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ARTICLE INFO ABSTRACT

Dataset link: https://www.boe.es/diario_borme Tax fraud is a criminal activity that entails significant losses for governments. Due to its clandestine nature,
/ it is difficult to reliably estimate the amount of taxes evaded. To fight tax fraud, this investigation details
the construction and evaluation of a corporate relation extraction system designed to access an unstructured
knowledge-base and extract corporate relations for further validation. The system was developed in response
to a need raised by the Treasury and Finance Department of the Provincial Council of Gipuzkoa (Spain).
It follows a waterfall architecture that integrates Natural Language Processing (NLP) and Computer Vision
(CV) components, including web scraping, optical character recognition, syntactic parsing, and information
extraction. The proposed system produces a relational knowledge-base with structured data representing 23
types of corporate operations published in the Official Gazette of the Commercial Registry (e.g., incorporation
of companies, terminations, capital increases and reductions, mergers and takeovers, etc.), allowing for
comparison with the fiscal information available in the tax agency. Facilitating such comparison across distinct
sources is key to identifying discrepancies that might be indicators of tax fraud.
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1. Introduction

Tax fraud is defined as the illegal practice of tax evasion carried
out by individuals and companies. Generally, tax evasion involves the
deliberate manipulation of information submitted to the tax authori-
ties. Some examples of tax evasion include under-declaring income or
profits, concealing taxable assets, or overstating tax deductions [1,2].

Given the clandestine nature of tax fraud, it is difficult to reliably
estimate the loss to governments’ tax revenues. Some authors, such
as [3], estimated that the money hidden from tax scrutiny globally
ranged from $21 to $32 trillion in 2010, equivalent to the combined
Gross Domestic Product (GDP) of the United States, Japan, and Ger-
many. Other tax evasion studies, such as [4], estimated that the income
loss due to tax evasion may reach 5% of global GDP.

The recent trend among regional, national, and international tax
authorities to combat tax fraud is reflected in the increased use of the
collocation “tax fraud” in publications indexed in the Journal Citation
Report (JCR). Fig. 1 shows the evolution of tax fraud-related research.
As can be noted from the figure, the number of published manuscripts
in the area has drastically increased over the last twenty years. The
growing interest from academia in studying tax fraud reveals the
willingness of governments and tax authorities to address this problem
that depletes public coffers. Moreover, the phenomenon of tax fraud
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has been amplified by globalization and the increasing digitalization of
the economy.

A first approach to combat tax fraud consists of evaluating the
correspondence between different data sources. For instance, matching
data from tax agencies with other sources allows one to test for misin-
formation or inconsistencies. However, to the best of our knowledge,
the detailed construction and evaluation of a relation extraction tool
that enables subsequent tax validation has never been documented in
the State-Of-the-Art (SOtA). The availability of such a resource can
potentially streamline the analysis of large amounts of information on
business operations, such as the incorporation of companies, dismissals,
capital increases and reductions, dissolutions, takeovers, mergers, and
divisions.

Determining the extent to which automated tools can help combat
tax evasion is a major concern in a digitalized era in which multi-
ple corporate operations are recorded in the cloud. To this end, this
work responds to the need expressed by the Treasury and Finance
Department of the Provincial Council of Gipuzkoa (Spain) to create and
evaluate a relation extraction tool to process unstructured data from the
Official Gazette of the Commercial Registry (BORME from its Spanish
translation ‘Boletin Oficial del Registro Mercantil’) to evaluate the fea-
sibility of employing an automated extraction tool to cross-reference
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Fig. 1. Number of indexed articles published in the Journal Citation Reports with the
keyword “Tax fraud” between 1996 and 2020.

it with the information provided by the tax agency to detect possible
inconsistencies that might lead to tax fraud. Our relation extraction
tool allows for the consistent and accurate extraction of large volumes
of information published online for easier subsequent investigation,
helping to identify possible discrepancies that could indicate potential
tax fraud.

This investigation details the development and evaluation of a
relation extraction system based on NLP and CV technology that
is capable of automating the extraction of relations from a set of
corporate operations published in the BORME, and building a struc-
tured knowledge-base. This knowledge-base can bring together a large
amount of information on different corporate operations included in
the BORME (i.e., incorporation of companies, capital increases and
reductions, dissolutions, mergers, absorptions and split-offs, among
others) and enable the Gipuzkoan tax agency to quickly match their
own data with the public information contained in the Official Gazette
of the Commercial Registry.

Thus, the primary contribution of this work to the fight against tax
fraud is the development of a tool that systematically transforms the
unstructured and expansive data found in the BORME into a struc-
tured knowledge-base, specifically modeling corporate activities. Tax
authorities, such as the Provincial Council of Gipuzkoa, currently face
challenges in cross-referencing corporate data with fiscal records due to
the fragmented, unstructured, and voluminous nature of available data
sources. This makes the identification of discrepancies and potential
tax fraud labor-intensive and inefficient. The tool we propose addresses
these challenges by automating the extraction and organization of
relevant corporate relations, allowing for more efficient and scalable
analysis. Furthermore, this paper thoroughly evaluates the relation
extraction tool, verifying both the correspondence and accuracy of
the extracted relations and attributes, and demonstrating the system’s
feasibility and performance in a real-world setting.

The paper is structured as follows: Section 2 analyzes previous
investigations and technological resources from the NLP and CV fields
related to the extraction of information that can be used for the
inspection of tax fraud. Section 3 describes the main source of informa-
tion being utilized and its unstructured nature. Section 4 outlines the
proposal and construction of the relation extraction system, detailing
its components and the set of relations extracted. Section 5 presents the
experiments performed to evaluate the extraction system, and, finally,
Section 6 concludes the research and outlines future work.

2. Related work

Tax fraud mitigation represents a complex problem and ongoing
challenge. Systems constructed for the investigation of tax fraud aim
to monitor user behavior, entities, or companies to gather data in
order to model profiles and behaviors that might constitute fraudulent
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actions. Earliest studies addressing the detection of ‘a posteriori’ fraud
in the fiscal and insurance domains are described by [5]. The authors
report that planning adequate audit strategies is key to detecting tax
evasion and fraudulent claims, and that the required audit strategy can
be supported by a feature-based classification [6]. The investigation
is supported by a case study in which the authors show the trade-
off between maximizing audit benefits and minimizing audit costs.
More recent investigations on the problems of the shadow economy,
tax evasion, and tax avoidance, such as the work of [7], focus on the
construction of an intelligent system [8] that is able to monitor the
behavior of accounting information systems. This work also focuses
on the rapid growth of Information and Communications Technologies
(ICT) and how effective behavioral monitoring systems should account
for this revolution and the large volume of data contained within
online transactions. The works of [9-12] are also relevant in the field
of big data analytics, in which the usage of large knowledge-bases
containing corporate information gathered from diverse sources and
updated at different intervals is key for the investigation, identification,
and comparison of tax fraudulent actions.

In order to gather valuable data and investigate tax fraud, several
data mining techniques have been used in the SOtA. The works of [13,
14], and [15] highlight the following NLP and CV technologies: (i)
optical character recognition [16], (ii) machine translation [17], (iii)
automatic summarization [18], (iv) information extraction [19], (V)
named entity recognition [20], and (vi) relation extraction [21].

The work of [22] describes how artificial intelligence experts
worked alongside specialists from the Italian Revenue Agency to build
a rule-based audit system created from data collected using some of the
mentioned information extraction techniques. In an initial scenario that
estimated tax fraud in Italy at around 3%-10% of the country’s GDP,
the authors sought to recover large amounts of resources by optimizing
company audits (well-targeted audits). The investigation concluded
that planning adequate audit strategies through expert systems based
on knowledge-bases is a practical and effective approach compared to
classical approaches. [23] also focuses on data mining and information
extraction techniques. In their work, the authors describe how any tax,
such as the Value Added Tax (VAT), is susceptible to fraud and evasion,
and for this task, several information extraction techniques (such as
rules based on finite automaton cascades [24] and statistical NLP
techniques [25]) are employed to model the behavior of tax evaders.
In this endeavor, converting unstructured text into a computationally
manageable or human-friendly format has been one of the keys to
effective subsequent analysis. From the very first investigations of tax
fraud, [5] highlighted the importance of building a knowledge-base
containing corporate operations as a first step towards the investigation
of tax evasion, as it enables further behavioral modeling, analysis, and
comparison.

3. Information source and the unstructured nature of the BORME

Access to a large knowledge-base of corporate information is a
fundamental component for the posterior investigation of tax fraud. We
now describe the BORME,! which is the main source utilized for our
extraction tool.

Due to the unstructured nature of the BORME (See Fig. 2), the
Treasury and Finance Department of the Provincial Council of Gipuzkoa
requires a relation extraction tool to convert the information it contains
into a structured knowledge-base. BORME is the main instrument for
the publication of information from the Commercial Registry in Spain.
Legal and economic data of the companies registered in this bulletin are
published on a daily basis, comprising a large volume of information
that is continuously growing. All the contents of the digital edition of

1 https://www.boe.es/diario_borme/.
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(ABSORBING COMPANY)
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(ABSORBED COMPANY)

Published in: " BORME " no. 190, pages 7961 to 7961 (1 p.)
Section: SECTION TWO - Announcements and legal notices
Pulled apart: MERGERS AND ABSORPTIONS OF COMPANIES
Reference: BORME-C-2021-6541

@ poe @

TEXT

In compliance with the provisions of article 43 of Law 3/2009, it is made public that by the extraordinary and universal General

Meeting of partners of the company
partner of the company

by
succession , the entire equity of
extinguished.

held on September 22, 2021 and by the latter company , as sole

it was agreed to approve the merger of both companies, through the absorption of
acquiring

(absorbed), and the latter being dissolved without liquidation and

(absorbing), by universal

The respective Merger Balance Sheets, closed on June 30, 2021, have been approved.

All partners and creditors of both companies have the right to obtain, by requesting it at their respective registered offices, the full
text of the adopted resolution, the merger balance sheets and complementary documents, as well as the right to object under the terms

established by current legislation.

Madrid, September 22, 2021.- The sole Administrator of

(absorbing),

Fig. 2. Example extracted from the second section of the BORME showcasing an anonymized absorption relation between two corporations. The example has been translated from

Spanish.

the BORME are publicly accessible on the internet, offered in different
formats and organized into two sections:

(i) The First Section of the BORME, called ‘Entrepreneurs’, con-
tains information on entrepreneurs, registered acts, legal acts, company
incorporations, appointments, re-elections, and dismissals of adminis-
trators, to mention some of the most notable operations.

(ii) The Second Section of the BORME, called ‘Announcements and
legal notices’, contains notifications, communications, and legal notices
regarding registered corporations. This section is subdivided into a
series of subsections, among which we highlight: announcements from
the Central Commercial Registry, balance sheets, calls for meetings,
declarations of insolvency, dissolutions of companies, mergers and
takeovers, assignments, capital increases, capital reductions, and other
announcements and legal notices.

The legal acts contained in the First Section are organized by
province, with each block of data following the postal codes of the
respective provinces. In contrast, the publications in the Second Section
follow an alphabetical order by company name. We define all the
corporate relations targeted for exploitation in Section 4.3.

4. Construction of the system

This section describes the implementation of the system, detail-
ing the techniques and resources that have been used to build the
extraction tool. The main objective of the relation extraction tool is
to automate the task of identifying and gathering relevant relations
from the BORME, processing them into structured relations and build-
ing a knowledge-base with structured data. For the task, the system
makes use of several NLP and CV techniques, such as web scrap-
ing frameworks, OCR (Optical Character Recognition), tokenizers, text
normalization, named entity extractors, morphosyntactic tagging, and
finite automata. One of the major challenges concerning the relation ex-
traction tool consists of the unstructured nature of the data contained in
the BORME, from which we aim to collect certain corporate relations.

Fig. 3 illustrates the main four components of the extraction sys-
tem and their interactions using a Unified Modelling Language (UML)
component diagram. As shown in the diagram, the main components
of the system are as follows: (i) the web scraping component, (ii) the
OCR component, (iii) the relation extraction component, and (iv) the
persistence component. We briefly describe these components below.

Data source
BORME
ﬁ Extraction tool
Third party libraries and dependencies
Scrapy Tesseract Spacy NLTK
/
( Components and interfaces
Web OCR Relation Persistence
Scraping extraction
—e 099 0!
L 54 154

Fig. 3. The UML diagram illustrates the main components of the proposed system.
From left to right, the components displayed are: (i) the web scraping component, (ii)
the OCR component, (iii) the corporate relation extraction component, and, finally, (iv)
the persistence component.

(i) The web scraping component is responsible for the web
crawler that handles a list of target web addresses from which to extract
unstructured data. Web scraping frameworks operate by simulating a
web browser to read HyperText Markup Language (HTML) code and
extract the relevant content. The content is returned as unstructured
data for further processing by the subsequent components. An example
of the content of the HTML code is shown in Fig. 2. Additionally,
the web scraping component is able to download Portable Document
Format (PDF) files associated with the target web address.

(ii) The OCR component is used to extract unstructured data from
the PDF files. This process aims to digitize text using artificial intelli-
gence techniques [26]. In the particular case of the BORME website, the
PDF files containing corporate relations are composed of a sequence of
images that need to be processed in order to obtain the underlying text.
We use the OCR component to extract the text contained in the images
through CV techniques.
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(iii) The corporate relation extraction component is the main
component of the information extraction tool, as it encompasses the set
of NLP techniques used to identify and extract corporate relations. This
component consists of a series of subcomponents that run in a cascade
and process the unstructured text originating from HTML code or PDF
files until it is transformed into a structured set of defined corporate
relations. To process and give a defined structure to the information,
we tokenize and lemmatize the text to achieve a standardized format
by applying morphosyntactic taggers. Then, we extract named entities
to identify people, organizations, places, dates, and amounts. Finally,
corporate relations are identified and extracted using finite automata.

(iv) The persistence component stores the extracted relations,
which comprise the structured knowledge-base, as agreed with the tax
agency, for later analysis by the agency’s technicians.

All the components described above are organized in such a way
that each of them implements a service with single responsibility (see
Fig. 3). The objective of such a design is to comply with good software
development practices, more commonly known as the SOLID design
principles [27]. We now further describe the details of each component.

4.1. The web scraping component

The extraction of raw HTML and PDF documents is handled largely
by a web scraping framework named Scrapy. Scrapy? is an open-source
web scraping and web crawling framework written in Python that
allows the implementation of web spiders capable of automating web
content extraction. To launch Scrapy, we first automate the creation
of target Uniform Resource Locators (URLs) following the format of
BORME to indicate the target time window subject to exploitation, and
provide the HTML sections to extract through XPath queries. URLs are
defined as strings that follow the format, https://www.boe.es/borme/
dias/yyyy/mm/dd where y stands for the year specified using 4 digits,
m stands for the 2-digit month, and d stands for the 2-digit day.
Once the target address is set, the content for extraction is specified
using XPath queries that indicate relevant segments of the Document
Object Model (DOM). XPath is a well-known technique for information
extraction in the area of NLP [28].

4.2. The OCR component

The conversion of images contained in PDF files into unstructured
text is performed through the OCR tool Tesseract [16], and its interface
over Python, known as pytesseract.® Pytesseract is a low-level interface
that allows the invocation of the neural networks contained in the
OCR tool in a parameterized way. In its most recent version,* Tesser-
act applies a cascade of algorithms to perform character recognition,
including the detection of blocks to identify the spatial structure of
the document [29] and the identification of isolated lines and char-
acters by means of convolutional neural networks (CNNs) or adaptive
algorithms [16]. Investigations such as those carried out by [30,31]
have confirmed Tesseract as a SOtA OCR tool compared to other OCR
systems, highlighting the good performance of the tool under different
types of resolution, brightness, or font quality conditions.

The detection of blocks and identification of spatial structure are
performed by an iterative block detection algorithm based on the work
of [29], in which the authors describe the inclusion of a measure
to gradually evaluate vertical shifts across the page and estimate the
overlaps between the blocks. Once the blocks are detected, charac-
ters are extracted using CNNs applied to the blocks, as shown in
Fig. 4. CNNs have been extensively used for a wide range of im-
age and video processing and visual perception tasks [32], such as

2 https://scrapy.org/.
3 https://pypi.org/project/pytesserac.
4 https://github.com/tesseract-ocr/tesseract.
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object detection, object classification, pattern recognition, and char-
acter recognition. Behind the remarkable success of CNNs is their
unique capability to extract the underlying nonlinear structures of
images by optimizing parameters of multiple layers with the so-called
translational invariance [33].

Once individual character recognition has been performed, word
recognition and language correctness are improved with linguistic anal-
ysis to determine the coherence of text by employing language mod-
els. Language models learn statistical features to model the prob-
ability distribution over sequences of words [34]. For a sequence
formed by words of length n, language models assign a probability
P(wy,w,, ..., w,) to the whole sequence. Neural language models, or
continuous space language models, use continuous representations such
as word or character embeddings [35] to compute these probabilities.
Usually neural network language models (NNLMs) are constructed and
trained as probabilistic classifiers that learn to predict a probability
distribution P(w; | w,_y, ..., w,_;) Vt € Vocabulary. In this approach, the
network is trained to predict a probability distribution over the vocabu-
lary, given some linguistic context. The learning process is carried out
using standard neural network training algorithms such as stochastic
gradient descent and backpropagation [36].

4.3. The corporate relation extraction component

The relation extraction (RE) component processes the unstruc-
tured natural text obtained from the previous components and extracts
structured relations. This process is performed by following an NLP
pipeline composed of tokenization, morphosyntactic and syntactic pars-
ing, named-entity recognition, and information extraction based on
finite automata [37,38].

A tokenizer is an NLP resource that breaks unstructured text into
chunks of information that can be considered discrete elements. Usu-
ally, tokenization is the first step of NLP architectures, and this process
outputs occurrences of words from a vocabulary represented as vectors.
We follow [39] to tokenize the unstructured text and obtain sequences
of tokens. The tokenization rules are based on spaces and specific rules
for punctuation marks or special characters in the Spanish vocabulary.

The tokenization process is followed by lemmatization and mor-
phosyntactic parsing, following [39,40]. On the one hand, lemmati-
zation consists of the process of grouping together inflected forms
of words so they can be analyzed as single items, identified by the
root of the word (the lemma). On the other hand, morphosyntactic
and syntactic parsing allow access to information about the linguistic
category and dependencies of words (e.g., whether a word is a noun,
pronoun, adverb, determiner, preposition, etc.). That is, the parsing
process refers to categorizing words in a text in correspondence with a
particular part of speech, depending on the definition of the word and
its context.

Once the text is normalized, Named-Entity Recognition (NER) is
used in order to identify people, organizations, places, and expressions
of time and amounts. The area of NER is a subtask of information
extraction in the field of NLP that aims to locate and classify named
entities mentioned in unstructured text into predefined categories [41].
We follow [42] and build a transition-based named entity recogni-
tion system for the identification of the attributes of the relations.
Transition-based entity recognizer systems identify non-overlapping
labeled spans of words and assume that the most decisive informa-
tion about entities is found in proximal words. In the literature of
NLP, transition-based models with global optimization based on en-
tity accuracy loss functions have been extensively exploited for NER.
Transition-based models map structured output construction into an in-
cremental state-transition process, where the score of a whole sequence
of transition actions is trained globally in order to resolve structural
ambiguities. We define the end-to-end labeled span recognition task
as follows: given the processed natural text ¢ and a controlled set of
labels L, the task of end-to-end NER is to identify all span mentions in ¢
and link each of the identified mentions with its corresponding concept
from L.
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Input layer

Pooling layer

Convolution layer

Character classification

Fig. 4. The CNN architecture for character recognition. CNNs include convolution layers and pooling layers through which the feature maps inherit the dimensionality. A final
linear multi-layer perceptron (MLP) classifies the character based on the probability distribution of the whole set of characters [32].

4.3.1. NER component architecture

Following [43], our model applies a shift-reduce parsing approach
in which a stack is employed to store partially processed spans. An
additional memory buffer is used to store unprocessed tokens, and the
learning is framed as predicting the next action given the state of the
parser, which can be either: shift, out, complete, reduce, left-reduce,
or right-reduce. The Shift action moves the first token from the buffer
to the stack, the Out action pops the first token from the buffer, the
Complete action pops the top span of the stack, resulting in a new entity
mention, the Reduce action pops the top two spans from the stack and
concatenates them, the Left-reduce action performs the same operation
as reduce but keeps the second token from the stack, and the Right-
reduce action performs the same operation as reduce but keeps the first
token from the stack.

As stated by [43], when recognizing entity mentions from text, the
set of possible actions for the parser is determined by the parser state,
and not all types of actions are valid. For instance, the actions shift and
out are only valid when the stack contains a buffered token, as they
necessarily require some content to operate on. The parser is trained as
described below to learn the most likely actions from the set of valid
actions.

Given a sequence of N tokens that must be processed, transition-
based neural network NER systems first run a bidirectional LSTM [44]
to derive the contextual representation of each token. For each token in
the sequence, its representation is denoted as: Token = [LSTM (1, ...,
t;); LSTM(t;, ..., t,_,)] where ¢; indicates the concatenation of the em-
beddings for the ith token and the semicolon indicates vector concate-
nation between the forward and backward passing LSTMs. The usage
of pretrained contextual word representations have shown a major
breakthrough in recent NLP research [45].

Then, the representation of spans is summed with the action moves
to obtain the parser states from which the most probable moves are
learned. In this way, the NER system concatenates the representation
of the top three spans from the stack (s0O, s1, s2), as well as the rep-
resentation of the previous actions, and produces a softmax prediction
on the probability distribution of the actions for the next state using a
unidirectional one-layer LSTM.

To train the system, we employ the UD Spanish AnCora v2.5 cor-
pus [46], WikiNER [47], and Spacy Lookups data [48]. The transition-
based LSTM model obtains SOtA results in identifying entity types such
as people, locations, and organizations, offering a global accuracy of
0.89 for the entire set of target categories [40]. Table 1 provides a
summary of the datasets and their respective NER labels.

4.3.2. RE component architecture

Applications from the information extraction domain require a com-
plex understanding of the semantic relations between the entities in-
volved. Though NER components are able to automatically label and

extract entities with high accuracy, the entire relation extraction pro-
cess is a more complex task than mere entity recognition. For successful
relation extraction, the system not only needs to recognize a relevant
piece of text but also understand the semantic properties needed to
correctly extract the semantic relation. In the present work, a relation
is defined in the form of a tuple, where the full set of 23 relations
and their attributes is defined as shown in Tables 2 and 3. Thus,
the tuple is composed of a first payload denoting the relation type,
and a second payload denoting its attributes. In coordination with
the Treasury and Finance Department of the Provincial Council of
Gipuzkoa, we configured this predefined set of 23 relevant corporate
relations and their respective attributes.

The work of [49] describes different alternatives for relation extrac-
tion systems, and the present work exploits the kernel tree approach to
extract relations from processed syntactic trees (See Fig. 5). Compared
to other approaches, kernel tree models analyze the shallow parse
tree or the dependency parse tree built upon the sentence for relation
extraction. Thus, once the NER labels are added to the parse tree, the
application makes use of finite state automata to identify the keywords
predefined in a lookup dictionary that collects the most relevant opera-
tions contained in the Official Gazette of the Commercial Registry. Once
the root among the parse tree tokens is identified, the finite automata
gathers the attributes for the identified corporate relation as shown in
Tables 2 and 3. The NER labels of the tokens are used to extract the
related attributes from the subsuming nodes of the tree.

As shown by [49], kernel trees are a rather straightforward ap-
proach for relation extraction that achieves accurate results, although
they also have some limitations: (i) the method is complex to generalize
if new relations are to be extracted, and (ii) the method requires a
shallow or dependency parse tree to work on and is, consequently,
prone to propagate preprocessing pipeline errors.

4.4. The persistence component

The persistence component enables grouping the relations by type
and generating a structured knowledge-base containing all corporate
relations through a common interface. Thus, relations can be saved
in different formats, such as comma-separated values or relational
databases, as long as they follow the schema described in Tables 2 and
3.

5. Results and evaluation

To evaluate the performance of the information extraction system,
we exploited the date range of the BORME between 2019/01/01 and
2020/04/17. We performed a massive extraction of all web addresses in
the defined time period and attempted to collect all corporate relations
within the frame. We manually checked all the extracted relations by
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Table 1
Summary statistics for the NER datasets.
Dataset # Tokens NER labels
Organization  Location  Person Number Date  Other

Spanish AnCora v2.5 547,203 X X X X X X
WikiNER 254,787,200 X X X X X
Spacy Lookups 14,995 X X X X

In < Adposition > ( Preposition )

compliance < Noun > ( Preposition object )

with < Adposition > ( preposition )

the < Determiner > ( Determiner

provisions < Noun > ( Preposition object )

of < Adposition > ( Preposition )

article < Noun > ( Preposition object )

43 < Numeral > ( Pronominal quantifier )

of < Adposition > ( preposition )

Law < Proper noun > ( Preposition object )

as < Subordinating conjunction > ( Preposition )

side < Noun > ( Compound )

partner < Noun > ( Preposition object )

of < Adposition > ( Preposition )

the < Determiner > ( Determiner

company < Noun > ( Preposition object )

Anonymized < Proper noun > ( Preposition object )

it < Pronoun > ( Nominal subject (passive) )

was < Auxiliary > ( Auxiliar (passive) )

agreed < Verb > ( Root )

to < Particle > ( Auxiliar )

approve < Verb > ( Open clausal complement )

Fig. 5. Result of tokenizing and parsing the text contained in Fig. 2. Words are listed along their part-of-speech tag and their corresponding universal sentence dependencies.

Table 2

Structure of the 16 corporate relations extracted from the first section of the BORME.

Capital ¢ stands for Corporation.

Corporate relation type

Attributes of the relation

Expansion of the corporate purpose
Change of C. name

Change of registered office

Unique partner identity change
Global transfer of assets and liabilities

Incorporation of C.

Payment of capital calls
State of insolvency
Split-off

Extinction

Errata sheet

Mergers by absorption
Non-approval of accounts
Appointment

Reelection

Revocation

C., New corporate purpose, Date

C. before change, C. after change, Date
C., New registered office, Location, Date
C., New unique partner, Date

Assigner C., Assignee C., Date

C., Corporate purpose, Address,

Start operations, Location, Capital, Date
C., Payment, Date

C., Date

Divided C., Receiving C., Date

C., Date

C., Text, Date

Acquiring C., Acquired C., Date

C., Fiscal year, Date

C., Appointed person, Position, Date

C., Reelected person or C., Position, Date

C., Revoked person, Position, Date

comparing both the correctness of the relations and the correctness of
the attributes against the explicit contents of the BORME.

Tables 4 and 5 show the type and number of relations extracted
from the first and second sections of the BORME for the province of
Gipuzkoa in the specified date range. Specifically, 1,056 relations were
extracted from the first section of the BORME and 268 relations from
the second section.

Table 3
Structure of the 7 corporate relations extracted from the second
section of the BORME. Capital ¢ stands for Corporation.

Corporate relation type Attributes of the relation

Absorption Absorbing C., Absorbed C., Date

Capital increase C., Capital, Date

Transfer Assigner C., Assignee C. , Date
Dissolution C., Date
Liquidation C., Date
Reactivation C., Date

Capital reduction C., Capital, Date

Table 6 reports the results of the evaluation of the performance
of the information extraction system. This table shows the detailed
results for each of the types of relations extracted from the first and
second sections of the BORME, indicating the total number of relations
extracted (Rels), the number of relations extracted correctly (True
Positive or TP), the number of incorrectly extracted relations (False
Positive or FP) and the precision of the extraction system (P). This
precision is calculated according to Eq. (1) which follows SOtA in the
field of information extraction [50]. Moreover, relations are considered
to be extracted incorrectly if the relation type or the attributes of the
relation are not correct.

p=_TIP .
TP+FP
Macro P = M o
Number relations
Instances,.,;4;
Micro P = Z e relation (3)
relations Total Instances
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Table 4
Number and proportion of relations extracted from the first section of
the BORME between 2019/01/01 and 2020/04/17 for the province of

Gipuzkoa.
Relation type # Rels Per-unit
Expansion of the corporate purpose 70 0.07
Change of corporation name 71 0.07
Change of registered office 121 0.11
Unique partner identity change 72 0.07
Global transfer of assets and liabilities 86 0.08
Incorporation of corporation 94 0.09
Payment of capital calls 9 0.01
State of insolvency 67 0.06
Split-off 45 0.04
Extinction 80 0.08
Errata sheet 31 0.03
Mergers by absorption 50 0.05
Non-approval of accounts 63 0.06
Appointment 115 0.011
Reelection 18 0.02
Revocation 64 0.06
Total 1,056 1

Table 5

Number and proportion of relations extracted from the second
section of the BORME between 2019/01/01 and 2020/04/17
for the province of Gipuzkoa.

Relation type # Rels Per-unit
Absorption 69 0.26
Capital increase 62 0.23
Transfer 31 0.12
Dissolution 9 0.03
Liquidation 5 0.02
Reactivation 24 0.09
Capital reduction 68 0.25
Total 268 1

Overall results indicate that the precision of the system is high
for all the relations and attributes extracted, as the macro-precision is
0.983 (Eq. (2)) and the micro-precision is 0.99 (Eq. (3)). The relations
that have shown greater difficulty for extraction compound to split-
offs (0.977), state of insolvencies (0.971), absorptions (0.942), transfers
(0.935); and especially capital increases and reductions, with a 0.854
and 0.882 precision respectively.

We performed an in-depth error analysis of the incorrectly extracted
relations and observed that most of the cases correspond to the in-
correct identification of the ‘amount’ attribute. We noted that in this
particular kind of incorrect extraction, the system fails to correctly
analyze quantity data, as the attribute is given in non-standard ways,
combining numerical and textual descriptions (e.g., ‘3 thousand’ in-
stead of ‘3000’ or ‘three thousand’). Other errors relate to corporation,
beneficiary, or person name identification issues inherited from NLP
resources (e.g., company or person name partly identified). Although
some relations, such as capital reductions and increases, show lower
precision, the system demonstrates a high overall precision rate, in-
dicating that an effective extraction system can be developed using
NLP and CV techniques to generate a knowledge-base composed of
corporate relations.

6. Conclusions and future work

Tax fraud is a criminal activity that causes significant income loss
for public institutions. The clandestine nature of tax evasion makes it

Knowledge-Based Systems 311 (2025) 113026

Table 6

Precision of the relation extraction system for the first (above double line) and second
sections (below double line) of the BORME between 2019/01/01 and 2020/04/17 for
the province of Gipuzkoa.

Relation type # Rels # TP # FP P

Expansion of the corporate purpose 70 70 0 1
Change of corporation name 71 71 0 1
Change of registered office 121 121 0 1
Unique partner identity change 72 72 0 1
Global transfer of assets and liabilities 86 86 0 1
Incorporation of corporation 94 94 0 1
Payment of capital calls 9 9 0 1
State of insolvency 67 65 2 0.971
Split-off 45 44 1 0.977
Extinction 80 80 0 1
Errata sheet 31 31 0 1
Mergers by absorption 50 50 0 1
Non-approval of accounts 63 63 0 1
Appointment 115 115 0 1
Reelection 18 18 0 1
Revocation 64 64 0 1
Absorption 69 65 4 0.942
Capital increase 62 53 9 0.854
Transfer 31 29 2 0.935
Dissolution 9 9 0 1
Liquidation 5 0 1
Reactivation 24 24 0 1
Capital reduction 68 60 8 0.882

difficult to quantify this loss, although the most conservative estimates
place it at around 5% of world GDP. The fight against tax fraud
requires technological tools that enable the investigation and validation
of data from multiple sources, such as tax agencies and unstructured
knowledge-bases from external sources, to detect inconsistencies or
patterns that can help identify possible sources of tax fraud.

Our work contributes to the fight against tax fraud by introducing an
automated corporate relation extraction system capable of processing
large volumes of unstructured data from official sources. The con-
struction of such a knowledge-base responds to a need raised by the
Treasury and Finance Department of the Provincial Council of Gipuzkoa
which required a procedure to cross-reference existing tax information
from the agency with data available in the Commercial Registry in
order to identify possible inconsistencies. To this end, we construct
and evaluate a relation extraction system capable of generating 23
structured corporate relations from unstructured sources, such as the
BORME. The tool is composed of NLP and CV technologies that enable
fast processing of large volumes of data, helping to automate the task
for expert human auditors. The system has demonstrated high precision
across all extracted relations underscoring its potential as a valuable
resource in automating tax fraud detection efforts.

The extraction system is based on four components that run in
a waterfall model and generate structured corporate relations from
unstructured web sources. We manually evaluate the system by veri-
fying the extracted relations with regard to the original content in the
BORME and demonstrate that our system attains high precision for all
23 relations and their attributes, indicating that the relation extraction
system is a valuable resource in the fight against tax fraud.

For future work, it would be appropriate to incorporate new sub-
systems into the current extraction tool to increase its coverage and
precision, including additional corporate relationships and attributes.
Likewise, it would also be worthwhile to expand the geographical scope
and the evaluation period, and to design automated procedures to speed
up the manual evaluation, since the human effort required for this task
is substantial. An exploratory analysis of how many relation mentions
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were missed by the trigger-phrase-based RE approach, which requires
a large amount of manual effort, is also a line of future work.
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