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Abstract: Developing countries face significant challenges in accurately forecasting tax revenues due to disparate databases and the 

presence of outliers in collected taxes. These anomalies can lead to inconsistencies in revenue predictions, impacting economic planning 

and policy decisions. This study applies the CRoss Industry Standard Process for Data Mining (CRISP-DM) framework to support Niger’s 

tax administration in detecting and addressing outliers. Boxplot analysis and extreme value detection algorithms were utilized to visualize 

outliers, while the Interquartile Range (IQR) Machine Learning (ML) algorithm was employed to remove them. The dataset covers the 

period from January 2019 to December 2022. The current analysis identified significant outliers in June 2020 and December 2021 for 

Value Added Tax (VAT) and in August 2021 for Processing Tax and Salary (ITS). The study found that with outliers, VAT, ITS, and 

Profit Tax (ISB) accounted for 61.2% of total tax revenues, whereas without outliers, their combined contribution increased to 64.8%, 

highlighting the importance of accurate anomaly detection for better fiscal planning. 
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1. Introduction 

Tax revenue plays a crucial role in the development and 

implementation of a government's economic and social agenda[1] 

. Tax pressure, measured as the tax-to-GDP ratio, reflects a 

country's efforts in mobilizing internal resources. On average, 

OECD countries have a tax pressure of 34.0%, with France 

reaching 45.15%, whereas in African nations, it averages around 

16.0%. In developing countries (DC), tax pressure tends to be 

relatively low; for example, in Niger, it stands at just 9.6% [2] [3]. 

Niger, a vast sub-Saharan country, faces significant challenges in 

tax administration due to limited human and material resources. 

The tax administration lacks a unified database, and existing tax 

data is fragmented across disparate systems [4] . Although a web 

application exists, it has not yet been deployed nationwide, leaving 

many Tax administration’s offices branches in the regions without 

real-time data access. In these branches, revenue centralization is 

managed through phone calls or social media, leading to 

inefficiencies and delays. 

Additionally, the absence of data mining tools prevents the tax 

administration from leveraging analytics for informed decision-

making. There is no automated system to detect anomalies, making 

it difficult to improve tax revenue forecasts. As a result, actual 

annual tax revenues consistently fall short of projections made by 

the Planning Directorate of the General Directorate of Taxes. 

Currently, only 62% of Niger’s budget is funded through national 

revenue, with the remaining portion reliant on external financing,  

according to the European Union[5]. Strengthening data 

management, expanding digital coverage, and implementing 

advanced analytics could significantly enhance tax collection 

efficiency and revenue forecasting in the country. 

With the advent of artificial intelligence, tax administration is 

becoming increasingly intelligent[6]. Machine Learning (ML) 

introduces advanced analytical and statistical tools that enhance 

the effectiveness of tax control. By detecting anomalies, these 

technologies enable governments to improve monitoring and 

oversight [7]. 

Despite significant progress in modernizing tax administrations 

worldwide, Niger still lags behind. No studies have been conducted 

to develop an anomaly detection scheme within the Nigerien tax 

administration system. To address this gap, this study focuses on 

detecting anomalies in the unified tax database using the CRISP-

DM methodology. 

For anomaly detection, visualization techniques, such as boxplots 

and extraction methods like the interquartile range are employed. 

The primary objective of this study is to identify tax data anomalies 

and assess their impact. A comparative analysis is conducted 

between the original database, which contains anomalies, and a 

cleaned version from which anomalies have been removed. This 

approach aims to demonstrate the significance of anomaly 

detection in improving tax data reliability. 

The remainder of this study is structured as follows: Section 2 

presents the literature review, Section 3 outlines the methodology, 

Section 4 discusses the results, and Section 5 provides the 

conclusion. 
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2. Literature review   

A review of existing literature on data mining methodologies for 

outlier detection, particularly within the context of tax 

administration, is essential for informing research relevant to the 

Niger tax administration. Subsection 2.1 provides an overview of 

data mining concepts, while Subsection 2.2 examines the Cross-

Industry Standard Process for Data Mining (CRISP-DM). 

Subsection 2.3 discusses related studies and applications of data 

mining in tax administration.  

2.1. Data mining 

Data mining is the process of extracting and discovering patterns 

from large datasets using methods that intersect machine learning, 

statistics, and database systems[8] [9][10][11]. It is also considered 

a field focused on pattern discovery in vast amounts of data 

through a combination of techniques from machine learning, 

statistics, database systems, and computer science. Cheng noted 

that the development of data mining was not uniform. Rather, it 

was problem oriented according to different fields[8].  

Outlier detection is a crucial task of safety-critical environments 

because outliers indicate abnormal operating conditions from 

which performance significantly deteriorates[12]. Several machine 

learning techniques can be used for outlier detection, often 

involving the visualization and analysis of extreme values. Outlier 

analysis plays a crucial role in this process, as most algorithms 

generate a numerical value representing the deviation from the 

normal pattern. By examining this deviation, outlier analysis 

enhances the detection algorithm, ensuring more accurate 

identification of anomalies[13]. The approach used is that of the 

interquartile range (IQR). Indeed, the concept of IQR is calculated 

by using the difference between the third quartile and the first 

quartile, which is represented by Eq. (1) as  

 𝐼𝑄𝑅 = 𝑄3 − 𝑄1                                      (1) 

Where, Q1 is the First quartile ; Q3 stands for Third quartile ; and 

IQR represents the Interquartile range.  

Likewise, Eq. (1) is utilized to construct box and whisker plots. In 

addition, Eq. (2) is used to determine the value of outlier (s) at the 

upper bound of the IQR, whereas Eq. (3) computes the value of 

outlier (s) at the lower bound of IQR.   

𝑂𝑢𝑡𝑙𝑖𝑒𝑟𝑠𝑢𝑝𝑝𝑒𝑟𝑏𝑜𝑢𝑛𝑑 = 𝑄3 + 1.5 ∙ 𝐼𝑄𝑅                                      (2) 

𝑂𝑢𝑡𝑙𝑖𝑒𝑟𝑠𝑙𝑜𝑤𝑒𝑟𝑏𝑜𝑢𝑛𝑑 = 𝑄1 − 1.5 ∙ 𝐼𝑄𝑅                                      (3) 

Where, 1.5 represents a Multiplier in the IQR.  

These thresholds upper and/or lower bounds identify outliers that 

deviate by approximately 1.5 times the interquartile range (IQR) 

from the lower or upper quartiles. Accordingly, Fig 1. illustrates 

the lower and upper bounds used to detect outliers based on the 

IQR[14]. 

 

 

 

 

 

 
 

 

 

Fig 1. Interquartile range 

 

2.2. Cross Industry Standard Process for Data Mining 
(CRISP-DM) 

CRISP-DM is a freely available and widely used methodology in 

the field of data mining. It offers structured guidelines for the 

organized and transparent execution of projects by dividing all 

planned tasks into six interrelated phases. The latter phases are 1) 

Business Understanding – Defining project objectives and 

requirements from a business perspective ; 2) Data Understanding 

– Collecting and exploring data to identify quality issues and gain 

initial insights ; 3) Data Preparation – Cleaning, transforming, and 

organizing data for analysis ; 4) Modeling – Selecting and applying 

appropriate modeling techniques and tuning their parameters ; 5) 

Evaluation – Assessing the model's performance and ensuring it 

meets business goals ; and 6) Deployment – Implementing the 

model in a real-world setting for decision-making or process 

improvement. More details on the aforementioned phases can be 

found in [15][16][17][18][19]. Furthermore, CRISP-DM is the 

most widely used data mining methodology[20] and is broadly 

adopted across various industries[21]. It is also considered 

technology-neutral, industry-independent, and the de facto 

standard for data mining [15] .  

The survey of the current literature has not revealed any physical 

links between the CRISP-DM phases and the data or database. Fig 

2. shows the relationship between CRISP-DM phases and the 

database[16]. During the Modeling phase, data is processed and 

prepared to advance to the Evaluation phase. Similarly, data from 

the Evaluation phase is used to transition into the Deployment 

phase, where it is implemented and further populated. 

 

 

 

 

 

 

 

 

 

Fig 2. Data mining phases 

2.3. Related work on Data Mining in Tax Administration 

Tax administrations have a huge volume of taxpayer data. These 

data constitute a source of information especially for the audit 

department. Data mining makes it easier for tax administrations to 

manage these volumes of data. Indeed, data mining enables tax 

administrations not only to better analyze and predict data, but also 

to more effectively detect abnormal behavior [22]. The use of data 

science to which data mining belongs within tax administrations is 

not new. This mathematical and technical framework for 

interpreting reality of which statistics has historically been a major 

component is a key driver in the transformation of the modern state 

[23]. In the context of tax administration, artificial intelligence 

could be used to develop a multitude of functions such as data 

exploration commonly called data mining. Smart taxation has 

become an important development trend for tax collection and 

management in the future [7] . But [24] and [25] estimated that the 

key in combating and rectifying tax risk behaviors is accurate tax 

risk detection. Despite the studies concerning data mining in tax 

administration, it seems judicious to carry out work on the behavior 

of taxes and duties in relation to tax revenues in the event of 

anomalies and in the absence of these anomalies. This work, once 

carried out, will contribute to the decision support system of tax 

administrations. 

Existing studies on outlier detection using data mining, along with 
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related research in tax administration, provide a valuable 

foundation for conducting investigations in this domain —

particularly within the context of the Niger tax administration. To 

the best of our knowledge, there is currently no published research 

specifically addressing the application of data mining techniques 

for outlier detection in the Nigerien tax administration. 

3. Methodology 

The anomaly detection system for the Nigerien tax administration 

was developed using the CRISP-DM framework. To better align 

the methodology with the specific context of tax administration, 

certain phases of the original framework were renamed. For 

instance, the "Business Understanding" phase was adapted to "Tax 

Administration Understanding," and "Data Understanding" was 

revised to "Understanding Tax Data.  

3.1. Tax Administration Structure and Functioning 

The Niger tax administration was established on October 13, 1983. 

Niger, a sub-Saharan country, has an area of 1,267,000 km². The 

administration faces a significant staff shortage, as retiring 

employees are not being replaced. The tax administration is 

fragmented into many departments like the Headquarter. The 

Taxpayer departments are subdivised in term of the type of tax to 

those based on the type of taxpayer (medium or large). There is 

also the Audit department, Compliance and enquiry department, 

Legislation department. The Tax administration comprises also 

office branches in the regions and subregions. Besides all this these 

there is some support department like the Information Technology 

department, Human resource department or Planing and 

forecasting department. Tax administration plays a crucial role in 

enabling the government to implement its budgetary policy while 

ensuring the collection of tax revenues. However, the tax 

administration's database is not an unique or let’s an integrated 

database. The database comes from multiple sources, increasing 

the risk of errors during centralization and retrieval. 

3.2. Understanding Tax Data 

The research data consists of monthly tax records spanning from 

January 2019 to December 2022. This data was obtained from the 

Statistics Division, which is responsible for centralizing tax data 

within the administration. It includes all taxes actively managed by 

the Niger tax administration, which oversees a total of 61 different 

taxes. Tax collection may occur daily, weekly, or monthly, 

depending on the specific tax type. 

Niger’s tax system operates on a declarative basis. Some taxes, 

such as the communication tax, have been discontinued due to 

political decisions, while others particularly those related to the 

mining sector are inconsistently reported in the database. These 

taxes were excluded from the dataset used in this study. Table 1, 

structured in a spreadsheet format, summarizes the data collection 

process. 

Table 1. Typical data collection file 

 

 

 

 

 

 

 

 

 

It is important to clarify that the data presented in Table 1, while 

designed to reflect a typical and realistic data collection process, 

for the months of January 2019 and december 2022, were 

synthetically generated solely for the purposes of this research. 

Consequently, these data points do not represent any actual office, 

business, or corporate entity, and any resemblance to real-world 

data is purely coincidental. 

3.3. Preparation of Tax Data 

According to Vandenbergh et al. (2022), the principal sources of 

tax revenue in Niger are the Value Added Tax (VAT), the 

Individual Tax on Salaries (ITS), and the Business License Tax 

(ISB). These taxes play a critical role in national revenue 

generation and form the core focus of this study. The dataset 

employed for the analysis spans a four-year period, from January 

2019 to December 2022, providing a comprehensive temporal 

scope for evaluating tax trends and anomalies. The key input 

variables include monthly revenue figures for VAT, ITS, and ISB, 

along with total tax revenue. To improve interpretability and 

ensure consistency in the analysis, all monetary values were 

transformed into logarithmic form. This transformation aids in 

managing skewed distributions and stabilizing variance, thereby 

enhancing the robustness of statistical modeling techniques. The 

selected variables and preprocessing methods are aligned with best 

practices in fiscal data analysis and anomaly detection. 

3.4. Modeling technique 

To achieve the objectives of this study, a specific modeling 

technique along with a set of algorithms were proposed and 

utilized accordingly. Hence, the proposed modeling technique was 

the multiple linear regression and the algorithms were the 1) 

Boxplot and 2) Analysis of extreme values. The outliers are 

visualized using boxplot and the analysis of extreme values allows 

the removal of outliers. Equation (4) presents the multiple linear 

regression model utilized to establish a relation between Tax 

revenue and other taxes such as ITS, ISB, VAT, etc 

 

So 𝑌𝑖 = 𝛽0 + 𝛽1𝑋1𝑖 + 𝛽2𝑋2𝑖 + ⋯ + 𝛽𝑝𝑋𝑝𝑖 + 𝜀𝑖                   (4) 

 Where, β0 is a constant ; X represents explanatory variable and 

each explanatory variable has its own β coefficient from 1 through 

𝑝 ; i is a time series variable ; and ε represents an error term. 

It is also important to note that certain assumptions were made 

based on the hypothesis that the coefficients, β, for ISB, ITS, and 

VAT would be positive.  

3.5. Assessment and deployment of the model 

This study evaluates and deploys a tax forecasting model for the 

Nigerien tax administration, comparing datasets with and without 

outliers using the Ordinary Least Squares (OLS) method. Accurate 

outlier handling improves forecasting precision, with key taxes 

assessed at 1%, 5%, and 10% significance levels. The model is 

implemented in R Studio using Shiny for an interactive interface, 

and deployed with stakeholder agreement under strict data security 

protocols. 

 

3.5.1. Model Assessment 

The proposed model is evaluated through a detailed, step-by-step 

process to ensure alignment with the tax administration’s 

objectives. The assessment focuses on a comparative analysis 

between two datasets: one containing outliers and the other with 

outliers removed. The OLS regression algorithm is applied to both 

datasets to evaluate model accuracy in forecasting tax revenue. 

This comparison is essential for understanding the impact of data 

quality on predictive performance. Statistical significance levels of 

Period Tax revenue 

 

ISB … VAT ITS …

…

… 

January 

2019 

22335454577 2344455500  4444888211 9087777777  

………….       

       

December 

2022 

32335454597 2147455501  1344788210 5087737710  
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1%, 5%, and 10% are used to assess the influence of key tax 

variables — such as VAT, ITS, and ISB — on overall revenue 

generation. The results indicate that the presence of outliers 

negatively affects forecasting accuracy and leads to less reliable 

decision-making. The model that handles outliers effectively 

demonstrates improved performance, making it more suitable for 

use in fiscal planning. Therefore, careful outlier management is 

crucial in developing robust forecasting tools for tax 

administration. 

3.5.2. Model Deployment 

The model is deployed using R-Studio, utilizing the Shiny package 

— an open-source tool for building interactive web applications. 

Input variables are imported from a Microsoft Excel database and 

analyzed through a user-friendly interface that includes widgets 

such as text boxes, radio buttons, and drop-down menus. This 

interface allows stakeholders to interact with the model efficiently 

and visualize outputs in real time. The deployment process must 

be carried out in alignment with business objectives and requires 

formal approval from the tax administration. To ensure 

transparency and knowledge transfer, an experience document 

should be prepared, compiling reports and insights from all project 

contributors. Security is a critical component of the deployment 

phase. A comprehensive security framework must be 

implemented, including user authentication, access control, 

information classification, identification protocols, and audit trails. 

These measures are essential to safeguard sensitive fiscal data and 

ensure compliance with institutional policies and data governance 

standards. 

4. Results and discussion 

Recall: An outlier is an extreme value that significantly deviates 

from the overall distribution of a variable. The detection of outliers 

using the extreme values approach involves the following steps: 

first, determine the first quartile (Q1) using the formula 

QUARTILE(cell range, 1) and the third quartile (Q3) using 

QUARTILE(cell range, 3) for the variable of interest. Next, 

calculate the interquartile range (IQR), which represents the 

middle 50% spread of the data, as the difference between Q3 and 

Q1. Finally, the lower and upper bounds for identifying outliers are 

computed using standard formulas, as presented in Equations (2) 

and (3). 

The visualization of outlier through the boxplot algorithm, Figure 

3 shows three (03) outliers represented by a small circle which are 

three extreme values that deviate from the rest of data. Outliers 

have a significant impact on the performance and accuracy 

evaluation for the linear regression model. Outliers have a negative 

impact on tax revenue forecasting; the negative impact is evaluated 

during the execution of ordinary least square algorithm of the two 

dataset. These outliers can be caused by data entry error, tax 

calculation error, the declarative system of Niger tax 

administration. The ITS has one (01) outlier which is represented 

by a small circle at its upper bound and the VAT has (02) outliers. 

But the Tax revenue and ISB does not have outlier. The periods 

and the values or amounts corresponding to these outliers are going 

to be determined to allowed the top management to instruct the 

audit department to check the reasons of occurrence of the outliers. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.3. Graphical visualization of the initial database 

 

Table 2. Quartile of taxes 

 

 

 

 

 

 

 

 

 

Table 3. Distribution of outliers 

 

 

 

 

 

 

 

 

 

 

To remove the outlier, two taxes (VAT and ITS) draw the attention. 

Table 2 shows quartile representation for Tax revenue, ITS, VAT, 

ISB. These quartiles, i.e., the first and third quartile allow the 

calculation of the extreme values by the application of Eq. (1), Eq. 

(2), and Eq. (3), as seen in section 2.1 

 Proceeding first by manual calculation of outliers : 

4.1. Outliers calculation for ITS 

In the case of ITS, Q1= 22.30 and Q3=22.50, while applying Eq. 

(1) the IQR value is 0.2. Eq. (2) gives an upper bound of 22.8 and 

Eq. (3) gives a lower bound of 22. Any value(s) outside these 

bound (lower or upper) is considered as outlier. In the dataset, only 

the value 23.11 exceeds the expected range and is therefore 

considered an upper-bound outlier. 

4.2. Outliers calculation for VAT 

In the case of VAT, Q1= 23.19 and Q3=23.45, while applying Eq. 

(1) the IQR value is 0.26. Eq. (2) gives an upper bound of 23.84 

and Eq. (3) gives a lower bound of 22.8. Any value(s) outside these 

bound (lower upper) is considered as outlier. In the dataset, two 

(02) values which are 22.66 and 23.86 fall outside the expected 

range and are identified as outliers for VAT. The value 22.6 is 

under the lower bound (22.8) and 23.86 is higher than the upper 

bound (23.84). 

4.3. Outliers detection for ITS and VAT 

Table 3 shows the monthly amount of outliers for the taxes and the 

periods where the outliers occur. The values of outliers in Table 3 

were produced when running the extreme value algorithm in R-

 

Quartile Tax Revenue ISB ITS VAT 

1st quartile  24.34 22.44 22.30 23.19 

3rd quartile 24.66 23.30 22.50 23.45 

 

Period Taxes              Monthly amount 

June 2020 VAT                 22.66 

August 2021 ITS                   23.11 

December 2021 VAT                23.86 
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Studio. Rstudio gives the value of outliers and their corresponding 

period for Niger Tax Administration. The value 22.66 in log form 

corresponds to a VAT outlier recorded in June 2020, while 23.86 

in log form represents a VAT outlier recorded in December 2021. 

Additionally, the value 23.11 in log form corresponds to an ITS 

outlier recorded in August 2021. Due to the presence of outlier in 

Niger tax administration dataset, ITS represents 21.15% of the 

variations of the tax revenue where in the dataset without outlier 

ITS represents 28.03%. Again, in the dataset with outlier the VAT 

represents 16.07% of the variations of outliers where in the dataset 

without outliers it represents 18.3% of the variation of tax revenue. 

Without outliers ITS and VAT increase their influence to the tax 

revenue. Thus, outlier decrease the influence of ITS and VAT on 

tax revenue. 

It is important to note that all amounts presented on the x-axis in 

Figure 4 were expressed in logarithmic form to improve data 

normalization, reduce skewness, and enhance the accuracy of 

statistical analysis. Figure 4 presents the visualization of the 

database after removing outliers and applying the same boxplot 

algorithm. The Ordinary Least Squares (OLS) analysis indicates 

that, in the dataset containing outliers, 61.2% of the variation in tax 

revenue is explained by ISB, ITS, and VAT. In contrast, the dataset 

without outliers shows a higher explanatory power of 64.8%, 

highlighting improved model accuracy and significance. 

 

 

 

 

 

 

 

 

 

 

 

Fig.4. Database visualization without outliers (database after 

removing outliers) 

4.4. Proposed work 

Section 2.2 proposes the relationship or link between phases and 

the dataset (database) while other works show the link between 

phases only. 

The application of Eq. (5) gives the proposed linear regression 

model equation for the database without outlier as 

𝑇𝑎𝑥𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑖 =  −2.16 +  0.25𝐼𝑆𝐵𝑖 +  0.71𝐼𝑇𝑆𝑖 + 0.21𝑉𝐴𝑇𝑖  

+  𝜀𝑖                 (5) 

 

The intercept (or constant term), which represents the expected 

mean value of the response variable when all predictor variables 

are set to zero, is negative with a value of –2.16. This indicates that 

the regression line crosses the y-axis below zero, suggesting a 

baseline tax revenue deficit in the absence of the specified tax 

inputs. The regression coefficients for the tax variables are all 

positive: ISB = 0.25, ITS = 0.71, and VAT = 0.21. These values 

imply a positive relationship between each tax type and overall tax 

revenue — i.e., as ISB, ITS, and VAT increase, the total tax 

revenue also increases proportionally. Among them, ITS has the 

strongest influence on revenue. 

Figure 5 presents the flowchart of the proposed framework. It 

outlines the entire process, from the input of tax data to the dataset 

analysis, illustrating the structured steps required to ensure the 

model's effectiveness within the Nigerien tax administration. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5. Flowchart of the work 

5. Conclusion 

This study successfully consolidated disparate databases into a 

unified dataset, enabling a more comprehensive analysis of tax 

data in Niger. An anomaly detection system was developed to 

serve as a decision-support tool for the Nigerien tax administration, 

improving tax revenue forecasting and financial planning. Given 

the government's reliance on external aid to balance its budget, this 

system provides a data-driven approach to strengthening fiscal 

management. 

The research employed the CRISP-DM methodology alongside 

linear regression, boxplot analysis, and the interquartile range 

(IQR) method to detect and remove anomalies. The results 

demonstrate that eliminating outliers enhances the accuracy and 

efficiency of tax data analysis. 

A key finding of this study is the significant impact of accurate 

data processing on revenue predictions. In the cleaned dataset, key 

tax variables are 1. Value Added Tax (VAT), 2. Individual Tax on 

Salary (ITS), and 3. Business Income Tax (ISB) accounted for 

64.8% of the variance in tax revenue. In contrast, in the dataset 

with anomalies, these variables explained only 61.2% of the 

variance. This underscores the importance of anomaly detection in 

ensuring reliable fiscal data. 

By integrating advanced data analytics into tax administration, 

Niger can improve revenue collection, reduce reliance on external 

funding, and enhance overall financial stability. Further research 

could explore additional machine learning techniques to refine 

anomaly detection and optimize tax revenue forecasting. 
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