (global standards harmonisation), while 

Class 1 ranked Items 40 (maternal and child health data sharing) and 75 (genomics data systems) 
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among its lowest. These differences indicate distinct subgroup priorities, with Class 2 more focused 

on consumer-facing and advanced digital capabilities, and Class 1 more concerned with foundational 

rules and oversight. The results were consistent in terms of ordering of the items across the three 

software packages, which validate the robustness of the latent class analysis, though some minor dif-

ferences in coefficient values can be observed (Table A7.3, Appendix 7). 

 
Table 7.8: Latent class logit results: model with 2 classes (N=548) 

Item Description 
Class 1 (Mean, SE) Class 2 (Mean, SE) 

65.05% 34.95% 

0 
Create secure national system for safely sharing 

health-related documents like clinical notes -0.37 (0.09) *** -0.38 (0.14) ** 

1 
Make sure information about health care providers and 
health services is always current and easy to access -0.26 (0.09) ** -0.21 (0.15) 

2 
Assist residential aged care facilities in connecting to 
the online health record system, My Health Record -0.75 (0.09) *** -0.89 (0.15) *** 

3 
Roll out a national newborn enrolment system that 

connects to government services -0.98 (0.1) *** -2 (0.16) *** 

4 
Make the use of electronic referrals, transfers of care 

and discharge summaries business as usual -0.69 (0.09) *** -1.11 (0.15) *** 

5 
Update healthcare provider systems to strengthen and 

support electronic prescribing -0.78 (0.1) *** -0.84 (0.15) *** 

6 
Help aged care software developers to align with My 
Health Record and the Aged Care Transfer Summary -0.57 (0.09) *** -1.42 (0.15) *** 

7 
Standardise clinical information systems for residential 

aged care facilities -0.72 (0.1) *** -1.32 (0.15) *** 

8 

Improve and update advance care planning docu-
ments to support end-of-life decisions and ongoing 

care preferences 
-0.6 (0.1) *** -0.91 (0.15) *** 

9 
Implement the National Digital Health Capability Action 

Plan -0.72 (0.1) *** -1.48 (0.15) *** 

10 
Develop a framework to help organisations ensure 

their health workforce is digital health ready -0.7 (0.1) *** -1.69 (0.15) *** 

11 
Improve digital health skills of the health and care 

workforce in residential aged care facilities -0.51 (0.1) *** -1.34 (0.15) *** 

12 
Develop guidelines and resources for digital health 

learning, education and practice -0.58 (0.1) *** -2.02 (0.15) *** 

13 
Create an online platform to share and connect digital 

resources for the health workforce -0.66 (0.1) *** -1.36 (0.15) *** 

14 
Make it easier for primary care providers to share in-

formation and access data -0.63 (0.1) *** -0.49 (0.15) *** 

15 
Build digital tools that support healthcare providers in 

their training and career paths -0.76 (0.1) *** -1.62 (0.15) *** 

16 
Modernise platforms like My Health Record to make 

them faster and easier to use -0.59 (0.1) *** -0.83 (0.15) *** 

17 
Create accurate terms and standardised rules to en-
sure systems work well across healthcare settings -0.38 (0.1) *** -1.03 (0.15) *** 

18 

Set standards for sharing health data with consistent 
rules to make it easier to share health information 

across systems 
-0.25 (0.1) ** -0.7 (0.15) *** 

19 
Protect Health Information and infrastructure against 

cyber-attacks and natural disasters Base level Base level 

20 
Develop a national system for online requests for 

blood tests and X-rays -0.73 (0.1) *** -0.66 (0.15) *** 
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Item Description 
Class 1 (Mean, SE) Class 2 (Mean, SE) 

65.05% 34.95% 

21 
Require new healthcare technology to work well with 

existing systems -0.48 (0.1) *** -1.06 (0.15) *** 

22 
Require electronic prescribing for expensive or high-

risk medicines by updating technology and rules -0.68 (0.1) *** -1.5 (0.15) *** 

23 
Improve digital systems to collect, analyse, and use 
data from national health registries more effectively -0.42 (0.1) *** -1.26 (0.15) *** 

24 
Involve consumers in the design and delivery of digital 

health literacy programs  -0.77 (0.1) *** -2.08 (0.15) *** 

25 
Work with consumers to design health tools that are 

easy to use and accessible -0.55 (0.1) *** -1.65 (0.15) *** 

26 
Undertake research on the effectiveness of digital 

health literacy programs  -0.77 (0.1) *** -2.43 (0.16) *** 

27 
Make digital health literacy part of national safety and 

quality standards -0.43 (0.1) *** -1.63 (0.15) *** 

28 
Build a system to allow real time sharing of  health in-

formation safely across care settings nationally  -0.55 (0.1) *** -0.28 (0.15) . 

29 
Enable consumers, carers and healthcare providers to 
access key aged care information in My Health Record -0.53 (0.1) *** -0.71 (0.15) *** 

30 

Enable key health information to be easily shared to 
support transfer of care between residential aged care 

and hospitals  
-0.45 (0.1) *** -0.42 (0.15) ** 

31 
Support clinicians and pharmacists to track and man-

age medicines and prescriptions in real time -0.55 (0.1) *** -0.3 (0.15) . 

32 

Develop and deliver systems to support electronic pre-
scribing and electronic medicines charts for high risk 

and high costs medicines  
-0.45 (0.1) *** -0.96 (0.15) *** 

33 
Develop and expand operational support for electronic 

prescribing including incident management support -0.65 (0.1) *** -1.31 (0.15) *** 

34 

Establish regulations for private and public healthcare 
providers to share information with My Health Record 

by default 
-0.5 (0.1) *** -0.78 (0.15) *** 

35 

Add new features to My Health App to better support 
consumers e.g., electronic prescriptions and test re-

sults  
-0.73 (0.1) *** -0.3 (0.15) . 

36 
Involve consumers in improving tools like My Health 

Record and My Health App -0.82 (0.1) *** -1.74 (0.16) *** 

37 

Assist physiotherapists, dietitians, and other allied 
health providers in sharing their records on My Health 

Record 
-0.76 (0.1) *** -0.93 (0.15) *** 

38 
Implement unique national healthcare identifiers for in-

dividuals and healthcare providers  -0.7 (0.1) *** -1.45 (0.15) *** 

39 
Connect hospital clinical information systems to the 

National Health Information exchange  -0.55 (0.1) *** -0.51 (0.15) *** 

40 
Allow pregnancy and child health information to be 

shared and accessed through national digital systems  -0.9 (0.1) *** -1.72 (0.16) *** 

41 
Improve systems to allow medicines information to be 

accessed and shared through My Health Record  -0.44 (0.1) *** -0.42 (0.15) ** 

42 

Automatically share information to support multidisci-
plinary care, including aged care and GP management 

plans 
-0.56 (0.1) *** -0.41 (0.15) ** 

43 
Support secure information sharing by enhancing au-

thentication services -0.51 (0.09) *** -1 (0.15) *** 

44 
Develop legislation to allow health information sharing 

across care setting and borders -0.63 (0.1) *** -1.05 (0.15) *** 

45 
Implement systems to store and manage healthcare 

provider details -0.8 (0.1) *** -1.43 (0.15) *** 
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Item Description 
Class 1 (Mean, SE) Class 2 (Mean, SE) 

65.05% 34.95% 

46 
Progress integration between the national digital iden-

tity solution and healthcare systems -0.73 (0.1) *** -1.46 (0.15) *** 

47 
Improve regulatory requirements to manage consent 

for access and use of patient health information  -0.4 (0.1) *** -1.04 (0.15) *** 

48 
Ensure provider details in health care provider directo-

ries are accurate and kept up to date -0.45 (0.1) *** -0.58 (0.15) *** 

49 
Provide digital tools to support expanded delivery of 

home-based care -0.77 (0.1) *** -1.42 (0.15) *** 

50 
Evaluate virtual care and policy tools that support 

team based multidisciplinary care.  -0.8 (0.1) *** -2.05 (0.15)*** 

51 
Build tools to improve and expand virtual care, particu-

larly for remote and rural communities -0.46 (0.1) *** -0.92 (0.15)*** 

52 
Develop and design ways to support the sharing of 

health information from personal devices -0.63 (0.1) *** -1.68 (0.15)*** 

53 

Create systems that let healthcare providers to collect 
and display health information from personal devices 

securely 
-0.62 (0.1) *** -1.29 (0.15)*** 

54 

Develop guidelines to support the sharing of health in-
formation from personal devices with healthcare pro-

viders 
-0.44 (0.1) *** -1.27 (0.15)*** 

55 
Create rules and plans to safely use personal devices 

for sharing health information -0.74 (0.1) *** -1.29 (0.15)*** 

56 
Create better systems to help people access mental 

health services -0.4 (0.1) *** -0.42 (0.15)** 

57 
Make it easier to share information between the health 

and disability systems -0.72 (0.1) *** -0.77 (0.15)*** 

58 
Improve digital tools to support team-based care for 

people registered with MyMedicare -0.66 (0.1) *** -1.25 (0.15)*** 

59 
Support development of new digital health standards 

for emerging technologies -0.48 (0.1) *** -1.5 (0.15)*** 

60 
Align digital health plans and activities across national, 
state, territory Closing the Gap Implementation Plans  -0.81 (0.1) *** -1.36 (0.15)*** 

61 

Involve consumers who face barriers in using 
healthcare, and health and community groups, in de-

sign of digital health tools 
-0.48 (0.1) *** -1.2 (0.15)*** 

62 
Research and share information about digital health 

care to help translate new models into clinical practice -0.59 (0.1) *** -1.67 (0.15)*** 

63 
Collect and share patient reported experience and out-

comes data to improve healthcare  -0.6 (0.1) *** -1.48 (0.15)*** 

64 
Develop analysis and governance systems to allow 

health data to be safely used for health research -0.52 (0.1) *** -1.39 (0.15)*** 

65 

Australia to take part in discussion to harmonise global 
health technology standards and products and to re-

duce costs  
-0.56 (0.1) *** -2.37 (0.15)*** 

66 
Australia to cooperate internationally to improve se-

cure digital health systems -0.54 (0.1) *** -2.69 (0.17)*** 

67 

Ensure Aboriginal and Torres Strait Islander communi-
ties can access data held by government and other 
relevant entities to support local decision making 

-0.8 (0.1) *** -2.02 (0.16)*** 

68 
Support the use of exploratory and simulation re-

search activities to evaluate digital health solutions -0.73 (0.1) *** -2.1 (0.15)*** 

69 

Harmonise relevant policy and legislation across juris-
dictions to support the secure use of and access to 

health information 
-0.6 (0.1) *** -1.26 (0.14)*** 

70 
Get ready for new technologies like AI and genomics 

in healthcare -0.95 (0.1) *** -2.62 (0.16)*** 
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Item Description 
Class 1 (Mean, SE) Class 2 (Mean, SE) 

65.05% 34.95% 

71 
Improve national and local digital health systems to al-

low for use of AI, machine learning, and genomics -0.72 (0.1) *** -2.29 (0.16)*** 

72 
Monitor and identify emerging data sources and tech-

nology that support healthcare -0.59 (0.1) *** -1.81 (0.15)*** 

73 
Identify healthcare opportunities and risks arising from 

whole-of economy approaches to regulating AI -0.79 (0.1) *** -2.04 (0.15)*** 

74 

Support and regulate use of new medical technology 
including bioinformatics, AI and mixed reality in 

healthcare settings  
-0.62 (0.1) *** -1.94 (0.15)*** 

75 
Help set up systems for sharing data like genomics 

and for My Health Record -0.86 (0.09) *** -1.58 (0.15)*** 

76 
Measure, monitor and report on changes in digital 

health to help plan for the future -0.63 (0.1) *** -1.6 (0.15)*** 

77 
Participate in evaluations and provide feedback on ex-

periences of digital health -0.97 (0.1) *** -2.45 (0.15)*** 

78 
Help consumers and healthcare providers to under-

stand and use digital health to improve care -0.6 (0.1) *** -1.32 (0.15)*** 

79 
Make clinical quality registries more accessible and 

able to support patient-cantered care  -0.47 (0.09) *** -0.95 (0.14)*** 

*** p=0, ** p=0.001, * p=0.01, . p=0.05 
 

Latent class membership was examined in relation to respondents’ demographic characteristics to 

support interpretation and potential implementation relevance. Respondents in Classes 1 were rela-

tively younger than the respondents in Class 2 (Table 7.9). Diagnostic tests of class assignment indi-

cated good separation between classes, as reflected in the posterior class membership probabilities.  

Table 7.9: Respondents characteristics in the LCA  
Respondent characteristic Class 1 

(N=360) 
Class 2 
(N=188) 

Age (n, %)   
18-24 44 (13) 10 (6) 
25-34 82 (23) 17 (10) 
35-44 73 (21) 23 (13) 
45-54 60 (17) 31 (17) 
55-64 43 (13) 40 (22) 
65-74 36 (11) 52 (28) 

75+ 19 (6) 15 (8) 
Gender (n, %)   

Men  184 (52) 81 (44) 
Women 175 (49) 107 (57) 

Other  1 (1) 0 (0) 
 
Feedback responses  

The responses to the post-BWS choice task questions are presented in Table 7.10. The results indicate 

that most respondents did not find it difficult to differentiate between the items and considered all 

the available options. However, 50% of respondents felt that there were too many tasks, a concern 

substantiated by the notably extended average completion time (28 min, SD 83 min). This pattern 
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suggests that survey fatigue may have influenced response quality and highlights the need to consider 

respondent burden in future study designs.  

 
Table 7.10: Post survey questions (N=548) 

 
Respondents, n (%) 

(N=548) 
Difficult to tell the difference between the options presented   
Strongly disagree (1) 57 (10) 
Disagree (2) 164 (30) 
Neither agree nor disagree (3) 131 (24) 
Agree (4) 161 (29) 
Strongly Agree (5) 35 (6) 
Considered all the options  
Strongly disagree (1) 2 (0) 
Disagree (2) 14 (3) 
Neither agree nor disagree (3) 44 (8) 
Agree (4) 260 (47) 
Strongly Agree (5) 228 (42) 
Task number  
Just right 261 (48) 
Too few 13 (2) 
Too many 210 (38) 
Way too many 64 (12) 

 

The results of the question about respondents’ attitude to technology and innovation are presented 
in Table 7.11. The data shows that while response rates for these items were low, the majority of 
those who did respond self-identified as technology curious. 

Table 7.11: Attitudinal questions  

Approach to technology and innovation  
Respondents, n (%) 

(N=104)a 

Early adopter 2 (2) 
Neutral 6 (6) 
Reluctant 1 (<1) 
Sceptical 2 (2) 
Technology curious 10 (10) 

Note:  
a. question about respondents’ approach to technology was presented to a subset of respondents who identified as 

healthcare or IT professionals  
 

Discussion  
 
Digital transformation is becoming increasingly vital in the healthcare sector, as DHTs offer promising 

solutions to enhance service delivery and address persistent challenges such as an ageing population, 

limited access to healthcare professionals, and rising costs of care. However, the successful 
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implementation and adoption of DHTs require significant investment that extends beyond the tech-

nologies themselves. This includes strengthening organisational capabilities, upgrading information 

systems, and developing skilled human resources. Evaluating digital health maturity plays a crucial 

role in this process by providing insights into an organisation’s capacity across multiple dimensions, 

from business processes and organisational structures to information systems and workforce readi-

ness (Woods et al. 2022). In this context, digital health strategies serve as structured roadmaps that 

help prioritise initiatives most likely to drive effective and sustainable digital transformation. 

 

BWS studies hold significant potential to influence policy due to their focus on prioritisation (Hollin 

2020). Policymakers often face the challenge of weighing competing policy options and prioritising 

certain issues within healthcare. This process frequently involves making decisions among stakehold-

ers with differing goals. By asking respondents to select both the most and least important items 

within a set, BWS captures priorities and provides a quantifiable measure of relative preferences, min-

imising cognitive biases associated with traditional rating or ranking methods (Irie et al. 2024). This 

approach is particularly useful in complex decision-making contexts, such as digital health, where mul-

tiple competing priorities (e.g. interoperability, digital literacy, data analytics) must be evaluated. 

The results of this study indicated that the initiatives "Protect Health Information and Infrastructure 

Against Cyber-Attacks and Natural Disasters" and "Ensure Information About Healthcare Providers 

and Services is Current and Accessible" were ranked as the most important. Conversely, the initiatives 

"Prepare for New Technologies Like AI and Genomics in Healthcare" and "Participate in Evaluations 

and Provide Feedback on Digital Health Experiences" were ranked as the least important. However, 

these rankings may partly reflect a preference for initiatives that are perceived as more immediately 

reassuring or “safe,” rather than those that are strategically critical for longer-term digital health 

transformation. This suggests that stated importance may be influenced by risk aversion and familiar-

ity, potentially undervaluing initiatives that are less tangible but essential for future system capability 

and innovation. 

 

Most Important Initiatives 

The prioritisation of "Protect Health Information and Infrastructure Against Cyber-Attacks and Natural 

Disasters" and "Ensure Information About Healthcare Providers and Services is Current and Accessi-

ble" suggests that respondents value security, reliability, accessibility and trust in digital health.  

As digitisation accelerates across healthcare ecosystems, robust cybersecurity becomes increasingly 

vital to protect computer systems and networks from information breaches, data theft, and malicious 

damage. The importance of cybersecurity is escalating across all sectors, with healthcare emerging as 
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a particularly vulnerable and high-stakes domain (Javaid et al. 2023). As healthcare systems increas-

ingly rely on interconnected digital technologies, electronic health records, and complex information 

networks, they become attractive targets for sophisticated cyber threats that can compromise patient 

safety, data privacy, and institutional integrity (Jalali and Kaiser 2018; Kruse et al. 2017). Data 

breaches, identity theft, and ransomware attacks have become prevalent in the healthcare sector due 

to the volume and type of data stored, including contact information, personal data, social security, 

and banking information. 

 

Protecting infrastructure against natural disasters is crucial to ensure that digital systems remain func-

tional during emergencies. In Australia, natural disasters such as bushfires, floods, cyclones, and 

droughts are frequent and severe, causing significant damage to infrastructure and disrupting essen-

tial services, including healthcare. The annual cost of natural disasters in Australia is projected to more 

than double from $18 billion to over $39 billion by 2050 (Australian Government, Infrastructure Aus-

tralia 2025).  

 

Real-world events, such as healthcare cyber-attacks or system failures during natural disasters, may 

have shaped public concern. Examples of significant cyber-attacks in Australia, notable attacks include 

the ransomware attack on the e-prescription delivery service MediSecure in 2024 (Healthcare IT News 

2024), the attack on the Australian IVF provider Genea in 2025 (ABC News 2025), and the attack on 

Medibank in 2024 (Taylor 2024). The latter attack resulted in the personal details of 9.7 million cus-

tomers being published on the dark web. These incidents have likely increased public awareness and 

undermined public trust in the system's ability to protect sensitive personal and medical data. Conse-

quently, there is a growing demand for stronger cybersecurity measures, stricter government regula-

tions, and greater transparency from healthcare providers. In summary, protecting infrastructure 

against natural disasters and enhancing cybersecurity measures are both critical to ensuring the resil-

ience and functionality of Australia's healthcare systems. 

 

Accessibility of Health Information 

The results demonstrate that respondents value access to health information. Patients and caregivers 

require comprehensive, readily accessible, and accurate information about healthcare providers, 

available services, and clinical locations to make informed healthcare decisions (Kwame and Petrucka 

2021). This includes detailed provider credentials, specialisation expertise, service availability, geo-

graphical accessibility, operational hours, patient-reported experiences, and real-time (virtual/tele-

health) service capabilities. Effective health information systems that provide transparent, user-
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friendly, and current healthcare information can improve patient navigation, reduce healthcare access 

barriers, and enhance overall patient engagement and decision-making processes (Kwame and 

Petrucka 2021). The results demonstrate that respondents value access to health information. Pa-

tients and caregivers require comprehensive, readily accessible, and accurate information about 

healthcare providers, available services, and clinical locations to make informed healthcare decisions 

(Kwame and Petrucka 2021). This includes detailed provider credentials, specialisation expertise, ser-

vice availability, geographical accessibility, operational hours, patient-reported experiences, and real-

time (virtual/tele-health) service capabilities. Effective health information systems that provide trans-

parent, user-friendly, and current healthcare information can improve patient navigation, reduce 

healthcare access barriers, and enhance overall patient engagement and decision-making processes 

(Kwame and Petrucka 2021). 

 

Poor information access can lead to delays in treatment, misdiagnosis, or lack of awareness of availa-

ble healthcare options, negatively impacting individual and community health outcomes (Tiwary et al. 

2019). Vulnerable populations, such as elderly individuals, non-native language speakers, and eco-

nomically disadvantaged communities, are particularly susceptible to these challenges (Rural Health 

Informajon Hub 2025). Limited health information access undermines patients' ability to recognise 

early warning signs, understand complex medical conditions, explore alternative treatment method-

ologies, and effectively communicate with healthcare providers. These challenges increase psycholog-

ical stress and feelings of medical disempowerment, perpetuating healthcare inequities and reducing 

community resilience and individual capacity for proactive health management.  

 

While the topic of healthcare provider information access is critically important for policy develop-

ment, academic research in this area remains surprisingly sparse. Existing studies have not compre-

hensively examined the broader impact of provider information accessibility. Instead, researchers 

have focused on more narrowly defined aspects, such as provider quality metrics (Hannawa et al. 

2022), clinical performance measures (Gill et al. 2006), and the various channels through which 

healthcare provider information is disseminated. These targeted studies provide insights into discrete 

components of the issue but fall short of offering a holistic understanding of how access to quality 

health information influences patient decision-making and healthcare system performance. 

 

The experience of COVID-19 pandemic likely played a significant role in shaping respondents' prioriti-

sation of initiatives. The COVID-19 pandemic dramatically transformed how societies perceive and 

engage with health information and health technology, accelerating digital literacy, challenging 
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traditional information hierarchies, and fundamentally reshaping public trust mechanisms (Aaditya 

and Rahul 2021). The pandemic revealed weaknesses in how information is shared while fostering 

more sophisticated information consumption patterns. It made people more skilled at evaluating 

health information, tracking their health digitally, and assessing risks. The experience of COVID-19 

pandemic likely played a significant role in shaping respondents' prioritisation of initiatives. The 

COVID-19 pandemic dramatically transformed how societies perceive and engage with health infor-

mation and health technology, accelerating digital literacy, challenging traditional information hierar-

chies, and fundamentally reshaping public trust mechanisms (Aaditya and Rahul 2021). The pandemic 

revealed weaknesses in how information is shared while fostering more sophisticated information 

consumption patterns. It made people more skilled at evaluating health information, tracking their 

health digitally, and assessing risks. 

 

Least Important Initiatives 

The results indicate that respondents may prioritise immediate and tangible benefits, such as access 

to care, data security, and usability of current digital tools, over future-oriented innovations like AI 

and genomics. Respondents may perceive AI and genomics as long-term investments rather than 

pressing concerns. Additionally, AI and genomics are highly technical topics, and the general public 

may not fully understand their potential impact on healthcare (Davenport and Kalakota 2019). Similar 

to computers and robots, AI is often personified (Alabed et al. 2022). Rather than having an objective 

understanding of AI, it is perceived through users’ past beliefs and experiences. The way AI is pre-

sented in society acts as a primer for its usage, influencing how it is experienced. The collective social 

imagination and understanding of AI are shaped by the media, fostering both hopes and fears about 

these technologies. These perceptions often portray AI as either malicious and destructive or overly 

promising and beneficial. However, such representations do not accurately reflect the state-of-the-

art developments in AI research. The actual effectiveness of an AI-driven intervention may be influ-

enced by the user’s imagination. This is particularly relevant in the context of the AI black box, where 

systems are too complicated to comprehend, and so people’s imagination plays an important role in 

explaining them (Miller 2019; Pataranutaporn et al. 2023). At the time of the BWS study, public dis-

course on AI was only beginning to gain momentum; since then, conversations around AI across all 

aspects of life have rapidly expanded. Against this backdrop, the benefits of AI and genomic advance-

ments may feel indirect or distant compared to more tangible issues such as electronic health records, 

telehealth, or affordability. Some respondents may distrust emerging technologies like AI in 

healthcare, fearing bias, privacy concerns, and errors.  
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The findings from this BWS study can help inform value assessments that better reflect the priorities 

of patients, providers, and health system leaders. By capturing what stakeholders consider most and 

least important in digital health initiatives, the results support more transparent, inclusive, and evi-

dence-informed decision-making within national digital health strategies. This ensures that future in-

vestments are aligned with the values and needs of end users, while also addressing broader system-

level goals. 

 

Limitations  

One significant limitation of this study is the total number of items and total number of choice tasks 

included. The high number of initiatives made the task of consistently identifying the most and least 

important items within each set more demanding, potentially leading to cognitive fatigue. This fatigue 

could compromise the quality of responses, as respondents may resort to satisficing (choosing ac-

ceptable rather than optimal responses) to complete the survey more quickly and with less mental 

effort. Additionally, the complexity and technical nature of the initiatives and tasks could result in 

inconsistent rankings and reduced attention to nuanced differences between items. Treating these 

initiatives as objects treated as either most important or least important, may have restricted the 

expression of a gradient in the perceived importance of individual components of the initiatives. This 

may have impacted the rankings and had an impact on the heterogeneity in the data. Translating de-

scriptive content into valuation-ready statements is inherently complex, and incorporating qualitative 

methods could strengthen the rigour of future work. To improve the validity and interpretability of 

such statements, future research may benefit from formal iterative approaches, including cognitive 

testing and expert reconciliation processes. Participating in evaluations and providing feedback on 

digital health experiences, such as through BWS surveys, requires significant effort from respondents. 

Survey fatigue is a major issue, as individuals are frequently inundated with survey requests, leading 

to a diminished motivation to respond (Ghafourifard 2024). Additionally, respondents may perceive 

the survey topics as irrelevant to their personal experiences, reducing their engagement. Finally, in-

sufficient incentives can make respondents less willing to invest their time and effort (Grewenig et al. 

2022). Addressing these barriers is crucial to improving participation rates and the quality of feedback 

in digital health evaluations.  

 

In our analysis substantial heterogeneity in preferences across different NDHS initiatives was ob-

served, which may be perceived as most important by different subgroups. The subgroup analysis was 

exploratory in nature and lacked statistical power given the number of respondents in the sub-groups, 

as the experiment was not specifically designed for subgroup comparisons. Due to the constraints of 
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the BIBD structure, the number of times each item appeared across subgroups was limited, reducing 

the precision and reliability of subgroup-specific estimates. 

 

These limitations highlight the need for further research and the adoption of alternative approaches, 

such as refined survey designs based on this study's findings or complementary approaches that min-

imise cognitive load and response bias. Future survey designs could focus on a reduced set of the most 

important items (NDHS initiatives) while accounting for changes and progress in NDHS initiatives that 

have occurred between this study's development and their current implementation status. In addi-

tion, alternative stated-preference methods such as discrete choice experiments (DCEs) may provide 

complementary insights by incorporating information on trade-offs and opportunity costs, which 

might influence how individuals prioritise initiatives. Exploring such approaches could help capture a 

broader range of considerations in future evaluations
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Chapter 8:  Discussion 
 

This thesis explores the perceived value and benefits associated with digital health technologies 

(DHTs) by investigating public preferences for investment priorities related to DHTs. Specifically, the 

thesis examines how the value of digital health technologies (DHTs) can be understood by bringing 

together three domains: digital maturity, economic value, and user preferences. Rather than treating 

these as separate and parallel concepts, concepts. The central argument of this thesis is that value in 

digital health emerges at the intersection of these concepts. Digital maturity shapes what can be im-

plemented and sustained; economic evaluation determines what is deemed efficient or worthwhile 

use of resources, and user preferences influence whether technologies are accepted, trusted, and 

effective in practice, and how they are ultimately valued. A key contribution of this work is therefore 

to demonstrate how these domains interact across different levels of the health system, and why 

evaluating DHTs requires an integrated, rather than siloed, perspective, that takes into account all 

these aspects. 

 

The first chapters established that the  existing frameworks for assessing digital health maturity to 

understand how these align with stakeholder expectations and system-level goals. While the promise 

of DHTs lies in their ability to transform healthcare delivery, their successful integration depends on a 

rigorous and context-sensitive understanding of value, one that goes beyond narrow measures of 

cost-efficiency to include acceptability, usability, and the ways in which technologies reshape care. 

Drawing on insights from the scoping review and consultation with clinicians and experts in stated 

preference (SP) research, three empirical studies were conducted using SP methods, specifically two 

discrete choice experiments (DCEs) and one best-worst scaling (BWS) study. The BWS of the Australian 

National Digital Strategy represents a top-down, system-level perspective, focusing on the system-

wide approach to and framework for establishment of digital health infrastructure and its implications 

for health outcomes and the healthcare ecosystem. The two DCE studies, which consider the use of 

AI in oncology case provide the opportunity to focus on how digital innovations influence care delivery 

in a specific clinical setting and how these changes shape stakeholder attitudes and acceptance, and 

perceptions of value.  

 

The scoping review (Chapter 3) illustrated both the potential and the limitations of current evaluation 

practices. Economic studies of AI in oncology often conclude that interventions are cost-effective, yet 

these assessments typically rely on assumptions about accuracy and costs, rather than clinical 
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effectiveness data or real-world implementation, including acceptability to consumers and providers. 

This highlights a critical need for more primary effectiveness research specific to AI applications in 

cancer care to strengthen future economic evaluations. 

 Conventional models often treat technologies as static, when in fact digital tools, particularly AI, are 

dynamic learning systems that evolve as data accumulate. The review’s findings highlight that digital 

technologies cannot be fully understood in isolation from their context. Their value depends not only 

on algorithmic performance but also on how they integrate into workflows, interact with health pro-

fessionals, and meet the expectations of patients.  

 

The importance of broader  context for adoption of digital technologies motivated the decision to 

adopt a case study approach in the empirical chapters, which allowed examination of digital health 

within both a specific clinical setting and in the framework of broader system-wide strategy. The im-

portant link between these two cases, respectively at the macro and micro level of the health system, 

is the central importance of understanding how stakeholders across the health system perceive and 

evaluate the value of digital health innovations. This thesis advances knowledge by showing that eco-

nomic value cannot be robustly assessed without understanding how technologies interact with clini-

cal workflows, governance structures, and user expectations. In doing so, it reframes economic eval-

uation as a necessary but insufficient component of digital health assessment. 

 

The use of AI in radiation therapy case studies (Chapters 5 and 6) provided a detailed examination of 

consumers preferences for adopting these technologies in clinical practice. Both professionals and the 

general public valued accuracy and timeliness. Clinicians preferred assistive systems that enhanced 

rather than replaced their expertise, and patients wanted reassurance that human oversight would 

remain central to their care. These findings indicate that value extends beyond clinical outcomes to 

encompass dimensions such as trust, transparency, and the preservation of human judgment in high-

stakes care. Importantly, the studies also highlighted that efficiency gains should not be assumed as 

AI technologies may shift workloads rather than reduce them, and adoption depends on seamless 

integration into existing systems. This points to a multidimensional understanding of value, which rec-

ognises clinical, organisational, ethical, and experiential dimensions.  

 

The findings from the DCEs offer valuable inputs for future economic evaluations. The relative im-

portance weights derived from the DCEs quantify how individuals value different aspects of DHTs, 

many of which may fall outside the scope of traditional health outcome measures used in economic 

evaluation (such as QALYs or more narrow outcomes such as cases detected). As such, the DCE 



169 

 
 
 

  

research presented in this thesis helps to identify outcomes and features that matter to consumers 

and providers but are often overlooked in conventional economic evaluations. The results provide 

insight about the preferences of stakeholders (consumers and providers) for attributes such as data 

governance, interoperability, trust, and system readiness. These are dimensions that may be absent 

in standard CEA/CUA frameworks, which are primarily oriented towards health outcomes and short-

term efficiency gains. While alternative approaches such as MCDA, capability-based frameworks (e.g. 

ICECAP), and Social Return on Investment have been proposed to broaden the evaluative lens, their 

limited uptake reflects ongoing challenges around methodological complexity, data requirements, and 

lack of institutional guidance.  

In the context of digital health, the findings suggest that more holistic approaches, such as MCDA and 

similar frameworks are particularly well suited, as they provide a transparent structure for incorporat-

ing non-health and system-level criteria without displacing established economic evidence. The stated 

preference results presented in this thesis make a distinct contribution by empirically quantifying the 

relative importance of these criteria, offering a basis for weighting within such frameworks rather than 

relying on expert judgement alone. In practical terms, these insights can be integrated by embedding 

preference-derived weights into MCDA-informed HTA processes, or by using them to complement 

CEA/CUA results in deliberative decision-making. The insights from stated preference research can be 

used to supplement or adapt existing evaluation frameworks, ensuring they more accurately capture 

the broader and multi-dimensional value of digital health interventions.  

 

In contrast to the DCEs, the evaluation of the Australian National Digital Health Strategy (Chapter 7) 

undertaken using a BWS approach, provided a broader, system-level perspective, shifting the focus 

from specific innovations to the foundations of digital health infrastructure and governance. The re-

sults of this study showed the public’s priorities were focused on data security, reliability of health 

information, and resilience of digital infrastructure as issues that feel immediate, and tangible com-

pared with more future-oriented innovations such as AI and genomics. This may indicate risk percep-

tions shaped by cybersecurity breach incidents and natural disasters as well as a desire for digital 

health systems to address foundational needs before advancing into more complex domains. These 

results demonstrate that public expectations are often grounded in day-to-day realities, and that in-

vestment decisions must balance long-term innovation with present demands for safety, accessibility, 

and equity. When synthesised with the findings form the DCEs, this suggests that digital maturity is 

not simply about advancing technological sophistication, but about establishing trust-enabling foun-

dations that legitimise further innovation. This bridges the gap between system-level strategy and 
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individual-level acceptance, reinforcing the thesis’s overarching argument that maturity, value, and 

preference are mutually reinforcing. 

 

The results from the DCE and BWS studies capture what stakeholders perceive as valuable based on 

their current experiences, knowledge, and expectations, making them highly relevant for assessing 

acceptability, legitimacy, and alignment with immediate system priorities. However, these prefer-

ences may undervalue attributes with long-term, system-level, or option value, particularly where 

benefits are uncertain, diffuse, or not yet visible to end users. This is illustrated by the lower priority 

assigned to the initiatives such as “preparing for new technologies like AI” presented in Chapter 7, as 

well as by the apparent tension in preferences for both maintaining human oversight and achieving 

efficiency gains through automation. While stakeholders value the reassurance, accountability, and 

trust associated with keeping a human in the loop, this preference inherently constrains the time-

saving and efficiency benefits that AI-enabled technologies promise. Such findings highlight that 

stated preferences may be internally inconsistent or reflect trade-offs that are not fully recognised by 

respondents. Such tensions between the stated preferences may provide important signals for policy-

makers about the boundaries of acceptable implementation. In this context, economic evaluation 

frameworks should use stated preference evidence to inform structured trade-offs, weighing effi-

ciency gains against requirements for oversight, safety, and trust. Accordingly, the empirical findings 

in this thesis should be interpreted as informing, rather than determining, resource allocation deci-

sions, by clarifying where efficiency-driven innovations may require complementary governance or 

staged implementation to align with societal values. 

Evaluating digital health technologies requires rethinking the concept of “value.” By combining eco-

nomic evidence with stakeholder insights and considering technologies within their real-world con-

texts, this thesis presents a multidimensional framework for understanding the value of DHTs. This 

approach not only assists policymakers in prioritising investments but also ensures that the adoption 

of digital innovations reflects the needs and values of patients, providers, and the wider health system.  

In synthesis, this thesis moves beyond asking whether digital health technologies are cost-effective or 

technologically mature and instead addresses whether they are valued in ways that support sustaina-

ble, equitable, and trusted healthcare delivery . This thesis has shown that the value of DHTs emerges 

at the intersection of technical capability, system readiness, and societal expectation. By studying 

stakeholder perspectives in addition to economic and maturity assessment frameworks, this thesis 

contributes to a more holistic and pragmatic approach to evaluation of digital health technologies.  

The work presented in this thesis highlights a that digital maturity is not a destination but a continuous 

process of alignment between innovation, evidence, and the values of the communities these 
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technologies are designed to serve. Rather than requiring entirely new evaluation frameworks, the 

findings in this thesis support a set of guiding principles for digital health HTA. This can be done by 

embedding preference-derived importance weights within MCDA-based appraisal structures, ena-

bling systematic incorporation of non-health and system-level criteria, such as trust, data governance, 

interoperability, and workforce impacts, alongside conventional clinical and economic evidence. A 

complementary pathway is to use stated preference results to inform deliberative HTA and reimburse-

ment processes by contextualising CEA/CUA outputs, particularly where technologies generate bene-

fits or risks that are poorly captured by QALYs alone. Finally, the preference patterns identified in this 

thesis can inform staged implementation strategies and governance design, highlighting where effi-

ciency-driven deployment may require safeguards, human oversight, or infrastructure investment to 

align with stakeholder expectations.  

Taken together, these applications support a set of guiding principles for HTA of digital health tech-

nologies, explicit recognition of multi-dimensional value, structured incorporation of stakeholder pref-

erences into appraisal processes, and alignment of short-term efficiency objectives with longer-term 

system capability, legitimacy, and resilience. 

Limitations and challenges  

The research presented in this thesis, while making significant contribujons to understanding the 

value of digital health maturity, faced several important limitajons that should be acknowledged. 

Methodological Limita]ons 

The SP research methodologies employed in this thesis, parjcularly the DCEs and BWS, carry inherent 

limitajons. These approaches rely on hypothejcal scenarios rather than observed behaviours, which 

may not perfectly reflect real-world decision-making processes. Respondents’ SPs might differ from 

their actual choices when faced with similar situajons in real life although most people do as they say 

in those studies that have been able to compare the two (Salampessy et al. 2022; Quaife et al. 2018). 

The SP research methodologies employed in this thesis, parjcularly the DCEs and BWS, carry inherent 

limitajons. These approaches rely on hypothejcal scenarios rather than observed behaviours, which 

may not perfectly reflect real-world decision-making processes. Respondents’ SPs might differ from 

their actual choices when faced with similar situajons in real life although most people do as they say 

in those studies that have been able to compare the two (Salampessy et al. 2022; Quaife et al. 2018). 

The exploratory nature of the BWS study, while providing valuable inijal insights, requires follow-up 

research to validate and expand upon its findings. The BWS methodology offered a useful approach 

for priorijsing digital health inijajves, but the results should be interpreted with caujon unjl further 

validajon studies are conducted. 
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A significant limitajon was the rapidly evolving nature of DHTs, parjcularly AI applicajons. The fast 

pace of technological advancement in this field meant the currency and relevance of some of the 

findings may be jme limited as technologies evolve.  

The research was conducted during a period of substanjal change in digital health policy and pracjce 

in Australia. This dynamic environment created challenges in establishing stable parameters for the 

evaluajon framework. There are ongoing developments in Australia's Najonal Digital Health Strategy 

(2023-2028), which is designed as a "living document" subject to conjnuous revision and adaptajon. 

The evolving nature of this strategic framework presents challenges in establishing fixed reference 

points for evaluajng digital health inijajves. The single-country (Australia) and radiajon oncology 

focus may limit the generalisability of these findings to other seångs. 

Prac]cal Research Challenges 

The case study approach adopted for evaluajng the digital maturity ecosystem, while necessary given 

the complexity of the field, may limit the generalisability of some findings. Different healthcare set-

jngs may present unique challenges and opportunijes not captured in the selected case studies. 

One of the key limitajons of this thesis was the challenge of idenjfying and developing relevant case 

studies that were directly drawn from the implementajon of digital health infrastructure for Sydney 

Local Health District, the DHCRC industry partner for this research. This challenge was significantly 

compounded by the impact of the COVID-19 pandemic, which not only disrupted healthcare opera-

jons but also delayed the rollout of digital health infrastructure across the Sydney Local Health District 

(SHLD). As a result, the jmeline for deploying the digital health systems was extended well beyond 

inijal projecjons, making it difficult to source jmely case studies (where the rollout was at the ap-

propriate stage for evaluajon) directly from the SHLD implementajon that could provide meaningful 

insights into the costs and impacts of digital health within the local health district. Consequently, the 

research pivoted to focus on idenjfying and analysing relevant case studies from comparable and 

relevant contexts, allowing for a broader understanding of digital health implementajon that could 

be applied to the SHLD context.  

 

Future Research Directions 

There are several promising research direcjons that have emerged from the findings of this thesis 

that could address idenjfied limitajons and further advance knowledge in this field. These research 

direcjons were beyond the scope of the thesis, but future research could build upon this work through 

three key direcjons.  
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First, a valuable next step would be a targeted evaluajon of AI technologies. This could involve con-

ducjng a follow-up discrete choice experiment (DCE) focused on AI tools that are already in use in 

clinical pracjce, in contrast to the current study’s emphasis on earlier-stage technologies. Such a study 

could be complemented by a modelled economic evaluajon, using DCE findings to assess the cost-

effecjveness of parjcular AI systems in radiajon oncology. With a focus on the Australian healthcare 

context, these models would help fill crijcal evidence gaps and provide insights to guide pracjcal 

implementajon decisions.  

 

Another important direcjon would be to explore the role of pajent-reported outcomes measures 

(PROMs) in the evaluajon of AI technologies in oncology. This includes examining how non-prefer-

ence-based PROMs can be mapped to ujlity values. Doing so would strengthen the capacity to con-

duct robust economic evaluajons that reflect the disjncjve features of AI technologies within the 

Australian context. DCEs could also be applied to value the domains of these PROMs, enabling their 

conversion into preference-based, ujlity-compajble measures. This approach would mirror the de-

velopment of widely used instruments, such as the EQ-5D, and extend their applicability to AI-focused 

evaluajons.  

 

Finally, while the BWS presented in this thesis provides insights for policy makers into what is most 

important for consumers and the general populajon in developing a framework to support digital 

health rollout across the health system, it was evident that the level of detail and the complexity of 

the priorijes in the overall framework are challenging for respondents. Based on the findings of this 

inijal BWS there is an opportunity to develop a more focussed list of inijajves to allow for clearer 

guidance for policy makers and health care leaders.  The findings from the work presented in this 

thesis could be the basis, combined with guidance from previous methodological work for a more 

focussed preference study in which it would be possible to refine the design of the task in terms of 

number of items considered in the exercise, number of BWS tasks in the quesjonnaire, and the num-

ber of respondents.  

 

These future research direcjons will build upon the foundajon established in this thesis, addressing 

idenjfied limitajons while furthering our understanding of how to evaluate and opjmise digital 

health investments. 

 



174 

 
 
 

  

Overall conclusion  

This thesis provides a structured and detailed explorajon of how the value of DHTs can be understood, 

measured, and applied to inform policy and investment decisions, providing insights both at the level 

of health systems and for parjcular technologies. Through a combinajon of empirical research, and 

literature review, it sheds light on the preferences and priorijes of key stakeholders, including 

healthcare professionals, pajents, and the general public, when assessing DHTs such as AI in radiajon 

therapy and system-wide digital health inijajves included in the Australian Najonal Digital Health 

Strategy. 

 

The findings highlight the need for robust, muljdimensional frameworks to evaluate the evolving 

landscape of DHTs. Tradijonal economic evaluajon methods may not fully capture the complexity 

and dynamic nature of these technologies. Incorporajng stakeholder preferences through SP meth-

ods provides valuable insights into dimensions of value, such as data privacy, explainability, integra-

jon, and jmeliness, that are oäen underrepresented in convenjonal health technology assessments. 

 

The studies presented here offer acjonable evidence to inform the design and implementajon of 

DHTs that are not only clinically and economically sound but also aligned with end-user values. More-

over, the results can feed into more nuanced economic evaluajons and digital maturity assessments 

that be|er reflect real-world needs and constraints. 

 

Taken together, the thesis contributes to a growing body of evidence supporjng the use of prefer-

ence-based approaches in digital health evaluajon. It demonstrates how these methods can enhance 

the relevance and responsiveness of investment decisions in publicly funded healthcare systems. As 

digital health technologies conjnue to evolve and reshape healthcare delivery, stakeholder-centred 

frameworks will be crijcal to guide responsible, scalable, and value-based adopjon across the health 

system.
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Appendices 

Appendix 1 
Table A1.1: Overview of the key international guidance relevant to digital health and AI  

Document Title Organisation Re-
sponsible 

Description/Aims  Areas of Interest 

WHO Global Strategy 
on Digital Health 2020-
2025 (WHO 2021) 

World Health Or-
ganization (WHO) 

The strategy aims to enhance health 
systems globally by integrating digital 
health solutions. It focuses on improv-
ing health outcomes, ensuring equita-
ble access to health services, and en-
couraging countries to develop robust 
digital health strategies aligned with 
global standards. 

Global digital health strat-
egies, health promotion 

General Data Protec-
tion Regulation 
(GDPR)(European 
Commission 2018) 

European Commis-
sion 

Sets a comprehensive data protection 
law enacted by the European Union 
(EU) to safeguard personal data and 
privacy for individuals within the EU.  

Data protection, privacy, 
personal health data 

Medical Device Regula-
tion (MDR); 
Regulation (EU) 
2017/745  (EUR-Lex 
2017) 

European Commis-
sion 

A comprehensive regulatory frame-
work established by the European 
Union to ensure the safety and perfor-
mance of medical devices, including 
software as a medical device (SaMD).  

Medical devices and their 
accessories, safety, 
SaMD 

EU Artificial Intelligence 
Act (AI Act) 2024 (Euro-
pean Commission 
2024) 

European Commis-
sion 

Regulatory framework aimed at en-
suring the safe and ethical develop-
ment and deployment of AI technolo-
gies across the EU. Regulates AI sys-
tems based on risk, ensuring safety 
and fundamental rights protection.  

AI systems, risk manage-
ment, innovation, funda-
mental rights 

European Health Data 
Space (EHDS) 2025 
(European Commission 
2025b) 

European Commis-
sion 

Establishes a framework for the use 
and exchange of electronic health 
data 

Health data exchange, 
data reuse, digital health 
services 

Medical Devices Regu-
lations 2002 (SaMD); 
AIaMD 2022 (UK Gov-
ernment, Department of 
Health & Scocial Ser-
vices 2025) 

UK, Medicines and 
Healthcare prod-
ucts Regulatory 
Agency (MHRA) 

Covers regulatory frameworks, digital 
health technologies, data use, SaMD 
and AIaMD 

Regulatory frameworks, 
data use, AI, liability 

UK General Data Pro-
tection Regulation (UK 
GDPR) and Data Pro-
tection Act 2018 (UK 
Government 2018) 

The GDPR is UK law that governs the 
processing of personal data within the 
UK and ensures that individuals' data 
rights are protected. The Data Protec-
tion Act 2018 complements the UK 
GDPR and provides a comprehensive 
framework for data protection in the 
UK. 
 

Data protection, privacy, 
personal health data 

FDA Guidance Docu-
ments for Digital Health:  
510(k) certification 
2017;  
Premarket Approval 
(PMA) 2022; SaMD 
2017; Digital Health 
Software Pre-

U.S. Food and 
Drug Administra-
tion (FDA) 

Provides clarity on the FDA's regula-
tion of digital health products;  

Medical devices, SaMD, 
AI, cybersecurity, clinical 
decision support, Com-
puter-Assisted Detection 
Devices Applied to Radi-
ology Images and Radiol-
ogy Device Data , labora-
tory tests 
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Document Title Organisation Re-
sponsible 

Description/Aims  Areas of Interest 

certification Program 
2017; and Laboratory 
Developed Test (C. for 
D. and R. H. FDA 2025) 
Health Insurance Porta-
bility and Accountability 
Act  (HIPPA) 1996 
(CDC 2024) 

US Federal law  Provides protection of sensitive pa-
tient health information from being 
disclosed without the patient's con-
sent or knowledge. Applies to any 
provider who transmits health infor-
mation in electronic form in connec-
tion with certain transactions. 

Data privacy rules  

Regulations on Supervi-
sion and Administration 
of Medical Devices 
(2022) (China NMPA 
2022) 

National Medical 
Products Admin-
istration (NMPA), 
China 

Regulates digital health apps and mo-
bile medical devices.  

Medical devices, mobile 
health, safety and efficacy 

Digital Information Se-
curity in Healthcare Act 
(DISHA) 2018  
The Digital Personal 
Data Protection Act 
(DPDP Act) 2023 (Jain 
2023) 

Ministry of Health 
and Family Wel-
fare, the National 
Digital Health Au-
thority (NeHA), In-
dia 

Defines digital health data and sets 
standards for data security and pri-
vacy 

Data security, privacy, 
health information 

 
Table A1.2: Overview of the key Australian regulations relevant to digital health and AI  

Document Title Organisation Responsible Short Description Areas of Interest 
Therapeutic Goods 
Act 1989 (Australian 
Government 2025b) 
 

Therapeutic Goods Ad-
ministration (TGA) 

This TG Act establishes a na-
tional system for regulating the 
quality, safety, efficacy, and 
timely availability of therapeutic 
goods in Australia 

Import, export, manufac-
ture, and supply of thera-
peutic goods; listing and 
registering medicines, 
medical devices, and bio-
logical products; advertis-
ing and labelling require-
ments 

The My Health Rec-
ord Act 2012 (Austral-
ian Government 
2025a) 
 

Therapeutic Goods Ad-
ministration (TGA) 

The Act governs the My Health 
Record system, which allows indi-
viduals to have an online sum-
mary of their key health infor-
mation 

Privacy and security of 
health information; roles 
and responsibilities of the 
System Operator; regis-
tration framework for indi-
viduals and healthcare 
providers 

The Healthcare Identi-
fiers Act 2010 (Aus-
tralian Government 
2024) 

Therapeutic Goods Ad-
ministration (TGA) 

This act provides a system for as-
signing unique healthcare identifi-
ers to individuals and healthcare 
providers to ensure accurate 
matching of health information 

Assigning and managing 
healthcare identifiers; pri-
vacy and security of iden-
tifying information; inte-
gration with the My 
Health Record system 

Therapeutic Goods 
Administration (TGA) 
Medical Device Regu-
lation, SaMD (TGA 
2021) 

Therapeutic Goods Ad-
ministration (TGA) 

Regulates digital health technolo-
gies as medical devices, including 
SaMD and digital therapeutics 

Medical devices, safety, 
efficacy 

Australian Digital 
Health Agency 
(ADHA) Standards 
(ADHA 2025b) 

Australian Digital Health 
Agency (ADHA) 

Develops standards to enable 
connected care and supports the 
implementation of the Australian 
National Digital Health Strategy 

Connected care, digital 
health standards 
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Table A1.3: AI risk classification, EU AI Act 

Risk classification  Description  
Minimal risk  These AI systems pose minimal or no risk to individuals' 

rights or safety and are largely unregulated under the EU 
AI Act (e.g. AI-enabled video games).  

Limited risk (specific transparency risk) AI systems (e.g. ChatGPT) that need to comply with spe-
cific transparency compliance and EU copyright law. This 
includes disclosing that the content was generated with 
AI, publishing summaries of copyrighted data used for 
training and designing the model that prevents it from gen-
erating illegal content 

High risk:  AI systems that negatively affect safety or fundamental 
rights will be considered high risk and will be divided into 
two categories: AI systems that are included in the prod-
ucts protected by the EU’s product safety legislation (e.g. 
medical devices, cars, toys) and AI systems that fall into 
specific area that requires to be registered in an EU data-
base (e.g. education, law enforcement). All high-risk AI 
systems need to be assessed before being out on the 
market and throughout their product life-cycle 

Unacceptable risk (prohibited AI systems) AI systems that pose threat to humanity and will be 
banned (i.e. cognitive behavioural manipulation of people 
of specific vulnerable groups, biometric categorisation of 
people). It is noted that some exceptions may be allowed, 
such as for law enforcement purposes 

Source: (European Parliament Panel for Future of Science and Technology 2023; European Commission 2025a) 

  



191 

 

  

Appendix 2 
 
Nil
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Appendix 3 
 
Table A3.1: Scoping review: search terms  

Database  Search terms  Filters  
PubMed (("Artificial Intelligence"[Mesh]OR "Artificial Intelli-

gence"[tiab] OR "Machine Learning"[Mesh] OR "Ma-
chine Learning"[tiab] OR "Deep Learning"[tiab]) AND 
("Oncology"[tiab] OR "Cancer"[tiab] OR "Neo-
plasms"[Mesh] OR "Neoplasms"[tiab]) AND ("Econom-
ics"[Mesh] OR "Economic Evaluation"[tiab] OR "Cost-
Benefit Analysis"[Mesh] OR "Cost-Benefit Analy-
sis"[tiab] OR "Cost-Effectiveness"[tiab] OR "Budget Im-
pact"[tiab]) ) 

Years: 2019-April 2025 
Language: English  
 

Scopus  ( TITLE-ABS-KEY ( "artificial intelligence" OR "machine 
learning" OR "deep learning" ) ) AND ( TITLE-ABS-KEY 
( "oncology" OR "cancer" OR "neoplasms" ) ) AND ( TI-
TLE-ABS-KEY ( "economics" OR "economic evaluation" 
OR "cost-benefit analysis" OR "cost-effectiveness" OR 
"budget impact" ) ) AND PUBYEAR > 2018 AND 
PUBYEAR < 2026 AND ( LIMIT-TO ( DOCTYPE , "re" ) 
OR LIMIT-TO ( DOCTYPE , "ar" ) OR LIMIT-TO ( DOC-
TYPE , "cp" ) ) 

Years: 2019-April 2025 
Language: English 
 

Google Scholar  "artificial intelligence" "machine learning" "deep learn-
ing" automation "economic evaluation" OR "cost-effec-
tiveness" OR "cost-benefit" OR "cost-utility" "radiation 
therapy" "treatment planning" 

Years: 2019-April 2025 
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Table A3.2: CHEERS-AU checklist  

 

Ahsen 
 2025 

Borsoi 
 2024 

Hill 
2024  

Mital
2022 

Vargas 
 2023  

Shen 
2023 

Adams 
2021  

Bark
un 
2023 

Bust
ama
nte-
Balé
n, 
2025 

Kac
ew, 
2021 

Mori, 
2020  

Ar-
iea, 
2022 

Li-
bani
o, 
2024 

Yon
azu, 
2023  

Gen
g, 
2025  

Hua
ng, 
2025 

Zieg
elma
yer, 
2022 

Tru-
jillo, 
2025 

Gom
ez 
Ros
si, 
2022 

Du, 
2024 

Mark
a, 
202 

Author/Year/Abstract 
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Title  
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Population 
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Comparator  
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Time horizon/cycle length  
0 1 1 1 0 1 1 1 1 1 0 1 0..5 1 0 0 1 1 1 1 1 

Perspective  
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Discount rate  
0 0 1 1 0 1 0 1 1 0 0 1 1 1 0 0 1 1 1 1 1 

Background/ Objectives  
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

HE analsysis plan  
0 1 1 1 1 1 0 1 1 1 0 1 1 1 0 0 1 1 1 0 1 

Setting and location  
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0.5 

Selection of outcomes  
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Measurements of outcomes  
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Valuatioin of outcomes  
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Measureemnt and valuation of 
resources and  costs 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
Currency, price date and conver-
sion  0.5 0 1 1 1 1 0 0 1 0 0 0 0 1 0 0 0 0 1 1 0 
Rationale and description of the 
model  0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 
Analysis and assumptions  

1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 1 1 1 1 
Characterising heterogeneity 

1 1 0 1 0 0 1 0 0 0 0 1 1 0 0 0 0 0 0 1 0 
Characterisling distributional ef-
fects  0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
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Ahsen 
 2025 

Borsoi 
 2024 

Hill 
2024  

Mital
2022 

Vargas 
 2023  

Shen 
2023 

Adams 
2021  

Bark
un 
2023 

Bust
ama
nte-
Balé
n, 
2025 

Kac
ew, 
2021 

Mori, 
2020  

Ar-
iea, 
2022 

Li-
bani
o, 
2024 

Yon
azu, 
2023  

Gen
g, 
2025  

Hua
ng, 
2025 

Zieg
elma
yer, 
2022 

Tru-
jillo, 
2025 

Gom
ez 
Ros
si, 
2022 

Du, 
2024 

Mark
a, 
202 

Characterising uncertainty  
0 1 1 1 1 1 0 1 1 0 0 1 1 1 0 0 1 1 1 0 1 

Approach to engaging with pa-
tients and others affected by the 
study  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
Study parameters  

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
Summary of main results  

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
Effect of uncertainty  

0 0 1 1 1 1 0 1 1 0 0 1 1 1 0 0 1 1 1 0 1 
Effect of engagement with opa-
tients and other affected by the 
study  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
Study findings, limitations, gener-
alisability, and current knowledge  1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
Source of funding  

0 1 1 1 0 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 
Conflict of interest  

1 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1 1 
User autonomy  

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
Measurements of AI effect  

1 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
Measurement of AI learning over 
time  0 1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 1 
Development of AI component  

0 1 0 0 0 0 1 0 0 1 1 0 0 0 1 1 0 0 0 0 1 
Validation of AI component  

0 0 0 1 0 0 1 1 0 1 0 0 0 0 0 1 0 0 0 0 1 
Health Benefit  

1 1 1 1 1 1 1 1 1 1 1 0 1 1 0 1 0 1 1 0 1 
Population differences  

0.5 0 0 0 0 0 1 1 0 0 1 0 0 0 0 0 0 0 0 0 1 
Modelling of AI learning over time  

0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
Impact of AI uncertainty  

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
Implementation of AI  

1 1 0 0 1 0 0 1 1 0 1 0 0 0 0 1 0 0 0 1 0 
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Ahsen 
 2025 

Borsoi 
 2024 

Hill 
2024  

Mital
2022 

Vargas 
 2023  

Shen 
2023 

Adams 
2021  

Bark
un 
2023 

Bust
ama
nte-
Balé
n, 
2025 

Kac
ew, 
2021 

Mori, 
2020  

Ar-
iea, 
2022 

Li-
bani
o, 
2024 

Yon
azu, 
2023  

Gen
g, 
2025  

Hua
ng, 
2025 

Zieg
elma
yer, 
2022 

Tru-
jillo, 
2025 

Gom
ez 
Ros
si, 
2022 

Du, 
2024 

Mark
a, 
202 

Score (indiv. Studies) 61% 76% 68% 76% 66% 71% 74% 76% 74% 66% 61% 68% 68% 71% 50% 58% 63% 68% 71% 66% 78% 
 
 
Table A3.3: Philips checklist   

 Ah-
sen 
2025 

Bor-
soi, 
2024 

Hill, 
2024  

Mital
, 
2022 

Var-
gas, 
2023  

She
n, 
2023 

Ad-
ams, 
2021  

Bark
un, 
2023 

Bust
ama
nte-
Balé
n, 
2025 

Kac
ew, 
2021 

Mori, 
2020  

Ar-
iea, 
2022 

Li-
bani
o, 
2024 

Yon
azu, 
2023  

Gen
g, 
2025  

Hua
ng, 
2025 

Zieg
elma
yer, 
2022 

Tru-
jillo, 
2025 

Gom
ez 
Ros
si, 
2022 

Du, 
2024 

Mark
a, 
202 

Statement of decision prob-
lem/objective 

Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 
Statement of scope/perspective 

Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 
Rationale for structure 

N  Y Y Y Y Y N Y Y Y Y Y Y Y Y Y Y Y Y Y Y 
structural assumptions 

Y Y Y Y Y Y Y Y Y Y Y Y Y Y N N N Y Y Y Y 
Strategies/comparators 

Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 
Model type 

Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 
Time horizon 

N  Y Y Y N Y Y Y Y Y N Y Y Y N  N Y Y Y Y Y 
Disease states/pathways 

N  Y Y Y Y Y N Y Y Y N Y Y Y Y Y Y Y Y Y Y 
Cycle length 

N  N N Y N N N Y Y N N  Y Y N N N N Y Y N N 
Data identification 

Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 
Data modelling 

N Y Y Y Y Y N Y Y Y N Y Y Y Y N Y Y Y N Y 
Baseline data 

N Y N N N Y Y Y Y Y Y Y Y Y Y Y Y Y N N Y 
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 Ah-
sen 
2025 

Bor-
soi, 
2024 

Hill, 
2024  

Mital
, 
2022 

Var-
gas, 
2023  

She
n, 
2023 

Ad-
ams, 
2021  

Bark
un, 
2023 

Bust
ama
nte-
Balé
n, 
2025 

Kac
ew, 
2021 

Mori, 
2020  

Ar-
iea, 
2022 

Li-
bani
o, 
2024 

Yon
azu, 
2023  

Gen
g, 
2025  

Hua
ng, 
2025 

Zieg
elma
yer, 
2022 

Tru-
jillo, 
2025 

Gom
ez 
Ros
si, 
2022 

Du, 
2024 

Mark
a, 
202 

Treatment effects 
N Y Y Y Y Y N Y Y Y Y Y Y Y N Y Y Y Y Y Y 

Costs 
Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

Quality of life weights (utilities) 
N  Y Y Y Y Y N Y Y N N N Y Y N  N Y Y Y N Y 

Data incorporation 
Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y 

Assessment of uncertainty 
N  Y Y Y Y Y N Y Y N N Y Y Y N N Y Y Y N Y 

Methodological  
N/A  Y N N N N N N Y N/A N/A Y N N N/A N/A N N Y N/A Y 

Structiral  
N/A  Y N N N Y N N Y N/A N/A N N N N/A N/A N N Y N/A Y 

Heterogeneity 
N/A  Y N N N N N N N N/A N/A N N N N/A N/A N N N N/A N 

Parameter  
N/A  Y Y Y Y Y N Y Y N/A N/A Y Y Y N/A N/A Y Y Y N/A Y 

Internal consistency  
 NA  Y Y Y Y Y Y Y Y N Y Y Y Y N Y Y Y N  Y 

External consistency  
 NA  Y Y N Y N Y Y Y N Y Y Y Y N  N Y N N N 
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Appendix 4 
Nil 
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Appendix 5 
Figure A5.1: Preferences among healthcare professionals (Ethics approval) 

Production Note:
Signature removed prior to publication.
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Figure A5.2: A checklist for conjoint analysis application in health care.

 

Source: Table 1 p 406, Bridges et al 2011 (Bridges et al. 2011) 
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Figure A5.3: DCE 1: Preferences among healthcare professionals (survey screenshots)   
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Appendix 6  
 
Table A6.1: Results of scoping review  

Author Location Method N Population Concept/Objective  Context 
Fischer et 
al. 2023 

Germany DCE Pro-
tocol 

NR Patient with 
stroke vs 
general pop-
ulation 

To describe the development of a discrete choice experiment (DCE) to weigh criteria that 
impact patient and public acceptance for DHIs 

Stroke 

Xie et al 
2023 

China DCE 561 General 
population 

To examine the influence of health app attributes and sociodemographic characteristics 
on consumers’ willingness to purchase health apps, and how the value of the health app 
attributes varies for individuals with different sociodemographic characteristics. 

Healthcare 

Liu et al. 
2021 

China DCE 767 General 
population 

To visualise and measure patients’ heterogeneous preferences from various angles of AI 
diagnosis versus clinicians in the context of the COVID-19 epidemic in China. 

COVID-19 

Esmaeil-
zadeh et 
al. 2020 

USA Survey 307 General 
population 

To examine the perceived benefits and risks of AI medical devices with clinical decision 
support (CDS) features from consumers’ perspectives. 

Healthcare 

Robertson 
et al. 2023 

USA DCE 2675 Patients; 
general pop-
ulation 

Tested for the impact (association) of demographic and attitudinal variables (e.g. trust in 
AI) on preference for AI vs human provider 

Leukemia, 
Sleep apnoea 

Poulos et 
al. 2023 

USA DCE 171 Patients with 
heart failure 

To measure the preferences for use of AI in UL imaging; to examine patients’ tolerance 
for different levels of diagnostic performance in exchange for changes in echo administra-
tion and interpretation. 

Ultrasound im-
aging 

Parry et 
al. 2023 

USA Survey 397 Orthopaedic 
patients 

To investigate the patient opinion on the use of Artificial Intelligence (AI) in Orthopaedics. Orthopaedics 

Haan et 
al. 2019 

Netherlands Semi-
structured 
Interviews 

20 Patients To understanding of the patient’s level of knowledge of AI and to explore the meanings 
patients ascribe to key topics, such as radiology and AI; domains related to patients’ per-
spective on the use of AI in radiology 

Radiology  

Young et 
al. 2021 

NA SLR 23 stud-
ies 

Patients and 
general pop-
ulation 

To investigate attitudes toward clinical AI (either hypothetical or realised), Healthcare 

Richard-
son et al. 
2021 

USA Focus 
groups 

15 focus 
groups/ 
87 par-
ticipants 

General 
population 

To understand how patients view the use of AI in their healthcare; o characterise the 
range of patient opinions about emerging AI applications in healthcare 

Healthcare 
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Author Location Method N Population Concept/Objective  Context 
Fritsch et 
al. 2022 

Germany Question-
naire 

452 Patients To investigate the perception of artificial intelligence in healthcare Healthcare 

Khullar et 
al.2022 

USA Survey 926 General 
population 

To investigate general public attitudes towards application in specific areas ( chest x ray, 
pneumonia, antibiotics, cancer diagnosis, message delivery (telling you that you have 
cancer); attitude to impact of AI on healthcare 

Healthcare 

Vo et al. 
2023 

NA SLR 105 Patients, 
General 
population, 
HCP 

To investigate attitudes toward AI in healthcare Healthcare 

Jeya-
kumar et 
al. 2023 

Canada Semi-
structured 
Interviews 

12 Patients To explore patients’ views on what skills they believe health care professionals should 
have in preparation for this AI-enabled future and how we can better engage patients 
when adopting and deploying AI technologies in health care settings. 

Healthcare 

Plough et 
al. 2021 

Danish Choice 
based 
conjoint 
survey 

1027 General 
population 

To investigate the public’s preferences for the performance and explainability of AI deci-
sion making in health care and determined whether these preferences depend on re-
spondent characteristics, including trust in health and technology and fears and hopes re-
garding AI 

Healthcare 

Cinalioglu 
et al. 2023 

Canada Survey 12052 General 
population 

To explore differences between younger versus older Canadians with regard to the level 
of comfort and perceptions around the adoption and use of AI in health care settings 

Healthcare 

Racine et 
al. 2024 

UK Canada Inter-
vuiews 

40 HCP and 
parents 

To explore the perspectives of HCPs and parents regarding the use of AI for pain assess-
ment in the NICU 

Neonatal inten-
sive care unit 
(NICU) 

Queralt 
Miró Cata-
lina et al. 
2023 

Spain Survey 379 General 
population 

To describe the population’s perception and knowledge of the use of AI as a health sup-
port tool and its application to radiology 

Radiology 

Wang et 
al. 2023 

USA Survey 222 Patients To examine the factors that affect the motivation of patients with chronic diseases to 
adopt AI-based home care systems 

Chronic dis-
eases 

Gould et 
al. 2023 

Australia (st 
Vincent's 
Hospital, 
Melbourne) 

Interviews 20 Patients To explore the understanding and attitudes of patients who underwent knee replacement 
surgery regarding AI in the context of risk prediction for shared clinical decision-making. 

Surgery 

Aggraval 
et al. 2021 

UK Survey 408 Patients To understand the perspectives and viewpoints of patients regarding the use of their 
health data in AI research. 

Healthcare 

Gao et al. 
2020 

China Social 
media 
post anal-
ysis 

2315 General 
population 

To explore the public perception of AI in medical care through a content analysis of social 
media data, including specific topics that the public is concerned about; public attitudes 
toward AI in medical care and the reasons for them; and public opinion on whether AI can 
replace human doctors. 

Healthcare 
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Author Location Method N Population Concept/Objective  Context 
Beets et 
al. 2023 

USA SLR 11 na-
tionally 
repre-
senta-
tive sur-
veys 

General 
population 

To investigate public attitudes toward AI in health care and reveals the challenges and op-
portunities for more effective and inclusive engagement on the use of AI in health settings 

Healthcare 

Chew et 
al. 2022 

NA Scoping 
review 

26 stud-
ies 

Various pop-
ulation 

To provide an overview of the perceptions and needs of AI to increase its adoption in 
health care. 

Various context 

Couture et 
al. 2023 

Canada Survey 21 General 
population 
and experts 

To explore the perspectives and attitudes of citizens and experts regarding the ethics of 
AI in population health, the engagement of citizens in AI governance, and the potential of 
a digital app to foster citizen engagement. 

Healthcare  
 

Ho et al. 
2023 

USA Survey 14 Physicians 
and patients 

To evaluate barriers and facilitators to the implementation of a novel machine learning–
based screening tool for PAD among physician and patient stakeholders using the Con-
solidated Framework for Implementation Research (CFIR). 

Cardiology 

Hölgyesi 
et al. 2024 

Hungary WTP 1400 Patients and 
physicians 

To assess social preferences for two different advanced digital health technologies and 
investigate the contextual dependency of the preferences. 

surgery 

Stai et al. 
2020 

USA Survey 264 General 
population 

To understand better the public perception and comprehension of medical technology 
such as artificial intelligence (AI) and robotic surgery. 

Robotic surgery 

Carter et 
al. 2023 

Australia Focus 
groups 
(n=8) 

50 Women To understand women's values regarding the use of AI to read mammograms in breast 
cancer screening. 

Breast cancer 
screening 
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Table A6.2: Respondents country of birth: other than Australia and New Zealand (N=533) 

Country of birth  Frequency (n, %) 
Brazil 1 (<1) 
China 9 (1.6) 
England 10 (1.8) 
Fiji 2 (<1) 
Germany 4 (<1) 
Hong Kong 1 (<1) 
Hungary 1 (<1) 
India 5 (<1) 
Indonesia 2 (<1) 
Ireland 1 (<1) 
Latvia 1 (<1) 
Lebanon 1 (<1) 
Malaysia 2 (<1) 
Malta 3 (<1) 
Netherlands 1 (<1) 
New Caledonia 1 (<1) 
Northern Ireland 1 (<1) 
Pakistan 2 (<1) 
Philippines 3 (<1) 
Scotland 4 (<1) 
Singapore 1 (<1) 
South Africa 3 (<1) 
South East Asia 1 (<1) 
South Korea 1 (<1) 
Sweden 1 (<1) 
United Kingdom 5 (<1) 
United Arab Emirates 1 (<1) 
URUGUAY 1 (<1) 
USA 3 (<1) 
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Figure A6.2: Preferences among Australian general population (Ethics approval) 

Production Note:
Signature removed prior to publication.
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Figure A6.3: Preferences among Australian general population (survey screenshots)  
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The letter to the editor and the authors response relating to the publication of work pre-
sented in Chapter 6 in Value in Health are presented below. 
 
Figure A6.4: The letter to the editor of Value in Health and the authors response 
 

 
!"##"$%#&%"D(#&$F*+, !"#A%&'()*H*I-./H

0-12



232 

 

  

 



233 

 

  

Appendix 7 
Table A7.1: BWS results: count analysis  

Initiative Best Worst MaxDiff No times each item occurred Rescaled 
19 369 82 287 915 0.31 
1 336 116 220 1007 0.22 
0 332 136 196 1145 0.17 
18 268 117 151 912 0.17 
56 262 114 148 913 0.16 
41 247 107 140 914 0.15 
30 250 115 135 913 0.15 
28 258 132 126 914 0.14 
31 259 138 121 915 0.13 
48 233 113 120 914 0.13 
42 259 146 113 913 0.12 
39 228 129 99 913 0.11 
29 225 138 87 914 0.10 
35 258 172 86 913 0.09 
14 228 143 85 911 0.09 
17 215 130 85 913 0.09 
34 238 155 83 913 0.09 
51 225 146 79 913 0.09 
79 241 148 93 1097 0.08 
47 214 137 77 913 0.08 
32 223 147 76 914 0.08 
21 199 143 56 912 0.06 
43 217 161 56 915 0.06 
16 236 181 55 914 0.06 
23 189 143 46 912 0.05 
20 221 176 45 913 0.05 
8 192 149 43 912 0.05 
54 192 151 41 913 0.04 
61 203 164 39 914 0.04 
57 199 163 36 914 0.04 
44 174 153 21 914 0.02 
11 176 159 17 911 0.02 
5 174 157 17 959 0.02 
64 173 161 12 914 0.01 
2 187 179 8 999 0.01 
59 165 159 6 912 0.01 
69 186 180 6 914 0.01 
4 213 209 4 1004 0.00 
27 175 174 1 912 0.00 
53 181 182 -1 913 0.00 
37 189 191 -2 915 0.00 
78 186 188 -2 913 0.00 
6 190 194 -4 1005 0.00 
33 160 168 -8 912 -0.01 
58 173 182 -9 913 -0.01 
63 171 189 -18 914 -0.02 
13 156 175 -19 913 -0.02 
25 177 201 -24 914 -0.03 
55 166 196 -30 914 -0.03 
7 123 154 -31 915 -0.03 
76 138 177 -39 914 -0.04 
62 146 187 -41 914 -0.04 
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Initiative Best Worst MaxDiff No times each item occurred Rescaled 
38 142 184 -42 915 -0.05 
22 166 209 -43 915 -0.05 
9 138 184 -46 912 -0.05 
46 126 173 -47 914 -0.05 
52 140 189 -49 913 -0.05 
49 143 194 -51 913 -0.06 
72 143 197 -54 914 -0.06 
60 152 207 -55 914 -0.06 
45 123 187 -64 913 -0.07 
10 132 199 -67 913 -0.07 
15 116 186 -70 912 -0.08 
12 125 201 -76 912 -0.08 
74 171 248 -77 913 -0.08 
75 136 244 -108 1005 -0.11 
36 146 248 -102 913 -0.11 
65 174 286 -112 913 -0.12 
40 122 240 -118 914 -0.13 
68 113 233 -120 914 -0.13 
73 157 284 -127 913 -0.14 
24 137 266 -129 913 -0.14 
67 167 297 -130 915 -0.14 
50 102 233 -131 914 -0.14 
66 149 292 -143 914 -0.16 
71 133 277 -144 912 -0.16 
3 128 295 -167 912 -0.18 
26 113 282 -169 913 -0.19 
77 87 305 -218 913 -0.24 
70 120 349 -229 913 -0.25 

 
Table A7.2: BWS results based on 15 items ranked as best, 15 items ranked as worst and 15 items ranked as me-
dian from the original MNL model with all items and with item 19 used as a base item 

Initiative Description  Mean (SE) 

0 
Create secure national system for safely sharing health-related documents like clini-

cal notes 0.43 (0.05) *** 

1 
Make sure information about health care providers and health services is always 

current and easy to access 0.55 (0.05) *** 

2 
Assist residential aged care facilities in connecting to the online health record sys-

tem, My Health Record 0.02 (0.05)  
3 Roll out a national newborn enrolment system that connects to government services -0.48 (0.05) *** 

4 
Make the use of electronic referrals, transfers of care and discharge summaries 

business as usual -0.01 (0.05)  

5 
Update healthcare provider systems to strengthen and support electronic prescrib-

ing 0.02 (0.05)  

6 
Help aged care software developers to align with My Health Record and the Aged 

Care Transfer Summary -0.03 (0.05)  

11 
Improve digital health skills of the health and care workforce in residential aged care 

facilities 0.03 (0.05)  
14 Make it easier for primary care providers to share information and access data 0.22 (0.05) *** 

17 
Create accurate terms and standardised rules to ensure systems work well across 

healthcare settings 0.23 (0.05) *** 

18 
Set standards for sharing health data with consistent rules to make it easier to share 

health information across systems 0.4 (0.05) *** 
24 Involve consumers in the design and delivery of digital health literacy programs  -0.37 (0.05) *** 
26 Undertake research on the effectiveness of digital health literacy programs  -0.48 (0.05) *** 

28 
Build a system to allow real time sharing of  health information safely across care 

settings nationally  0.33 (0.05) *** 
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Initiative Description  Mean (SE) 

29 
Enable consumers, carers and healthcare providers to access key aged care infor-

mation in My Health Record 0.23 (0.05) *** 

30 
Enable key health information to be easily shared to support transfer of care be-

tween residential aged care and hospitals  0.36 (0.05) *** 

31 
Support clinicians and pharmacists to track and manage medicines and prescrip-

tions in real time 0.32 (0.05) *** 

33 
Develop and expand operational support for electronic prescribing including incident 

management support -0.04 (0.05)  

35 
Add new features to My Health App to better support consumers e.g., electronic 

prescriptions and test results  0.22 (0.05) *** 
36 Involve consumers in improving tools like My Health Record and My Health App -0.3 (0.05) *** 

37 
Assist physiotherapists, dietitians, and other allied health providers in sharing their 

records on My Health Record -0.02 (0.05)  

39 
Connect hospital clinical information systems to the National Health Information ex-

change  0.26 (0.05) *** 

40 
Allow pregnancy and child health information to be shared and accessed through 

national digital systems  -0.34 (0.05) *** 

41 
Improve systems to allow medicines information to be accessed and shared through 

My Health Record  0.37 (0.05) *** 

42 
Automatically share information to support multidisciplinary care, including aged 

care and GP management plans 0.3 (0.05) *** 

44 
Develop legislation to allow health information sharing across care setting and bor-

ders 0.05 (0.05)  

48 
Ensure provider details in health care provider directories are accurate and kept up 

to date 0.31 (0.05) *** 
50 Evaluate virtual care and policy tools that support team based multidisciplinary care.  -0.38 (0.05) *** 

53 
Create systems that let healthcare providers to collect and display health infor-

mation from personal devices securely -0.02 (0.05)  
56 Create better systems to help people access mental health services 0.4 (0.05) *** 

58 
Improve digital tools to support team-based care for people registered with MyMedi-

care -0.04 (0.05)  
59 Support development of new digital health standards for emerging technologies 0 (0.05)  

64 
Develop analysis and governance systems to allow health data to be safely used for 

health research 0.01 (0.05)  

65 
Australia to take part in discussion to harmonise global health technology standards 

and products and to reduce costs  -0.32 (0.05) *** 
66 Australia to cooperate internationally to improve secure digital health systems -0.41 (0.05) *** 

67 
Ensure Aboriginal and Torres Strait Islander communities can access data held by 

government and other relevant entities to support local decision making -0.37 (0.05) *** 

68 
Support the use of exploratory and simulation research activities to evaluate digital 

health solutions -0.35 (0.05) *** 

69 
Harmonise relevant policy and legislation across jurisdictions to support the secure 

use of and access to health information 0 (0.05)  
70 Get ready for new technologies like AI and genomics in healthcare -0.65 (0.05) *** 

71 
Improve national and local digital health systems to allow for use of AI, machine 

learning, and genomics -0.41 (0.05) *** 

73 
Identify healthcare opportunities and risks arising from whole-of economy ap-

proaches to regulating AI -0.37 (0.05) *** 
75 Help set up systems for sharing data like genomics and for My Health Record -0.27 (0.05) *** 
77 Participate in evaluations and provide feedback on experiences of digital health -0.62 (0.05) *** 

78 
Help consumers and healthcare providers to understand and use digital health to 

improve care -0.01 (0.05)  
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Table AAppendix 7.3: Latent class logit results: comparison of models with 2 classes across different software 
packages (N=548) 

 R studio Latent Gold  Stata  

Item 

Class 1 
(Mean, SE) 

Class 2 
(Mean, SE) 

Class 1 
(Mean, SE) 

Class 2 (Mean, 
SE) 

Class 1 
(Mean, 

SE) 

Class 2 
(Mean, 

SE) 
Class membership 

(%) 
65.05 34.95 65.38 34.62 65.00 35.00 

0 -0.37 (0.09) *** -0.38 (0.14) ** 2.77 (0.12) *** 3.65 (0.19) *** -0.12 0.32 
1 -0.26 (0.09) ** -0.21 (0.15)  2.76 (0.12) *** 3.56 (0.19) *** -0.01 0.49 
2 -0.75 (0.09) *** -0.89 (0.15) *** 2.02 (0.12) *** 2.72 (0.19) *** -0.50 -0.18 
3 -0.98 (0.1) *** -2 (0.16) *** 1.6 (0.12) *** 1.38 (0.19) *** -0.73 -1.30 
4 -0.69 (0.09) *** -1.11 (0.15) *** 1.98 (0.12) *** 2.4 (0.2) *** -0.44 -0.41 
5 -0.78 (0.1) *** -0.84 (0.15) *** 1.83 (0.12) *** 2.58 (0.19) *** -0.53 -0.14 
6 -0.57 (0.09) *** -1.42 (0.15) *** 2.02 (0.12) *** 1.85 (0.18) *** -0.32 -0.72 
7 -0.72 (0.1) *** -1.32 (0.15) *** 1.82 (0.12) *** 1.87 (0.18) *** -0.47 -0.62 
8 -0.6 (0.1) *** -0.91 (0.15) *** 1.85 (0.12) *** 2.44 (0.19) *** -0.35 -0.21 
9 -0.72 (0.1) *** -1.48 (0.15) *** 1.7 (0.12) *** 1.56 (0.18) *** -0.47 -0.78 
10 -0.7 (0.1) *** -1.69 (0.15) *** 1.67 (0.12) *** 1.29 (0.17) *** -0.45 -0.99 
11 -0.51 (0.1) *** -1.34 (0.15) *** 1.86 (0.11) *** 1.69 (0.17) *** -0.26 -0.64 
12 -0.58 (0.1) *** -2.02 (0.15) *** 1.72 (0.12) *** 0.91 (0.18) *** -0.33 -1.32 
13 -0.66 (0.1) *** -1.36 (0.15) *** 1.53 (0.11) *** 1.66 (0.17) *** -0.41 -0.66 
14 -0.63 (0.1) *** -0.49 (0.15) *** 1.56 (0.11) *** 2.57 (0.17) *** -0.38 0.21 
15 -0.76 (0.1) *** -1.62 (0.15) *** 1.38 (0.11) *** 1.14 (0.17) *** -0.51 -0.92 
16 -0.59 (0.1) *** -0.83 (0.15) *** 1.51 (0.12) *** 2.07 (0.19) *** -0.34 -0.13 
17 -0.38 (0.1) *** -1.03 (0.15) *** 1.72 (0.11) *** 1.68 (0.16) *** -0.13 -0.33 
18 -0.25 (0.1) ** -0.7 (0.15) *** 1.81 (0.11) *** 2.01 (0.17) *** 0.25 0.72 

19 Base level Base level 2.01 (0.11) *** 2.74 (0.17) *** 
Base 
level 

Base 
level 

20 -0.73 (0.1) *** -0.66 (0.15) *** 1.16 (0.11) *** 2.09 (0.18) *** -0.48 0.04 
21 -0.48 (0.1) *** -1.06 (0.15) *** 1.44 (0.11) *** 1.58 (0.17) *** -0.22 -0.35 
22 -0.68 (0.1) *** -1.5 (0.15) *** 1.1 (0.11) *** 1.02 (0.16) *** -0.43 -0.80 
23 -0.42 (0.1) *** -1.26 (0.15) *** 1.39 (0.11) *** 1.22 (0.16) *** -0.17 -0.56 
24 -0.77 (0.1) *** -2.08 (0.15) *** 0.98 (0.11) *** 0.25 (0.17) -0.52 -1.38 
25 -0.55 (0.1) *** -1.65 (0.15) *** 1.18 (0.11) *** 0.71 (0.16) *** -0.30 -0.94 
26 -0.77 (0.1) *** -2.43 (0.16) *** 0.97 (0.11) *** -0.09 (0.16) -0.52 -1.73 
27 -0.43 (0.1) *** -1.63 (0.15) *** 1.23 (0.11) *** 0.77 (0.16) *** -0.18 -0.93 
28 -0.55 (0.1) *** -0.28 (0.15) . 1.08 (0.1) *** 2.02 (0.16) *** -0.30 0.42 
29 -0.53 (0.1) *** -0.71 (0.15) *** 1.03 (0.1) *** 1.62 (0.15) *** -0.28 -0.01 
30 -0.45 (0.1) *** -0.42 (0.15) ** 1.1 (0.11) *** 1.83 (0.16) *** -0.19 0.28 
31 -0.55 (0.1) *** -0.3 (0.15) . 0.9 (0.1) *** 1.97 (0.17) *** -0.30 0.40 
32 -0.45 (0.1) *** -0.96 (0.15) *** 1.01 (0.1) *** 1.21 (0.15) *** -0.20 -0.26 
33 -0.65 (0.1) *** -1.31 (0.15) *** 0.77 (0.1) *** 0.82 (0.15) *** -0.40 -0.61 
34 -0.5 (0.1) *** -0.78 (0.15) *** 0.84 (0.1) *** 1.4 (0.16) *** -0.25 -0.08 
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 R studio Latent Gold  Stata  

Item 

Class 1 
(Mean, SE) 

Class 2 
(Mean, SE) 

Class 1 
(Mean, SE) 

Class 2 (Mean, 
SE) 

Class 1 
(Mean, 

SE) 

Class 2 
(Mean, 

SE) 
Class membership 

(%) 
65.05 34.95 65.38 34.62 65.00 35.00 

35 -0.73 (0.1) *** -0.3 (0.15) . 0.6 (0.11) *** 1.81 (0.18) *** -0.47 0.40 
36 -0.82 (0.1) *** -1.74 (0.16) *** 0.51 (0.11) *** 0.21 (0.16) -0.57 -1.04 
37 -0.76 (0.1) *** -0.93 (0.15) *** 0.43 (0.1) *** 1.23 (0.16) *** -0.51 -0.24 
38 -0.7 (0.1) *** -1.45 (0.15) *** 0.55 (0.1) *** 0.52 (0.15) -0.45 -0.75 
39 -0.55 (0.1) *** -0.51 (0.15) *** 0.64 (0.1) *** 1.45 (0.16) *** -0.30 0.19 
40 -0.9 (0.1) *** -1.72 (0.16) *** 0.22 (0.1) * 0.25 (0.15) -0.65 -1.02 
41 -0.44 (0.1) *** -0.42 (0.15) ** 0.7 (0.1) *** 1.44 (0.15) *** -0.19 0.28 
42 -0.56 (0.1) *** -0.41 (0.15) ** 0.52 (0.1) *** 1.44 (0.15) *** -0.31 0.29 
43 -0.51 (0.09) *** -1 (0.15) *** 0.56 (0.1) *** 0.79 (0.15) *** -0.26 -0.30 
44 -0.63 (0.1) *** -1.05 (0.15) *** 0.4 (0.1) *** 0.72 (0.15) *** -0.38 -0.35 
45 -0.8 (0.1) *** -1.43 (0.15) *** 0.24 (0.1) ** 0.32 (0.15) * -0.55 -0.73 
46 -0.73 (0.1) *** -1.46 (0.15) *** 0.25 (0.1) ** 0.31 (0.15) * -0.47 -0.76 
47 -0.4 (0.1) *** -1.04 (0.15) *** 0.56 (0.1) *** 0.57 (0.15) *** -0.15 -0.34 
48 -0.45 (0.1) *** -0.58 (0.15) *** 0.46 (0.1) *** 1.01 (0.15) *** -0.20 0.13 
49 -0.77 (0.1) *** -1.42 (0.15) *** 0.14 (0.1) 0.17 (0.15) -0.52 -0.71 
50 -0.8 (0.1) *** -2.05 (0.15)*** 0.07 (0.1) -0.47 (0.15) ** -0.55 -1.35 
51 -0.46 (0.1) *** -0.92 (0.15)*** 0.37 (0.1) *** 0.64 (0.15) *** -0.20 -0.22 
52 -0.63 (0.1) *** -1.68 (0.15)*** 0.16 (0.1) -0.18 (0.15) -0.38 -0.98 
53 -0.62 (0.1) *** -1.29 (0.15)*** 0.11 (0.1) 0.22 (0.15) -0.37 -0.59 
54 -0.44 (0.1) *** -1.27 (0.15)*** 0.29 (0.1) *** 0.16 (0.14) -0.19 -0.57 
55 -0.74 (0.1) *** -1.29 (0.15)*** -0.04 (0.1) 0.03 (0.14) -0.49 -0.58 
56 -0.4 (0.1) *** -0.42 (0.15)** 0.24 (0.09) ** 0.84 (0.15) *** -0.15 0.28 
57 -0.72 (0.1) *** -0.77 (0.15)*** -0.1 (0.1) 0.51 (0.14) *** -0.47 -0.07 
58 -0.66 (0.1) *** -1.25 (0.15)*** -0.1 (0.09) 0.1 (0.14) -0.41 -0.55 
59 -0.48 (0.1) *** -1.5 (0.15)*** 0.04 (0.09) -0.15 (0.14) -0.22 -0.80 
60 -0.81 (0.1) *** -1.36 (0.15)*** -0.3 (0.09) *** 0 (0.14) -0.56 -0.66 
61 -0.48 (0.1) *** -1.2 (0.15)*** 0.01 (0.1) 0.06 (0.15) -0.23 -0.50 
62 -0.59 (0.1) *** -1.67 (0.15)*** -0.15 (0.09) -0.37 (0.14) * -0.38 -0.97 
63 -0.6 (0.1) *** -1.48 (0.15)*** -0.2 (0.09) -0.25 (0.14) -0.35 -0.78 
64 -0.52 (0.1) *** -1.39 (0.15)*** -0.16 (0.09) -0.2 (0.14) -0.27 -0.68 
65 -0.56 (0.1) *** -2.37 (0.15)*** -0.21 (0.09) -1.11 (0.14) *** -0.31 -1.67 
66 -0.54 (0.1) *** -2.69 (0.17)*** -0.24 (0.1) ** -1.36 (0.15) *** -0.29 -1.99 
67 -0.8 (0.1) *** -2.02 (0.16)*** -0.57 (0.09) *** -0.77 (0.15) *** -0.55 -1.32 
68 -0.73 (0.1) *** -2.1 (0.15)*** -0.49 (0.09) *** -0.86 (0.14) -0.48 -1.40 
69 -0.6 (0.1) *** -1.26 (0.14)*** -0.37 (0.09) *** -0.34 (0.14) -0.35 -0.56 
70 -0.95 (0.1) *** -2.62 (0.16)*** -0.8 (0.09) *** -1.37 (0.15) *** -0.70 -1.92 
71 -0.72 (0.1) *** -2.29 (0.16)*** -0.64 (0.09) *** -1.1 (0.15) *** -0.47 -1.59 
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 R studio Latent Gold  Stata  

Item 

Class 1 
(Mean, SE) 

Class 2 
(Mean, SE) 

Class 1 
(Mean, SE) 

Class 2 (Mean, 
SE) 

Class 1 
(Mean, 

SE) 

Class 2 
(Mean, 

SE) 
Class membership 

(%) 
65.05 34.95 65.38 34.62 65.00 35.00 

72 -0.59 (0.1) *** -1.81 (0.15)*** -0.47 (0.09) *** -0.84 (0.14) *** -0.33 -1.11 
73 -0.79 (0.1) *** -2.04 (0.15)*** -0.78 (0.09) *** -1 (0.14) *** -0.53 -1.34 
74 -0.62 (0.1) *** -1.94 (0.15)*** -0.67 (0.09) *** -0.98 (0.14) *** -0.37 -1.24 
75 -0.86 (0.09) *** -1.58 (0.15)*** -0.82 (0.09) *** -0.65 (0.14) *** -0.61 -0.88 
76 -0.63 (0.1) *** -1.6 (0.15)*** -0.66 (0.09) *** -0.77 (0.14) *** -0.38 -0.90 
77 -0.97 (0.1) *** -2.45 (0.15)*** -0.97 (0.09) *** -1.46 (0.15) *** -0.72 -1.75 
78 -0.6 (0.1) *** -1.32 (0.15)*** -0.69 (0.09) *** -0.64 (0.14) *** -0.3 -0.62 
79 -0.47 (0.09) *** -0.95 (0.14)*** -0.71 (1000) -0.39 (1000) -0.221 -0.24 

 

Table A7.4: BWS results: count analysis, MNL model (base case item 19) (N=548); excluding quick completers 
Item Item description Theme MNL 

Mean (SE) 

70 
Get ready for new technologies like AI and genomics in 
healthcare Data-driven  -1.45 (0.08) *** 

77 
Participate in evaluations and provide feedback on experiences 
of digital health Data-driven  -1.41 (0.08) *** 

26 
Undertake research on the effectiveness of digital health liter-
acy programs  Person-centred -1.28 (0.08) *** 

3 
Roll out a national newborn enrolment system that connects to 
government services Digitally enabled  -1.27 (0.08) *** 

71 
Improve national and local digital health systems to allow for 
use of AI, machine learning, and genomics Data-driven  -1.2 (0.08) *** 

66 
Australia to cooperate internationally to improve secure digital 
health systems Data-driven  -1.2 (0.08) *** 

50 
Evaluate virtual care and policy tools that support team based 
multidisciplinary care.  Inclusive  -1.17 (0.08) *** 

24 
Involve consumers in the design and delivery of digital health 
literacy programs  Person-centred -1.17 (0.08) *** 

73 
Identify healthcare opportunities and risks arising from whole-of 
economy approaches to regulating AI Data-driven  -1.16 (0.08) *** 

67 

Ensure Aboriginal and Torres Strait Islander communities can 
access data held by government and other relevant entities to 
support local decision making Data-driven  -1.16 (0.08) *** 

68 
Support the use of exploratory and simulation research activi-
ties to evaluate digital health solutions Data-driven  -1.14 (0.08) *** 

40 
Allow pregnancy and child health information to be shared and 
accessed through national digital systems  Person-centred -1.13 (0.08) *** 

65 
Australia to take part in discussion to harmonise global health 
technology standards and products and to reduce costs  Data-driven  -1.12 (0.08) *** 

36 
Involve consumers in improving tools like My Health Record 
and My Health App Person-centred -1.09 (0.08) *** 

75 
Help set up systems for sharing data like genomics and for My 
Health Record Data-driven  -1.06 (0.07) *** 

74 
Support and regulate use of new medical technology including 
bioinformatics, AI and mixed reality in healthcare settings  Data-driven  -1.02 (0.08) *** 

12 
Develop guidelines and resources for digital health learning, 
education and practice Digitally enabled  -1.01 (0.08) *** 
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Item Item description Theme MNL 
Mean (SE) 

15 
Build digital tools that support healthcare providers in their 
training and career paths Digitally enabled  -1.01 (0.08) *** 

10 
Develop a framework to help organisations ensure their health 
workforce is digital health ready  Digitally enabled  -0.99 (0.08) *** 

45 
Implement systems to store and manage healthcare provider 
details Person-centred -0.98 (0.08) *** 

60 
Align digital health plans and activities across national, state, 
territory Closing the Gap Implementation Plans  Inclusive  -0.95 (0.08) *** 

72 
Monitor and identify emerging data sources and technology that 
support healthcare Data-driven  -0.95 (0.08) *** 

49 
Provide digital tools to support expanded delivery of home-
based care Inclusive  -0.95 (0.08) *** 

52 
Develop and design ways to support the sharing of health infor-
mation from personal devices Inclusive  -0.94 (0.08) *** 

9 Implement the National Digital Health Capability Action Plan  Digitally enabled  -0.94 (0.08) *** 

46 
Progress integration between the national digital identity solu-
tion  and healthcare systems Person-centred -0.93 (0.08) *** 

22 
Require electronic prescribing for expensive or high-risk medi-
cines by updating technology and rules Digitally enabled  -0.92 (0.08) *** 

62 
Research and share information about digital health care to 
help translate new models into clinical practice Data-driven  -0.91 (0.08) *** 

38 
Implement unique national healthcare identifiers for individuals 
and healthcare providers  Person-centred -0.91 (0.08) *** 

76 
Measure, monitor and report on changes in digital health to 
help plan for the future Data-driven  -0.91 (0.08) *** 

55 
Create rules and plans to safely use personal devices for shar-
ing health information Inclusive  -0.89 (0.08) *** 

7 
Standardise clinical information systems for residential aged 
care facilities Digitally enabled  -0.89 (0.08) *** 

25 
Work with consumers to design health tools that are easy to 
use and accessible Person-centred -0.88 (0.08) *** 

13 
Create an online platform to share and connect digital re-
sources for the health workforce Digitally enabled  -0.86 (0.08) *** 

63 
Collect and share patient reported experience and outcomes 
data to improve healthcare  Data-driven  -0.86 (0.08) *** 

33 
Develop and expand operational support for electronic prescrib-
ing including incident management support Person-centred -0.83 (0.08) *** 

58 
Improve digital tools to support team-based care for people reg-
istered with MyMedicare Inclusive  -0.83 (0.08) *** 

6 
Help aged care software developers to align with My Health 
Record and the Aged Care Transfer Summary Digitally enabled  -0.82 (0.07) *** 

53 
Create systems that let healthcare providers to collect and dis-
play health information from personal devices securely Inclusive  -0.81 (0.08) *** 

37 
Assist physiotherapists, dietitians, and other allied health pro-
viders in sharing their records on My Health Record Person-centred -0.81 (0.08) *** 

78 
Help consumers and healthcare providers to understand and 
use digital health to improve care Data-driven  -0.81 (0.08) *** 

4 
Make the use of electronic referrals, transfers of care and dis-
charge summaries business as usual Digitally enabled  -0.8 (0.07) *** 

27 
Make digital health literacy part of national safety and quality 
standards Person-centred -0.8 (0.08) *** 

59 
Support development of new digital health standards for emerg-
ing technologies Inclusive  -0.79 (0.08) *** 

69 
Harmonise relevant policy and legislation across jurisdictions to 
support the secure use of and access to health information Data-driven  -0.79 (0.08) *** 
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Item Item description Theme MNL 
Mean (SE) 

64 
Develop analysis and governance systems to allow health data 
to be safely used for health research Data-driven  -0.78 (0.08) *** 

2 
Assist residential aged care facilities in connecting to the online 
health record system, My Health Record Digitally enabled  -0.77 (0.07) *** 

5 
Update healthcare provider systems to strengthen and support 
electronic prescribing Digitally enabled  -0.77 (0.07) *** 

11 
Improve digital health skills of the health and care workforce in 
residential aged care facilities Digitally enabled  -0.76 (0.08) *** 

44 
Develop legislation to allow health information sharing across 
care setting and borders Person-centred -0.74 (0.08) *** 

57 
Make it easier to share information between the health and dis-
ability systems Inclusive  -0.71 (0.08) *** 

61 
Involve consumers who face barriers in using healthcare, and 
health and community groups, in design of digital health tools Inclusive  -0.69 (0.08) *** 

54 
Develop guidelines to support the sharing of health information 
from personal devices with healthcare providers Inclusive  -0.69 (0.08) *** 

20 
Develop a national system for online requests for blood tests 
and X-rays Digitally enabled  -0.68 (0.08) *** 

8 
Improve and update advance care planning documents to sup-
port end-of-life decisions and ongoing care preferences Digitally enabled  -0.68 (0.08) *** 

23 
Improve digital systems to collect, analyse, and use data from 
national health registries more effectively Digitally enabled  -0.68 (0.08) *** 

43 
Support secure information sharing by enhancing authentica-
tion services Person-centred -0.65 (0.08) *** 

16 
Modernise platforms like My Health Record to make them 
faster and easier to use Digitally enabled  -0.65 (0.08) *** 

21 
Require new healthcare technology to work well with existing 
systems Digitally enabled  -0.64 (0.08) *** 

79 
Make clinical quality registries more accessible and able to sup-
port patient-cantered care  Data-driven  -0.61 (0.07) *** 

32 

Develop and deliver systems to support electronic prescribing 
and electronic medicines charts for high risk and high costs 
medicines  Person-centred -0.6 (0.08) *** 

47 
Improve regulatory requirements to manage consent for access 
and use of patient health information  Person-centred -0.59 (0.08) *** 

51 
Build tools to improve and expand virtual care, particularly for 
remote and rural communities Inclusive  -0.58 (0.08) *** 

34 
Establish regulations for private and public healthcare providers 
to share information with My Health Record by default Person-centred -0.57 (0.08) *** 

35 
Add new features to My Health App to better support consum-
ers e.g., electronic prescriptions and test results  Person-centred -0.57 (0.08) *** 

14 
Make it easier for primary care providers to share information 
and access data Digitally enabled  -0.57 (0.08) *** 

29 
Enable consumers, carers and healthcare providers to access 
key aged care information in My Health Record Person-centred -0.56 (0.08) *** 

17 
Create accurate terms and standardised rules to ensure sys-
tems work well across healthcare settings Digitally enabled  -0.56 (0.08) *** 

39 
Connect hospital clinical information systems to the National 
Health Information exchange  Person-centred -0.53 (0.08) *** 

42 
Automatically share information to support multidisciplinary 
care, including aged care and GP management plans Person-centred -0.49 (0.08) *** 

48 
Ensure provider details in health care provider directories are 
accurate and kept up to date Person-centred -0.48 (0.08) *** 

31 
Support clinicians and pharmacists to track and manage medi-
cines and prescriptions in real time Person-centred -0.46 (0.08) *** 

28 
Build a system to allow real time sharing of  health information 
safely across care settings nationally  Person-centred -0.45 (0.08) *** 
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Item Item description Theme MNL 
Mean (SE) 

30 
Enable key health information to be easily shared to support 
transfer of care between residential aged care and hospitals  Person-centred -0.43 (0.08) *** 

41 
Improve systems to allow medicines information to be ac-
cessed and shared through My Health Record  Person-centred -0.42 (0.08) *** 

56 
Create better systems to help people access mental health ser-
vices Inclusive  -0.39 (0.08) *** 

18 
Set standards for sharing health data with consistent rules to 
make it easier to share health information across systems Digitally enabled  -0.38 (0.08) *** 

0 
Create secure national system for safely sharing health-related 
documents like clinical notes Digitally enabled  -0.36 (0.07) *** 

1 
Make sure information about health care providers and health 
services is always current and easy to access Digitally enabled  -0.24 (0.07) ** 

***p < 0.001;  
 
 
Table A7.5: Subgroup analyses 

Item 

Mean (SE) 
HCP (n=52) IT (n=52) Women 

(n=282) 
Men (n=265) Education 

(lower) (n=227) 
Education 
(higher) 
(n=320) 

0 -0.66 (0.24) ** -0.44 (0.24) . -0.38 (0.1) *** -0.32 (0.1) ** -0.34 (0.1) *** -0.39 (0.11) *** 
1 -1.07 (0.26) *** -0.37 (0.24) -0.26 (0.1) * -0.21 (0.11) * -0.3 (0.1) ** -0.17 (0.11)  
2 -1.27 (0.25) *** -0.87 (0.24) *** -0.86 (0.1) *** -0.67 (0.11) *** -0.78 (0.1) *** -0.78 (0.11) *** 
3 -1.51 (0.26) *** -1.25 (0.25) *** -1.41 (0.11) *** -1.13 (0.11) *** -1.45 (0.1) *** -1.06 (0.11) *** 
4 -1.49 (0.25) *** -0.86 (0.24) *** -0.89 (0.1) *** -0.7 (0.11) *** -1.02 (0.1) *** -0.55 (0.11) *** 
5 -1.32 (0.26) *** -0.65 (0.24) ** -0.91 (0.11) *** -0.62 (0.11) *** -0.85 (0.1) *** -0.68 (0.11) *** 
6 -1.19 (0.25) *** -0.68 (0.24) ** -0.91 (0.1) *** -0.72 (0.11) *** -0.92 (0.1) *** -0.71 (0.11) *** 
7 -1.39 (0.26) *** -0.74 (0.25) ** -0.93 (0.11) *** -0.83 (0.11) *** -0.99 (0.1) *** -0.78 (0.11) *** 
8 -0.96 (0.26) *** -0.56 (0.25) * -0.8 (0.11) *** -0.54 (0.11) *** -0.77 (0.1) *** -0.56 (0.11) *** 
9 -1.38 (0.26) *** -0.88 (0.25) *** -1 (0.11) *** -0.87 (0.11) *** -1.06 (0.1) *** -0.8 (0.11) *** 
10 -1.36 (0.26) *** -0.83 (0.25) *** -1.11 (0.11) *** -0.86 (0.11) *** -1.1 (0.1) *** -0.87 (0.11) *** 
11 -1.15 (0.26) *** -0.79 (0.24) ** -0.77 (0.11) *** -0.73 (0.11) *** -0.89 (0.1) *** -0.6 (0.11) *** 
12 -1.06 (0.26) *** -0.87 (0.24) *** -1.14 (0.11) *** -0.86 (0.11) *** -1.15 (0.1) *** -0.86 (0.11) *** 
13 -1.31 (0.26) *** -0.96 (0.25) *** -0.94 (0.11) *** -0.75 (0.11) *** -1.04 (0.1) *** -0.65 (0.11) *** 
14 -0.83 (0.26) ** -0.67 (0.24) ** -0.53 (0.11) *** -0.59 (0.11) *** -0.58 (0.1) *** -0.55 (0.11) *** 
15 -1.54 (0.26) *** -1.02 (0.24) *** -1.15 (0.11) *** -0.83 (0.11) *** -1.08 (0.1) *** -0.93 (0.11) *** 
16 -0.89 (0.26) *** -0.65 (0.25) ** -0.83 (0.11) *** -0.45 (0.11) *** -0.75 (0.1) *** -0.53 (0.11) *** 
17 -0.82 (0.26) ** -0.36 (0.25) -0.75 (0.11) *** -0.36 (0.11) *** -0.71 (0.1) *** -0.38 (0.11) *** 
18 -0.49 (0.26) . -0.48 (0.24) * -0.42 (0.11) *** -0.35 (0.11) ** -0.51 (0.1) *** -0.23 (0.11) * 
20 -1.04 (0.26) *** -0.88 (0.24) *** -0.76 (0.11) *** -0.6 (0.11) *** -0.74 (0.1) *** -0.62 (0.11) *** 
21 -0.87 (0.26) *** -0.85 (0.25) *** -0.74 (0.11) *** -0.55 (0.11) *** -0.71 (0.1) *** -0.57 (0.11) *** 
22 -1.5 (0.26) *** -0.85 (0.25) *** -1 (0.11) *** -0.82 (0.11) *** -1.05 (0.1) *** -0.77 (0.11) *** 
23 -1.41 (0.26) *** -0.45 (0.25) . -0.76 (0.11) *** -0.59 (0.11) *** -0.87 (0.1) *** -0.44 (0.11) *** 
24 -1.34 (0.26) *** -1.16 (0.25) *** -1.25 (0.11) *** -1.06 (0.11) *** -1.4 (0.1) *** -0.9 (0.11) *** 
25 -1.12 (0.26) *** -1.14 (0.25) *** -0.94 (0.11) *** -0.8 (0.11) *** -0.97 (0.1) *** -0.77 (0.11) *** 
26 -1.73 (0.26) *** -1.36 (0.25) *** -1.4 (0.11) *** -1.14 (0.11) *** -1.41 (0.1) *** -1.13 (0.11) *** 
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Item 

Mean (SE) 
HCP (n=52) IT (n=52) Women 

(n=282) 
Men (n=265) Education 

(lower) (n=227) 
Education 
(higher) 
(n=320) 

27 -1.25 (0.26) *** -0.61 (0.24) * -0.86 (0.11) *** -0.73 (0.11) *** -0.96 (0.1) *** -0.61 (0.11) *** 
28 -0.5 (0.26) . -0.71 (0.25) ** -0.51 (0.11) *** -0.39 (0.11) *** -0.54 (0.1) *** -0.35 (0.11) ** 
29 -1.29 (0.26) *** -0.69 (0.25) ** -0.71 (0.11) *** -0.4 (0.11) *** -0.65 (0.1) *** -0.46 (0.11) *** 
30 -0.79 (0.25) ** -0.36 (0.25) -0.45 (0.11) *** -0.39 (0.11) *** -0.49 (0.1) *** -0.36 (0.11) ** 
31 -1.08 (0.26) *** -0.92 (0.25) *** -0.52 (0.11) *** -0.4 (0.11) *** -0.47 (0.1) *** -0.45 (0.11) *** 
32 -1.12 (0.25) *** -0.58 (0.25) * -0.73 (0.11) *** -0.45 (0.11) *** -0.75 (0.1) *** -0.41 (0.11) *** 
33 -1.42 (0.26) *** -0.73 (0.24) ** -1.04 (0.11) *** -0.6 (0.11) *** -0.94 (0.1) *** -0.7 (0.11) *** 
34 -0.62 (0.26) * -0.68 (0.25) ** -0.74 (0.11) *** -0.38 (0.11) *** -0.69 (0.1) *** -0.44 (0.11) *** 
35 -1.06 (0.26) *** -0.56 (0.25) * -0.6 (0.11) *** -0.52 (0.11) *** -0.64 (0.1) *** -0.49 (0.11) *** 
36 -1.23 (0.26) *** -1.02 (0.25) *** -1.15 (0.11) *** -1.02 (0.11) *** -1.25 (0.1) *** -0.91 (0.11) *** 
37 -1.14 (0.26) *** -0.68 (0.25) ** -0.96 (0.11) *** -0.65 (0.11) *** -0.92 (0.1) *** -0.68 (0.11) *** 
38 -1.63 (0.26) *** -0.83 (0.25) *** -1.12 (0.11) *** -0.7 (0.11) *** -1.05 (0.1) *** -0.75 (0.11) *** 
39 -0.8 (0.25) ** -0.66 (0.25) ** -0.63 (0.11) *** -0.42 (0.11) *** -0.54 (0.1) *** -0.53 (0.11) *** 
40 -1.17 (0.26) *** -0.77 (0.25) ** -1.11 (0.11) *** -1.16 (0.11) *** -1.35 (0.1) *** -0.88 (0.11) *** 
41 -0.52 (0.25) * -0.09 (0.25) -0.54 (0.11) *** -0.28 (0.11) ** -0.54 (0.1) *** -0.27 (0.11) * 
42 -0.98 (0.25) *** -0.63 (0.25) * -0.57 (0.11) *** -0.39 (0.11) *** -0.44 (0.1) *** -0.57 (0.11) *** 
43 -1.22 (0.26) *** -0.62 (0.25) * -0.7 (0.11) *** -0.59 (0.11) *** -0.84 (0.1) *** -0.43 (0.11) *** 
44 -1.03 (0.26) *** -0.61 (0.25) * -0.85 (0.11) *** -0.62 (0.11) *** -0.87 (0.1) *** -0.6 (0.11) *** 
45 -1.57 (0.26) *** -0.92 (0.25) *** -1.16 (0.11) *** -0.78 (0.11) *** -1.11 (0.1) *** -0.84 (0.11) *** 
46 -1.63 (0.26) *** -0.85 (0.25) *** -1.07 (0.11) *** -0.78 (0.11) *** -1.05 (0.1) *** -0.8 (0.11) *** 
47 -0.85 (0.25) *** -0.22 (0.25) -0.7 (0.11) *** -0.46 (0.11) *** -0.72 (0.1) *** -0.44 (0.11) *** 
48 -1.04 (0.26) *** -0.31 (0.25) -0.54 (0.11) *** -0.39 (0.11) *** -0.53 (0.1) *** -0.41 (0.11) *** 
49 -1.69 (0.26) *** -0.87 (0.25) *** -1.13 (0.11) *** -0.73 (0.11) *** -1.02 (0.1) *** -0.86 (0.11) *** 
50 -1.47 (0.26) *** -0.95 (0.25) *** -1.18 (0.11) *** -1.14 (0.11) *** -1.33 (0.1) *** -0.98 (0.11) *** 
51 -0.84 (0.26) ** -0.46 (0.25) . -0.56 (0.11) *** -0.6 (0.11) *** -0.63 (0.1) *** -0.53 (0.11) *** 
52 -1.64 (0.26) *** -1 (0.25) *** -1.05 (0.11) *** -0.82 (0.11) *** -1.03 (0.1) *** -0.83 (0.11) *** 
53 -1.52 (0.26) *** -0.64 (0.25) ** -0.91 (0.11) *** -0.7 (0.11) *** -0.87 (0.1) *** -0.75 (0.11) *** 
54 -1.34 (0.26) *** -0.41 (0.25) -0.91 (0.11) *** -0.46 (0.11) *** -0.83 (0.1) *** -0.55 (0.11) *** 
55 -1.51 (0.26) *** -1.08 (0.25) *** -0.93 (0.11) *** -0.85 (0.11) *** -0.99 (0.1) *** -0.77 (0.11) *** 
56 -0.59 (0.26) * -0.61 (0.25) * -0.37 (0.11) *** -0.4 (0.11) *** -0.43 (0.1) *** -0.35 (0.11) ** 
57 -1.13 (0.26) *** -0.54 (0.25) * -0.84 (0.11) *** -0.57 (0.11) *** -0.81 (0.1) *** -0.59 (0.11) *** 
58 -0.98 (0.26) *** -0.71 (0.25) ** -0.94 (0.11) *** -0.7 (0.11) *** -0.99 (0.1) *** -0.63 (0.11) *** 
59 -1.2 (0.26) *** -0.68 (0.24) ** -0.89 (0.11) *** -0.68 (0.11) *** -0.92 (0.1) *** -0.63 (0.11) *** 
60 -1.43 (0.26) *** -0.92 (0.25) *** -0.98 (0.11) *** -0.92 (0.11) *** -1.01 (0.1) *** -0.89 (0.11) *** 
61 -0.57 (0.25) * -0.5 (0.25) * -0.64 (0.11) *** -0.74 (0.11) *** -0.85 (0.1) *** -0.51 (0.11) *** 
62 -1.35 (0.26) *** -0.92 (0.25) *** -1.03 (0.11) *** -0.78 (0.11) *** -1.05 (0.1) *** -0.74 (0.11) *** 
63 -1.63 (0.26) *** -0.59 (0.25) * -0.93 (0.11) *** -0.77 (0.11) *** -0.97 (0.1) *** -0.73 (0.11) *** 
64 -1.21 (0.25) *** -0.56 (0.25) * -0.94 (0.11) *** -0.6 (0.11) *** -0.9 (0.1) *** -0.63 (0.11) *** 
65 -1.7 (0.26) *** -0.93 (0.25) *** -1.17 (0.11) *** -1.05 (0.11) *** -1.25 (0.1) *** -0.96 (0.11) *** 
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Item 

Mean (SE) 
HCP (n=52) IT (n=52) Women 

(n=282) 
Men (n=265) Education 

(lower) (n=227) 
Education 
(higher) 
(n=320) 

66 -1.74 (0.26) *** -0.84 (0.25) *** -1.42 (0.11) *** -0.98 (0.11) *** -1.4 (0.1) *** -0.97 (0.11) *** 
67 -1.31 (0.26) *** -0.95 (0.25) *** -1.17 (0.11) *** -1.15 (0.11) *** -1.34 (0.1) *** -0.96 (0.11) *** 
68 -1.87 (0.26) *** -0.82 (0.25) ** -1.39 (0.11) *** -0.88 (0.11) *** -1.36 (0.1) *** -0.87 (0.11) *** 
69 -0.94 (0.26) *** -0.62 (0.25) * -0.89 (0.11) *** -0.69 (0.11) *** -0.98 (0.1) *** -0.58 (0.11) *** 
70 -1.67 (0.26) *** -1.13 (0.25) *** -1.72 (0.11) *** -1.16 (0.11) *** -1.61 (0.1) *** -1.26 (0.11) *** 
71 -1.52 (0.26) *** -0.88 (0.25) *** -1.44 (0.11) *** -0.95 (0.11) *** -1.39 (0.1) *** -0.98 (0.11) *** 
72 -1.29 (0.26) *** -1.01 (0.25) *** -1.26 (0.11) *** -0.64 (0.11) *** -1.07 (0.1) *** -0.83 (0.11) *** 
73 -1.5 (0.26) *** -1.08 (0.25) *** -1.39 (0.11) *** -0.93 (0.11) *** -1.3 (0.1) *** -1 (0.11) *** 
74 -1.32 (0.26) *** -0.86 (0.25) *** -1.19 (0.11) *** -0.85 (0.11) *** -1.23 (0.1) *** -0.77 (0.11) *** 
75 -1.71 (0.25) *** -0.97 (0.24) *** -1.23 (0.1) *** -0.87 (0.11) *** -1.07 (0.1) *** -1.06 (0.11) *** 
76 -1.19 (0.26) *** -1 (0.25) *** -1.04 (0.11) *** -0.77 (0.11) *** -1.11 (0.1) *** -0.67 (0.11) *** 
77 -1.62 (0.26) *** -1.26 (0.25) *** -1.53 (0.11) *** -1.28 (0.11) *** -1.6 (0.1) *** -1.19 (0.11) *** 
78 -0.97 (0.25) *** -0.51 (0.25) * -0.9 (0.11) *** -0.71 (0.11) *** -0.91 (0.1) *** -0.69 (0.11) *** 
79 -1.12 (0.25) *** -0.82 (0.24) *** -0.72 (0.1) *** -0.48 (0.1) *** -0.63 (0.1) *** -0.59 (0.11) *** 
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Figure A7.1: BWS survey (Ethics approval) 

Figure A7.2: BWS survey screenshots 

Production Note:
Signature removed prior to publication.
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Figure A7.3: Predicted best probabilities (grouped results) 
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