
 

 
Abstract: This paper examines the use of 

generative artificial intelligence (GenAI) in audit 
oversight, with a focus on its role in the 
preliminary review of the independent auditor's 
report and accompanying financial statements. 
Existing audit supervision procedures rely on 
expert review, which is crucial but also time-
consuming when it is necessary to examine large 
bodies of documents. The proposed solution is a 
framework supported by GenAI models, based on 
checklists, for identifying potential formal, 
structural and substantive problems in reporting 
that may require further expert review. The 
empirical analysis is based on 217 sets of 
documents of public companies in Serbia for the 
year 2024. ChatGPT and Gemini 3.1 Pro evaluated 
the same documents using a structured checklist 
and a risk scale of 0 to 3, while the expert 
assessment of audit supervision served as a 
benchmark. Model performance was evaluated 
using summary risk scores, mean absolute error, 
bias, Cohen's kappa coefficient, precision, 
responsiveness, F1-measure, accuracy, and ROC-
AUC metrics. The results show that ChatGPT 
followed a more sensitive review pattern, with 
higher response and stronger adjusted agreement 
with the expert benchmark, while Gemini gave 
more conservative outputs, with higher precision 
but lower response. Both models performed better 
in formal and standardized checklist categories 
than in areas requiring professional judgment, 
such as key audit issues, business continuity 
considerations, and internal compliance red flags. 
The findings suggest that GenAI can support audit 
oversight by improving the consistency and 
prioritization of preliminary document review, but 
only when integrated into a structured framework 
with expert validation. 
 

Index Terms: audit oversight, ChatGPT, expert 
validation, Gemini, generative AI 

1. INTRODUCTION 

he rapid development of generative 
artificial intelligence (GenAI) has opened up 

new opportunities for automation and support in 
professional document analysis [1]–[5]. In 
accounting and auditing, recent studies have 
explored the potential of large language models 
and AI-supported systems in audit 
documentation, analytical procedures, decision 
support, and professional work-flows [6]–[10]. In 
public administration, regulation and supervision, 
GenAI tools can contribute to faster, more  
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consistent and more traceable preliminary 
analytical procedures. However, their use in 
specialized professional contexts requires cau-
tion, especially where model outputs may affect 
regulatory attention, public trust, or professional 
judgment [11]–[14]. 

Audit supervision is one such area. Independ-
ent auditor's reports are standardized profes-
sional documents, but they also include complex 
elements that depend on professional judgment 
[15]–[17], such as modified opinions, key audit 
matters, disclosures related to business continui-
ty, emphasis of matter paragraphs, and internal 
consistency between the auditor's report and the 
accompanying financial statements [17]. These 
features make audit reports a useful environment 
for testing GenAI models, as some elements are 
formal and rule-based, while others require pro-
fessional interpretation. 

This paper does not address whether GenAI 
can replace auditors or audit oversight bodies. It 
can't. Rather, it examines whether GenAI models 
can support the preliminary review of audit re-
ports by identifying potential formal, structural, 
and substantive issues that may require further 
expertise. This distinction is important because 
the value of GenAI in surveillance is not in auton-
omous decision-making, but in supporting the 
identification, documentation and prioritization of 
risks. 

This paper evaluates the performance of two 
GenAI models, ChatGPT and Gemini 3.1 Pro, in 
the task of reviewing audit reports based on a 
checklist. Audit reports are used as real-world 
test documents, while expert assessment of au-
dit oversight serves as a benchmark. The goal is 
not to assess the quality of individual audit firms, 
audit engagements or audit opinions. In-stead, 
the study examines how two GenAI mod-els 
perform in identifying potential issues in audit 
reporting within the same structured framework. 

The contribution of this work is threefold. First, 
a framework for audit supervision supported by 
GenAI models, based on a structured checklist 
review, is proposed. Second, ChatGPT and 
Gemini are empirically compared on the corpus 
of audit reports and accompanying financial re-
ports of public companies in Serbia. Third, mod-
el performance is evaluated using both concord-
ance measures and binary problem detection 
metrics, distinguishing between sensitivity, con-
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servatism, and concordance with expert judg-
ment. 
The rest of the paper is organized as follows. 
Section 2 presents the theoretical background 
and proposed framework. Section 3 explains the 
materials and methods. Section 4 presents and 
discusses the results. Section 5 concludes the 
paper and indicates the contribution and limita-
tions. 

2. BACKGROUND AND PROPOSED FRAMEWORK 

Independent auditor's reports are standardized 
professional documents used to communicate 
the auditor's opinion and selected reporting 
matters relevant to users of financial statements. 
Their structure and content are primarily 
determined by international audit reporting 
standards, including the standard that regulates 
the formation of opinions and reporting on 
financial statements [15]. In addition to formal 
reporting elements, audit reports may also 
include areas that require a higher level of 
professional judgment, such as key audit issues 
and business continuity considerations, which 
depend on entity-specific interpretation [16], [17]. 
This combination of standardized structure and 
judgment-based content makes audit reports 
suitable real-world documents for evaluating the 
performance of GenAI models in checklist-based 
review tasks. 

Traditional audit oversight relies on peer 
review, professional standards, inspection 
procedures and regulatory assessment. At the 
same time, recent literature on AI-supported 
auditing emphasizes that intelligent tools can 
support but not replace professional judgment [8], 
[12], [13]. These mechanisms are necessary, but 
they also require a lot of time and resources. In 
digital public administration, supervisory bodies 
increasingly need tools that can support the 
review of documents and help identify cases that 
may require more detailed attention from experts. 
GenAI models can contribute to this process 
when applied within a structured and controlled 
framework. 

Existing approaches to audit oversight and 
audit supported by artificial intelligence can be 
grouped into four broad categories: manual 
expert inspection supported by standardized 
checklists, document review based on rules or 
templates, traditional audit analytics and audit 
management systems, and new tools supported 
by artificial intelligence for audit documentation, 
explanations and decision support. These 
approaches are useful, but either still rely heavily 
on manual expert review, or focus mainly on 
audit execution rather than audit oversight, or 
provide limited evidence of alignment between 
GenAI output and an independent expert 

benchmark. This study addresses that 
shortcoming by testing a structured review 
framework supported by GenAI models on real 
audit reports and evaluating the model's output 
against audit oversight expert judgment. 

The proposed framework treats GenAI as an 
assistive tool rather than an autonomous 
evaluator, which is consistent with previous 
literature that emphasizes explainability 
(explainable AI), human supervision, and risk-
aware use of AI in auditing [12]–[14]. Its purpose 
is to support a preliminary review of audit reports 
using a predefined checklist. The framework 
consists of five steps: document collection, 
checklist decomposition, assessment using 
GenAI models, expert benchmark assessment, 
and statistical validation. 

Figure 1 shows the workflow used in this study. 
Audit reports and financial statements are first 
processed through a structured checklist and 
then independently evaluated by ChatGPT and 
Gemini. Their risk assessments and findings at 
the level of individual items are compared with 
the expert judgment of the audit supervisor and 
statistically validated. This means that GenAI 
models can only be used as screening tools 
when their outputs are compared to expert 
judgment. 

 
Figure 1. GenAI-Assisted Audit Report Screening 

Framework.  

 

The framework is designed to be reproducible, 
transparent and suitable for empirical testing. 
Both GenAI models receive the same 
documents, the same checklist and the same 
rating scale. Their outputs are then compared to 
expert judgments, allowing the study to examine 
not only whether the models are detecting 
potential problems, but also whether their 
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judgments are aligned with professional 
supervisory judgment. 

In this paper, the focus is on model 
performance. Audit reports are used as a real-
world corpus to test the ChatGPT and Gemini 
models. The study does not rank audit firms, nor 
does it make final conclusions about the 
correctness of audit opinions. Instead, she 
examines whether GenAI models can support 
decision-making in the public sector by helping 
watchdogs identify reports that may require 
further peer review. 

3. MATERIALS AND METHODS 

3.1 Data and Audit Report Corpus 

The initial research framework included 237 
public companies in the Republic of Serbia. The 
empirical analysis was based on documents that 
are publicly available through the Agency for 
Business Registers (APR) [18]. During data 
collection, complete documentation was not 
available for 20 companies. These cases were 
therefore excluded, as they could not provide 
comparable textual inputs for assessment based 
on GenAI models. 

The final empirical corpus consisted of 217 
sets of documents. Each set of documents 
included one independent auditor's report and 
accompanying financial statements for the year 
2024. The financial statement material included 
seven standard reporting components for each 
company, resulting in 1,519 financial statement 
components, in addition to 217 audit reports. A 
total of 1,736 documents or document 
components were used for document review 
based on GenAI models. 

The audit reports were used as real-world test 
documents to evaluate the performance of the 
GenAI model. The objective was not to assess 
the quality of individual audit firms or audit 
opinions, but to examine how ChatGPT and 
Gemini identify issues in audit reporting based on 
the checklist when their outputs are compared to 
audit oversight expert judgment. 

 
Table 1. Sample and assessment design 

 

3.2 Checklist and Scoring Operationalization 

A structured checklist was developed to 
operationalize the preliminary review of the 
independent auditor's report and accompanying 
financial statements. The checklist followed the 
logic of international audit reporting standards 
and audit oversight practices, particularly ISA 
700, ISA 701 and ISA 570 [15]–[17]. Its purpose 
was not to determine whether the audit opinion 
was correct or whether the audit work performed 
was sufficient, but to identify potential reporting 
problems that may require further expert review. 

The checklist was organized into six 
categories: formal completeness of the audit 
report; structural coherence and clarity; 
consistency of audit opinion; key audit issues; 
business continuity and highlighting issues; and 
internal compliance, readability and red flags (risk 
indicators). Each category included several 
operational items that could be evaluated based 
on the audit report and accompanying financial 
statements. 

Table 2. Checklist categories and operational focus 

 
 
Each item on the checklist was rated using a 

four-point ordinal scale of risk. A score of 0 
indicated that no problem was identified. A score 
of 1 referred to a minor problem, such as unclear 
wording or limited formal inconsistency. A score 
of 2 indicated a moderate problem requiring 
further expert review. A score of 3 indicated a 
significant problem or potential regulatory issue. 
The same rating scale was applied by ChatGPT, 
Gemini and an expert rater. 

The checklist was deliberately designed to 
include both standardized and judgment-based 
elements. Standardized elements are usually 
clearly visible in the audit report and can be 
assessed by reviewing the structure and wording 
of the document. Judgment-based elements 
require interpretation of the relationship between 
the auditor's report, financial statement 
disclosures and potential risk indicators. This 
design made it possible to examine whether 
GenAI models show different performance in 
formal review tasks compared to areas requiring 
professional judgment. 
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3.3 Expert Benchmark Assessment 

The expert assessment of audit supervision 
served as a benchmark for evaluating the output 
of the GenAI model. The expert evaluator was a 
professional in the field of auditing and financial 
reporting with practical experience in reviewing 
independent auditors' reports, assessing 
compliance with audit reporting requirements and 
interpreting financial statements in the context of 
reporting by public interest companies or publicly 
available company reports. 

The expert assessment was conducted 
independently of the assessment based on the 
GenAI models. The expert used the same 
checklist categories and the same rating scale 
from 0 to 3 as the two GenAI models. The 
purpose of this assessment was to establish a 
professional benchmark for preliminary problem 
detection, not to make final regulatory 
conclusions or re-evaluate the quality of the audit 
engagement itself. 

To reduce the risk of bias, the expert rater did 
not use the outputs generated by ChatGPT or 
Gemini when assigning the reference scores. 
Therefore, the expert assessment was treated as 
an independent reference classification. GenAI 
outputs were compared to this benchmark only 
after all model evaluations were completed. 

When the interpretation of a particular item on 
the checklist required professional judgment, the 
expert evaluator took into account both the audit 
report and the accompanying financial 
statements. Special attention is paid to modified 
opinions, key audit matters, disclosures related to 
business continuity, paragraphs that highlight a 
particular issue, inconsistencies between the 
auditor's report and information from the financial 
statements, as well as other red flags that may 
require further attention from supervisory bodies. 

The quality control procedure was applied to a 
selected sub-sample of the evaluated document 
sets. A second auditor independently reviewed 
part of the sample to check the consistency of the 
expert assessment. All disagreements were 
discussed and resolved through professional 
judgment, with the original reference scores 
maintained or adjusted where warranted. This 
procedure was used to increase the reliability of 
the expert reference value and reduce the risk 
that the evaluation of the model depends solely 
on the interpretation of a single evaluator. 

 
3.4 GenAI Assessment Protocol and 
Reproducibility Measures 
An evaluation based on GenAI models was 

conducted using two general-purpose generative 
AI systems: ChatGPT, based on OpenAI's GPT-
5.5 Thinking model, and Gemini 3.1 Pro, 
accessed through Google's Gemini environment. 
For better readability, the models are referred to 

as ChatGPT and Gemini in the rest of the paper. 
Both models were evaluated under the same 

evaluation conditions. They were given the same 
document entries, the same checklist structure, 
the same rating scale, and the same task 
instructions. The models were instructed to act as 
audit oversight assistants and to perform only a 
preliminary review of the audit report and 
accompanying financial statements. They are 
specifically instructed not to determine whether 
the audit opinion is correct, not to assess the 
overall quality of the audit engagement, and not 
to make unsubstantiated regulatory conclusions. 

The assessment protocol was designed to 
enhance comparability and reproducibility. For 
each set of documents, the relevant audit report 
and supporting material from the financial 
statements are made available to the model. The 
model was then asked to evaluate a set of 
documents using a predefined checklist and 
assign a score from 0 to 3 for each item on the 
checklist. For each non-zero score, the model 
was also asked to provide a brief rationale and to 
identify the element of the document that 
triggered the risk signal. 

In order to reduce variability, the same prompt 
template was used for both models throughout 
the assessment. The query defined the role of 
the model, the scope of the task, the checklist 
categories, the rating scale, and the expected 
output format. The models were instructed to 
distinguish confirmed findings in documents from 
potential problems requiring expert review. They 
were also instructed to use careful language and 
to avoid conclusions that would normally require 
full audit inspection or regulatory authority. 

The output of each model was recorded in a 
structured format, including checklist item scores, 
summary risk scores, and brief qualitative 
explanations. This structured output allowed for 
comparisons between the ChatGPT, Gemini, and 
expert benchmark models at both an aggregate 
and individual item level. 

Since commercial GenAI systems may change 
over time, the model’s name, access 
environment, and evaluation period are 
documented for transparency and repeatability. 
This is especially important because the results 
of document analysis based on GenAI models 
may depend on query design, model version, 
document formatting, and interface-level settings 
that the researcher cannot always fully control. 

Assessments were conducted during the same 
evaluation period using the ChatGPT and Gemini 
document upload web interfaces. No model 
output was used to modify the query during the 
main evaluation phase. The exact query template 
used in the study is listed in Appendix A. 
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3.5 Model Evaluation and Statistical Measures 
The performance of the model was evaluated 

by comparing the output of the ChatGPT and 
Gemini models with an expert reference value 
(benchmark). The evaluation was conducted on 
two levels. First, the aggregated risk scores were 
used to compare the overall rating behavior of 
both models and the expert rater. Second, ratings 
at the level of individual checklist items were 
used to assess compliance and problem 
detection performance. 

The mean absolute error (MAE) was calculated 
to measure the average distance between the 
model's rating and the expert's rating. Bias was 
used to determine whether the model generally 
overestimated or underestimated the risk relative 
to the expert reference value. A positive bias 
indicated that the model on average assigned a 
higher risk score than the expert, while a 
negative bias indicated a more conservative 
rating pattern. 

Agreement was evaluated using item-level 
exact agreement and Cohen's kappa coefficient. 
Exact compliance measured the proportion of 
items on the checklist for which the model and 
the expert assigned the same rating. Cohen's 
kappa coefficient was applied because simple fit 
may exaggerate model performance when a 
large number of checklist items are classified as 
a problem-free situation [19]. 

For the purposes of binary problem detection 
analysis, the ordinal scores from the checklist 
were converted into two categories. A score of 0 
was treated as a situation in which no problem 
was detected, while all scores greater than 0 
were treated as a detected problem. Precision, 
recall, F1-score and accuracy were calculated 
using expert classification as a reference value. 
Accuracy measured the proportion of problems 
identified by the model that were also identified 
by the expert. The response measured the 
proportion of problems identified by the experts 
that the model was able to detect. The F1-
measure was used as a balanced measure of 
precision and responsiveness, while accuracy 
measured the total proportion of correctly 
classified items. 

The ROC-AUC metric was used to assess the 
ability of model scores to discriminate between 
lower and higher risk cases [20]. In the context of 
the preliminary review in audit supervision, the 
response (recall) was considered particularly 
important because the main purpose of the 
review is to identify cases that may require 
further expert analysis. Accuracy was also 
relevant, since a model that generates too many 
false positives can increase the workload of 
expert raters. 

The evaluation therefore did not proceed from 
the assumption that assigning higher risk scores 

is automatically better. Instead, the analysis 
distinguished between sensitivity, conservatism, 
compliance with expert judgment, and practical 
utility for the first stage of review in audit 
oversight. 

4. RESULTS AND DISCUSSION 

4.1 Overall Risk-Scoring Patterns 
The first step of the analysis compared the 

overall risk assessment behavior of the ChatGPT 
and Gemini models with an expert benchmark. 
The results show that the two models did not 
follow the same pattern. ChatGPT generally 
assigned higher risk scores, indicating a more 
sensitive screening approach. Gemini assigned 
lower scores and more often classified checklist 
items as non-problem situations, indicating a 
more conservative review pattern. 

These findings should be interpreted in light of 
the study design itself. The models are not 
evaluated as autonomous decision-makers in the 
audit, but as structured preliminary review tools 
used under the same checklist, rating scale, and 
expert benchmark. Therefore, the results reflect 
their utility for risk-based document triage rather 
than their ability to make definitive conclusions in 
audit oversight. 

 
Table 3. Overall model performance and agreement with 

the expert benchmark 

 
 
Panel A. Overall risk-score distribution 
 
Panel B. Agreement and error measures relative to expert 

benchmark 
 

Table 3 summarizes the overall risk-score distribution and 
agreement measures. Panel A presents aggregate risk-score 
patterns, while Panel B reports model error, bias, and chance-

adjusted agreement relative to the expert benchmark. 

The results indicate that higher risk scores do 
not automatically imply better model 
performance. A model that assigns higher scores 
may be more sensitive, but may also be more 
likely to generate false positives. Conversely, a 
model that assigns lower scores may be more 
accurate in some cases, but may also miss 
problems identified by the expert. For this reason, 
evaluation of GenAI models in audit oversight 
should consider both sensitivity and accuracy. 
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The perceived pattern of evaluation is 
important for decision-making in the public 
sector. In a preliminary review in audit oversight, 
missing a relevant issue can be more problematic 
than flagging an item for further review. 
Therefore, a model with a higher recall may be 
more useful in the early stage of screening, while 
a more conservative model may be preferred 
only when the main priority is to reduce false 
alarms. 

 
4.2 Agreement with Expert Assessment 
The second step examined the level of 

agreement between each GenAI model and an 
expert reference value (benchmark). Exact 
compliance was calculated at the checklist item 
level, while Cohen's kappa coefficient was used 
to adjust for compliance that may have occurred 
by chance [19]. 

The results show that both models achieved 
some level of agreement with expert judgment, 
but the strength and nature of that agreement 
differed significantly. ChatGPT showed stronger 
adjusted concordance when Cohen's kappa 
coefficient was considered. In contrast, the 
Gemini model's compliance was partly affected 
by its frequent zero-risk classification. This 
suggests that Gemini can perform accurately in 
categories with a large number of items without 
problems, while being less reliable in detecting 
less obvious or judgmental problems. 

In audit oversight, compliance with expert 
judgment is critical because the purpose of the 
GenAI model is not to make independent final 
decisions, but to support peer review. The results 
therefore support the use of GenAI models as an 
auxiliary review mechanism, provided that expert 
validation remains an integral part of the process. 

 
4.3 Performance by Checklist Category 
Model performance differed by checklist 

category. Both models scored better in 
standardized and formal categories than in areas 
requiring professional judgment. This pattern was 
expected, since formal elements are usually 
directly visible in an audit report, while 
judgmental elements require contextual 
interpretation. 

 

Table 4. Performance by checklist category 

 
The best performances were observed in the 

categories related to formal completeness and 
report structure. These categories include 
elements such as title, opinion section, basis for 
opinion, management's responsibility, auditor's 
responsibility, date, and auditor identification. 
Since these elements were mostly explicitly 
stated in the report, both models identified them 
with relatively high consistency. 

The weakest performance was recorded in key 
audit issues, business continuity considerations, 
as well as in internal compliance and red flag 
detection (risk indicators). These areas require 
more than just text recognition. They require an 
understanding of whether a matter is specific to a 
given entity, whether the auditor's explanation is 
sufficiently informative, whether the opinion is 
consistent with the basis for the opinion, and 
whether signals from the financial statements 
may require additional attention. The results 
therefore suggest that GenAI models are more 
reliable in standardized review tasks than in 
areas requiring professional skepticism and 
auditor judgment. 

 
4.4 Issue-Detection Performance 
In order to assess whether the models are 

capable of detecting problems in audit reporting, 
the ratings at the level of individual items were 
converted into binary classifications. A score of 0 
was treated as a situation in which no problem 
was detected, while all scores greater than 0 
were treated as a detected problem. Expert 
classification was used as a reference value 
(benchmark). 

Table 5. Binary issue-detection performance 

 
 
The results show that ChatGPT and Gemini 

differed significantly in their problem detection 
behavior. ChatGPT achieved a higher response 
(recall), which means that it detected a higher 
proportion of the problems identified by the 
expert. Gemini showed a more conservative 
detection pattern and flagged fewer problems. It 
achieved higher precision, but a significantly 
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lower response, indicating that it generated fewer 
false positives, but also missed a higher 
proportion of problems identified by the expert. 

Interestingly, both models achieved the same 
ROC-AUC value, although their precision and 
response profiles differed significantly. This 
indicates that the models had a similar overall 
ability to distinguish between lower and higher 
risk cases, but differed in how they converted risk 
signals into problem detection. In practical terms, 
ChatGPT followed a more sensitive detection 
pattern, while Gemini took a more restrictive 
approach when flagging problems. 

From an audit oversight perspective, 
responsiveness is particularly important in the 
preliminary review. The review tool should help 
identify cases that may require additional human 
analysis. If the model misses a large number of 
problems identified by the expert, its practical 
utility for supervision may be limited. Therefore, a 
model with a higher response may be more 
suitable for the first stage of screening, even if it 
generates more false positives. However, this 
advantage depends on the available expert 
review capacity, as high-sensitivity review may 
increase the number of cases requiring human 
verification. 

The results also show that no model should be 
used without expert validation. GenAI models can 
support prioritization and documentation, but 
cannot determine whether the audit work 
performed was sufficient or whether the audit 
opinion was correct. Their role is limited to a 
structured preliminary examination. 

 
4.5 Interpretation of ChatGPT and Gemini 

Behavior 
Empirical results indicate that ChatGPT and 

Gemini should not be treated as interchangeable 
tools. ChatGPT acted as a high-sensitivity 
screening model. It tended to identify more 
potential problems, assign a higher risk score, 
and reveal a higher proportion of findings 
identified by the expert. This makes it more 
useful in situations where the main goal is to 
avoid missing relevant issues, provided there is 
sufficient expert review capacity to evaluate 
additional flagged cases. 

Gemini behaved as a more conservative 
model. It produced fewer risk signals and 
assigned lower ratings more often. This may 
reduce the number of false positives, but may 
also increase the risk of underdetection (missing 
a problem). In audit oversight, this distinction is 
important because the cost of missing a relevant 
issue can be higher than the cost of sending a 
case for expert review. 

The results suggest that GenAI tools can be 
useful for audit oversight only when integrated 
into a structured framework, which is consistent 

with previous research emphasizing human 
oversight, explainability, and ethical safeguards 
in AI-assisted auditing [12]–[14]. A checklist gives 
models a defined scope of work, a rating scale 
enables comparison, and an expert benchmark 
prevents undue reliance on AI-generated 
conclusions. This combination is crucial for the 
responsible use of GenAI models in public sector 
decision-making. 

Overall, the proposed framework provides a 
practical way to test and document the 
performance of GenAI models in a specialized 
professional context. It does not replace human 
expertise, but it can improve the efficiency and 
consistency of preliminary document review. The 
findings also suggest that the choice of model 
should depend on the purpose of the review task 
itself: a more sensitive model may be preferred 
for early risk identification, while a more 
conservative model may be useful when reducing 
false positives is a priority and expert review 
capacity is limited. 

5. CONCLUSION 

From an operational point of view, the 
proposed framework offers a scalable and 
structured approach to the preliminary review of 
audit reports within a large corpus of documents. 
Its main advantage is the ability to consistently 
process standardized documents and identify 
cases that may require further expert review. 
However, the practical value of this framework 
depends on structured inquiries, pre-defined 
checklist criteria, transparent assessment, 
statistical validation and expert supervision. 

The results indicate that ChatGPT and Gemini 
should not be treated as interchangeable tools. 
ChatGPT demonstrated higher sensitivity and 
significantly stronger recall, which makes it more 
suitable for first-stage screening tasks where the 
main goal is to avoid missing potentially relevant 
issues. However, this advantage depends on the 
available expert review capacity, since higher 
sensitivity may also increase the number of 
cases requiring human verification. Gemini gave 
more conservative outputs, with higher precision 
but lower response, which can be useful when 
reducing false positives is a priority. 

Both models scored better in the formal and 
standardized categories of the checklist than in 
areas requiring professional judgment. Key audit 
issues, business continuity considerations and 
internal compliance red flags remained a more 
difficult task for both models. This suggests that 
GenAI can support audit oversight by improving 
the efficiency and consistency of the preliminary 
review, but it cannot replace audit oversight's 
expert judgment or professional judgment. 

For decision-making in the public sector, the 
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proposed framework can improve the 
documentation, prioritization and consistency of 
preliminary reviews of audit reports. Its 
responsible use requires a human-in-the-loop 
approach, in which GenAI model outputs are 
treated as risk signals rather than final 
conclusions. In this sense, the framework is most 
useful as a decision support mechanism for 
identifying documents that deserve more detailed 
attention by experts. 

The contribution of this work can be 
characterized through the creative methods of 
Combination and Interdisciplinary Transfer. The 
study combines generative artificial intelligence, 
audit supervision, expert validation and statistical 
evaluation of model performance within a single 
framework. She also applies document analysis 
based on GenAI models to the specialized 
context of audit report review and decision 
support in the public sector. 

The study has several limitations. The analysis 
was carried out on audit reports and financial 
reports of public companies in Serbia for one 
reporting year, and the expert reference value 
was based on a professional assessment within 
the defined framework of the checklist. Results 
may therefore depend on the document corpus, 
checklist design, query structure, model version, 
and assessment context. Future research may 
extend this framework to other jurisdictions, 
additional GenAI models, multilingual audit 
reports, and other forms of regulatory 
documentation. Future studies should also 
examine whether optimized queries, structured 
inputs, multiple expert benchmarks, or hybrid 
review procedures (human-AI) can improve 
model performance. 

 
Appendix A. Prompt Template Used  

for Genai Assessment 

The following query template was used for both 
GenAI models during the main evaluation phase: 

You act as an assistant in auditing supervision. 
Your task is to perform a preliminary review of 
the independent auditor's report and 
accompanying financial statements. You may not 
determine whether the audit opinion is correct, 
nor may you evaluate the overall quality of the 
audit engagement. Your role is limited to 
identifying potential issues in audit reporting that 
may require further expert review. 

Use the following checklist categories: A. 
Formal completeness of the audit report; B. 
Structural coherence and clarity; C. Consistency 
of audit opinion; D. Key Audit Issues; E. 
Continuity of business and highlighting issues; F. 
Internal compliance, readability and red flags 
(risk indicators). 

For each item on the checklist, assign a score 
as follows: 0 = no problem identified; 1 = minor 

problem; 2 = moderate problem that requires 
further expert review; 3 = significant problem or 
potential regulatory issue. 

For each score greater than 0, please provide 
a brief explanation based solely on the 
documents submitted. Make a clear distinction 
between confirmed findings in the document and 
potential problems that require expert review. Do 
not draw unfounded regulatory conclusions. 
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