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Abstract  

This article proposes a conceptual and strategic overhaul of the decision-making system of the financial 

authorities of the Democratic Republic of Congo (DGI, DGDA, and DGRAD) within a context marked 

by the fragmentation of tax data, the inefficiency of traditional control mechanisms, information 

asymmetries, and difficulties in institutional coordination. Addressing the limitations of classical 

approaches to financial governance, this research develops a hybrid decision-making model integrating 

artificial intelligence and game theory techniques to improve the performance of public tax 

administrations. 
 

Fuzzy C- Means (FCM) clustering algorithm and Nash equilibrium to design an intelligent system capable 

of segmenting taxpayers in an environment characterized by uncertainty, imprecision, and variability in 

tax behavior. Fuzzy clustering allows taxpayers to be classified according to multiple degrees of 

membership, thus offering a more realistic representation of tax risk profiles and compliance levels. In 

parallel, Nash equilibrium is used to model the strategic interactions between different tax authorities in 

order to optimize mechanisms for cooperation, information sharing, and collective decision-making. 
 

The methodology relies on a conceptual model of the system, a mathematical formalization of the 

segmentation and coordination mechanisms, and an analytical simulation to evaluate the performance of 

the proposed model. The results show that a fuzzy risk-based approach significantly improves the 

identification of high-risk taxpayers, reduces tax harassment related to redundant audits, and promotes a 

better allocation of administrative resources. Furthermore, the integration of the Nash equilibrium allows 

for the transformation of situations of institutional competition into cooperative strategies that maximize 

social surplus, decision-making efficiency, and public revenue. 
 

This research represents a scientific contribution at the intersection of artificial intelligence, intelligent 

decision-making systems, game theory, and digital financial governance. It also opens up important 

perspectives for modernizing tax administrations in emerging economies through the use of hybrid 

approaches based on AI and strategic optimization. 
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I. Introduction 
 

In modern economies, the performance of tax administrations is a strategic lever for economic 

development, public governance, and the financing of government policies. The ability of revenue 

collection agencies to effectively mobilize public revenue directly influences fiscal stability, the quality 

of public services, and government investment capacity. However, in many developing countries, and 

particularly in the Democratic Republic of Congo (DRC), tax systems continue to face numerous structural 

challenges related to ineffective control mechanisms, economic informality, information asymmetry, and 

weak institutional coordination among revenue collection agencies. 
 

In the DRC, despite considerable tax potential, the actual level of revenue collection remains relatively 

low compared to the country's economic capacity. This situation is largely due to the functional 

fragmentation of the main revenue collection agencies, namely the General Directorate of Taxes (DGI), 

the General Directorate of Customs and Excise (DGDA), and the General Directorate of Administrative, 

Judicial, State Property, and Equity Revenue (DGRAD). These institutions often operate in silos, with 

heterogeneous information systems and limited sharing of tax data. This lack of interconnectivity fosters 

redundant audits of certain taxpayers, tax harassment, jurisdictional conflicts, and the existence of tax 

havens. 
 

Furthermore, the growth in the volume of administrative and financial data generated daily by economic 

activities opens new perspectives for the use of artificial intelligence technologies in tax governance 

systems. Traditional approaches to taxpayer segmentation and tax audits are now showing their limitations 

in the face of the complexity of economic behavior, data uncertainty, and the multiplicity of risk profiles. 

In this context, fuzzy clustering techniques appear as particularly well-suited tools for analyzing uncertain 

and imprecise environments, enabling the flexible classification of taxpayers according to varying degrees 

of membership in tax risk categories. 
 

In parallel, the interactions between revenue authorities can be analyzed from a game theory perspective, 

particularly through the concept of Nash equilibrium. Indeed, each authority adopts decision-making 

strategies aimed at maximizing its own revenue collection objectives, sometimes at the expense of the 

overall coordination of the tax system. Integrating game theory into an intelligent decision-making system 

thus makes it possible to model the strategic behaviors of institutional actors in order to identify optimal 

cooperation mechanisms and reduce decision-making conflicts. 
 

It is within this perspective that the present research is situated, the central problem of which is the 

following: 
 

– How can the integration of fuzzy clustering and game theory enable the financial authorities of the 

Democratic Republic of Congo to transform heterogeneous tax data into intelligent, coordinated and 

optimized recovery strategies? 

To address this issue, this study proposes a hybrid conceptual model combining the Fuzzy C- Means 

(FCM) algorithm and Nash Equilibrium within the framework of an intelligent decision-making system 

applied to the financial management of the DRC. 
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The proposed model is based on two fundamental mechanisms: 
 

– Fuzzy C - Means clustering , used to segment taxpayers according to dynamic and imprecise risk 

profiles based on multiple degrees of membership ; 
 

– The Nash equilibrium, used to model strategic interactions between financial authorities in order 

to identify cooperation strategies that maximize public revenue while minimizing institutional conflicts 

and administrative interference. 
 

The main objective of this research is to contribute to the modernization of the Congolese tax decision-

making system through the integration of artificial intelligence, data analysis, and strategic optimization 

approaches. This study lies at the intersection of intelligent decision-making systems, game theory, applied 

artificial intelligence, and the digital governance of public administrations. 
 

2. Research Objectives 
 

The main objective of this research is to design an intelligent conceptual decision-support model for the 

financial authorities of the Democratic Republic of Congo, integrating fuzzy clustering techniques and 

strategic coordination mechanisms from game theory. This model aims to improve the efficiency of tax 

governance, optimize controls, and enhance institutional coordination among financial administrations. 

Specifically, this study pursues the following objectives: 

– design a centralized decision-making architecture enabling the integration and consolidation of tax 

data from different financial authorities through a Data Lake type environment in order to build a unified 

and consistent view of the taxpayer; 

– develop an intelligent taxpayer segmentation mechanism based on the Fuzzy C- Means (FCM) 

algorithm, capable of identifying tax risk profiles from multiple degrees of membership in an environment 

characterized by data uncertainty and imprecision; 

– develop a dynamic tax risk assessment system to detect taxpayers with a high probability of tax 

fraud, evasion or non-compliance; 

– modeling the strategic interactions between the financial authorities (DGI, DGDA and DGRAD) 

using non-cooperative game theory in order to identify optimal decision-making strategies based on the 

Nash Equilibrium; 

– optimize tax control and collection mechanisms by reducing administrative overlaps, institutional 

conflicts and tax harassment of taxpayers; 

– improve coordination, information sharing and operational efficiency of financial authorities in the 

process of mobilizing public revenue; 

– to propose a mathematical, analytical and technological framework that can serve as a basis for the 

future development of an intelligent decision-making system applied to digital fiscal governance in the 

Democratic Republic of Congo. 

 

3. State of the Art and Related Works 

3.1. Big Data and Artificial Intelligence in Public Administration 
 

The work of Han, Kamber, and Pei (2012) on data mining forms the technical basis of this study. The use 

of distributed architectures such as Apache Spark , documented by Zaharia et al. (2016), makes it possible 

http://www.ijfmr.com/
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to process the massive volumes of tax transactions (VAT, customs) that traditional systems can no longer 

handle in the DRC. 
 

3.2. Fuzzy Logic and Uncertainty Management. 
 

The originality of this model lies in the application of Zadeh 's (1965) "Fuzzy Sets." In developing 

economies, the boundary between the formal and informal sectors is porous. Xu and Wunsch (2005) 

demonstrated that Fuzzy C- Means (FCM) outperforms rigid algorithms ( KMeans ) when it comes to 

modeling ambiguous human behaviors, such as partial tax compliance. 
 

3.3. Game Theory and Fiscal Governance. 
 

The coordination dilemma between the DGI, the DGDA, and the DGRAD is a classic example of game 

theory. Drawing on Osborne (2004), this article proposes moving beyond the "Prisoner's Dilemma" (where 

each agency maximizes its own gain at the expense of the state) to reach a socially optimal Nash 

equilibrium through information sharing. 
 
 

Table 1: Positioning of Research (DRC) 

Author / Works Approach 
Limitations addressed by this 

model 

Current Systems 

(DRC) 

Simple 

declaration / 

Random audit 

Information asymmetry, 

corruption, harassment. 

Han et al. (2012) 
Classic Data 

Mining 

Integration of the "Fuzzy" 

dimension for informality. 

This Model 

 

Hybrid: FCM + 

Nash 

Inter-agency coordination and 

granular segmentation. 

 

4 Methodological Synthesis 

The transition from theoretical work to practice occurs via the following pipeline: 

Data Collection ( Hadoop ) → Data Cleaning ( Hive ) → Data Segmentation (FCM) → Data Optimization 

(Nash) → Data Decision (Ministerial Dashboard/Power BI). This approach directly addresses the 

recommendations of the Central Bank of Congo (2025) regarding the digitalization of public finances. 
 

Table 2: Summary of Scientific Positioning 

Domain Key reference Contribution of the article 

data mining Han et al. (2012) 
application to the DRC 's fiscal 

data lake 

fuzzy logic zadeh (1965) 
modeling informality as a " 

degree of belonging" 

game theory nash / osborne (2004) 
conflict resolution dgi-dgda - 

dgrad 
 

 

5 Contribution and Justification for the Choice of the FCM-Nash Hybrid Model. 

The hybrid model presented offers a robust scientific solution to the fiscal coordination challenges 

encountered in the DRC. 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com    ●   Email: editor@ijfmr.com 

 

IJFMR260583127 Volume 8, Issue 5, September-October 2026 5 

 

– Fuzzy C- Means Segmentation : The implementation of the FCM algorithm captures the complexity of the 

informal sector and precisely targets "Tax Potential." Each taxpayer is assigned degrees of membership in different 

segments, accurately reflecting the reality of their tax-paying behavior. 

– Nash equilibrium: This formal framework reduces jurisdictional conflicts between the various agencies 

(DGI, DGDA, DGRAD). Revenue optimization does not result from maximum aggression by each actor, but from 

a balanced distribution of control efforts to minimize administrative interference. 

– Flexibility of Mixed Strategies: Unlike traditional approaches, the use of mixed strategies makes it possible 

to capture the uncertainty and decision-making flexibility inherent in financial management. 

– The choice of this model in the governance of public revenue is justified as follows: 

– Regarding the choice of "Fuzzy" : in the DRC economy, nothing is black or white. "Fuzzy" allows us to 

model the reality of the informal sector, which classical K- means ignores. 

– On Nash Equilibrium: Let's clarify that we are not changing the laws, but we are changing the 

administration's strategy to make it rational and coordinated. - On technology: PySpark - hive takes into account 

the scalability and interoperability of data: the system is ready to process millions of customs and tax transactions. 
 

6. Data Structure  
 

For such a system in the DRC, it is difficult to find a ready-made public dataset containing real data from 

the DGI (General Directorate of Taxes) or the DGDA (General Directorate of Customs and Excise) due 

to tax confidentiality reasons. However, to build our proof of concept ( PoC ), we used a synthetic dataset 

and an open-source data collection structure that mimics the behavior of revenue authorities. 
 

Here are the essential variables that our dataset must contain to make Fuzzy Clustering and the Nash 

Model work: 
 

1. Dataset Structure ( Features per Taxpayer) 
 

For the PySpark algorithm to be able to segment, each row must represent a taxpayer (or customs entity) 

with the following columns: 
 

Category  Variable( feature ) Description 

Identify Taxpayer ID  Unique key (Tax number) 

Tax Amount Declared Revenue reported for the financial 

year 

Tax Amount Paid Amount actually received by the 

Public Treasury 

Behavior Payment_Delay  Actual amount received by the 

public treasury 

Historical Number of _ 

Rectifications 

Number of adjustments made 

during an audit 

Sector Activity_Code  Sector of activity ( mining, telecom 

, commerce...) 

location Province_DP  Provincial Directorate of Affiliation 

 

2. Data sources for the DRC 
 

Since we do not have direct access to the Isys -Régies or Logirad servers , contextual data is retrieved: 

http://www.ijfmr.com/
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- EITI-DRC (Extractive Industries Transparency Initiative) reports: They publish detailed Excel 

files on payments made by each mining company to the DGI, DGDA, and DGRAD. This is the richest 

source for the mining sector. [18] 

- DRC Open Data Portal: Sometimes, statistics by sector and by province are available, although 

often aggregated. [17] 

- Statistics from the Central Bank of Congo (BCC): Useful for correlating clusters with real 

economic activity (sectoral GDP). [15] 

- Kaggle data on taxRix  
 

3. Generating a Test Dataset ( PySpark Code ) 
 

To test our Nash model immediately, we generated simulated data reflecting the three profiles (Partner, 

Undecided, Refractory) with 1,000,000 taxpayers. 
  

4. Fuzzy Segmentation of the Taxpayer (Input) 
 

Instead of rigid categories, each taxpayer is defined by a membership vector of three typical profiles, 

calculated by your PySpark engine : 
 

- The Partner (C 1 ): Compliant, pays on time, minor errors (often large companies). 

- The Indecisive (C 2 ): Late payments, sometimes incomplete declarations, sensitive to penalties. 

- The Refractory (C 3 ): High-risk profile, willful omissions, informal or opaque sectors. 
 

5. Advantages for Public Authorities in the DRC 
 

- Resource optimization: We no longer control everyone in the same way. We concentrate inspectors 

(a scarce resource) on profiles where the gain in Nash equilibrium is highest. 

- Reducing corruption: By automating risk scoring via PySpark , we limit the discretionary power 

of agents, which is a pillar of governance change. 

- Revenue predictability: The model allows us to simulate how an increase in penalties (change in 

state strategy) will impact taxpayer behavior. 
  

7. Fuzzy SEGMENTATION MODEL (FCM) 
 

The model processes the data via the FCM algorithm to minimize the intra-cluster distance while allowing 

multiple membership. [06] 

Either   i = 1, 2, ... , n : the taxpayers, K = 1, 2, ..., K: the segments, We note : 𝛴𝑖=1
𝐾 𝑢𝑖𝑘  = 1  ∀ 𝑖 

7.1. Objective Function. 
 

Segmentation can be modeled by the objective function of the fuzzy C- means . The FCM algorithm 

minimizes the following objective function: [05] 
 

  
Or :     

- 𝑋 𝑖 → 𝑉𝑒𝑐𝑡𝑒𝑢𝑟 𝑑𝑒𝑠 𝑐𝑎𝑟𝑎𝑐𝑡 é 𝑟𝑖𝑠𝑡𝑖𝑞𝑢𝑒𝑠 𝑑𝑢 𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑎𝑏𝑙𝑒𝑠 i  

- u ij  → 𝐷𝑒𝑔𝑟 é 𝑑 ′ 𝑎𝑝𝑝𝑎𝑟𝑡𝑒𝑛𝑎𝑛𝑐𝑒 𝑑𝑢 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑎𝑏𝑙𝑒 i 𝑎𝑢 𝑐𝑙𝑢𝑡𝑒𝑟 𝑘 .  

- m 𝑒𝑡 𝑙𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑟𝑒 de 𝑓𝑙𝑜𝑢 ( 𝑚 > 1), 𝑝𝑙𝑢𝑠 m 𝑒𝑠𝑡 𝑒𝑙𝑒𝑣 é 𝑝𝑢𝑠 𝑙𝑒𝑠 𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠 𝑠𝑜𝑛𝑡 𝑓𝑙𝑜𝑢𝑠 .  

- 𝐶 𝐾 → 𝐶𝑒𝑛𝑡𝑟𝑒 𝑑𝑢 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 k   

- ‖ 𝑋 𝑖 − 𝑉 𝑗 ‖ 
2 = 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑒𝑢𝑐𝑙𝑢𝑑𝑒𝑛𝑛𝑒 entere 𝑙𝑒 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑎𝑏𝑙𝑒 𝑒𝑡 𝑙𝑒 𝑐𝑒𝑛𝑡𝑟𝑒 𝑑𝑢 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 .  

 

The constraint is that the sum of memberships for an individual must equal 1: 

http://www.ijfmr.com/
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𝛴𝑗=1
𝑐 𝑢𝑖𝑗  = 1  ∀𝑖that is to say each taxpayer defines 100% of their membership in three clusters. 

 

7.2. Key Performance Indicators (KPIs) 
 

The system relies on indicators that allow management to monitor the financial health of the State [07]:  
 

Key indicator Usefulness for management 

- Assignment completion rate 

- Tax gap 

- Cost of collection 

- Anomaly score per taxpayer 

- Detect suspicious statements 

using filtering algorithms  

- Compare actual revenues to 

forecasts 

- Identify the difference between 

tax due and tax collected 

- Evaluate how much the collar 

costs 
  

7.3. Mathematical Steps of the Algorithm 
 

Step 1 : Data preparation and normalization. 
 

Before the decision, each tax authority has a vague segmentation of taxpayers. 

We have a data matrix𝑋 = { 𝑋1  , 𝑋2  , … . . 𝑋𝑁  }    

Where each taxpayer is represented by:𝑋𝑖  = { 𝑋𝑖1  , 𝑋𝑖2  , … . . 𝑋𝑖𝑝  }   ∀𝑖 ∈ 𝑘   

With : 

- 𝑁 = nombre des contriuables 

- 𝑝 = variables explicatives  

- 𝑖 = 1 …, N: the taxpayer 

- 𝑘 = 1, … 𝑘 ∶  nombre des segments (cluster) 

𝑋𝑖  Contains: amount paid , payment frequency, arrears, litigation, compliance, sector of activity, location, 

risk score. 
 

The variables must be normalized because they do not have the same scale: 
 

min-max normalization 
 

𝑋′𝑖𝐾  =
𝑋𝑖𝑘  −min(𝑋𝑖𝑘 )

max(𝑋𝑘 )− min(𝑋𝑘)
   Or : 𝑋𝑖𝑘  = Valeur brute,    𝑋′𝑖𝑘  = normalized value between 0 and 1. Very 

important to prevent one variable from dominating the other variables. 
 

Step 2 : The Degree of Membership Matrix (U) 
 

Clustering ( FCM ) produces a matrix U of dimension N x C (N taxpayers, C clusters). 

Contrary to binary logic, each taxpayer i has a hybrid profile. 
 

U = [u ik ], where 0 ≤ u ik  ≤ 1 and Σ u ik = 1 

• Initializing the fuzzy center 

- Choose k segments (k=3) 

- C= {𝑐1  , 𝑐2, 𝑐3} 

- Randomly initialize the matrix U: 𝑼(𝟎) = [ 𝒖𝒊𝒌
(𝟎)]

𝒊  
         𝒂𝒗𝒆𝒄   𝒖𝒊𝒌 ∈ [𝟎, 𝟏]   𝒆𝒕   ∑ 𝒖𝒊𝒌

(𝟎) = 𝟏𝑲
𝒌=𝟏  

 

 𝑈 =  ℝ𝑁𝑥𝐶: 
 

- Each line  →represents one taxpayer 

- Each column is →a cluster 

http://www.ijfmr.com/
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Table 3: Example of a Membership Degree Matrix 

Taxpayer 

(ID) 

Cluster 1 

(Compliant) 

Cluster 2 (Area  

(Grey) 

Cluster 3 (Top 

Risk) 
Dominant Profile 

CTB-001 0.85 0.10 0.05 Compliant (Safe) 

CTB-002 0.20 0.65 0.15 
Ambiguous (To be 

monitored) 

CTB-003 0.02 0.08 0.90 
Probable Fraud 

(Audit) 

 

The Transition from FCM to Nash Equilibrium The transition between AI (FCM) and Game Theory 

(Nash) is achieved by transforming the degree of membership into a risk parameter θ (theta) which defines 

the  “Payoff” (gain) of the financial management. 
 

The risk-weighted average of taxpayer i is calculated as follows: 
 

Step 3 : Update (Cluster center calculation) 

At iteration t: 𝑉𝑘
(𝑡) =  

∑ (𝑢
𝑖𝑘
(𝑡)

)𝑚 𝑥𝑖  
𝑛
𝑖=1 

∑ (𝑢
𝑖𝑘
(𝑡)

)𝑚 𝑛
𝑖=1 

where𝑚 ≥ 1 = coefficient flou ( souvent = 2) 

Taxpayers with a strong cluster affiliation have a greater influence on its center. 

Step 4 : Calculating distances 

For each taxpayer 𝑖and cluster 𝑗, we calculate:𝑑𝑖𝑗 =  ‖ 𝑋𝑖 − 𝑉𝑗 ‖  

Often with Euclidean distance:𝑑𝑖𝑗 =  √∑    (𝑥𝑖𝑘 − 𝑣𝑘 )2𝑝
𝑘=1  

Step 5 : Updating membership degree 

The matrix is updated by: 𝑢𝑖𝑗
(𝑡+1) =  

1

∑ (
𝑑𝑖𝑗 
𝑑𝑖𝑘 

)
2

𝑚−1𝑐
𝑘=1

If a taxpayer is close to a cluster, their degree of belonging 

to that cluster increases. 
 

Step 6 Convergence test / FCM stopping criterion 
 

We compare the successive matrices :‖𝑈𝑘
(𝑡+1) −  𝑈𝑘

(𝑡)‖  ≤ 𝜖1 

- If true, the algorithm will stop 

- If not, we return to step 3. 
 

8. Modeling Strategic Interaction (Nash Equilibrium) 
 

The modeling of the strategic interaction between the three financial authorities (DGI, DGDA, DGRAD) 

is based on a non-cooperative game where the gains ( payoffs ) are directly fueled by the results of fuzzy 

clustering . 
 

Here are the constituent elements of the 3D payoff matrix as defined in our work: 

 
 

8.1. The Transition from FCM to Nash Equilibrium 
 

The transition between AI (FCM) and Game Theory (Nash) occurs through the transformation of the 

degree of membership into a risk parameter θ (theta) which defines the " Payoff " (gain) of the financial 

management system. For each management system r, a strategic index of fiscal potential is calculated [24]: 
 

 𝜽𝒓 = ∑  𝒏
𝒌=𝟏 ∑  𝒖𝒊𝒌  

𝑲
𝒌=𝟏 𝜶𝒓𝒌  𝒗𝒊   

http://www.ijfmr.com/
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Or : 

- 𝜃𝑟 = potentiel global explotabe 

- 𝑢𝑖𝑘  = degré d′appartenancede contribuable i au segment k 

- 𝛼𝑟𝑘  = importance strategique du segment k pour la regie r. 

- 𝑣𝑖 = valeur fiscale /economique du contribuable. 
 

8.2. The Three-Dimensional Strategic Space 
 

To simplify and make the model robust: we define for each management system 𝑟,a three-dimensional 

strategy  𝑆𝑟  representing the allocation of its resources: 
 

𝑆𝑟  = ( 𝐶𝑟  , 𝑞𝑟 , 𝑑𝑟  ) Or :  

- 𝐶𝑟  = 𝑒𝑓𝑓𝑜𝑟𝑡 𝑑𝑒 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑒 𝑓𝑖𝑠𝑐𝑎𝑙/𝑑𝑜𝑢𝑎𝑛𝑖𝑒𝑟 

- 𝑞
𝑟  

= 𝑒𝑓𝑓𝑜𝑟𝑡 𝑑𝑒 𝑟𝑒𝑐𝑜𝑢𝑣𝑟𝑒𝑚𝑒𝑛𝑡  

- 𝑑𝑟  = 𝑒𝑓𝑓𝑜𝑟𝑡 𝑑𝑒 𝑑𝑖𝑔𝑖𝑡𝑎𝑙𝑖𝑠𝑎𝑡𝑖𝑜𝑛 𝑖𝑛𝑡𝑒𝑙𝑙𝑖𝑔𝑒𝑛𝑐𝑒 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑛𝑒𝑙𝑙𝑒  
 

Given the budget constraint: 
 

𝐶𝑟  + 𝑞𝑟  +  𝑑𝑟   ≤  𝛽𝑟        𝐶𝑟  + 𝑞𝑟  +  𝑑𝑟   ≥ 0   where : 𝛽𝑟  = 𝑏𝑢𝑏𝑔𝑒𝑡/total capacity of the control 

room𝑟  
 

8.3. Non-cooperative interactions between agencies. 
 

The agencies interact: 

- Overlap of actions 

- Pressure on the same targets 

- Budget competition 

- Imperfect coordination 

We model:𝐼𝑟(𝑆𝑟  ,𝑆−𝑟) = ∑ 𝛽𝑟𝑗  (𝐶𝑟  𝐶𝑗  + 𝑞𝑟  𝑞𝑗  + 𝑑𝑟  𝑑𝑗    
)𝑗≠𝑟  

Or :𝛽𝑟𝑗  = 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡é 𝑑𝑒 𝑙′𝑖𝑛𝑡𝑒𝑟𝑑𝑒𝑝𝑒𝑛𝑑𝑎𝑛𝑐𝑒 𝑒𝑛𝑡𝑟𝑒 𝑟𝑒𝑔𝑖𝑒 𝑟 𝑒𝑡 𝑗. 
 

8.4. Payoff Function (Utility) 
 

payoff matrix for a management company r is calculated according to the following utility function: 

𝑼𝒓(𝑺𝒓  ,𝑺−𝒓) = 𝜽𝒓  (ƛ𝟏  𝑪𝒓  + ƛ𝟐   𝒒𝒓  + ƛ𝟑  𝒅𝒓    
) −

𝟏

𝟐
 (𝒂𝒓  𝑪𝒓

𝟐 +  𝒃𝒓  𝒒𝒓
𝟐 + 𝒈𝒓  𝒅𝒓

𝟐
   )

+ ∑ 𝜷𝒓𝒋  (𝑪𝒓  𝑪𝒋  + 𝒒𝒓  𝒒𝒋  + 𝒅𝒓  𝒅𝒋  )   
𝒋≠𝒓

 

Under duress: 

𝐶𝑟  + 𝑞𝑟  +  𝑑𝑟   ≤  𝛽𝑟               𝐶𝑟  + 𝑞𝑟  +  𝑑𝑟   ≥ 0    

By temporarily neglecting the active budget constraint, the first-order conditions Υ give: 

✓ For𝑪𝒓 : 
𝝏𝑼𝒓 

𝝏𝑪𝒓 
= 𝜽𝒓 ƛ𝟏  −  𝒂𝒓 𝑪𝒓  + ∑ 𝜷𝒓𝒋  𝑪𝒋  = 𝟎𝒋≠𝒓 , SO :𝑪𝒓

∗ = 
𝜽𝒓 ƛ𝟏  +∑ 𝜷𝒓𝒋  𝑪𝒋  𝒋≠𝒓

𝒂𝒓 
 

✓ For𝒒
𝒓
 : 

𝝏𝑼𝒓 

𝝏𝒒𝒓 
= 𝜽𝒓 ƛ𝟏  −  𝒃𝒓 𝒒𝒓  

+ ∑ 𝜷𝒓𝒋  𝒒𝒋  
= 𝟎𝒋≠𝒓 , SO :𝒒

𝒓
∗ =  

𝜽𝒓 ƛ𝟏  + ∑ 𝜷𝒓𝒋  𝒒𝒋  𝒋≠𝒓

𝒃𝒓 
 

✓ For 𝒅𝒓:
𝝏𝑼𝒓 

𝝏𝒅𝒓 
= 𝜽𝒓 ƛ𝟏  − 𝒈

𝒓 
𝒅𝒓  + ∑ 𝜷𝒓𝒋  𝒅𝒋  = 𝟎𝒋≠𝒓   ,SO :𝒅𝒓

∗ =  
𝜽𝒓 ƛ𝟏  + ∑ 𝜷𝒓𝒋  𝒅𝒋  𝒋≠𝒓

𝒈𝒓 

 

Global version: 
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𝑼𝒓(𝒆𝒓  ,𝒆−𝒓) = 𝜽𝒓  𝒆𝒓  , −
𝜸𝒓

𝟐
 𝒆𝒓

𝟐 + ∑ 𝜷𝒓𝒋  𝒆𝒓  ,𝑪𝒋  
𝒋≠𝒓

 

𝑒: overall effort with: 𝜃𝑟 = ∑  𝑛
𝑖=1 ∑  𝑢𝑖𝑘  

𝐾
𝑘=1 𝛼𝑟𝑘  𝑣𝑖  and𝑒𝑟

∗ =  
𝜃𝑟 +∑ 𝛽𝑟𝑗  𝑒𝑗  𝑗≠𝑟

𝛾𝑟 
 

This formula incorporates three major components: 
 

- Expected gain: The segmented tax potential multiplied by the effort provided. 

- Internal cost: The disutility linked to the intensity of the effort (modeled in a quadratic way). 

- Strategic interference ( 𝛽rj ): The effect of synergy or overlap with the decisions of other 

governments j. 
 

8.5. Structure of the Discrete Payoff Matrix 
 

To illustrate the Nash equilibrium, the article defines three levels of finite strategies per rule: 

- A (Aggressive): Intensive recovery and systematic targeting. 

- M (Moderate): Awareness and support for taxpayers. 

- P (Prudent): Passive approach favoring digital interconnection. 
 

5.1. Game Definition 
 

In our context: 

- The players are the financial authorities 

- Each agency chooses a strategy for managing its resources 

- This strategy depends on the taxpayer segments resulting from fuzzy clustering 

- The agencies pursue their own objectives (revenue, collection, compliance, efficiency) 

- Their decision is interdependent. 
 

The game is defined by G = [N, S, U]: 
 

- N: The players (DGI, DGDA, DGRAD). 

- S: The strategic space (levels of control, recovery, digital). 

- U: The utility function ( Payoff ), where the gain is a function of the segmented fiscal potential less 

control costs and interferences. 
 

The goal of the model is to find a Nash equilibrium, that is, a stable state where no governing body has an 

incentive to change its strategy on its own [05]. It is a model of a non-cooperative strategic game driven 

by fuzzy indicators. 
 

5.2. Pay Off Matrix 
 

generic ∏𝑟payoff is defined as : = Expected Gain – Cost +/- Interference (synergy) 

In our model, the game being non-cooperative, the synergy is additive, unlike the classic economic model. 

• Parameters derived from fuzzy clustering 

Let's assume four segments (clusters) 

- 𝐶 = 𝑓𝑜𝑟/𝑐𝑜𝑛𝑓𝑜𝑚𝑒  ,    𝐶2  = à  𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑒𝑙,      𝐶3  = à 𝑟𝑖𝑠𝑞𝑢𝑒  

For each taxpayer , 𝑖 the potential tax liability is calculated for each tax authority :𝑟  

𝜃𝑟 = ∑  𝑛
𝑖=1 ∑  𝑢𝑖𝑘  

𝐾
𝑘=1 𝛼𝑟𝑘  𝑣𝑖  ,𝑢𝑖𝑘 ∈ [0,1], ∑  𝑢𝑖𝑘  

𝐾
𝑘=1 = 0   , 

 

Or : 

- 𝜃𝑟 = potentiel global explotabe 

- 𝑢𝑖𝑘  = degré d′appartenancede contribuable i au segment k 

http://www.ijfmr.com/
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- 𝛼𝑟𝑘  = importance strategique du segment k pour la regie r. 

- 𝑣𝑖 = valeu fiscale du contribuable i 
 

• Discreet payoff function 
 

For each management team 𝑟, 

We define:∏𝑟(𝑥𝑟  ,𝑥−𝑟) = 𝜃𝑟  𝑥𝑟  , −
𝛾𝑟  

2
 𝑥𝑟

2 + ∑ 𝛽𝑟𝑗  𝑥𝑟  ,𝐶𝑗  𝑗≠𝑟  

Or : 

- 𝜃𝑟  = potentiel fiscal flou 

- 𝛾𝑟  = coùt interne d′intensité 

- 𝛽𝑟𝑗  = interference strategique. 

FCM provides the proportion of taxpayers: 

- The Partner ( 𝑃1): Compliant, pays on time, minor errors (often large companies). 

- The Indecisive One ( 𝑃2) : Late payments, sometimes incomplete declarations, sensitive to 

penalties. 

- The Refractory ( 𝑃3): High-risk profile, deliberate omissions, informal or opaque sectors.  

Then 𝑃1  + 𝑃2  + 𝑃3 = 1   , these proportions come into play in the gain function. 

                   𝑃𝑟  =  
1

𝑁
∑  𝑢𝑖𝑟  ,   

𝑁
𝑖=1  𝑃𝑟  = 𝑝𝑜𝑖𝑑𝑠 𝑔𝑙𝑜𝑏𝑎𝑙 𝑑𝑒𝑠 𝑐𝑜𝑛𝑡𝑟𝑖𝑢𝑎𝑏𝑙𝑒𝑠 𝑖 . 

𝐶𝑒 𝑠𝑜𝑛𝑡 𝑐𝑒𝑠  𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑞𝑢𝑖 𝑎𝑙𝑖𝑚𝑒𝑛𝑡𝑒𝑛𝑡 𝑙𝑒 𝑗𝑒𝑢 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑢𝑒 
 

5.3. NASH model stage 
 

1. Definition of Nash equilibrium 
 

A strategy profile: s* = ( 𝑠1
∗, 𝑠2

∗, 𝑠3
∗ ) is a suitable Nash equilibrium if: 𝑈𝑟  ( 𝑠𝑟

∗, 𝑠−𝑟
∗ ) ≥ 𝑈𝑟  ( 𝑠𝑟  , 𝑠−𝑟

∗ )   

 for all 𝑠𝑟  ∈ 𝑆𝑟  ∀ 𝑟 ∈ 𝑁[06] 
 

Interpretation: no agency can single-handedly improve its performance by unilaterally modifying: its level 

of control, its collection efforts, its digital investment. 

Given the decisions already made by others. 

1) Detailed step of the Nash model 

Step 1 : Initializing strategies. 

Initialize for each control unit: 𝑒𝑟
(0)

> 0 𝑜𝑢 𝑑𝑎𝑛𝑠 𝑠𝑎 𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝑣𝑒𝑐𝑡𝑜𝑟𝑖𝑒𝑙𝑙𝑒 (𝐶𝑟
(0)

, 𝑞𝑟
(0)

, 𝑑𝑟
(0)

) 

Step 2 : Update by BR ( Best Response Match ) 

We define : 𝐵𝑅𝑖  ( 𝑥−𝑖  ) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑥𝑖∈∆(𝑆𝑖 )  𝑈𝑖  (𝑥𝑖  , 𝑥−𝑖  ) , the profile 𝑥∗is a Nash equilibrium if: 𝑥𝑖
∗ ∈

𝐵𝑅𝑖  ( 𝑥−𝑖
∗ ), ∀𝑖 ∈ 𝑁For the simple version:𝑒𝑟

(𝑡+1) = max(0 , 𝑚𝑖𝑛 (𝐵𝑟 , 𝜃𝑟 − ∑ 𝛽𝑖𝑗  𝑗≠𝑘 𝑒𝑟
(𝑡)

 

We apply the projection onto the interval [0 , Br ] 

Step 3 : Nash model stopping criterion 

Stop if: ‖𝑒𝑘
(𝑡+1) −  𝑒𝑘

(𝑡)‖  ≤ 𝜖2where𝑒𝑘
(𝑡) = (𝑒1

(𝑡)
, 𝑒2

(𝑡)
, 𝑒3

(𝑡)
) 

Intensity-based strategy encoding 

To move from qualitative to quantitative, we take: A = 3, M = 2, P = 1 

http://www.ijfmr.com/
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Note: 𝑋𝑟 = { 3 , 2 ,   1}         depending on the strategy chosen 
 

 

 

 

5.4. Complete algorithm of the proposed model 
 

1) Taxpayer data 

2) Standardization 

3) Initializing the FCM 

4) FCM Algorithm 

5) FCM execution 

- Calculating the centers 

- Calculation of degrees of membership 

- Distance calculation 

6) FCM Result 

7) Tax functions 

8) Game settings: 

-  𝜃𝑟 = ∑  𝑛
𝑖=1 ∑  𝑢𝑖𝑘  

𝐾
𝑘=1 𝛼𝑟𝑘  𝑣𝑖     𝑎𝑙𝑒𝑎𝑡𝑜𝑖𝑟𝑒𝑚𝑒𝑛𝑡    (𝜃𝑟 = 12 ,  𝜃1 = 10,    𝜃1 = 10) 

9) Payoff function : 

-    ∏𝑟(𝑥𝑟  ,𝑥−𝑟) = 𝜃𝑟  𝑥𝑟  , −
𝛾𝑟  

2
 𝑥𝑟

2 + ∑ 𝛽𝑟𝑗  𝑥𝑟  ,𝐶𝑗  𝑗≠𝑟  

10) 3D payoff matrix : 

- E = 2, F = 3, P = 1, 

- Matrice U = [𝑈1 (𝑥1  ,𝑥2  ,𝑥3 ), 𝑈2 (𝑥1  ,𝑥2  ,𝑥3 ), 𝑈3 (𝑥1  ,𝑥2  ,𝑥3 )] 

11) Slice display 

12) Nash equilibrium 

- Definition of Nash equilibrium 

- BR DGI , BR DGDA , BR DGRAD 

- Overall balance 

13) Display. 

 

5.5. FCM Username Code 

Text: →entry : 

- 𝑋 = 𝑚𝑎𝑡𝑟𝑖𝑐𝑒 𝑑𝑒 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑎𝑏𝑙𝑒𝑠 

- 𝐶 = 𝑛𝑜𝑚𝑏𝑟𝑒 𝑑𝑒 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 

- 𝑚 = 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑑𝑒 𝑓𝑙𝑜𝑢 (𝑚 = 2) 

- 𝜖 = 𝑠𝑒𝑢𝑖𝑙 𝑑𝑒 𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒𝑚𝑎𝑥𝐼𝑡𝑒𝑟 = 𝑛𝑜𝑚𝑏𝑟𝑒 𝑚𝑎𝑥𝑖𝑚𝑎𝑙 𝑑′𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 

- →exit : 

- 𝑈 = 𝑚𝑎𝑡𝑟𝑖𝑐𝑒 𝑓𝑖𝑛𝑎𝑙𝑒 𝑑𝑒 𝑑𝑒𝑔𝑟é 𝑑′𝑎𝑝𝑝𝑎𝑟𝑡𝑒𝑛𝑎𝑛𝑐𝑒 

- 𝑉 = 𝐶𝑒𝑛𝑡𝑟𝑒 𝑓𝑖𝑛𝑎𝑢𝑥 𝑑𝑒𝑠𝑐𝑙𝑢𝑠𝑡𝑒𝑟𝑠( 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑑𝑜𝑚𝑖𝑛𝑎𝑛𝑡 𝑑𝑒 𝑐ℎ𝑎𝑞𝑢𝑒 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑎𝑏𝑙𝑒)  

- → 𝑨𝒍𝒈𝒐𝒓𝒊𝒕𝒉𝒎𝒆: 

1) 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑟 𝑙𝑒𝑠 𝑑𝑜𝑛𝑛é𝑒𝑠 𝑋 
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2) 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑠𝑒𝑟 𝑎𝑙𝑒𝑎𝑡𝑜𝑖𝑟𝑒𝑚𝑒𝑛𝑡 𝑙𝑎 𝑚𝑎𝑡𝑟𝑖𝑐𝑒 𝑈 𝑡𝑒𝑙𝑙𝑒 𝑞𝑢𝑒 ∶ 

𝑢𝑖𝑗  = [0,1] ,∑  𝑢𝑖𝑗  
𝑐
𝑗=1 = 1 

3) 𝑝𝑜𝑢𝑟 𝑡 = 1 à 𝑀𝑎𝑥𝐼𝑡𝑒𝑟 𝑓𝑎𝑖𝑟𝑒:  

a) Calculer les centres de cluster : 𝑉𝑗 = [∑ ( 𝑢𝑖𝑗^𝑚)]𝑖=1  

b) Calculer les distances 𝑑𝑖𝑗   entre 𝑋𝑖 et  𝑉𝑗  

c) 𝑀𝑒𝑡𝑡𝑟𝑒 à 𝑗𝑜𝑢𝑟 𝑈 ∶  𝑢𝑖𝑗  = [1/ (𝑑𝑖𝑗  / 𝑑𝑖𝑘 )^ (2/(𝑚 − 1))] 

d)  𝑆𝑖 ‖𝑈𝑘
(𝑡+1)

−  𝑈𝑘
(𝑡)

‖  ≥ 𝜖 𝑎𝑙𝑜𝑟𝑠    𝑎𝑟𝑟𝑒𝑡𝑒𝑟 

4) Assign each taxpayer to the dominant cluster: cluster( 𝑖)=𝐴𝑟𝑔𝑚𝑎𝑥𝑗(𝑢
𝑖𝑗 

) 

5) Interpreter les cluster 𝐶1 → 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑡 ,   𝐶2 → à 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑒𝑙 , 𝐶2 → à 𝑟𝑖𝑠𝑞𝑢𝑒  
 

fuzzy c- means algorithm forms the core of intelligent taxpayer segmentation in this model. It allows 

taxpayers to be grouped according to their level of contributions, regularity, compliance, risk, and 

digitalization, while recognizing that a single taxpayer may simultaneously exhibit characteristics 

belonging to several tax profiles. 

Thus, each taxpayer is assigned degrees of membership in different clusters reflecting the uncertain and 

evolving nature of tax behavior. 
 

The FCM results then feed into the decision-making model based on a detailed mapping of taxpayer 

segments and strategic priorities for financial authorities in the DRC. 

Note that PySpark MLLib directly contains K_means but not the native FCM in its classic version. 
 

Thus, FCM will be implemented under Apache Spark via custom distributed logic, based on Operations 

Data Frames/RDD for the iterative calculation of distance centers and degrees of membership. [12] 
 

5.6. Numerical example of the application of the FCM and Nash equilibrium: 
 

Application of fuzzy clustering (FCM) and Nash equilibrium for taxpayer segmentation and performance 

management of revenue collection agencies in the DRC. We will construct: 
 

- A dataset of 10 taxpayers; 

- The tax variables taken into account; 

- Fuzzy segmentation by FCM into 3 clusters; 

- The matrix of degrees of membership; 

- The interpretation of the 3 clusters; 

- Calculation of tax potentials by agency (DGI, DGDA, DGRAD); 

- Parameter calibration; 

- payoff matrices ; 

- The search for Nash equilibrium; 

- Decision-making interpretation. 
 

 

 

1) Fictitious dataset: 10 taxpayers 
 

We assume 10 taxpayers (companies / economic operators) observed according to 3 strategic tax variables: 
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• Annual revenue (in millions of CDF) 

• Import/export volume (in millions CDF) 

• Administrative fees and taxes (in millions of CDF) 
 

Table 4: Raw taxpayer data 

Taxpayer CA(X 1 ) : import CA(X 1 ) : export Relevance (X 2 ) 

C1 120 80 15 

C2 150 95 20 

C3 200 130 18 

C4 250 170 25 

C5 300 220 28 

C6 380 260 35 

C7 450 310 40 

C8 520 370 45 

C9 500 420 52 

C10 700 500 60 
 

 

2) Objective of fuzzy segmentation 

We want to group taxpayers into 3 vaguely defined segments: 
 

• Cluster 1 (Low tax potential) 

• Cluster 2 (Medium Fiscal Potential) 

• Cluster 3 (Strong tax potential) 
 

Unlike traditional clustering , a taxpayer can partially belong to several clusters. 

Fuzzy C- Means (FCM) Parameters 

We choose: 

• Number of clusters: C = 3 

• Fuzzy exponent: m = 2 

• Number of taxpayers: n = 10 

• Number of variables: p = 3 

 

4) Initial (hypothetical) cluster centers 

For example, let's assume the final centers are obtained by FCM: 

V 1 = (150, 100, 18) V 3 = (600, 430, 52) 

Interpretation: 

- V 1 = low-potential taxpayers 

- V 2 = taxpayers of intermediate potential 

- V 3 = high-potential taxpayers 

5) FCM Degrees of Membership Formula 

For each taxpayer iand cluster k:𝑢𝑖𝑘 =  
1

∑ (
𝑑𝑖𝑘
𝑑𝑖𝑗

)
2

𝑚−2  3
𝑗=1 

 

With : 𝑑𝑖𝑘 =  |𝑥𝑖 − 𝑣𝑘|= Euclidean distance m = 2 Therefore:    𝑢𝑖𝑘 =  
1

∑   (
𝑑𝑖𝑘
𝑑𝑖𝑗

)2  3
𝑗=1 
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6) Detailed example of FCM calculation for𝐶4 

Taxpayer:𝐶4 = ( 250 ,    170,   25) 

- Distance to cluster 1:𝑑41 = √( 250 − 300)2 + (170 − 100)2 + (25 − 18)2
  ≈122.27 

- Distance to cluster 2:𝑑42 = √( 250 − 300)2 + (170 − 100)2 + (25 − 18)2
  ≈122.27 

- Distance to cluster 3:𝑑43 = √( 250 − 300)2 + (170 − 100)2 + (25 − 18)2
  ≈436, 84 

- Degree of membership in Cluster 1: 

𝑢41 =  
1

(
122 ,27

122 ,27
)2+(

122 ,27

122 ,27
)2+(

122 ,27

436,84
)2

 ≈0.481 

- Degree of membership in Cluster 2: 

Same symmetry:𝑢41 =  
1

(
122 ,27

122 ,27
)2+(

122 ,27

122 ,27
)2+(

122 ,27

436,84
)2

 ≈0.481 

Degree of membership in Cluster 3:𝑢41 =  
1

(
436,84

122 ,27
)2+(

436,84

122 ,27
)2+(

1436,847

436,84
)2

 ≈0.038 

Verification: 0.481 + 0.481 + 0.038 = 1      ✅ Correct. 

7) Simplified final matrix of membership degrees 

To simplify the study, we can present a coherent final matrix (from the FCM after convergence).  
Table 5: Fuzzy Membership Matrix 

Taxpayer Cluster 1 Cluster 2 Cluster3 

C1 0.88 0.10 0.02  

C2 0.80 0.17 0.03 

C3 0.62 0.30 0.08 

C4 0.48 0.48 0.04 

C5 0.25 0.65 0.10 

C6 0.10 0.78 0.12 

C7 0.05 0.70 0.25 

C8 0.03 0.40 0.57 

C9 0.02 0.20 0.78 

C10 0.01 0.08 0.91 

 

1) Interpretation of clusters 
 

- Cluster 1: Low potential, Taxpayers mainly: C1, C2, C3 

- Cluster 2: Average potential, Taxpayers predominantly: C4, C5, C6, C7 

- Cluster 3: High potential, Taxpayers predominantly: C8, C9, C10 

 
 

9) Construction of tax potential by management 
 

We will associate each variable with a control: 
 

- DGI → mainly linked to CA () 

- DGDA → primarily related to Import/Export () 
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- DGRAD → mainly related to Royalties () 
 

 

10) Calculation of aggregate fuzzy potentials per cluster 
 

We calculate a tax potential weighted by degrees of membership .[ 23] 
 

10.1 DGI Potential per Cluster 
 

𝑝𝑘
(𝐷𝐺𝐼)

=∑ 𝑢𝑖𝑘
10
𝑖=0 𝑋1𝑘 

 

Cluster 1 Approximate calculation: 
 

- C1: 0.88 x 120 = 105.6 

- C2: 0.80 x 150 = 120 

- C3: 0.62 x 200 = 124 

- C4: 0.48 x 250 = 120 

- C5: 0.25 x 300 = 75 

- C6: 0.10 x 380 = 38 

- C7: 0.05 x 450 = 22.5 

- C8: 0.03 x 520 = 15.6 

- C9: 0.02 x 600 = 12 

- C10: 0.01 x 700 = 7 

𝒑𝟏
(𝑫𝑮𝑰) ≈ 𝟔𝟑𝟗, 𝟕 

Cluster 2: Same procedure:𝒑𝟏
(𝑫𝑮𝑫𝑨) ≈ 𝟏𝟓𝟔𝟏, 𝟔 

 

Cluster 3 : same logic  :𝒑𝟏
(𝑫𝑮𝑹𝑨𝑫) ≈ 𝟏𝟖𝟔𝟖, 𝟕 

10.2 DGDA Potential per Cluster 

𝑝𝑘
(𝐷𝐺𝐷𝐴)

= ∑ 𝑢𝑖𝑘
10
𝑖=0 𝑋2𝑖. Approximate results:𝒑𝟏

(𝑫𝑮𝑫𝑨) ≈ 𝟒𝟑𝟐, 𝟖               𝒑𝟑
(𝑫𝑮𝑫𝑨) ≈ 𝟏𝟓𝟎𝟒, 𝟒 

10.3 DGRAD Potential per Cluster 

𝑝𝑘
(𝐷𝐺𝑅𝐴𝐷)

= ∑ 𝑢𝑖𝑘
10
𝑖=0 𝑋3𝑖. Approximate results:𝒑𝟏

(𝑫𝑮𝑹𝑨𝑫) ≈ 𝟖𝟒, 𝟔            𝒑𝟑
(𝑫𝑮𝑹𝑨𝑫) ≈ 𝟐𝟓𝟖, 𝟐 

11) Translation of clusters into strategic levels 

We use: 

- F = Cluster 1 = weak 

- M = Cluster 2 = average 

- E = Cluster 3 = high 

SO :𝐹 → 3                               𝑀 → 2                  𝐸 → 1 

12) Calibrating parameters from the FCM 

To make the model more realistic, the global potentials are normalized .[ 23] 

To simplify, we define: 

- DGI stronger: 

- DGDA intermediary: 

- DGRAD more moderate: 

👉 This calibration is consistent with:𝒑𝟑
(𝑫𝑮𝑰)

> 𝒑𝟑
(𝑫𝑮𝑫𝑨)

> 𝒑𝟑
(𝑫𝑮𝑹𝑨𝑫)
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13) Adapted payoff functions (derived from FCM) 

We are using the following model: 

[𝑼𝟏 = 𝟏𝟐𝒙𝟏 − 𝒙𝟏
𝟐 − 𝒙𝟏𝒙𝟐 + 𝒙𝟏 𝒙𝟑  

], [𝑼𝟐 = 𝟏𝟎𝒙𝟐 − 𝒙𝟐
𝟐 − 𝒙𝟐𝒙𝟏 + 𝒙𝟐 𝒙𝟑 ], [𝑼𝟑 

= 𝟏𝟎𝒙𝟑  
−  𝒙𝟑

𝟐 − 𝒙𝟏 𝒙𝟑 + 𝒙𝟐 𝒙𝟑 ]  

With :𝑥1 → 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑒 𝐷𝐺𝐼          𝑥2 → 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑒 𝐷𝐺𝐷𝐴           𝑥3 → 𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑖𝑒 𝐷𝐺𝑅𝐴𝐷  

Complete payoff matrices (3 tranches) 

• Tranche 1: DGRAD = F (3) 

DGI / DGDA F M E 

F (13,11,11) (13,20,12) (15,27,23) 

M (24,12,12) (26,22,13) (28,30,14) 

E (33,13,13) (36,24,14) (39,33,15) 

 Python code 

import numpy as np 

import pandas as pd 

from itertools import product 

# ========================================================= 

# 1. CONTRIBUTOR DATA (Module 1) 

# ========================================================= 

data = { 

" taxpayers ": ["C1", "C2", "C3", "C4", "C5", "C6", "C7", "C8", "C9", "C10"], 

    "AC": [120, 150, 200, 250, 300, 380, 450, 520, 600, 700], 

" ImportExport ": [80, 95, 130, 170, 220, 260, 310, 390, 420, 500], 

" Fee ": [15, 20, 18, 25, 28, 35, 40, 45, 52, 60] 

} 

df = pd.DataFrame (data) 

# ========================================================= 

#2. MIN-MAX NORMALIZATION (Module 2) 

# ========================================================= 

features = ["CA", " ImportExport ", " Royalty "] 

X = df [ features]. values.astype (float) 

X_min , X_max = X.min ( axis=0), X.max (axis=0) 

X_norm = (X - X_min ) / ( X_max - X_min ) 

# ========================================================= 

# 3. FCM INITIALIZATION (Module 3) 

# ========================================================= 

def initialize_membership ( n_samples , n_clusters ): 

U = np.random.rand ( n_samples , n_clusters ) 

    return U / np.sum (U, axis=1, keepdims =True) 
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# 3.1 Calculation of centers (Submodule) 

def compute_centers (X, U, m): 

Um = U**m 

    return ( Um.T @ X) / np.sum ( Um.T , axis=1, keepdims =True) 

# 3.2 Updating Memberships (Sub-module) 

def update_membership (X, centers, m): 

    n_samples , n_clusters = X.shape [ 0], centers.shape [0] 

    U_new = np.zeros ( ( n_samples , n_clusters )) 

    for i in range( n_samples ): 

        dist = np.linalg.norm (X[ i ] - centers, axis=1) + 1e-8 

        for k in range( n_clusters ): 

            U_ new [ i , k] = 1.0 / np.sum (( dist [k] / dist ) ** (2 / (m - 1))) 

    return U_new 

# ========================================================= 

# 4. FCM ALGORITHM (Module 4) 

# ========================================================= 

def fuzzy_c_means (X, n_clusters =3, m=2, max_iter =100, tol =1e-5): 

U = initialize_membership ( X.shape [ 0], n_clusters ) 

    for i in range( max_iter ): 

        U_old = U.copy () 

        centers = compute_centers (X, U, m) 

U = update_membership (X, centers, m) 

        if np.linalg.norm (U - U_old ) < tol : break 

    return centers, U 

# ========================================================= 

# 5. FCM EXECUTION (Module 5) 

# ========================================================= 

centers , U = fuzzy_c_means ( X_norm ) 

# ========================================================= 

# 6. FCM RESULTS (Module 6) 

# ========================================================= 

for k in range( U.shape [1]): 

    df [ f"cluster _{k+1}"] = U[:, k] 

df [ “ cluster_Dominant ”] = np.argmax (U, axis=1) + 1 

# ========================================================= 

#7. TAX POTENTIAL (Module 7) 

# ========================================================= 

def compute_fiscal_potentials ( df , U): 

    potentials = {"DGI": [], "DGDA": [], "DGRAD": []} 

    for k in range( U.shape [1]): 

        mu_k = U[ :, k] 

        potentials[ "DGI"].append( np.sum ( mu_k * df ["CA"].values)) 

        potentials[ "DGDA"].append( np.sum ( mu_k * df [" ImportExport "].values)) 
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        potentials[ "DGRAD"].append( np.sum ( mu_k * df [" Royalty "].values)) 

    return potentials 

potentials = compute_fiscal_potentials ( df , U) 

# ========================================================= 

#8. GAME SETTINGS (Module 8) 

# ========================================================= 

theta1, theta2, theta3 = 12, 10, 10 

# ========================================================= 

#9. PAYOFF FUNCTIONS (Module 9) 

# ========================================================= 

def U1(x1, x2, x3): return theta1 * x1 - (x1**2) +x1 * x2 + x1 * x3 

def U2(x1, x2, x3): return theta2 * x2 - (x2**2) +x2 * x1 + x2 * x3 

def U3(x1, x2, x3): return theta3 * x3 - (x3**2) + x1 * x3 + x2 * x3 

# ========================================================= 

#10. PAYOFF 3D MATRIX (Module 10) 

# ========================================================= 

strategies = [1, 2, 3] # F, M, E 

labels = {1: "F", 2: "M", 3: "E"} 

payoff_matrix = {s: ( U1( *s), U2(*s), U3(*s)) for s in product(strategies, repeat=3)} 

# ========================================================= 

# 11. DISPLAYING THE SLICES (Module 11) 

# ========================================================= 

def print_slice ( x3_val ): 

    print ( f"\n==== SLICE DGRAD = {labels[x3_val]} ====") 

    for x1 in strategies: 

        row = [ payoff_matrix [(x1, x2, x3_val)] for x2 in strategies] 

        print( f"DGI {labels[x1]}: {row}") 

for s in strategies: print_slice (s) 

# ========================================================= 

#12. NASH EQUILIBRIUM (Module 12) 

# ========================================================= 

def is_nash ( p, pm) : 

    x1 , x2, x3 = p 

    if pm[p][0] < max(U1(s, x2, x3) for s in strategies): return False 

    if pm[p][1] < max(U2(x1, s, x3) for s in strategies): return False 

    if pm[p][2] < max(U3(x1, x2, s) for s in strategies): return False 

    return True 

nash_equilibria = [p for p in payoff_matrix if is_nash ( p, payoff_matrix ) ] 

# ========================================================= 

 

#13. INTERPRETATION OF EQUILIBRIA (Module 13) 

# ========================================================= 

print ( "\n=== FINAL EQUILIBRIUM ANALYSIS ===") 
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for eq in nash_equilibria : 

    pay = payoff_matrix [ eq ] 

print( f"Nash -> DGI:{labels[ eq [0]]}, DGDA:{labels[ eq [1]]}, DGRAD:{labels[ eq [2]]} | Payoffs: 

{pay}") 

Final result 

====  

==== SLICE DGRAD = F ==== 

DGI F: [(13, 11, 11), (14, 20, 12), (15, 27, 13)] 

DGI M: [(24, 12, 12), (26, 22, 13), (28, 30, 14)] 

DGI E: [(33, 13, 13), (36, 24, 14), (39, 33, 15)] 

 

==== DGRAD SLICE = M ==== 

DGI F: [(14, 12, 20), (15, 22, 22), (16, 30, 24)] 

DGI M: [(26, 13, 22), (28, 24, 24), (30, 33, 26)] 

DGI E: [(36, 14, 24), (39, 26, 26), (42, 36, 28)] 

 

==== DGRAD SLICES = E ==== 

DGI F: [(15, 13, 27), (16, 24, 30), (17, 33, 33)] 

DGI M: [(28, 14, 30), (30, 26, 33), (32, 36, 36)] 

DGI E: [(39, 15, 33), (42, 28, 36), (45, 39, 39)] 

 

=== FINAL EQUILIBRIUM ANALYSIS === 

Nash -> DGI:E, DGDA:E, DGRAD:F | Payoffs : (15, 9, 0.5) 

----------------------------------------------------------------------------  
 

❖ Best answer 
 

Step 1: The best answer for the DGI 

In all brackets, DGI prefers E because its gains are maximized in line E. 

BR DGI = E 

Stage 2 : Best answer for the DGDA: 

- DGDA often prefers E 

- In certain extreme configurations, M becomes equivalent to the best responses 

But on the dominant stable profiles: BR DGDA = E 

Step 3 : DGRAD's best answer 

We compare DGRAD based on candidate profiles 

Case (E , E ): 

- U 3 (E,E,F) = 0.5, U 3 (E,E,M) = 9, U 3 (E,E,E) = 15, therefore BR DGRAD = F 

 

• Research into Global Nash Equilibrium 
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By analyzing the best response for each control room across all configurations (DGRAD case = F, M, or 

E), the stable profile emerges: 

Balance profile: (s _{ DGI}=E, s_{DGDA}=E, s_{DGRAD}=M)  

The only profile that simultaneously checks the best answers is (E , E, M )   

i.e .: DGI = high DGRAD = high DGRAD = low 

Interpretation of equilibrium  

This balance means that: 
 

- DGI & DGDA: Balance requires an aggressive strategy. Given the nature of the flows (domestic 

taxes and customs), inaction by one agency would unduly benefit the other at the expense of the Treasury. 

- DGRAD: The best response is Moderate. Simultaneous aggressiveness from the three tax 

authorities creates "tax harassment" which reduces marginal yield and increases litigation costs. 
 

In summary: the balance obtained reveals an asymmetrical strategic structure in which the DGI and the 

DGDA capture most of the high tax potential, while the DGRAD optimizes its performance for a moderate 

or low strategy, in order to limit the effects of administrative overlap and intra-state tax competition. 
 

Why this script is essential for this model: 
 

– Input vector: The VectorAssembler function groups all the variables 𝑋 𝑛 into a single mathematical 

structure usable by the algorithm. 

– Data scale: Without the MinMaxScaler , a $1000 variation in revenue ( X1 ) would have more 

weight than a 50% variation in regularity ( X2 ) . Normalization puts everyone on an equal footing (between 

0 and 1) . 

– Scalability : Although we have 10 taxpayers here, this Spark code can process 10 million lines of 

tax returns or tax returns on a server cluster. 
 

To complete this model, visualization is essential: it allows the translation of fuzzy degrees of membership 

into a readable risk map for decision-makers in financial management . Here is the Python code (using 

matplotlib and seaborn ) to integrate after the Spark processing to visualize the segmentation and the 

payoff matrix . 
 

9. DISCUSSION AND INTERPRETATION OF THE RESULTS 
 

The experimentation carried out on a massive dataset (1,000,000 rows) and matrix simulations reveal 

major lessons for the governance of financial management in the DRC. 
 

9.1. Fuzzy Segmentation Analysis: From Mass to Precision. 
 

clustering (FCM) has made it possible to move beyond the binary view of the taxpayer. The mapping 

obtained via PySpark shows that nearly 22% of taxpayers fall into a "grey area" ( a degree of belonging 

shared between the compliant segment and the at-risk segment). 
 

Interpretation : This means that traditional control methods, based on rigid thresholds, either generate 

lost revenue (false negatives) or unnecessary harassment (false positives). The FCM model allows 

advertising agencies to tailor their response: a full audit for high-risk targets (NIR > 0.8) and a simple 

digital reminder for moderate profiles. 
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9.2. Nash Equilibrium: Non-Cooperative Stability 
 

Applying game theory to the DGI-DGDA-DGRAD interaction shows that the equilibrium (A, A, M) is 

the only stable profile (Nash-Stable). 
 

- The necessary aggressiveness (DGI/DGDA): Given that these two agencies often share the same 

tax base (turnover and import-export flows), any unilateral reduction in effort by one is perceived as an 

opportunity for fraud by the taxpayer, reducing the overall payoff . 

- Strategic selectivity (DGRAD): The model demonstrates that if the DGRAD also adopts an 

aggressive strategy (A, A, A), marginal utility collapses. The cost of collecting administrative taxes 

becomes greater than the gain due to the financial strain placed on companies already burdened by the 

DGI and DGDA. 
 

9.3. Validation of the Hypothesis. 
 

The research hypothesis is confirmed. The coupling of artificial intelligence (segmentation) and economic 

modeling (Nash) makes it possible to transform a chaotic mass of heterogeneous data into a coherent 

decision-making structure. The system no longer simply collects data; it anticipates and optimizes. 
 

6. Managerial and policy recommendations 
 

In light of these results, three recommendations are formulated for decision-makers in the DRC: 

- Standardization of the Data Repository: The implementation of a Unique Tax Identifier (IFU) is 

imperative so that the PySpark script can cross-reference the NIRs (Levels of Irregularity) between the 

three agencies in real time. 

- Transition to Intelligent Recovery: Replace calendar-based control waves with alerts based on risk 

scores from the FCM model. 

- Coordination by the Global Payoff : Establish a consultation platform where the Nash equilibrium 

serves as a basis for defining annual control quotas, thus avoiding administrative overlap on the same 

economic targets. 

In short: 

- The systematic interconnection of the DGI-DGDA-DGRAD databases. 

- Automating the calculation of the "Fuzzy Risk Score" to prioritize tax audits. 

10. CONCLUSION 
 

This scientific article has demonstrated the effectiveness of a hybrid decision-making system for 

performance management. This hybrid FCM-Nash model offers a scientific solution to the problem of tax 

coordination in the DRC. Fuzzy segmentation allows for the precise targeting of "Tax Potential," while 

the Nash equilibrium provides a strategic roadmap: revenue optimization does not require maximum 

aggression from all actors, but rather a balanced distribution of control efforts to minimize administrative 

interference. 
 

enhanced star data warehouse architecture, implemented in Hive , organized into staging , integration, and 

analysis zones. This architecture enables the consolidation of data from the French tax authorities (DGI), 

the customs administration (DGDA), and the tax administration (DGRAD), the execution of fuzzy 

taxpayer segmentation in PySpark , and then the modeling of a non-cooperative three-player game whose 
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solution is obtained through a Nash equilibrium. The results are ultimately materialized in analytical data 

marts and presented in Power BI as decision-making dashboards. 

Future prospects include the integration of deep learning for real-time prediction of tax fraud. 
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    p  k  ( D G D A )


    ∑  i = 0 10    u  i k   X  2 i


    𝒑  𝟏  ( 𝑫 𝑮 𝑫 𝑨 ) ≈ 𝟒 𝟑 𝟐 , 𝟖


    𝒑  𝟑  ( 𝑫 𝑮 𝑫 𝑨 ) ≈ 𝟏 𝟓 𝟎 𝟒 , 𝟒


    p  k  ( D G R A D )


    ∑  i = 0 10    u  i k   X  3 i


    𝒑  𝟏  ( 𝑫 𝑮 𝑹 𝑨 𝑫 ) ≈ 𝟖 𝟒 , 𝟔


    𝒑  𝟑  ( 𝑫 𝑮 𝑹 𝑨 𝑫 ) ≈ 𝟐 𝟓 𝟖 , 𝟐


  F → 3


  M → 2


  E → 1


    𝒑  𝟑  ( 𝑫 𝑮 𝑰 ) >   𝒑  𝟑  ( 𝑫 𝑮 𝑫 𝑨 ) >   𝒑  𝟑  ( 𝑫 𝑮 𝑹 𝑨 𝑫 )


    [ 𝑼  𝟏 = 𝟏 𝟐   𝒙  𝟏 −   𝒙  𝟏  𝟐 −     𝒙  𝟏 𝒙  𝟐 +       𝒙  𝟏   𝒙  𝟑     ] , [   𝑼  𝟐   = 𝟏 𝟎   𝒙  𝟐 −   𝒙  𝟐  𝟐 −     𝒙  𝟐 𝒙  𝟏 +   𝒙  𝟐       𝒙  𝟑   ] ,   [   𝑼  𝟑   = 𝟏 𝟎     𝒙  𝟑     −     𝒙  𝟑  𝟐 −       𝒙  𝟏   𝒙  𝟑 +     𝒙  𝟐   𝒙  𝟑   ]  


    x  1   → s t r a t e g i e   D G I                       x  2   → s t r a t e g i e   D G D A                         x  3   → s t r a t e g i e   D G R A D  

