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ABSTRACT

Penilaian kepatuhan tradisional memakan waktu dan membutuhkan banyak tenaga, yang
menghambat produktivitas otoritas pajak. Makalah ini membahas bagaimana Kecerdasan
Buatan (Al), khususnya Model Bahasa Besar (LLMs), Pemrosesan Bahasa Alami (NLP), dan
Pembelajaran Mesin (ML), dapat merevolusi pelaporan audit pajak. Kami menunjukkan
bagaimana teknologi-teknologi ini dapat mempermudah analisis data, mengidentifikasi
ketidaksesuaian, merangkum dokumen, dan bahkan mengotomatiskan pembuatan laporan,
yang pada akhirnya meningkatkan efisiensi dan akurasi bagi departemen kepatuhan otoritas
pajak.

Traditional compliance assessment is time-consuming and labour-intensive, hindering tax
authorities' productivity. This paper explores how Artificial Intelligence (Al), specifically Large
Language Models (LLMs), Natural Language Processing (NLP), and Machine Learning (ML),
can revolutionize tax audit reporting. We demonstrate how these technologies can streamline
data analysis, identify discrepancies, summarize documents, and even automate report
generation, ultimately enhancing efficiency and accuracy for tax authorities’ compliance
departments.

1. INTRODUCTION
1.1. Background of Study

immense capability to revolutionize tax compliance

Tax audits are a critical component of a well-
functioning tax system, ensuring compliance with
regulations, deterring tax evasion, and securing
revenue for essential government services
(International Monetary Fund, 2024).

However, the traditional audit process is often
plagued by inefficiencies with high dependency of
human input. Fatigue, lack of motivation, and other
work-related stress undermine the auditor’s
productivity. Manually reviewing vast amounts of
financial records, contracts, and communication
records is a laborious task, leading to lengthy audit
completion times (Chowdhry et al, 2023).
Furthermore, the traditional approach struggles to
handle the ever-increasing volume of data
associated with complex financial transactions,
potentially hindering audit coverage (Adams &
Weaver, 2018). Additionally, human error is a
constant concern in manual data analysis, which can
lead to missed anomalies or inconsistencies in
financial records (Elliott, 2018).

Emerging Artificial Intelligence (AI) technologies
offer promising solutions to these challenges. Large
Language Models (LLMs), Natural Language
Processing (NLP), and Machine Learning (ML) hold

reporting by streamlining data analysis, enhancing
anomaly detection, and improving overall optimized
process and scalability. This paper will discuss more
into how these Al advancements can be leveraged
throughout the various stages of the tax audit process.
The goal is to demonstrate how Al can significantly
improve the efficiency, accuracy, and scalability of tax
audit reporting, ultimately leading to a more efficient,
robust and fair tax system.
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Figure 1: Architecture Of Al Ecosystem
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2. LITERATURE REVIEW AND
HYPOTHESIS

Current tax compliance audits grapple with
laborious manual data review, exponentially growing
data volumes, and human error in analysis (Chowdhry
et al, 2023; Adams & Weaver, 2018). This paper
proposes Artificial Intelligence (Al) as a promising
solution. The framework explores how Large
Language Models (LLMs) interact with textual data
within tax documents, identifying suspicious patterns
and categorizing them efficiently (Li et al., 2021; Fan
et al, 2018). Natural Language Processing (NLP) the
n takes centre stage, extracting crucial information,
uncovering inconsistencies, and even analysing the
sentiment of communication regarding taxes (Liao et
al, 2020; Liu, 2012). Machine Learning (ML) adds
another layer of power, recognizing patterns from
past discrepancies through data scientist modelling
and strategically grouping similar tax behaviour to
assess risk more effectively (Singh et al, 2023;
Aggarwal et al,, 2016). These Al technologies can be
implemented throughout the entire audit process,
encompassing data analysis, anomaly detection,
report generation, and even communication channels
with taxpayers (Liao et al., 2020; Dyche et al,, 2018).
While acknowledging the need for further research
on explainability and potential bias in Al models, data
security, and the irreplaceable role of human expertise
(Chen et al,, 2020; Dyche et al., 2018), this framework
suggests that Al holds immense capacity to
revolutionize tax audit reporting by enhancing
effectiveness, accuracy, and risk assessment
capabilities.

3. RESEARCH METHODOLOGY

This research adopted a qualitative approach to
explore how Large Language Models (LLMs), Natural
Language Processing (NLP), and Machine Learning
(ML) can improve tax compliance processes. A
comprehensive review of existing literature was
conducted. This involved searching academic
journals, industry reports, and white papers through
online databases like Google Scholar, JSTOR, and
EBSCOhost. The focus was on publications from the
past five years to ensure access to the latest
advancements. Thematic analysis techniques were
then applied to identify recurring themes within the
data.

These themes centered on the functionalities of
LLMs, NLP, and ML, and how they could be applied at
various stages of the tax audit process by a national tax
authority. By analyzing these themes, a framework
was constructed outlining how these Al technologies
can contribute to more efficient, accurate, and overall,
more effective tax audit reporting. While
acknowledging limitations inherent to qualitative
research, such as reliance on existing knowledge and
potential selection bias, this study opens doors for
future research. This includes conducting case studies

or interviews with tax professionals to gain deeper
insights into the practical applications of Al in real-
world scenarios. Additionally, exploring the ethical
considerations and potential biases associated with
Al algorithms in tax auditing would be a valuable
area for further investigation.

4. RESULTS AND FINDINGS
4.1.Findings

Drawing on Slemrod's (2007) framework, a tax
audit can be defined as a systematic examination of a
taxpayer's financial records and affairs to verify
compliance with tax laws and regulations. This
process involves assessing the accuracy of reported
income, deductions, and credits, and identifying
potential instances of tax evasion or avoidance. Tax
audits serve as a crucial tool for tax authorities to
ensure compliance and deter tax evasion. Research by
Advani, Elming, and Shaw (2017) using data from the
UK's HM Revenue & Customs (HMRC) supports the
notion that audits can have a positive deterrent effect.
Their findings indicate that taxpayers subject to
audits tend to increase their reported income in
subsequent years.

Traditional tax compliance report generation is a
labor-intensive process heavily reliant on human
auditors. This manual approach often leads to
inefficiencies, such as time-consuming data analysis,
inconsistent report formatting, and increased risk of
human error. Auditors frequently spend a significant
portion of their time on repetitive tasks, such as data
extraction, document summarization, and report
formatting, detracting from higher-value activities
like analysis and interpretation of audit findings. The
manual nature of the process also contributes to
variations in report quality and consistency across
different auditors.

Kartika (2018) proposed a framework in figure
2 that demonstrate tax auditor from Indonesian
Directorate General of Taxes behaviour in correlation
with work stress as a mediating factor influencing
dysfunction behaviour. This is where Artificial
Intelligence (AI) and Large Language Models (LLMs)
have the potential to revolutionize the auditing
landscape.

Over
Workload
Role
Conflict

Figure 2: Auditor Dysfunction and Its Factor. Adapted
from Kencana, K. C., & Widhiastuti, S. (2018)
Indonesian Journal of Accounting and Governance
(IJAG), 2(1), 43-54.
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4.2.Discussion - Large Language Models (LLMs)

LLMs are a type of Al model trained on massive
datasets of text and code (Li et al., 2021). In the context
of tax auditing, these datasets can include tax codes
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and regulations, financial statements, legal documents,
accounting principles, and historical audit reports
(Huang et al., 2020). This extensive training allows
LLMs to develop exceptional -capabilities in
understanding and processing human language,
making them valuable tools for auditors (Bostrom &
Yudkowsky, 2014).

Feature Static LLM Dynamic LLM

Data Access [Fixed Dataset Real-time Internet

Knowledge |Limited to Continuously
Base training data updates with new
information
Strengths Established Latest information,
knowledge, real-time trends
historical data
analysis

IApplications [Translation, word| Summarising,

(Tax prediction, information
)Auditing)  jgrammar gathering, reporting
checking

Grammarly, Spam
filtering, Basic
machine
translation,
HMRC Connect
system

Examples ChatGPT, Gemini

Figure 3: Primary Categories of LLMs Distinguished
by Their Information Access Methods: Static and
Dynamic

Large Language Models (LLMs) are
revolutionizing the way tax auditors prepare reports.
These Al models offer a variety of functionalities that
can streamline the process and elevate report
accuracy (Mikolov et al.,, 2013; Sutskever et al., 2014).

One key contribution of LLMs lies in text
generation. Trained on tax audit report templates and
historical data, LLMs can generate standardized
sections like company background profile,
introductions, methodologies, and conclusions (Fan
et al,, 2018). This saves auditors time and ensures
consistent formatting across reports. Additionally,
LLMs can adapt their writing style based on the
target audience. For technical reports directed at tax
authorities, the LLM can use formal language and
precise terminology (Li et al., 2023). Conversely, for
client summaries, the LLM can generate clearer and
more concise explanations of key findings.
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Figure 4: Ai Assisted Tax Audit Report Generation

LLMs also excel at text summarization. They can
assess voluminous financial records and generate
summaries highlighting relevant information such as
income sources, claimed deductions, and risk of
discrepancies (Fan et al., 2018). This allows auditors
to grasp the financial picture quickly and identify
areas requiring further investigation.

Furthermore, LLMs with access to real-time
information can empower auditors to stay updated
on the latest tax code changes. By functioning as a
research assistant, the LLM can answer questions
about recent modifications to tax regulations
(Sutskever et al., 2014). For instance, an auditor can
ask the LLM, "What are the recent changes to zero
rated supply list in VAT?" The LLM can then search
relevant legal databases and provide a comprehensive
response. LLMs can also be trained on frequently
asked questions (FAQs) related to relevant topics.
This allows them to generate clear and concise
answers to client inquiries about specific findings in
the audit report (Li et al., 2023).

Beyond these core functionalities, there are
additional considerations. Machine translation
capabilities can be particularly useful for international
level of compliance tax audits involving foreign
companies or documents. LLMs can translate
financial statements and other relevant documents
into the auditor's language, facilitating efficient review
and analysis. Sentiment analysis is another possible
benefit. While tax reports are typically objective,
identifying areas of potential concern or disagreement
is crucial. LLMs with sentiment analysis capabilities
can process interview transcripts or client
communication to identify signs of defensiveness or
obfuscation, prompting auditors to gain a deeper
understanding into those areas (Fan et al., 2018).

It's important to remember that LLMs are tools,
not replacements for human expertise (Mikolov et al.,
2013). Auditors must exercise judgment and critical
thinking when using LLM outputs. Additionally, LLMs
require high-quality training data specific to tax
regulations and terminology to function optimally (Li
et al, 2023). By leveraging the capabilities of LLMs,
tax auditors can improve the productivity and
accuracy of report preparation, allowing them to
dedicate more time to complex analysis and client
communication.
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4.3.Discussion - Natural Language Processing

(NLP)

Natural Language Processing (NLP), a subfield of
Artificial Intelligence (AI) focused on enabling
computers to understand the nuances of human
language (Jurafsky & Martin, 2020), is proving to be a
valuable tool in the tax audit process. NLP techniques
play a crucial role in extracting key information from
various documents and identifying inconsistencies
that might warrant further investigation (Liao et al,,
2020).

Tax auditors can leverage NLP capabilities in
several ways to streamline and enhance their audit
reports. Entity recognition allows NLP to excel at
identifying specific entities within tax documents,
such as company names, social security numbers,
financial amounts, and tax codes (Wang et al., 2020).
This facilitates the extraction of relevant data from
invoices, receipts, contracts, and other financial
records, saving auditors time and reducing manual
data entry errors. NLP can also categorize documents
based on their content, automatically classifying them
as income statements, balance sheets, invoices, or
other relevant tax document types (Document
Classification). This functionality promotes efficient
document organization and retrieval during the audit
process.

Furthermore, NLP goes beyond simply identifying
entities. It can determine the relationships between
them, aiding in uncovering inconsistencies
(Relationship Extraction). For instance, NLP can
identify discrepancies between a company's reported
income and the amounts mentioned in invoices from
their suppliers (Mintz et al, 2009). This can be
particularly useful in situations where a company
reports high expenses for a specific category but has
minimal supporting invoices.

Pattern recognition is another capability offered
by NLP. It allows for the analysis of large volumes of
text data to identify recurring patterns and
keywords associated with increasing risk of tax
evasion attempts (Li et al, 2023). By analysing
historical audit reports and identifying language
patterns indicative of fraudulent activities, NLP can
assist auditors in prioritizing documents that require
closer scrutiny.

Tax reports are typically objective; however, NLP
can be wused to investigate the sentiment of
communication records, such as emails or internal
company memos. Identifying negative sentiment
towards tax liabilities or mentions of aggressive tax
strategies can flag these documents for further review
(Liu, 2012). This might uncover attempts to
manipulate tax filings or latent areas requiring
deeper investigation.

In addition to enhancing data extraction and
analysis, NLP can also improve the effectiveness of
report generation. NLP models can be trained on tax
audit report templates and historical reports. Based
on the specific findings of an audit, the NLP model can
generate boilerplate sections like introductions,

methodologies, and conclusions (Standardized Report
Sections). This saves auditors time and ensures
consistency in report formatting.

Finally, NLP can analyse interview transcripts and
generate summaries capturing key points, allowing
auditors to quickly grasp the information and
summarize interview notes (Summarizing Interview
Notes; Mikolov et al., 2013). Compliance audit often
involve interviews and a lot of document-related
readings. NLP's ability to analyse transcripts and
generate summaries can significantly reduce the time
auditors spend reviewing lengthy documents.

-

—

Summary

Document

Figure 5: NLP summarization capability
4.4.Discussion - Machine Learning (ML)

Tax authorities are increasingly utilizing
Machine Learning (ML) to enhance their ability to
identify high probability of tax risks. Collaboration
between data scientists and tax authority may create a
specific purpose Machine learning (ML) algorithms
model that can learn from historical audit data to
identify patterns and anomalies that might signal
potential tax risks. These algorithms can be trained
on vast datasets of past audits, tax filings, and financial
information (Chen et al., 2020).

Machine learning (ML) is playing an increasing
role in tax auditing. Two main types of ML algorithms
are used: supervised learning and unsupervised
learning. Supervised learning utilizes historical data
where tax discrepancies have already been flagged.
By training algorithms on these examples, they can
learn to identify patterns associated with past tax
evasion attempts in new filings (Huang et al,, 2020;
Singh et al, 2023). Unsupervised learning, on the
other hand, works with unlabeled data. In the context
of tax audits, this allows for grouping similar tax
returns together based on shared characteristics. This
can be helpful for auditors, as they can then prioritize
clusters with a higher likelihood of containing
irregularities for further investigation (Aggarwal et al,,
2016).

An ML model can be trained on historical data to
analyze financial ratios, expense categories, tax
deductions claimed, and industry benchmarks (Li et al.,
2021). The model can then identify companies with
significant deviations from these benchmarks,
potentially indicating under-reported income or

136

Jurnal BPPK Volume 17 Nomor 3, 2024



AI-ASSISTED TAX AUTHORITIES: LEVERAGING LLM, NLP, AND ML FOR EFFICIENT TAX AUDIT REPORTING

fraudulent tax practices (Nguyen et al, 2020). By
leveraging the combined capabilities of LLMs, NLP,
and ML, tax auditors can gain valuable insights from
vast amounts of text data, identify hidden patterns, and
ultimately boost the productivity and effectiveness of
the tax audit reporting process.

See Appendix I Figure 6: Tax gap and behaviors
pattern recognized by HMRC Connect ML Algorithm
from 2019 - 2023.

4.5. Applications in Tax Audit Reporting

Large Language Models (LLMs), Natural Language
Processing (NLP), and Machine Learning (ML) offer
significant potential to improve the quality and
efficiency of tax audit reporting.

See Appendix Il Figure 7: Typical Tax Audit
Process and potential for Artificial Intelligence
Assistance.

In the initial data analysis and anomaly detection
phase, LLMs can act as intelligent assistants,
pinpointing unusual entities within financial
documents (e.g., sudden appearance of new shell
companies) (Li et al, 2023). They can also detect
inconsistencies between reported figures and
corresponding language (e.g., high expenses with
vague descriptions) (Huang et al, 2020) and flag
documents containing suspicious keywords or
phrasing indicative of tax evasion schemes by learning
from past audit cases (Sutskever et al, 2014).
Meanwhile, ML algorithms can leverage supervised
learning to identify patterns associated with past tax
discrepancies in historical audit data. These patterns
can then be applied to analyze new tax filings and flag
potential areas of concern (Singh et al, 2023).
Unsupervised learning algorithms can further
contribute by clustering similar tax returns, allowing
auditors to focus on outliers or companies with high-
risk profiles that warrant further scrutiny (Aggarwal
etal, 2016).

Tax compliance processes often involve reviewing
a multitude of documents, a task that LLMs can
significantly streamline. LLMs can automatically
generate concise summaries of key points from
various documents, allowing auditors to grasp the
overall content more efficiently and prioritize their
review efforts (Liu & Lapata, 2019). Additionally, they
can categorize documents based on their tax relevance
(e.g, invoices, contracts, emails), facilitating
organization and retrieval during the audit process
(Fan et al, 2018). Even with redacted documents,
LLMs may still be able to evaluate the remaining
content to identify suspicious patterns or anomalies
by examining the context and surrounding language,
potentially uncovering redacted information or
inconsistencies (Li et al.,, 2023). The initial stage of tax
audits involves analyzing vast quantities of financial
records, contracts, and communication records. Here's
how LLMs and ML can contribute to this critical
process (Chen et al., 2020).

Machine learning plays a vital role in risk
assessment and audit selection, a crucial step for
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maximizing audit effectiveness. ML algorithms can
analyze a company's financial statements, industry
data, and historical filing patterns to generate a risk
score. This score then helps auditors prioritize
companies with a higher likelihood of tax
discrepancies for further scrutiny (Singh et al., 2023).
Predictive analytics take this a step further by
allowing ML models to predict the likelihood of tax
errors in new filings based on historical audit data.
This empowers auditors to allocate resources more
effectively by focusing on companies with a higher
probability of under-reporting taxable income
(Nguyenetal.,, 2020).

Traditionally, generating comprehensive audit
reports can be time-consuming. LLMs can significantly
expedite this process by automating several key
functions. They can populate sections of the report
with extracted data from the reviewed documents,
including identified discrepancies, relevant tax codes,
and other pertinent information (Li et al., 2023). LLMs
can also generate initial drafts of the report based on
the extracted information and identified anomalies.
This saves auditors significant time in structuring the
report and allows them to focus on analysis and
interpretation of the data (Huang et al., 2020). NLP
techniques can ensure consistent language use and
terminology throughout the report, enhancing its
professionalism and readability (Jurafsky & Martin,
2020). Furthermore, LLMs can tailor the writing style
and level of technical detail in the report based on the
intended audience. For instance, reports for tax
authorities can use formal language and precise tax
code references, while reports for company
management can be presented in a clearer and more
concise manner (Li etal., 2023).

Finally, LLMs can bridge the communication gap
between auditors and taxpayers, promoting
transparency and a smoother audit process. LLMs can
translate complex tax regulations and jargon into
plain language that is easier for taxpayers to
understand. This can improve communication during
the audit process and reduce taxpayer anxiety
(Akerlof & Shiller, 2015). Additionally, LLMs can
generate standardized interview guides tailored to
specific tax concerns identified during the initial data
analysis. This ensures consistentinformation gathering
across different audits and minimizes the risk of
overlooking crucial details (Dyche et al., 2018). Finally,
LLMs can generate initial drafts of emails or letters to
taxpayers, summarizing key findings and next steps in
a clear and concise manner, saving auditors time and
promoting efficient communication (Li et al., 2023).

4.6. Case study

HMRC's Connect system is a sophisticated data
analytics platform designed to uncover tax evasion and
fraud. By cross-referencing billions of data points from
various sources, Connect identifies hidden patterns
and relationships between individuals, organizations,
and financial transactions. This enables HMRC to
detect anomalies in areas such as bank interest,
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property income, and lifestyle indicators compared to

declared tax liabilities.

Connect comprises two main components:

e Analytical Compliance Environment (ACE):
Allows analysts to manipulate and analyze data
in depth, focusing on tasks like identifying
undeclared income sources.

* Integrated Compliance Environment (ICE):
Provides a visual interface for presenting complex
data, aiding in further investigation and risk
assessment.

With a user base of approximately 3,000 staff,
Connect plays a crucial role in HMRC's efforts to
enhance audit efficiency, improve case selection, and
combat tax fraud. Developed by BAE Systems at a cost
of £100 million, the system has generated over £3
billion in additional tax revenue. HMRC has
successfully harnessed Al technologies, particularly
through the Connect platform, to revolutionize tax
administration. By integrating financial transactions,
property records, and tax returns, Connect platform
employs advanced algorithms to detect anomalies,
assess taxpayer risk, and predict high levels of non-
compliance.

Beyond fraud detection, HMRC utilizes Al for
tasks such as predictive modeling, natural language
processing, and chatbot interactions. These
technologies have significantly streamlined the
process, improved compliance rates, and
strengthened HMRC's ability to make data-driven
decisions. While Al offers substantial benefits,
challenges like data quality, privacy, and algorithmic
bias require careful management. As Al technology
continues to evolve, HMRC, and other tax authorities,
must adapt their strategies to maximize advantages
while mitigating risks.

Tax return \

Connect
System

:>‘ Al Anomaly

Detection

:>’ HRMC

Audit

High value asset data: /

e Vehicle registration
e Property ownership
e Investment

Figure 8: Anomaly Detection by HRMC With Connect
System

5. CONCLUSIONS
5.1. Conclusion

Large Language Models (LLMs), Natural Language
Processing (NLP), and Machine Learning (ML) hold the
key to unlocking a new era of tax audit reporting. Al
advancements automate repetitive tasks and
streamline data analysis, allowing auditors to focus on
high-risk areas and complex decision-making,
ultimately enhancing overall efficiency and precision
in the audit process. As these technologies continue to
mature, their seamless integration into tax auditing

practices has the capacity to significantly enhance the
overall effectiveness and fairness of the tax system.

The most immediate benefit of Al lies in its ability
to streamline the audit process. Repetitive tasks like
data extraction and report generation can be
automated, freeing up valuable auditor time for
complex analysis and critical decision-making.
Additionally, ML models trained on historical data
and industry benchmarks can provide data-driven risk
assessments. This allows for a more targeted approach
to audits, focusing efforts on areas with a higher
likelihood of discrepancies.

Furthermore, Al-powered tools can analyse vast
amounts of data with far greater accuracy than
traditional methods, potentially uncovering hidden
patterns and anomalies that might escape human
auditors. This translates to a significant improvement
in the accuracy of tax audits, ensuring a more robust
and reliable tax collection system. Additionally, LLMs
can ensure consistent formatting and terminology
within audit reports, leading to professional, clear
documents that are easy for all parties involved to
understand. This fosters better communication
between auditors and taxpayers, potentially reducing
confusion and improving cooperation.

However, for responsible and sustainable Al
integration in tax auditing, several key considerations
must be addressed. First and foremost, ensuring
transparency within ML algorithms is crucial. This
allows for the identification and mitigation of
potential biases that could lead to unfair audit
outcomes. Second, the effectiveness of Al hinges on
high-quality, secure data. Measures to ensure data
accuracy, completeness, and protection from
unauthorized access are paramount. Finally, While Al
tools significantly enhance the audit process, they are
designed to augment, not replace, the critical thinking
and expertise of human auditors.

By acknowledging these considerations and
fostering ongoing research on ethical Al development,
tax authorities can harness the power of Al to create a
more efficient, accurate, and fair tax system for the
future. This future relies on a strong partnership
between human expertise and the transformative
capability of AL

5.2. Recommendation

Building upon the potential of Al in tax auditing,
several promising areas warrant further exploration
to enhance its effectiveness and impact. One crucial
area of research lies in developing more sophisticated
anomaly detection algorithms. These advanced
algorithms should be designed to identify complex
and nuanced patterns that might indicate correlation
of tax evasion schemes (Singh et al.,, 2023). This could
involve the ability to detect subtle inconsistencies or
hidden relationships within financial data. By focusing
on such sophisticated algorithms, we can significantly
improve the accuracy and effectiveness of identifying
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potential tax  evasion ultimately
strengthening the tax system.

Another promising area for further research
involves deepening Natural Language Processing
(NLP) techniques for financial documents. By
enhancing NLP capabilities, we can improve the
understanding of the specific nuances and
terminology used in these documents (Liao et al,
2020). One approach could be training NLP models on
vast datasets of financial records. This would allow
them to extract key information with greater accuracy,
leading to a more comprehensive analysis of financial
documents during tax audits. Ultimately, this research
has the possibility to empower NLP models to analyze
financial documents with a deeper understanding,
leading to more accurate and reliable tax audit
assessments.

Furthermore, fostering explainable Al for tax
audits is crucial. This involves developing Machine
Learning models that are not only accurate but also
provide clear explanations for their decisions (Chen
et al., 2020). By achieving explainability, we ensure
transparency in the system and allow auditors to
understand the reasoning behind identified
anomalies and potential biases. This transparency
fosters trust in the system and allows for oversight to
address potential biases, leading to fairer and more
reliable tax audits.

To bolster tax collection efficiency and revenue
generation, further exploration of Al advancements is
crucial. The success of HMRC's Connect system, which
utilizes Al to analyze vast datasets and identify
potential tax evasion attempts, serves as a compelling
case study. By investing in similar advancements like
more sophisticated anomaly detection algorithms and
deeper NLP techniques for document analysis, tax
authorities can achieve greater efficiency and accuracy
in tax collection, mirroring Connect's success in data
integration. Learning from such implementations and
strategically addressing potential challenges will
ensure Al becomes a transformative force, creating a
more robust, efficient, and fair tax collection system.

attempts,
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Figure 6: Tax gap and behaviors pattern recognized by HMRC Connect ML Algorithm from 2019 -

2023. Retrieved from https://www.gov.uk/government/statistics/measuring-tax-gaps/7-tax-gaps-
illustrative- tax-gap-by-behaviour
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Process

Potential Assistance

Pre-Audit Actions

N

Audit Actions

—

U

Audit Reporting

Review

1

U

Audit Report
Evaluation

¢ Risk Assessment: ML algorithms pinpoint high-risk areas using
historical data and financial metrics.

¢ Intelligent Planning: Al helps design audit programs based on risk
profiles.

¢ Streamlined Automation: Al extracts and cleans data from various
sources, expediting analysis.

e Uncovering Anomalies: Machine learning identifies unusual patterns in
financial data, flagging prospective issues.

¢ Predictive Power: Al forecasts financial performance and highlights
areas needing closer scrutiny.

s Improved Communication: Al generates clear visualizations, effectively
communicating complex findings.

s Efficient Report Generation: Al automates report sections based on data
and key findings.

e Quality Assurance: NLP ensures report clarity and adherence to
standards.

¢ Intelligent Document Review: Al analyses working papers for
completeness and adherence to methodologies.

» Benchmarking Efficiency: Al facilitates comparisons with historical data
and industry benchmarks.

e Risk Assessment Review: Al evaluates the initial risk assessment's
effectiveness.

* NLP Al can analyze the audit report for clarity, coherence, and adherence
to reporting standards.

» Consistency Checks: Al can compare the audit report with the underlying
working papers to identify inconsistencies or omissions.

Figure 7: Typical Tax Audit Process and potential for Artificial Intelligence Assistance
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