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ABSTRACT 

 
This study employs a “practice-as-research” approach to investigate the role of analytics as a pivotal component of 

Indonesia’s tax administration system, specifically focusing on addressing tax gaps. Tax analytics systems and 

applications operate centrally to generate data that support several tax administration functions, including taxpayer 

registration, compliance monitoring, dispute resolution, and law enforcement. However, the tax officers—who serve 

as end-users of this data—frequently encounter the “last-mile problem”, where the data provided is not immediately 

actionable. Consequently, such tax officers are often required to develop their own data pipelines to further process 

and analyze the data before it can be effectively used for decision-making. This study identifies two categories of 

last-mile issues: those that can be eliminated and those that can only be mitigated to a limited extent. Two key 

recommendations are proposed to address these challenges. First, existing analytics applications should enhance 

taxpayer profile data by integrating the most comprehensive analytics outcomes, including compliance risk profiling. 

This can be achieved by implementing a “reverse-ETL” approach to improve existing analytics applications, facilitating 

the seamless flow of processed data back into operational system data. Second, the study advocates for more flexible 

self-service analytics platform for scenarios where last-mile challenges are unavoidable. This could be an analytics 

sandbox or a data-as-a-product approach that leverages containerization to enable tax officers to process and 

analyze data independently. These recommendations aim to improve the efficiency and effectiveness of Indonesia’s 

tax administration system by addressing the critical last-mile challenges faced by tax officers, thereby enhancing the 

overall utility of analytics in supporting tax-related decision-making processes. 

Keywords: analytics, data pipeline, compliance risk, function, tax gaps  

 

1. INTRODUCTION 

 

Analytics has become an essential issue in the field 

of taxation, not only from the perspective of 

authorities and taxpayers but also from various 

think tank institutions, academics, consulting firms, 

and information technology vendors (IOTA, 2016; 

OECD, 2017; EY, 2017; Microsoft and PwC, 2017; 

CIAT, 2020; ADB, 2022; Deloitte, 2020; Pijnenburg, 

2020; Haenen & Emens, 2021; KPMG, 2020; Pianko, 

2018). For tax authorities, one of the main 

objectives of implementing analytics is to reduce 

the gap between the amount of tax that has been 

paid and the amount of tax that the taxpayer 

should pay. From the taxpayer's perspective, 

analytics are helpful for better tax management 

and planning. (Cleary, 2011; Martikainen, 2012; Wua 

et al., 2012; Wessels, 2014; Gregg, 2015; 

Stankeviciusa and Leonas, 2015; Pijnenburg et al., 

2017; Pijnenburg, 2020).  

The Directorate General of Taxes (DGT), 

the tax authority in Indonesia, has also determined 

that data analytics is one of the strategic initiatives 
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to achieve its primary goal: sustainable tax 

compliance. In various situations, data analytics 

have been used to support multiple operational 

activities or to prepare and evaluate tax policies. 

(DJP,  2015; 2022). Referring to Sakti (2021) and 

Djuniardi (2016), end-users can use the data 

analysis results presented by the DGT’s Directorate 

of Tax Data and Information (DIP) as the core 

function of data management in DGT using two 

endpoints. The endpoint is an application system 

called Approweb, which is accompanied by an 

information retrieval function. Data governance 

manages the mechanisms and data access rights 

inherent in each endpoint. 

However, previous studies highlight that 

tax officers often require additional tools, such as 

data analysis applications, to fulfill their duties 

(Iqbalsah,  2023; Winata & Hadi, 2023; Rosid et al., 

2022; Rosid, 2023; Prastuti & Lasmin, 2021; DAA, 

2019). The available endpoints frequently do not 

meet their data needs, especially when tax 

supervision or administration tasks require data 

matching between internal application systems 

and external data sources. For instance, an account 

representative may need to compare tax returns 

with comparative data from an e-marketplace 

when supervising the taxpayer operating an online 

sales channel (DGT 2019). Similarly, a tax auditor 

must test accounting data in the form of a general 

ledger obtained from the taxpayer to validate the 

tax return data (DAA, 2019). The consequence of 

this situation is that the officer must develop 

his/her own techniques, procedures, and data 

analysis pipelines that may not be in line with the 

organization's data governance policy. 

As a result, tax officers need to develop 

their own techniques, procedures, and data 

analysis pipelines, which may conflict with the 

organization’s data governance policies (Darono & 

Pratama, 2022; Ilhamsyah, 2020; Pratama & 

Darono, 2022; TETC, 2024). This situation is often 

called the “last mile problem” in analytics, where 

there is a gap between the information presented 

at the end-point of an analytics platform and the 

decisions or actions taken by the users of that 

information (Brahm & Sherer, 2017; Brownlow, 

2022). The consequence of this last mile gap is that 

the end user must take several additional steps to 

utilize the information so that they can make 

decisions or actions according to the tasks they are 

doing (Dykes, 2019; Earley, 2015; Verhulst et al., 

2024). There are several efforts to overcome this 

last mile, including self-service analytics (or self-

service business intelligence) (Darono, 2023; 

Davidson, 2023; Nentwich, 2022; WeAreNetflix, 

2018), enriching data in the core system with data 

analytics results through the Reverse-ETL 

mechanism (Dash & Swayamsiddha, 2022; George, 

2023; Manohar & Kline, 2024), or providing data to 

end users using the data-as-a-product approach 

(Blohm et al., 2024; Dehghani, 2021; Hasan & 

Legner, 2023). 

The challenges associated with the last mile 

in tax administration motivate the author to 

explore ways to improve its management, ensuring 

the optimal implementation of tax analytics. This 

study uses the practice as a research approach 

(Candy, 2006; Gherardi, 2019; Bispo, 2015) to 

provide an in-depth understanding (Costantino, 

2008; Bhattacharya, 2008; Fox, 2008; Nickerson, 

2024) related to how tax officers deal with last-mile 

analytics situations that arise in data processing 

and analysis activities that must be carried out as 

part of their daily work. This study aims to 

contribute by (1) providing additional knowledge to 

understand last-mile problems that arise in 

analytical practices from a practice-led perspective; 

(2) providing recommendations from a practice-

based perspective on techniques or tools to 

improve tax officers' effectiveness in addressing 

last-mile analytics issues. 

The systematics of this paper are as follows. 

In the first section, author establishes the research 

background and articulate the significant 

contributions this study intends to make. The 

second section thoroughly review the existing 

literature and prior studies, creating an analytical 

framework to enhance understanding of the 

findings. Next, the third section delves into practice 

research, outlining it as an effective research 

methodology employed in this study. The fourth 

section presents and discusses the research 

findings, highlighting their implications. Finally, the 

fifth section synthesizes the insights gained, 

providing robust conclusions and actionable 

recommendations for future research. 
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2. THEORETICAL FRAMEWORK  

 

Analytics is a framework of knowledge and practice 

related to organizational actions. It uses the data it 

manages to produce various insights to support 

decision-making and the actions of organizational 

actors (Davenport & Harris, 2007; Power et al., 

2018; White & Imhoff, 2010). The term analytics has 

various variants because of differences in the 

emphasis on the purpose or process. However, the 

substance of the meaning remains the same, 

namely, gaining insights from the analyzed data. 

These terms include OLAP, business intelligence, 

data mining, and data science. OLAP (Online 

Analytical Processing) is a term that differentiates it 

from OLTP (Online Transaction Processing), where 

the relationship between the two is that data 

obtained from transaction processing should be 

further analyzed to gain insights. Along with OLAP, 

the term Business Intelligence (BI) also emerged, 

emphasizing business more than technology. In 

general, data analysis techniques are carried out by 

aggregation categorization without any models or 

forecasts (Codd et al., 1993; Chaudhuri & Dayal, 

1997 ; Delen & Ram, 2018)  

However, there is also data mining. This 

term expands the data analysis approach with 

associations, clustering, classification, estimation, 

and forecasting to predict what might happen and 

even provide prescriptions (recommendations) for 

actions should be taken based on the earlier 

prediction results. This approach is also known as 

machine learning because with the data that has 

been collected, the computer, as a machine, is 

taught to recognize patterns in the data that has 

been collected to be then used to perform 

associations and clustering, which is called 

unsupervised learning or classification, estimation, 

forecasting, which is called supervised learning. 

The approach that emphasizes the existence of 

predictive and prescriptive models is then known 

as data science (Gartner, 2014; Jin, 2017; Larose & 

Larose, 2015 ; Atwal, 2020; Donoho, 2017).  

The term “data analytics” then emerged as 

an attempt to summarize all these understandings 

into a body of knowledge about data analysis. In 

understanding data analytics, the descriptive and 

diagnostic approaches are almost the same as the 

scope of OLAP and BI. In contrast, advanced 

analytics, including predictive and prescriptive 

analytics, has almost the same scope as data 

science (Aasheim et al., 2015; Tesch, 2020). 

However, for the scope of the study, Larose & 

Larose (2015) used the term “data mining.” Figure 

1 shows the relationships among the various terms 

described.From another perspective, some studies 

have developed a taxonomy of terms related to 

analytics to sharpen or clarify the position of 

analytics as a body of knowledge. Analytics can 

also be understood by dividing the data sources, 

the business functions it supports, and the actors. 

Based on the area or business function it supports, 

Figure 1   
Position of “analytics” term compared to its synonym or alternative terms. 

Note. Processed by Authors 

Data analytics, data mining, 

and data science 

(Davenport, 2013; Larose & 

Larose, 2014; Gartner, 2014; 

Aasheim et al., 2015; 

Richardson et al., 2019) 

Business intelligence (or 

OLAP) 

Descriptive 

 

aggregation, 

categorization, 

recapitulation, 

cross-tabulation 

Diagnostics 

 

Data science 

(or machine learning) 

Predictive 

 

Unsupervised learning: 

clustering, 

correlation, 

association 

Supervised learning: 

classification, 

estimation,  

forecasting 

Prescriptive 
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it is known by several terms, such as accounting 

analytics, audit analytics, marketing analytics, and 

human resource analytics. From the actor 

perspective, it is known by several terms: 

enterprise-analytics (also called corporate-

analytics or IT-managed analytics) and self-service 

analytics or end-user analytics as an analytical 

mechanism developed independently by the 

business line/end-user (Chen et al.,  2012;  Gartner, 

2014; Richardson  et al., 2019; Duan & Xiong, 2015; 

Schroeck et al.,  2015; SAS, 2016; Delen and Ram, 

2018). 

Other considerations for understanding 

analytics include the stages of work, data flows, 

and devices or technology stacks required. Hotz 

(2022; 2023) stated that de facto CRISP-DM is the 

most widely used framework for developing and 

implementing analytics in organizations. The 

development and implementation framework also 

causes terms such as data pipelines and data 

stacks. These two aspects are part of the 

development and implementation of analytics, 

explaining how data flow from source for user 

benefits and what technological support is needed 

to enable data flow (Raj et al., 2020). The primary 

purpose of each stage in the data pipeline is to 

form a virtual pipe in which data flows, originating 

from the data source, through various extract-

transform-load stages until it reaches a point 

where users will use the data as insights to support 

decision-making or action (Microsoft, 2010; Hevo, 

2022; Kitching et al., 2021). All stages of data flow 

require data technology stack support in the form 

of a combination of devices suitable for each data 

processing and analysis stage. In this context, ideal 

means suitability for a given price. Figure 2 shows 

the relationship between various analytics, BI, and 

data mining terms. 

Globally, tax authorities stated that they 

must embrace analytics as a function of overall tax 

administration. (IOTA, 2016; OECD, 2017; CIAT, 

2020). The forum held by the OECD (2016, 2017) 

forum directly mentioned the function of advanced 

analytics (or data science in Tesch (2020) terms) as 

part of tax administration. Advanced analytics 

demonstrate how tax authorities will embrace such 

analytics. It is not just aggregation, it will lead to 

classification, estimation, or forecasting. The OECD 

(2016) proposed the term "advanced analytics" to 

represent predictive and prescriptive analytics as 

part of data processing and analysis for the benefit 

of tax administration.  

The report emphasizes that advanced 

analytics have been introduced previously. This 

term is more directed at reducing human 

judgment by relying more on the results of data 

analysis to determine various decisions in tax 

administration (ADB, 2022)). In the context of tax 

Figure 2   
Flow of work and types of analytics. 

Note. Processed by Authors 
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administration, tax data analytics is a series of 

techniques for obtaining information to support 

decision-making or reviewing tax policies in 

various forms, such as the selection of audited 

taxpayers, management of tax receivables, 

improving service quality or evaluating the impact 

of different tax policies that have been set (OECD 

2016). Deloitte (Deloitte, 2020) emphasized the use 

of the term “tax analytics.” It defines a combination 

of technical knowledge of taxation and advanced 

information technology to identify patterns and 

anomalies to support organizations in managing 

strategies related to the impact of taxes on overall 

organizational performance. Data analysis 

techniques include pattern recognition, outlier 

detection, cluster analysis, experimental design, 

network analysis, and text mining. From a different 

perspective, ANAO (2008) stated that data 

analytics in tax administration includes all 

computer-based methodologies that enable tax 

authorities to handle large amounts of data from 

various data sources, make comparisons, present 

relationship patterns, or construct functional or 

hypothetical relationships between data.  

Furthermore, data analytics is divided into two 

parts: (1) basic analytics, which includes data 

exploration and aggregation and statistical 

profiling and analysis; and (2) advanced analytics, 

which includes the use of data mining technology 

to find and develop a model and decision making. 

In practice, all organizations implementing 

analytics, including tax authorities, must determine 

the technology stack and implementation 

methodology (Altexsoft, 2023; Brunthaler, 2022; 

Vago, 2022). The technology stack and 

methodology choice will instantiate a data pipeline 

that will flow data from its source to be processed, 

analyzed, and then used by its users (Alley, 2019; 

DiCostanzo et al., 2023; Raj et al., 2020). The 

available data pipeline should meet user 

requirements as much as possible. However, it is 

not that easy because user needs are dynamic. 

Some companies, referred to as "data-driven 

nirvana" (WeAreNetflix, 2018; Thusoo & Sarma, 

2017), provide sufficient space for users to perform 

self-service analytics. 

This situation triggers the emergence of 

"last mile analytics problem". There is a "distance" 

between the results of the data analysis process 

produced at the enterprise level, which at the time 

of use wants to obtain the insights such user needs 

immediately; it turns out that it still requires further 

processing and analysis steps according to the 

needs of the user. This last-mile gap is almost 

impossible to eliminate. It will be tough to meet all 

users' very dynamic data needs. What must be 

done is to identify the gaps that occur and then the 

data analytics methodology solutions needed to 

overcome these gaps (Earley, 2015; Bridgewater, 

2018; Dykes, 2019; Nentwich, 2022; Brownlow, 

2022). 

Such a gap is also found in the 

implementation of analytics at the DGT. This can 

be identified from several documents and study 

results. The DGT (2019) paper presents a last-mile 

problem related to e-commerce. A similar situation 

is also found in the document presented by DAA 

(DAA, 2019) that tax auditors must compare 

taxpayer report data submitted via the DGT online 

application with data obtained by tax auditors 

when conducting fieldwork plus various data 

obtained by third-party DGT, including AEoI data 

with tax authorities in other countries. The DAC 

(DAC, 2015) report highlights numerous instances 

where users must build their own data pipelines 

and data stacks, as the standard pipelines available 

fail to comprehensively meet their data needs.  

 

3. METHODOLOGY  
 

The research design is a series of research 

strategies and methods explicitly applied to one 

study (Creswell, 2013). The design set for this study 

was a practice-as-research. This choice was made 

by considering the purpose of the study, which is 

to understand in depth (verstehen) the internal 

perspective of the actor organization in the 

research locus. The new knowledge expected from 

practice-as-research is not through surveys or 

interviews but rather through hands-on experience 

with everyday organizational artefacts (Candy, 
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2006; Schrag, 2019; Gherardi, 2019; Douglas et al., 

2000; Bulley & Şahin, 2021). Candy (2006) identified 

two aspects of practice research: practice-based 

and practice-led research. The research is 

considered practice-based when a creative artifact 

forms a contribution to knowledge. It is deemed 

practice-led if it primarily generates new insights 

about practice. Hoveid and Hoveid (2007) stated 

that practice is one method of gaining 

understanding so that it ultimately produces (a 

framework) of knowledge related to the field being 

practiced.  

The practice areas are identified during 

detailed discussions of training materials that 

require data analysis practices to resolve last-mile 

problems in tax analytics. The goal is to develop a 

deep understanding and present it as a framework 

of knowledge expected to serve as an additional 

reference in discussions and practices related to tax 

data analytics. The research focuses on the 

community of practice (CoP) formed through 

training activities and technical guidance at the 

Indonesian Tax Education and Training Center, 

where the author participated as a training 

program officer (Error! Reference source not f

ound.. Data collected using documentation 

studies, interviews, and case study analyses 

presented during various training sessions 

(Bohnsack,  2014; Coffey,  2014; Bowen,  2009; Erich 

et al., 2017; Erickson  et al., 2016; Darono, 2016). 

 

4. RESULTS AND DISCUSSIONS  
 

The results and discussion section will be 

structured using the following flow: First is the case 

context related to how the last mile in tax data 

analytics occurs. This section outlines the stages of 

the work, data flow, and technology support. 

Based on this review, the last mile related to a 

particular business function is identified. Based on 

the identified last mile, this study compiles a 

practice containing steps for developing a data 

pipeline. The purpose of this development is to (1) 

gain an in-depth understanding of the research 

problem and (2) find alternative references that are 

expected to be used to overcome the last-mile 

problem that occurs up to a permanent solution in 

Table 1    

Community of practice as practice-as-research loci 

Note. Processed by Authors 

Training programs as a basis for 

establishing a community of 

practice (CoP) 

The last mile refers to the data analysis process of 

completing a project or task. 

Code for CoP  

Training of tax data analysts and 

technical assistance toward tax 

compliance supervision 

how officers in the Data Quality Assurance Section 

require data pipelines to provide the data required 

by all sections at the tax office (KPP) 

CoP-1 

Training for digital economy tax 

compliance supervision 

The supervision carried out by account 

representatives requires data matching and analysis 

tools obtained from internal or external sources, 

including e-marketplaces. 

CoP-2 

Training for e-Audit (basic, 

intermediate, advanced) 

Every tax auditor needs a data pipeline to compare 

tax return data with audited taxpayer financial and 

other related data to produce a tax audit report. 

CoP-3 

Training for digital economy tax 

audits 

Every tax auditor needs a data pipeline to compare 

tax return data with e-commerce merchants as 

audited taxpayer financial and related data to 

produce a tax audit report. 

CoP-4 

Training of tax digital forensics 

(basic, intermediate) 

How tax officers, as digital forensics specialists, 

develop data pipelines to analyze data obtained 

from fieldwork. 

CoP-5 
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the form of a data flow that can be used directly 

without users having to develop their data pipeline. 

 

4.1 Context of the case: How does the 

last mile exist in the Indonesian tax 

administration data exist?  

 

The tax collection system in Indonesia, as explained 

in Article 12 of the Tax General Provision and 

Procedure Law, uses self-assessment. Taxpayers 

are required to report the implementation of rights 

and obligations through a Tax Return. It can be re-

calculated if the tax authority has evidence that the 

tax return (SPT) needs to be corrected. The re-

calculation can be through an appeal to improve 

the tax return (SPT) or law enforcement actions 

broadly, starting from research, examination, and 

collection to investigation of tax crimes (Darono & 

Nuruliman, 2017; Deloitte, 2023)). Analytics used at 

all stages using CRM where taxpayers are based on 

their risk profile for non-compliance  (DGT, 2022; 

Ilhamsyah, 2020; Sakti, 2021). In this case, DGT 

(2022) preferred to use the term Business 

Intelligence (BI) in implementing analytics in the 

CRM. Thus, the use of BI and analytics in the 

context of this CRM replaced each other. 

Actions that can be taken against taxpayers 

as referred to in the Regulation of the Minister of 

Finance Number 132 of 2023 concerning 

Implementation Guidelines and Technical 

Guidelines for Functional Positions in the State 

Finance Sector in conjunction with Minister of 

Finance’s Regulation Number 131/PMK.03/2022 

concerning Implementation Guidelines for Tax 

Auditor Functional Positions related to the core 

functions of tax administration, namely compliance 

supervision and law enforcement. At this point, the 

last mile appears because there are several 

additional steps that users of their data information 

must take to use the data to complete their tasks. 

Note that Figure 3 describes the tax data analytics 

workflow of the tax administration function for 

compliance supervision and tax law enforcement. 

In this last-mile stage, there are two 

situations. First, the available data can be utilized 

directly. Second, the user must take several steps 

to perform self-service analytics (SSA) or self-

service BI (SSBI). In this case, the author can identify 

at least two types of SSA: simple and complex. 

Figure 3   
Tax data analytics workflow (adapted from Sakti 2021; DJP 2022) 

Note. Processed by Authors 
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Simple SSA can occur when the analytics include 

only a few diagnostic steps to fill in missing 

columns or match data. Complex SSA must form a 

relatively long data pipeline with several stages or 

even all stages of the data analytics flow from the 

data source, extract, transform, load, and data 

analysis to finally be used using data stacks that 

cover many types of devices. 

Furthermore, this analysis will take a 

"practice in research" approach (Hoveid & Hoveid, 

2007), where the author, based on data from the 

research locus (see Table 1), performs the 

development of a data pipeline according to the 

identified data analysis use case. Users can also 

implement this data pipeline in their daily work by 

adjusting several settings, such as data sources, 

transformation steps, and data analysis techniques. 

Based on the author’s observations from the 

existing research locus, the practices that will be 

carried out include the following: 

(1) Use of "e-Faktur" data for tax compliance; 

(2) Matching third-party data (for example, e-

marketplace) with master file data, VAT, and 

income tax return; 

(3) Developing a data pipeline for e-Audit and 

digital tax forensics. 

The selection of the third-use case was 

based on the availability of dummy data that 

researchers could access and the magnitude of 

benefits that could be obtained if the practice 

could be implemented in a real organizational 

situation, especially in the context of this study, 

namely how supporting tax administration can 

reduce tax gaps. The following description 

describes our attempt to form a knowledge 

framework through practices related to 

overcoming the last-mile problem by conducting 

self-service analytics (self-service BI). For this 

purpose, the author only uses dummy data for 

research and not actual data. 

 

4.2 Practice 1: Tax compliance 

supervision strategy - use case of “e-

Faktur” data  

 

In the current Indonesian tax self-assessment 

system, two main functions are to determine 

whether taxpayers are compliant: compliance 

testing and law enforcement. One step in 

compliance testing is supervision. Related to this 

supervision, there are already instructions for its 

implementation through the Circular of the 

Director General of Taxes Number SE-05/PJ/2022 

concerning Supervision of Taxpayer Compliance 

(hereinafter referred to as SE-05). Referring to the 

provisions in this SE-05, it can be concluded that 

supervisory actions are highly dependent on tax 

data analysis activities, namely, analysis activities to 

identify modes of non-compliance that arise and 

estimates of potential tax obligations that have not 

been met and then determine recommendations 

for follow-up actions to support the 

implementation of supervision. One step in the 

analysis is to determine the focus on the sector that 

will be the target of the analysis implementation: 

manufacturing, trade, services, natural resources, 

government spending, the digital economy, or 

other sectors. This means that the analysis will use 

sectoral data, which will later lead to a more 

detailed analysis of taxpayer compliance in the 

sector. Of course, this focus will differ from one tax 

office to another. 

One of the internal data that is quite 

complete in determining the focus of analysis is the 

"e-Faktur" data generated by the DGT’s tax invoice 

application system. The tax regime for goods and 

services in Indonesia is the value-added tax, and 

the tax credit system is based on tax invoices. This 

system requires VAT taxpayers to issue invoices 

when making taxable deliveries. For sellers, it is 

VAT-out, and buyers are VAT-in. Every transaction 

must be made using an electronic tax invoice. In 

addition to VAT compliance in determining how 

much VAT is underpaid or overpaid due to the 

VAT-in vs. VAT-out mechanism, these e-invoice 

data can be used to determine the focus of tax 

supervision. The "e-Faktur" data itself contains 

quite complete data, including the identity of the 

seller and buyer (Taxpayer identification 

number/TIN, name, address), amount of VAT paid, 

and description of goods or services as VAT 

objects. Based on the data structure, the author in 

Practice-1, as in CoP-1, carried out the following 

practices: 

(1) diagnostic analytics in the form of a 

recapitulation of the amount and number of 
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taxable goods or taxable services per sector and 

address to be compared with VAT-return data 

and income tax returns; 

(2) diagnostic analytics in the form of a 

recapitulation of the amount and number of 

taxable goods or taxable services per taxpayer 

reported by VAT-sellers from all over Indonesia 

to VAT-buyers to be compared with VAT-out 

reported by VAT-buyers or sales subject to 

income tax by taxpayers registered at the tax 

office where the VAT-out taxpayer is registered; 

(3) diagnostic analytics in the form of a 

recapitulation of the amount and number of 

taxable goods or taxable services per taxpayer 

reported by VAT-sellers from all over Indonesia 

to VAT-buyers to be compared with VAT-out 

(in VAT-return) reported by VAT-buyers 

registered at a particular tax office; 

(4) Predictive analytics with time series analysis to 

forecast taxable deliveries per sector and 

region; 

(5) Supply chain analysis determines the 

distribution layer of goods and benchmarks the 

price of goods and services per sector per 

region. 

To perform Practice-1, the developed data 

pipeline and stacks are illustrated in Figure 4. 

 

4.3 Practice 2: Data matching in tax 

compliance supervision  

 

Practice 2, as previously described, emphasizes the 

“micro-analytics” aspect as a follow-up of data 

found at the macro level directed at individual 

taxpayer compliance. The use case in this practice 

is to search for taxpayer data from various sources. 

However, it is not equipped with a unique identity 

such as TIN or “NIK” (identity number in Indonesian 

citizen administration). This data matching 

technique is an old technique that still has to be 

carried out by many tax authorities  (ATO, 2023; 

HMRC, 2023; IRS, 2020; OECD, 2018) because the 

comparative data obtained do not necessarily have 

unique identity attributes that make it easier to 

match them with tax reporting data held by the tax 

authority.  

The use case in Practice 2 comes from 

discussions in CoP-1 and CoP-2, which raise the 

problem of how to match data obtained from 

several sources between e-marketplaces or 

ownership of movable assets such as motor 

vehicles obtained by tax authorities without unique 

identity attributes that can be directly matched with 

reporting data that taxpayers have submitted. The 

feature used in this data matching action is a fuzzy 

match that allows matching between non-unique 

attributes such as name and address, with a 

Figure 4    
Tax compliance supervision strategy: use case of “e-Faktur” data 

Note. Processed by Authors 
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particular match threshold. Thus, data that 

previously did not have unique attributes can be 

determined by TIN or NIK to test its tax compliance. 

The pipeline and stack data developed for Practice 

2 are shown in Figure 5. 

 

4.4 Practice 3: Data extraction and 

analysis in e-Audit and tax digital 

forensics 

 

Procedurally, compliance testing actions in the 

form of supervision can be upgraded to a tax audit. 

Even if there are indications of tax fraud, the case 

can be upgraded to an investigation into alleged 

tax crimes. The DGT has issued several provisions 

related to the procedures for handling evidence in 

the form of electronic data in both tax audits and 

tax criminal investigations, namely: 

(1) SE-36/PJ/2017 on Digital Forensic Guidelines for 

Taxation Interests; 

(2) SE-25/PJ/2013 concerning the e-Audit 

Guidelines; 

(3) SE-10/PJ/2017 concerning Technical 

Instructions for Field Examination in the context 

of Examination to Test Compliance with Tax 

Obligations; 

(4) SE-1/PJ/2024 concerning Technical Instructions 

for Examination of Initial Evidence of Tax 

Crimes. 

As discussed in CoP-3, CoP-4, and CoP-5, the 

last mile in tax audits or investigations can be 

considered "inherent" or “native”—an unavoidable 

aspect of the process. This is because auditors or 

investigators inevitably need to develop their own 

data pipelines to manage ongoing cases 

effectively. The data pipeline is created to conduct 

audit tests so that conclusions related to 

compliance testing activities or law enforcement 

can be drawn. Regarding the data stack, e-Audit 

practitioners have developed their in-house 

devices, the Apiseta application and e-Audit 

Utilities. To run Practice 3, the developed data 

pipeline is represented in Figure 6.  

 

Figure 5 

Data pipeline and stack for data matching with e-marketplace data for the use case. 

Note. Processed by Authors 

 

Figure 6 

e-Audit and tax fraud forensics data pipeline and stack 

Note. Processed by Authors 
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4.5 Reflection on the practice 

 

DGT’s analytics operate centrally from its head 

office by the Directorate of Information and 

Communication Technology and the Directorate 

of Tax Data and Information to produce data 

(“insight”) that can be used for the benefit of 

implementing every tax function, from registration, 

compliance monitoring, dispute handling to law 

enforcement. This means that outside the use 

cases outlined above, many other analytics use 

cases to support related functions. Practices 1-3 

were chosen because they were found by the 

author in the CoP that was formed (see Table 1 

again). 

The development of an analytical platform 

seeks to ensure that at the end (last mile) of the 

data analysis results, there are no gaps that cause 

users to require additional steps in utilizing 

information to support decision-making or action. 

In this regard, several techniques and procedures 

have been proposed, including the following: 

(1) reversed-ETL (Manohar & Kline, 2024): 

completing taxpayer profile data with risk 

analysis results (CRM) that are already attached 

to each taxpayer profile record so that the need 

for additional analysis that requires simple 

SSA/SSBI will be reduced; 

(2) analytics sandbox or analytics-as-a-service 

(Russom et al., 2010): the DGT server provides a 

container through specific governance 

procedures as a robust computing environment 

to perform data analysis with large amounts of 

data accompanied by complex computing; 

(3) data-as-a-product (Blohm et al., 2024); (Hasan 

& Legner, 2023): creating a "data-product" that 

is stored as a container equipped with a log 

feature for data security, where all data related 

to the audit or law enforcement assignment is 

contained, which can easily be downloaded for 

tax inspectors so that they no longer need to 

scrape data using applications Apiseta or e-

Audit Utilities. 

The last mile should be addressed using 

standard menus and reverse-ETL processes, 

eliminating the need for users to develop their own 

data pipelines. The "inherent" or "native" nature of 

the last mile is ad hoc, as it involves specific types 

of analyses tailored to unique needs, business 

units, or functions. However, any approach to 

resolving last-mile issues must adhere to data 

governance principles outlined in KEP-215/PJ/2021 

on Data Governance at DGT. 

 

5. CONCLUSION  

 

The DGT has determined that data analytics is a 

strategic step toward sustainable tax compliance. 

Data analytics have been used to support various 

operational activities or to prepare and evaluate 

tax policies to minimize tax gaps. The purpose of 

implementing analytics is to provide insights that 

can be used to support decisions and actions in tax 

administration. 

A key challenge in tax data analytics lies in 

the last-mile stage, where analysis results cannot 

be directly utilized. It forces end users to build their 

own data pipelines and stacks. This last-mile 

problem can be solved by improving the analysis 

process using “simple SSA” and “complex SSA” 

approaches. 

Simple SSA refers to a situation where tax 

officers develop their analytic pipeline as little as 

possible. Tax officers directly obtain data according 

to their work by their function as end users without 

taking additional steps or their data pipeline. This 

can be achieved through a reverse ELT approach, 

where data analysis output (for example, CRM 

results) are attached into each taxpayer profile 

record. 

On the other hand, complex SSA arises 

from the inherent nature of business processes and 

data flows, which often require tax officers to build 

and manage their own data pipelines as the “last 

mile”. This enables them to process data from 

various sources to generate insights relevant to 

their tasks. Organizations can adopt a data-as-a-

product or analytics-as-a-service approach to 

address the challenges posed by this complexity. 

In addition to simplifying the data pipeline, these 

two approaches allocate computing resources 

efficiently required for analytics. The analytics 

process is performed in an environment with more 

powerful computing power, and the 

implementation of optimal data governance is 

guaranteed. 
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This study is limited using dummy data as 

input data for practice-as-research. While this 

limitation is unavoidable due to data governance 

constraints, it represents the best possible 

approach under the circumstances. The 

implication is that the results of the practices must 

first be adjusted to the actual situation in the work 

unit that conducts data analysis. The expected 

contribution of the results of this research on a 

broader scale is the availability of a conceptual 

framework that can be used to understand how 

the last mile can occur in the implementation of 

data analytics within public administration and 

government organizations, along with ways to 

overcome these problems. 
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