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Abstract: This study focuses on solving the problem of inconsistent and multilingual product names in the Rwanda Revenue 

Authority’s (RRA) Electronic Billing Machine (EBM) system. Because product names are entered manually, many spelling 

differences and translations make it hard to track and analyze tax data. To fix this, the study uses Natural Language 

Processing (NLP) and Machine Learning (ML) to clean and group similar product names. A total of 4.1 million records 

from 2020 to 2022 were translated into English and processed. Sentence meaning was captured using MiniLM embeddings, 

then simplified using UMAP, and finally grouped using HDBSCAN. The cleaned and grouped product names make it easier 

to detect possible fraud, spot underpricing, and improve the accuracy of tax reporting. This method helps RRA improve 

data quality and tax compliance. 
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I. INTRODUCTION 

 

Since 2013, the Rwanda Revenue Authority (RRA) 

has progressively shifted from manual invoicing systems to 

digital tax administration through the introduction of 

Electronic Billing Machines (EBMs). The first version, EBM 

v1, served as a transitional tool to move away from paper-

based records. It captured invoices as images and extracted 
limited information using techniques like regular 

expressions. 

 

The real digital transformation came with EBM v2.0 

and v2.1, which introduced structured, item-level data 

marking a full transition to digital invoicing. These versions 

aimed to improve accuracy, transparency, and traceability 

across the taxpayer base. However, one persistent challenge 

remained: the manual entry of product names in multiple 

languages, leading to inconsistent and unstandardized item 

descriptions. For instance, “sugar” could be recorded as 
sucre, isukari, or sukari, making data analysis and fraud 

detection more difficult. 

 

 EBM v2.1 was Adapted to Various Taxpayer Needs: 

 

 Windows EBM: For large businesses with high sales 

volumes 

 EBM Mobile: For informal or small-scale non-VAT-

registered businesses 

 Online EBM: For low-volume service providers (e.g., 

legal, rental services) 

 VSDC: Integrated into companies' internal systems 

 

While these platforms expanded digital tax coverage, 
they also introduced data quality issues due to language and 

input variation. 

 

II. LITERATURE REVIEW 

 

Multilingual inconsistencies in tax records arise due to 

linguistic diversity and manual data entry errors. Resolving 

these challenges requires sophisticated text processing 

approaches (Christen, 2012). 

 

Modern NLP methods such as MiniLM and Sentence-

BERT can capture cross-language semantic similarities by 
embedding product descriptions into vector space 

representations (Reimers & Gurevych, 2019). 

 

Clustering algorithms like K-Means and HDBSCAN 

allow for grouping similar product names even when they are 

written in different languages or formats (McInnes et al., 

2018). 
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Effective tax data analytics depends on key data 
quality attributes: accuracy, completeness, consistency, 

timeliness, validity, and uniqueness (Batini et al., 2009). 

 

Cross-lingual learning enables semantic alignment 

across languages, an essential capability for standardizing 

multilingual product descriptions in tax compliance systems 

(OECD, 2017, 2022). 

 

III. METHODOLOGY 

 

 The study adopts a Design Science Research approach, 
focused on building and evaluating an artifact (the 

harmonization pipeline). The pipeline follows a modular 

architecture, integrating the following stages: 

 

 Text Preprocessing 

 Language Detection and Translation 

 Semantic Embedding 

 Dimensionality Reduction 

 Clustering and Interpretation 

 Development Stack 

 
 The System was Implemented using Python with the 

Following Libraries: 

 

 Lang detects, Google trans (language detection and 

translation) 

 sentence-transformers (embedding generation) 

 scikit-learn, UMAP, HDBSCAN (clustering and 

dimensionality reduction) 

 

 Dataset Overview 

 

 Total Records: 4,124,005 (FY 2020–2022) 

 Languages: Kinyarwanda, French, Swahili, English 

 Features: Item Name, Transaction Type, Unit Price, 

Quantity, Value, Tax Category 

 Task: Harmonize product names across datasets (Import, 

Purchase, Sales) 

 Training/Test Split: 80/20 on embedded harmonized 

data 

IV. SYSTEM IMPLEMENTATION 

 

 The Harmonization Pipeline Addresses the Challenge of 

Inconsistent Product Names in Tax Records from: 

 

 Electronic Billing Machines (EBMs) 

 Electronic Single Window (eSW) for 

customs/importation 

 

 Due to Manual, Multilingual Entries, Effective Data 

Integration Becomes Difficult. The Solution was Built with 

Five Core Modules: 
 

 Text Cleaning Module 

 Language Detection and Translation 

 Sentence Embedding Generation (MiniLM) 

 Dimensionality Reduction (PCA + UMAP) 

 Clustering Engine (KMeans and HDBSCAN) 

 

V. RESULTS AND INSIGHTS 

 

 Dataset Summary 

 Total Records: 4,124,005 

 Unique Harmonized Product Names: 425,103 

 Language Breakdown: 

 English: 1,080,651 (26.2%) 

 Translated (non-English): 3,043,354 (73.8%) 

 

 Clustering Performance 

 

 KMeans Clusters: 20 (Broad categories) 

 HDBSCAN Clusters: 6,295 (Fine-grained clusters) 

 Noise Points: 167,085 (Typos, rare labels) 

 
 Interpretation: 

 

 KMeans provided high-level groupings. 

 HDBSCAN exposed subtle naming inconsistencies. 

 Noise points often indicated potential errors or outliers. 

 

 Example Harmonized Items 

 

Table 1 Example Harmonized Items 

Original Name Price (RWF) Harmonized Name 

a3 paper 15,000 a paper 

impapuro a4 4 12,000 a paper 

papier brustol a3 1,000 a paper 

baguette 2,000 baguette 

baguette 5,000 baguette 

baguette 8,000 baguette 

envelopes 1,500 envelopes 

enveloppes 2,000 envelopes 

enveloppes 4,000 envelopes 

 

 Underpricing and Anomaly Detection 
The harmonized clusters enabled comparison of 

import/purchase values against sales prices for the same 

items. This revealed cases of underpricing and potential 
misreporting: 
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 Key Insight: Several harmonized product clusters showed 
significant sales price variation for the same product. 

 Example Analysis: 

 Cluster “a paper” showed prices ranging from 1,000 RWF 

to 15,000 RWF. 

 Similar discrepancies were noted in “baguette” and 

“envelopes” clusters. 

 

VI. DISCUSSION AND IMPACT 

 

The harmonization system effectively unified over 

4,124,005 million multilingual product records into 425,103 
standardized names, significantly improving data 

consistency. The large proportion of non-English entries 

highlighted the critical need for multilingual processing. 

 

Clustering results showed broad categorization via K-

Means and detailed groupings with HDBSCAN, uncovering 

subtle variations and data quality issues like typos and rare 

labels. Importantly, the system identified significant price 

discrepancies within harmonized product clusters (e.g., “a 

paper”), revealing potential underpricing and misreporting. 

This validates the system’s ability to enhance tax anomaly 
detection. 

 

Impact-wise, the solution improves tax compliance 

monitoring, reduces manual data cleaning efforts, and 

provides actionable insights for policy and audit functions. Its 

modular design allows scalability and adaptation to other 

sectors and languages, supporting Rwanda Revenue 

Authority’s goal of efficient, digital tax administration. 

 

VII. CONCLUSION 

 

This study demonstrated the effectiveness of NLP and 
clustering techniques in harmonizing multilingual product 

names within Rwanda’s tax datasets. The system improved 

data consistency, revealed pricing anomalies, and supported 

better tax compliance monitoring. Its scalable design offers 

strong potential for broader application in government data 

systems. 
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FIGURES 

 

 
Fig 1 Text Preprocessing 

 

 
Fig 2 Language Detection 
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Fig 3 Language Distribution for English and Non-English 

 

 
Fig 4 Non-English Translation 
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Fig 5 Language Detection Results and Statistics 

 

 
Fig 6 HDBSCAN and K-Means Clustering Results 
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