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ABSTRACT
Government leaders across the globe are grappling with how to harness and integrate artificial intelligence (AI) to enhance 
public service delivery and efficiency. Yet, a key challenge faced is how to build and maintain the trust of stakeholders. Trust is 
critical for the acceptance and sustained adoption of AI technologies, as well as to gain the requisite funding, resourcing and 
authorization to implement AI solutions. However, inherent features of AI—its autonomous capabilities, dynamic learning, and 
inscrutable operating logic—create challenges for trust, particularly in public services that are subject to high expectations of 
accountability, transparency, and fairness. We present an in-depth case analysis of how an Australian government department 
was able to deploy a solution that was widely accepted, and identified as an exemplar of trustworthy AI use. We identify six trust-
supporting approaches: benevolent customer-centricity, radical honesty, diverse input, rigorous development and testing, human 
discretion in decision-making, and aligning the authorising environment. For each approach, we explain how and why it sup-
ports trust, and then contrast that approach with a prominent, but widely distrusted application in the Australian government. 
We conclude with implications for public sector leaders seeking to engender trust in their use of AI.

1   |   Introduction

Artificial intelligence (AI) is fueling a revolution in the admin-
istration and governance of public services due to its potential to 
increase efficiency, overcome resource constraints, personalise 
services, and address long-standing societal issues (Manzoni 
et al. 2022; Medaglia et al. 2023). However, public trust in gov-
ernments' use of AI has been called into question, contributing 
to slow uptake, acceptance, and adoption of AI in public services 
(Gillespie et al. 2021, 2023; Margetts and Dorobantu 2019).

For government leaders to engender trust in this technol-
ogy is far from straightforward. Citizens' trust in public au-
thorities is critical due to their social licence to operate, yet 

trust in government is declining (Pew Research Centre 2024). 
Governments hold many forms of authoritative power over 
citizens, so public scrutiny and expectations of accountabil-
ity, transparency, fairness and privacy in the public sector are 
high (Andrews et al. 2022; Kalesnikaite and Baker 2025; Ring 
and Perry 1985). This power stems from the government's dis-
tinctive responsibility for administrative law—the body of law 
regulating government decision-making—and the structural 
separation of the legislature, executive and judiciary. This 
gives the government legitimate authority over many aspects 
of an individual's life, including the right to tax, penalise, and 
incarcerate, and have privileged access to sensitive informa-
tion about citizens (Attorney-General's Department 2011; NSW 
Ombudsman 2021b; Tyler 2006). Upholding procedural norms 
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and values of impartiality, accountability, and transparency in 
the exercise of power—including discretionary decision-making 
and the delivery of public services—is central to maintaining 
government legitimacy and trust (Kalesnikaite and Baker 2025; 
Rothstein and Teorell 2008; Tyler 2006; Weber 1978).

AI systems that are based on machine learning (ML) models are 
characterised by three interdependent facets—autonomy, learn-
ing and inscrutability—differing fundamentally from previous 
generations of organisational technologies (Berente et al. 2021). 
These unique characteristics of AI come into direct conflict with 
the expectations people assign to the public sector, making it dif-
ficult to implement models in a trusted and trustworthy manner 
(Desouza and Dawson 2023).

First, accountability for decisions that affect citizens is a criti-
cal requirement for public organisations (Manzoni et al. 2022). 
Yet the unprecedented ability of AI to operate autonomously can 
make determining accountability for decisions complicated and 
unclear (Berente et al. 2021). This is particularly problematic in 
high-stakes public service contexts, such as determining parole 
decisions (Dwivedi et al. 2021; Margetts and Dorobantu 2019). 
Second, public sector decisions are expected to be consistent, fair, 
and defensible (NSW Ombudsman 2021b), which is challenged 
by the dynamic, self-learning capability of AI systems, particu-
larly AI models that automatically learn based on incoming data 
after their deployment (Russell and Norvig 2016). This contin-
uous adaptation can lead to unpredictable outcomes, making it 
difficult to ensure that decision-making based on such outcomes 
is fair and defensible. Third, due to these dynamic learning pro-
cesses, AI models tend to be complex, and their operating logic 
can often be inscrutable to their users (Asatiani et al. 2021; Faraj 
et al. 2018). Such inscrutability can be unacceptable in the pub-
lic sector where transparency of decisions is often expected. 
Furthermore, AI models can require vast amounts of data on cit-
izens, amplifying concerns over privacy and power imbalance.

Compounding the challenge is that the governance and as-
surance frameworks in government—which normally pro-
vide a level of confidence and safety to mitigate risks—are 
still evolving for AI (for e.g., Department of Finance  2024; 
European Commission  2022; GAO  2021; Office for Artificial 
Intelligence  2022). Government has a key role in developing 
these regulations and creating the right environment for respon-
sible AI (DTA 2024), and there is a risk to integrity and the social 
licence to regulate and govern others if governments are not act-
ing responsibly themselves. These tensions raise challenges for 
public sector leaders who are increasingly expected to leverage 
the benefits of AI to enhance service delivery and efficiency and 
reduce costs (van Noordt et al. 2023).

While recent research has tackled trust-related challenges such 
as inscrutability (Asatiani et  al.  2020; Someh et  al.  2022) and 
the shift of agency from humans to AI (Shollo et al. 2022), criti-
cal questions remain around how to overcome public scepticism 
and distrust of government AI use, and how to secure the trust 
of key stakeholders to enable investment and deployment of AI 
projects (Margetts and Dorobantu 2019; van Noordt et al. 2023). 
Consequently, our research asked: how can government leaders 
demonstrate to stakeholders that their use of AI in public ser-
vices is trustworthy? We consider two main stakeholder groups: 

internal government employees who develop, operate, govern, 
have accountability for, or provide resources for the AI solution, 
and external stakeholders who regulate, influence, rely on, or 
are subjected to the AI-enabled services.

To answer this question, we report on a case analysis of an AI 
solution developed and implemented in an Australian state gov-
ernment revenue department. We draw on in-depth interviews 
with those responsible for developing, deploying, operating and 
governing the solution and those who represent the interests of 
affected citizens, triangulated with case documentation.

The case provides a particularly rich and informative context for 
studying how trust challenges can be navigated for several rea-
sons. First, the case focuses on the application of AI in govern-
ment debt collection from citizens, a context characterised by high 
distrust from multiple stakeholders (Henley  2021; Lindebaum 
et  al.  2023; Van Bekkum and Borgesius  2021). Second, the AI 
solution became widely accepted despite being implemented soon 
after a high-profile technology failure that eroded public trust in 
the Australian government's use of technology (see Lindebaum 
et  al.  2023; Rinta-Kahila et  al.  2022). Third, the case occurred 
at a time when there were limited established policies or frame-
works to guide the trustworthy implementation of AI. Indeed, 
this case became an exemplar that informed the subsequent for-
mation and institutionalisation of responsible AI frameworks in 
the Australian public sector, helping other early AI adopters and 
innovators in government (NSW Government 2021a). The ability 
to build and sustain acceptance in this challenging context un-
derscores the robustness of the approaches taken to demonstrate 
trustworthiness and support trust.

2   |   Defining AI, Trust and Trustworthiness

To clarify what we mean by trust in AI solutions, we first define 
the terms and identify key factors that influence trust. We use 
the OECD definition of an AI solution as ‘a machine-based sys-
tem that for explicit or implicit objectives, infers, from the inputs 
it receives, how to generate outputs such as predictions, content, 
recommendations or decisions that can influence physical or 
virtual environments’ (OECD.AI 2023).

Trust is commonly defined as a person's willingness to be vul-
nerable to the actions of another party or entity, based on positive 
expectations of the future intentions and actions of that party 
(Mayer et al. 1995; Rousseau et al. 1998). Trust is a key determi-
nant of sustained AI acceptance and adoption (Kelly et al. 2023; 
Misra et  al.  2023), broader citizen compliance and cooperation 
with public authorities (Tyler  1998), and public policy effective-
ness (Lundin 2007). While trust is a complex, contextual and dy-
namic process (Gillespie and Dirks 2026), a central proposition 
to theories of trust is that the willingness to be vulnerable to an 
entity is grounded in ‘good reasons’ (Lewis and Weigert  1985; 
Mollering 2006, 13).

One important source of ‘good reasons’ to trust comes from the as-
sessment of the entity's trustworthiness. Literature has identified 
three key dimensions of trustworthiness—ability, benevolence, 
and integrity—which capture a set of key factors influencing 
trust (Colquitt and Rodell  2011; Mayer et  al.  1995), including 
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trust in public sector agencies (Devine et al. 2025; Gillespie and 
Daly 2025) and technology, and AI implementations (Bedué and 
Fritzsche 2022; Laux et al.  2024). Ability refers to government 
competence and capability to effectively deliver on services and 
responsibilities (Devine et al. 2025; Mansoor 2021; van Erkel and 
van Der Meer 2016). In the context of AI, this includes ensur-
ing AI systems perform reliably to produce accurate output as 
expected. Benevolence refers to the perception that government 
cares about citizens' well-being, interests and needs, and operates 
fairly in the best interest of the public (Devine et al. 2025; Mayer 
et al.  1995). This includes procedural fairness and consistency 
in decision making (Grimes  2006), providing citizens a voice 
and participation in government processes (Prats et  al.  2023), 
and in the context of AI, ensuring AI systems result in positive 
outcomes and minimise harm. Integrity refers to government 
operating honestly, transparently, and with accountability (e.g., 
Birch and Allen 2010; Ouattara et al. 2023), including following 
through on commitments and ensuring AI-enabled services up-
hold ethical principles, values, and laws.

Another source of ‘good reasons’ to trust comes from structural 
assurances and control mechanisms, which can take the form 
of regulation, laws, rules, standards, governance, and oversight 
mechanisms. For any technology, these mechanisms provide an 
important basis for trust (McKnight et al. 2011). In the context 
of AI, they help increase trust by clarifying expected standards 
and practices, incentivising adherence to rules and standards, 
and  constraining untrustworthy use (e.g., through disincen-
tives and punitive consequences for rule-breaking; Long and 
Sitkin 2018; Park 2020; Shao et al. 2020).

3   |   Focus of Our Research

We focus our analysis predominately on how government lead-
ers demonstrate trustworthiness in their use of AI as this is what 
‘earns’ sustained, well-placed trust over time. It is the demon-
stration of trustworthiness—rather than trust itself—that is 
within the agency and control of organisational actors and 
provides the foundation for establishing trust (O'Neill 2018). In 
contrast, whether or not a stakeholder gives trust in any given 
situation is at the discretion of that individual stakeholder.

For this study, we take a sociotechnical stance, viewing trust in 
an AI-enabled service as informed by a combination of the trust-
worthiness of the AI system and the organisational and regu-
latory context within which it is embedded (Söllner et al. 2016; 
Van der Werff et al. 2021). Specifically, this involves consider-
ation of the technical AI system (e.g., its functionality, reliability, 
predictability, and helpfulness), the deployment and use of that 
system (e.g., is it being implemented and used appropriately; will 
it benefit stakeholders?), the organisation deploying, using, and 
governing the system (e.g., does the organisation operate with 
integrity and have benevolent intentions?), and the broader reg-
ulatory and legal institutional context.

4   |   The Revenue NSW AI Case

To bring insight into how government leaders can support stake-
holders' trust in the integration of AI into service delivery, we 

conducted a case study of an AI solution developed and imple-
mented by an Australian public sector agency, Revenue NSW. 
This case was one of eight case studies involving over 100 in-
terviews conducted as part of a larger examination of trust in 
AI-enabled government services.1 We selected this case because 
the solution was well received, widely accepted and identified by 
central government agencies as an exemplar of trustworthy AI.

Our case analysis is based on interviews triangulated with case 
documentation. In-depth interviews were conducted with stake-
holders responsible for developing, deploying, leading, using 
and governing the AI solution (e.g., developers, domain experts, 
project leads, agency leaders, the responsible minister, and ex-
ternal regulators). Case documentation included media articles, 
parliamentary transcripts, independent reports, Department 
presentations, and public communications about the AI solution 
on agency websites and social media (see Appendix A for further 
details of data collection and method rationale).

4.1   |   Case Context

Revenue NSW collects revenue owed to the government by indi-
viduals and organisations within the government's jurisdiction 
in the state of New South Wales (NSW). It collects over AU$40 
billion per annum on behalf of over 240 government-related 
entities from a combination of payroll tax, duties (e.g., trans-
ferring property ownership), fines (e.g., traffic infringements), 
fees (e.g., licence fees), and royalties (e.g., related to mining) 
(DCS  2022). The Department has over four million customer 
records, with approximately 60 000 records associated with peo-
ple considered to be vulnerable due to their susceptibility or ex-
posure to physical, emotional, social, or financial harm (NSW 
Ombudsman  2021a). The Department has the right to collect 
significantly overdue unpaid debts via garnisheeing—a prac-
tice of taking the owed money directly from the debtor's bank 
account. However, this practice is highly problematic when ap-
plied to vulnerable people.

Originally, Revenue NSW had manually and inconsistently 
administered garnisheeing, limited by the number of agency 
employees relative to the thousands of accounts in debt. To im-
prove efficiency and consistency, the Department automated 
the garnisheeing of accounts, which increased from 6905 
transactions per annum in 2010 to 1.6 million in 2018 (NSW 
Ombudsman  2021a). Although only 2% of these garnishee or-
ders were successful (Revenue NSW 2021b), the automated pro-
cess did not consider the debtors' vulnerability, which led to a 
surge of complaints and caused an increasing work burden on 
the Department. The complaints brought the Department under 
increasing public scrutiny with negative media attention and 
an inquiry from the Ombudsman, who questioned the legality 
of the Department's automatic garnisheeing practices (NSW 
Ombudsman 2021a, 2021b). The inquiry determined that while 
the authority to garnishee was discretionary and legal, full au-
tomation of garnisheeing that removed human discretion and 
judgement from the process was unlawful.

In response, the Department set out to transform its ‘very 
gung-ho’ and ‘compliance-focused’ (P70) debt collection pro-
cess to a more customer-focused approach. The overall program 
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instituted alternatives to repaying debt for vulnerable people, 
such as ‘education programs, drug rehabilitation programs, psy-
chology, and education-type programs’ (P19), with the intent to 
achieve better long-term individual and community outcomes. 
To achieve this goal, it was necessary to identify customers 
who were vulnerable and/or unable to pay, bring empathy to 
service provision, and find alternative approaches for these cus-
tomers' individual circumstances. Given the sheer number of 
unpaid accounts, and the volume of data that was needed, AI 
was considered a potential solution to help identify vulnerable 
customers and distinguish them from customers who could le-
gitimately pay:

What I would say was really good in [Revenue NSW] 
is the level of information and data that we had on 
what was happening. Because our processes were 
heavily digitalized, we knew at all times how many 
fines had been issued, […] how many people are 
paying an enforcement order versus not. And then 
the real missing piece on that was – well, who's not 
paying because they can't pay and who's not paying 
just because they don't believe in the system and just 
don't want to pay fines. 

(P57)

4.2   |   The AI Solution

The AI solution was introduced in 2018 to identify individuals 
likely to be vulnerable and prevent automatic garnisheeing of 
their accounts. The solution identifies vulnerability based on 
over 20 attributes, such as the debtor's age, address, severity of 
fines, the amount owed, type of offence, and known incarcera-
tion history (Revenue NSW 2021a, 2021b). The solution's output 
is a relative measure of a customer's likeness to typical vulnera-
bility characteristics:

Essentially what the model is doing…it's taking those 
customers that are known to be vulnerable, building 
likeness characteristics, and then saying, “Well, 
what's the likelihood of the other customers [being 
vulnerable]” and … giving us basically a prediction of 
how closely…do they match a person that we know to 
be vulnerable. 

(P51)

A benevolent approach was taken where cases flagged as 
vulnerable by the AI system are then reviewed by a case 
worker who contacts the person to assess vulnerability and 
decide whether or not to negotiate non-financial alterna-
tives. The solution was developed in-house using operational 
funds with publicly accessible open-source tools and conse-
quently was relatively low-cost.2 The AI-enabled service was 
supported by introducing a protected ‘minimum balance’ for 
accounts being garnisheed in 2016, a benevolent approach 
designed to protect economically vulnerable people, and im-
plementing human oversight of the process for garnisheeing 
accounts in 2019.

4.3   |   An Exemplar of Trustworthy Public 
Sector AI Use

The overall program of offering alternatives to debt collection for 
vulnerable people—enabled by the AI solution—won an across-
government award in 2019 for successfully tackling long-standing 
social challenges (Revenue NSW  2020). NSW Government re-
ported that ‘with approximately 46 000 customers considered “vul-
nerable”, the community benefits of an effective AI solution are 
substantial [and] results in fewer vulnerable people being forced to 
pay fines that they cannot afford’ (NSW Government 2021a).

In 2021, the AI solution was identified as an exemplar of 
trustworthy public sector AI use by the Government (NSW 
Government 2021a). The case was retrospectively ‘stress tested’, 
independently verified by peer review and confirmed by the AI 
Review Committee (NSW Government 2021a) It was found to 
align with the Government's AI Ethics policy and the key ethical 
principles: Community Benefit, Fairness, Privacy and Security, 
Transparency and Accountability. The case was described as 
demonstrating ‘how the NSW Government is developing AI re-
sponsibly with a clear focus on outcomes so that the community 
can have trust that the technology is being used appropriately’ 
(NSW Government  2021a). A timeline of the evolution of the 
solution is provided in Figure 1.

4.4   |   Trust Challenges at Revenue NSW

While Revenue NSW's AI solution was considered an exemplar, 
and ultimately resulted in sustained stakeholder support, ac-
ceptance and adoption, it required navigating multiple thorny 
challenges.

To begin with, the Department's automated garnisheeing prac-
tices attracted negative media attention and the scrutiny of the 
Ombudsman, which resulted in a general distrust of its ability 
to responsibly manage technology implementations. This re-
sulted in a report written by the NSW Ombudsman  (2021b) 
that stated:

We were prompted to write this report after becoming 
aware of one agency (Revenue NSW) using machine 
technology for the performance of a discretionary 
statutory function (the garnisheeing of unpaid fine 
debts from individuals' bank accounts), in a way 
that was having a significant impact on individuals, 
many of whom were already in situations of financial 
vulnerability.

As one participant stated, this criticism led to a ‘degree of sen-
sitivity’ as ‘it's quite hard for any public sector organization to 
receive the criticism, particularly from somebody as vital as the 
Ombudsman’ (P36).

This distrust was fueled by a high-profile failure of an automated 
decision-making system by the federal government agency 
Centrelink (now Services Australia). This system, dubbed 
‘Robodebt’, automatically issued debt notices (sometimes 
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erroneously) to vulnerable welfare recipients, causing wide-
spread distress among citizens, and was ultimately deemed 
unlawful (Rinta-Kahila et  al.  2022). The Australian public's 
trust in their government's ability to implement technologies re-
sponsibly was significantly damaged by Robodebt, along with 
media scandals and legal proceedings that followed its imple-
mentation (Holmes 2023; Rinta-Kahila et al. 2022). Government 
use of automation to claim payments from citizens became a 
highly inflammatory topic.3 Addressing this challenge was not 
straightforward as it needed to be balanced with the charter and 
responsibility of Revenue NSW to collect debt on behalf of other 
government agencies and ensure appropriate revenue genera-
tion on behalf of the government.

On top of this, Revenue NSW was one of the early adopters of AI 
in the public sector, and legislative frameworks that would typi-
cally guide such implementations were lagging behind practice. 
The nascent state of AI in government was also apparent in the 
area of data sharing. While access to data from other agencies 
could improve the accuracy of the AI's prediction of vulnera-
bility, data governance protocols were not yet sufficiently ma-
ture to facilitate data sharing. As a result, there were concerns 
about the sufficiency of data points to robustly train the AI. The 
Robodebt failure compounded this concern, serving as a warn-
ing of what can happen when data from different government 
departments are combined haphazardly.

Finally, there were more general concerns about AI's ability to 
accurately determine vulnerability. Vulnerability is a dynamic 
state that can change over time and is typically informed by a 
combination of factors, including information that may never 
be visible to the Department. Vulnerability is understood dif-
ferently across various fields of research, making it a nuanced 
and challenging concept to define (Hamm et  al.  2024). Could 
a machine really identify vulnerability? How could codifying 
such contested knowledge into an AI solution be accurate? The 
Department could not have all the information and history on a 
particular case due to practical limitations in collecting relevant 

data, the limited contact vulnerable people often have with gov-
ernment departments, and challenges in gaining consent from 
individuals, even if the ability to share data across government 
departments could be resolved.

4.5   |   The Stakeholder Context

There were various stakeholders whose trust was required 
or pertinent for the AI solution to be developed, deployed, 
operated, and accepted. We note that there is not always a 
clear delineation between the trustor (i.e., the person doing 
the trusting) and trustee (i.e., the object of trust) within com-
plex socio-technical systems. Actors can simultaneously be 
both trustors and trustees within such systems (Lewis and 
Weigert 1985). For example, the executive in charge of the AI 
solution is both a trustor (of the teams who build and imple-
ment the solution) and a trustee (of the responsible minister to 
effectively govern the solution). Similarly, internal customer 
service employees are both trustors (of the AI system) and 
trustees (of the customers they serve). Table 1 lists these stake-
holders and key reasons why their trust in Revenue NSW's AI 
solution was important.

Internal stakeholders included those who held accountability 
for the AI-enabled service, such as political leaders, department 
heads and project leads, as well as the teams who designed, de-
veloped, implemented and managed the AI solution, and the 
customer service employees who used the AI solution in their 
everyday work. Their trust was demonstrated in securing and 
sustaining the resources and support (e.g., funding, expertise, 
engagement) required for the AI system development, its imple-
mentation and ongoing maintenance and use.

External stakeholders included regulators, citizens affected by 
the system's decisions (as represented by key representatives 
such as the Ombudsman), and government departments that 
relied on Revenue NSW for debt collection. As trustors, these 

FIGURE 1    |    Evolution of revenue NSW's AI solution.
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stakeholders needed to be sufficiently assured of the trust
worthiness of the AI-enabled service and the Department's 
implementation of the AI solution to accept and approve 
its use.

There were several indicators of trust from these external 
stakeholders. An important behavioural indicator of citizen 
trust and acceptance of the solution is citizen complaints. 
One of the reasons for developing the solution was the rising 
number of complaints due to the garnisheeing process. These 

complaints ‘declined significantly’—by 87%—once the AI solu-
tion was implemented, which the Ombudsman attributed to 
‘the application of the [machine learning] vulnerability model’ 
(NSW Ombudsman 2024, 12).4 Consequently, the Ombudsman 
formally discontinued his investigation, stating he was ‘sat-
isfied by the actions taken’ by Revenue NSW (see NSW 
Ombudsman 2024, 15).

The agencies that relied on the Department for debt collec-
tion were also key stakeholders. Their sustained trust in the 

TABLE 1    |    Stakeholders whose trust was sought and required for the AI solution to be accepted.

Stakeholder group Why engendering their trust was important

Political leaders and internal government employees who develop, operate, govern or have accountability for the AI solution

Political leaders, department heads (sponsors) and project 
leads

As the leaders ultimately accountable for the AI-enabled 
service, these stakeholders needed to be reassured of the 
trustworthiness of the AI system and those charged with 
its development, implementation and management in 
order to make the initial and ongoing investment decisions 
and provide ongoing political support for the system.

Developers of the AI solution Developers share some accountability for the trustworthiness 
of the AI solution, particularly its accuracy, reliability, and 
adherence to laws. They were motivated to innovate with 
a solution would be implemented in a benevolent way.

Users of the AI solution (i.e., domain experts and case 
workers)

As users of the AI solution in their everyday work of making 
case decisions and managing customer interactions for 
which they were accountable, these stakeholders needed to 
be assured the solution was fit for purpose and supported 
meaningful outcomes for customers. Their acceptance of the 
solution underpinned its sustained adoption. They also played 
a role in monitored its impact on customers (i.e., the public).

External stakeholders who regulate, rely on, or are subjected to the AI-enabled service

Regulators (e.g., privacy and information commissioners) Regulators act as conduits of justice in society, protecting 
citizens against wrongdoing and harm, including by public 
entities. They needed to be assured of the trustworthiness 
of the AI solution and the Department's implementation, 
management and governance of the solution in service 
provision, and its alignment with the public interest 
and privacy and data laws. In the absence of trust, 
they can publicly challenge and instigate inquiries.

Government departments reliant on Revenue NSW for debt 
collection (e.g., for taxes and fines)

These stakeholders needed to trust and accept the 
AI-enabled service as an effective alternative form of 
debt collection for their agency: ‘…we have about 200 
stakeholders that refer us debts- – councils, New South 
Wales Police, courts…and their expectation is we undertake 
enforcement action to collect those debts’ (P51).

Citizens affected by the AI solution's decisions and their 
representatives (e.g., citizen advocates, Ombudsmen)

The decisions informed by the AI-solution impact 
citizens, including vulnerable people. Citizen advocates 
and Ombudsmen interface with the public and act to 
safeguard their interests. Distrust of the AI solution and 
its implementation could erode public support and create 
pressure to stop the system, as occurred in the Robodebt case, 
and hamper broader government digitalization initiatives.

Note: A key part of the Ombudsman's role is to ‘safeguard citizens from government actions which could adversely affect them’ and ‘give citizens a voice’ to complain 
where they may not otherwise feel safe or comfortable to do so. They are often the only avenue readily available to individual citizens, particularly vulnerable citizens, 
seeking recourse on matters of maladministration or misconduct by public agencies (Neave 2015).
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Department's solution was evidenced behaviorally by their pre-
paredness to share sensitive customer data with the Department 
to enable the development and continuous improvement of the 
AI solution, and their ongoing acceptance of the model as part of 
the debt collection process.

The solution not only survived the scrutiny of the Ombudsman 
but also the scrutiny of Parliamentary discussions and media 
attention in 2021 and continues to be used and recognised as 
an exemplar of trustworthy AI deployment (Digital NSW 2021).

5   |   Approaches to Demonstrate Trustworthiness 
and Support Trust in Revenue NSW'S AI

A combination of approaches was taken by those responsible 
to navigate these challenges with the aim of demonstrating 
the trustworthiness of Revenue NSW's AI solution and its im-
plementation to stakeholders to support their trust. In this sec-
tion, we outline the key approaches (see Table 2), and for each, 
explain what the approach entailed, how the approach demon-
strated trustworthiness and facilitated trust, as well as the con-
siderations and recommendations on using these approaches in 
other contexts.

5.1   |   Ensuring a Benevolent, Customer-Centric 
Purpose for AI Use

The foundations for building trust in any AI system begin by 
reflecting on whether AI is indeed suitable for addressing the 
problem at hand. This requires the organisation to have a deep 
understanding of the problem it is trying to solve, the affected 
stakeholders' situations, and how solving the problem will cre-
ate benefit or value for stakeholders. With this understanding, 
the organisation can build trust by defining a benevolent pur-
pose for the AI solution: a purpose that maximises positive 
outcomes for customers and affected stakeholders, while min-
imising potential harm. This approach builds trust by demon-
strating benevolence—that is genuine care and concern for the 
welfare of customers and affected stakeholders.

This approach was taken at Revenue NSW by first gaining an 
evidence-based understanding of the problem. As the collector 
of revenue on behalf of over 250 agencies, an evidence-based 
understanding was important for Revenue NSW to justify and 
convince these agencies that an alternative approach to debt 
collection was needed. Its analysis of data uncovered several 
critical limitations of the existing debt collection processes. 
First, Revenue NSW found that relentlessly pursuing people 
who could never pay was both labour-intensive and ineffec-
tive. The existing processes relied on individuals (or their ad-
vocates) identifying themselves as vulnerable, which occurred 
after debt recovery had commenced when the impact of en-
forcement was high as well as the likelihood of needing to re-
fund (NSW Government 2021c; NSW Ombudsman 2021a). In 
addition, manual examination of the records of over 3 million 
customers, 46 000 of whom are identified as vulnerable, was 
not financially viable (NSW Government 2021c). AI was seen 
as a way to counter these limitations because with appropriate 

data access, it ‘can look at 900,000 cases every single day, it 
keeps covering ground much quicker’ (P19).

Having a benevolent, customer-centric purpose and ‘using ar-
tificial intelligence for good’ (P70) was seen as critical to secur-
ing trust and gaining ‘very, very broad support from our privacy 
group, from our data security team, risk and assurance and all 
those areas’ (P51). This participant described that gaining trust 
‘was incredibly easy because we had the customer at the center 
of what we were trying to achieve here. Our goal was to reduce 
harm’ but ‘it would have been a completely different story if we 
wanted to build a model to target garnishee orders’, that is en-
gage in punitive behaviour.

The initiative for the AI solution was motivated by other actions 
the Department was taking which demonstrated they were tak-
ing a benevolent customer-centric approach. One leader claimed 
it was ‘this whole big package of work…the AI is just one ele-
ment of it…has enabled us to build the trust of some of the agen-
cies’ (P70). This ‘big package’ included streamlining write-off 

TABLE 2    |    Approaches to demonstrate the trustworthiness of the 
Department's AI solution.

Approach Description

# 1: Ensuring a 
benevolent, customer-
centric purpose for AI 
use

AI design, development and 
use are focused on solving 
customers problems and driven 
by a genuine desire to ‘do 
good’ enhance their welfare

# 2: Radical honesty with 
key stakeholders and 
seeking feedback

Open and transparent 
communication with 
stakeholders, providing 
honest information about 
the AI solution and actively 
seeking stakeholder feedback, 
including from customer 
representatives/advocates

# 3: Creating the solution 
with diverse input

Co-creating the solution 
with diverse input from 
multidisciplinary experts 
(e.g., domain, data, 
technical and legal)

# 4: Developing, 
validating and 
monitoring the AI 
solution

Rigorous and transparent 
development, validation 
and ongoing monitoring of 
the AI solution to ensure 
it operates as intended

# 5: Preserving human 
oversight and decision-
making discretion

Ensuring human discretion 
is retained in consequential 
decisions that impact 
humans, with the ability to 
challenge AI decisions

# 6: Aligning the 
authorising environment

Ensuring AI use is aligned 
with and supported by the 
broader authorising and 
governance environment
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processes and introducing a minimum protective amount in 
a bank account to ‘remove the situation that you could be left 
with zero dollars in your account’ (P51) after garnisheeing debts. 
They also introduced non-financial alternatives to resolving 
debt, such as participating in community support programs, 
including education, drug rehabilitation, and psychological pro-
grams, with the intention of achieving better long-term individ-
ual and community outcomes.

Revenue NSW also invested in understanding the problem 
from the perspective of vulnerable people, which led to more 
informed development of the AI solution, increasing the like-
lihood that the solution would be effective and trusted: ‘nat-
urally you start building smarter solutions to it, which is data 
driven’ (P85). An example was looking into cases where the 
Department had written off a number of debts for young peo-
ple. They interviewed people under 18 years old and talked to 
employees about their experiences. They used that research 
base to communicate with other stakeholders and then for-
mulate a problem statement based on what they had learned, 
engaging with this cohort of people to explore alternatives.

Having a benevolent purpose was also important for demon-
strating trustworthiness to Revenue NSW employees at all 
levels. Previously, officers had been dealing with fraught peo-
ple, a ‘confronting experience when you are at the other end 
of a call’ (P34). The new solution enabled them to call people 
before debt escalated, and with alternative options. As the or-
ganisation shifted its mindset to how to help vulnerable peo-
ple, momentum was built within the Department. The idea of 
using AI came from the data engineers, who had discovered 
that they already had the data to work out what was taking up 
to 2 years to realise with manual processes. In turn, a leader 
with responsibility for both the compliance (enforcing debt 
collection) and hardship (allowing refunds) teams understood 
their explanation of how this would benefit vulnerable peo-
ple and provided the authority to continue development. The 
leader observed that:

Lo and behold, other people got wind of it and 
then you should have seen the presentations and 
the awards… AI for good and not evil where we're 
actually removing the vulnerable customers out of an 
automated process. 

(P70)

Compliance and hardship teams began to work together to 
discuss and support vulnerable customers in an empathetic 
manner to find a program that would help them, given their in-
dividual needs.

Embedding a benevolent purpose into the service delivery 
through a fail-safe AI design further built trust by mitigat-
ing risks and removing the potential for harm to customers. 
The solution's design ensured that neither false positives nor 
false negatives would disadvantage customers in any way. 
Specifically, if the AI made a mistake in classifying someone as 
likely to be vulnerable, the worst that could happen was that the 
person's account would not be garnisheed for outstanding debts: 
‘The machine made the actions that were considered positive 

and never punitive and just stopped the punitive actions… So, 
the only real risk was that […] we would stop sanctions for peo-
ple who should get sanctions’ (P19). This approach zeroed out 
any potential negative effects on citizens associated with AI's 
autonomous actions.

There are caveats to this approach. Taking a benevolent ap-
proach raises the question of benevolence towards whom? A 
government agency could claim benevolence by using an AI 
solution that genuinely helps some stakeholders (e.g., fami-
lies) while disadvantaging others (e.g., singles). Hence, de-
veloping a trust-enhancing benevolent purpose requires a 
multi-stakeholder perspective, considering and balancing re-
sponsibilities to all affected parties, and ensuring that serving 
one stakeholder group is not at the expense or harm of another 
(Hurley et al. 2013).

5.2   |   Radical Honesty With Key Stakeholders 
and Seeking Feedback

Even if the AI system's purpose is benevolent, ensuring wide-
spread acceptance and legitimacy requires demonstrating integ-
rity by upholding commonly expected values and norms in the 
delivery of the solution, including honesty, fairness and trans-
parency. This was achieved by Revenue NSW by being honest 
and transparent about the AI solution, including its strengths, 
limitations, and performance, and consulting widely with af-
fected stakeholders to ensure their views, concerns and input on 
the AI solution were considered early in the design phase and 
were effectively responded to. Doing this helped foster stake-
holders' trust and a shared sense of ownership and acceptance 
of the solution.

Revenue NSW's leaders took the approach of ‘radical honesty’ 
when communicating to stakeholders about their AI solution, de-
scribing how they were upfront and transparent about the solu-
tion's capabilities and limitations during the development process: 
‘we're very, very transparent at every level and nobody has ever 
really pushed back’ (P19). It was a significant shift from a com-
mon government culture that discourages bad news to being en-
couraged to ‘talk about what happens when things go wrong’ (P9).

Revenue NSW initially mapped all stakeholders who would be 
affected by or influential in the AI solution and planned how 
best to involve them throughout the process. These included 
regulators, privacy and information commissioners, other 
agencies, and, importantly, citizen representatives such as the 
Ombudsman—to ensure the voice of the people they were try-
ing to help. They regularly met with the Ombudsman, LegalAid5 
and union delegates and ‘shared our dirty laundry’ (P70). As 
P57 explained, ‘we brought people together, and we talked about 
what we were doing and the outcomes that we had seen, and 
we had good, robust, open debate about the challenges’. The 
Department continually asked these stakeholders, ‘What didn't 
we think of?’ (P19) and encouraged them to voice concerns and 
problems early in the process so they could be addressed during 
the design and development stages to arrive at a solution that 
would be broadly trusted and accepted. It also demonstrated be-
nevolence and integrity by transparently conducting robust im-
pact assessment processes to identify potential risks, and putting 
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in place control mechanisms to mitigate these risks. Such effec-
tive consultation and responsiveness to stakeholders' concerns 
were acknowledged, for example, by the NSW Ombudsman: 
‘Revenue NSW worked responsively with us over time to ensure 
that its garnishee system operated more fairly, by taking account 
of vulnerability and situations of hardship.’

While the solution was being developed, there were cross-
government initiatives to establish an AI assurance framework 
and governance forum, which included external experts in AI 
and human rights. As a demonstration of transparency and ex-
pression of radical honesty, Revenue NSW opened itself up to 
scrutiny by becoming one of the first trial cases to both test and 
be tested by the new assurance framework. This pushed them 
beyond what they called ‘tick a box’ assurance—‘oh yeah, I have 
a committee. My committee doesn't understand anything, but I 
have a committee’—to be open to substantive interrogation by 
experts based on ‘the substance of my ability to act properly in 
that capacity’ (P19). One of the assurance framework commit-
tee members singled this Department out for building trust by 
taking accountability for the prior issues with fine garnisheeing, 
acknowledging ‘Yep, mea culpa. This was us. This was the tool. 
We did it. We need to go back and fix it’ (P34).

At the outset, there were mixed levels of trust among various 
groups of Department employees. Some ‘were fully on board 
with machine learning’ (P70) as they wanted automation to re-
duce the volume of repetitive administrative work in their roles. 
Others were ‘very negative about automation’ due to concerns 
about job loss (P70). The leader of one of the teams concerned 
about job security realised the approach needed to change to 
bring employees on the journey:

We need to have an honest conversation with our 
workforce, not “this is just going to add value, it's 
not going to take away your job” type stuff, because 
I think that creates distrust. The volumes certainly 
put within revenue are growing exponentially, so it 
actually probably isn't going to take away their jobs, 
but the nature of work will change over the next 10 
to 15 years. And understanding how AI influences 
that and having an honest conversation is the one 
that we need to have… with the people that are 
affected. 

(P36)

Knowing their team was ‘very negative about automation’, a 
leader initiated fortnightly face-to-face sessions with employ-
ees called ‘Just Inform Me, Just Ask Me’ so ‘JIMJAMS’ (P70) 
to build early awareness and address trust challenges as they 
emerged, encouraging employees to raise their questions and 
concerns. When the ‘tricky questions’ were asked, honest re-
sponses were provided, such as ‘I don't know the answer to that 
yet – we're going to build that together’. This was perceived as 
a cultural shift from ‘things being imposed on them and being 
told something at the very end’ (P70).

Similarly, P36 described that part of her role was to build trust 
through ‘mitigating risk, making sure that we'd understood at 

each touchpoint what was happening … understanding those so-
cial impacts, both on the immediate workforce and on society in 
general’. Her stance was that ‘change resistance is actually a very 
positive thing because it shows where the fear is’ and ‘the trust 
issues are about how is this going to affect me?’. Tailoring the ap-
proach and communications to address these impacts for employ-
ees was integral to supporting their trust and acceptance of the 
solution.

While radical honesty aims to signal trustworthiness by demon-
strating integrity, it is not an easy or straightforward approach to 
securing trust, particularly in the risk-averse context of the public 
sector. At Revenue NSW, trust levels were impeded when trans-
parency revealed problems to stakeholders in the early stages of 
the project. However, over time, Revenue NSW's open and honest 
approach achieved stronger stakeholder buy-in and trust, and the 
willingness to take accountability for the AI solution:

This [radical honesty] initially actually took the 
levels of trust back a little bit by design…but then 
that's the short tail. The long tail of that is that people 
actually trusted the honesty of the process and the 
honesty of what came out of this…so that hard piece 
… meant that the longer piece, the longitudinal piece 
was easier…There was a reason to have trust. 

(P19)

5.3   |   Creating the Solution With Diverse 
Expert Input

Good intentions and purpose can be undermined if they are not 
matched by the ability to develop an AI solution that is fit for 
purpose in effectively addressing the business problem. Being 
able to develop a good AI solution requires effective collabo-
ration between technical competence, legal expertise, data in-
sights, and domain knowledge.

Revenue NSW brought together three expert teams required to 
competently execute the AI project: the analytics team (with a 
deep understanding of the data having been embedded in the 
business of fines and debt collection for many years), the busi-
ness team (deep domain expertise on customers and vulnera-
bility), and the digital team (expertise in system design and 
development). Having experienced data scientists working 
alongside seasoned caseworkers who had been taking the calls 
from people claiming to be experiencing hardship was critical 
for effectively designing the solution:

[the data scientists] would sit and they would say, 
“Well, how do you manually figure out if someone 
is experiencing domestic violence, is homeless, has 
recently come out of a corrections centre? How do you 
separate who is and who isn't genuinely financially 
vulnerable?” And they would listen to calls with 
people. They would look at the notes. They would 
basically be very present in that process. 

(P57)
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Having diverse team input was important in engendering the 
trust of senior leaders, who had the ultimate accountability to 
the public and government. It gave them assurance, for example, 
when questions such as ‘how do we know that it's performing to 
its intention?’ were answered by the people who were engaging 
with customers, not just the data scientist who was tweaking the 
model (P85).

The leaders themselves intentionally involved a range of stake-
holders in various forums, to ensure they had carefully thought 
through potential impacts and to engender the trust of those 
stakeholders. For example, a cross-government governance 
mechanism was established, with representatives from police, 
corrective services, youth justice, LegalAid, and not-for-profits 
and justice organisations. The intent was that the governance 
was ‘not just a machine learning thing’ but instead a whole-of-
business initiative centered on having an ethical approach on 
‘how were we going to do something different for individuals 
flagged as vulnerable’ (P57). The Department sought input from 
experts in policy, law, privacy, cyber-security, risk, ethics, and 
human rights. Bringing these various sources of expertise to-
gether gave the senior leaders confidence that the solution would 
be effective and would be capably and responsibly developed.

Strengthening the Department's ability to deliver on its benevo-
lent promises involved an intentional choice to build the solution 
in-house. The Department assigned an accountable executive: 
the person responsible to the Department head for the AI solu-
tion. This role was important for keeping abreast of develop-
ments, being able to answer questions as they arose, and keeping 
the Department honest by continually questioning ‘Are we still 
good?’ (P19). This executive sponsor held regular meetings and 
briefings with stakeholders, including employees and govern-
ment regulators, which were important for building their trust 
in the governance processes. Leveraging internal capability and 
expertise meant that the accountable executive was close to the 
development process, giving stakeholders confidence in the solu-
tion's efficacy and accuracy rather than ‘pay someone to build 
you something and then we all sit here going, “well it's great but 
we actually don't know how it works”’ (P51). In-house develop-
ment also enabled experimentation by removing the time and 
resource constraints common to outsourced technology projects.

It should be noted that bringing together diverse data science 
teams and domain experts is not always straightforward, as they 
tend to speak ‘different languages’ (Waardenburg et al. 2022). This 
requires a significant commitment from the organisation and 
can require specific coordination mechanisms to make it work 
smoothly. While Revenue NSW's decision to create the solution 
in-house ensured they developed the necessary internal capabil-
ity, this is not always feasible in the resource-constrained public 
sector. Rather, the decision between in-house and outsourced AI 
development requires careful contextual consideration of the mer-
its and limitations of each option.

5.4   |   Developing, Validating and Monitoring 
the AI Solution Rigorously and Transparently

Creating the solution is only the starting point. Achieving 
trustworthiness also requires rigorous testing, validation and 

ongoing monitoring and refinement, pre- and post-deployment 
to demonstrate the ability and integrity of the AI solution and 
ensure models are sufficiently accurate and reliable for their 
assigned purpose.

More specifically, at Revenue NSW, people needed to be convinced 
of the AI solution's ability to correctly identify something as sub-
jective as vulnerability—and that the training data was sufficient. 
During model development, key characteristics of vulnerability 
were refined through an iterative process of consulting domain ex-
perts, drawing on research on vulnerability, and analysing where 
there were differences in judgement between the AI model, the 
rules-based system that had been in operation,6 and the domain 
experts' assessment of vulnerability:

We really had some interesting scenarios when 
we did some testing around the model saying they 
are vulnerable, but the system says they're not. Or 
the system says they're vulnerable, but the model 
is saying they're overwhelmingly not vulnerable. 
And getting feedback from business experts like – 
so what are the conditions do you think that caused 
those scenarios - that allowed us then to improve the 
model. 

(P51)

Another ability-enhancing approach of Revenue NSW was 
the establishment of ongoing monitoring, refinement and 
continuous improvement processes to ensure the AI solution 
continued to be fit for purpose and reliably produce accurate 
outcomes, as well as increased in accuracy over time. To pre-
vent problems associated with model drift, they used a static, 
rigorously tested baseline model in service delivery. While the 
static model was running daily operations, another dynamic 
model was continuously learning in the background. They 
regularly compared the dynamic model to the baseline model 
in a ‘champion-challenger scenario’ (P51)—initially every 
few weeks and then at least every 3 months—and when the 
dynamic model achieved higher accuracy with an acceptable 
level of explainability, the Department would make it the new 
static baseline model:

Every couple of weeks, we retrain a model and see if 
the world has drifted away from what the algorithm 
already knows. We don't necessarily put in the new 
model that's drifted because we keep a model static…
but when we have introduced new data elements to 
make it more precise, we would then also compare 
how much of a drift it has created and then literally 
check it and inspect it and sample it and say, “Is 
this right?” And what that feeds into is an internal 
discussion and briefing notes. 

(P19)

This approach was important for retaining trust and human 
control. It harnessed the power of AI's continuous learning 
ability to continually improve the model without compromising 
integrity. Over time, this resulted in an accuracy rate of 96%7 
(NSW Ombudsman 2024).
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Major efforts were put into reassuring stakeholders of 
the  AI  solution's integrity—from the design, through the 
development, to post-implementation: ‘here's the issue, 
here's  the assurance framework, here's the experts we 
brought, here's the way we assessed negative matches’ (P32). 
In the design, the Department's developers intentionally chose 
not to use inscrutable neural networks, despite their tendency 
to be highly accurate and efficient. Instead, they opted for an 
explainable model with traceable decision trees, justifying 
this decision based on the need to build trust through trans-
parency and explainability: ‘if you're going to build trust, you 
need to be transparent in explaining how you got to the deci-
sion’ (P32).

Furthermore, while ‘the full fines data set is used for this solu-
tion to ensure full inclusion and diversity in the data’, data that 
does not assist the model in predicting vulnerability was ex-
cluded to ensure that it did not influence the model's predictions 
(NSW Government 2021c, 5). For example, a conscious decision 
was made to exclude cases from training where there was insuf-
ficient data to determine vulnerability, for example:

[a] customer, never seen them before, they've just 
shown up in our system two months ago. They got 
one fine, never contacted us, and they've gone and got 
a Work Development Order or something like that. 
We really don't know a lot about that person to really 
call them either vulnerable or not. 

(P51)

In addition, the Department was aware that with this solution, 
‘our decisions have a behavior bias or discriminate to assist [the] 
vulnerable’ which led to the realisation that removal of bias 
would reduce the positive outcomes (NSW Government 2021c, 
5). Conscious decisions were made to not include attributes like 
gender and ethnicity in the attributes being considered to de-
termine vulnerability—even though they were present in the 
dataset—because they did not improve predictive accuracy, 
reduced the risk of future accidental inclusion in training, and 
reduced the risk of human bias in the review process (NSW 
Government  2021b). There was also awareness of overfitting, 
where the model performs well on the data it was trained on, 
but poorly on new and unseen data. To address this risk, the 
Department trained on two-thirds of the data, and used the 
other third to evaluate the model's accuracy, and over time, re-
duced the number of attributes being used to predict vulnerabil-
ity to improve generalizability (NSW Government 2021b).

The central data agency for government encouraged Revenue 
NSW to think through questions such as ‘Are we getting the 
right false positive and false negative rates? Do we under-
stand the consequences of false positives, false negatives if 
we're doing prediction type activities? And have we appro-
priately balanced or created ways of reversing any potential 
harm that comes from a false positive or a false negative?’ (P9). 
They found the false negative rate was high; that is, where the 
model inaccurately assesses someone as vulnerable, partly 
because ‘we don't know everything about everyone real time’ 
(NSW Government  2021b, 17). Conversely, it was very ac-
curate at predicting someone who was not vulnerable (NSW 

Government  2021b). This informed how the model was im-
plemented in workflow decisions. For example, proceeding 
to enforcement for customers predicted not to be vulnerable, 
and picking up false negatives in the manual review process. 
The Department continues to regularly rerun technical checks 
compared to the baseline and validate the results with humans, 
including true positives, true negatives, false negatives, and 
false positives (see Appendix B for further details on the train-
ing and development approach).

During deployment, the Department was constantly mea-
suring and monitoring the effectiveness and achievement of 
the intended outcomes, and adapting accordingly. For exam-
ple, ‘how many we're doing, how many are successful, what 
is the revenue being generated, how many customer con-
tacts, we look at complaints’ (P51). Post-implementation, the 
Department produces monthly reports to continuously assess 
the efficiency of the service:

How many people on a monthly basis had we 
identified as vulnerable, who was in the backlog, the 
hardship team – how many people were they able to 
reach out to, what's the number of hours that people 
on working development programs had been credited 
with, what does that mean in terms of dollar amount, 
are people sticking in with the [programs] or are they 
kind of falling off partway through. 

(P57)

It also has annual reviews with its external stakeholders, partly 
for education and partly to review how the process works. A 
learning from the early stages of the project was that these ap-
proaches were critical to building and maintaining trust with the 
business areas.

While Revenue NSW had a rigorous approach demonstrating 
trustworthiness and enhancing trust, it can be resource-intensive 
and challenging to execute in resource-poor organisations, which 
may counterintuitively stop the development of value-creating 
AI projects. Hence, leaders need to find a suitable balance be-
tween rigor and feasibility when developing AI, taking into con-
sideration the context and risks involved.

5.5   |   Preserving Human Discretion in 
Decision-Making

Machine-learning algorithms are only as good as the data used 
to train them, and they struggle with the contextual understand-
ing of humans' individual situations (Sarker  2021). Even the 
most rigorously developed AI systems cannot always be trusted 
to make decisions on people's unique circumstances. Hence, 
in high-risk contexts, or contexts where AI is being used to in-
form consequential decisions, retaining human discretion over 
decision-making is a powerful trust-enhancing approach that is 
often necessary to reassure stakeholders of the trustworthiness 
(i.e., ability, integrity, and benevolence) of decision-making pro-
cesses. As P51 explained: ‘We still want a person to make that 
assessment because we have to recognise the model's not going 
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to get it right all the time.’ In some contexts and jurisdictions, 
such human oversight is required to comply with legal or ethical 
frameworks.

At Revenue NSW, the collective learning from years of legal 
scrutiny of the automated garnishee system was: (1) a fully auto-
mated system was illegal, (2) an automated system with human 
oversight but no human decision-making was legal but morally 
‘wrong’, and (3) automation could legally be used to support and 
augment human decision-making on garnisheeing, for example, 
by identifying the accounts eligible to be garnisheed before the 
decision, and to request banks to garnishee accounts after the 
decision. The bottom line was that human oversight that did not 
involve a mental reasoning process to form a judgement was in-
sufficient. The AI part of the solution, to detect and remove vul-
nerable people from automated garnisheeing, needed to involve 
human discretion:

Legal advice was sought, and it was determined that 
[the solution] cannot be fully automated. That has to 
have a human intervention loop…because we're not 
ready nor do we have the legislative framework to go 
further for a straight-through machine process. 

(P57)

Hence, an augmented approach was used to determine vulnera-
bility, which ensured accountability remained with case officers:

This solution is designed to make predictions that 
assist Revenue NSW Officers to make decisions. The 
AI does not make any decisions itself. Accountability 
for the decisions to direct customers to alternative 
resolution pathways remains entirely with officers 
within Revenue NSW. 

(Digital NSW 2021)

Specifically, the AI removes any customers it predicts as vulner-
able from the list of accounts to garnishee, but ultimate deci-
sions are subject to human judgement and discretion: ‘They left 
human beings in a loop and said, “If you don't agree with AI, 
override it, you are human, you make the decision.”’ (P36). As 
P19 reinforced: ‘A human being has the last laugh. The machine 
never overrides a human, a human overrides the machine, and 
it normally settles people's nerves’.

This augmented human decision-making approach preserved 
relationships and trust between customers and service provid-
ers, which is key to meaningful work and employee engage-
ment. The augmented design not only ensured the solution's 
legal integrity and decision-making ability but also reinforced 
the benevolent customer-centric approach by mitigating the risk 
of harm to customers: if the AI solution made a mistake, there 
was still a layer of human review to ensure accuracy and a con-
textualised human understanding of the customer:

The machine made the actions that were considered 
positive and never punitive and just stopped the 
punitive actions without asking a human being. But 

then after the fact, or even every day when people 
could review what is being stopped, they were allowed 
to intervene either way. 

(P19)

Accountability for decisions, with the assistance of the AI 
solution for vulnerable customers, remained with the officers 
(Revenue NSW 2021a).

Supporting this process was an investment the government had 
made in improving the decision-making frameworks to ensure 
the right level of flexibility, accountability and fairness. This 
involved educating employees on discretionary judgements, an 
important factor in ‘human-in-the-loop’ decisions. The aim was 
to have consistent and fair decision-making for circumstances 
the legislation does not cover; for example, someone overstay-
ing paid parking at a hospital due to a procedure taking longer 
than planned. Good judgement and decision-making would say, 
‘Well, we're going to issue a caution rather than a fine in that 
instance’ (P57).

While retaining humans in the loop is trust-enhancing, we 
note that the importance and practicability of retaining human 
decision-making discretion depend on the use case, regulations, 
and context. In some cases, close human involvement would en-
cumber the process to the extent that AI's efficiency benefits are 
lost. Such situations require careful assessment of relevant legis-
lation and the trade-offs between the cost of human involvement 
and the potential risk of AI errors. In cases posing minimal risk 
and potential for harm, AI may be trusted without human over-
sight or discretion (for instance, recommender engines).

5.6   |   Aligning With the Authorising Environment

Finally, ensuring the integrity of AI solutions in public services 
requires empowerment and support from the structural assur-
ances provided by the broader authorising environment, aligned 
with internal governance. This includes formal authorization 
from budget holders, delegated decision-makers, and legislation, 
as well as formal and informal authority granted through min-
isters, commissioners, central agencies, and other influential 
stakeholders (APSC 2021). It also includes jurisdictional clarity, 
that is, clear lines of responsibility and an identifiable locus of 
authority to enable citizens to hold the correct decision-makers 
to account (Hobolt et al. 2013).

Being aligned with regulation and laws is a necessary founda-
tion for AI solutions to be perceived as trustworthy and legiti-
mate: ‘…for trust, we need the legislation to allow us to utilize 
AI’ (P36). While aligning with legislation and regulation has im-
plications for the design and implementation of AI systems (as 
discussed in #4 and #5), it may sometimes be necessary to pro-
actively advocate for changes in the authorising and governance 
environment to meet stakeholders' needs and expectations of 
public sector AI deployment (e.g., decision-making delegation). 
The rigor involved in changing legislation can reassure stake-
holders that appropriate laws, regulation, and external scrutiny 
are in place to protect people and ensure AI solutions are safe 
and trustworthy.
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Revenue NSW proactively ensured, and had independently au-
dited, the alignment of the solution, policy, and legislation as a 
critical trust-building measure. The accountable owner for the 
solution described how their own trust came from this assur-
ance, and the integration between the AI solution, the policy 
and the other delivery work related to delivering outcomes, 
rather than being technology-led, or using AI as a point solution. 
The Department also sought legal advice on the solution and 
its use of AI. This step was particularly important in the long 
shadow cast by Robodebt and for the concerns the Ombudsman 
had with automated garnisheeing. It enabled the Department to 
counter distrust by politicians and the media and for stakehold-
ers who were not ‘digitally savvy’ (P57).

In addition, Revenue NSW independently requested changes to 
the legislation to remove its own enforcement powers related to 
the collection of government revenue and fines. These changes 
involved a combination of measures designed to engender trust, 
such as removing the power Revenue NSW had to imprison fine 
defaulters and requiring a qualified social worker to oversee de-
velopment programs. One leader explained that legislating clear, 
simple rules was important to clarify ‘we won't do this, and we 
won't do that,’ thereby combating any claims of inappropriate 
use (P32). Executive leaders expressed the importance of any 
AI-enabled program aligning with the legal framework and the 
organisation's risk appetite:

My strong view is technology is an enabler, it's not the 
lead. So as we work through with the expert panels 
what legislation change might look like, then we 
can put together a package of work that will help us 
leapfrog to solutions. 

(P36)

In addition to aligning with the broader authorising environ-
ment, Revenue NSW strengthened its internal governance. 
This included articulating and publicly committing to its ob-
jectives, planned outcomes and principles, including that ‘data 
does not leave Revenue NSW boundary’, that ‘data and actions 
are restricted to authorized officers and processes’, that ‘con-
sent is legislative’ and that ‘the existing solution would not be 
used for another purpose without rethink and revalidation’ 
(NSW Government  2021c, 6–8). The Department formalised 
the senior leaders who had accountability for the process, es-
tablished monthly meetings, with reporting from the analytics 
and Fines team on outcomes, issues and suggestions for future 
improvements. As well as the measures outlined in #3, the peo-
ple ultimately accountable to the minister and public cited this 
forum as significant for engendering their trust. Specialists 
from both the Fines and Debts, and Analytics teams provided 
oversight of the process, so that Revenue NSW retained ac-
countability and decision-making rights, not the AI (NSW 
Government 2021c).

Throughout the development, Revenue NSW instituted new gover-
nance and auditing functions to mitigate the risks associated with 
AI. This included a steering committee with representatives of im-
pacted stakeholders, an outcome-based ministerial approval pro-
cess, and conducting regular independent third-party audits. The 
intent was to ensure there was an auditable and defensible record 

of decision-making, as well as to have appropriate ‘checks and bal-
ances in place…there is some safety net’ (P72).

Aligning the authorising environment can be challenging given 
the evolving nature of laws and regulations, particularly across 
departments with different legislative requirements. Moreover, 
pursuing changes to laws and regulations is desirable when 
those changes benefit citizens and society, as was the case with 
changes requested by Revenue NSW. However, governments 
might also use this approach to legitimise the harmful use of 
an AI system (for instance, to violate citizens' privacy or dis-
criminate against specific populations). Hence, efforts to change 
existing regulations in connection with AI systems should be 
subjected to broad consultation and diligent ethical scrutiny. We 
can also learn from this case that clarity of roles and responsi-
bilities within and across agencies enhances coordination and 
information sharing, supporting trust and participation among 
public-sector collaborators (Gil-Garcia et al. 2019).

6   |   Reflections on Trustworthy AI in the Public 
Sector

Given the low-trust environment in which this AI solution 
was incubated, the outcomes from this case are commendable. 
Assessments of trustworthiness do not exist in a vacuum. Rather, 
in the context of AI, trustworthiness should be understood in 
relation to the rapid proliferation of digital technologies across 
public and private sectors and the vulnerabilities these technol-
ogies create for people (Lockey et al. 2021). AI technology is not 
neutral but reflects the values and worldviews of its designers 
(Martin  2019). Its effectiveness is typically enabled by large-
scale collection of personal data, which can be invasive and ob-
scure to the subjects of data collection, raising questions about 
surveillance (Zuboff 2019), data justice (Masiero and Das 2019), 
and digital inclusion (Stelmaszak et al. 2024). The datafication 
of people combined with algorithmic decision-making enabled 
by AI technologies risks negative consequences (Newell and 
Marabelli  2015; Rinta-Kahila et  al.  2022) and can potentially 
amplify existing power imbalances (Zuboff 2019). In this con-
text, the Revenue NSW case portrays how these challenges can 
be addressed to enable the solution to be fully deployed and used 
by central government regulators as an exemplar of trustworthy 
AI. The case reinforces that a key source of ‘good reasons’ to 
trust (Lewis and Weigert 1985; Mollering 2006, 13) comes from 
structural assurances and control mechanisms, including laws, 
governance, and oversight mechanisms.

To deepen insight on the nature and effectiveness of Revenue 
NSW's approaches to engendering trust, in the next section, we 
systematically contrast these approaches with those taken by 
another government agency, in the high-profile Robodebt pro-
gram which resulted in widespread distrust.

6.1   |   Comparison With Robodebt

The Robodebt system was originally implemented in response 
to a political party's campaign promises to balance the budget 
and improve the integrity of the welfare system. Reducing the 
national debt had been a long-standing objective and campaign 
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theme of Australian political parties, and one means to this end 
has been to enforce welfare compliance. This strategy had often 
been accompanied by the demonization of welfare support recip-
ients (Hutchens 2022), with politicians claiming that some citi-
zens intentionally defraud the welfare system by collecting more 
payments than they are entitled to. While the agency in ques-
tion had a long history of managing complex IT projects, the 
Robodebt system was developed and deployed hastily without 
heeding best practices. The system replaced a previous, human-
centric process with poorly designed automation that shifted the 
burden of proof by forcing the targeted citizen to prove they did 
not owe a debt to the government.

Four similarities between the Revenue NSW and Robodebt 
cases make it a relevant comparison. Both solutions involved 
an Australian government agency leveraging algorithmic 
decision-making to collect revenue from individual citizens. 
Both agencies had evidence of significant outstanding debt to 
the government. Both systems became operational around the 
same time, with the Robodebt system implemented in 2016 and 
Revenue NSW AI 2 years later. Both had the lawfulness of their 
schemes challenged by individuals, advocacy groups, regula-
tors, and the media.

However, our comparative case analysis revealed key differ-
ences in the approaches taken in relation to (a) the solution's 
purpose, (b) stakeholder orientation, (c) system design, and (d) 
relationship with the authorising environment, which led to 
radically different trust outcomes. A summary of these different 
approaches is shown in Table 3.

6.2   |   Considering Unintended Consequences

The case comparisons (above) highlight how the trust-
supporting approaches we identified can facilitate trustwor-
thiness. However, it is prudent to consider that under different 
conditions some of these approaches may have unintended 
consequences. For example, the approaches assume the gov-
ernment's perspective on human rights and justice aligns with 
the broad interests of society. When this is absent, such as with 
the Robodebt system, it can enable government leaders to frame 
and defend flawed programs as being in the public interest, even 
when they demonstrably cause harm and result in mistreatment 
of some citizens. This highlights the importance of balancing 
the needs of individual citizens with the needs of the collective 
in the delivery of public services to avoid alienating segments 
of the population and undermining trust in public services 
(Commonwealth of Australia 2024; Halma and Guetzkow 2023).

Second, radical honesty may backfire if weaknesses or potential 
problems are leaked to the media early in the consultation, de-
sign and development stages, before they have been addressed. 
Careful and thoughtful stakeholder management and consulta-
tion are required across all phases of the AI lifecycle to prevent 
such leaks and potential damage to trust. Third, while having 
a human in the loop can protect people from harm by identify-
ing and correcting AI mistakes, this approach may create a false 
sense of security if the human actors are not effectively able to 
intervene in the process at relevant stages, or if they grow ex-
cessively reliant on AI and fail to exercise their own judgement 

(Rinta-Kahila et al. 2023). For instance, the leaders defending 
the Robodebt system claimed that the system's decisions were 
subject to human discretion; however, this was not meaningful, 
as the staff were instructed to accept the algorithmic calcula-
tions and discourage citizens from contesting them. Fourth, 
while Revenue NSW pursued legislative changes to protect the 
public from potential AI harm, a less trustworthy organization 
might abuse its authority and advocate for legal changes that are 
not in the public's interest to legalise destructive uses of AI.

6.3   |   Building Foundational Capabilities 
for Trustworthy AI Solutions

Across our larger dataset, we observed a pattern in which the 
agencies that deployed AI solutions perceived as trustworthy 
had each first invested in developing foundational capabil-
ities in data and customer-centricity over several years. For 
Revenue NSW, these investments enabled moving from benev-
olent customer-centricity as a broad organisational ethos to 
individual-level action. The investment established a function 
for strategy and transformation, building capability in cus-
tomer experience, strategic planning and project governance, 
and where the ‘biggest thing was the transformation around 
how the organization interacted with the citizen’ (P57). The 
change involved training programs, awards that incentivised 
customer-centric behaviour, reshaping processes and systems 
to present a unified front to customers, ensuring communica-
tion with customers was empathetic, clear and in plain English 
and gaining a deeper understanding of customers through the 
investment in data. As one leader described, in the years pre-
ceding the AI program's implementation, the Department was 
‘living and breathing data every day’ (P70). A restructure to 
increase customer-centricity then brought previously dispa-
rate teams together, which, combined with the data analytics 
capability, provided fertile ground for the development of the 
AI solution.

These foundations supported trust in the AI solution in two 
key ways. First, the deep understanding employees had of the 
Department's customers and service processes, along with the 
measures they had in place, enabled the AI solution to be devel-
oped in a way that catered to the complex and diverse range of 
individual customer circumstances. It built employee capability 
for problem-solving in a way that would not have been possible 
in procuring an AI solution from the market:

With the sort of deep problem solving that requires a 
really, really detailed understanding of the business 
processes…we felt we could do a better job than the 
[consulting firms]. 

(P57)

The data also provided the Department with the means to ef-
fectively govern the AI solution. An executive explained the 
level of data they had access to was a critical success factor, as 
they ‘knew at all times how many fines had been issued, how 
many fines had been paid, how many fines had gone through 
reminder notice, how many enforcement order, how many 
people are paying an enforcement order versus not’ (P57).
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Second, the investment in data management and governance 
mechanisms enhanced the willingness of other agencies to 
share data with Revenue NSW, providing a greater pool of high-
quality citizen data for developing and training the AI model 
and ensuring its accuracy. These data governance mechanisms 
included appointing data custodians, conducting impact assess-
ments, understanding the relevant regulations, establishing 
data sharing agreements, and minimising unnecessary collec-
tion of personal information from citizens.

7   |   Management Implications

The question we asked at the outset of this research was: how 
can government leaders demonstrate to stakeholders their 
trustworthy use of AI in public services? Our case analysis 
showcases how and why a public sector agency—grappling 
with significant trust challenges—managed to design, de-
velop and deploy a widely accepted AI solution through the 

use of six trust-supporting approaches. The considerations 
and caveats  with each approach demonstrate that trust 
challenges,  and the approaches to build trust, extend be-
yond  the technology artefact itself and into broader organi-
sational practices and regulatory frameworks. Trust in an AI 
system cannot be properly evaluated or achieved unless the in-
stitution implementing AI commands stakeholder confidence. 
Revenue NSW nurtured trustworthiness at multiple levels—
technical, organisational, and regulatory—underscoring the 
intricate tapestry of public sector accountability structures. 
A phased rollout, systematic engagement with different 
stakeholders, and openness to external scrutiny contributed 
symbiotically to demonstrating trustworthiness and support-
ing trust.

This rendering of trust as multidimensional, socio-technical 
and socio-political in nature, rather than a static metric, is a 
key insight that reminds us that demonstrating trustworthi-
ness is fluid, contextual and involves iterative learning. As 

TABLE 3    |    A comparison between Robodebt and Revenue NSW's approaches.

Dimension

Approach

Robodebt system Revenue NSW AI solution

Purpose Economic purpose: Designed to maximise 
revenue to the government despite 
negative human implications
Punitive: Sent letters to people, including 
vulnerable citizens, claiming they 
owed the government money
High-risk and negative impact on citizens: The 
system had a substantial impact on citizens, 
requiring them to either pay or challenge the 
alleged debt; false positives impacted citizens 
negatively and unfairly, subjecting them to distress

Human purpose: Designed to find ways to 
protect and help people, and counter external-
to-agency concerns of losing revenue
Protective: Prevented the garnisheeing of 
accounts for people likely to be vulnerable
Low-risk and positive impact on citizens: The 
system could only have a positive effect on citizens. 
Identifying a person as vulnerable meant that 
the citizen would be protected from automatic 
garnisheeing; false positives had no negative impact 
beyond potential perceived unfairness of some being 
exempt from garnisheeing while others were not.

Stakeholder 
orientation

Closed: Failed to consult key stakeholders, 
such as Digital Transformation Agency 
and Australian Council of Social Service, 
in the development of the solution; ignored 
criticism when the system was in use

Open: Engaged openly with different stakeholders, 
striving to identify blind spots in the Department's 
approach; exposed the solution to scrutiny

System design Simplistic: Rule-based algorithmic system 
that made deterministic and unrealistic 
assumptions about overpayments to 
citizens based on inadequate data
Human out of the loop: The algorithmic system 
made decisions that directly affected citizens, 
with no corrective human intervention
No feedback mechanism: No oversight mechanisms 
established; the system was kept operational for 
3 years despite ample evidence of inaccuracy

Elaborate: Machine-learning system that 
produced dynamic, probability-based predictions 
about citizens' vulnerability status
Human discretion: The AI solution made decisions that 
directly affected citizens, but those were reviewed and 
could be overruled by human employees at any point
Strong feedback mechanism: Extensive training, 
validation, and regular ongoing monitoring of outcomes

Relationship 
with the 
authorising 
environment

Contradictory: The solution operated in 
contradiction to legislation. Internal and 
external stakeholders' concerns about the 
solution's legality were ignored or dismissed; 
the deployment agency increased punitive 
powers without legislative support

Aligned: The solution operated in alignment 
with legislation. Revenue NSW sought legal 
advice and consulted heavily with regulators to 
ensure its approach was legal; the Department 
successfully requested changes to the legislation 
that curbed their punitive powers
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such, trust challenges cannot be solved in isolation, and there 
can be no formula for building trust. However, we outline 
three important implications for public sector leaders seek-
ing to demonstrate trustworthiness and support trust in their 
agency's use of AI.

7.1   |   Demonstrating Trustworthy AI Use Requires 
Relational and Technical Capabilities

An important learning from this case is that demonstrating 
trustworthiness is as much relational as technical (Gillespie & 
Dirks, 2026). Certainly, leaders need to understand and man-
age the risks and vulnerabilities raised by unique technical at-
tributes of AI, including its autonomous capabilities, dynamic 
learning, and inscrutable operating logic. However, addressing 
these technical trust challenges alone is not sufficient, particu-
larly in the socio-political context of government. A proactive, 
intentional strategy for building and sustaining stakeholders' 
trust by demonstrating the trustworthiness of the AI solution 
and its integration into service delivery is needed, as well as 
demonstrating to stakeholders the broader trustworthiness 
of the organisation deploying and governing the AI solution 
(Söllner et al. 2016; Van der Werff et al. 2021). If stakeholders 
are cynical and sceptical of the deploying organisation, even the 
most trustworthy AI application may be rejected.

Supporting relational trust requires leaders to think carefully 
about the stakeholder ecosystem: who needs to be involved, 
who can influence, and who will be impacted by the AI solu-
tion. This stakeholder ecosystem often includes regulators, 
funding agencies, ministers, other public agencies, citizens, 
employees, and people with a vested interest in the existing 
or improved service. Taking stock of trust in the relation-
ship with each stakeholder group, understanding their needs, 
vulnerabilities and concerns in relation to the AI solution, 
demonstrating genuine care and concern for their interests, 
and investing time in genuinely addressing their concerns are 
examples of important relational approaches to supporting 
trust with stakeholders. This investment in relationships and 
commitment to understanding stakeholders can be mutually 
reinforcing, as genuine consultation typically leads to im-
proved solutions that are more trustworthy, which reinforces 
trust and acceptance.

7.2   |   Trustworthy AI Implementations Are 
Problem-Driven, Not Technology-Driven

Another important insight from this case and the other AI 
cases we studied is that trustworthy AI implementations are 
problem-driven, not technology-driven. As one participant re-
flected: ‘One of the reasons that this was an award-winning 
policy and I think the key to its success…is it wasn't an “AI 
project”. It was a project that AI was part of.’ (P36) We ob-
served trust and adoption were more difficult to secure in AI 
projects driven chiefly by the technical capabilities of AI (e.g., 
the productivity benefit of fully automating a decision-making 
process) or solely financially motivated (e.g., a desire for cost 
savings or revenue generation), as opposed to being driven by 

a genuine problem affecting stakeholders (e.g., using AI to 
identify and remove human bias in a service). We frequently 
heard of projects failing due to leaders being ‘hoodwinked’ 
into AI-led service transformations based on unrealistic and 
untested promises of productivity gains. In contrast, a real 
problem coupled with a benevolent purpose is poised to build 
trust by signalling that the Department is deploying the AI for 
the right reasons.

An important implication is that leaders need to be mindful of 
the purpose of their AI initiatives and what problems they are 
seeking to solve with AI. One approach is to start with a ‘hairy 
chestnut’—something that has been a significant problem for 
customers and that the Department has been unable to solve 
through traditional approaches. Such problems mobilise and 
motivate diverse stakeholders to work together to innovate and 
overcome concerns, and critically, evaluate whether AI is the 
‘right tool’ for solving the problem. It is important to acknowl-
edge that AI solutions are rarely neutral, but rather embody the 
values and priorities of their designers (Martin 2019). Having a 
meaningful problem to solve, combined with a benevolent pur-
pose and a customer-centric approach, helps ensure that AI solu-
tions embody and reflect trust-inducing values.

7.3   |   Demonstrating Trustworthy AI Use 
Invariably Involves Navigating Tensions

An implication of our case study, evident in the considerations 
and recommendations, is that demonstrating trustworthy de-
velopment and use of AI solutions is not straightforward and 
typically involves navigating several tensions. Addressing one 
trust challenge can exacerbate other trust issues. For example, 
more comprehensive datasets can augment the accuracy of AI 
solutions, with accuracy a key determinant of the trustworthi-
ness of the system. However, this must be balanced with con-
sent to collect and use this data, and individual rights to privacy. 
Knowing too much about an individual—for example, their 
medical or criminal records or the number of properties they 
own—may compromise the individual's privacy and trust in the 
government. A related tension is that more accurate AI solutions 
based on deep learning models are often less explainable than 
less accurate but more explainable models. Another trust ten-
sion evident in the case relates to openness and transparency. 
Leaders being open with stakeholders about the limitations of 
the AI solution can have short-term negative impacts on trust 
and can seem counterintuitive in the risk-averse context of gov-
ernment. However, in the long term, this can be more effective 
in managing expectations and building trust.

A tension in government is that the business case to justify AI 
solutions can reveal inefficiencies, bias and inaccuracies in 
the existing manual processes, opening the potential for polit-
ical and reputational ramifications. Revenue NSW described 
how it ‘shared its dirty laundry’ with existing stakeholders, a 
stance that required courage and humility. This was signifi-
cant in ‘building the trust of all the agencies that Revenue New 
South Wales [deal with]’, balancing its remit to collect debt with 
‘trying to bring issuing authorities along that journey with us as 
well’ (P70).
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While some of these tensions may exist with traditional tech-
nology solutions, they are exacerbated with AI solutions be-
cause of AI's unique attributes and its capability to make or 
inform decisions affecting stakeholders. The implication for 
government leaders is that implementing trustworthy AI is 
not a linear, set-and-forget journey. It requires judgement calls 
to navigate tensions in a way that supports trust, and ongoing 
efforts to ensure that trustworthiness is demonstrated to sus-
tain trust over time.

8   |   Boundary Conditions and Future Research

The strengths of our case study approach need to be consid-
ered in light of its limitations. While our case documentation 
and media articles are time-stamped and gave insight into 
the unfolding of events, our interview data was retrospective. 
While the interviews benefitted from participants' reflection 
on longer-term impacts of approaches to supporting trust, they 
may suffer from limitations of memory bias and retrospective 
sense-making. Like all case studies, there is a trade-off be-
tween deep and rich insights, and the ability to generalise find-
ings (Yin 2018).

A second limitation is the lack of direct measurement of public 
trust in the AI-enabled service. As noted in Appendix  A, for 
privacy reasons, we could not identify citizens who were sub-
jected to the AI solution. Rather, we reference objective data, 
quantifying the significant reduction in customer complaints 
since the introduction of the AI solution. We also inferred pub-
lic trust and acceptance from media articles, interviews and 
reports by stakeholders whose role involved advocating for cus-
tomers and representing the public interest. Future research 
could employ surveys and focus group methodologies using 
representative sampling to examine citizen trust of AI-enabled 
services directly.

An important and promising line of future research is to ex-
amine how the application of normative frameworks like ‘trust 
by design’ in the development and implementation of AI solu-
tions may reduce power asymmetries, embed accountability 
checks, and minimise harms in each step of the AI lifecycle. 
While Revenue NSW's AI solution met the AI ethics framework 
subsequently deployed by the Government, we call for further 
research that directly examines whether and under what con-
ditions ‘trust by design’ principles and responsible AI assurance 
frameworks promote stakeholder trust.

The case was positioned in the Australian government context, 
at a time of significant distrust in the government's use of auto-
mated technology in public service delivery. Translation and gen-
eralizability of the trust-building strategies to broader contexts, 
including other countries, the private and non-profit sector, and 
other AI use cases, warrant examination. We expect that with 
careful adaptation and customization to fit the local political, 
social and cultural context, the six trust-building approaches 
will be broadly applicable across a range of contexts and appli-
cations. This is supported by our broader research which found 
these approaches applied in multiple other public sector AI use 
cases. It also aligns with prior work suggesting the underlying 
theoretical mechanisms and principles supporting trust, such as 

demonstrating ability, benevolence and integrity, and assuring 
trust through institutional safeguards, are applicable across a 
variety of cultural contexts, levels, and referents of trust (Ferrin 
and Gillespie 2010; Fulmer et al. 2024; Gillespie and Dirks 2026).

The generalizability of the trust supporting approaches across 
cultural contexts is further reinforced by recent multi-country 
surveys of public trust and attitudes towards AI. These works re-
veal strong convergence and endorsement in public expectations 
for AI governance and regulation across countries (Gillespie 
et al. 2023, 2025). For example, across 48,000 people representing 
47 countries, 83% report a greater willingness to trust AI systems 
when governance mechanisms are in place that align with the six 
trust supporting approaches, such as regular system monitoring 
for accuracy (approach #4), human intervention to correct, over-
ride or challenge AI recommendations (approach #5), and laws, 
regulations and policies to govern responsible AI use (approach 
#6; Gillespie et al. 2025). This consensus was found despite sig-
nificant variation across countries in the level of public trust and 
acceptance of AI use, and regulatory frameworks. Furthermore, 
a 17-country study reported that 95% of people endorse the prin-
ciples and practices of trustworthy AI—which underpin the six 
trust supporting approaches—as important for their trust in AI 
systems (Gillespie et al. 2023). These findings held across a range 
of AI use cases (e.g., AI use in healthcare, human resources, se-
curity, and recommender systems), suggesting their universal 
relevance (Gillespie et al. 2023; 2025).

We anticipate that in contexts characterised by high mistrust, 
limited legal and institutional safeguards, and high-stakes AI 
applications, stakeholders will require greater reassurance that 
AI solutions are being designed, developed and deployed in a 
trustworthy and responsible way, and may demand additional 
trust-building approaches beyond those identified in the current 
study. Similarly, AI use cases that heighten particular vulnera-
bilities, such as the security of sensitive information, are likely 
to require specific practices to secure trust (e.g., privacy by de-
sign, reassurances of data security).

Recent evidence suggests that people in advanced economies 
(as defined by the International Monetary Fund), such as the 
United States, are generally less trusting and accepting of AI use, 
and more likely to believe that existing regulation and institu-
tional safeguards are inadequate to make AI use safe, compared 
to countries with emerging economies, such as India (Gillespie 
et  al.  2023, 2025). An implication is that trust-supporting ap-
proaches—such as aligning the authorising environment—
may be more important for securing trust in advanced than in 
emerging economies. The implementation of the comprehensive 
European Union AI Act8 will continue to reshape the authoris-
ing environment and institutional safeguards governing AI, 
clarifying expectations of what organisations developing and 
deploying AI are required to do to demonstrate trustworthiness 
through adherence to regulatory frameworks.

Advances in AI technologies may also reveal new challenges 
for trust that require adaptations to existing trust-building prac-
tices. Given the rapid advances and uptake of generative AI 
technologies and large language models, we call for future re-
search that examines the efficacy of the recommended strategies 
in the context of high-stakes generative AI use.
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Endnotes

	1	Interviews are an accepted method to examine how trustworthiness is 
demonstrated and how trust is built and sustained over time; see Lyon 
et al. (2015). Handbook of Research Methods on Trust. Edward Elgar 
Publishing.

	2	The opportunity cost was estimated to be $200 000 AUD.

	3	Ironically, Revenue NSW's AI solution—which was instigated to 
address these concerns by preventing garnisheeing accounts of vul-
nerable people—initially got caught in the line of fire: it was report-
edly misunderstood by some as amplifying the practice of automatic 
garnisheeing Revenue NSW.  (2021b). Using machine technology: 
Clarification on claims in media in response to the ombudsman report 
‘The new machinery of government: using machine technology in ad-
ministrative decision-making’. Revenue NSW, https://​www.​reven​ue.​
nsw.​gov.​au/​news-​media​-​relea​ses/​using​-​machi​ne-​techn​ology​.

	4	Actionable garnishee complaints reduced from 214 in the 2015–2016 year 
prior to the introduction of the AI solution to 28 in 2019–2020 post im-
plementation of the AI solution NSW Ombudsman.  (2024). Revenue 
NSW—The lawfulness of its garnishee order process. NSW Government 
https://​www.​ombo.​nsw.​gov.​au/​Find-​a-​publi​cation/​publi​catio​ns/​repor​
ts-​to-​parli​ament/​​other​-​speci​al-​repor​ts/​the-​new-​machi​nery-​of-​gover​
nment​-​using​-​machi​ne-​techn​ology​-​in-​admin​istra​tive-​decis​ion-​making.

	5	LegalAid is a government funded organisation which provides free or 
low-cost legal services to people who cannot afford a lawyer.

	6	The “system” is used by employees for debt management, and has 
functionality including looking up customer debt, sending messages to 
debtors, setting up payment plans and receiving payments.

	7	“…when tested against 250 000 Revenue NSW customers in 2018, the 
model was found to be 96% accurate in terms of (automatically) iden-
tifying people as vulnerable that Revenue NSW itself would otherwise 
(manually) have assessed as vulnerable” NSW Ombudsman.  (2024). 
Revenue NSW—The lawfulness of its garnishee order process. NSW 
Government https://​www.​ombo.​nsw.​gov.​au/​Find-​a-​publi​cation/​publi​
catio​ns/​repor​ts-​to-​parli​ament/​​other​-​speci​al-​repor​ts/​the-​new-​machi​
nery-​of-​gover​nment​-​using​-​machi​ne-​techn​ology​-​in-​admin​istra​tive-​
decis​ion-​making.

	8	The EU AI Act is one of the most significant reforms to legislation and 
regulation of AI which governs members of the European Union.
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Appendix A

The Research Method

This study aimed to advance understanding of the trust challenges ex-
perienced in developing and integrating AI into public services, and 
the approaches that helped address these challenges by demonstrating 
trustworthiness and facilitating trust. We chose an exploratory, abduc-
tive, qualitative case study method, which is appropriate for research 
questions examining complex, context-dependent phenomena for 
which there is limited existing knowledge (Eisenhardt 1989; Yin 2018).

Our engagement with the Department commenced with the first inter-
view in October 2021 and completed with a validation (member check) 
meeting in September 2025. After conducting a first meeting and in-
terview with the Project Director, we mapped the various stakeholders 
of the AI-solution and those with in-depth understanding of the AI de-
sign, development, implementation and governance process based on 
documentary analysis and information provided by the Department. 
This stakeholder mapping was continually updated as understanding 
of the case developed and included the AI solution builders and de-
velopers, domain experts, accountable leaders, people in governance 
roles, employees who used the AI solution, and representatives of the 
public impacted by the solution. The Department facilitated access to 
stakeholders, which we supplemented with an independent snowball-
ing technique, asking at the end of each interview who else we should 
interview to obtain diverse perspectives on the case.

Our interview data consists of 14 in-depth interviews, ranging in length 
from 27 to 78 min, with an average length of 57 min. This provided ap-
proximately 200 pages of transcripts. Our interviewees (see Table A1) 
represented a broad range of roles, including key people involved in the 
initiation, design, development, implementation, management, regula-
tion, governance or use of the AI solution and project, including pol-
iticians, government regulators, senior leaders, managers, developers, 
data engineers and subject matter experts (SMEs) with case work ex-
perience. Interviews were conducted either in-person or online, were 
recorded and professionally transcribed, and continued until data satu-
ration was achieved with no new themes emerging.

In addition to interviews, we collected rich case documentation, includ-
ing media articles and press releases, agency presentations, strategy 
documents, annual reports, parliamentary and ombudsman reports, 
as well as communications on agency websites and social media (see 
Table  A2). This documentation provided longitudinal, time-stamped 
data on the unfolding of the case, and importantly, information on 
external stakeholders' trust and broader views, concerns, praise and 
acceptance of the AI-enabled solution, including by representatives of 
the public interest, such as the Ombudsmen, Privacy and Information 
Commissioners. Table  A3 outlines the strategies used to enhance 
the trustworthiness and rigour of the research method and analysis 
(Merriam and Grenier 2019).

For privacy reasons, we could not directly access citizens who were 
subject to the AI solution's decisions. Rather, citizens' trust and accep-
tance of the solution is inferred by the ‘significant reduction’ in citizen 
complaints about the Department's debt collection process once the 
AI-solution was implemented, as confirmed in interviews (P19) and 
by the Ombudsman's independent report (NSW Ombudsman 2024). A 
key role of the Ombudsman in Australia is to ‘safeguard citizens from 
government actions which could adversely affect them’ and ‘give cit-
izens a voice’ to complain where they may not otherwise feel safe or 
comfortable to do so. They are often the only avenue readily available 
to individual citizens, particularly vulnerable citizens, seeking recourse 
on matters of maladministration or misconduct by public agencies 
(Neave 2015, 44). Hence, the reduction of citizen complaints as reported 
by the Ombudsman is an important indicator.

This behavioural indicator was triangulated with positive accounts 
of public sentiment and outcomes from interviews with domain ex-
perts who interacted with the public and regulators charged with up-
holding the public interest, triangulated by media reports and the 
Ombudsman's reports. For example, central government leaders cited 
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this case as an exemplar of trustworthy AI (NSW Government, 2021), 
and the Department received awards for the program as evidenced in 
public domain annual reports (Revenue NSW 2020). Designers of the 
NSW Government AI Assurance Framework described this use case as 
a success (P9).

In the first stage of analysis, the transcripts were read by four of the au-
thors, and discussed through multiple meetings to identify key themes 
and patterns (Pettigrew 1990). The second stage was more structured 
and involved using NVIVO qualitative software and a coding proto-
col based on the emergent themes and patterns (Gioia and Pitre 1990) 
to code and triangulate the emerging insights from interviews with 
the secondary data sources. Using a process of systematic combining, 
we iterated between these data sources to make comparisons, refine 
terms and validate findings (Corbin and Strauss  2015; Dubois and 

Gadde  2002; Eisenhardt  1989). We synthesised interview transcripts 
and archival data into a case history and analysis of 42 401 words (42 
pages), including a chronology and timeline of the AI solution de-
velopment and implementation, summary of the perceived risks and 
benefits, the trust challenges experienced, and the approaches used to 
engender trust, each supported by quotes from the informants and case 
documents.

The analysis process resulted in identifying key trust challenges and 
approaches taken by the Department to address these challenges by 
demonstrating trustworthiness and supporting trust. We then con-
ducted cross-case analysis with seven other cases within our broader 
research program, for further triangulation, identifying corresponding 
challenges and trust-supporting approaches. This further solidified our 
confidence with the findings reported in the Revenue NSW case.

TABLE A1    |    Interviewee profiles and interview timing.

Role on project # Title
Interview timing 

(min)
Date of 

interview

Developer/builder/
operatora

P32 Revenue NSW Senior Leader – Digital 27 July 2022

P51 Revenue NSW – Data engineer and system developer 71 May 2022

P57 Revenue NSW – Leader – Digital 52 April 2022

P19 Revenue NSW Senior Leader – Data 78 October 2021

Domain expert P70 Revenue NSW Leader – Businessb 48 May 2022

Sponsors P36 Revenue NSW Leader – Business lead and project 
sponsor

54 June 2022

P85 Revenue NSW Senior Leader – Accountable executive 
(executive sponsor)

66 October 2022

Governance P9 Central Government Leader – Data and AI Governance 54 March 2022

P34 Central Government AI Subject Matter Expert (SME) – 
Governance forum

56 April 2022

P58 Central Government AI SME – Governance forum 62 May 2022

P76 Central Government Regulator – Privacyb 58 August 2022

P77 Central Government Legal SME – Governance forum 52 September 2022

P84 Central Government Regulator – Informationb 63 September 2022

Governance/strategy P72 Central Government Politician – Accountable owner 53 August 2022
aInvolved in the design, development and operation of the AI solution.
bInformed understanding of public trust and sentiment, and the views of affected stakeholders.
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TABLE A2    |    Data sources used for case study analysis.

Data source How used in the case analysis

D1 Central government website describing
–	 How is AI used to enhance customer interactions
–	 Building a digital and customer capable workforce
–	 Digital and customer capability framework
–	 AI Assurance framework

Context on AI in government and governance 
mechanisms in place

D2 Revenue NSW website describing
–	 the service (2 documents)
–	 the Dept and its mission
–	 the Dept's use of AI

Public communication on the service and Department's 
use of AI and data
Inform case context
Information on use of AI and data

D3 Revenue NSW strategy Inform case context

D4 Revenue NSW annual report (x2) Inform case context

D5 Ombudsman report and annexurea Informed understanding of public trust, sentiment 
and concerns of public interest with use of AI in the 
Department's operations

D6 Media reports on Revenue NSW use of AI and media interviews with 
Revenue NSW (x6)a

Informed understanding of public trust and sentiment on 
the case

D7 Parliamentary transcriptsa Inform understanding of central government context, 
including funding and regulation of the AI solution and 
public interest considerations

D8 Opening Government: Shaping democratic outcomes in the information 
age (Bennett 2018)

Referred by P19. Approach to transparency and 
engagement in government

D9 Presentation to central government AI committee Inform the case context, design approach and solution

D10 Revenue NSW press release addressing media reports Inform community concern with Revenue NSW use of AI

D11 Program Annual report Inform the context and content of overall solution

D12 Revenue NSW Website: Changes to legislation including the Fines Act Removing powers to seek imprisonment of fine defaulters, 
to enable a social worker to supervise development 
program activities negotiated in lieu of paying fines, and 
the authority to get information from other agencies and 
financial institutions

D13 Social media update Announcement of legislation changes on LinkedIn

D14 Government legislation Legislation pertaining to the collection of government 
revenue and fines

aInformed understanding of public trust and sentiment and views of affected stakeholders.
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Appendix B

Training and Development of the AI-Enabled Solution

In developing the model, Revenue NSW tested multiple different 
types of machine learning models and implemented what they found 
to be most accurate fit for their purpose, including ‘regression, deci-
sion tree, gradient boost’ and different languages such as ‘R, Python 
and WEKA’ (NSW Government 2021b, 17). Over time, Revenue NSW 
found that training/testing/validation on an entire large population, 
and the characteristics of that large population, are quite stable. 
Training/testing/validation against multiple random sample subsets 
has shown the same result for all subsets, giving confidence that data 
sampling uniformity exists and is a feasible basis for ongoing training 
and validation (P19).

In 2018, the model was found to be 96% accurate at automatically iden-
tifying people that staff would manually have assessed as vulnerable. 
A threshold was determined from analysis of collection rates relative 

to the prediction of vulnerability, finding a significant drop in the abil-
ity for debts to be repaid when there was over 70% likelihood that the 
person was vulnerable (NSW Government 2021b). The business rules 
for the garnisheeing system were then modified so that fine defaulters 
over a predicted vulnerability threshold were excluded from files to be 
garnisheed (NSW Ombudsman 2024).

To address concerns on the need for human oversight of the remaining 
accounts to be garnisheed, a Check Summary Report was introduced 
in 2019 using a traffic light system. If all traffic lights were green, the 
delegated officer approved the garnishee order. Vulnerability was one 
of several criteria used to exclude individuals from the garnishee list. 
Over a period of 4 years, changes were made to the Check Summary 
Report to address concerns that human oversight was merely ‘rubber-
stamping’ and did not engage human discretion and judgement (NSW 
Ombudsman 2024, 25).

TABLE A3    |    Strategies for enhancing the trustworthiness and rigour of the research method.

Strategy Description

Triangulation To gain a comprehensive understanding of the trust building strategies, we used method, data 
and investigator triangulation (Patton 1999). We collected data using interviews conducted 
with a range of stakeholders internal and external to the Department, triangulated with 
archival data from a diverse range of sources including Department presentations, reports 
and project documentation, and websites, as well as public domain reports, parliamentary 
transcripts, media articles and social media posts. The research team included six researchers 
that brought interdisciplinary expertise in the fields of management, information systems, 
psychology, ethics and public policy.

Member checks Between May and September 2025, multiple members of the Department reviewed this paper 
and verified the accuracy and comprehensiveness of the case study description, the strategies, 
practices and actions taken, and their rationale. The case study was approved for publication 
by the Senior Executive responsible for the Department. Interviewees were provided with the 
opportunity to review and correct their interview transcript prior to analysis.

Analysis Three members of the research team analysed the data, working iteratively until key themes 
were identified and agreed upon, and a coding protocol established and applied. Multiple 
meetings and discussions were used to clarify and refine the themes and codes, including 
gaining feedback from the broader research team on the coding protocol and trust-supporting 
approaches. Inter-coder reliability was further supported by having two members of the 
analysis team code the same sub-set of interviews and documents using the coding protocol 
and discuss any divergent codes and interpretation until consistent agreement was reached.

Researcher reflexivity After each interview, the interviewer(s) wrote a memo reflecting on the conduct and content of 
the interview and their reflections and observations. The research team met regularly to reflect 
on the emerging findings and analysis.

Adequate engagement and variation in data 
collection

Across the research program, we interviewed 95 stakeholders across a range of government 
agencies. For the Revenue NSW case, we interviewed 14 internal and external stakeholders (see 
Table A1), complemented by a diverse range of documents (see Table A2).

Rich, thick descriptions For each case, we wrote a thorough case description. The Revenue NSW case description, used 
as the basis for this case study paper, was 42 401 words (42 pages).
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