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Abstract In our modern society, almost all events, processes, and decisions in a
corporation are documented by internal written communication, legal filings, or
business and financial news. The valuable knowledge in such collections is not
directly accessible by computers as they mostly consist of unstructured text. This
chapter provides an overview of corpora commonly used in research, highlights re-
lated work, and state-of-the-art approaches to extract and represent financial entities
and relations.
The second part of this chapter considers applications based on knowledge graphs
of automatically extracted facts. Traditional information retrieval systems typically
require the user to have prior knowledge of the data. Suitable visualization tech-
niques can overcome this requirement and enable users to explore large sets of doc-
uments. Furthermore, data mining techniques can be used to enrich or filter knowl-
edge graphs. This information can augment source documents and guide exploration
processes. Systems for document exploration are tailored to specific tasks, such as
investigative work in audits or legal discovery, monitoring compliance, or providing
information in a retrieval system to support decisions.

1 Introduction

Data is frequently called the oil of the 21st century.1 Substantial amounts are pro-
duced by our modern society each day and stored in big data centers. However,
the actual value is only generated through statistical analyses and data mining.
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Computer algorithms require numerical and structured data, such as in relational
databases. Texts and other unstructured data contain a lot of information that is not
readily accessible in a machine-readable way. With the help of text mining, comput-
ers can process large corpora of text. Modern natural language processing (NLP)
methods can be used to extract structured data from text, such as mentions of compa-
nies and their relationships. This chapter outlines the fundamental steps necessary to
construct a knowledge graph (KG) with all the extracted information. Furthermore,
we will highlight specific state-of-the-art techniques to further enrich and utilize
such a knowledge graph. We will also present text mining techniques that provide
numerical representations of text for structured semantic analysis.

Many applications greatly benefit from an integrated resource for information in
exploratory use cases and analytical tasks. For example, journalists investigating the
Panama papers needed to untangle and sort through vast amounts of data, search en-
tities, and visualize found patterns hidden in the large and very heterogeneous leaked
set of documents and files [10]. Similar datasets are of interest for data-journalists
in general or in the context of computational forensics [19, 13]. Auditing firms and
law enforcement need to sift through massive amounts of data to gather evidence
of criminal activity, often involving communication networks and documents [28].
Current computer-aided exploration tools,2 offer a wide range of features from data
ingestion, exploration, analysis, to visualization. This way, users can quickly nav-
igate the underlying data based on extracted attributes, which would otherwise be
infeasible due to the often large amount of heterogeneous data.

There are many ways to represent unstructured text in a machine-readable format.
In general, the goal is to reduce the amount of information to provide humans an
overview and enable the generation of new insights. One such representation are
knowledge graphs. They encode facts and information by having nodes and edges
connecting these nodes forming a graph.3 In our context, we will consider nodes
in the graph as named entities, such as people or companies, and edges as their
relationships. This representation allows humans to explore and query the data on
an abstracted level and run complex analyses. In economics and finance, this offers
access to additional data sources. Whereas internally stored transactions or balance
sheets at a bank only provide a limited view of the market, information hidden in
news, reports, or other textual data may offer a more global perspective.

For example, the context in which data was extracted can be a valuable additional
source of information that can be stored alongside the data in the knowledge graph.
Topic models [8] can be applied to identify distinct groups of words that best de-
scribe the key topics in a corpus. In recent years, embeddings significantly gained
popularity for a wide range of applications [64]. Embeddings represent a piece of
text as a high dimensional vector. The distance between vectors in such a vector
space can be interpreted as semantic distance and reveals interesting relationships.

This chapter focuses on the construction and application of knowledge graphs,
particularly on company networks. In the first part, we describe an NLP pipeline’s

2 e.g., extraction and indexing engine (https://www.nuix.com/), network analysis and visualization
(https://linkurio.us/), or patent landscapes (https://clarivate.com/derwent/)
3 Knowledge graphs are knowledge bases whose knowledge is organized as a graph.
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key steps to construct (see Sect. 2) and refine (see Sect. 3) such a knowledge graph.
In the second part, we focus on applications based on knowledge graphs. We differ-
entiate them into syntactic and semantic exploration. The syntactic exploration (see
Sect. 5) considers applications that directly operate on the knowledge graph’s struc-
ture and meta-data. Typical use cases assume some prior knowledge of the data and
support the user by retrieving and arranging the relevant extracted information. In
Sect. 6 we extend this further to the analogy of semantic maps for interactive visual
exploration. Whereas syntactic applications follow a localized bottom-up approach
for the interactions, semantic exploration usually enables a top-down exploration,
starting from a condensed global overview of all the data.

2 Extracting Knowledge Graphs from Text

Many business insights are hidden in unstructured text. Modern NLP methods can
be used to extract that information as structured data. In this section, we mainly
focus on named entities and their relationships. These could be mentions of compa-
nies in news articles, credit reports, emails, or official filings. The extracted entities
can be categorized and linked to a knowledge graph. Several of those are publicly
accessible and cover a significant amount of relations, namely Wikidata [77], the
successor of DBpedia [34], and Freebase [9], as well as YAGO [76]. However, they
are far from complete and usually general-purpose, so that specific domains or de-
tails might not be covered. Thus, it is essential to extend them automatically using
company-internal documents or domain-specific texts.

The extraction of named entities is called names entity recognition (NER) [23]
and comprises two steps: First, detecting the boundaries of the mention within the
string of characters and second, classifying it into types such as ORGANIZATION,
PERSON, or LOCATION. Through named entity linking (NEL) [70],6 a mention is
matched to its corresponding entry in the knowledge graph (if already known). An

Fig. 1 Network of informa-
tion extracted from the ex-
cerpt: VW purchased Rolls-
Royce & Bentley from Vick-
ers on 28 July 1998. From
July 1998 until December
2002, BMW continued to
supply engines for the Rolls-
Royce Silver Seraph.5

owns owns

supplies

sells to

Vickers plc Volkswagen Group

Rolls-Royce plc Bayerische Motoren Werke AG

5 Excerpt from https://en.wikipedia.org/wiki/Volkswagen Group. Accessed on 22.02.2020
6 Also called entity resolution, entity disambiguation, entity matching, or record linkage.



4 Repke et al.

unambiguous assignment is crucial for integrating newly found information into a
knowledge graph. For the scope of this chapter, we consider a fact to be a relation
between entities. The most naı̈ve approach is to use entity co-occurrence in text.
Relationship extraction (RELEX) identifies actual connections stated in the text,
either with an open or closed approach. In a closed approach, the relationships are
restricted to a pre-defined set of relations, whereas the goal with an open approach
is to extract all connections without restrictions.

Figure 1 shows a simplified example of a company network extracted from a
small text excerpt. Instead of using the official legal names, quite different collo-
quial names, acronyms, or aliases are typically used when reporting about compa-
nies. There are three main challenges in entity linking: 1) name variations as shown
in the example with “VW” and “Volkswagen”; 2) entity ambiguity, where a mention
can also refer to multiple different knowledge graph entries; and 3) unlinkable enti-
ties in the case, that there is no corresponding entry in the knowledge graph yet. The
resulting graph in Fig. 1 depicts a sample knowledge graph generated from facts
extracted from the given text excerpt. Besides the explicitly mentioned entities and
relations, the excerpt also contains many implied relationships; for example, a sold
company is owned by someone else after the sell. Further, relationships can change
over time, leading to edges that are only valid for a particular time. This informa-
tion can be stored in the knowledge graph and, e.g., represented through different
types of edges in the graph. Through knowledge graph completion, it is possible to
estimate the probability whether a specific relationship between entities exists [74].

In the remainder of this section, we provide a survey of techniques and tools for
each of the three steps mentioned above: NER (Subsect. 2.2), NEL (Subsect. 2.2),
and RELEX (Subsect. 2.3).

2.1 Named Entity Recognition (NER)

The first step of the pipeline for knowledge graph construction from text is to iden-
tify mentions of named entities. Named entity recognition includes several subtasks,
namely identifying proper nouns, the boundaries of named entities, and classifying
the entity type. The first work in this area was published in 1991 and proposed
an algorithm to automatically extract company names from financial news to build
a database for querying [54, 46]. The task gained interest with MUC-6, a shared
task to distinguish not only types, such as person, location, organization, but also
numerical mentions, such as time, currency, and percentages [23]. Traditionally, re-
search in this area is founded in computational linguistics, where the goal is to parse
and describe the natural language with statistical rule-based methods. The founda-
tion for that is to correctly tokenize the unstructured text, assign part-of-speech tags
(also known as POS-tagging), and create a parse tree that describes the sentence’s
dependencies and overall structure. Using this information, linguists defined rules
that describe typical patterns for named entities.
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Handcrafted rules were soon replaced by machine learning approaches that use
tags mentioned above and so-called surface features. These surface features describe
syntactic characteristics, such as the number of characters, capitalization, and other
derived information. The most popular supervised learning methods for the task
are hidden Markov models and conditional random fields due to their ability to de-
rive probabilistic rules from sequence data [6, 42]. However, supervised learning
requires large amounts of annotated training data. Bootstrapping methods can auto-
matically label text data using a set of entity names as a seed. These semi-supervised
methods do so by marking occurrences of these seed entities in the text and us-
ing contextual information to annotate more data automatically. For an overview
of related work in that area, we refer to Nadeau et al. [47]. In recent years, deep
learning approaches gained popularity. They have the advantage that they do not
require sophisticated pre-processing, feature engineering, or potentially error-prone
POS-tagging and dependency parsing. Especially recurrent neural networks are well
suited since they take entire sequences of tokens or characters into account. For an
overview of currently researched deep learning models for NER, we refer readers to
the extensive survey by Yadav and Bethard [80].

Although the task of automatically identifying company names in text, there is
still a lot of research dedicated to named entity recognition. Due to their struc-
tural heterogeneity, recognizing company names is particularly difficult compared
to person or location names. Examples of actual German company names show
the complexity of the task. Not only are some of the names very long (“Simon
Kucher & Partner Strategy & Marketing Consultants GmbH”), they interleave abstract
names with common nouns, person names, locations, and legal forms, for example:
“Loni GmbH”, “Klaus Traeger”, “Clean-Star GmbH & Co Autowaschanlage Leipzig KG”.
Whereas in English almost all capitalized proper nouns refer to named entities, it is
significantly harder to find entity mentions in other languages, for example, in Ger-
man, where all common nouns are capitalized [17]. Loster et al. [65, 36] dedicate
a series of papers to the recognition of financial entities in text. In particular, they
focus on correctly determining the full extent of a mention by using tries, which are
tree structures, to improve dictionary-based approaches [39].

The wealth of publications and the availability of open-source libraries reflect
the importance and popularity of NER. The following overview shows the most
successful projects used in research and industry alike.

GATE ANNIE The General Architecture for Text Engineering (GATE),7 first re-
leased in 1995, is an extensive and mature open-source Java toolkit for many
aspects of natural language processing and information extraction tasks. AN-
NIE, A Nearly-New Information Extraction system, is the component for named
entity extraction implementing a more traditional recognition model [15]. GATE
provides all necessary tools to build a complete system for knowledge graph con-
struction in combination with other components.

7 https://gate.ac.uk/
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NLTK The Natural Language Toolkit (NLTK),8 first released in 2001, is one of
the most popular Python libraries for natural language processing [7]. It provides
a wealth of easy to use API for all traditional text processing tasks and named
entity recognition capabilities.

OpenNLP The Apache OpenNLP project9 is a Java library for the most common
text processing tasks and was first released in 2004 [27]. It provides implemen-
tations of a wide selection of machine learning-based NLP research designed to
extend data pipelines built with Apache Flink or Spark.

CoreNLP The StanfordNLP research group released their first version of CoreNLP10

in 2006 as a Java library with Python bindings [52]. It is actively developed and
provides NLP tools ranging from traditional rule-based approaches to models
from recently published state-of-the-art deep learning research.

spaCy Only recently in 2015, spaCy11 was released as a Python/Cython library,
focusing on providing high-performance in terms of processing speed. It also
includes language models for over fifty languages and a growing community of
extensions. After an initial focus on processing speed, the library now includes
high-quality language models based on recent advances in deep learning.

For a detailed comparison of the frameworks mentioned above, we refer readers to
the recently published study by Schmitt et al. [68].

2.2 Named Entity Linking (NEL)

The problem of linking named entities is rooted in a wide range of research areas.
Through named entity linking, the strings discovered by NER are matched to enti-
ties in an existing knowledge graph or extend it. Wikidata is a prevalent knowledge
graph for many use cases. Typically, there is no identical string match for an entity
mention discovered in the text and the knowledge graph. Organizations are rarely re-
ferred to by their full legal name, but rather an acronym or colloquial variation of the
full name. For example, VW could refer to Vorwerk, a manufacturer for household ap-
pliances, or Volkswagen, which is also known as Volkswagen Group or Volkswagen AG.
At the time of writing, there are close to 80 entries in Wikidata12 when searching
for “Volkswagen”, excluding translations, car models, and other non-organization en-
tries. Entity linking approaches use various features to match the correct real-world
entity. These features are typically based on the entity mention itself or information
about the context in which it appeared. Thereby, they face similar challenges and
use comparable approaches as research in record linkage and duplicate detection.
Shen et al. [70] provide a comprehensive overview of applications, challenges, and

8 http://nltk.org/
9 https://opennlp.apache.org
10 https://nlp.stanford.edu/software/
11 https://spacy.io/
12 https://www.wikidata.org/w/index.php?search=volkswagen
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a survey of the main approaches. As mentioned earlier, there are three main chal-
lenges when linking named entities, namely name variations, entity ambiguity, and
unlinkable entities. In this subsection, we discuss these challenges using examples
to illustrate them better. We also present common solutions to resolve them and
close with an overview of entity linking systems.

Name Variations. A real-world entity is referred to in many different ways, such
as the full official name, abbreviations, colloquial names, various known aliases, or
simply with typos. These variations increase the complexity of finding the correct
match in the knowledge base. For example, Dr. Ing. h.c. F. Porsche GmbH, Ferdinand
Porsche AG, Porsche A.G. are some name variations for the German car manufacturer
Porsche commonly found in business news. Entity linking approaches traditionally
take two main steps [70]. The first step selects candidate entries for the currently
processed mention from the knowledge base. The second step performs the actual
linking by choosing the correct candidate. The candidate generation reduces the
number of possible matches, as the disambiguation can become computationally
expensive. The most common approach is to use fuzzy string comparisons, such as
an edit-distance like the Levenshtein distance or the Jaccard index for overlapping
tokens. Additionally, a few rules for name expansion can generate possible abbre-
viations or extract potential acronyms from names. These rules should use domain-
specific characteristics, for example, common legal forms (Ltd. 7→ Limited) as well
as names (International Business Machines 7→ IBM). If an existing knowledge base is
available, a dictionary of known aliases can be derived.

Entity Ambiguity. A mentioned entity could refer to multiple entries in the knowl-
edge graph. For example, Volkswagen could not only refer to the group of car man-
ufacturers, but also the financial services, international branches, or to the local car
dealership. Only the context, the company mention appears in, may help identify
the correct entry, by taking keywords within the sentence (local context) or the doc-
ument (global context) into account. The entity disambiguation, also called entity
ranking, selects the correct entry among the previously generated set of candidates

Fig. 2 Example for ranking and linking company mentions to the correct entity in a set of candi-
dates from the knowledge graph.
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of possible matches from the knowledge base. This second linking step aims to es-
timate the likelihood of a knowledge base entry being the correct disambiguation
a given mention. These scores create a ranking of candidates. Typically, the one
with the highest score is usually chosen to be the correct match. Generally, ranking
models follow either a supervised or unsupervised approach. Supervised methods
use annotated data mentions are explicitly linked to entries in the knowledge base
to train classifiers, ranking models, probabilistic models, or graph-based methods.
When there is no annotated corpus available, data-driven unsupervised learning or
information retrieval methods can be used. Shen et al. [70] further categorize both
approaches into three paradigms. Independent ranking methods consider entity men-
tions individually without leveraging relations between other mentions in the same
document and only focusing on the text directly surrounding it. On the oher hand,
collective ranking methods assume topical coherence for all entity mentions in one
document and link all of them collectively. Lastly, collaborative ranking methods
leverage the textual context of similar entity mentions across multiple documents to
extend the available context information.

Unlinkable Entities. Novel entities have no corresponding entries in the knowl-
edge graph yet. It is important to note that NEL approaches should identify such
cases and not just pick the best possible match. Unlinkable entities may be added
as new entries to the knowledge graph. However, this depends on the context and
its purpose. Suppose HBO2 was found in a sentence and is supposed to be linked to
a knowledge base of financial entities. If the sentence is about inorganic materials,
this mention most likely refers to metaboric acid and should be dismissed. Whereas,
in a pharmaceutical context, it might refer to the medical information systems firm
HBO & Company. In that case, it should be added as a new entity and not linked to
the already existing television network HBO. Entity linking systems deal with this in
different ways. hey commonly introduce a NIL entity, which represents a universal
unlinkable entity, into the candidate set or a threshold for the likelihood score.

Other challenges. Growing size and heterogeneity of KGs are further challenges.
Scalability and speed is a fundamental issue for almost all entity ranking systems.
A key part to solve this challenge is a fast comparison function to generate candi-
dates with a high recall to reduce the number of computations of similarity scores.
State-of-the-art approaches that use vector representations have the advantage that
nearest neighborhood searches within a vector space are almost constant [41]. How-
ever, training them requires large amounts of data, which might not be available
in specific applications. Furthermore, targeted adaptations are not as trivial as with
rule-based or feature-based systems. Another challenge for entity ranking systems
are heterogeneous sources. Whereas multi-language requirements can be accounted
for by separate models, evolving information over time impose other difficulties.
Business news or other sources continuously generate new facts that could enrich
the knowledge graph further. However, with a growing knowledge graph, the char-
acteristics of the data change. Models tuned on specific characteristics or trained on
a previous state of the graph may need regular updates.
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Approaches. There are numerous approaches for named entity linking. Traditional
approaches use textual fragments surrounding the entity mention to improve the
linking quality over just using a fuzzy string match. Complex joint reasoning and
ranking methods negatively influence the disambiguation performance in cases with
large candidate sets. Zou et al. [83] use multiple bagged ranking classifiers to cal-
culate a consensus decision. This way, they can operate on subsets of large candi-
date sets and exploit previous disambiguation decisions whenever possible. As men-
tioned before, not every entity mention can be linked to an entry in the knowledge
graph. On the other hand, including the right entities in the candidate set is challeng-
ing due to name variations and ambiguities. Typically, there is a trade-off between
the precision (also called linking correctness rate) of a system and its recall (also
called linking coverage rate). For example, simply linking mentions of VW in news
articles to the most popular entry in the knowledge graph is probably correct. All
common aliases are well known and other companies with similar acronyms appear
less frequently in the news, which leads to high precision and recall. In particular
applications, this is more challenging. Financial filings often contain references to
numerous subsidiaries with very similar names that need to be accurately linked. Co-
hEEL is an efficient method that uses random walks to combine a precision-oriented
and a recall-oriented classifier [25]. They achieve wide coverage while maintaining
a high precision, which is of high importance for business analytics.

The research on entity linking shifted towards deep learning and embedding
based approaches in recent years. Generally, they learn high-dimensional vector
representations of tokens in the text and knowledge graph entries. Zwicklbauer et
al. [85] use such embeddings to calculate the similarity between an entity mention
and its respective candidates from the knowledge graph. Given a set of training data
in which the correct links are annotated in the text, they learn a robust similarity
measure. Others use the annotated mentions in the training data as special tokens in
the vocabulary and project words and entities into a common vector space [81, 21].
The core idea behind DeepType [53] is to support the linking process by providing
type information about the entities from an existing knowledge graph to the dis-
ambiguation process, which they train in an end-to-end fashion. Such approaches
require existing knowledge graphs and large sets of training data. Although this can
be generated semi-automatically with open information extraction methods, main-
taining a high quality can be challenging. Labeling high-quality training data man-
ually is infeasible while maintaining high coverage. Active learning methods can
significantly reduce the required amount of annotated data. DeepMatcher offers a
ready-to-use implementation of a neural network that makes use of fully automat-
ically learned attribute and word embeddings to train an entity similarity function
with targeted human annotation [45].
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2.3 Relationship Extraction (RELEX)

Relationship extraction identifies triples of two entities and their relation that appear
in a text. Approaches follow one of two strategies: mining of open-domain triples
or fixed-domain triples. In an open-domain setting, possible relations are not spec-
ified in advance and typically just use a keyword between two entities. Stanford’s
OpenIE [3] is a state-of-the-art information extraction system that splits sentences
into sets of clauses. These are then shortened and segmented into triples. Figure 3
shows the relations extracted by OpenIE from the example used in Fig. 1. One such
extracted triple would be (BMW, supply, Rolls-Royce).

Such a strategy is useful in cases where no training data or no ontology is avail-
able. An ontology is a schema (for a knowledge graph) that defines the types of
possible relations and entities. In the following section, we provide more details
on standardized ontologies and refinement. One disadvantage of open-domain ex-
traction is that synonymous relationships lead to multiple edges in the knowledge
graph. Algorithms can disambiguate the freely extracted relations after enriching
the knowledge graph with data from all available text sources. In a fixed-domain
setting, all possible relation types are known ahead of time. Defining a schema has
the advantage that downstream applications can refer to pre-defined relation types.
For example, in Fig. 1 we consider relations such as ORG owns ORG, which is im-
plicitly matched by “VW purchased Rolls-Royce”.

The naı̈ve way to map relations mentioned in the text to a schema is to provide a
dictionary for each relation type. An algorithm can automatically extend a dictionary
from a few manually annotated sentences with relation triples or a seed dictionary.
Agichtein and Gravano published the very famous Snowball algorithm, which fol-
lows this approach [1]. In multiple iterations, the algorithm grows the dictionary
based on an initially small set of examples. This basic concept is applied in semi-
supervised training to improve more advanced extraction models. The collection of
seed examples can be expanded after every training iteration. This process is also
called distant supervision. However, it can only detect relationship types already
contained in the knowledge graph and can not discover new relationship types. A
comprehensive discussion of distant supervision techniques for relation extraction is

Fig. 3 Relations recognized by OpenIE in text from Fig. 1, output is visualized by CoreNLP13

13 An online demo of CoreNLP is available at https://corenlp.run/



Extraction and Representation of Financial Entities from Text 11

provided by Smirnova [71]. Zuo et al. demonstrated the domain-specific challenges
of extracting company relationships from text [84].

Recent approaches mostly focus on deep learning architectures to identify rela-
tions in a sequence of words. Wang et al. [78] use convolutional layers and attention
mechanisms to identify the most relevant syntactic patterns for relation extraction.
Others employ recurrent models to focus on text elements in sequences of variable
length [33]. Early approaches commonly used conditional random fields (CRF) on
parse trees, representing the grammatical structure and dependencies in a sentence.
Nguyen et al. [48] combine modern neural BiLSTM architectures with CRFs for
an end-to-end trained model to improve performance. Based on the assumption
that if two entities are mentioned in the same text segment, Soares et al. [73] use
BERT [16] to learn relationship embeddings. These embeddings are similar to dic-
tionaries with the advantage, that embedding vectors can be used to easily identify
the matching relation type for ambiguous phrases in the text.

3 Refining the Knowledge Graph

In the previous section, we described the key steps in constructing a knowledge
graph, namely named entity extraction, entity linking, and relationship extraction.
This process produces a set of triples from a given text corpus that forms a knowl-
edge graph’s nodes and edges. As we have shown in the previous section, com-
piling a duplicate-free knowledge graph is a complex and error-prone task. Thus,
these triples need refinement and post-processing to ensure a high-quality knowl-
edge graph. Any analysis based on this graph requires the contained information to
be as accurate and complete as possible.

Manual refinement and standards are inevitable for high-quality results. For bet-
ter interoperability, the Object Management Group, the standards consortium that
defined UML and BPMN, among other things, specified the Financial Industry Busi-
ness Ontology (FIBO).14 This ontology contains standard identifiers for relation-
ships and business entities. The Global Legal Identifier Foundation (GLEIF)15 is an
open resource that assigns unique identifiers to legal entities and contains statistics
for around 1.5 million entries at the time of writing.

Using existing knowledge graphs as a reference together with standardized on-
tologies is a good foundation for the manual refinement process. However, the sheer
size of these datasets requires support by automated mechanisms in an otherwise
unattainable task. With CurEx, Loster et al. [37] demonstrate the entire pipeline of
curating company networks extracted from text. They discuss the challenges of this
system in the context of its application in a large financial institution [38]. Knowl-
edge graphs about company relations are also handy beyond large scale analyses of
the general market situation. For example, changes in the network, as reported in

14 https://www.omg.org/spec/EDMC-FIBO/BE/
15 https://search.gleif.org/
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SEC filings,16 are of particular interest to analysts. Sorting through all mentioned
relations is typically impractical. Thus, automatically identifying the most relevant
reported business relationships in newly released filings can significantly support
professionals in their work. Repke et al. [60] use the surrounding text, where a men-
tioned business relation appears, to create a ranking to enrich dynamic knowledge
graphs. There are also other ways to supplement the available information about re-
lations. For example, a company network with weighted edges can be constructed
from stock market data [29]. The authors compare the correlation of normalized
stock prices with relations extracted from business news in the same time-frame and
found, that frequently co-mentioned companies oftentimes share similar patterns in
the movements of their stock prices.

Another valuable resource for extending knowledge graphs are internal docu-
ments, as they contain specialized and proprietary domain knowledge. For example,
the graph can also be extended beyond just company relations and include key per-
sonnel and semantic information. In the context of knowledge graph refinement, it
is essential to provide high quality and clean input data to the information extrac-
tion pipeline. The Enron corpus [30], for example, has been the basis for a lot of
research in many fields. This corpus contains over 500,000 emails from more than
150 Enron employees. The text’s structure and characteristics in emails are typi-
cally significantly different from that of news, legal documents, or other reports.
With Quagga,17 we published a deep learning-based system to pre-process email
text [55]. It identifies the parts of an email text that contains the actual content. It
disregards additional elements, such as greetings, closing words, signatures, or auto-
matically inserted meta-data when forwarding or replying to emails. This meta-data
could extend the knowledge graph with information about who is talking to whom
about what, which is relevant for internal investigations.

4 Analyzing the Knowledge Graph

Knowledge about the structure of the market is a highly valuable asset. This section
focuses on specific applications in the domain of business intelligence for economics
and finance. Especially financial institutions have to have a detailed overview of the
entire financial market, particularly the network of organizations in which they in-
vest. Therefore, Ronnqvist et al. [63] extracted bank networks from text to quantify
interrelations, centrality, and determinants.

In Europe, banks are required by law to estimate their systemic risk. The network
structure of the knowledge graph allows the investigation of many financial scenar-
ios, such as the impact of corporate bankruptcy on other market participants within
the network. In this particular scenario, the links between the individual market par-
ticipants can be used to determine which companies are affected by bankruptcy and

16 https://www.sec.gov/edgar.shtml
17 https://github.com/HPI-Information-Systems/QuaggaLib
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to what extent. Balance sheets and transactions alone would not suffice to calculate
that risk globally, as it only provides an ego-network and thus a limited view of the
market. Thus, financial institutions have to integrate their expertise in measuring the
economic performance of their assets and a network of companies to simulate how
the potential risk can propagate. Constantin et al. [14] use data from the financial
network and market data covering daily stock prices of 171 listed European banks
to predict bank distress.

News articles are a popular source of information for analyses of company re-
lationships. Zheng and Schwenkler demonstrate that company networks extracted
from news can be used to measure financial uncertainty and credit risk spreading
from a distressed firm [82]. Others also found that the return of stocks reflects eco-
nomic linkages derived from text [67]. We have shown that findings like this are
controversial [29]. Due to the connectedness within industry sectors and the entire
market, stock price correlation patterns are very common. Large companies and in-
dustry leaders heavily influence the market and appear more frequently in business
news than their smaller competitors. Additionally, news are typically slower then
movements on the stock market, as insiders receive information earlier through dif-
ferent channels. Thus, observation windows have to be in sync with the news cycle
for analyses in this domain.

News and stock market data can then be used to show, for example, how the
equity market volatility is influenced by newspapers [4]. Chahrour et al. [11] make
similar observations and construct a model to show the relation between media cov-
erage and demand-like fluctuations orthogonal to productivity within a sector. For
models like this to work, company names have to be detected in the underlying texts
and linked to the correct entity in a knowledge graph. Hoberg and Phillips extract
an information network from product descriptions in 10-K statements filed with the
SEC [26]. With this network, they examine how industry market structure and com-
petitiveness change over time.

These examples show that knowledge graphs extracted from text can model ex-
isting hypotheses in economics. A well-curated knowledge graph that aggregates
large amounts of data from a diverse set of sources would allow advanced analyses
and market simulations.

5 Exploring the Knowledge Graph

Knowledge graphs of financial entities enable numerous downstream tasks. These
include automated enterprise valuation, identifying the sentiment towards a partic-
ular company, or discovering political and company networks from textual data.
However, knowledge graphs can also support the work of accountants, analysts, and
investigators. They can query and explore relationships and structured knowledge
quickly to gather the information they need. For example, visual analytics helps
to monitor the financial stability in company networks [18]. Typically, such ap-
plications display small sub-graphs of the entire company network as a so-called
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node-link diagram. Circles or icons depict companies connected by straight lines.
The most popular open-source tools for visualizing graphs are Cytoscape [49] and
Gephi [5]. They mostly focus on visualization rather than capabilities to interac-
tively explore the data. Commercial platforms, on the other hand, such as the NUIX
Engine18 or Linkurious,19 offer more advanced capabilities. These include data pre-
processing and analytics frequently used in forensic investigations, e.g., by journal-
ists researching the Panama papers leak.

There are different ways to visualize a network. Most commonly, by node-link
diagrams as described above. However, already with a small number of nodes and
edges, the readability is hard to maintain [51]. Edge bundling provides for better
clarity of salient high-level structures [35]. The downside is that individual edges
can become impossible to follow. Other methods for network visualization focus on
the adjacency matrix of the graph. Each row and column corresponds to a node in
the graph and cells are colored according to the edge weight or remain empty. The
greatest challenge is to arrange the rows and columns in such a way, that salient
structures become visible. Sankey diagrams are useful to visualize hierarchically
clustered networks to show the general flow of information or connections [12]. For
more details have a look at the excellent survey of network visualization methods
by Gibson et al. [22]. There is no one best type of visualization. It depends on the
specific application to identify the ideal representation to explore the data.

Repke et al. developed “Beacon in the Dark” [59], a platform incorporating vari-
ous modes of exploration. It includes a full system pipeline to process and integrate
structured and unstructured data from email and document corpora. It also consists
of an interface with coordinated multiple views to explore the data in a topic sphere
(semantics), by tags that are automatically assigned, and the communication and
entity network derived from meta-data and text. The system goes beyond traditional
approaches by combining communication meta-data and integrating additional in-
formation using advanced text mining methods and social network analysis. The
objectives are to provide a data-driven overview of the dataset to determine initial
leads without knowing anything about the data. The system also offers extensive
filters and rankings of available information to focus on relevant aspects and finding
necessary data With each interaction, the interface components update to provide
the appropriate context in which a particular information snippet appears.

6 Semantic Exploration using Visualisations

Traditional interfaces for knowledge graphs typically only support node-to-node ex-
ploration with basic search and filtering capabilities. In the previous section, we have
shown that some of them also integrate the underlying source data. However, they
only utilize the meta-data, not the semantic context provided by the text in which

18 NUIX Analytics extracts and indexes knowledge from unstructured data (https://www.nuix.com)
19 Linkurious Enterprise is a graph visualization and analysis platform (https://linkurio.us/)
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entities appear. Furthermore, prior knowledge about the data is required to formu-
late the right queries as a starting point for exploration. In this section, we focus
on methods to introduce semantics into the visualization of knowledge graphs. This
integration enables users to explore the data more intuitively and provides better
explanatory navigation.

Semantic information can be added based on the context in which entity mentions
appear. The semantics could simply be represented by keywords from the text sur-
rounding an entity. The benefit is that users not only interact with raw network data
but with descriptive information. Text mining can be used to automatically enrich
the knowledge about companies, for example, by assigning the respective industry
or sentiment towards products or an organization itself. Such an approach is even
possible without annotated data. Topic models assign distributions of topics to doc-
uments and learn which words belong to which topics. Early topic models, such as
latent semantic indexing does so by correlating semantically related terms from a
collection of text documents [20]. These models iteratively update the distributions,
which is computationally expensive for large sets of documents and long dictionar-
ies. Latent semantic analysis, the foundation for most current topic models, uses
co-occurrence of words [31]. Latent Dirichlet allocation jointly models topics as
distributions over words and documents as distributions over topics [8]. This allows
to summarize large document collections by means of topics.

Recently, text mining research has shifted towards embedding methods to project
words or text segments into a high-dimensional vector space. The semantic simi-
larity between words can be calculated based on distance measures between their
vectors. Initial work in that area includes word2vec [44] and doc2vec [32]. More
recent popular approaches such as BERT [16] better capture the essential parts of a
text. Similar approaches can also embed graph structures. RDF2vec is an approach
that generates sequences of connections in the graph leveraging local information
about its sub-structures [62]. They show some applications that allow the calculation
of similarities between nodes in the graph. There are also specific models to incor-
porate text and graph data to optimize the embedding space. Entity-centric models
directly assign vectors to entities instead of just tokens. Traditionally, an embedding
model assumes a fixed dictionary of known words or character n-grams that form
these words. By annotating the text with named entity information before training

Fig. 4 Screenshot of part of the Cartograph map of organizations and their sectors
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the model, unique multi-word entries in the dictionary directly relate to known en-
tities. Almasian et al. propose such a model for entity-annotated texts [2]. Other in-
teresting approaches build networks of co-occurring words and entities. TopExNet
uses temporal filtering to produce entity-centric networks for topic exploration in
news steams [75]. For a survey of approaches and applications of knowledge graph
embeddings, we refer readers to [79].

Topic models, document embeddings, and entity embeddings are useful tools for
systematic data analysis. However, on their own, they are not directly useable. In
the context of book recommendations, embeddings have been used to find similar
books using combinations of embeddings for time and place of the plot [61]. Simi-
lar approaches could be applied in the domain of financial entities, for example, to
discover corresponding companies in a different country. In use-cases without prior
knowledge, it might be particularly helpful to get an overview of all the data. Also,
for monitoring purposes, a bird’s-eye view of the entire dataset can be beneficial.
The most intuitive way is to organize the information in the form of an interactive
map. Sarlin et al. [66] used self-organizing maps to arrange economic sectors and
countries to create maps. Coloring the maps enables them to visually compare dif-
ferent financial stability metrics across multiple time-frames around periods with
high inflation rates or an economic crisis.

The idea of semantic landscapes is also popular in the area of patent research. The
commercial software Themescape by Derwent20 produces landscapes of patents that
users can navigate similar to a geographical map. Along with other tools, they en-
able experts to find related patents or identify new opportunities quickly. Smith et
al. built a system to transform token co-occurrence information in texts to semantic
patterns. Using statistical algorithms, they generate maps of words that can be used
for content analysis in knowledge discovery tasks [72]. Inspired by that, the New
York public library made a map of parts of their catalog.21 Therefore they use a
force-based network layout algorithm to position the information. It uses the anal-
ogy of forces that attract nodes to one another when connected through an edge or
otherwise repel them. The network they use is derived from co-occurring subject

Fig. 5 Screenshot of the MODiR interface prototype showing an excerpt of a citation network.

20 https://clarivate.com/derwent
21 https://www.nypl.org/blog/2014/07/31/networked-catalog
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headings and terms, which were manually assigned tags to organize their catalog.
Sen et al. created a map of parts of the Wikipedia in their Cartograph project [69].
This map, as shown in Fig. 4, uses embedded pages about companies and dimen-
sionality reduction to project the information on a two-dimensional canvas [40, 50].
Structured meta-data about pages is used to compute borders between “countries”
representing different industry sectors. Maps like this provide an intuitive alternative
interface for users to discover related companies. Most recently, the OpenSyllabus
Project22 released their interactive explorer. Like Cartograph, this enables users to
navigate through parts of the six million syllabi collected by the project. To do so,
they first create a citation network of all publications contained in the visualization.
Using this network, they learn a node embedding [24] and reduce the number of
dimensions for rendering [43].

The approaches presented above offer promising applications in business analyt-
ics and exploring semantically infused company networks. However, even though
the algorithms use networks to some extent, they effectively only visualize text and
rely on manually tagged data. Wikipedia, library catalogs and the syllabi corpus are
datasets that are developed over many years by many contributors who organize
the information into structured ontologies. In business applications, data might not
always have this additional information available, and it is too labor-intensive to
curate the data manually. Furthermore, when it comes to analyzing company net-
works extracted from text, the data is comprised of both the company network and
data provenance information. The methods presented above only visualize either the
content data or the graph structure. In data exploration scenarios, the goal of getting
a full overview of the dataset at hand is insurmountable with current tools. We pro-
vide a solution that incorporates both, the text sources and the entity network, into
exploratory landscapes [56]. We first embed the text data and then use multiple ob-
jectives to optimize for a good network layout and semantically correct layout of
source documents during the dimensionality reduction [58]. Figure 5 shows a small
demonstration of the resulting semantic-infused network layout [57]. Users explor-
ing such data, e.g., journalists investigating leaked data or young scientists starting
research in an unfamiliar field, need to be able to interact with the visualization.
Our prototype allows users to explore the generated landscape as a digital map with
zooming and panning. The user can select from categories or entities to shift the
focus, highlight characterizing keywords, and adjust a heatmap based on the density
of points to only consider related documents. We extract region-specific keywords
and place them on top of the landscape. This way, the meaning of an area becomes
clear and supports fast navigation.

22 Open Syllabus Explorer visualization shows the 164,720 texts (http://galaxy.opensyllabus.org/)
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7 Conclusion

In this chapter, we provided an overview of methods to automatically construct a
knowledge graph from text, particularly a network of financial entities. We described
the pipeline starting from named entity recognition, over linking and matching those
entities to real-world entities, to extracting the relationships between them from
text. We emphasized the need to curate the extracted information, which typically
contains errors that could negatively impact its usability in subsequent applications.
There are numerous use-cases that require knowledge graphs connecting economic,
financial, and business related information. We have shown how these knowledge
graphs are constructed from heterogeneous textual documents and how they can be
explored and visualized to support investigations, analyses, and decision making.
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