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Abstract: In an era marked by digitization and automation, extracting relevant information from business
documents, like electricity invoices, remains a major challenge. To address this, we need to use machine-learning
techniques to automate the process, reduce manual labor, and minimize errors. This work introduces a new
method for extracting key values from this type of invoice, including customer personal data, bill breakdown,
electricity consumption, or marketer data. We evaluate several machine learning techniques, such as Naive
Bayes, Logistic Regression, Random Forests, or Support Vector Machines. Our approach uses a bag-of-words
strategy and custom-designed features specifically tailored for electricity data. We tested the method on the
IDSEM dataset, which includes 75.000 electricity invoices with eighty-six different fields. The method converts
PDF invoices into text and processes each word separately using a context of eleven words. The results of
our experiments indicate that Support Vector Machines and Random Forests perform exceptionally well in
capturing numerous values with high precision. The study also explores the advantages of our custom features
and evaluates the performance of the model on unseen documents. The precision obtained with Support Vector
Machines is 91,86%, peaking at 98,47% for one document template. These results demonstrate the effectiveness

of our method in accurately extracting key values from invoices.

Keywords: electricity invoice; information extraction; semi-structured document; machine learning; support

vector machine; random forests; decision tree; logistic regression

1. Introduction

Extracting information from semi-structured documents is essential in many business processes,
as organizations often need to automatically retrieve data from documents to feed their Enterprise
Resource Planning (ERP) systems. This is typically done manually, which is a time-consuming task
prone to errors. This problem has been a topic of interest in machine learning and data science for
many years. The complexity of invoice formats and the variability in data presentation make this a
challenging task.

Electricity invoices, in particular, are a special type of business document that contains rich
information. Electricity markets are complex since they usually serve millions of customers, involve
various types of stakeholders, such as marketers and distributors, and are subject to specific national
regulations. This complexity is reflected in the bills, which include diverse and abundant data. Many
marketers issue numerous bills every month with different contents and layouts.

There exist several commercial applications, such as DocParser [1], ITESOFT, or ABBYY, that
facilitate the task of information extraction. They allow invoice information to be retrieved automatically,
although they typically require the users to configure template bills manually. This information is
incorporated into databases, which later permit to identify and process similar invoices. Nevertheless,
it does not scale well to new types of documents. Furthermore, actual machine learning techniques are
usually designed to recover a few generic fields, such as invoice numbers or total amounts, so even if
commercial solutions exist, this problem is not solved yet. The main difficulty arises from the diversity
of documents related to the content and layout variability. Current methods for invoice processing

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.


https://orcid.org/0000-0001-8514-4350
https://orcid.org/0000-0002-8368-7324
https://doi.org/10.20944/preprints202405.1564.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 May 2024 d0i:10.20944/preprints202405.1564.v1

2 of 22

typically rely on a combination of Optical Character Recognition (OCR), Natural Language Processing
(NLP), and machine learning methods.

Recently, a new database of electricity invoices, called IDSEM [2], has been released. This dataset
was created randomly using information from the Spanish electricity market, based on regulations
and statistical data. It consists of 75.000 invoices separated into a training and a test directory. One
interesting characteristic of this dataset is that it uses eighty-six different labels, which is significantly
more than many other similar datasets.

We propose a method for extracting information from invoices using a bag-of-words approach
and standard machine learning techniques. The bag-of-words approach relies on Term Frequency and
Inverse Document Frequency (TF-IDF) features [3]. By analyzing the frequency of words, we can
determine their importance within the context of the invoice. Then, we categorize each word into
five groups based on its format: whether it is numeric or alphanumeric, has a predefined format (e.g.,
money or postal codes), is a measurement unit (e.g., kW or €/kW), includes capital letters, or contains
punctuation marks.

This study evaluates the performance of various classification techniques, including Naive Bayes,
Logistic Regression, Support Vector Machine (SVM), and Random Forests, in processing electricity
invoices. Initially, invoices are converted from PDF to raw text. Then, a context of five preceding
and succeeding words is extracted, creating lists of eleven-word sentences. This approach allows for
the classification of all words in the document, using a sliding window, with consecutive sentences
differing only in the first and last words. These sentences are further processed using TF-IDF and our
custom-designed features before being classified with one of the machine learning techniques.

The experimental results provide a comparative analysis of the performance of various techniques.
They show that Support Vector Machines achieve the highest precision (91.86%), closely followed by
Random Forests (91.58%). The study also examines the performance of methods on documents similar
to the training set and on new unseen documents. The results indicate that Random Forests shows
better adaptability to new documents.

Both methods demonstrate high precision in classifying the majority of labels. Over 41.4% of
labels have precision rates exceeding 99%, while another 31.3% has precision rates above 90%. The
experiments further investigate the advantages of the bag-of-words approach and custom features. While
using only the bag-of-words approach falls short of achieving high precision, the successive integration
of custom features proves crucial for enhancing the performance of methods. The best results are
obtained for the combination of both types of features calculated for the eleven words of the sentences.

Section 2 describes similar methods and summarizes the state-of-the-art. The dataset and the
method are described in Section 3 with some details about the experimental design and the libraries
used for implementation. The experimental results, in Sect. 4, analyze the performance of the methods
using standard metrics, such as precision, recall, and F1-scores, paying special attention to the influence
of the features and the precision to unseen data. We discuss the results of the method and some future
works in Section 5.

2. Related Work

Information extraction is an active research field with applications in various domains such as
historical document analysis, web content mining, or business document processing. Over the past
two decades, researchers have proposed many methods to tackle this problem, with more interest in
machine learning techniques nowadays.

Multiple datasets and benchmarks have played an important role in advancing this field. For
instance, the SROIE dataset [4], one of the earlier receipts datasets, contains 1.000 scanned receipt
images and annotations with a training set of 600 images and a test set of 400 images. It is used for
three main tasks: text localization, OCR, and key information extraction. Another receipts dataset is
CORD [5], which contains thousands of Indonesian receipts, including images and text annotations for
OCR, as well as multi-level semantic labels for parsing.
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Several datasets have been designed to understand general forms, like the FUNSD [6] dataset which
is composed of 199 fully annotated scanned forms and aims at extracting textual content. XFUND [7],
on the other hand, is a multilingual benchmark for form understanding, including samples in seven
languages, and provides human-labeled forms with key-value pairs enabling the evaluation of algorithms
across diverse languages and layouts.

Other business document datasets include the IDSEM dataset [2], which contains 75.000 syntheti-
cally generated invoices related to electricity consumption in Spanish households. It is unique for the
number and variety of labels it has. Each invoice includes rich information about customers, contracts,
electricity consumption, and billing data. The DocILE [8] dataset includes over 6.700 annotated
business documents, both manually labeled and synthetically generated. It provides annotations for
fifty-five classes, covering various business document layouts. More recently, the benchmark proposed
in [9] provided two new datasets, HUST-CELL and Baidu-FEST, that aim to evaluate the end-to-end
performance of complex entity linking and labeling, containing various types of documents, such as
receipts, certificates, licenses of various industries, and other types of business documents.

The first methods for extracting information from invoices involved user-defined templates and the
use of rules. This was the case of SmartFIX [10], which was among the earliest systems in production
for processing business documents, ranging from fixed-format forms to unstructured letters. The work
proposed in [11] presented a method for automatically indexing scanned documents eliminating the need
for manual configuration. The authors leveraged document templates stored in a full-text search index
to identify index positions that were successfully extracted in the past. The authors of [12,13] proposed
an incremental learning approach based on structural templates. The document was recognized by an
OCR and then classified according to its layout. The fields were extracted using structural templates
learned from the layout. The lack of information detected by the users was used to improve the
templates in an incremental step.

Another group of methods relied on custom-designed features and shallow machine-learning
techniques. Omne example was Intellix [14], which was based on TF-IDF features and K-Nearest-
Neighbors (kNN). In our work, we use a similar approach but we use a large variety of features and more
powerful classification techniques. Another example was the method presented in [15], which converted
documents to JPEG images and extracted word tokens through an OCR system with their positions.
For each query field, they filtered a subset of tokens as candidates, depending on their types. For the
prediction step, the method relied on a gradient-boosting decision tree model. In the experiments, we
demonstrate that other classifiers, like Random Forest or SVM, provide better results than decision
trees in general.

Information extraction can also be carried out through Named Entity Recognition (NER) [16],
which is a typical step in any NLP pipeline. In this case, words in the text are tagged with specific
labels. Some typical examples [17] relied on Long Short-term Memory (LSTM) neural networks [18,19].
The method proposed in [20] compared two deep learning approaches, the first based on an NER
strategy using a context of words around each label, and the second based on a set of features, similar
to those of CloudScan [21]. This second method provided similar results with less data for training. In
the preliminary work presented in [22], the authors obtained high accuracy for a reduced set of labels
using the IDSEM dataset. They also used an NER strategy that allows identifying certain labels in the
text. The implementation was carried out through a neural network based on the Transformer [23]
architecture.

During the last few years, there has appeared several methods based on deep-learning techniques.
Various approaches [24,25] combined convolutional neural networks (CNN) with a spatial representation
of the document using a sparse 2D grid of characters. This allowed for capturing the semantic meaning
and the spatial distribution of texts. The work presented in [26] operated on PDF or document image
inputs and produced extracted string outputs. It was based on dilated convolutions for creating attention
logits for each memory slot. The method proposed in [27,28] presented a multi-modal end-to-end
information extraction framework based on visual, textual, and layout features. It combined a CNN and
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an LSTM to detect and recognize text in the images. The multi-modal features were then embedded
into a self-attention mechanism, similar to the Transformer architecture, to build relations among
the modalities. The work in [29] proposed an end-to-end framework that unified the tasks of OCR
and information extraction. Their method employed contrastive learning to bridge the semantic gap
between these two tasks and was also based on CNN and LSTM.

Recurrent Neural Networks (RNN) have also been employed for information extraction from
business documents, such as in [30], which proposed an approach for table field extraction. This
method directly tagged each token in the document, operating on the sequence of document tokens
obtained from an OCR system. CloudScan [21] leveraged an LSTM network, capturing long-range
context. It extracted words and their positions in the document, relying on thirty textual, numeric,
and boolean features.

There are various methods employing the Transformer [23] architecture. XLNet [31], for instance,
integrated ideas from Transformer-XL [32], a special architecture that enabled learning for longer-length
contexts, into pre-training. It introduced a novel approach that combined the strengths of auto-regressive
pre-training methods and bidirectional context learning. DocParser [1] was an end-to-end solution that
was based on a Swin Transformer [33] that comprised a visual encoder followed by a textual encoder.
It directly extracted information from the visual content without relying on OCR. BERTgrid [34], on
the other hand, represented a document as a grid of contextualized word-piece embedding vectors.
These vectors were retrieved from a BERT [35] language model. It was employed in conjunction with
a fully convolutional network for a semantic instance segmentation task, specifically extracting fields
from invoices. More recently, several methods [36-38] relied on multi-modal pre-training models that
addressed the challenge of integrating text and images in a unified model. The work proposed in [39]
additionally introduced a multi-modal framework that explicitly modeled geometric relations during
pre-training. It combined vision and text-layout modules in parallel with co-attention layers. The text
module was fed by extracting characters through an OCR.

Graph Convolutional Networks (GCN) have also been used for information extraction. For instance,
the method in [40] proposed a GCN that combined textual and visual information. Graph embeddings
captured context within text segments, which were then integrated with text embeddings for entity
extraction. Another method that combined a GCN with a Transformer architecture was given in [41].
It introduced an approach for extracting information using multi-modal data based on text and images.
The authors leveraged a graph-based representation for form documents by constructing a graph where
nodes corresponded to tokens and edges connected pairs of tokens. The proposed method unified
self-supervised pre-training for all modalities.

3. Materials and Methods

In this section, we explore the IDSEM dataset, providing some statistics about the labels. Then,
we explain the transformation of data from PDF invoices into the training sentences. We define the
TF-IDF and our custom features, and the machine learning methods used for classification. We outline
the experimental design with the metrics employed and, finally, provide some implementation details.

3.1. IDSEM Dataset

The IDSEM dataset [2] contains 75.000 electricity invoices in PDF format, with 30.000 in the
training set and 45.000 in the test set, for which the ground truth values are not publicly available.
Each invoice is defined with eighty-six labels related to customer data, the electricity company, the
breakdown of the bill, the electricity consumption, etc. This dataset is available at Figshare [42].

The labels are defined with a code starting with a letter (A-N) and a number for each label in the
group. Table 1 summarizes the groups of labels of the dataset and appendix 7 details the meaning of
each label.
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DATOS DE LA FACTURA

ATENCION AL CLIENTE: CONSULTAS, GESTIONES Y RECLAMACIONES 24 HORAS

IMPORTE FACTURA: 191,32 €

= Atencion al cliente (oratuto) winw cdpenergi esleifarfasreguiadas.

AP fchur: 08475477607 e RIS C
Fecha de cargo: 12 de febrero de 2016 EOP ESPANA‘ SA esva;’uneuaa al ssen Para ampliar la informacion pueden ser tratadas a ravés del

Forma de pago: Domicil
Entidad: 8826 Sucursal: 0963

C: 53 Cuenta Corriente: 936217+

Villasehor Talavera

1BAN: ES88262009615393621
A Cod Mandat: EXOLSFITTIETIH2IS40062004
50512 Torrellas Version:
Zaragoza

54 pag o0 st con ofcomesponciont spurt bancari

DESTINO DEL IMPORTE DE LA FACTURA

5 Por potencia contratada 3170€ El destino del importe de su factura, 191,32 euros, es el siguiente:
g Por energia consumida 13555€
H Impuesto electricidad 855€

Alquiler equipos de medida y control 301€

1GIC reducido (79) 1231€

IGIC normal  (6.5%) 020€

J / N XXX € . Incentivos alas energias renovables, cogeneracion y residuos

impuestos
‘aplicados,

:
H

XX XX €
TOTAL IMPORTE FACT! Z
LI PRORTEEACTON ERDaY Coses XXX€  Coste de redes de transportey distribucion
INFORMACION DEL CONSUMO ELECTRICO XXXE
Costedo pmd\ncléﬂ
Consumoenel oo Evolucion del consumo 6
erodo lano XXX€ Otros costes regulados (incluida la anualidad del défici)
Do ona 2an @ de comercialzacion
Lectra aneror =
=) szassion = Alos importes indicados en el diagrama debe anadirse, en su caso, el importe del alquier de los equipos de medida.y contral asi como
| 5o los conceptos no energeéticos.
Lecura sctal =

2868k

Q
- DETALLE DE LA FACTURA

5 I I I I Facturacicn por potencia contraada: Comprende dos conospos: pesi de acceso
500 kWh =n

o3 kW contratados por e precio del érmino de potencia el peaje de acceso y el nimero de dias del periodo de facturacion) y
m MARAY 20 34 GO SEP OCT oW O ENE 68 W la facturacion por margen de comercializacion fjo

Imporie por peaje de acceso:

4,63 KW x 37,921697 EurlkW y afio x (60/366) dias.
Importe del término fijo de los costes de comercializacion:
4,63 KW x 3,848763 EurkW y o x (60/366) dias.

878€

292€
aL70€
los

Facturacion por
A | baTos bEL conTrATO eWh consumicdos en e periodo e facturacion por el precio del trmino de eneraia del peaje e acceso y 1 facturacion por
— coste de la energia (resultado de multiplicar los kWh consumidos por el precio del término del coste horario de energia del
PUPC sin discriminacion horara),

——— K/J/MI/N
b it o

Importe por coste de la energia (%)
500 KWh x 0,131483 EurkWWh (+)

Fecha emision factura: 09 de febrero de 2016

Peaje de acceso: 204
Titular del contrato: Carina Vilasefor Talavera

Nimero de contador: 634199574

NIF: 298773258 Potencia contratadas 4,628 kW
Direccion de suministro: GC-1, Torrelas, Zaragoza Referencia del contrato de suminisiro: 7677394623215

s981€

52. Domic

TIPO DE CONTRATO: PVPC sin discriminacion horaria.

TIPO DE CONTADOR: Contador inteligente
Facturacion por consumo real horario.

eso
de Chuilla, S.L.): 270874534606

Fecha fin de contrato: 07 de febrero de 2016
(renovacion anual automatica)

Codigo unificado de punto de suministro (CUPS):
£55134661062462407FCBK

65.74€
13555€
Subtotal 16725€

EOP ESPANA, SA. I
o

Impuesto
suministrada
Impuesto electricidad ( 167,25 X 5,127 % )

B / E Alquiler de equipos de mediday control. o

Alquiter equipos de medida y control (60 dias x 0,050164 Eurdia) 301€
Subtotal otros conceptos

Importe total

IGIC: Impuesto General Indirecto Canario al tipo del 7%  6.5%

1GIC reducido (7%) 7% s/ 175,80

1GIC nomal (6,5%) 65% s/ 301

al tipo del 5,127

855€

1156¢
17881€

1231€
020¢

TOTAL IMPORTE FACTURA

191.32€

{mporte a que hublra ascenddo su factura en caso de haberse aplicado e st de modaldades de discmInacon horaria isponibles
Modalidad con discriminacion horaria en dos periodos (peaje 2 0DHA): X)
NoGaliad con iechminacin heran en s perodos (beae 5.0DHS) XIE.

7
del

Figure 1. Layout of an electricity invoice. Blue boxes group the main contents of the document,
organized by the marketer information (C), customer data (A), bill amounts (J, N), electricity
consumption (I), contract information (F, G), and the breakdown (B, E). Source: Sdnchez et al. [2]

Table 1. Groups of labels of the IDSEM dataset. The first column shows the letter code that

identifies each group, the second column summarizes the contents of the labels in the group, and the
third column enumerates the total number of labels.

S

Description #labels

Customer who receives the invoice letter 6
Customer data as stated in the contract 6
Marketer data 14
Distributor data 5
Contract information

©

General information about the invoice 8
Customer financial information 10
Energy consumption information 3
Summary of invoice breakdown 5
Detailed invoice breakdown 10

Other billing items, like equipment rental 2
Taxes 8

Z ENucHQTMENUOQmE>

The dataset includes a training directory with six sub-directories for different template documents.
Each directory has 5.000 invoices in PDF format and their corresponding JSON files with the labels
and their true values. The test directory contains nine sub-directories with nine different templates,
three of them completely different from the training set. These allow us to study the behavior of the
method to unseen data.

Figure 1 depicts two pages of an invoice from the dataset. Blue boxes relate the groups of labels
and their position in the document.
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Table 2. Number of times that each label appears in the documents of the training set.

Labels #Occurrences ‘ Labels #Occurrences ‘ Labels #Occurrences
c1 115.000 C9, M4 90.000 C8, N4, N6 60.000
2, J2 50.000 B3, CC, E2 40.000 At, B1, It 30.000
CD, F2 20.000 D9, E7, F4 10.000 ES, G6, K4 5.000

Table 2 shows the frequency of occurrence of several labels in the documents of the training set.
For example, the label C1, corresponding to the marketer’s name, appears 115.000 times. Therefore,
this information appears multiple times in each invoice. On the other hand, label E8, which corresponds
to the National Classification of Economic Activities Code (CNAE), appears 5.000 times. In this case,
the label appears only in one template of the training set. Additional statistics for all the labels can be
found in Appendix 8.

3.2. Data Conversion

Similar to other approaches [21], our method converts the input data into text using a PDF-to-text
converter. The end-of-line character is replaced by a special code, #eol, to ensure the invoice is treated
as a continuous list of words. We generate eleven-word sentences, using a sliding window of one word
between consecutive sentences. The label is associated with the central word of the sentence. Our
method is complete in the sense that it predicts a label for every word in the document.

We utilize a special label, 00, standing for other, to classify sentences for which the central word
does not match any label in the dataset. We generate a training file for each template directory, with
the contents of fifty invoices, resulting in six training files with a total of 300 unique documents.

These files consist of tuples with two fields: an eleven-word sentence and the label code for the
central position of the sentence. Therefore, the number of sentences coincides with the total number of
words. For this process, we use the annotated files of the training set, which include the code of the
labels around each key value. We parse the file contents, remove the annotations from the text, and
generate the tuples. A fragment of a training file in our format is shown in Table 3.
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Table 3. Fragment of a training file. We create a file with a list of tuples obtained from an annotated
PDF file. Each tuple contains a sentence of eleven words from the bills and the label code that
corresponds to the central word (in bold letters). Sentences are created with a one-word sliding

window. The label 00 is used for words that do not correspond to any label in the dataset.

Sentence Label
FACTURA #eol IMPORTE FACTURA : 191,32 #eol N° factura : ID8475477607 J5
#eol IMPORTE FACTURA : 191,32 #eol N° factura : ID8475477607 #eol 00
IMPORTE FACTURA : 191,32 #eol N€© factura : ID8475477607 #eol K 00
FACTURA : 191,32 #eol N© factura : ID8475477607 #eol K #eol 00
: 191,32 #eol N factura : ID8475477607 #eol K #eol Referencia 00
191,32 #eol N° factura : ID8475477607 #eol K #eol Referencia : F1
#eol N° factura : ID8475477607 #eol K #eol Referencia : 724759220605 /7202 00
N° factura : ID8475477607 #eol K #eol Referencia : 724759220605/7202 Periodo 00
factura : ID8475477607 #eol K #eol Referencia : 724759220605/7202 Periodo de 00
: ID8475477607 #eol K #eol Referencia : 724759220605/7202 Periodo de consumo 00
ID8475477607 #eol K #eol Referencia : 724759220605/7202 Periodo de consumo : 00
#eol K #eol Referencia : 724759220605 /7202 Periodo de consumo : 9/12/2015 F2
K #eol Referencia : 724759220605/7202 Periodo de consumo : 9/12/2015 a 00
#eol Referencia : 724759220605/7202 Periodo de consumo : 9/12/2015 a 7/02/2016 00
Referencia : 724759220605/7202 Periodo de consumo : 9/12/2015 a 7/02/2016 Fecha 00
: 724759220605/7202 Periodo de consumo : 9/12/2015 a 7/02/2016 Fecha de 00
724759220605/7202 Periodo de consumo : 9/12/2015 a 7/02/2016 Fecha de cargo F4s
Periodo de consumo : 9/12/2015 a 7/02/2016 Fecha de cargo : 00
de consumo : 9/12/2015 a 7/02/2016 Fecha de cargo : 12 F5s
consumo : 9/12/2015 a 7/02/2016 Fecha de cargo : 12 de 00
: 9/12/2015 a 7/02/2016 Fecha de cargo : 12 de febrero 00
9/12/2015 a 7/02/2016 Fecha de cargo : 12 de febrero de 00
a 7/02/2016 Fecha de cargo : 12 de febrero de 2016 00
7/02/2016 Fecha de cargo : 12 de febrero de 2016 #eol G3
Fecha de cargo : 12 de febrero de 2016 #eol #eol G3
de cargo : 12 de febrero de 2016 #eol #eol EDP G3
cargo : 12 de febrero de 2016 #eol #eol EDP ESPANA G3
: 12 de febrero de 2016 #eol #eol EDP ESPANA |, G3
12 de febrero de 2016 #eol #eol EDP ESPANA | S.A 00

In this example, we observe that various sentences refer to a single label value, such as the total
amount (J5), the invoice number (F1), or various dates (F4s and F5s), and several sentences refer to
the same label, such as the due date (G3). Label 00 appears with high frequency since the central word
of many sentences does not correspond to any label.

3.8. Definition of Word-Level Features

We employ a bag-of-words approach based on TF-IDF [3] features. Due to the limited vocabulary
of electricity invoices, this method utilizes a reduced number of tokens. In the experiments, we found
that using single words and bi-grams improved classification precision. Furthermore, the vocabulary
obtained by the TF-IDF estimator using the training data contains many irrelevant words. Therefore,
we define a dictionary of stop-words to improve the performance of this technique. This dictionary
includes articles, prepositions, pronouns, and other frequent words that are present in electricity invoices
but are not relevant for classification.

These features are not sufficient for achieving high scores due to the limited number of words
per sentence and the significant overlap between consecutive sentences. To address this issue, we
have designed a set of custom features that enable us to generate more distinctive data. One of these
features is based on the type of word, i.e., whether it contains alphabetic, numeric, or alphanumeric
characters, or it is a decimal number. Another feature is related to the format of the word, checking if
its structure resembles money, email or web addresses, Spanish identity card numbers, postal codes, or
date formats. We have also included features that provide information about different units, such as
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money (Euro symbol and other currency-related words), kilowatt (kW), kilowatt-hour (kWh), day and
month periods, and the percentage symbol. Additionally, we have incorporated a feature to identify
capital letters, which are often relevant in various contexts. Finally, we have defined another feature
to identify punctuation symbols, such as colons, semicolons, or periods, as they often convey relevant
information, especially in tabular data.

These features are tailored to characterize the kind of words that we usually find in electricity
invoices and are associated with the information we want to extract. These are specially designed for
the Spanish locale, although they can be easily generalized for other regions. Table 4 summarizes the
custom features.

Table 4. Custom features. The method relies on five custom features that are calculated for
each word in the training sentences. These features model different aspects of the words that help
characterize the information to be extracted. The first column defines the type of data and, the

second column, the specific values to be characterized.

Feature type List of analyzed terms

Word type Alphanumeric, Alphabetic, Numeric or Decimal number

Word format Money, Email, Website, Identity card number, Postal code or Date formats
Units €, €/day, €/kW, €/kWh, kW, kW /month, kWh, %

Capital letters  First, one, or all letters capitalized, Lowercase letters

Punctuation Colons, Semicolons, Periods

Therefore, each word in the sentence produces a set of five custom features concatenated with the
above TF-IDF features. In the experiments, we evaluated the benefits of using custom features for the
central word in the sentence or up to eleven words.

3.4. Classification Methods

In this work, we select the following machine-learning models for the classification step: Linear and
Logistic Regression, Naive Bayes, Decision Trees, Random Forest, and SVM. These techniques receive
a vector of features for each sentence and produce a label associated with the central word. Therefore,
our method is a multi-class classification problem, where an input sequence produces a single label.

Linear Regression can be used for multi-class classification by setting a threshold on predicted
values. In this case, a set of separate binary classifiers are trained —one for each class— where each
classifier distinguishes one class from all others. During prediction, the instance is evaluated by all
classifiers, and the class with the highest probability is selected. We use a regularized version of Linear
Regression with an Lo weight smoothing parameter of o = 0,01.

Similarly, Logistic Regression can be adapted for multi-class classification using a one-vs-all
approach. It uses a sigmoid function that outputs a value between 0 and 1 to model the probability of
an instance belonging to a positive class. For multiple classes, separate models are trained for each
class. During prediction, the instance is assigned to the class with the highest predicted probability.
We also utilize a low regularization parameter to prevent overfitting.

Naive Bayes is a probabilistic algorithm that assumes feature independence. It calculates the
probability that an instance belongs to a specific class. The steps involve computing prior probabilities,
class conditional probabilities, and assigning the instance to the class with the highest posterior
probability. We rely on the Multinomial Naive Bayes method that is typically used in text classification
and a low regularization parameter.

Decision Trees are decision support tools used for both regression and classification tasks. They
create a tree-like structure where each node represents a decision based on the input features. In multi-
class classification, decision trees split nodes to predict class labels. The process involves calculating
probabilities, branching, and assigning instances to the class with the highest posterior probability. The
Gini criterion is used for splitting the data at the nodes.
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Random Forest, on the other hand, is an ensemble learning technique that combines multiple
decision trees to create robust and accurate models. Predictions from individual trees are aggregated,
which reduces overfitting and improves accuracy. They are robust against noisy data and outliers due
to the averaging effect of multiple trees. Additionally, training individual trees can be parallelized for
computational efficiency so it is usually faster than other methods. In the experiments, we configure
Random Forest with six different decision trees, the Gini criterion to measure the quality of a split,
and no limits for the depth of the trees.

Support Vector Machines (SVMs) excel in high-dimensional feature spaces and find optimal
hyper-planes to separate different classes. In the experiments, we use two versions of SVM: a Linear
SVM that finds a hyperplane that best separates classes in the feature space, following a one-vs-all
approach; and a Radial Basis Function SVM (SVM RBF) that handles nonlinear data by mapping it
to a higher-dimensional space using kernel functions. The latter follows a one-vs-one approach so that
each classifier differentiates between two classes. The decision boundary becomes a nonlinear surface in
this case. In our experiments, we also use a small regularization parameter.

3.5. Experimental Design

We use standard metrics for evaluating the performance of the methods. In particular, we rely
on the precision, recall, and F} — score for each label and classifier. Since our dataset is unbalanced,
where certain labels are over-represented—see Table 19—, we calculate the average for each label and
then compute the average of the ratios for all the labels.

The metrics are based on the number of true positive classifications, T'P, true negatives, TN, false
positives, F'P, and false negatives, F'IN. The precision represents the rate of positive predictions that
are correctly classified and is given by the following expression:

. TP (1)
recision = —————.
P TP+ FP
The recall is the rate of positive cases that the classifier correctly predicts and is calculated as:

TP
recall = m s (2)

and the F| — score is the harmonic mean of the precision and recall, given by:

precision - recall
Fi — score =2

precision + recall” (3)

In the first part of the experiments, we establish a global ranking of the methods using these
metrics with the test set. This is composed of seven templates, six of which coincide with the training
set. Then, we evaluate the performance for each template directory separately, which allows us to
understand the behavior of each technique to data similar to the training set and data that is completely
new, such as in the last template.

For the best method, we rank the labels according to their precision range. We show the labels
that are classified with high precision and the ones that are more difficult to classify. This will allow us
to identify the labels that need to be considered for improving the method.

We rely on confusion matrices to assess the errors that are produced between different labels. This
complements the previous information and permits us to identify the labels that are often classified as
others. This can guide us in defining new features to differentiate between those labels.

In the last experiment, we study the influence of features on the accuracy of our method. We
explore the benefit of incorporating an increasing number of custom features with and without TF-IDF.
We gradually increase the size of the context window by adding one word on the left and right of the
central word. Thus, we consider an odd number of words, ranging from one to eleven, i.e., from five to
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fifty-five features. We show numerical results for each configuration and the evolution of the precision

for each technique.

3.6. Implementation Details

The source code for the experiments was implemented in Python using the scikit-learn [43] and
Pandas libraries. It is publicly available in Github at https://github.com/jsanchezperez/electricity
invoice__extraction.git.

PDF files were converted into raw text using the pdftotext program. We removed strips of
dots as they typically appear for horizontal lines during the conversion from PDF to text files. For
convenience, we created a text file for each training and test directory, as explained in Section 3.2, each
containing fifty different invoices.

These files were loaded using the Pandas library, separating the sentences and labels into two
dataframes. The training data was split into two sets: 80% for training and 20% for validation. The
validation set was used for evaluating the training process and tuning the hyper-parameters of the
methods. Similarly, the test directory was loaded into another pair of dataframes.

We created a pipeline that first transforms these dataframes into a new dataframe, with the
TF-IDF and custom features, and then calls the corresponding machine-learning technique for fitting

the classifier parameters to the training data.

4. Results

In this section, we assess the performance of methods by comparing their precision, recall, and
Fy — score on the test set. Table 5 compares global metrics for each method by first calculating the
scores for each label and then computing the average, giving the same weight to each label.

Table 5. Global precision, recall, and Fy — score of each method. The list is sorted by precision.
The SVM method with Radial Basis Functions (SVM RBF) provides the best results, followed by
Random Forest.

Method Precision Recall F1l-score
Linear Regression 26,28% 57,16% 31,94%
Naive Bayes 61,41% 80,84% 66,11%
SVM Linear 80,74% 90,89% 84,55%
Logistic Regression 87,54% 81,74% 83,03%
Decision Tree 85,30% 83,08% 83,29%
Random Forest 91,58% 81,96% 85,47%
SVM RBF 91,86% 89,10% 89,63%

The method with the lowest rates is Linear Regression. Its recall is higher than its precision, so
it can capture a larger rate of true positives, but it barely exceeds 50%. The performance of Naive
Bayes is better than Linear Regression, with a recall significantly higher than its precision. Thus, this
method detects many false positives but it allows detecting a larger rate of true positives. These two
methods are very fast in comparison to other methods, but their scores are not high enough to tackle
this classification task.

The performance of SVM Linear and Logistic Regression, on the other hand, is much better, with
a precision and recall higher than 80%. In the case of Logistic Regression, the recall is lower than the
precision, so this method underestimates some labels. The Decision Tree yields a similar performance,
with a better balance between precision and recall.

Random Forest and SVM RBF provide similar results, with SVM RBF yielding the best performance
of all methods. The main difference resides in a higher recall for SVM; thus, this method tends to
detect a larger rate of positive cases. These methods can classify many labels with high precision, as

we can see in Table 7.


https://github.com/jsanchezperez/electricity_invoice_extraction.git
https://github.com/jsanchezperez/electricity_invoice_extraction.git
https://doi.org/10.20944/preprints202405.1564.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 May 2024 d0i:10.20944/preprints202405.1564.v1

11 of 22

The performance of each method for every template is displayed in Table 6. These results
demonstrate the ability of each method to adapt to new data. In general, the precision is high for the
first six templates, but it is smaller for the last template. This is because the training data did not

include samples from the last template.

Table 6. Precision for each template. The first column shows the methods and the rest of the
columns the precision for each of the seven templates. The results for the first six templates are

higher than the last template because the latter was not used for training.

Method T1 T2 T3 T4 T5 T6 T7

Linear Regression 31,81% 29,35% 30,03% 27,97% 33,48% 29,11% 20,51%
Naive Bayes 66,68% 65,46% 66,85% 60,92% 64,14% 64,45% 54,18%
SVM Linear 84,33%  84,.91%  86,00%  83,58%  90,08%  88,71%  62,05%
Logistic Regression  90,50%  91,02%  93,54%  89,48%  95,41%  92,24%  61,03%
Decision Tree 91,35% 88,25% 88,63% 90,16% 92,12% 91,20% 65,86%
Random Forest 93,69% 95,06%  93,01%  92,61%  94,59%  93,80%  68,56%
SVM RBF 94,49%  9426% 97,82% 93,15% 98,19% 98,47%  67,20%

Logistic Regression is typically better than Decision Trees and SVM Linear for templates that
were used during training. However, it is worse for invoices with new layouts and vocabulary. On the
other hand, although SVM RBF provides the best results for documents already seen by the classifier,
Random Forest provides better results for new types of documents. Therefore, the generalization
capability of Decision Trees and Random Forests is better than the rest of the techniques. Nevertheless,
we must note that the number of different templates in this dataset is not significant and there is not

much variability in the training set.

4.1. Precision for Fach Label

A closer examination of the results of the best model, SVM RBF, reveals that it achieves high
precision for the majority of labels, as shown in Table 7. The method provides a precision higher than
99% for 41% of the labels and higher than 90% for another 31% of labels. This means that most labels
are classified with very high precision. Only 6% of labels have a precision smaller than 70%.

There is only one label with a precision smaller than 50%, K2d, which is related to the access toll
rate. Looking at Table 19, we observe that this label appears 5.000 times in the training set, i.e., in only
one template. Label K4d is also classified with low precision and, similarly, appears in one template.

Table 7. SVM RBF: Classification of labels attending to its precision range. The first column stands
for the precision range; the second column lists the labels that are predicted in that precision range;

and the third column shows the percentage of labels in each group.

Precision Labels Percentage

99% — 100%) B1, C7, CE, D9, E1, E31, E5, E6, E7, E7p, E7s, E8, F2, F3, F3p, F3s, 41,4%
P P
F4, F4p, F4s, Fbp, F5s, F6, F7, G1, G2, G3, G3p, G6, G7, G8, G9, J4,
K4, K6, KB, M3, M3d, N3, N4, N6, 00

[90% —99%) A1, A3, A6, B2, B3, B4, B5, B6, C2, C3, C4, C5, C6, C8, C9, CB, E2, 31,3%
E4, E9, F1, G4, G5, GA, I3, J1, J2, J5, K3, N1, N2, N5

[80% — 90%) A4, A5, C1, CA, CC, CD, D1, DD, E3, F5, J3, K9, M4, N7, N8 15,2%

[70% — 80%)  F4u, F5u, F81, I1, KA, KD 6,1%

[60% — 70%) 12, K2, K5, KC 4,0%

[50% — 60%)  Kad 1,0%

(0% — 50%) K2d 1,0%

Analyzing the precision of other labels, we realize that it is related to the number of occurrences
in the training set. Therefore, we may conclude that the method classifies the labels correctly if they
appear in many documents of various templates.
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Figure 2 depicts the confusion matrices for the SVM RBF method. Since the number of labels is
too large, we have divided the matrix into six different parts with eighteen labels each. We observe that
the predictions consistently match the ground truths for most labels. The null values in the diagonal

correspond to labels that do not appear in the test set.
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Figure 2. Confusion matrices for the SVM RBF classifier.

One of the most notable confusions is given between labels k2d and k4d, which are related to

marketer prices. These amounts are similar, so this confusion may seem reasonable. Additionally, these

labels are present in only one template of the training set. Another significant confusion is given by

F4u and Fb5u, which represent the start and end of the billing period. These labels are similar and only

appear in two templates.
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It is also interesting to note that label 00, which appears with high frequency, is hardly confused
with another label. This is not the case for other techniques where this label presents the largest

mispredictions.

4.2. Analysis of Feature Influence

This section examines how the inclusion of different features impacts the precision of the methods.
Our previous results were calculated using eleven words per sentence, yielding fifty-five custom features.
We may reduce the number of words for calculating the features from zero to eleven.

In our first experiment, we compare the precision of the methods without using TF-IDF. Table 8
shows the results when we increase the number of custom features. If we only train with the central
word, i.e., five custom features, the precision of all methods is too low, with Decision Tree and Random
Forest providing slightly better results. The precision significantly augments with fifteen and twenty-five
features, i.e., three and five words, respectively, although it is not sufficient to obtain good performance.
With seven to eleven words, Random Forest, SVM RBF, and Decision Tree yield good results, with the
former consistently providing the best results.

Table 8. Analysis of custom features. Comparison of the precision of methods increasing the number
of custom features. In this case, the training data does not include TF-IDF. In the second column,
we show the results using five custom features (5-CF) for the central word; in the third column, we
show the results for fifteen custom features (15-CF), corresponding to a context window of three
words; and so on. The precision is very low for less than thirty-five features —seven words—, and
for more features, Random Forest, SVM RBF, and Decision Tree provide good performance. Bold

letters highlight the best result in each column.

Methods 5-CF 15-CF 25-CF 35-CF 45-CF 55-CF
Linear Regression 1,98% 9,17% 10,00% 11,67% 11,45% 11,47%
Naive Bayes 1,78% 16,69% 23,23% 27,56% 32,79% 34,25%
SVM Linear 2,96% 18,62% 29,63% 39,06% 48,14% 55,44%
Logistic Regression  3,65%  22,89% 43,20% 57,46% 65,30% 69,51%
Decision Tree 4,33% 46,26%  66,85% 77,50% 82,18% 84,46%
Random Forest 4,33%  46,22% 67,02% 80,63% 85,44% 88,73%
SVM RBF 3,65% 32,83% 61,61% 79,83% 84,02% 87,38%

Table 9. Analysis of the combination of TF-IDF and custom features. Comparison of the methods
using TF-IDF and an increasing number of custom features. In the second column, we show the
results of TF-IDF only; in the third column, we show the results of TF-IDF and five custom features
(5-CF) for the central word; in the fourth column, we show the results of TF-IDF and fifteen custom
features (15-CF), corresponding to a context window of three words; and so on. We observe that the
combination of TF-IDF and our custom features is necessary to obtain high precision. SVM RBF
and Random Forest provide the best results with TF-IDF and fifty-five custom features, respectively.
Bold letters highlight the best result in each column.

Methods TFIDF 5-CF 15-CF 25-CF 35-CF 45-CF 55-CF
Linear Regression 24.63% 24, 77% 24,99% 25,58% 25,95% 25,95% 26,28%
Naive Bayes 36,19% 54,47% 64,45% 65,08% 62,54% 61,34% 61,41%
SVM Linear 3510%  59.57%  T1,44%  77,00%  79,40%  79,69%  80,74%
Logistic Regression 56,79% 76,32%  82,49%  8594%  87,03%  87,30%  87,54%
Decision Tree 46,95% 71,83% 81,15% 81,65% 84,19% 84,83% 85,30%
Random Forest 51,73% 73,10% 83,14% 87,11% 89,13% 91,42% 91,58%
SVM RBF 26,30% 73,79% 86,86% 89,55% 90,74% 91,48% 91,86%

Table 9 shows the precision of methods using TF-IDF with and without custom features. We
observe that Logistic Regression provides the best results for TF-IDF only, although the precision
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is low. The performance of other methods is poor, especially for Linear Regression and SVM RBF.
Random Forest provides the second-best result. Using five custom features significantly improves the
precision in general, except for Linear Regression.

Logistic Regression remains the top-performing method in this scenario. However, the gap
between its performance and other methods, particularly Random Forest and SVM RBF, has narrowed
considerably. These latter methods show a significant improvement in precision. Using more custom
features allows improving the results of the methods, except for Linear Regression and Naive Bayes.
SVM RBF provides the best results in these cases, followed by Random Forest, Logistic Regression,
and Decision Tree, respectively.

Comparing the results in Tables 8 and 9, we may conclude that TF-IDF is important when the
number of custom features is small and is necessary to attain high precision. SVM RBF, Random
Forest, and Decision Tree provide good results even if we do not use TDF-IF. Decision Tree yields
similar results in both cases. It is worth mentioning that Random Forest is slightly better than SVM
RBF when not using TF-IDF and SVM RBF is better when we use it.

TF-IDF is much more important for Linear Regression, Naive Bayes, and Logistic Regression,
which obtains the greatest gain in precision from these features, ranking in the third position before
the Decision Tree.

This information is also represented in the graphics of Figures 3 and 4, respectively. We observe
the benefits of using TF-IDF and an increasing number of custom features. SVM RBF and Random
Forest are the best methods for a given set of features in both configurations, followed by Decision
Tree. Logistic Regression, Naive Bayes, and Linear Regression perform much better with TF-IDF. In
this setting, the Logistic Regression outperforms the Decision Tree.
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Figure 3. Influence of custom features. This graphic shows the influence of using an increasing

number of custom features without relying on TF-IDF.
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increasing number of custom features with TF-IDF.

5. Discussion

In this work, we proposed a methodology to extract relevant information from electricity invoices
based on text data. We converted the annotated bills, originally in PDF format, into text files. These
files were then pre-processed to generate tuples of sentences and their associated labels. Each sentence
contained a sequence of eleven words, with the label associated with the central word. Our method
employed a bag-of-words strategy and a set of custom-defined features, which were specially designed
for electricity data. We assessed the performance of various machine learning algorithms.

Our results demonstrated that TF-IDF features, used in the bag-of-words strategy, were key
for obtaining an acceptable precision. They also showed that our custom features were necessary to
significantly improve the results. We demonstrated that the number of words used to calculate features
was also important, with more than seven being sufficient to attain high precision in general.

We studied the performance of various standard machine-learning techniques and found that Linear
Regression was the only method that provided unsatisfactory results. Naive Bayes did not generally
provide good results, but its precision significantly increased with the use of TF-IDF, although still
insufficient. Logistic Regression was the method that benefited the most from TF-IDF.

The techniques that provided the best results were SVM RBF and Random Forest. The latter
yielded the best precision when using only custom features. SVM RBF, on the other hand, provided
the best results when both TF-IDF and custom features were employed. Logistic Regression stood out
from the other methods using TF-IDF features and five custom features. However, TF-IDF alone was
not enough to tackle this problem for any method. We may conclude that TF-IDF was important as a
baseline for all the methods but our custom features were necessary to obtain high precision.

Looking at the classification rate of SVM RBF, we observed that most labels were classified with
a precision higher than 90% and only two labels obtained a precision lower than 60%.

We also assessed the performance of the methods for each template. The precision for templates
used during training was significantly higher compared to templates not included in the training set.
In this case, SVM RBF provided the best results for already-seen templates and Random Forest was
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better for unseen invoices. The difference in precision for seen and unseen data was bigger than 30%,
which indicates some overfitting to the training data.

This is reasonable because, although this dataset has many samples, the number of templates is
small. The variety of data is not high since each template shares a common vocabulary and layout.
These methods would have performed better with unseen data by incorporating a wider variety of
templates during training.

Therefore, one strategy to improve the performance of these methods is to increase the number
of templates in the dataset, particularly those having rich vocabulary and structure. Increasing the
number of custom features at the word level is unlikely to improve the results since the precision of
most methods does not significantly improve after seven words. It would be more interesting to explore
new types of features related to the position of words inside the documents and their relative position
to other words and labels.

6. Conclusions

This work analyzed the performance of various machine-learning techniques for extracting key
information from electricity invoices. These are complex documents with rich data that include many
different contents and layouts. We relied on a bag-of-words strategy and a set of custom features, which
were specially designed for these types of invoices.

We demonstrated that the combination of TF-IDF and our custom features was necessary to
obtain high precision in several methods. The techniques that provided the best results were SVM
RBF and Random Forest, although the results of the Decision Tree were also competitive. Logistic
Regression was better than the Decision Tree when we employed TF-IDF features. We also showed
that the precision for already-seen template documents was higher than for new templates. This is
reasonable as the dataset contains a few different templates.

In future works, we will increase the number of templates in the dataset. This is important for
augmenting the variability of documents with richer vocabulary and layout. We will also explore new
features based on the position of words in the documents and the relative spatial distribution of labels.
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Abbreviations

The following abbreviations are used in this manuscript:

CNN Convolutional Neural Network
LSTM  Long Short-term Memory
NER Named Entity Recognition
NLP Natural Language Processing
OCR Optical Character Recognition
SVM Support Vector Machine

7. Description of Labels

For clarity of presentation, this appendix details the meaning of each label. Most of the information
is extracted from [2], so we refer the reader to that reference for further details.
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Table 10. Customer labels.

Label Description

A1/B1  Customer’s name

A2/B2  Customer’s identity card number
A3/B3  Customer’s address

A4/B4  Postal code

A5/B5  Customer’s city

A6/B6  Customer’s province

Labels corresponding to the customer information are given in Table 10. Group A stands for the
customer who receives the invoice and group B for the customer who signed the contract.

Table 11. Marketer and distributor labels.

Label Description

C1 Marketer’s name

c2 Marketer’s tax identification code

Cc3 Marketer’s address

c4 Postal code

C5 Marketer’s city

c6 Marketer’s province

c7 Company information in the commercial register
c8 Address of the company administration
Cc9 Marketer’s website

CA Marketer’s email

CB Short company name

ccC Marketer’s contact telephone

CD Customer’s support telephone

CE Marketer’s telephone for claims

D1 Distributor’s name

D2 Distributor’s tax identification code

D9 Distributor’s website

DC Public service phone

DD Telephone for assistance

Table 11 depicts the labels of the marketer and distributor and Table 12 provides the labels related
to the contract.

Table 12. Contract labels.

Label Description

E1l Universal Supply Point Code (CUPS)

E2 Contract type or rate

E3 Contracted electricity power

E4 Contract number

E5 Electricity meter number

E6 Access toll

E7 Contract end date

E8 National Classification of Economic Activities Code (CNAE)

E9 Reference supply contract
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Table 13. Invoice labels.

Label Description

F1 Invoice number

F2 Invoice reference

F3 Invoice release date

F4 Start billing date

F5 End billing date

F6 Total number of billing days
F7 Days per year

F8 Number of months

Tables 13 and 14 show labels related to general invoice data and the customer’s bank account, respectively.

Table 14. Bank account information.

Label Description

G1
G2
G3
G4
G5
G6
G7
G8
G9
GA

Payment method

IBAN (International Bank Account Number)

Payment date

Sequence of numbers that identify the payment operation
Continuation of G4

Bank code

Office code

Control digits

Bank account number

Bank name

Table 15. Energy consumption labels.

Label Description

I1 Energy consumption in kWh at the previous period
I2 Energy consumption in kWh at the current period
I3 Number of kWh consumed in the period

The energy consumption labels are given in Table 15 and several price summary labels are in

Table 16.

Table 16. Price labels.

Label Description

J1 Contracted electricity power price
J2 Energy consumed price

J3 Sum of J1 and J2

J4 Sum of J3 and N3

J5 Total price of the invoice
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Table 17. Invoice breakdown labels.

Label Description

K2 Access toll rate (€/kW)

K3 Access toll price (€)

K4 Marketer cost rate (€/kW)

K5 Marketer cost price (€)

K6 Sum of K2 and K4

K9 Access toll energy rate (€/kWh)
KA Access toll energy price (€)

KB Energy cost rate (€/kWh)

KC Energy cost price (€)

KD Sum of K9 and KB

Labels corresponding to the energy power and the energy consumed prices are given in Table 17,
and labels related to taxes are in Table 18.

Table 18. Tax labels.

Label Description

M3 Equipment rental price (daily price)
M4 Equipment rental price

N1 Electricity tax rate

N2 Electricity tax price

N3 Sum of M4 and N2

N4 Normal tax rate

N5 Reduced tax price

N6 Reduced tax rate

N7 Sum of N2 and KF

N8 Tax price

8. Number of Occurrences per Label

Table 19 details the number of times that each label appears in the invoices of the training set of
the IDSEM dataset.

There are six directories with 5.000 invoices in each, so the total number of documents is 30.000.
We observe in the table that various labels appear more than 30.000 times, meaning that they appear
several times in some documents. For example, code C1, corresponding to the Marketer’s name, appears
115.000 times in the bills. This means that the field is included more than three times on average per
document. The same happens for the second label, J2, which stands for the total price of the bill. This
amount usually appears in several parts of invoices, such as at the beginning of the first page with the
summary of the document or in the breakdown of the invoice with the rest of the amounts.

On the contrary, some labels appear less than 30.000 times, meaning that some documents do not
include that information. For instance, the customer’s province, A6, only appears in the documents of
five directories, and the marketer’s province, C6, is present in one directory. A few labels do not appear
in any template, but these are typically related to dates in a large format, such as E71, F31, or F41l.
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Table 19. Number of times that each label appears in the invoices of the training set. There is a
total of 30.000 documents divided into six directories, each containing 5.000 bills. Some labels appear
multiple times in several template documents, such as C1, J5, or M4, whereas others only appear in a
few templates, such as C3, D9, or ES8.

Label code #Occurrences
Cc1 115.000
J5 105.000
M4, C9 90.000
F6, I3 75.000
C8, N4, N6 60.000
J3 55.000
C2, J2 50.000
J1, E3, N2, N5, N7, N8 45.000
B3, BS5, CC, E2, E4, N1 40.000
A3, A4, A5, C4, C5, C7, D1 35.000
A1, B1, B2, B4, CB, E1, E31, E6, E9, F1, F4p, I1, I2, J4 30.000
A6, CA, F4s, Fbp, F5s, G2, G3, G4, M3d 25.000
€3, CD, F2, F3, G1, K6, KD 20.000
F7, B6, CE, E5, F81, GA, K9, KA 15.000
D9, DD, E7, E7p, ETs, F3p, F4, F4u, F5 10.000
F5u, G3p, G5, K2, K3, K5, KB, KC, N3 10.000
C6, E8, F3s, G6, G7, G8, G9, K2d, K4, K4d, M3 5.000
A2, D2, DC, E71, F31, F41, F51, F8, G31 0
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