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ABSTRACT 

 
The Directorate General of Taxes (DGT) plays a key role in collecting state revenue in Indonesia, with tax audits being 

one of its core functions. However, the sheer number of taxpayers far exceeds the number of tax auditors. Despite 

the use of recognized accounting standards in the preparation of financial statements, the selection of account names 

in taxpayers' financial statements often poses a unique challenge for tax auditors. Each company may have different 

standards when naming its accounts, even when referring to the same type of transaction or object. This is where 

Natural Language Processing (NLP) can help detect and classify tax objects from the general ledger. In this research, 

we developed and compared machine learning models to automatically classify tax objects and fiscal corrections. 

This research used real data consisting of 461,776 rows of general ledger entries and was processed using quantitative 

methods. By using real data, the developed model has an advantage over models trained on artificial data. We 

compared results from Logistic Regression, K-Nearest Neighbors, and Naïve-Bayes algorithms and found that the 

first-mentioned algorithm suits the best metrics. The Logistic Regression model achieved a precision level of 99% in 

detecting both types of tax objects and fiscal corrections from financial statements. The findings of this research are 

expected to assist tax authorities in detecting the presence or absence of tax objects and fiscal corrections in financial 

statements, thereby enabling various functions within DGT to operate more efficiently and effectively. 
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1. INTRODUCTION 

 

State revenue can originate from various sources, 

including taxes and other forms of income. The 

proportion of tax revenue compared to non-tax 

revenue varies across countries. However, 

numerous studies suggest that taxes constitute a 

significant portion of state revenue in many 

countries, including Indonesia (Purwowidhu, 2023; 

Cox et al., 2024; Morar, 2015). The growth of state         

evenue from this sector has consistently increased 

over time. 

Consequently, the volume of data that tax-

collecting institutions, such as the Directorate 

General of Taxes, must handle continues to grow. 

This data, both structured and unstructured, 

accumulates in large quantities, forming what we 

know as big data. 
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1.1 Institutional Settings 

 

Taxes were not the primary source of state revenue 

before 2000. The sale of oil and natural gas was still 

the dominant source of revenue until the 

Indonesian government initiated tax reforms in 

2000, which continued until 2007. Since then, the 

share of revenue from the tax sector has steadily 

increased, although achieving the optimal level of 

tax revenue has taken time. One of the reasons for 

this shortfall is the lack of integration among the 

functions performed by the Directorate General of 

Taxes (DGT), including service, supervision, 

auditing, collection, and law enforcement 

functions. 

This condition is supported by the Theory 

of Fiscal Capacity, which posits that the ability to 

mobilize revenue is not solely determined by a 

country’s economic base but also by the 

institutional quality and integration of its tax 

administration. The lack of coordination among 

key functions, such as service, supervision, 

auditing, collection, and enforcement, can hinder 

the efficiency and effectiveness of revenue 

collection, thereby limiting fiscal capacity (Besley et 

al., 2010). 

Figure 1 illustrates that Indonesia's tax ratio 

has not shown significant improvement. From the 

onset of tax reforms in 2007 to 2022, Indonesia's 

tax ratio has remained around 12%. The lowest 

percentage (10.1%) was recorded in 2020, while the 

highest figure (13.0%) was achieved in 2008. 

Nevertheless, this average tax ratio is still much 

lower than the average tax ratio in Asia-Pacific 

countries, which was around 34% during the same 

period and peaked at 44% in 2019 (Organisation 

for Economic Co-operation and Development 

[OECD], 2024). 

Based on Figure 2, we can compare 

Indonesia's tax structure with other regions, such 

as Asia-Pacific, Africa, Latin America and the 

Caribbean (LAC), and OECD countries. Several key 

points can be highlighted from the figure. 

Unlike Asia-Pacific countries that rely on 

goods and services tax revenue as their primary 

source (25%), as well as LAC (28%) and African 

countries (28%), Indonesia relies on corporate 

income tax (CIT) as its main source (29%). This 

figure is significantly higher than the average in 

Asia-Pacific (21%), Africa (19%), LAC (19%), and 

OECD countries (10%) (OECD, 2024). 

Indonesia's tax structure shows a high 

dependence on corporate income tax compared 

to other regions. This is due to the dominance of 

the corporate sector in Indonesia's economy. 

Conversely, the contribution of personal income 

tax and taxes on goods and services remains 

relatively low. To increase tax revenue, Indonesia 

needs to consider diversifying its tax structure by 

enhancing the efficiency of tax collection. 

An examination of taxpayer conditions 

raises questions about whether the DGT has 

sufficient personnel to perform its functions 

effectively, or if alternative solutions are necessary 

Figure 1 

Tax-to-GDP Over Time 

 

 
Note. Source: OECD (2024) 
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regardless of the number of employees. For 

instance, the target for formal taxpayer compliance 

in 2024 is 19,273,374 annual tax returns, with the 

number of annual tax returns filed by individual 

and corporate taxpayers shown in Table I: Formal 

Compliance Rate of Taxpayers. 

The formal compliance rate in Table 1 

indicates the percentage of taxpayers who submit 

their annual tax returns on time. A higher 

compliance rate is often indicative of a more 

effective and efficient tax administration system. 

However, achieving high compliance rates is 

challenging and requires substantial administrative 

capacity, effective enforcement, and taxpayer 

education. 

As of April 30, 2024, the formal compliance 

rate reached only 73.58%, while the formal 

compliance target set by the Directorate General 

of Taxes (DGT) is 83.22%. Currently, the number of 

Account Representatives (AR) in the DGT is 11,028 

employees, whereas the number of tax auditors is 

6,107 employees. Therefore, the ratio between the 

Annual Tax Returns reported and ARs is (1:95), and 

for Tax Auditors is (1:171). This assumes that each 

employee works individually rather than in a team. 

This ratio is considered challenging to implement 

each year effectively. 

The DGT has not officially implemented 

Artificial Intelligence (AI) in its business processes 

and related functions. However, the emphasis on 

the importance of data in decision-making has 

become a priority, as reflected in the Data-Driven-

Organization framework (DGT, 2022). Essentially, 

the DGT will prioritize decision-making and the 

execution of business processes based on valid 

and high-quality data to avoid errors and biased 

results. 

AI is increasingly expected to support 

operational activities across various sectors by 

improving efficiency, productivity, and decision-

making (Plathottam et al., 2023), including the 

taxation sector. AI has become a reliable tool in tax 

administration. Tax authorities around the world 

benefit from the reduction of lengthy and 

Figure 2 

Tax Structure Compared to The Regional Averages 

 

 
Note. Source: OECD (2024) 

Table 1 

Formal Compliance Rate of Taxpayers 

 

Types of Tax 

Returns 
2023 2024 YoY 

Corporate 

Income Tax 

Return 

944.264 1.044.911 10,7% 

 

Individual 

Income Tax 

Return 

12.295.752 13.141.719 6,9% 

Total 13.240.016 14.186.630 7,1% 

Note. Source: Kementerian Keuangan Republik 

Indonesia (2024) 
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complicated processes in their daily work through 

AI technology implementation. The costs incurred 

by these tax authorities can also be significantly 

reduced. Therefore, tax authorities can rely on AI, 

particularly to assist in the analysis process, 

considering the big data that emerges from 

taxpayer returns when compared with external 

data (Shakil & Tasnia, 2022). 

For example, E-filing is an integrated 

service with DGT Online designed to facilitate 

taxpayers in submitting their Annual Individual 

Income Tax Returns or Corporate Income Tax 

Returns. E-filing has been widely implemented by 

tax institutions in various countries. The goal is to 

provide convenience in reporting so that taxpayers 

are more motivated to meet their formal tax 

compliance correctly. 

In theory, lower costs for taxpayers to fulfill 

their tax obligations will encourage them to 

become compliant taxpayers. This system is also 

expected to reduce physical interaction between 

tax officials and taxpayers, potentially decreasing 

the likelihood of corruption offenses by tax officials 

(Kochanova et al., 2020). 

Beyond the E-filing system, various 

countries have also used AI to facilitate taxpayers 

in meeting their obligations. The Singapore Inland 

Revenue Service (IRAS) uses "Joanna," a chatbot 

application designed to answer user questions. 

Additionally, Joanna can detect the type of tax 

service requested by taxpayers and assist in 

resolving related applications. 

In the private sector, KPMG has launched 

"Tax Service," an AI-based tax service product that 

helps companies in China automatically resolve 

various tax compliance issues. 

The application of AI in various tax 

functions can enhance tax management, leading 

to the transformation of complex business 

processes into more efficient ones. This can raise 

awareness that good tax services can positively 

impact taxpayers' trust in the integrity of a 

country's tax institution (Li, 2022). 

All of this can be achieved if AI developers 

can understand the correct context. To understand 

the correct context, given the diversity of account 

names recorded in taxpayers' financial statements, 

a sophisticated NLP model is needed. This research 

was conducted using two large datasets. This 

research focuses on augmenting the NLP model 

with two main aspects in the tax return and 

financial statements: fiscal corrections and tax 

objects. 

 

1.2 Issues in Tax Object Identification 

1.2.1 Language Use in Financial Reports 

 

The language used in financial reports can 

significantly impact the accuracy of tax object 

identification. For instance, reports written in 

Indonesian may differ in structure and terminology 

from those in other languages, potentially leading 

to discrepancies in tax object classification. 

 

1.2.2 Manual Coding Risks 

 

Developing program code manually is prone to 

errors, which can affect the accuracy of tax object 

identification. Automated solutions and machine 

learning models can help mitigate these risks by 

providing more consistent and reliable 

classifications. 

 

1.2.3 Unique Characteristics of 

Taxpayers 

 

The financial characteristics of individual and 

corporate taxpayers differ significantly. These 

differences must be carefully considered to avoid 

misinterpretation and ensure the accuracy of tax 

object identification. The model should be robust 

enough to handle the unique attributes of each 

taxpayer type, minimizing false positives and false 

negatives. 

By addressing these factors, the efficiency and 

effectiveness of tax object identification can be 

significantly improved, aiding in better tax 

administration and compliance. 
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1.3 The Need for AI Adoption 

 

Proper management of big data can provide 

valuable knowledge for many entities or 

organizations, including DGT. This knowledge can 

help entities extract meaningful insights that are 

useful for decision-making. Decision-making 

processes are greatly enhanced by the application 

of Artificial Intelligence (AI) (Alasmri & Basahel, 

2022), particularly in supervisory and audit 

functions. 

Many tasks performed by tax officials in 

these functions are repetitive, time-consuming, 

and labor-intensive (Veenendaal, 2023). This is 

where AI plays a crucial role in assisting humans, 

making complex and repetitive tasks more 

efficient. The adoption of AI has become quite 

prevalent, with applications such as Apple's Siri, IoT 

devices, adaptive Google Search, and even self-

driving cars becoming increasingly common. This 

trend is also evident in the current and future 

functions of taxation. AI is predicted to be widely 

used to estimate audit risks, detect errors in 

reporting, and potentially classify transactions 

automatically based on their type and tax object 

(Supriadi, 2024). Two key aspects with significant 

potential for improvement are efficiency in terms 

of labor, time, and cost, and the effectiveness of 

the activities performed. 

Generally, AI applications integrate 

technologies that mimic human capabilities. AI 

encompasses various types and levels, ranging 

from Machine Learning (ML) to Deep Learning 

(DL), all designed to provide computers with the 

ability to learn, perceive, recommend, or make 

decisions similar to humans. Thus, advanced 

computer analysis can be achieved with AI 

technologies, including the application of Natural 

Language Processing (NLP). 

The preparation of financial reports and tax 

detection processes is highly complex, while AI, 

particularly NLP, is highly technical. The use of NLP 

to achieve the desired levels of efficiency and 

effectiveness, which are the two main goals of AI 

development, is essential for classifying data into 

the correct categories. 

Currently, there is a significant gap within 

the Directorate General of Taxes (DGT), as AI-

based modeling has not yet been widely 

implemented in tax supervision or tax audit 

processes. The urgency of implementing AI in 

various functions and tasks of the Directorate 

General of Taxes (DGT) is justified. The use of 

English in taxpayers' financial reports often poses a 

challenge for tax auditors, particularly in the 

context of NLP. Many multinational companies 

operating in Indonesia use English as the primary 

language in their financial reports. This condition 

may create challenges in understanding and 

identifying tax objects due to the differences in 

terminology and the structure of the language 

used. 

Our research introduces a novel approach 

by integrating both methods to detect and classify 

tax objects from unstructured audit texts. This 

study uniquely addresses a practical gap by 

developing a model that is not only effective but 

also user-friendly for non-tech-savvy tax auditors, 

enabling broader adoption in real-world tax audit 

environments. 

This study aims to demonstrate how an 

NLP model can be used to detect tax objects 

accurately and instantly based on diverse account 

names in taxpayers' financial reports, thereby 

significantly improving efficiency and effectiveness 

in one of the tax functions, namely tax auditing. 

With high accuracy in detecting tax fraud by DGT, 

the potential for tax losses can be minimized. 

This research aims to study the patterns of 

word usage in taxpayers' financial reports. This 

study contributes to AI-based tax analysis by 

enabling the detection of tax objects and fiscal 

corrections in financial statements. After 

completing all processes, the developed model 

can extract various tax objects with minimal false 

positives and false negatives. The model 

development offers at least two advantages. Firstly, 

this research uses real data from the DGT, 

providing an accurate depiction of taxpayers' 

conditions in Indonesia. Secondly, at a practical 

level, the model development scheme can be 

applied to other functions in the DGT, providing 

actionable insights based on the tasks and 

authorities of each function. 

In our opinion, the planned 

implementation of Core Tax by DGT also requires 
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real-time data sharing between tax officials and 

taxpayers. Transitioning to real-time reporting will 

enable DGT to monitor transactions more closely 

and respond quickly to discrepancies or suspicious 

activities. Moreover, as Pratama and Darono 

(2022) stated, combining customs and taxation 

data using a text analytics approach can be 

implemented in relevant use cases. 

This paper consists of six main sections. 

Section 2 explains the theoretical framework. 

Section 3 describes the data approach and analysis 

used. Section 4 presents the research results and 

discussion. Section 5 provides the conclusion. 

Finally, Section 6 highlights the practical 

implications and limitations faced by the authors. 

The lack of standardized naming 

conventions for accounts in taxpayers' financial 

reports adds to the complexity of identifying tax 

objects. Each company may have its own way of 

naming accounts, which can differ even for similar 

transactions or objects. This inconsistency 

necessitates a robust NLP model to accurately map 

and classify accounts without overfitting. 

Therefore, optimizing NLP to handle variations in 

account names in financial reports is crucial, 

including processes for text translation and 

normalization to ensure the analysis system can 

recognize the data effectively. 

NLP has shown significant potential in 

transforming tax administration processes. For 

example, NLP enables tax auditors to quickly 

identify compliant or non-compliant sections of 

taxpayers' returns and ensure their adherence to 

existing regulations. With sufficient data from 

taxpayers, it is conceivable that the developed 

model could predict taxable objects and match 

them against taxpayers' returns. 

 

2. THEORETICAL FRAMEWORK 

 

Several factors must be considered when 

extracting words from taxpayers' financial 

statements. First, the use of Indonesian or other 

languages can yield different results in tax object 

identification. Second, manual coding programs 

are highly prone to errors. Third, the unique 

financial characteristics of individual and corporate 

taxpayers are susceptible to misinterpretation. 

Therefore, the model must carefully consider the 

potential for false positives and false negatives. 

 

2.1 Natural Language Processing (NLP) 

 

Natural Language Processing (NLP) is a deep 

learning framework used to analyze text with the 

aid of computers (Jurafsky & Martin, 2008). The 

objective of this study is to identify the appropriate 

framework and model for accurately and 

automatically classifying tax objects amidst the 

diverse and non-standardized naming 

conventions used in financial statements. 

According to Lozano and Ippolito (2024), 

Marinho (2023) conducted a study using 10,000 

invoices from a government agency to calculate 

similarity levels between invoice goods 

descriptions and Mercosur item nomenclature. The 

results indicated low similarity and inconsistencies 

in the item naming conventions. These complex 

findings can be effectively addressed using NLP 

technology. Manual classification was also 

performed by Santos (2022) and Darrazão et al. 

(2023), using classification algorithms to group 

invoices. The Ministry of Public Administration in 

Paraiba provided 30,000 invoices, which were 

manually processed for classification purposes. 

All these tasks were performed using NLP 

techniques, which involve the use of human 

language and can be applied in various fields such 

as semantic analysis and speech recognition 

(Steedman, 1996). One important step in text 

processing is feature extraction, where raw text is 

transformed into numerical representations that 

can be processed by machine learning algorithms. 

A commonly used technique in text feature 

extraction is the Bag of Words model, though it has 

limitations, as it only counts word occurrences 

without considering their context within a 

document. 

 

2.1.1 Text Pre-Processing 

 

The text pre-processing stage involves several 

steps to ensure the quality of the data used. High-

quality data will improve the performance of the 

deep learning model, increasing the likelihood of 

extracting valuable insights. 
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Tokenization is the initial step in NLP for 

understanding the content of taxpayers' financial 

statements. Tokenization divides a sentence into 

individual words. The next step in text processing 

is normalization (stemming), where prefixes and 

suffixes are removed. Finally, lemmatization is 

applied to reduce words to their base form, while 

stop words are removed separately.  

 

2.1.2 Feature Extraction 

 

Text pre-processing results in data consisting of 

frequently occurring words in taxpayers' financial 

statements. This data can be accurately 

understood when placed in the appropriate 

context. Therefore, the context used to avoid 

significant errors in utilizing these words depends 

on the type of the taxpayers’ business. 

The extracted text, which has undergone 

pre-processing, is grouped based on the type of 

the taxpayer's business. This produces a collection 

of words representing each group. 

Term Frequency–Inverse Document 

Frequency (TF-IDF) is a numerical statistic that 

reflects the importance of a word in a collection of 

documents or a corpus. Unlike the simple Bag of 

Words model, which only counts word 

occurrences, TF-IDF evaluates a word's importance 

by considering its frequency in a specific document 

(Term Frequency) and its frequency across all 

documents in the corpus (Inverse Document 

Frequency). The Term Frequency (TF) measures 

how frequently a term appears in a document, 

normalized by the total number of terms in that 

document. The Inverse Document Frequency (IDF) 

component reduces the weight of terms that 

frequently appear across many documents and 

increases the weight of terms that appear less 

frequently. The TF-IDF value is calculated by 

multiplying the TF and IDF values, giving higher 

scores to words that are important to specific 

documents but not common across all documents 

(Ambi, 2022). 

This method of feature extraction is 

particularly effective for text classification tasks 

because it highlights the most relevant words and 

reduces the impact of common, less informative 

words. By applying TF-IDF, we convert text data 

into numerical features that can be used by 

machine learning algorithms, enhancing their 

ability to distinguish between different classes 

based on textual content. For the classification 

tasks using Logistic Regression, K-Nearest 

Neighbors (KNN), and Naive Bayes, the TF-IDF 

representation helps improve model performance 

by providing a more nuanced understanding of 

the text compared to a simple Bag of Words 

approach. 

 

2.2 Logistic Regression 

 

Based on the theory and the advantages and 

disadvantages of various classification models 

discussed by Wendler & Grottrup (2021), logistic 

regression was chosen for this study. This 

algorithm is widely used in many fields and was 

awarded the Nobel Prize in 2000. 

Logistic regression differs from linear 

regression as it transforms the projection from a 

linear combination of independent variables into 

specific dependent variable values. Logistic 

regression uses a set of independent variables to 

predict binary outcomes (0 or 1). A value of 0 

indicates that the dependent event does not occur 

(see Figure 3). 

The logistic regression model estimates the 

probability that an observation belongs to a given 

class. The logistic function is expressed as follows: 

where P(Y=1∣X) denotes the probability that an 

observation belongs to a particular class, x1,x2,…,xn 

represent the predictor variables, β0 is the 

intercept, and β1,β2,…,βn are the regression 

coefficients. In linear regression, the response 

variable is continuous, while the dependent 

variable is binary in logistic regression. Metrics such 

as mean squared error or R-squared are 

commonly used to evaluate linear regression 

models' performance. In contrast, accuracy, 

precision, and recall are typically used to measure 

logistic regression models' performance. 

P(Y=1∣X)= 

eβ0+β1x1+β2x2+⋯+βn
xn 

1+eβ0+β1x1+β2x2
+⋯+βnxn 

 
(1) 
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This study employs Multinomial Logistic 

Regression. Multinomial logistic regression is used 

when the dependent variable has more than two 

categories without a clear order. This means the 

categories have no inherent order and are 

mutually exclusive. 

Logistic regression produces an S-shaped 

curve known as the Sigmoid curve, generated by 

the Sigmoid function. The Sigmoid function is a 

mathematical function that converts input values 

to values between 0 and 1, making it useful for 

binary classification and logistic regression. 

The logistic regression model has 

advantages over the other two models as it does 

not require normally distributed variables (Glantz 

& Slinker, 2001; Lemeshow & Hosmer, 1982). Harris 

(2021) explained that the binary logistic regression 

model relies on assumptions, including 

independent observations, no perfect 

multicollinearity, and linearity. Binary logistic 

regression relies on three underlying assumptions: 

1) The observations must be independent. 

2) There must be no perfect multicollinearity 

among independent variables. 

3) Continuous predictors are linearly related 

to a transformed version of the outcome (linearity). 

 

2.3 Limitations of TF-IDF 

 

Term Frequency-Inverse Document Frequency 

(TF-IDF) is a popular method for feature extraction 

in text analysis and natural language processing. 

However, despite its advantages, TF-IDF has 

several limitations: 

 

2.3.1 Simplicity and Context Ignorance 

 

TF-IDF treats words as independent entities, 

ignoring the context in which they appear. It does 

not consider the semantic relationships between 

words, which can be crucial for understanding the 

meaning of a text. Therefore, this algorithm lacks 

contextual understanding. 

Moreover, TF-IDF does not account for the 

order of words in a document. For example, the 

phrases "New York" and "York New" would have 

the same representation despite having different 

meanings. 

 

2.3.2 Sparse Representations 

 

With large vocabulary sizes, TF-IDF results in high-

dimensional vectors, especially when dealing with 

large vocabularies. This can lead to sparse 

representations where many entries are zero, 

making the vectors inefficient to process. 

Calculating TF-IDF for a large corporation 

can be computationally expensive, both in terms of 

time and memory usage. This can be a limitation 

when scaling to very large datasets. 

 

 

 

 

 

Figure 3 

Comparison of linear regression and logistic regression architectures 

 
(a) Linear Regression architecture                       (b) Logistic Regression architecture 

                  
Note. Source: Kanade (2022) 
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2.3.3 Static Weights 

 

Once TF-IDF weights are calculated for a corpus, 

they remain static. This means that any new 

document added to the corpus will not affect the 

existing TF-IDF weights, potentially reducing the 

adaptability of the model. 

Over time, the importance of certain terms 

may change, but TF-IDF does not dynamically 

update weights to reflect these changes. This can 

lead to outdated representations if the corpus 

evolves. 

 

2.3.4 Handling Rare and Common 

Words 

 

Regarding common and rare words, while TF-IDF 

aims to reduce the influence of very common 

words, it can also overemphasize rare words that 

may not be relevant to the document's overall 

meaning. Common words that are important for 

certain contexts might be underrepresented if their 

document frequency is high across the corpus. This 

can lead to the loss of valuable information. 

 

2.3.5 Document Length Bias 

 

In terms of length normalization, TF-IDF does not 

inherently normalize for document length. Longer 

documents tend to have higher term frequencies, 

which can skew the TF-IDF values if not properly 

normalized. Without normalization, longer 

documents may appear more significant than 

shorter ones, even if the shorter documents are 

more relevant to the query or analysis. Thus, this 

results in a bias toward longer documents. 

 

2.3.6 Limited Handling of Polysemy and 

Synonymy 

 

TF-IDF cannot distinguish between different 

meanings of the same word (polysemy). For 

example, the word "bank" in "river bank" and 

"savings bank" would be treated the same, leading 

to potential misinterpretation. 

Unfortunately, TF-IDF does not recognize 

different words with similar meanings (synonyms). 

For instance, "car" and "automobile" would be 

treated as completely unrelated terms, missing the 

semantic similarity between them. 

 

2.3.7 Dependence on Preprocessing 

 

The effectiveness of TF-IDF heavily relies on the 

quality of text preprocessing steps such as 

tokenization, stemming, and stopword removal. 

Inadequate preprocessing can result in suboptimal 

feature representations. The quality of the 

preprocessing steps must be carefully considered. 

While TF-IDF remains a valuable tool for 

many text analysis tasks, these limitations highlight 

the need for more sophisticated techniques, such 

as word embeddings (e.g., Word2Vec, GloVe) or 

transformer-based models (e.g., BERT), which can 

capture richer semantic information and contextual 

relationships between words. 

 

3. RESEARCH METHODOLOGY 

 

This study adopts a quantitative research 

approach. One of the most notable advantages of 

this research is the utilization of a large dataset, 

consisting of 461,776 raw data rows from a single 

column in the taxpayers' general ledger. This data 

underwent an initial data preparation stage, which 

included data cleansing to ensure its usability 

throughout the entire process. The data cleansing 

process involved removing stopwords, deleting 

empty rows, and eliminating duplicate data. As a 

result, 66,732 rows of clean data with one column 

were obtained, representing 14.45% of the total 

raw data. 

The schema for developing the Tax Object 

Finder algorithm in this research is illustrated in 

Figure 4, Tax Object Finder Algorithm. The Tax 

Object Finder algorithm is designed to detect and 

classify tax objects within general ledger 

transactions using Natural Language Processing 

(NLP) techniques. 

 

3.1 Data Processing Techniques 

 

This research was conducted using Python 

programming language version 3.11. The chosen 

framework for this study is the Cross Industry 

Standard Process for Data Mining (CRISP-DM). This 
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framework was selected because it provides a 

balanced approach between the variability in 

account names found in actual financial reports 

and its adaptability across various industry sectors. 

The research is currently in the model-

building stage with a linear process. The authors 

focused on data understanding and continuous 

model development. The data processing 

techniques in this study consisted of seven stages: 

data collection, data extraction, data cleansing, 

data training, data validation, data analysis, and tax 

finding. 

1. Data collection 

At this stage, the study collected general 

ledger data and related supporting documents 

containing taxpayer transaction records. These 

data served as the primary source for 

identifying transaction descriptions relevant to 

tax object classification. 

 

2. Data extraction 

The textual descriptions of transactions were 

extracted from the general ledger to isolate the 

information required for natural language 

processing and classification. 

3. Data cleansing 

The extracted text data were preprocessed to 

improve consistency and analytical quality. This 

stage included stopword removal, elimination 

of non-alphanumeric characters except 

spaces, removal of multiple spaces, deletion of 

empty rows, removal of duplicate records, and 

sorting of entries based on general ledger 

descriptions. 

4. Data training 

A tax object corpus library was constructed 

from the cleaned transaction descriptions and 

labeled according to tax object categories and 

applicable tax rates. The textual data were then 

transformed into numerical representations 

Figure 4 

Proposed Detection Machine Development Framework 

 
Note. Source: Developed by the authors  
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using text classification techniques, including 

Bag of Words and TF-IDF. Based on these 

representations, the most appropriate 

statistical model was selected and trained to 

classify tax objects from ledger descriptions. 

5. Data validation 

The trained model was evaluated using 

accuracy, precision, recall, and F1-score to 

assess its classification performance. A 

minimum threshold of 0.80 was used as the 

acceptance criterion to determine whether the 

model was sufficiently reliable for predictive 

use. 

6. Data analysis 

After validation, the model was applied to 

classify tax objects and applicable tax rates in 

general ledger transactions. The prediction 

output was then compiled into a list of 

transactions requiring further analytical review. 

7. Tax finding 

In the final stage, the model predictions were 

compared with taxpayer-reported information 

to identify inconsistencies, classification gaps, 

and potential audit findings. These results were 

used as analytical support in the tax audit 

process.  

 

3.2 Logistic Regression Model 

 

This study utilised a quantitative text classification 

methodology to identify tax objects and fiscal 

adjustments from general ledger transaction 

descriptions. After preprocessing the text and 

extracting features, the cleaned transaction 

descriptions were turned into numerical vectors 

using the TF-IDF representation. The classification 

model used these vectors as predictor variables 

and the predefined class label as the target 

variable. The predefined class label could be either 

the tax object category or the fiscal correction 

category. 

We chose Logistic Regression as the main 

classification algorithm because the dependent 

variable in this study is categorical, not continuous. 

Logistic regression, on the other hand, tries to 

figure out the chance that an observation belongs 

to a certain class based on a set of predictor 

variables. Linear regression, on the other hand, 

tries to predict continuous outcomes. The model 

was implemented as a multinomial logistic 

regression because this study had more than two 

class labels. 

The logistic regression model calculates 

the likelihood of class membership mathematically 

as follows: 

where P(Y=1∣X) denotes the probability of an 

observation belonging to a given class, x1, x2,…,xn 

represent the predictor variables derived from the 

TF-IDF features, β0 is the intercept, and β1, β2,…,βn 

are the model coefficients estimated during 

training. 

In this research, the model learned the 

relationship between textual patterns in general 

ledger descriptions and the corresponding class 

labels. Since this study involved more than two 

categories, logistic regression was implemented in 

a multinomial setting, and the final predicted class 

was determined based on the highest estimated 

probability. 

The model figures out the chance that a 

transaction description belongs to each class. The 

final predicted label is based on the class with the 

highest chance. This is how the model learns how 

to connect the patterns in general ledger 

descriptions to the right tax object or fiscal 

correction labels. 

The dataset utilised in this study comprised 

66,732 sanitised records derived from the 

preprocessing of 461,776 raw entries. The dataset 

that was ready was split into training and testing 

data in a 70:30 ratio. We used the training set to 

figure out the parameters for logistic regression 

and the testing set to see how well the model 

worked.  

 

3.3 Analytical Approach 

 

NLP considers the frequency of word occurrences 

in the input text. The importance of these words 

relative to the entire text is also measured based 

on the appropriate context, in this case, tax object 

classification and fiscal corrections. Although the 

P(Y=1∣X)= 
1 

1+e-(β0+β1x1+β2x2+⋯+βnxn) 

 

(2) 
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language used in financial reports is not always 

linear due to complex structures and strong 

context dependence, proper extraction techniques 

can address this issue. To ensure that context and 

linearity are connected in the classification process, 

the target variables must be distinguishable 

through linear regression. 

Linear regression focuses on the existence 

of numerical values or continuous target variables 

and attempts to estimate the functional 

relationship between predictors and the target 

variable. However, in classification models, the 

target variable is categorical, making linear 

regression unsuitable. The main issue lies in 

predicting the relationship between predictor 

words and target categories rather than producing 

the target itself. Therefore, logistic regression is 

chosen as the algorithm for this research (Wendler 

& Grottrup, 2021). 

Logistic regression is preferred due to its 

capability in handling binary outcomes effectively 

and its mathematical approach to modeling the 

probability of categorical outcomes. This choice 

aligns with the goal of accurately classifying tax 

objects and ensuring robust predictions in various 

tax-related scenarios. 

By following this framework, the research 

aims to develop a reliable and effective machine 

learning model that enhances the classification of 

tax objects in financial transactions from many 

sources (general ledgers, income statements, etc.) 

and many datatypes, as long as it is recognizable 

by the Pandas library in Python. Therefore, the 

results may ultimately contribute to more efficient 

and accurate tax administration processes. 

 

4. RESULTS AND DISCUSSIONS  

4.1 Logistic Regression 

 

Figure 5 presents evaluation metrics for the 

developed model, covering the training and 

testing phases. The prepared dataset was divided 

into two parts, with 70% used for training data and 

the remaining 30% for testing data. 

The classification report provides detailed 

evaluation metrics for each class present in the 

dataset. This report helps evaluate how well the 

model performs in classifying each tax object  

category. For instance, if there are several types of 

tax objects, the report will show precision, recall, 

and F1-score for each tax object type separately, 

allowing the identification of classes that may 

require further model improvement. 

 

Figures 5 and 6 show the precision and F1-

scores for the three models derived from each 

algorithm. These labeled charts clearly show which 

models perform best for each class, highlighting 

the strengths of Logistic Regression in handling 

both frequent and infrequent classes effectively. 

Naive Bayes and KNN show more variability, 

Figure 5 

Precission by Class and Model 

 

 
Note. Source: Developed by the authors 
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particularly for classes with low support, leading to 

lower overall performance. 

The Logistic Regression model applied to 

this dataset shows excellent results with the 

following evaluation metrics: 

1. Accuracy: The model achieved an accuracy of 

0.92 or 92%, indicating that it correctly 

predicted 92% of the total test data. 

2. Precision: The model's precision is 0.91, 

meaning that 91% of the predicted positive 

cases are correct. High precision indicates that 

the model accurately identifies the correct 

account names corresponding to the 

predicted tax object types, thus reducing the 

possibility of false positives. 

3. Recall: The model shows a recall value of 0.90, 

indicating that 90% of all actual positive cases 

were correctly identified by the model. This 

metric shows that the model correctly 

identified about 90% of the true positive cases 

(account names that indeed fall into a specific 

tax object type). High recall demonstrates the 

model's ability to detect most of the positive 

cases in the dataset, reducing the possibility of 

false negatives. 

4. F1-score: The F1-score of the model is 0.90, 

which is the harmonic mean of precision and 

recall. This value reflects the balance between 

precision and recall, providing a 

comprehensive picture of the model's 

performance. This value indicates that the 

model has a balanced and good performance 

in identifying tax objects while minimizing 

prediction errors, both positive and negative.  

The resulting Logistic Regression model 

demonstrates overall good performance in 

classifying tax object types from account names in 

financial reports. 

 

4.2 Naive Bayes and K-Nearest 

Neighbor (KNN) 

 

Logistic Regression was selected for this study for 

several reasons. Naive Bayes is a probabilistic 

classifier based on Bayes' theorem with the 

assumption of feature independence. Naive Bayes 

can perform well for certain types of problems, but 

has the following limitations in this study: 

• Lower Accuracy: The accuracy of Naive Bayes 

is 91.11%, significantly lower than that of 

Logistic Regression. 

• Undefined Metrics: The presence of undefined 

metrics indicates that the Naive Bayes 

algorithm struggles with some classes, causing 

precision and recall to be zero for some 

classes, such as "Objek PPh Pasal 22" and 

"Objek PPh Pasal 26." 

• Performance Variability: Naive Bayes shows 

greater variability in precision and recall across 

different classes, making it less reliable for 

classification problems. Similarly, a model was 

developed using the KNN algorithm. KNN is a 

non-parametric method used for classification 

and regression. 

Figure 6 

F1-Score by Class and Model 

 
Note. Source: Developed by the authors 
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• Moderate Accuracy: KNN achieved an 

accuracy of 92.72%, better than Naive Bayes 

algorithm struggles with some classes, causing 

precision and recall to be zero for some 

classes, such as "Objek PPh Pasal 22" and 

"Objek PPh Pasal 26." 

• Sensitivity to Data Distribution: KNN's 

performance is highly dependent on data 

distribution and the choice of 'k'. This 

algorithm also tends to require substantial 

computational resources for relatively large 

datasets. 

• Lower F1-Score for Classes with Fewer 

Samples: KNN struggles with training and 

testing classes that have fewer samples, such 

as "Objek PPh Pasal 23 - Sewa" and "Objek PPh 

Pasal 26," resulting in lower F1-scores for these 

classes. 

 

4.3 Comparative Analysis  

 

Logistic Regression outperforms Naive Bayes and 

KNN in terms of precision and recall for the three 

classes included in this study. This finding ensures 

balanced performance for the Logistic Regression 

model across various tax objects. 

The F1-score, which considers precision 

and recall, is consistently high for Logistic 

Regression. This finding highlights its strength as 

an algorithm for the developed model. 

Handling Imbalanced Data: The Logistic 

Regression model maintains high scores even for 

classes with fewer samples, such as "Objek PPh 

Pasal 4(2) - Jasa Konstruksi." This finding 

demonstrates its ability to handle imbalanced data. 

 

 

4.4 Case Study and Implementation 

 

In this study, we tested the developed model to 

assess its accuracy in predicting tax objects from 

real-world general ledger data. Two datasets with 

different sizes and account naming characteristics 

were used. The first dataset is 692 MB with a size 

of 2,835,472 rows x 32 columns. The second 

Table 2 

Model Accuracy Test in Predicting Tax Object Types 

 

Number Transactions Income Tax Article Classification 

1 beli fresh milk Article 22 (PPh Pasal 22) In accordance with the purchase 

of goods 

2 sewa Gudang Article 4 (2) – Rent (PPh 

Pasal 4 ayat (2) – Sewa) 

In accordance with property 

rental transactions 

3 sewa bangunan Article 4 (2) – Rent (PPh 

Pasal 4 ayat (2) – Sewa) 

In accordance with property 

rental transactions 

4 sewa kendaraan Article 23 – Rent (PPh 

Pasal 23 – Sewa) 

In accordance with vehicle rental 

transactions 

5 biaya untuk sewa 

motor 

Article 23 – Rent (PPh 

Pasal 23 – Sewa) 

In accordance with vehicle rental 

transactions 

6 pembelian fresh milk Article 22 (PPh Pasal 22) In accordance with the purchase 

of goods 

7 membayar pegawai 

lembur 

Article 21 (PPh Pasal 21) In accordance with overtime 

wage payments 

8 membayar lembur 

buruh 

Article 21 (PPh Pasal 21) In accordance with overtime 

wage payments 

9 bayar upah pegawai Article 21 (PPh Pasal 21) In accordance with wage 

payments 

10 biaya jasa perbaikan

  

Article 23 – Service (PPh 

Pasal 23 – Jasa) 

In accordance with service fees 

Note. Source: Developed by the authors 
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dataset is 78 MB with a size of 491,881 rows x 21 

columns. 

Using the trained Logistic Regression 

model, predictions were made on several example 

transactions shown in Table 2: Model Accuracy 

Test in Predicting Tax Object Types. 

Based on the prediction results above, the 

Logistic Regression model can identify tax object 

types from transaction texts quite well. The 

following are key points from the predictions. 

 

4.4.1 Transactions Related to "Rent" 

 

Predictions for transactions like "sewa gudang" and 

"sewa bangunan" are "Objek PPh Pasal 4(2) - 

Sewa," which is appropriate considering the nature 

of these transactions. 

Transactions categorized as "sewa 

kendaraan", "sewa kendaraan", and "biaya untuk 

sewa motor" are predicted as "Objek PPh Pasal 23 

- Sewa," which is also appropriate for these 

transaction types. 

 

4.4.2 Purchase and Payment 

Transactions 

 

Transactions recorded as "beli fresh milk" and 

"pembelian fresh milk" are predicted as "Objek PPh 

Pasal 22," which reflects the purchase of goods. 

Payment transactions such as "membayar 

pegawai lembur," "membayar lembur buruh," and 

"bayar upah pegawai" are predicted as "Objek PPh 

Pasal 21," which reflect wage or salary payments. 

 

4.4.3 Service Fees 

 

Transactions like "biaya jasa perbaikan" are 

predicted as "Objek PPh Pasal 23 - Jasa," which is 

appropriate for service-related transactions. 

The prediction results show that the 

Logistic Regression model is capable of classifying 

tax object types from transactions effectively. 

Additionally, this model can identify tax objects 

based on the transaction texts presented in the 

general ledger. 

 

4.4.4 Implications 

 

In this research, the proposed framework has been 

tested not only to detect the presence of tax 

objects and identify their types but also to identify 

potential fiscal corrections, including positive 

corrections, negative corrections, or no 

corrections. Given that the Pandas library is used, 

the input data is of a type that can be read by this 

library. 

To test the success of the classification 

model related to tax objects and fiscal corrections, 

we developed a web application. A general ledger 

Table 3 

Classification Results of Transactions and Estimated Tax Potential  

Tax Object Transaction Value Estimated Tax Potential 

Non Objek 34,881,830,000.00 0.00 

Objek PPh Pasal 21 6,649,932,000.00 404,142,900.00 

Objek PPh Pasal 23 - Bunga 730,819,000.00 109,622,850.00 

Objek PPh Pasal 23 - Jasa 7,377,203,000.00 217,159,320.00 

Objek PPh Pasal 23 - Sewa 369,861,000.00 55,479,150.00 

Objek PPh Pasal 4(2) - Sewa 2,468,776,000.00 246,877,600.00 

Objek PPh Pasal 23 - Royalti 117,579,000.00 17,636,850.00 

Objek PPh Pasal 4(2) - Bunga 828,113,000.00 165,622,600.00 

Objek PPh Pasal 23 - Hadiah Penghargaan 634,125,000.00 95,118,750.00 

Grand Total 54,058,238,000.00 1,311,660,020.00 

 Note. Source: Developed by the authors 
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with 100 rows and 7 columns was used as input 

data. These seven columns include 

Nomor_Transaksi, Nama_Akun, Nomor_Akun, 

Tanggal_Transaksi, Nomor_Dokumen, 

Deskripsi_Transaksi, Nilai, as shown in Appendix 1, 

Dummy Raw General Ledger As Input. 

These seven columns were combined into 

a single *.txt file, which was then input into our web 

application to be processed. The result included 5 

additional columns showing the outcomes of data 

preparation (column transaction_text_clean),  the 

classification model for “objek pajak penghasilan”, 

“tarif pajak”, “koreksi fiskal”, and “potensi pajak” as 

shown in Appendix 2 Processed Data Output. 

The results of using the model in the 

application to detect tax objects and potential tax 

values can be seen in Table 3, Classification Results 

of Transactions and Estimated Tax Potential. 

The results of using the model in the 

application to detect tax objects and potential tax 

values can be seen in Table 4 titled Transaction 

Value by Fiscal Correction Position. 

The operation of the proposed web 

application can be reviewed in Appendix 3, Tax 

Object and Fiscal Correction Web Application. 

 

5. CONCLUSION  

 

Based on the findings, some issues related to the 

performance of the developed model can be 

highlighted. This research utilized the logistic 

regression algorithm to predict income tax objects 

from accounts in taxpayers' financial statements.  

Logistic Regression was chosen as the 

most suitable algorithm for detecting income tax 

objects from general ledger data due to its 

superior accuracy, balanced performance across 

all classes, and resistance to overfitting. While 

Naive Bayes and KNN have their respective 

advantages, they fall short in overall accuracy and 

consistent performance. These factors make 

Logistic Regression the best machine-learning 

model for this application. 

As is known, the presentation and 

disclosure of accounts in financial statements 

follow accounting standards. There are no rigid 

rules that constrain financial statement preparers in 

choosing account names. 

This study shows that the logistic 

regression model can achieve a very satisfactory 

accuracy level (an average of 90%) in predicting tax 

objects from account names in the general ledger. 

Additionally, the results from training and testing 

the model demonstrate that NLP technology offers 

various advantages over conventional methods in 

understanding taxpayers' financial statements, 

particularly in business processes that require a 

comprehensive understanding of these financial 

statements, such as tax audits. By leveraging the 

developed model, tax objects and fiscal corrections can 

be automatically detected and classified from general 

ledger data, enabling the Directorate General of Taxes 

to carry out audit-related functions more efficiently and 

effectively. 

Implementing this model in a tax audit 

system will be extremely beneficial for automating 

the classification of transaction findings based on 

tax context into appropriate tax objects. This is 

expected to help tax auditors perform more 

efficient and accurate tax audits, reduce human 

error, and potentially increase compliance with tax 

regulations. With a continually updated and 

refined model, tax authorities can manage financial 

data more effectively and make more informed 

decisions based on the information generated by 

this model. 

However, further research is still needed to 

explore the possibility of building more advanced 

models. For instance, using Artificial Neural 

Network (ANN) algorithms to predict tax objects 

and fiscal corrections while being more resilient 

against overfitting. 

The findings discussed suggest that it is 

possible to minimize the time and cost required by 

the Directorate General of Taxes (DGT) in 

performing its various functions. Given the current 

Table 4  

Transaction Value by Fiscal Correction Position 

Position Transaction Value 

Negative Fiscal 

Correction 
828,113,000.00 

Positive Fiscal 

Correction 
1,748,710,000.00 

No Fiscal Correction 51,481,415,000.00 

Grand Total 54,058,238,000.00 

Note. Source: Developed by the authors 
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resources of the DGT, relying solely on human 

labor without implementing NLP technology 

cannot optimize the various functions to operate 

more efficiently and effectively. At least with the 

application of NLP technology and accurate 

models, repetitive yet highly subjective tasks can 

be better managed. This is especially relevant if 

applied on a larger scale, such as using big data as 

more robust modeling material before 

deployment. 

Even though our work is still in the 

developmental stage, the proposed findings can 

add to decision-making processes and be 

implemented to assist tax auditors in performing 

various functions. By using the model built in this 

research, accompanied by tech-savvy auditors, it is 

expected that this research can help the DGT 

detect tax objects and identify potential errors in 

the tax returns submitted by taxpayers more 

efficiently and effectively.  

From a theoretical perspective, this study 

contributes to the growing body of research on the 

application of natural language processing and 

machine learning in tax administration, particularly 

in the automated classification of tax objects from 

textual taxpayers’ data.  

This research contributes to the growing 

body of literature on the application of machine 

learning in public sector decision-making, 

particularly in tax administration. It provides 

theoretical support for the use of natural language 

processing and classification models in 

transforming unstructured accounting text into 

structured audit-relevant information. It also 

extends the discussion on how machine learning 

can enhance analytical capacity, consistency, and 

objectivity in complex tax audit processes. 

In the context of enhancing the current 

model and considering future development, it is 

worth exploring the potential integration of 

smoothing techniques that trace back to specific 

identifiers or withholding tax receipt numbers 

reported by taxpayers. Even though the current 

model employs fuzzy matching or record linkage 

based on description, date, or amount, it often 

encounters challenges due to the absence of 

counterparty names in ledger descriptions.  

This approach would allow for a more 

precise and verifiable connection between 

transactions and their corresponding tax records, 

thereby enhancing the overall effectiveness of the 

system. Future research and development could 

focus on implementing and testing such 

techniques to address these challenges and further 

streamline the tax reporting and compliance 

process. 
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Appendix A  

Dummy Raw General Ledger as Input 

 

Note. Source: Processed by Author 

 

Appendix B  

Processed Data Output 

 

Note. Source: Processed by Author 
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Appendix C 

Tax Object and Fiscal Correction Web Application 

 

Note. Source: Processed by Author 

 


