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Abstract: This study examines the effects of perceived transparency, explainability, and social
influence on auditors' trust in Large Language Models, and the effect of that trust on their
professional skepticism at Indonesian public accounting firms. The gap between global
acceptance and trust levels toward artificial intelligence systems suggests that technology
adoption is not always matched by adequate evaluation, a condition relevant to auditors, who
must remain critical toward Large Language Models given their tendency to produce inaccurate
answers. This study used a quantitative approach with Partial Least Squares Structural Equation
Modeling, involving 102 auditors selected through purposive sampling. Results show that all
three antecedent variables positively and significantly affect auditors' trust in Large Language
Models, with perceived transparency contributing most, while trust in Large Language Models
also positively and significantly affects professional skepticism, a direction opposite to the
reliance pattern reported in prior audit automation literature. These findings suggest that trust
in artificial intelligence based technology can form in a calibrated manner, coexisting with
auditors' awareness of system limitations rather than diminishing their professional skepticism.

Keywords: trust, large language model, professional skepticism, transparency, explainability
social influence.

INTRODUCTION

Digital transformation has reshaped global business operating patterns over the past two
decades, driving significant shifts in the social, economic, and cultural aspects of organizations
(Surahman & Legowo, 2024). Trust functions as the foundation determining the sustainability
of digital technology utilization within organizational processes, since without an adequate
level of trust, technology adoption tends to remain at the technical usage stage rather than
developing into substantive change in decision making (Capestro et al., 2024; Hooda et al.,
2022; Kuen et al., 2023).

Artificial intelligence (Al) has emerged as one of the main pillars of business system
modernization, defined as the capacity of computational systems to emulate human cognitive
functions such as reasoning and decision making (Kahraman et al., 2024). The application of
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Al improves operational efficiency and decision making quality through automation and
service personalization (Akhunova et al., 2024). A 2025 survey by KPMG International and
the University of Melbourne (Statista, 2025a), found that global trust in Al systems stood at 46
percent, well below its acceptance rate of 72 percent, indicating that technology adoption
frequently occurs without adequate prior critical evaluation (Mller et al., 2025; Rana et al.,
2024). This gap leads users to judge a technology as useful while remaining reluctant to rely
on it fully, particularly in high risk tasks (Dhagarra et al., 2020; Kenesei et al., 2025).

This general pattern of adoption outpacing trust raises a sharper concern in professions
where technology output directly informs judgment, such as financial statement auditing. The
Al in audit market is projected to grow from approximately USD1.0 billion in 2023 to USD11.7
billion in 2033 (Market.us, 2024). The Big Four public accounting firms, namely Deloitte,
PwC, EY, and KPMG, have integrated generative Al into audit practice, as exemplified by
Deloitte's DARTbot, used by more than 18,000 audit professionals in the United States to
accelerate audit risk identification (Deloitte, 2024a, 2024b). Large Language Models (LLMs),
as a core component of such systems, are machine learning models trained on large volumes
of text data to generate human-like text (Cerf, 2023; Zhao et al., 2023). Auditors at non-Big
Four accounting firms have also made use of external LLMs, although the study by (Fotoh &
Mugwira, 2025) shows that external LLMs are not yet able to produce audit reports that are
comprehensive and contextually appropriate.

The characteristics inherent to LLMSs across these practices also include a tendency to
generate hallucinations, in the form of incorrect answers or answers unsupported by adequate
evidence, even as these systems display impressive reasoning capabilities (Farquhar et al.,
2024). Such hallucinations arise because LLM training mechanisms prioritize guessing over
acknowledging the boundaries of the system's knowledge, such that LLMs are unable to
distinguish correct information from information that merely appears convincing (Kalai et al.,
2025). This condition renders auditor trust in LLMSs an aspect with direct implications for audit
quality, since auditors must assess the reliability of information sources used in the examination
process (He et al., 2019). Auditors' level of trust in Al systems is believed to influence, in turn,
their degree of reliance on that system's output (Commerford et al., 2024), and reliance not
balanced by adequate understanding of the system's limitations and biases has the potential to
weaken auditors' critical judgment of audit evidence (Murikah et al., 2024; Seethamraju &
Hecimovic, 2023).

This uncritical reliance ultimately affects how auditors interpret audit evidence, which
lies at the core of applying professional skepticism as required by auditing standards in the
exercise of professional judgment (Hurtt, 2010; IAASB, 2025). Lombardi et al. (2023) argue
that the use of cognitive technologies such as LLMs without an adequate evaluative framework
has the potential to worsen auditors' judgment bias, such that auditors require critical evaluation
of technology output to avoid reliance on potentially biased information (Li, 2022). Auditor
trust in LLMs is thus believed to be associated with the level of professional skepticism applied
in assessing information and audit evidence.

Cognitive and affective processes shape trust in Al based systems (Chen et al., 2023).
One such cognitive aspect is understanding of the system's characteristics, which leads to the
concept of Explainable Artificial Intelligence (XAl) as an approach that renders Al's working
process traceable and understandable to humans (Gunning & Aha, 2019). Transparency refers
to users' capacity to understand how an Al system arrives at a given decision, while
explainability refers to the system's capacity to provide a human understandable explanation
grounded in the reasoning and logic underlying the decision produced (Arrieta et al., 2019;
Shin & Park, 2019). Because evaluating both dimensions requires users to actively process and
judge the system'’s underlying logic rather than respond to superficial cues, this study treats
transparency and explainability as reflections of the central route to trust formation. Both
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aspects have been empirically shown to be closely related to users' level of trust in Al systems,
as understanding of the decision making mechanism provides a cognitive foundation for
building trust grounded in rational understanding (Balasubramaniam et al., 2023; Shin, 2020a;
Vossing et al., 2022).

Beyond cognitive considerations, trust in Al is also shaped by social dynamics and
collective norms within the work environment, as support from colleagues and work groups
can foster an individual's confidence in a given technology (Kim et al., 2024). Auditors working
in environments with a culture of digital innovation tend to be more open to and trusting of
technology use in supporting audit process quality (Leocadio et al., 2024; Pemer, 2021, Vitali
& Giuliani, 2024).

Indonesia, as the largest economy in Southeast Asia with 954 companies listed on the
Indonesia Stock Exchange (Putri, 2024), constitutes a strategic empirical context for examining
this mechanism, given that the value of Indonesia's GenAl technology market is projected to
grow from USD355.97 million in 2025 to USD2.02 billion in 2030 (Statista, 2025b).
Systematic data on the extent to which Indonesian auditors' trust in LLMs is formed, as well as
the underlying psychological factors, remain very limited, underscoring the urgency of research
examining this mechanism specifically within the context of Indonesian public accounting
firms.

Prior research leaves gaps that warrant further investigation. (Fotoh & Mugwira, 2025)
examined non Big Four auditors' perceptions of external LLM capacity without investigating
the psychological factors underlying trust formation. Peters (2022) highlighted auditors'
tendency to over rely on automated audit evidence, a finding that raises the question of whether
a similar pattern occurs in LLM use. Kokina et al. (2025) identified transparency and
explainability as key barriers to Al adoption without quantitatively testing their causal
relationship with trust, while Nguyen et al. (2024) found auditor resistance to Al through an
institutional theory approach without explaining the underlying psychological mechanism.
These four studies indicate that the psychological mechanism through which auditor trust in
LLMs is formed, via both cognitive and affective pathways, and its association with
professional skepticism, has not yet been examined within a single integrated model.

Perceived
Transparency

Perceived
Explainability

H4
Trust in LLM -

Professional
Skepticism

Central Route

Social
Influence

Peripheral Route

_________________

Figure 1. Research framework
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This research contributes as a study applying the Elaboration Likelihood Model (ELM)
within the domain of LLM based financial statement auditing, examining the effect of the
central route, comprising perceived transparency and perceived explainability, and the
peripheral route, comprising social influence, on auditor trust in LLMs and its effect on
professional skepticism, among auditors at Indonesian public accounting firms using a Partial
Least Squares Structural Equation Modeling (PLS-SEM) approach. Based on the foregoing,
this research formulates the following hypotheses:

H1: Perceived transparency, viewed as a reflection of the central route, has a positive effect on
auditor trust in Large Language Models.

H2: Perceived explainability, viewed as a reflection of the central route, has a positive effect
on auditor trust in Large Language Models.

H3: Social influence, viewed as a reflection of the peripheral route, has a positive effect on
auditor trust in Large Language Models.

H4: Auditor trust in Large Language Models has a significant effect on professional
skepticism.

Literature Review
Elaboration Likelihood Model

The Elaboration Likelihood Model (ELM) is a persuasion theory developed by Petty and
Cacioppo (1986) to explain how individuals process information and form attitudes through
two main routes, namely the central route and the peripheral route. The central route is
characterized by high cognitive involvement in critically evaluating arguments, producing
attitudes that are stable and strongly predictive of behavior, whereas the peripheral route relies
on surface level cues without in depth evaluation, producing attitudes that are more susceptible
to change (Petty & Cacioppo, 1986; Tian et al., 2021; Zhou, 2012). This research positions
perceived transparency and perceived explainability as reflections of the central route, since
both require users to engage in argumentative evaluation based on system logic and
mechanisms that can be critically examined (Arrieta et al., 2019; Ding et al., 2022; Felzmann
et al., 2020). Social influence is positioned as a reflection of the peripheral route, since
individuals tend to refer to the actions and views of others as a basis for decisions without direct
evaluation of the argument itself (Chen et al., 2022; Rajak & Shaw, 2021; Zhou & Wu, 2025).
The outcome of both persuasion routes is manifested in the form of attitude (Ding et al., 2025;
Tian et al., 2021; Zhou, 2012), which in this research is operationalized as user trust in LLMs,
such that ELM constitutes an appropriate framework for explaining how the three antecedent
variables shape auditor trust through elaboration processes that differ in depth.

Attitude Theory

Attitude Theory, as described by Eagly and Chaiken (1993, 2007), views attitude as an
evaluative tendency formed through cognitive, affective, and behavioral dimensions toward a
given attitude object. This research employs Attitude Theory to explain how auditor trust in
LLMs, as a form of attitude, affects the professional skepticism applied during the audit
process. Attitude is understood as an evaluative tendency that helps individuals interpret their
environment and maintain consistency of judgment, which subsequently shapes later responses
(Cacioppo et al., 1989; Fazio, 1989; Greenwald, 1989). Auditor trust in LLMs is thus regarded
as an evaluative tendency that influences how auditors process information generated by such
systems, thereby affecting their degree of caution and vigilance in interpreting audit evidence,
in line with auditing standards that affirm the role of professional skepticism in determining
examination procedures during an engagement.
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METHOD
Research Design and Sampling

This research employs a quantitative method with an explanatory approach to examine
the effect of perceived transparency, perceived explainability, and social influence on auditor
trust in Large Language Models, as well as the effect of that trust on professional skepticism.
The study population comprises financial auditors working at public accounting firms in
Indonesia, excluding junior auditors, who are considered not yet to possess sufficient
experience to consistently apply professional skepticism. The sample was determined using
purposive sampling, with criteria requiring auditors at the senior, supervisor, manager, or
partner level who had used LLMs in financial statement audit engagements, with respondent
distribution controlled so as not to be dominated by any single public accounting firm. The
minimum sample size was determined using G*Power with an a priori approach, an effect size
2 of 0.15, a significance level of 0.05, and a power of 0.80 for three predictors. A total of 102
respondents meeting these criteria were successfully collected through an online questionnaire,
such that the obtained sample exceeded this threshold.

Measurement

The five constructs in this research are reflective and measured using a questionnaire
with a 1 to 6 Likert scale. Perceived Transparency is measured through the dimensions of
accuracy, clarity, and disclosure, adapted from Lee and Cha (2024) and Schnackenberg and
Tomlinson (2016). Perceived Explainability is measured unidimensionally, adapted from
Hamm et al. (2023) and Wang and Benbasat (2016). Social Influence is measured
unidimensionally, adapted from Kim et al. (2024). Trust in LLM is measured through the
dimensions of functionality, helpfulness, and reliability, adapted from Mcknight et al. (2011).
Professional Skepticism is measured through the dimensions of questioning mind, suspension
of judgment, and search for knowledge, adapted from items in Robinson et al. (2018), and
constitutes a methodological contribution of this research, as these items were adapted
specifically for the context of LLM use by financial auditors.

Data Analysis Methods

Data were analyzed using a Partial Least Squares Structural Equation Modeling (PLS-
SEM) approach with SmartPLS 3 software. Evaluation of the measurement model (outer
model) comprised convergent validity testing through outer loadings and Average Variance
Extracted (AVE), discriminant validity testing through the Heterotrait Monotrait Ratio
(HTMT), and reliability testing through Cronbach's Alpha and Composite Reliability (Hair et
al., 2019, 2021). Evaluation of the structural model (inner model) comprised testing of the
coefficient of determination (R2), predictive relevance testing (Q?) through the blindfolding
procedure, effect size testing (F?), and path significance testing through the bootstrapping
procedure.

RESULTS AND DISCUSSION
Participants

This research analyzed 102 financial auditors working at public accounting firms (KAP)
in Indonesia. Of this total, 55 respondents (54%) were male and 47 respondents (46%) were
female, indicating a relatively balanced gender composition. Based on length of service, the
majority of respondents, 85 individuals (83.34%), had between 2 and 6 years of experience,
while the remainder had more than 6 years of service. Based on position, respondents were
dominated by senior auditors, numbering 77 individuals (75.49%), followed by principals or
managers, numbering 14 individuals (13.73%), supervisors, numbering 9 individuals (8.82%),
and partners, numbering 2 individuals (1.96%).
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The dominance of senior auditors in this sample indicates that the majority of
respondents came from the executing level directly involved in technical audit work, including
the use of LLMs during audit stages. The diversity of positions, ranging from senior auditor to
partner, also reflects variation in the level of responsibility and experience in applying
professional skepticism. Respondents were spread across 25 different public accounting firms,
with 66.67 percent originating from firms affiliated with international networks, whether Big
Four or non-Big Four, reflecting the purposive sampling strategy designed to avoid the
dominance of any single firm.

Table 1. Profile of participants

Items Values Frequency Percentage
Male 55 54%
Gender Female 47 46%
. 2-6 years 85 83,34%
Work experience > 6 years 17 16.66%
Senior auditor 77 75,49%
Supervisor 9 8,82%
Role Principal/Manager 14 13,73%
Partner 2 1,96%
Source: Research Data
Table 2. Purpose of LLM Use
Purpose of LLM Use Frequency % Respondents
As a consultation partner 69 67.65%
Assisting with audit planning 54 52.94%
Assisting with document analysis 53 51.96%
Assisting with analytical procedures 48 47.06%
Assisting with risk assessment 34 33.33%
Other 1 0.98%

Source: Research Data

Respondents were asked about their purposes for using LLMSs in audit engagements, with
the option to select more than one answer, such that the total number of responses collected
reached 259 from 102 respondents. The most frequently selected purpose was as a consultation
partner, chosen by 69 respondents (67.65%), followed by assistance with audit planning by 54
respondents (52.94%), assistance with document analysis by 53 respondents (51.96%),
assistance with performing analytical procedures by 48 respondents (47.06%), and assistance
with risk assessment by 34 respondents (33.33%). One respondent in the "other" category cited
using LLMs as a means of obtaining industry or client company information during the pre
engagement stage, as well as a means of searching for relevant accounting standards and
regulatory references pertaining to issues encountered with the client under audit. The
dominance of the consultation partner option indicates that auditors in this sample tend to
position LLMs as a discussion partner in their thinking process, rather than merely as a single
information retrieval tool.

Outer Model

Outer loading values reflect the strength of the relationship between an indicator and the
construct it represents, with values above 0.708 recommended because they indicate that the
construct is able to explain more than 50 percent of the variance in that indicator (Hair et al.,
2021). Relatively weak loading values are commonly found in measurement instruments that
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have only recently been developed, such that indicator deletion is not recommended to be
performed automatically. Indicators with loading values between 0.40 and 0.708 are only
considered for deletion if their removal is shown to meaningfully improve the construct's
reliability or convergent validity, while still taking into account the implications for content
validity, whereas indicators with loading values below 0.40 must be deleted without exception
(Hair et al., 2021).

As presented in Table 3, outer loading values across the five constructs ranged from 0.542
to 0.878. Nine indicators, namely CLR2, DSC1, FNC2, RLB1, RLB4, QST1, QST3, SUS2,
and SUS3, showed values below 0.708 but still above 0.40, and were therefore subjected to
further evaluation of their impact on construct validity and reliability. The results of this
evaluation showed that the AVE values, discriminant validity, and reliability of all constructs
containing these indicators remained above the required thresholds, as presented in Table 4
through Table 6, such that all nine indicators were retained in the measurement model.

Table 3. Outer Loading

Variable Indicators QOuter Loading
ACC1 0,771
ACC2 0,732
ACC3 0,782
ACC4 0,733
Perceived Transparency CLR1 0,729
CLR2 0,664
DSC1 0,674
DSC2 0,736
DSC3 0,752
EXP1 0,834
Perceived Explainability EXP2 0,825
EXP3 0,850
PS1 0,818
PS2 0,789
Social Influence PS3 0,837
PS4 0,849
PS5 0,825
FNC1 0,817
FNC2 0,683
FNC3 0,731
HLP1 0,745
Trustin LLM HLP2 0,816
RLB1 0,647
RLB2 0,778
RLB3 0,727
RLB4 0,636
QST1 0,542
QST2 0,758
QST3 0,671
SUS1 0,783
. - SUS2 0,613
Professional Skepticism SUS3 0,601
SRC1 0,774
SRC2 0,731
SRC3 0,816
SRC4 0,878

Source: Research Data
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The AVE values for all constructs were above the minimum threshold of 0.50, ranging
from 0.524 for Professional Skepticism to 0.700 for Perceived Explainability, as presented in
Table 4.

Table 4. Average Variance Extracted (AVE)

Variable Average Variance Extracted (AVE)
Perceived Transparency 0,543
Perceived Explainability 0,700
Social Influence 0,679
Trustin LLM 0,539
Professional Skepticism 0,524

Source: Research Data

Discriminant validity was tested using the Heterotrait Monotrait Ratio (HTMT) criterion,
with a threshold of 0.90 (Hair et al., 2021). As presented in Table 5, all construct pairs showed
HTMT values below this threshold, with the highest value of 0.894 between Trust in LLM and
Perceived Transparency, and the lowest value of 0.276 between Professional Skepticism and
Perceived Transparency. The low HTMT values between Professional Skepticism and the other
constructs, ranging from 0.276 to 0.386, indicate that this construct is well differentiated from
the three antecedent constructs of trust. Discriminant validity of the measurement model is
therefore considered established, allowing the analysis to proceed to structural model testing.

Table 5. Heterotrait-Monotrait Ratio (HTMT)
Social Perceived Perceived Professional

Vel Trustin LLM Influence Explainability Transparency Skepticism
Trust in LLM

Social Influence 0,802

Perceived

Explainability 0,861 0,759

Perceived 0,894 0,734 0,808

Transparency

Professional 0,361 0,315 0,386 0,276

Skepticism

Source: Research Data

Table 6. Cronbach's Alpha and Composite Reliability

Variable Cronbach's Alpha Composite Reliability
Trustin LLM 0,892 0,913
Social Influence 0,882 0,913
Perceived Explainability 0,787 0,875
Perceived Transparency 0,894 0,914
Professional Skepticism 0,897 0,915

Source: Research Data

Reliability testing was conducted using Cronbach's Alpha and Composite Reliability
values, with a threshold of 0.70 (Hair et al., 2021). As presented in Table 6, Cronbach's Alpha
values ranged from 0.787 for Perceived Explainability to 0.897 for Professional Skepticism,
while Composite Reliability values ranged from 0.875 to 0.915. All these values exceeded the
minimum threshold, indicating that the research instrument possesses adequate internal
consistency and can be relied upon to measure the constructs under study.
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Inner Model

Figure 2 presents the results of the structural model (inner model) testing, displaying the
path coefficients between the latent constructs in this research. Structural model testing
comprised assessment of the R Square value to measure the extent to which the independent
variables explain variation in the dependent variable, testing of path coefficients along with t
statistic and p value to determine the significance of relationships between constructs, and
calculation of F Square values to determine the relative contribution of each independent
variable.
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Figure 2. Inner Model

Structural model testing included the R Square (R?) value to assess the capacity of the
independent variables to explain variation in the dependent variable, with categories of 0.75,
0.50, and 0.25 respectively classified as strong, moderate, and weak (Hair et al., 2021). As
presented in Table 7, trust in LLM had an adjusted R Square value of 0.739, approaching the
strong category, while professional skepticism had an adjusted R Square value of 0.102,
classified as weak. This contrast indicates that the three antecedent variables jointly explain a
large proportion of the variation in auditor trust in LLM, while trust in LLM explains only a
small portion of the variation in professional skepticism, given that professional skepticism is
shaped by far more complex antecedent factors outside this model, including the professional
orientation of the audit firm and social norms (Hardies et al., 2025).

Table 7. R-Square (R?)

Variable R-Square R-Square Adjusted
Trustin LLM 0,746 0,739
Professional Skepticism 0,111 0,102

Source: Research Data

Predictive relevance (Q?) values were obtained through the blindfolding procedure, with
categories of 0.02, 0.15, and 0.35 respectively classified as small, medium, and large (Hair et
al., 2021). Both dependent variables showed Q? values above 0, as presented in Table 8, with
trust in LLM at 0.377 classified as large and professional skepticism at 0.046 classified as
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small, such that this research model is considered to possess predictive relevance for both
dependent variables.

Table 8. Predictive Relevance (Q?)
Social Perceived Perceived Professional

Influence Explainability Transparency Skepticism
Trustin LLM 0,125
Social Influence 0,143
Perceived
Explainability
Perceived
Transparency
Professional
Skepticism

Variable Trustin LLM

0,115

0,359

Source: Research Data

Effect size (F?) values were used to assess the individual contribution of each independent
variable, with categories of 0.02, 0.15, and 0.35 respectively classified as small, medium, and
large (Cohen, 1988). As presented in Table 9, perceived transparency showed the largest
contribution to trust in LLM with an F? value of 0.359, followed by social influence at 0.143
and perceived explainability at 0.115, while trust in LLM showed an F2 value of 0.125 for
professional skepticism.

Table 9. Effect Size (F?)

Variable SSO SSE Q? (=1-SSE/SSO)
Trustin LLM 918,000 571,861 0,377
Professional Skepticism 1020,000 972,854 0,046

Source: Research Data

Hypothesis Testing

Hypothesis testing was conducted using path coefficients, t statistic values, and p values
obtained from the bootstrapping procedure, with a relationship considered significant if the t
statistic exceeded 1.96 and the p value was below 0.05. The results of testing the four
hypotheses are presented in Table 10.

Table 10. Hypothesis Testing Results

At Sample Standard _
Variable Se(l)rrrrlgllen?(l)) Mean Deviation (l-l(-)/sstial_tlljsgffi) P Values
P (M) (STDEV)
Trust in LLM -> Professional 0,333 0,369 0,090 3,717 0,000
Skepticism
f‘l’_cl\',?' Influence -> Trust in 0,269 0,277 0,081 3,335 0,001
Perceived Explainability ->
Trust in LLM 0,251 0,249 0,084 2,992 0,003
Perceived Transparency ->
Trustin LLM 0,454 0,449 0,093 4,889 0,000

Source: Research Data

All hypotheses in this research were accepted, with effects that were positive and
statistically significant in direction. Perceived transparency showed the highest path coefficient
(0.454) among the three antecedents of trust, indicating that auditors' perceptions of LLM
transparency contribute most strongly to shaping their trust in the technology. Social influence
showed a path coefficient of 0.269, while perceived explainability showed the lowest path
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coefficient among the three antecedents, at 0.251. Trust in LLM was also shown to have a
positive and significant effect on professional skepticism, with a path coefficient of 0.333,
indicating that an increase in auditors' trust in LLM is associated with a corresponding increase
in the professional skepticism exhibited in audit work.

Discussion

This discussion elaborates the results of testing the effect of perceived transparency,
perceived explainability, and social influence on auditor trust in LLMs, as well as their
implications for professional skepticism in audit practice. The gap between global acceptance
and trust levels toward Al systems (Statista, 2025a) is relevant to examine within the audit
profession, given that auditors are required to exercise careful professional judgment regarding
the tools they use, including LLMs, which possess an inherent tendency toward hallucination.
The three trust forming variables were selected based on the Elaboration Likelihood Model
(ELM), which explains attitude formation through the central route and peripheral route, and
Attitude Theory, which explains how trust, as a form of attitude, affects subsequent evaluative
responses in the form of professional skepticism. The test results show that all independent
variables have a positive and significant effect on auditor trust in LLM, and that trust also has
a positive and significant effect on professional skepticism.

Perceived transparency showed a positive and significant effect on auditor trust in LLM,
with the largest contribution among the three independent variables. This research views
perceived transparency as a reflection of the central route within the ELM framework, since
evaluating the accuracy, clarity, and sufficiency of information generated by LLMs requires
active cognitive elaboration, rather than merely a passive response to surface level cues (Petty
& Cacioppo, 1986). Trust formed through the central route is more stable and possesses
stronger predictive power for subsequent behavior, such that auditor trust formed through
perceived transparency is projected to be more robust than trust based on peripheral cues. This
finding can be understood in light of LLMs' characteristics as black box systems whose internal
mechanisms cannot be directly traced by users (Dam et al., 2018), such that perceived
transparency becomes an important epistemic foundation for auditors in assessing the system's
trustworthiness (von Eschenbach, 2021), explaining why its contribution is the largest among
the three variables examined. This result is consistent with the findings of (Lee & Cha, 2024)
on ChatGPT users and (Shin, 2020) in the context of recommendation algorithms, although
both were studied on general user populations, as well as (Yu & Li, 2022) and (Sullivan &
Weger, 2025), who examined human Al collaboration in work contexts, a setting functionally
closer but not specific to the audit profession. This research complements that literature by
showing that perceived transparency is a relevant determinant of trust among auditors as LLM
users in financial statement audit practice.

Perceived explainability also showed a positive and significant effect on auditor trust in
LLM, with a smaller contribution than perceived transparency. Similar to perceived
transparency, perceived explainability is viewed as a reflection of the central route, since
assessing the clarity of the explanation provided by an LLM for a given answer requires active
reasoning to relate that explanation to the audit task context (Petty & Cacioppo, 1986). This
finding can be understood in light of the role of understanding as an important prerequisite
before trust can be meaningfully formed (Gefen et al., 2003; Gilpin et al., 2019), since system
explanations enable auditors to interpret and evaluate LLM output, thereby reducing
uncertainty regarding the system's reliability (Adadi & Berrada, 2018). This result is consistent
with the findings of Hamm et al. (2023) in the context of signature forgery detection, Atf and
Lewis (2025) through a cross domain meta analysis of Al applications, and Shin (2021),
although the latter study positioned explainability as exerting its effect through transparency
and accountability, in contrast to the present research, which positions it as a direct predictor.
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This research complements that literature by demonstrating the relevance of perceived
explainability as a determinant of trust in the context of auditors using LLMs in financial
statement audit practice.

Meanwhile, social influence showed a positive and significant effect on auditor trust in
LLM. Unlike the two preceding variables, this research views social influence as a reflection
of the peripheral route, since auditors form judgments by referring to the views and actions of
superiors and colleagues, without first conducting an in depth evaluation of LLM capability
(Petty & Cacioppo, 1986). Trust formed through the peripheral route is more susceptible to
change and possesses weaker predictive power than trust formed through the central route. This
finding can be understood in light of individuals' tendency to interpret social support as a signal
of a system's credibility (Mansoor, 2021), as well as their use of others' positive assessments
as a reference point in forming beliefs (Oldeweme et al., 2021; Zhang et al., 2020). Auditors
working within public accounting firms tend to treat organizational views and guidance from
senior colleagues as reference points when using LLMs, such that trust can be formed through
the social pathway without in depth technical evaluation. This result is consistent with the
findings of Hooda et al. (2022) in the e government context, Rathnayake et al. (2025) on the
adoption of government chatbots, and Heo and Na (2025) on LLM adoption in the construction
industry, although the latter study examined the effect of social influence on intention to use
rather than on trust directly. This research complements that literature by demonstrating the
relevance of social influence as a determinant of trust in the context of auditors using LLMs.

Furthermore, trust in LLM showed a positive and significant effect on auditors'
professional skepticism. Attitude Theory is used to explain this mechanism, in which attitude
is understood as an evaluative tendency that influences subsequent responses (Cacioppo et al.,
1989; Fazio, 1989; Greenwald, 1989), such that auditor trust in LLM shapes the way they
process information generated by the system, which in turn affects the professional skepticism
applied in interpreting audit evidence, consistent with auditing standards that affirm the
importance of professional skepticism throughout an engagement (IAASB, 2025).

This pattern is noteworthy to examine, given that trust in technology is generally
associated with reliance that has the potential to weaken critical evaluation (He et al., 2023;
Klingbeil et al., 2024; Kiper & Kramer, 2024). In the audit context, this kind of reliance pattern
was previously identified by Peters (2022), who found a tendency among auditors to over rely
on audit evidence from automation tools, prompting Fotoh and Mugwira (2025) to question
whether a similar pattern emerges when auditors use LLMs. The results of this research show
the opposite direction, auditor trust in LLM is instead positively associated with professional
skepticism, rather than negatively associated as in the reliance pattern found by Peters (2022)
regarding other automation tools.

This characteristic is reflected in how auditors make use of LLMs, where the majority of
respondents used LLMs as a consultation partner, treating them as a discussion partner in their
thinking process rather than as a producer of final conclusions accepted outright. The
hallucination tendency inherent to LLMs, namely the system'’s tendency to guess rather than
acknowledge a lack of knowledge, thereby producing answers that appear convincing yet are
incorrect (Farquhar et al., 2024; Kalai et al., 2025), also constitutes a possible explanation, as
awareness of this limitation may allow auditor trust to form alongside an understanding of its
boundaries. Ding et al. (2026) found that the effect of reliance on vigilance depends on how
trust is calibrated, such that reliance arising from calibrated trust does not always reduce user
vigilance, opening the possibility that a similar pattern applies in the context of financial
statement auditing.

To the extent of the literature search conducted, no prior research has directly examined
the relationship between trust in LLM and auditors' professional skepticism, such that this
finding provides an initial contribution to an area still rarely examined empirically, given that
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the audit technology literature has more often focused on usage intention than on professional
skepticism responses (Afsay et al., 2023; Anh et al., 2024; Ferri et al., 2020).

CONCLUSION

This research aims to examine the effect of perceived transparency, perceived
explainability, and social influence on auditor trust in Large Language Models (LLM), as well
as the effect of that trust on the professional skepticism of auditors at Indonesian public
accounting firms. The test results show that all three antecedents, whether operating through
the central route in the form of perceived transparency and explainability, or the peripheral
route in the form of social influence, consistently exert a positive and significant effect on
auditor trust in LLM, with perceived transparency providing the largest contribution. Trust in
LLM was subsequently shown to have a positive and significant effect on professional
skepticism, indicating that auditor trust in this technology does not reduce their vigilance in
interpreting audit evidence, but instead moves in tandem with increased professional
skepticism, although its contribution to the variability of skepticism is small, such that other
factors beyond trust also play an important role.

This finding contributes to the audit literature by presenting initial empirical evidence
applying the Elaboration Likelihood Model to explain the formation of auditor trust in LLM as
well as its association with professional skepticism, a relationship whose direction differs from
the reliance pattern reported in the audit literature on other automation tools. This result
indicates that trust in Al based technology can be formed in a calibrated manner, coexisting
with auditors' awareness of the system's limitations, rather than replacing their professional
judgment.

Interpretation of this finding should take into account the cross sectional design
employed, which limits conclusions regarding how auditor trust and skepticism develop over
time, as well as the use of a purposive sample of 102 auditors, which limits the generalization
of results to the broader auditor population. Trust in LLM was also measured as a single
construct without distinguishing its cognitive and affective dimensions, while the classification
of the central route and peripheral route in this research represents a theoretical position that
has not been directly tested through separate measurement of auditors' motivation and cognitive
elaboration.

Public accounting firms are advised to strengthen perceived transparency and
explainability as criteria in using LLMs within the audit process, while also actively
encouraging leadership support to accelerate the formation of audit teams' trust in this
technology, without reducing ongoing professional skepticism training. Future research is
advised to employ a longitudinal or experimental design to more adequately test the trust
calibration process, to measure the cognitive and affective dimensions of trust separately, and
to explore other antecedent factors of professional skepticism beyond trust in technology.
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