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ABSTRACT
The web is a huge source of information. Organisations such as
Google and Microsoft have developed systems for creating knowledge graphs, based on the information found on the web. Web
content is crawled and the information is extracted and is classified into entities. However, their solutions are considered black
boxes, which leads to a lack of transparency and accountability.
Open Entity (OpEn) proposes a concept for a collaborative system
that is designed as a whitebox instead and is therefore completely
transparent about the methods, models and data it contains. For
the extraction and classification, where the focus was on German
organisations, traditional methods like SVM, CNN and RNN are
investigated about their performance, as well as, newer methods
like neural network. The evaluation has shown that traditional
SVM can compete with neural networks and outperform other traditional methods such as CNN and RNN. Additionally, a method is
presented that solves the name disambiguation on diagram data in
an acceptable time.

1

INTRODUCTION

The web contains a large amount of information about entities
(people, places, organisations, etc.). There is a trend to extract the attributes and relationships of entities to create knowledge graphs, for
example Google’s Knowledge Graph1 or Microsoft’s Bing Satori2 .
The sources of this information are publicly accessible sites such as
LinkedIn, Wikipedia or Facebook [61]. This work investigates problems of current solutions and tries to improve them. The focus is on
the creation of a knowledge graph for German organisations. For
this purpose, state-of-the-art classifiers and extraction algorithms
are evaluated and compared.
In addition, ethical considerations [12] and thus transparency
and accountability seem to be an issue with existing solutions [62]
(e.g. Google Knowledge Graph) when considering current trends.
To tackle the lack of transparency, we propose a collaborative
system, that combines the extraction of information from websites
and user feedback and allows central access to the knowledge base.
Unlike existing solutions, it is transparent and accountable. Providing transparency and accountability is not simply done by providing
access to the raw data since this is not enough to understand the
data [30].

Building such a system creates multiple problems. First, we do
not know which methods are used by existing solutions, since those
can be considered as blackboxes [61]. This means that specifically
for the extraction and classification of entities on the web, we
need to find the best methods. Here arises another problem as a
qualitative gold standard is required for these methods to train and
evaluate them.
Another problem with the classification and extraction of entities
is the identification of possible duplicates [28]. This is because it
cannot be assumed that an entity can only be found on a single
website. It also occurs that crawled and classified entities do not
have enough describing attributes combined with very generic
names. These entities must disappear from the database.
The heavy lifting of the information generation should be semiautomatic, to ensure a steady gain of information and reduce manual effort and maintenance. Additional sources like OpenStreetMap3
or users should be incorporated to enhance the information. Therefore, the challenge is to provide a collaborative system that provides
a structure that allows objective information selection from different sources while preventing abuse and corruption of the system.
In conclusion our challenges are the following:
(1) Creating a knowledge system that achieves transparency
and accountability
(2) Creation of a gold standard for the extraction and classification methods.
(3) Extraction of entities from the web from multiple sources
(4) Classification of entities from the web with sparse information
(5) Matching of entities with erroneous information
To build such a system, we must meet all the challenges mentioned above. However, this paper focuses on the research questions
arising from the challenges of entity classification, extraction and
matching:
• Entity Classification and Extraction
– Research Question 1.1: Are Neural Networks or Support
Vector Machines more suitable for our entity extraction
purposes?
– Research Question 1.2: Do HTML-informations encoded
in the text have a positive effect on the entity extraction
results?

1 https://googleblog.blogspot.com/2012/05/introducing-knowledge-graph-things-not.

html
2 https://blogs.bing.com/search/2013/03/21/understand-your-world-with-bing/

3 https://www.openstreetmap.de/

– Research Question 1.3: Does the sentence length have an
impact on the quality of the entity extraction results?

1.1

Approach

This section describes which approaches are used to address the
previously described challenges. In addition, a broad overview is
given for how transparency and accountability can be achieved in a
knowledge system. An approach to the above described challenges
is automatic extraction.
We focus on organisations and their attributes, like name, address, and opening hours. Additionally, we focus on German organisations and their websites. This makes the extraction process more
complicated because the German language has some peculiarities,
like more complex grammar in comparison to English.
To ensure that each organisation is represented by only one
entity in the knowledge base, the data store needs to be checked
for duplicates regularly and those have to be merged or purged.
In addition, in order to achieve a level of transparency and accountability, which is useful for the user, a system should not just
provide the raw data. In fact, the raw data has to be extended with
other information and explanations about the data to make it understandable to outside actors. This data is called provenance4 ,
which includes activities, entities and agents involved with the
data. Every meaningful interaction with the data is documented
in a lightweight way but should still be meaningful enough to be
comprehensible. The system is designed as a whitebox in contrast
to existing blackbox solutions, this means that the algorithms and
data models are fully transparent.
Our proposed Open Entity (OpEn) concept for a knowledge
system consists of four recurring stages that run in a continuous
cycle, as shown in Figure 1.
(1) Acquiring the Data: The data is primarily crawled from semistructured websites on the Web. We crawl breadth-first starting from a seedlist, which was generated via using the Google
Places API [24]. This is mainly discussed in the technical
report Section 2 [44].
(2) Consuming the Data: Here the previously acquired raw data
is consumed. This includes the extraction, classification and
matching of entities. This is the main focus of our work and
is discussed in Section 4 and 7.
(3) Collaborative Enriching: Here, actors such as users or software agents can extend the information or suggest changes.
External sources are contacted to further improve data quality. The collaborative system is presented in the technical
report.
(4) Providing the data: The collected and enriched information is
published on the web, e.g. as linked open data or on request
in JSON. Further details can be found in Section 3 of our
technical report [44].
We achieve transparency and accountability of the system by
providing full provenance. This means that OpEn tracks any change
or activity to our information prepares the information for better
understanding and makes all the information available to the public.
This will be addressed in more detail in Section 3. The system stores
4 https://www.w3.org/TR/2013/NOTE-prov-overview-20130430/

all information as Linked Open Data (LOD) in a triple store, so all
information can easily be reused and are available to the public.
In contrast to existing solutions, we want to do a more direct approach and directly store which data is the current one, which helps
outside actors to understand the data. Also, in contrast, we want
to be clear how the current valid information is chosen. In summary, we want to improve upon current solutions, with regards to
usability, clarity and efficiency. To our knowledge, no system exists
that has a combination of automatic extraction and classification
processes with a focus on transparency and accountability.
The main contributions of our work can be summarized as follows:
(1) The structural Support Vector Machines (SVM) outperformed
the BiLSTM-CNN-char-embeddings-CRF implementation
(CNN). The BiLSTM-RNN-char-embeddings-CRF (RNN) came
closer and even levelled with the SVM in some attributes.
(2) The results on research question two showed that the natural language methods could not comprehend the HTML
structure encoded in the training data. The F1-score dropped
in almost all the cases between sentences of the same length
the more HTML tags were used.
(3) Large amount of RDF data can be processed by an entity
matching process in acceptable time.
(4) Providing the used and created datasets.
(5) Collaborative system for knowledge graph creation which
provides transparency and accountability.

2

RELATED WORK

First, related works relating to the whole OpEn system are described.
Both, the aspect of cooperation and the aspect of transparency and
accountability, are in the focus. Second, classification and extraction
methods are discussed. Specifically, regular expressions, wrappers,
support vector machines, deep learning and relation extraction are
discussed in detail. Third, related work on matching and merging
is described. The main areas introduced are entity matching, string
similarity measures, identity in linked data and the SILK framework.

2.1

Collaborative entity extraction system

For our collaborative entity and extraction system, we took inspiration from the iKnoweb Framework [51]. Its main goal was
integrating user input into the entity knowledge mining process
to create qualitative data. But most of the heavy lifting should be
done by the automatic processes so that only minimal user effort is
needed. The system consists of three recurring stages. First, the data
model is trained. Second, the entities are extracted and classified.
Third, the user interacts with the data and improves it, which results
in adjustments to the training data. We incorporate and extend this
in regards to transparency and accountability for the Open Entity
concept. In regards to the collaborative aspect, a system is needed,
which encodes all collaborative actions performed on the data and
allows versioning and revisioning of changes. There already exist
solutions with a focus on a collaborative environment. One such
system is STEVIE [9]. This system collects all contributions of the
user for the attributes of entities and when a request is sent to the
server, the actual entity with its attributes is calculated during the

Figure 1: The Open Entity stages: (1) Acquiring data, (2) consuming the data (processing the data), (3) collaborative enriching
to improve the data quality and (4) providing the data on the web
request. Therefore just by looking at the data, it is not clear which
of the entities will be returned as a query result.

2.2

Classification and extraction methods

There are many approaches to overcome the difficulties in the area
of Named Entity Recognition (NER) and even more in the area of
document classification.
The most used techniques for Named Entity Recognition (NER)
are handcrafted rules or supervised machine learning, such as Hidden Markov Models, Support Vector Machines or Conditional Random Fields, to automatically generate rules or sequence labelling
algorithms [49].
The first approaches for entity extraction were handcrafted rulebased extractions with methods like Regular Expressions. They
search either for pattern describing the embedding of entities in
a text or rules describing the unique style of such names [54]. In
the case of extracting information from webpages, these rules can
also exploit the semi-structure of HTML documents, to find the
desired entities. So-called Wrappers were designed to achieve this
by searching along the DOM Structure [42].

Supervised learning methods, especially Hidden Markov Models, Support Vector Machines, and Conditional Random Fields are
trained to capture and generalize the structure of entities embedded
in a sentence. They provide sequence-based models to detect the
entities in new sentences. To perform this task, a large annotated set
of data is required to successfully find general rules [49]. In recent
years Neural Networks were also adapted to solve sequence-based
tasks like NER. They achieve a better generalization with less data
[43].
The document classification describes the task of sorting texts
into predefined categories based on their content. Unlike in the
NER context, the data is not extracted from the text directly, instead,
some latent information about the text is acquired, based on the
content of the text.
Supervised Machine Learning. In the case of NER, the Support
Vector Machine has to predict a structured output [39]. The prediction of a structured output is more complex than the assignment of
a certain label or the prediction of real numbers as with regression
tasks. An adapted version, the Structural Support Vector Machine,
is used because it is more capable of suggesting sequences of data.

The drawbacks of long training times ascending super-linearly with
the size of training data is moderated by new algorithms like the
cutting plane method [39]. But it still remains a challenge to train
large datasets like ours with limited resources.
Deep Learning. For solving NER tasks using a Neural Network
it has to be able to take sequences as input and produce sequence
predictions. The most popular Deep Learning sequence model is
the Recurrent Neural Network (or RNN). It was improved several
times e.g. with states utilizing long short-term memory (LSTM)
units [29]. The NER task, also known under the term sequence
labelling, further required a way of not only incorporating the past
sequence elements into the prediction, but the future elements as
well. Bi-directional RNNs were created to successfully tackle this
demand, often in combination with LSTMs to be able to store this
surrounding context [25, 58].
The impact Deep Learning had on the NLP research area, that
led to various new state-of-the-art results, came from the ability
to generate word embeddings using RNNs. These embeddings are
trained on a big unsupervised text corpus and capture important
semantic similarities between words. This meant that handcrafted
word features such as gazetteers were no longer necessary. These
learned embeddings can also be used for classical NLP methods and
led to huge performance gains [21, 31].
To capture not only semantic similarities but also similarities
in the string structure of words, character-based embeddings have
been concatenated to the semantic word vectors which increased
the scores once again and finally led to the beating of traditional
CRF models [43, 46].

2.3

Document Classification

The best performing approaches for document classification tasks
use machine learning models such as linear models like support
vector machines (SVM), linear regression models, decision trees
and more [34]. Lately, Deep Learning approaches outperform old
state-of-the-art results, but this usually comes with the downside
of significantly longer training times. Previous works [60] have
shown that web page classification works very well given that a
gold standard and a predefined set of categories is available.

2.4

Matching

Entity matching describes the process of identifying duplicate
records in data storages.
While there are a lot of publications dealing with the problem of
Entity Matching they are mostly focused on relational databases or
structures that are organized like relational databases [6, 16, 28, 41].
However, publications that focus on identifying duplicates in linked
data structures often suggest reusing these techniques [6, 50, 63]
sometimes extended by the use of structural similarities [4]. Differences to relational databases are a reduced query speed [7, 8]
and the lack of a fixed database structure [27]. While there are
already Frameworks for matching linked data items that are not
domain-specific [50, 63] these aim at integrating or mapping data
from different sources. However, our approach requires to find duplicates in one singular dataset. This requires some adjustments to
be made (see [44])

2.5

Identity in Linked Data

One option to express that two URIs are aliases, which means
that they refer to the same real object, is to use owl:sameAs statements [27, 64].
According to the law of Leibniz x = y if, and only if, x has every
property which y has, and y has every property which x has [18].
However, under the given circumstances (missing information, typographical errors, etc.) it appears appropriate to concentrate on a
subset of properties to determine identity. Furthermore, it cannot
be demanded that all properties are exactly the same - it is enough
that they are sufficiently the same [26].
An alternative to the use of owl:sameAs statements for representing
equality could be the use of SKOS Mapping Properties. These indicate
an inaccurate match and offer a finer granularity of matches (exactMatch, closeMatch, broadMatch) [48]. But we don’t rate the level
of accuracy, so a simple marking by owl:sameAs is sufficient. The
use of owl:sameAs statements rises a lot of potential problems [26]
which are irrelevant in our application scenario because we only
use the statements temporarily and merge the connected objects in
the next step and do not derive any further conclusions from them.
Our target model does not contain any owl:sameAs statements.
That is why we have chosen the least complex model for temporary
marking that meets our requirements: owl:sameAs.

3

THE OPEN ENTITY CONCEPT

The Open Entity system presented in Section 1.1 describes, how a
system must be structured in order to generate information from
the public sources of the Internet. However, this section deals with
the aspects and principles of Open Entity. The two main aspects of
Open Entity are the following:
The Open-Aspect: Open stands for full transparency and general openness of the data around the OpEn system. This
means that everyone is able to re-use, improve and enrich
them in a collaborative way.
The Entity-Aspect: Entity stands for a system, that combines
the power of modern extraction and classification of entities
from semi-structured web content and secondary sources
such as wiki pages and APIs such as Google Places.
The OpEn concept was developed taking into account the ACM
principles of algorithmic transparency and accountability5 :
(1) Awareness: Awareness of possible biases in the system to
everyone who is involved.
(2) Access and Redress: Provide a mechanism to enable individuals adversely affected by algorithmically informed decisions
to question and redress them.
(3) Accountability: Institutions should be held responsible for
the results and decisions made by algorithms.
(4) Explanation: The system should provide explanations for
the results of the used algorithms.
(5) Data Provenance: Providing the full provenance as well as
an exploration of biases regarding the training data.

5 https://www.acm.org/binaries/content/assets/public\protect\discretionary{\char\

hyphenchar\font}{}{}policy/2017_usacm_statement_algorithms.pdf

Requirement
Achieved? How does the concept solve this?
What needs to be done additionally
Awareness
partially
for working on the data:"full provenance"
for users: visual cues in the frontend
Access and Redress yes
collaborative system
Accountability
yes
“full provenance”
Explanation
yes
“full provenance” with additional explanatory meta data
Data Provenance
yes
“full provenance” and providing full access to
Auditability
yes
models and methods and their evaluations
Validation Testing
partially
evaluation within paper
automatic testing mechanisms
Table 1: Overview about how the concept achieves the set requirements ACMs principles of algorithmic transparency and
accountability Item 1.

(6) Auditability: Models, algorithms, data, and decisions should
be recorded so that they can be audited in cases where harm
is suspected.
(7) Validation and Testing: Institutions should use rigorous methods to validate their models and document those methods
and results.
The above aspects and principles are the basis of the OpEn system. This leads to an objective and transparent platform. Transparency and accountability, and the mechanics of a collaborative
system are explained in more detail in the technical report [44].
The requirements for Accountability, Explanation, Data Provenance and Auditability are directly met by providing the "full provenance". Accountability is achieved because of the provenance chain
stores directly who is accountable for the information or for an
activity regarding the information. Therefore, related issues can
be directly addressed. The provided provenance is not just raw
data but is instead structured in a meaningful way. In addition, the
user interface of the system visualizes the provenance to help to
understand and meet the requirement for Explanation. Auditability
and Data Provenance are met since the provenance chain stores the
data and decisions used and the models and algorithms are public
as well as their evaluations.
Awareness must also be addressed by giving the user visual clues
when the data is of low quality. Access and Redress are achieved by
allowing edits to the data and to the algorithms. Both are achieved
via the collaborative system described in Section 5 of the technical
report [44]. OpEn provides a technical report [44] in addition to this
research paper, which evaluates the proposed models and methods.
This needs to be further extended via automatic testing mechanisms to meet the Validation and Testing requirement. The Table 1
summarizes the evaluation of the ACM principles of algorithmic
transparency within our proposed concept.

4

CLASSIFICATION AND EXTRACTION
OPTIMISATION OF ENTITIES

To extract the information, the websites are also analyzed for their
semi-structured content, the HTML annotations, which create a
tree structure that can contain additional information, that supports
the NER task. We analyze the texts with rule-based methods like
Regular Expressions, classical supervised methods like Support
Vector Machines or Neural Nets. Our main task is to find out which
company is behind the respective website, to find names, addresses,
opening hours and telephone numbers and to classify the companies

into the categories of the Thesaurus of Economic Sciences from the
Leibniz Information Centre for Economics [19].
In the beginning, the websites are preprocessed to fit the scheme
of natural language used by the classifiers and extractors. All remaining parts of the code are filtered and encoding errors like
leftover HTML-escapes are fixed. Additionally, all sites of a domain are concatenated to a large document as continuous text, if
it helps the extractors find a structure over a larger text set. The
preprocessing is individual for each classifier/extractor so that each
classifier/extractor gets the data in the easiest digestible way for
prediction ensuring better usage of the methods.
Classifying texts, even semi-structured ones as in the context of
webpages works very well in most cases, but extracting information
from texts, especially from semi or unstructured texts still bears a
great challenge.

4.1

Classification

A useful information of an organisation to have is the category or
sector that it belongs to. Since this is usually not written directly on
the website, classifying the organisation based on the text content
of the website seems logical. Even with semi-structured texts, the
results are pretty satisfying and therefore this task was not seen as
a major problem.
For supervised learning, a gold standard is necessary, where
each organisation has a website and a category label. For this,
we use the metadata from Google Places [45]. The Google Places
metadata includes a ’types’ field with categories such as ’airport’,
’clothing store’, ’nightclub’ and many more for each organisation.
These are used for training the classifier. In addition, we manually
mapped those types to the STW Thesaurus for Economics [19] to
put those types into a hierarchy. This is explained in more detail in
the technical report [44].
Since the goal is to have a lightweight classification model or tool
that can handle a lot of data and produces state-of-the-art results
the popular fastText library [40] was chosen as the classification
framework.
FastText [40] is an open-source library developed by Facebook [35].
FastText does not use Neural Networks but trains a linear classifier with many optimizations to enhance the prediction quality and
training times, such as hierarchical softmax and bag of n-grams [40].

Figure 2: Overview of the automated gold standard generation process

4.2

Extraction

The most common type of information extraction is the so-called
Named Entity Recognition task where the goal is to find and tag
entities in a sequence of text input data [49, 59]. NER models usually
learn by taking a lot of labeled sentences, usually of the same
length, and then using the presence of words or of similar words
using word vectors [47, 52] as well as the context, more precisely
the presence of previous and subsequent tokens and predicted
labels, to predict the labels for every token in an input sentence.
Extracting the company’s name can be more of a challenge since
the company names can consist of artificial names, person names,
random numbers and many more or less meaningful terms and
generalize from a small number of names is usually not possible.
For this type of attributes, other characteristics such as the number
and location of occurrence, as well as the context of the entire page,
etcetera, should be taken into account [53]
For the extraction we used three methods. A rule based approach
with Regular Expressions, and two supervised machine learning
approaches, a classical one with Support Vector Machines and an
approach using Deep Learning.
Rule Based Extraction. is used as a baseline for the extraction of
telephone numbers and e-mail addresses.
The structure of these attributes is captured in two simple Regular Expressions. We created some Regular Expressions for entities
with a clear structure (like email addresses, phone numbers and
opening hours). To adapt already existing patterns to the German
peculiarities, like the structure of the telephone numbers or the
peculiarities with the spelling (e.g. 5 numbers preselection, space
or forward slash, 6 numbers), would be connected with similar

expenditure as to rewrite them. Entities such as company names
have no reliable indicator in German like capitalization in English.
In the context of the web, the entities often lack a comprehensible
context (like ’of’ or words that often appear in a company context,
like ’is CEO of’ or ’acquires’).
In an optimal case these latent patterns, which capture the essential structure an entity can be found, in would be detectable with
a pattern generator of some kind. At this point the patterns have
to be so sophisticated to match the latent pattern, that a human
barely understands them, so we rather focused on a fully supervised learning approach. We do not implement such rule deduction
systems, as they have proven themselves in many other papers
[2, 10, 17, 42, 65].
Supervised Machine Learning. aims to find latent patterns with
the desired attributes can be extracted. We have created a semiautomatic gold standard with training data, as described in Section 5.
The model is adjusted to the gold standard data until its predictions are as good as possible, regarding a loss function or maximal
training epochs. With this training data, the machine learning algorithm tries to find a latent structure to identify data similar to the
given results. To do this, they use characteristics of the results (for
example, a name is uppercase) or characteristics of surrounding
words (for example, phrases or words that often appear before an
entity).
Structural Support Vector Machines. We used Structural Support
Vector Machines as a supervised learning method to achieve that
because it is a tested method for entity extraction. We use the SVM

implementation of MITIE6 , which relies on eigenword spectral
word embeddings[14] and a cutting-plane training algorithm [39].
Deep Learning. A state-of-the-art Deep Learning NER model
is the bidirectional LSTM with character and word embeddings.
which is often combined with classical CRFs (Conditional Random
Fields) in the last scoring step [32, 43, 46].
The overall architecture is pretty simple. First, the character
embeddings are learned from the training data for each word using RNNs that remember information about previous steps in a
sequence, so called LSTM networks. The resulting character vectors of words are then concatenated to word embeddings which
usually come pretrained from a large unsupervised corpus. These
word embeddings capture similarities between similar words and
thus help to learn by meaning rather than by certain words. The
concatenated vector is then put through another set of LSTM layers.
It is called bi-LSTM because the sequence of word vectors is
not only put through the layers in the forward order, but also in
the backwards order to factor the context in both directions for
each word. This step will result in a probability vector for each
token. Feeding a sequence of these score vectors to a traditional
linear-chain CRF results in the sequence of labels with the highest
probability.
For the Deep Learning Named Entity Recognition application the
BiLSTM-CNN-CRF Implementation from Nils Reimers and Iryna
Gurevych [56], as well as, the Sequence Tagging implementation
by Guillaume Genthial [43, 46] is used.
Both are based on the described Deep Learning architecture, the
implementation of Nils Reimers and Iryna additionally focuses on
high training speeds. We used these model implementation mostly
on default parameters except for some mini batch adjustments. In
addition, German word embeddings with a dimensionality of 100
are used [55].

4.3

Ensemble

After all methods have annotated possible labels on a website or extracted found attributes, only one label or attribute per category is
selected. The goal is to create an entity with the highest trust values
from the extracted attributes and labels. If several classifiers/extractors have results for the same category (e.g. both found a company
name) they are treated like a simple ensemble, that works with
weighted bags [15]. The weights dynamically proceed from the
confidence values of the classifiers and adjust with every decision.
If the confidence values of different methods are not comparable
they are made comparable by normalizing them before they are
used to decide which result is more reliable and take that result.
If there is no confidence for a classifier or extractor, it receives a
fixed confidence that reflects the overall reliability of this method
compared to the other methods. For instance, the Regular Expressions deliver no confidence values for the strings that matched with
their pattern, but the evaluation suggests that only about 50% of
the suggestions from the Regular Expression patterns for phone
numbers and email addresses are correct (Table 7, Table 8). So we
choose a fixed confidence value that reflects this and enables a
comparison with the other extractors. So a classifier or extractor
6 https://github.com/mit-nlp/MITIE

with a fixed confidence can be overruled by another classifier or
extractor if the result has a high confidence value. When classifiers
and extractors only produce results that are not reliable they get
overruled by the ones with fixed confidence values to ensure better
reliability overall.

5

GOLD STANDARD

To successfully train NER models a valid and large gold standard
is the key aspect to achieve a high rate of correct entity label predictions. Therefore, many resources must be invested in the gold
standard generation process.
In the context of extracting information such as addresses and
phone numbers from websites, it is known, that the structure and
locations of entities vary greatly between websites. Therefore, a
large training corpus is the key to learn as much variation as possible. Furthermore, the gold standard labels have to be as precise as
possible. Having miss-labelled entities will worsen the prediction
in the end.
A common way of generating a gold standard is by manually labelling raw texts by a group of experts. Since having a lot of experts
labelling many texts is very time-consuming, crowdsourcing this
process through tools like Amazon Mechanical Turk [1] is often
used instead. The cutback in quality is often worth the savings in
time and money.
However, in our case, it was possible to use an automatic labelling
process due to the availability of metadata for the organisations.
The basic process was to find the metadata value e.g. the address of
the organisation on the crawled organisation webpages and mark
or annotate them with the label, in this example the ’address’ or
’ADR’ label. An overview of the gold standard creation is given in
Figure 2 below.
Public Metadata sources
For acquiring the organisation’s metadata, Google Places [45] was
used which provides information regarding the organisation’s name,
website, address, phone number, opening hours and a category, that
was mainly used for the organisation webpage classification model.
Other alternatives for getting the organisation metadata included
the Facebook Graph [36], YELP [37], Open Street Map [20] and the
German Company Register [22]. Since Google Places provides a
big and up to date collection of business and organisation data and
is free to use, it was chosen to be the source for the metadata. It is
also worth mentioning that the German Company Register does
not provide a free API [33].
Annotation process
With the metadata available, all that’s left to do is tagging the
specific attribute values inside the crawled HTML pages and fed that
to the NER model. Things are not that simple since an exact match
is not a good solution. Addresses, for example, can have a different
order of tokens, websites might abbreviate certain tokens such as
streets, names and many more which would not be considered
if using exact match searches and opening hours are formatted
in a lot of different ways which have to be taken care of. Due to
the variance of how certain attribute values, such as addresses
and phone numbers, are formatted and displayed, an exact match
method would not be ideal and miss many attributes. Therefore,

a better process of identifying the metadata values on websites is
needed, which is described below.
First, the website and metadata values are tokenized. Then, each
token from the website is compared against each metadata value
token using the Levenshtein distance metric and a minimum ratio. If
that minimum is achieved, a detailed similarity check is made. This
is done by consecutively adding up to 25 following token and then
looking at the combined similarity with the gold standard value
and taking the sequence with the maximum one if it surpasses a
threshold which was found to produce satisfying results. The order
of token is important for attributes like name and phone number
but not directly for address tokens. That is why different similarity
measures are used to incorporate this.
Lastly, the labelled data has been cut to three different sentence
length of 25, 200 and the full website capped at 3,000 tokens. For
every sentence length there are also three different HTML tag
versions. One that includes every HTML tag, the second one only
includes the major HTML tags such as divs and p tags and the last
version has all the HTML tag filtered out.

6

EVALUATION

The evaluation of our research questions consists of measuring
the reliability of our gold standard and the performance of our
classification and extraction methods.

6.1

Gold standard

We make out two steps for evaluating the gold standard.
Discovery Ratio: The Discovery Ratio describes the number
of discovered attribute values on the websites divided by the
total number of attributes available from Google. However,
this metric bears some deceptions since it is not known if the
Google gold standard attribute value matches the attribute
value on the website (topicality) or whether it is present on
the website in the first place. Since German websites were
the focus of study you can at least assume that almost every
website should have a site notice comprising a name, address
and a phone number, which is required by law [13].
Ratified Ratio: The next metric used to evaluate the gold standard is the Ratified Ratio metric. It expresses whether the
annotated token sequence is, in fact, the attribute type it
should be. For example, an organisation could have the name
’banana’ and the algorithm annotates every token called ’banana’ with the company tag, even if it’s not a company in
the context of the sentence. Since this leads to many false
annotations and might confuse the NER algorithm it should
be as high as possible. Unfortunately, it is not an easy measure to compile since you need human intelligence to judge
each annotation of the algorithm. Since our team is small
and lacks the required resource this metric is not evaluated.

6.2

Extraction

The annotated data is split into three sets. Two of them are used
for training and the last one is used for evaluation purposes. Since
it is not used to train the model, there are no problems due to
overfitting. Three commonly used metrics are calculated to evaluate
the extraction performance: precision, recall and the F1-score.

Figure 3: Process overview
Furthermore two additional parameters are to be evaluated. The
first parameter describes the presence of HTML tags in the training
data. Three variants of the parameter are used in order to evaluate
the effect of having different levels of HTML tags in the training
sets: No HTML, with HTML and less HTML. The no HTML version
is completely free of HTML tags, while the with HTML version
features all tags. The less HTML variant allows only divs and p tags
to provide some structure information.
The second parameter controls the sentence length of the training data. Having larger sentences means the model can learn features from a bigger context, however, it might also favour overfitting
and leads to longer training times since the size of training data is a
lot larger. To evaluate the effect of different sentence lengths, three
variants are compared to each other: Using 25 token, 200 token and
using whole webpages capped at 3,000 tokens to train the models.

6.3

Classification

To evaluate the classification model, precision and recall at k are calculated using a built-in fastText method. Google provides multiple
labels for organisations, thus, making it a multi-label classification
task. Since not all organisations have multiple labels the P@1 and
R@1 are the important scores to consider.

7

ENTITY MATCHING

To ensure that each organisation is represented by only one entity
with one root node the data store needs to be checked for duplicates
regularly.
While the problem of finding duplicate records is extensively reviewed [6], the problem of matching data in a linked data context
is not only less reviewed but also highly depended on the used data
model and certain environment variables.
To solve this problem we present an integrated and efficient matching and an adoptable merging-purging process (based on the established SILK Framework for matching). An evaluation of this
process is not possible at this time, as no gold standard exists and
the final source data was only available shortly before the project
was completed.
All objects/organisations are stored as graphs in the Triple Store.
Each entity has a unique root node. To merge all graphs that refer
to the same object into one graph, the first step must be to identify
all datasets that refer to the same real element [16]. Heath et al.
[27] listed the most common methods for this purpose: Comparing labels using similarity metrics, Common Key Matching, Graph
Matching.
However, since there are no unique identification keys and all objects are stored in the same structure, so only the labels can be
compared. Since the match in one attribute is not sufficient to make

Attribute
Type
Algorithm
Weight Required
hasName
suggested Levenshtein 5
yes
hasName
accepted
Levenshtein 10
no
hasMainPage suggested Jaccard
4
no
hasMainPage accepted
Jaccard
8
no
hasSector
suggested Equality
2
yes
hasSector
accepted
Equality
4
no
hasAdress
suggested Levenshtein 3
no
hasAdress
accepted
Levenshtein 6
no
Table 2: Listing of all attributes and algorithms which are
used for comparison with the respective weights. Required
values must exist for an object to be taken into account.

a decision, several must be compared. The more labels per object
to be queried and compared, the longer the processing of an object
takes [3] (the calculation of the editing distance can have a complexity of O(|X 1 | ∗ |X 2 |) in the worst case(When |X 1 | is the length
of the first string and |X 2 | the length of the second string [16])).
The objective must, therefore, be to compare as few attributes as
possible and still make a reliable decision. In other words, a tradeoff between performance and quality must be waged.
It should also be considered that the attributes used for differentiation should be those that are frequently present and correct. Additionally more distinctive Attributes have to have a higher weight
than less distinctive.
In addition, there is a special feature of the underlying data model
that stores information about the trustworthiness of attribute values. It seems logical to put more emphasis (and therefore weight)
on trustworthy attributes.
An estimate of trustworthiness is assigned to each attribute. Depending on this estimate, each attribute value is sorted into one
of three categories (accepted, suggested, stashed). Values marked as
accepted are the most trusted ones and values marked as stashed
have fallen below a minimum trust level. Therefore, values marked
as stashed are not used in the decision-making process.
We have decided to use the following attributes to make a judgement on equality: Name, MainPage, Sector, Adress.
As a previous comparison of distance metrics on census data (consisting of first name, last name, house number and street name) has
shown, Levenshtein distance metric (based on average accuracy
and maximum F1 score) is best suited to match these characteristics
[5, 11] (we have opted for the scaled variant in order to be able
to set definite thresholds). We also assume that URLs belonging
to different organisations can have common elements (e.g. mcdonalds.de/restaurant/kiel-holstenbruecke-3 and mcdonalds.de/restaurant/kiel-gutenbergstrasse-82a obviously do not describe the same
organisation comparing them with (scaled) Levenshtein results in
a similarity score of 0.69 using Jaccard results in 0.44). Therefore,
we decided to use a token-based metric for the comparison.
Since the sector names are standardized, they can be tested for
simple equality. These considerations resulted in the following
model:
Another point to note is the problem of merging. If two objects are
merged, the result may result in further matches with other objects
that did not fit so far. A possible solution to this problem would be to

Name
Adress Telephone
Found
55807
46124
17711
Google
187574 187584 170292
Discovery Ratio 0.2975 0.2459 0.1040
Table 3: Gold standard statistics

1
2
3
P@ 0.6412 0.3638 0.2556
fastText
R@ 0.6412 0.7275 0.7668
Table 4: Classification results

merge the entries immediately and then compare them again with
all other objects [3]. Instead, we decided on a two-phase approach
in which all matches are first noted and then resolved in a second
phase. This has the advantage that well-established techniques can
be used for matching. Furthermore, merging, which is expensive in
terms of time [7]. But merging can be carried out in parallel when
all objects involved are known from the start. If the described case
occurs, in which a merge results in further similarities, these are
discovered and processed during the next matching iteration.
Trying to compare each object (each Organisation) to each other
would result in the computation of the Cartesian product of all the
objects [38] in the triple store. Hence using this naive approach for
comparison is not a practical option.
Elemagermid et al. [16] suggested (among other possible options) to
use blocking to reduce the number of required comparisons. Therefore we decided to use the blocking-algorithm already implemented
in Silk [38]. The creators of SILK state that the matching has a
complexity of O(|S | + |T |) where |S | is the number of entities in the
source dataset and |T | is the number of entities in the target dataset
[63] or in our case O(2 ∗ |S |) (since the source is the target and vice
versa).
It should be pointed out that established technologies often deal
with the integration of data from different sources [50, 63]. We, on
the other hand, want to compare data from one source with itself.
Self-explanatory is that an object is always the same to itself, which
is noted accordingly. To remove these links a renewed, one-time
search of the store is required (O(n)). This search could be avoided
by introducing the condition that the URIs should not be the same,
but this is always fulfilled, except when an object is compared to itself. Therefore it seems more practical and less resource consuming
to allow the self-referential links to be set and remove them later.
The basic idea behind the further processing is that the data is
prepared in such a way that the processing is as efficient as possible
(i.e. parallelised). The type of parallelization is determined automatically based on the distribution of the data (see technical report for
details).

trained/tested with
Method Measure
recall
precision
CNN
F1
recall
precision
RNN
F1
recall
precision
SVM
F1

no HTML
less HTML
with HTML
25
200
3000
25
200
3000
25
200
0.3333 0.2945 0.2905 0.4831 0.0338 0.0816 0.3193 0.1116
0.0502 0.1776 0.1377 0.0404 0.1791 0.1793 0.0187 0.1729
0.0873 0.2216 0.1868 0.0745 0.0569 0.1121 0.0353 0.1357
0.0593
0.0626
0.0456
0.0863 0.0327 0.0241 0.0703
0.0429
0.0315
0.3920
0.4575
0.4423
0.1754 0.1491 0.1260 0.2424
0.2250
0.1961
Table 5: Results of organisation name extraction

trained/tested with
Method Measure
recall
precision
CNN
F1
recall
precision
RNN
F1
recall
precision
SVM
F1

no HTML
less HTML
25
200
3000
25
200
3000
0.4643 0.4155 0.4784 0.3444 0.1560 0.4672
0.3451 0.6808 0.6463 0.2922 0.6895 0.6230
0.3959 0.5160 0.5498 0.3161 0.2545 0.5340
0.7826
0.4825
0.5947 0.4751 0.6758
0.4788
0.6824
0.6776
0.6432 0.6424 0.6622
0.6595
Table 6: Results of address extraction

trained/tested with
Method Measure
recall
precision
CNN
F1
recall
RegEx17 precision
F1
recall
precision
RNN
F1
recall
precision
SVM
F1

no HTML
less HTML
with HTML
25
200
3000
25
200
3000
25
200
0.3903 0.6773 0.6143 0.3442 0.5822 0.5526 0.3416 0.5916
0.4321 0.7680 0.6095 0.3783 0.7964 0.7829 0.3302 0.7636
0.4101 0.7198 0.6119 0.3604 0.6727 0.6479 0.3358 0.6667
0.3578
0.6363 0.4580
0.5084
0.3260
0.1117
0.7791 0.7699 0.6165 0.6153
0.4580
0.1891
0.6602
0.6355
0.5254
0.8013 0.7689 0.7488 0.7239
0.6958
0.6175
Table 7: Results of telephone number extraction

8 RESULTS
8.1 Gold standard
Table 3 shows the results of the gold standard evaluation. The
Google Places metadata [45] contains around 187,000 companies in
Germany. For 55,807 company website the algorithm found a name
which is around 30%. As for the addresses it found 46,124 out of the
17 RegEx

was not trained, using it with HTML-tags makes the patterns useless
model had problems in many cases returning the full mail address after the @
symbol

18 The

with HTML
25
200
0.3197 0.1763
0.2557 0.6167
0.2841 0.2742
0.0646
0.2217 0.1001
0.4252
0.4721 0.4474

3000
0.0170
0.1677
0.0309
-

-

3000
0.1181
0.7014
0.2022
-

-

3000
0.5208
0.8389
0.6426
-

-

-

187,000 which also means a Discovery Ratio of 24%. While these
results are satisfying, the amount of found telephone numbers is
significantly lower with a Discovery Ratio of only 10%.

8.2

Extraction

The results of the evaluation for the various attributes are displayed
in the following Tables 5 and 8. The methods are listed on the left
side of the tables. The gold standard versions (no HTML, less HTML
and with HTML) are entered at the top. These are divided into the
different record lengths (25, 200, 3,000). In the inner fields are recall,

trained/tested with
Method Measure
recall
precision
CNN18
F1
recall
RegEx17 precision
F1
recall
precision
RNN
F1
recall
precision
SVM
F1

no HTML
less HTML
25
200
3000
25
200
3000
0.1331 0.0218 0.0524 0.0992 0.0129 0.0234
0.1481 0.0643 0.1282 0.1084 0.0528 0.0746
0.1402 0.0325 0.0744 0.1036 0.0207 0.0356
0.3298
0.8815 0.4800
0.9887
0.6500
0.9839 0.9630 0.9863
0.7761
0.9080
0.8846
0.9454 0.8969 0.9263
0.8907
Table 8: Results of e-mail address extraction

precision and F1-measure, which the corresponding methods have
achieved on the respective gold standard set.
Each row presents the results for the given method containing
the numbers for recall, precision and the F1-score. CNN is referring
to the BiLSTM-CNN-CRF, RNN is short for the BiLSTM-RNN with
char embeddings and SVM refers to the MITIE framework which
builds on traditional structural SVMs.
First, we answer the RQ1 how Neural Nets compare to traditional
methods and which method performs the best. All score comparison should be read as absolute differences. The F1-score of the SVM
approach is in all cases, using sentence lengths of 25, higher than
the BiLSTM-CNN-CRF. Looking at the F1-scores for predicting addresses, you can see that the results of the SVM is about 26% higher
than the CNN. The RNN, on the other hand, sometimes performs
similar to the SVM and in some cases produces higher F1-scores
as seen with the e-mail attribute. For example, it beats the SVM by
about 6%. However, in other situations, such as predicting names,
it performs worse than both the CNN and SVM. For evaluating
phone numbers and email addresses a simple RegEx is used for
comparison purposes. In both cases, it performs worse than the
RNN and the SVM but better than the CNN.
Continuing with RQ2 if the presence of HTML tags enhances
prediction quality the following comparisons are of interest. When
predicting names, the F1-score decreased with increasing presence
of HTML tags for each sentence length. The F1-scores of the SVM
results with a sentence length of 25 declines from 24% without
HTML tags over 22% using a few HTML tags to 19% with all HTML
tags. The same holds true for the CNN (9%, 5%, 3%) and every other
attribute at a sentence length of 25.
Regarding RQ3 how different sentence lengths affect prediction
quality: Due to the available resources, the comparison is only based
on results from the CNN. No definite assertion can be made since
there are conflicting results. For the attribute name, we see the
best results with a sentence length of 200 (no HTML, with HTML)
and 3,000 (less HTML). For the address, the best results are with
a sentence length of 3,000 (no HTML, less HTML) and 25 (with
HTML). In some cases, an increase in sentence length improves
the results, e.g. for phone numbers with HTML, the prediction

with HTML
25
200
0.0798 0.0669
0.1060 0.1921
0.0911 0.0993

3000
0.0500
0.2431
0.0829

-

-

-

-

-

-

-

0.7484
0.9637
0.8425
0.6675
0.9088
0.7697

improves by 30% with increasing sentence length. In other cases,
the prediction for the address deteriorates by 8%.

8.3

Classification

The classification results are shown in Table 4. For single-label
classification, the precision and recall are both at 64%. With having
to predict more labels, the precision drops to 36% for two labels and
26% for predicting three labels, while the recall increases slightly.

9

DISCUSSION

For the extraction task, the results open up the following perspectives on our research questions. Regarding the first research question we found, that the SVM outperformed the CNN, while the
RNN had problems with company name prediction, but outperformed SVM at mail and address prediction. The results show that
traditional NER methods such as SVMs can compete with Neural
Networks. But Neural Networks with more training resources can
achieve even better results under otherwise same conditions. One
major drawback of the SVM and RNN is the long training time
with the resources at hand. However, the CNN trained multiple
magnitudes faster, for example, it only took 24 minutes to train the
model on a dataset whereas the MITIE framework required a whole
day to complete the training process. Of course, the performance
of the CNN lags behind its competitors. In the technical report [44],
we provide the results for a training session using a six times larger
gold standard to train the CNN model. The SVM was not trainable
with so much data under the same circumstances. As expected
the results improve with more data and taking the best all over
result for each HTML parameter the CNN can compete with the
SVM, trained on the smaller training set, requiring still slightly less
training time.
Regarding the second research question, the resulting data shows
that this is not the case. The scores of the tested extraction methods
indicated a negative correlation between the number of HTML
tags encoded into the training data and the quality of prediction.
We assume that it is not possible to transfer the semi-structural
information from the HTML structure into the training data since
there is no latent pattern inside the HTML structure that could be

exploited by the NLP methods. The HTML tokens just added noise
which made it more difficult for the extractors to recognize the
valuable natural language patterns.
Regarding the third research question, there is no clear answer.
We expected that with longer sentences the results get better since it
provides a wider context to the NER method, especially when HTML
tags are present because they consume a lot of space to unfold their
structure. But neither do the results consistently show that longer
sentences are advantageous nor that they are disadvantageous.
For the document classification task, the results are sufficient to
provide an initial categorization of new company websites.

10

CONCLUSION

In Conclusion, this paper proposes a concept of how to design
a system which meets the ACMs requirements for transparency
and accountability. Most of the requirements were directly met by
providing full provenance.
In addition, this paper compared multiple approaches for extracting and classifying entities from German websites and found
that Deep Learning approaches still have problems beating classical
methods like SVMs without proper fine-tuning. SVMs, however,
were able to outperform other traditional methods like CNN or RNN
by up to 20%. Furthermore, we can conclude that the semi-structure
that lies upon the HTML notation does not provide beneficial information that supports the extraction task, but rather irritating noise.
Training with different sentence lengths did not provide any useful
insight since the results showed no signs of clear patterns.
For the matching of entities within the linked data graph structure RDF, this paper presents a prototypical implementation that
shows that matching and merging on our data model is possible
in an acceptable timeframe and with adequate resources consumption.

11

FUTURE WORK

To evaluate the entire system, it must first be set up completely. We
have already implemented a prototype that addresses stage 1 to 3 of
the concept as Figure1 shows. However, the concept is designed for
collaboration, i.e. a user basis must be created after the system has
been set up. Therefore, in addition to the technical aspects, many
user-related problems must also be clarified. After a certain period
of time, the entire project can be evaluated. The goal is to achieve
a system similar to Linux in which the community improves the
system together. This should establish long-term confidence in the
system.
The following sections describe how the aspects described in this
paper can be improved in the future. We focus on improvements to
the gold standard, the extraction, the classification and the merging.

11.1

Gold standard

The performance of the extraction process is limited by the quality of the gold standard. Thus, in the future with more resources
available a lot of improvements can be applied.
The first step would be to tweak and optimize the parameters
of the gold standard creation process, namely the single and multistring similarity thresholds.

While automatic annotation is fast and creates a big gold standard, doing it manually almost always provides a higher quality.
Since it requires too many resources an alternative would be to inspect, verify and make corrections on the computer-produced annotations using semi-automatic labelling software such as BRAT [57].
Having an audited gold standard also means that you can now calculate the Ratified Ratio metric which allows for better evaluation
of parameter adjustings.
Extending the range of annotated attributes is a good an idea as
well. Possible candidates could be managers or employees, opening
hours, events and relations. Sources for these attributes are available
on platforms such as the Facebook Graph API [36] that include
opening hours and events of organisations.
Furthermore, it could help to include downloadable contents
from the webpages, such as PDFs and other text files, to the annotation process to achieve an even higher information foundation.

11.2

Extraction

To improve the comparison and evaluation of the NER methods, all
methods should be evaluated and trained on the full gold standard
with every sentence length and every HTML tag version. Including
more methods and improving the method parameters would also
be beneficial to the significance of the comparison.
This paper compared off-the-shelf NER methods trained and
tested on crawled, mostly unfiltered websites. For the future, it
is required to adjust these existing models to better work with
semi-structured website text and even build entirely new methods
specialized to work on these kinds of texts. The preprocessing on
the websites can also be improved, i.e. by filtering repetitive top,
bottom, and sidebars, removing ads and other non-related content.
This way the models are fed with the main content that does not
include noisy texts. Incorporating the layout and position of content
boxes into the algorithm using the DOM tree or screenshots of the
webpage might also help it to gain further spatial and contextual
knowledge to improve prediction capabilities as shown in some
newer works [23].

11.3

Classification

The classification performance can be improved in the future by
using a larger gold standard. Since our users are able to suggest
and improve organisation labels these updated labels will help to
improve the classification result more and more over time, thus,
helping the user again.
For methodical improvements, one can think about integrating the extracted information as well as webpage images into the
classification process for further experiments.

11.4

Merging

While we have shown how a matching and merging process could
look like it is necessary in the hereafter, in order to carry out a
complete and quantitative evaluation, to establish a gold standard.
Based on this, iterative improvements in the process can be initiated.
The focus should be on removing redundant attributes and adjusting limits to achieve further performance improvements A fixed
matching mode can also be selected as soon as a clear overview of
the data exists.
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