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ABSTRACT
Artifcial intelligence (AI) is increasingly integrated into accounting, automating tasks such as data processing, risk assessment and
fnancial reporting. While AI ofers efciency gains, it raises ethical and data privacy risks, challenges professional accountability
and tests the efectiveness of governance frameworks. This study investigates how these risks are perceived, managed and governed
in AI-driven accounting environments. A mixed-methods approach was adopted, combining semistructured interviews and
surveys with 24 accounting professionals in the Bristol and Bath area. The fndings indicate that AI system opacity, algorithmic bias
and sensitive data handling are key ethical concerns, while accountability depends on both organisational mechanisms and
individual experience with AI. Governance and regulatory alignment support trust but are insufcient without ethical embedding
and professional oversight. Based on these insights, the study recommends enhancing AI transparency, implementing clear
accountability frameworks and embedding ethics into organisational culture.
JEL Classifcation: M41, O33

1 | Introduction

Artifcial intelligence (AI) is profoundly reshaping accounting
and auditing through technologies such as robotic process au-
tomation, machine learning, natural language processing and
blockchain-assisted analytics. While scholars emphasise the ef-
fciency and predictive power of AI [1–3], there is a notable
tension between its technical capabilities and its impact on
professional judgement. The literature suggests that accountants
are evolving from transactional roles to analytical and advisory
functions [4–6]. However, much of this literature assumes
a linear adoption model, overlooking organisational resistance,
skills gaps and the practical challenges of integrating AI into
complex accounting workfows [7, 8].

At the same time, the ethical and data privacy implications of AI
adoption are increasingly highlighted. AI systems’ dependence

on large volumes of sensitive data exposes organisations to
breaches, unauthorised access and conficts with regulatory
principles such as data minimisation and informed consent
[9–13]. Scholars argue that algorithmic opacity undermines
transparency and explainability, while biases in training data or
models can distort fnancial assessments [14–17]. Yet, much of
this discussion remains conceptual. Empirical evidence on how
accountants navigate these ethical dilemmas in practice is scarce,
leaving a gap between normative guidelines and day-to-day
decision-making [18, 19].

Accountability and trust are central concerns in AI-integrated
accounting systems. When responsibility for AI-driven decisions
is difuse across developers, managers and accountants, tradi-
tional mechanisms of control and auditability are weakened
[18, 20, 21]. This raises critical questions about how organisations
maintain professional standards and public confdence in
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fnancial reporting [22–25]. Although trust is recognised as a key
organisational outcome, few studies critically assess the trade-
ofs between efciency gains and the erosion of professional
judgement, accountability, or ethical responsibility [9, 10].

Generally, the literature is fragmented across technical, legal and
ethical streams. Technical research prioritises automation and
system performance [1, 4, 8, 26], while legal studies focus nar-
rowly on compliance and regulatory frameworks [9, 27–29].
Ethical analyses often remain normative, with limited empirical
grounding, leaving a gap in understanding how professionals
perceive and navigate these challenges in practice
[15, 18, 19, 30, 31]. This fragmentation highlights the need for
empirically grounded studies that examine how accounting
professionals experience andmanage the ethical and data privacy
implications of AI in their daily work.

The aim of this study is to examine how accounting professionals
perceive and experience ethical and data privacy risks in AI-
driven accounting systems and how organisational and regula-
tory contexts shape professional accountability and trust.

The study has three objectives. First, it identifes the key ethical
and data privacy risks that accounting professionals associate
with AI use in accounting and auditing. Second, it examines how
professionals and organisations assign responsibility for AI-
mediated fnancial decisions. Third, it evaluates how pro-
fessionals perceive the alignment between organisational prac-
tices and regulatory and ethical standards on data protection,
transparency and accountability.

The study addresses three research questions.

Research Question 1 (RQ1): What ethical and data privacy
risks arise from the use of AI in contemporary accounting
practice?

Research Question 2 (RQ2): How is professional accountability
defned and enacted when fnancial decisions are shaped by
automated or opaque systems?

Research Question 3 (RQ3): To what extent do accounting
professionals perceive organisational governance practices to
align with regulatory and ethical standards?

This study contributes by providing empirically grounded,
accounting-specifc evidence on professionals’ perceptions of
ethical and data privacy risks in AI-mediated fnancial envi-
ronments. It ofers insights into how accountability is understood
and enacted when fnancial decisions involve AI systems and
how governance frameworks are experienced in practice. These
fndings inform practical guidance for designing organisational
policies and training programmes that support transparent, ac-
countable and trustworthy AI adoption in high-trust fnancial
contexts.

2 | Literature Review

The literature on ethical risks in AI-driven accounting empha-
sises algorithmic bias, lack of transparency and opaque decision-
making processes. Several studies suggest that AI systems can
replicate or amplify biases present in training data, potentially
producing discriminatory outcomes in areas such as credit as-
sessments, risk scoring and fnancial reporting [1, 2, 14, 15].
Conceptual research further highlights that AI’s opacity

undermines explainability, complicating accountants’ ability to
justify automated outputs and maintain professional judgement
[15, 18, 26].

Recent empirical studies have begun to examine how these risks
are managed in organisational contexts. For example, research
has shown that governance structures, internal controls and
professional oversight can reduce the likelihood of ethical fail-
ures in AI-assisted accounting processes [2, 15, 22]. These
fndings suggest that algorithmic bias or opacity does not au-
tomatically translate into unethical outcomes; rather, ethical
risks are mediated by organisational safeguards, professional
judgement and institutional contexts. However, existing em-
pirical work often focuses on specifc technologies, organisa-
tional settings, or experimental scenarios, leaving limited
understanding of how ethical concerns are perceived and pri-
oritised across diverse accounting environments [14, 18].

Empirical investigations into ethical risks have expanded in
recent years, yet many rely on simulated or hypothetical sce-
narios rather than observing accountants operating in live en-
vironments [1, 15, 18]. While these studies provide valuable
insights into behavioural responses and decision biases, theymay
not fully capture the organisational routines, cross-functional
interactions and institutional pressures that shape ethical out-
comes in practice [14, 22, 26]. This suggests that ethical chal-
lenges are embedded not only in technology but also in
organisational culture and professional routines, highlighting the
importance of context-sensitive empirical research [2, 15].

AI systems in accounting also process large volumes of sensitive
fnancial and personal data, raising substantial privacy concerns
[9, 10, 27]. Research has predominantly focused on technical
solutions, including encryption, access controls and real-time
monitoring, to mitigate these risks [3, 30]. These studies have
contributed signifcantly to understanding how privacy risks can
be reduced through system design and regulatory compliance.
However, they often frame privacy primarily as a technical or
legal issue, with less attention to how accountants interpret,
prioritise, and implement such safeguards in daily practice [2, 9].
As a result, the efectiveness of privacy protections may depend
not only on technical measures but also on professional
awareness, organisational incentives and data-handling routines
[10, 15].

Further, some studies have begun to consider contextual com-
plexities such as cross-border data fows, organisational culture,
and variations in AI literacy among staf [9, 27]. These contri-
butions demonstrate that even technically secure systems may
fail if professionals lack the knowledge, incentives, or capacity to
follow protocols [1, 30]. Consequently, emerging research in-
creasingly recognises that data privacy risks are shaped by the
interaction between technical controls, organisational processes
and human decision-making [2, 3, 10].

AI further complicates accountability in fnancial decision-
making. Automated systems often operate with limited trans-
parency, distributing responsibility across developers, managers
and accountants [14, 15, 18]. Normative studies emphasise hu-
man oversight, ethical judgement, and clear responsibility as-
signment, while emerging empirical work suggests that
accountability is often negotiated through organisational rou-
tines, team structures and management policies [18, 22]. These
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studies indicate that accountability in AI-mediated contexts is
not solely determined by formal standards but also by how
professionals interpret and enact their roles within organisa-
tional settings [15, 26].

Empirical studies of accountability remain relatively limited in
scope, however. Many focus on specifc tasks or experimental
settings, providing less insight into how responsibility is nego-
tiated across complex organisational structures or long-term AI
adoption processes [2, 18, 22]. Consequently, while the literature
increasingly recognises the distributed nature of accountability,
it ofers limited guidance on how accountability mechanisms
evolve as AI becomes embedded in everyday accounting work
[14, 15].

Governance research has predominantly examined compliance
with regulatory frameworks such as GDPR, sector-specifc rules
and organisational policies [3, 9, 10]. Studies emphasise pro-
cedural measures including audits, monitoring and risk assess-
ments to mitigate ethical and privacy risks [3, 27]. These
approaches demonstrate how formal governance structures can
reduce technical and regulatory risks. At the same time, some
studies note that compliance may function symbolically, serving
as a signal of legitimacy rather than necessarily transforming
underlying practices [22, 30]. This suggests that the efectiveness
of governance depends not only on formal compliance but also
on how policies are interpreted and enacted within organisa-
tional contexts [9, 10].

Moreover, emerging research highlights the dynamic interplay
between governance policies, professional practices and stake-
holder trust [22, 27]. While alignment with standards is often
assumed to sustain confdence in AI-driven accounting, trust
may depend on whether stakeholders perceive governance
mechanisms as legitimate, predictable and ethically grounded
[3, 15]. This indicates that governance mechanisms may fail to
build trust if they are perceived asmerely symbolic or procedural,
underscoring the importance of examining both formal com-
pliance and its practical enactment [14, 18].

2.1 | Hypothesis Development

The literature indicates that AI systems in accounting introduce
signifcant ethical and data privacy risks due to algorithmic
opacity, reliance on large volumes of sensitive fnancial data, and
potential bias in automated outputs [9, 10, 14, 15]. While prior
research has explored these risks conceptually or from a tech-
nical perspective, empirical insights into how accounting pro-
fessionals perceive, interpret, and respond to such risks remain
more limited in organisational settings [1, 2, 22]. Building on this
understanding, the frst research question examines the nature
and scope of ethical and data privacy risks in AI-driven ac-
counting. Given evidence that greater opacity in AI systems
heightens uncertainty and increases the potential for ethical
lapses, the frst hypothesis is proposed:

H1: Greater AI system opacity is associated with higher per-
ceived ethical and data privacy risks in AI-driven accounting.

Research also highlights that accountability in AI-mediated f-
nancial decisions is often distributed across multiple actors,
including developers, managers, and accountants, which can
dilute professional responsibility and oversight [18, 22, 26]. Al-
though conceptual studies emphasise the need for clearly defned

oversight mechanisms, empirical investigations suggest that
organisational structures and communication practices shape
how responsibility is interpreted in practice [2, 15]. If organ-
isational accountability measures are robust and efectively
communicated, professionals are more likely to perceive re-
sponsibility as clear and actionable, leading to the second
hypothesis:

H2: Strong organisational accountability mechanisms increase
perceived professional responsibility in AI-mediated fnancial
decisions.

Finally, literature on governance and regulatory compliance
suggests that alignment with standards such as GDPR and
sector-specifc rules can infuence stakeholder trust in AI-
driven systems [3, 10, 27]. Trust, however, is not assumed to
arise automatically from compliance. Rather, it is shaped by
stakeholders’ perceptions of legitimacy, predictability, and
ethical assurance within organisational practices [18, 22]. In
some contexts, purely symbolic or procedural compliance may
fail to build trust if stakeholders perceive governance mecha-
nisms as superfcial or disconnected from actual practices
[15, 30]. Accordingly, trust is expected to emerge when regu-
latory alignment is perceived as substantively embedded in
organisational processes and professional conduct. This leads
to the third hypothesis:

H3: Greater perceived alignment between organisational AI
practices and regulatory standards is positively associated with
stakeholder trust in AI-driven accounting systems.

Together, these hypotheses are grounded in prior research. H1
addresses risks associated with opacity and data sensitivity, H2
refects challenges in professional accountability, and H3 builds
on governance and trust formation mechanisms. This approach
links research questions to testable hypotheses while acknowl-
edging both the empirical advances and remaining gaps in un-
derstanding ethical and data privacy risks in AI-driven
accounting.

3 | Methodology

3.1 | Research Design

This study adopted an exploratory sequential mixed-methods
design, a two-phase approach in which qualitative exploration is
used primarily to inform and develop a quantitative measure-
ment instrument. This design was selected because the study
addresses an emerging and context-dependent phenomenon,
ethical and data privacy risks in AI-driven accounting, where
existing measurement instruments are limited and often based
on conceptual or technical assumptions rather than grounded
professional practices.

In the frst, qualitative phase, semistructured interviews were
conducted to explore accountants’ lived experiences with ethical
risks, data privacy concerns, accountability, and governance in
AI-mediated environments. These interviews served to identify
context-specifc themes, professional vocabularies, and salient
concerns that might not be captured by constructs derived solely
from prior literature. Insights from this phase directly informed
the development and refnement of the survey instrument used
in the second, quantitative phase.
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This instrument development variant of the exploratory se-
quential design ensures that the quantitative measures are not
abstractly imposed but are grounded in the realities of pro-
fessional practice. Combining qualitative and quantitative
methods in this sequence allowed for both an in-depth explo-
ration of accountants’ perspectives and a subsequent measurable
analysis of patterns and associations within the same specialist
population. This design enables triangulation between narrative
accounts and statistical patterns, providing a more compre-
hensive and contextually grounded understanding of ethical risk,
accountability, and governance in AI-driven accounting
contexts.

3.2 | Sample Size and Participants

The study involved 24 accountants working in accounting frms
in the Bristol and Bath area. Participants were selected using
a purposive sampling strategy, targeting professionals with di-
rect, hands-on experience or signifcant exposure to AI-driven
accounting tools. This criterion ensured that participants could
provide informed, experience-based insights into the ethical and
data privacy issues associated with AI adoption in their
daily work.

For the qualitative phase, the sample size was guided by the
principle of thematic saturation, defned as the point at which no
substantially new themes or insights emerged from additional
interviews. Saturation was reviewed continuously during data
collection and was confrmed to have been reached by the 24th
interview, indicating that the sample was sufcient to capture the
main patterns and variations in participants’ experiences.

For the quantitative phase, the survey was administered to the
same participant group. This decision was guided by two con-
siderations. First, as an exploratory study focused on a specialised
professional population with direct AI experience, the priority
wasmaintaining close alignment between the qualitative insights
that informed the instrument and the quantitative data used to
test the hypotheses derived from them. Second, resource con-
straints and the geographic scope of the study limited access to
a broader population of specialists meeting the inclusion criteria.

Consequently, the quantitative analysis was explicitly designed
to identify patterns and associations within this cohort rather
than to produce statistically generalisable inferences. The sample
size of 24, while modest, is sufcient for the nonparametric
techniques employed, and the fndings are interpreted as in-
dicative trends within this specifc context rather than
population-wide estimates. This limitation is acknowledged and
addressed in the interpretation of results. Ethical approval for
this study was obtained from Bath Spa University.

3.3 | Research Methods

In the qualitative phase, semistructured interviews were con-
ducted to explore accountants’ experiences with ethical risks,
decision-making and governance in AI-mediated accounting. An
interview guide was developed around key themes aligned with
the study’s objectives, including ethical risks, data privacy
concerns, professional accountability, human oversight, gover-
nance alignment and risk mitigation practices. The guide was
used fexibly to allow participants to raise unanticipated topics.
Interviews were audio-recorded and supplemented with feld

notes to capture contextual information, nonverbal cues and
immediate analytical impressions. Each interview lasted be-
tween 45 and 75min.

Following the qualitative phase, a structured survey instrument
was developed. Items were generated through two sources: (1)
constructs adapted from prior literature on AI ethics, account-
ability, and governance in accounting and information systems
and (2) themes and terminology that emerged directly from the
analysis of interview transcripts. For example, phrases used
repeatedly by participants to describe AI opacity were translated
into Likert-scale items assessing perceived opacity and its as-
sociated risks. This iterative process ensured that the measure-
ment items were both theoretically grounded and refective of
participants’ professional experiences and vocabularies. The fnal
survey collected data on perceptions of ethical and data privacy
risks, professional accountability, governance alignment, and
stakeholder trust, with all responses measured using 5-point
Likert scales.

3.4 | Data Analysis

3.4.1 | Qualitative Analysis

Interview transcripts were analysed using thematic analysis in
NVivo 15, following a structured multistage coding process
designed to ensure transparency and analytical rigour.

Stage 1—open coding: Two researchers independently read
and coded the frst three transcripts line-by-line to identify
discrete concepts, actions, and experiences related to the re-
search questions. The research team then met to compare
codes, discuss discrepancies, and agree on an initial coding
framework.

Stage 2—axial coding: The agreed-upon framework was ap-
plied to the remaining transcripts. Codes were systematically
grouped into broader conceptual categories by identifying
relationships between them. For example, the codes ‘not
knowing why the system said no’, ‘can’t question themachine’,
and ‘mystery calculations’ were grouped under the category
‘Opacity in Decision-Making’.

Stage 3—theme development: These categories were then syn-
thesised into higher-level analytical themes representing key
dimensions of the phenomena under study. For instance,
‘Opacity in Decision-Making’ was combined with ‘Bias in
Training Data’ and ‘Unfair Client Outcomes’ to form the over-
arching theme ‘Perceived Ethical Risks’. This process was iter-
ative, with themes being refned and checked against the data.

Stage 4—theme review: The fnal set of themes was reviewed
by a third researcher not involved in the initial coding to
challenge assumptions and ensure internal coherence. Themes
were then systematically aligned with the study’s research
questions and theoretical framework to ensure analytical
consistency. To enhance trustworthiness, preliminary fndings
were presented to a small subset of participants (member
checking) to verify that interpretations resonated with their
experiences.

3.4.2 | Quantitative Analysis

Survey data were analysed in EViews 12 using nonparametric
methods appropriate for the modest sample size (n= 24).
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Descriptive statistics were used to summarise participants’
perceptions, as means and standard deviations can be misleading
in small samples and with ordinal Likert data. Spearman’s rank
correlation (ρ) was used to assess the direction and strength of
associations between ethical risk perception, professional ac-
countability, governance alignment and trust. Kendall’s Tau (τ)
was additionally computed to confrm the robustness of observed
correlations, as it is more resistant to the infuence of outliers and
small sample efects. Mann–Whitney U tests were conducted to
examine diferences between subgroups, such as participants
with high versus low self-reported AI experience.

The qualitative and quantitative fndings were integrated at the
interpretation stage. Qualitative themes were used to explain and
contextualise statistical patterns, while quantitative associations
were used to identify which themes appeared to be systematically
related across the participant group. This triangulation enabled
a more nuanced understanding of how ethical and data privacy
risks are perceived and managed in AI-driven accounting
practice.

4 | Findings and Discussion

4.1 | Qualitative Analysis

Participants consistently identifed AI system opacity and po-
tential algorithmic bias as central ethical concerns. Several
highlighted that AI produces recommendations without trans-
parent reasoning, complicating justifcation to clients (Partici-
pants 1, 3, 5, 11), while others emphasised that fagged high-risk
accounts often lack clear rationale, creating uncertainty in
outputs (Participants 7, 14, 20). These observations mirror prior
research indicating that algorithmic opacity constrains
explainability and elevates the risk of biased fnancial outcomes
[15, 18, 32]. Importantly, these fndings suggest that ethical risks
are experienced as practical challenges rather than abstract
concerns, highlighting that the opacity of AI outputs can erode
professional confdence and decision quality.

Data privacy emerged as a recurring concern across the sample.
Participants reported difculties in managing sensitive client
data, particularly regarding access, processing and consent
(Participants 2, 8, 12, 16, 21). This aligns with research dem-
onstrating that AI systems often process extensive fnancial and
personal information, creating vulnerabilities to breaches and
misuse if inadequately managed [9, 10, 27, 30]. Critically, these
fndings indicate that privacy considerations are not solely
technical or compliance-based; accountants perceive them as
ethical and operational concerns, where lapses may compromise
both trust and professional integrity.

Accountability in AI-mediated processes was described as
complex and frequently ambiguous. Responsibility was reported
as distributed across accountants, managers and IT professionals,
generating uncertainty when errors occur (Participants 2, 6, 7, 15,
19). Some noted that although AI produces outputs, fnal de-
cisions remain their responsibility, which can be stressful when
outputs are opaque (Participants 2, 7, 13). This resonates with
literature highlighting that AI difuses responsibility, challenging
traditional oversight and professional accountability structures
[7, 14, 15, 18]. The fndings underscore that accountability in AI-
driven accounting is socially and organisationally mediated,

requiring clear roles, communication and organisationally
embedded norms.

Human judgement was highlighted as a critical mitigator of both
ethical and accountability risks. Participants described cross-
checking AI outputs and applying professional expertise to en-
sure accuracy (Participants 3, 10, 15, 18, 22). This is consistent
with studies emphasising that accountabilitymechanisms rely on
active human engagement rather than formal policies alone
[18, 22, 26]. Variability in organisational guidance was also ev-
ident, with some frms implementing detailed AI usage policies
and others leaving decisions largely to individual discretion
(Participants 4, 10, 17). This variation illustrates how organisa-
tional culture shapes ethical decision-making and the enactment
of professional responsibility [30], suggesting that reliance on AI
alone is insufcient without culturally reinforced oversight.

Governance and regulatory compliance were emphasised as
infuential but sometimes insufcient for mitigating ethical risks.
Participants noted that policies often function as formalistic
checklists, with uneven adherence, and trust in AI depended on
how rules were integrated into everyday practice (Participants 4,
9, 12, 18, 23). This supports critiques that governance frame-
works may prioritise procedural compliance over practical eth-
ical outcomes [3, 9, 27]. Crucially, participants emphasised that
rules guide practice, but ethical responsibility ultimately relies on
professional judgement and interpretation [Participants 9, 18,
24], highlighting that governance efectiveness depends on
alignment with organisational culture and professional norms
[10, 15, 22].

Overall, the fndings indicate that ethical risks, accountability
and governance are deeply interconnected in AI-driven ac-
counting. AI opacity, reliance on sensitive data, and distributed
responsibility create multifaceted challenges for professional
judgement. Efective management requires both procedural
safeguards and active human oversight, supported by organ-
isational policies embedded in an ethical culture [15, 18, 22, 26].
Critically, these results suggest that formal compliance mecha-
nisms alone are insufcient; accountants must engage in in-
terpretive decision-making, applying professional judgement to
navigate opaque systems. These fndings substantiate the study’s
hypotheses, linking AI opacity to perceived ethical risk, clarity in
professional responsibility to organisational accountability, and
governance alignment to trust in AI-mediated fnancial decision-
making [3, 14]. The study extends prior work by demonstrating
that ethical and accountability challenges are experienced as
lived, context-dependent phenomena, shaped by human judge-
ment, organisational culture and governance structures.

4.2 | Quantitative Analysis

Given the small sample size, nonparametric methods were ap-
plied. Descriptive statistics summarised perceptions of ethical
and data privacy risks, professional accountability and gover-
nance alignment. Spearman’s rank correlation (ρ) examined
associations between variables, while Kendall’s Tau (τ) con-
frmed the robustness of correlations. Mann–Whitney U tests
were conducted to assess diferences between subgroups, such as
participants with high versus low AI experience.

In Table 1, participants reported high perceived risks associated
with AI system opacity and data privacy, indicating that
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accountants are concerned about automated decision-making
and the management of sensitive information. Participants 1, 3
and 7 highlighted that opaque AI outputs hinder detection of
errors or bias, aligning with research on algorithmic opacity,
ethical risks, and the challenges of explainability in AI-driven
accounting [14, 15, 18, 32]. Participant 12 emphasised risks in
cross-border data handling, refecting concerns regarding data
privacy, regulatory compliance, and organisational safeguards
noted in prior studies [9, 10, 27]. Critically, these perceptions
suggest that AI adoption may shift ethical responsibility onto
accountants without clear mechanisms for oversight, high-
lighting a persistent gap between technical deployment and
practical ethical preparedness in accounting practice [18, 22].

The strong positive correlation confrms that higher AI opacity is
associated with greater perceived ethical and data privacy risks,
supporting H1. In Table 2, Kendall’s Tau confrms robustness
despite the small sample. This fnding is signifcant because it
demonstrates that accountants actively link technical trans-
parency to ethical vulnerability, implying that organisations
cannot rely solely on AI efciency metrics. Participants 5 and 8
noted that opaque AI outputs force accountants to make as-
sumptions or override system recommendations, refecting
challenges in explainability and the ethical use of AI highlighted
in prior studies [14, 15, 18, 26]. These results underscore that
organisations must integrate ethical oversight, professional
judgement, and explainability into AI adoption strategies to ef-
fectively mitigate ethical and data privacy risks [10, 22].

The mean scores in Table 3 suggest moderate perceptions of
accountability. Participants 2, 8 and 15 expressed uncertainty
about who is responsible for errors caused by AI, refecting the
literature on difused accountability in AI-mediated fnancial
decision-making [14, 15, 18]. Participant 10 noted that oversight
mechanisms exist, but their efectiveness depends on organisa-
tional enforcement, aligning with Agu et al. [22] and Alruwaili
and Mgammal [2]. Critically, this indicates that formal policies
alone do not guarantee accountability, and human judgement
remains central. The data reveal that perceived accountability is
contingent on both clarity in reporting structures and confdence
in organisational enforcement, emphasising the interplay be-
tween professional discretion, organisational governance and AI
system design [10, 18, 26].

In Table 4, correlations indicate a strong positive relationship,
confrming H2: Stronger accountability mechanisms increase
perceived professional responsibility. Participants 4 and 9

highlighted that audit trails, reporting lines and supervision
clarify responsibility, demonstrating that structural supports can
mitigate the challenges posed by AI opacity [14, 15, 18]. Criti-
cally, while these mechanisms are helpful, the qualitative in-
sights suggest that perceived responsibility is also shaped by
personal experience, professional judgement, and familiarity
with AI systems, indicating that accountability in AI-mediated
accounting is inherently multidimensional [2, 22, 26].

In Table 5, the Mann–Whitney U test shows signifcant dif-
ferences: Accountants with higher AI experience perceive
accountability more positively. This suggests that confdence
in oversight and professional responsibility is infuenced by
familiarity with AI systems, aligning with conceptual and
empirical fndings on human oversight and accountability in
AI-mediated accounting [15, 18, 22]. Critically, this highlights
that training and experience are as important as formal
mechanisms, implying that organisations must integrate
structural supports with professional judgement and practical
experience to sustain accountability in AI-driven fnancial
processes [2, 26].

In Table 6, high mean scores indicate positive perceptions of
governance and trust. Participants 6, 11 and 18 emphasised that
compliance with GDPR and internal policies strengthens con-
fdence, supporting Aldboush et al. [9], Peng et al. [3], and
Qureshi et al. [10]. Participant 14 argued that compliance alone
cannot fully secure trust; embedding ethics in organisational
culture is critical, aligning with Agu et al. [22] and Sriram [27].
Critically, this suggests that governance is necessary but not
sufcient, and organisations must combine regulatory compli-
ance with ethical leadership, professional oversight, and trans-
parency to maintain trust in AI-driven accounting systems
[15, 18].

In Table 7, the strong positive correlations confrm H3: Gover-
nance alignment increases trust in AI systems. Participants 20
and 22 highlighted that consistent enforcement of policies im-
proves confdence, indicating that practical application matters
as much as regulatory design, supporting Aldboush et al. [9],
Peng et al. [3] and Qureshi et al. [10]. Critically, while statistical
signifcance is strong, participant refections show that trust is
also shaped by perceived fairness, transparency and account-
ability, emphasising the interaction between technical, organ-
isational and ethical factors [14, 15, 18, 22].

TABLE 1 | Descriptive statistics for ethical and data privacy risks
(n= 24).

Construct Mean SD Min Max
AI system opacity 4.21 0.62 3 5
Algorithmic bias 4.08 0.69 3 5
Data privacy concerns 4.33 0.56 3 5

TABLE 2 | Spearman’s correlation—AI opacity versus ethical/data
privacy risks.

Variables Spearman’s ρ p value
AI opacity—ethical/data risks 0.72 0.001

TABLE 3 | Descriptive statistics for professional accountability
(n= 24).

Construct Mean SD Min Max
Clarity of responsibility 3.92 0.71 2 5
Human oversight mechanisms 4.08 0.66 3 5
Ethical decision-making support 3.83 0.74 2 5

TABLE 4 | Spearman’s correlation—accountability mechanisms
versus perceived responsibility.

Variables
Spearman’s

ρ
p

value
Accountability
mechanisms—responsibility

0.65 0.002
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The test reveals that participants with more AI experience report
higher trust in AI systems, suggesting familiarity reduces per-
ceived uncertainty and strengthens confdence in governance
measures. Participant insights confrm that hands-on experience
increases understanding of risks and mitigations, highlighting
the importance of professional competence alongside procedural
governance [15, 18, 22]. Critically, this underscores the in-
terdependence of technical skill, oversight and ethical awareness
in sustaining trust [9, 14].

4.3 | Revisit of the Research Questions and
Hypotheses

The quantitative and qualitative fndings collectively shed light
on the three research questions and their corresponding hy-
potheses. RQ1 focused on identifying ethical and data privacy
risks in AI-driven accounting. Both the survey results and in-
terview insights indicate that AI opacity, algorithmic bias, and
cross-border data handling are perceived as signifcant risks
(Tables 1 and 2). Participants frequently highlighted that opaque
AI outputs make error detection and bias mitigation challenging,
aligning with previous studies on algorithmic accountability and
ethical risk in AI-mediated accounting [9, 14, 15]. The strong
positive correlation between AI opacity and perceived ethical/
data risks (ρ= 0.72, p < 0.01) supports H1, demonstrating that as
system transparency decreases, perceived risks increase. Criti-
cally, this emphasises that ethical risk is not only a technical
concern but also a function of professional awareness and
organisational oversight [10, 18].

RQ2 examined professional accountability in AI-mediated de-
cisions. Descriptive statistics and participant refections reveal
moderate levels of perceived accountability, with clarity of re-
sponsibility and human oversight being pivotal (Tables 3, 4, 5).
Spearman’s correlation confrmed that robust accountability
mechanisms correlate positively with perceived responsibility
(ρ= 0.65, p = 0.002), supporting H2. Qualitative feedback shows
that formal policies alone are insufcient; experience with AI
systems and organisational enforcement critically infuence ac-
countants’ sense of responsibility (Participants 2, 8, 15), con-
sistent with Agu et al. [22] and Alruwaili and Mgammal [2]. This
highlights the multidimensional nature of accountability in AI
contexts, where ethical judgement, technical literacy and
structural oversight intersect [15, 18].

RQ3 investigated the efectiveness of governance and regulatory
alignment in fostering trust. Findings suggest that regulatory
compliance and internal governance frameworks contribute

positively to stakeholder trust, but their impact is mediated by
organisational culture and ethical embedding (Tables 6, 7, 8).
Spearman’s correlation (ρ= 0.70, p < 0.01) and Mann–Whitney
U tests indicate that accountants with greater AI experience
report higher trust, confrming H3. These results demonstrate
that trust in AI systems is contingent not only on adherence to
rules but also on transparency, fairness and perceived ethical
management [3, 10, 22]. Critically, governance frameworks alone
are insufcient without professional engagement and ethical
oversight [14, 15, 18].

5 | Conclusion

This study explored ethical and data privacy risks, professional
accountability and governance in AI-driven accounting. The
fndings indicate that accountants perceive AI system opacity,
algorithmic bias, and sensitive data handling as signifcant ethical
and privacy challenges. Professional accountability is infuenced
by both organisational mechanisms and individual experience
with AI, while governance and regulatory alignment play a sup-
portive but not sufcient role in sustaining trust. Overall, the
results show that ethical, professional, and governance dimensions
are deeply interconnected and cannot be addressed in isolation.

Based on these fndings, several practical recommendations
emerge. Organisations should prioritise AI transparency and
explainability to reduce ethical risks and support professional
judgement. Clear accountability frameworks, including report-
ing lines, audit trails, and human oversight mechanisms, must be
combined with training and familiarisation programmes to en-
hance confdence and responsibility among accounting staf.
Governance should extend beyond procedural compliance to
incorporate ethical embedding and cultural reinforcement, en-
suring that trust in AI systems is grounded in both formal
structures and everyday professional practice.

Despite its contributions, this study has some limitations. The
sample size is relatively small and geographically limited to the
Bristol and Bath area, which may restrict generalisability to other
contexts or larger organisations. Data were self-reported, poten-
tially introducing subjective bias, and a cross-sectional design
limits the ability to observe changes in perceptions or practices over
time. Additionally, the study focused primarily on accountants,
without incorporating perspectives from AI developers, auditors,
or regulators, which could provide a more holistic understanding.

Future research could address these limitations by expanding the
sample across multiple regions and organisational types, in-
corporating a longitudinal design to track evolving perceptions

TABLE 5 | Mann–Whitney U test—AI experience versus account-
ability perception.

Group comparison U-value p value
High AI experience vs. low 72 0.038

TABLE 6 | Descriptive statistics for governance and trust (n= 24).

Construct Mean SD Min Max
Regulatory compliance 4.17 0.60 3 5
Organisational governance 4.04 0.65 3 5
Trust in AI systems 4.08 0.62 3 5

TABLE 7 | Correlations—governance alignment versus trust.

Variables
Spearman’s

ρ
Kendall’s

τ
p

value
Governance
alignment—trust

0.70 0.55 0.001

TABLE 8 | Mann–Whitney U test—AI experience versus trust.

Group comparison U-value p value
High AI experience vs. low 75 0.041
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and practices, and including diverse stakeholders to explore
cross-functional dynamics in AI governance. Studies could also
investigate interventions such as enhanced AI explainability
tools, ethical training programmes, or accountability frameworks
to assess their efectiveness in reducing perceived risks and
improving trust in AI-driven accounting.
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