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Abstract: Knowledge graphs are proving to be an increasingly important part of modern enterprises,
and new applications of such enterprise knowledge graphs are still being found. In this paper, we
report on the experience with the use of an automatic knowledge graph system called Saffron in
the context of a large financial enterprise and show how this has found applications within this
enterprise as part of the “Conversation Concepts Artificial Intelligence” tool. In particular, we analyse
the use cases for knowledge graphs within this enterprise, and this led us to a new extension to the
knowledge graph system. We present the results of these adaptations, including the introduction
of a semi-supervised taxonomy extraction system, which includes analysts in-the-loop. Further,
we extend the kinds of relations extracted by the system and show how the use of the BERTand
ELMomodels can produce high-quality results. Thus, we show how this tool can help realize a smart
enterprise and how requirements in the financial industry can be realised by state-of-the-art natural
language processing technologies.

Keywords: knowledge graphs; FinTech; taxonomies; financial services; natural language processing;
relation extraction; term extraction

1. Introduction

Enterprise knowledge graphs [1] are a key tool that can enable businesses to create
smart artificial-intelligence-driven applications that can bring real business value. However,
two principle issues often face businesses who wish to use an enterprise knowledge graph:
firstly, the construction of a knowledge graph is neither inexpensive nor straightforward,
and secondly, the applications of the enterprise knowledge graph are not clear. In this paper,
we present our solution to and experiences with this problem, drawn from a collaborative
project between an academic institution, the National University of Ireland (NUI) Galway,
and an enterprise, FMR LLC.

This collaboration builds firstly on the work of the Insight SFIResearch Centre for
Data Analytics at NUI Galway’s experience with the creation of knowledge graphs and,
in particular, the system called Saffron [2]. This system is designed to create a taxonomy
automatically from a large text corpus and works by first identifying all the terms using
syntactic and corpus frequency information. Then, relationships between these terms are
found, and these terms are organized into a taxonomy structure.

These tools are planned to be integrated into a new application called Conversation
Concepts Artificial Intelligence (CCAI), which is used by FMR LLC to drive business in-
sights. The objectives of this application were distilled into use cases that could be realised
by state-of-the-art natural language processing technologies. In particular, there was a
strong desire to include analysts within the taxonomy construction process. This led to the
development of a new semi-automatic methodology for taxonomy development, which
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allows the results to be updated and then dynamically updates the results of the automatic
extraction process to take into account these changes. Secondly, the need for intent classifi-
cation within a virtual agent system led to a use case of extending the taxonomy extraction
to extract a wide range of relations including synonymy and meronymy. As such, we are
just starting to understand the ways that enterprise knowledge graphs can produce real
business value, and as such, we are still discovering new applications, such as customer
satisfaction analysis, and how these can be handled by NLP applications.

The rest of this paper is structured as follows: firstly, we briefly describe the state-of-
the-art in enterprise knowledge graphs in Section 2. We then describe the natural language
processing research, which goes into the development of Saffron and the CCAI application
in Section 4. Then, we describe the CCAI applications and some of the business use cases,
as well as some of the future envisioned applications in Section 3. Finally, we discuss
how these results could be applied within other enterprises and how the goal of a smart
enterprise can be attained in Section 5 before providing some concluding remarks Section 6

2. Related Work

Enterprise knowledge graphs [1] originally sprung from the ideas of semantic net-
works as proposed by Quillian [3] and have increasingly become an important part of large
enterprises. These knowledge graphs are founded on the work of the Semantic Web [4]
and linked data [5] and make use of formalisms such as RDF [6] and OWL [7]. Interest
in such graphs has been further sparked by their adoption by large corporations such as
Google [8]. This has led to knowledge graphs being seen as a key part of Enterprise 2.0,
and large platforms such as miKrow [9] have been developed to simplify the creation of
knowledge graphs and improve user interaction within enterprises.

Denaux et al. [10] proposed a reference architecture for enterprise knowledge graphs
consisting of three main sections:

Acquisition This is concerned with the development of the knowledge graph and includes
the construction and learning of a knowledge graph from data.

Storage A knowledge graph is often very large, and so, efficient query and access to the
knowledge graph can be a key technical challenge

Consumption In order to unlock the value of a knowledge graph, it is necessary to develop
friendly user-facing applications that can deliver genuine business value.

In this paper, our focus is primarily on the first and third part of the architectures.
The acquisition of knowledge graphs is primarily based on the life-cycle of the knowl-

edge graph [11], which involves the extraction, revision and evolution of the knowledge
graph in order to ensure that the knowledge graph is of high quality. The process of
extracting a knowledge graph is essentially the same as that of ontology learning [12] and
consists of three main stages: firstly, the relevant entities or terms must be identified, in a
process called automatic term recognition, then the relations between these terms must be
constructed, and finally, these must be organized into a single coherent knowledge graph.
For the first task of extracting terms, a number of heuristic methods have been developed
based on the frequency of terms and syntactic patterns [2,13,14]. Relation extraction ap-
proaches were initially based on the discovery of patterns that are indicative of relations,
such as the patterns proposed by Hearst [15]; however, recently, new distributional meth-
ods have become popular for extracting relations [16], which rely on word embeddings to
predict relations between entities, and authors have explored combining pattern-based and
distributional methods [17] or extending the results to multiple relations [18]. Taxonomy
construction extends the task of term and relation extraction to a holistic approach, and ini-
tial results have shown that this is a very hard task [19]; until recently, very few approaches
have improved on the state-of-the-art [2,20].

For the application of knowledge graphs, question answering and chatbot systems
have been identified as key targets for the application of knowledge graphs [21]. Some
early systems approached this by a process of translating natural language questions into
database queries in languages such as SQL and SPARQL [22,23]; however, the coverage
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of these systems is limited, and this has led to the exploration of neural network-based
approaches [24] that promise more coverage. Perhaps the most widely-known application
of question answering to knowledge graphs was the IBM Watson system [25], which used
both “off-the-shelf”, general-purpose knowledge graphs, as well as customized knowledge
graphs to answer questions. Enterprise knowledge graphs are thus one of the key ways
systems can be easily adapted to new domains, such as medicine [26]. As an example of the
value that can be created in enterprises, the HAVASknowledge graph [27] can be considered
a trendsetter. This knowledge graph describes start-up companies, and information about
them was extracted from a variety of sources including existing structured data, data
collected from social media and news events. This knowledge graph can also be updated
and revised by local rapporteurs and other agents.

In fact, the process of knowledge graph refinement [28] is one of the key challenges for
knowledge graphs and is still under-researched. There are primarily two kinds of refine-
ment that can be applied to existing knowledge graphs: completion, which involves adding
more facts and builds on techniques for extracting a knowledge graph [29], and error de-
tection, which finds errors and (possibly) suggests corrections. A number of methods have
been proposed for detecting errors in knowledge graphs: reasoning and the structure of the
graph can be used to infer erroneous types or values [30]; incorrect links in the knowledge
graph can be detected as outliers by statistical tests [31]; or external general-purpose knowl-
edge can be exploited to find errors in enterprise knowledge graphs [32,33]. Moreover,
an important part of knowledge graph refinement is the development of user interfaces
that allow human users to easily visualize and verify the content of the knowledge graph,
and thus, a collaborative knowledge graph development methodology has recently been
embodied in tools such as VocBench [34].

3. Conversation Concepts
3.1. Problem Description

With increasing expectations for virtual assistants or chatbots, there is a need to
empower chatbots with overall domain knowledge, contextual awareness within a conver-
sation or chat session, followed by a personalized answer. A predefined answer template
for a given question may not be adequate. A typical Q&A-based chatbot provides the same
answer to every user for a question like “May I contribute to my retirement account?”.
However, in reality, the presence of the word “my” demands that the chatbot needs to
respond differently based on the user profile. The answer may be different for an already
retired user vs. a non-retired user.

To address this issue, we developed a tool named Conversational Concept AI (CCAI),
based on the Saffron tool described in Section 4. This tool has been deployed internally
within FMR LLC since September 2019. The goal of this tool is to enable our virtual assistant
with a Natural Language Understanding (NLU) component that can perform:

• Intent identification, as well as entity detection for the dialogue manager
• Customer intent disambiguation by leveraging other metadata
• Dialogue pattern monitoring in real time to help provide personalized answers

These goals of the Conversation Concepts AI (CCAI) system were realized by the
topic extraction and taxonomy generation from unstructured conversational text. Thus, we
created a self-service text analytic tool trained on financial domain data that understands
financial concepts like mutual fund or dividend reinvestment as an entity in a knowledge
graph rather than a string, like most commercial products do, and that is able to provide
a summary of the topics present in documents. The further tools can use this knowledge
graph as a key part of the information in their workflows. The CCAI and other similar tools
can leverage knowledge graphs to further discover challenges in the digital experience
of users, as well as the complexity of domain-specific terminologies in comparison with
common languages, e.g., security vs. stock. With the discovery of a taxonomy from
unstructured data, we are able to understand the interlinked contents and pattern of digital
navigation in the financial domain, for example account, money transfer and trading. This
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helps the content writers develop concise and action-driven contents with a link to the next
step to reduce ambiguity in content navigation.

The CCAI tool can parse a corpus of conversational text and extract entities and the
relationship between entities, which enables the end users to track various business needs
such as product mentions, content gaps, and trending topics in customer interactions and
help optimize the customer service process.

3.2. Use Cases

As part of our collaboration, a survey of the use cases for knowledge graphs within
FMR LLC was extracted, in order to inform how the Saffron system could be exploited to
make products for the financial business:
Semi-supervised taxonomy builder: For many financial applications, there is a need to

have a taxonomy of topics for simplified search and retrieval processes, organizing
complex data with a hierarchical ordering based on business units, applications
or user segments. As a result, multiple taxonomies across different products and
applications evolved in silo developments. Over time, these overlapping taxonomies
introduced inconsistencies, broken links and relationships and hence became difficult
to manage. In particular, a need was discovered to merge multiple hand-crafted tax-
onomies and to automatically update these taxonomies as new contents or products
are developed.

Multi-intent classifier: With the increased use of interactive digital assistants and ad-
vances in NLU technologies, users now expect chatbots to understand complex,
multi-intent utterances. A single user utterance may contain context or a description
of the issue followed by a request for help or information. Currently, our approach
leverages a taxonomy of actionable terms, to identify multiple slots within a digi-
tal assistant conversation to detect multiple intents. Our approach also leverages
co-reference resolution methods to disambiguate inter-linked entities between previ-
ous utterances.

The previous hypothetical example may be expressed as:

User: Hi, I am thinking to transfer some money to that account but I am
not sure if I am allowed to.

With the help of a domain knowledge graph/ontology, our objective is to identify en-
tities and break down complex utterances into “context/description” and “request”.

Real-time taxonomy mapping and state tracking: During the conversation through a vir-
tual assistant, each utterance is analysed by an intent classifier, entity detector, co-
reference resolution and pre-defined dialogue manager to understand the current
state of the conversation to select the optimal response through the virtual assis-
tant. For example, in a natural conversation, users often refer to previous utterances
through pronouns. Therefore, a variation to the previous hypothetical example may
look like:

User: Hi, I am thinking to transfer some money to that account but I am
not sure if I am allowed to.

User: That’s great, can you please provide instructions for wire transfer

User: What is the routing number?

The above example may appear simple in human-human conversation; however, for
a chatbot, the conversation is challenging due to cross-referencing (“that account”),
inferred entities (“allowed to”, “routing number”) and the state transition of inter-
linked entities (feasibility of wire transfer to a retirement account).

Our objective here is to map the entities in the utterances in real time, track the transi-
tion of intents through the traversal of a knowledge graph/ontology and provide the
most relevant information to the user.
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We take these use cases as being typical of the kind of use cases that knowledge graphs
would have in the financial services sector. In addition, we identified some emerging use
cases, including identifying topics or issues in open-ended customer feedback, email
or search terms, and identified the change in natural trends due to seasonality and/or
real-time events. These use cases may be of interest for future developments.

4. Topic and Taxonomy Extraction

Given the requirements for the CCAI tool, it was clear that current taxonomy extraction
solutions were not suitable to realise its goals. As such, we further developed the Saffron
system [2], to support the development of knowledge graphs within FMR LLC. In particular,
key requirements that were identified were the extension of the automatic extraction system
to cover more sophisticated relation types, as well as the development of tools to support
the evolution of the knowledge graph. In this section, we describe the further developments
that were made to meet the goals of the CCAI system.

4.1. Automatic Extraction

The CCAI tool builds on NLP components provided by the Saffron system [2]. This
tool consists of a number of steps: firstly, term extraction, where terms are identified using
parts-of-speech patterns and then ranked as relevant terms according to some metrics (for
more details, see https://github.com/insight-centre/saffron/wiki/4.1.-Term-Extraction
(accessed on 9/4/2021)). This typically requires that the term:

• contains a minimum and a maximum number of n-grams,
• does not start nor end with a stop word [35],
• follows a set of parts-of-speech patterns empirically found to be associated with

terms [36],
• occurs within the corpus at least a given number of times.

Term extraction then uses a number of metrics to rank the candidate terms for their
“termhood” by measures based on the frequency of the use of the terms, the context in which
the terms occur and the relative frequency compared to some neutral background corpus.
Secondly, there is a relation extraction system, which previously extracted hypernyms only
using the methodology described in Sarkar et al. [37]; however, this has been extended to
extract further relations (see below). Finally, there is a system that builds a taxonomy (a
directed acyclic graph) from these relations. This is a hard problem, and for the moment, we
approached this using a simple greedy approach, which we found produced a near-optimal
answer in most cases.

4.2. Semi-Automatic Taxonomy Development

Automatic taxonomy development provides the benefit of decreasing the effort re-
quired to create taxonomies. However, the low link precision [19] reported by such algo-
rithms creates a major barrier for their deployment in customer-facing enterprise systems.
The wrong term or relation brings a risk associated with branding and the business itself.
In order to address this problem, we developed a human-in-the-loop approach where
experts in the domain of the enterprise can validate the resulting taxonomy and where the
validation step can be used to further improve the automatic taxonomy development.

The approach used for taxonomy development with human-in-the-loop is shown
in Figure 1. First, we used an approach for automatic taxonomy development based
on the terms extracted. Next, this taxonomy was manually evaluated by one or more
domain experts, where terms and relations between terms were assigned as valid or
invalid. The changes performed during the validation step were immediately reflected on
the taxonomy provided as output, but they could also be used to inform a new cycle of
term extraction and taxonomy development.

https://github.com/insight-centre/saffron/wiki/4.1.-Term-Extraction
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Figure 1. Human-in-the-loop taxonomy development pipeline.

In the taxonomy development step, we used the approach provided by Saffron [2].
However, any other algorithm could be potentially used under the requirement that it
allows the enforcement of specific relations between terms.

For the validation step, we developed a user interface where a domain expert can
validate each term and each taxonomic relation between terms.

Initially, each term is considered under revision, then a domain expert may change its
status to accepted or rejected. When taxonomy retraining is triggered, each accepted term
is enforced to be part of the new taxonomy, and each rejected term is removed before a
taxonomy is constructed. Due to the removal of terms, new terms may now be considered
as relevant enough by the term extraction algorithm to appear in the new taxonomy.

In addition to terms, domain experts are also allowed to either:

(i) approve a given parent-child relation or
(ii) change the parent for any given term within the taxonomy.

When a relation is approved or changed, the status of the terms involved in that relation
are automatically changed to accepted. When the validation of relations is finished and the
taxonomy retraining is triggered, all approved relations are included in the new taxonomy
before any other possible relations are considered. Note also that, in order to enable the
revision of the root term within the taxonomy, we added a virtual root node at the top of
the taxonomy. Such a node is just a place holder at the top of each taxonomy, and it has no
meaning as a term.

The resulting taxonomy, after one or multiple iterations of taxonomy development,
can then be deployed within an application under the understanding that it has been
validated by internal domain experts.

4.3. Extending Relation Type Extraction

As we wished to better understand the concepts extracted by the tool, we also de-
veloped a novel methodology for the extraction of generic relations from text. As with
our previous works [37], we believed that there was sufficient information in the word
embeddings in order to extract the relation between a pair of terms.

In order to train this model, we used ConceptNet [38], which is a knowledge graph
containing general domain entities and relationship types between these entities. For the
purpose of this work, we chose three relationship types from ConceptNet: “IsA”, “PartOf”,
and “Synonym”. “IsA” represents hypernymy relations; “PartOf” represents meronymy
relations; and “Synonym” represents synonymy relations. In order to also generate a
dataset for hyponymy relations, we reversed the direction of relations marked as hyper-
nyms. All other relations appearing in ConceptNet were aggregated under the category
“other”. In total, there were 3.65 million relations, of which 11.1% where hypernym rela-
tions, 6.1% synonymy, 0.4% meronymy and the remaining 80.9% classified as “other”. We
extended our classifier using these data, so that Saffron is now one of the few open-source
relation extraction systems that can build taxonomies with multiple relation types from
text corpora.
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4.4. Integration of Knowledge Graphs

Another key use case was the integration of knowledge graphs coming from different
sources. This can include individual knowledge graphs in an organization, as well as
those from external sources such as Wikidata (https://www.wikidata.org/ (accessed on
9/4/2021)), DBpedia [39] and YAGO [40]. We used the Naisc tool [41] (https://github.
com/insight-centre/naisc (accessed on 9/4/2021)) that links multiple resources for this
task. The structure of this tool is demonstrated in Figure 2 above, where two taxonomies
were taken as the input, and then, a sequence of tools operated on the taxonomies to
provide an accurate linking:

1. Analysis of the taxonomies to find the structure of the model;
2. Blocking to find (with reduced computational cost) a set of candidate links;
3. Pre-linking of those elements where this can easily be achieved, for example because

there is only one candidate to link to;
4. Lenses to extract relevant textual elements;
5. Text features applying state-of-the-art NLP techniques to extract numerical measures

of similarity;
6. Graph features analysing the graph and finding similar links;
7. A scorer analysing each link and finding the likelihood of a link being established;
8. Rescaling used to fix the link quality;
9. A matcher using “common-sense” constraints to find the most likely global matching.

Figure 2. The architecture of the Naisc system for taxonomy linking.

As a final output, the system outputs a set of links between the two taxonomies,
stating the equivalence between; these can then be used to build a single knowledge graph
from multiple sources.

4.5. Deployment and Future Plans

Using the techniques developed in the previous section, the CCAI tool was deployed,
and examples of its application are shown in Figures 3 and 4. In Figure 3, we see the terms
that were extracted by the tool in the order of frequency, showing the user the main topics
that were discussed within the corpus. Then, in Figure 4, we see an example of a taxonomy
that was constructed, where users can expand individual nodes by clicking on the bubbles
in order to navigate the knowledge graph.

https://www.wikidata.org/
https://github.com/insight-centre/naisc
https://github.com/insight-centre/naisc
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Figure 3. A screenshot of the Conversation Concepts Artificial Intelligence (CCAI) tool, showing the
topics extracted from the financial articles (LC). LC documents cover a range of financial education
topics and are publicly available. The key terms are ordered by the frequency of their occurrence
within the corpus.

Figure 4. A partial taxonomy generated by the CCAI tool and Saffron, extracted from LC documents.
The key terms in this taxonomy are the same as those shown in Figure 3. Some nodes are collapsed
(filled circles) to facilitate visualization as a figure.

The CCAI tool outputs one or more taxonomies based on the source of the unstruc-
tured data. These outputs then help us to discover the pattern of digital content with
respect to particular financial product/services. This pattern analysis is a critical compo-
nent in designing a dialogue manager, entity linking or query disambiguation, as well
as optimizing our digital contents. Without the tool, the mentioned task may require
substantial manual effort to scale our virtual assistant and content discovery tools.
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Another natural extension of CCAI’s capability is to enable a personalization concept
by overlaying an observed pattern with context. With the current development of a context-
based language model like BERT [42], CCAI can be extended to understand the context
within a conversation as well.

5. Discussion

The enterprise of the future will be self-reflective, making it smarter by exploiting AI in
gaining a broader and deeper understanding of its operations, its customers, employees and
operating context, driving better services and better performance. The cognitive industrial
revolution that is now unfolding builds on technology that understands the world in which
it operates in ways that are not dissimilar to human understanding. AI enables the develop-
ment of technology with cognitive abilities, from listening, reading and seeing to deciding
and reacting. We already see applications of this on our smartphones with digital assistants,
machine translation and face recognition, but this is only the very start. Making machines
smarter is only part of this (see also https://www.irishtimes.com/business/work/this-is-
the-revolutionary-age-of-machines-that-can-understand-1.3507349 (accessed on 9/4/2021)).

The biggest impact will be when human collectives, such as the enterprise, develop
cognitive abilities that enable fully automatic, real-time and context-sensitive analytics on
all possible types of enterprise data, from numerical, textual and visual to other emerging
types of data, including sensory. The resulting analytic profile of the enterprise will be
more dynamic and more complete, in turn enabling informed decision making by the en-
terprise itself, as if it were a cognitive entity. The cognitive enterprise, as advocated by IBM,
aims to develop a new generation of enterprise information system that integrates AI in
order to “understand unstructured data, reason to form hypotheses, learn from experience
and interact with humans naturally” (https://www.ibm.com/watson/advantage-reports/
getting-started-cognitive-technology.html(accessed on 9/4/2021)). This vision builds pri-
marily on the initial success of Watson, the intelligent dialogue system that famously won
Jeopardy and that has since been developed further to be deployed in health care and other
domains [43].

A central aspect of this vision is access to an underlying knowledge graph, which
enables the reasoning process, as well as provides the context for data analysis, machine
learning and system-to-human interaction. As discussed in the Introduction, the objective
of enterprise knowledge graph development has therefore now been adopted by many
companies, from IBM and Google to Facebook, Microsoft and eBay [44], among many
others [2]. In this paper, we outlined an approach towards the automatic development of
knowledge graphs from enterprise data. Our approach is generic and can be applied to
any enterprise setting with large amounts of unstructured textual data.

6. Conclusions

In this work, we presented how the open-source taxonomy extraction system Saffron
and taxonomy linking system Naisc, developed by NUI Galway, were applied within
the Conversational Concepts Artificial Intelligence application for the financial domain.
We applied these to the use cases and demonstrated that high-quality text extraction
applications can be converted into useful applications due to the wide applications of the
enterprise knowledge graphs. This was elucidated by the application in not only taxonomy
construction, but also secondary applications such as intent classification and dialogue
analysis, with further applications including customer satisfaction analysis. As such, we see
this application as a key enabler of the idea of a “smart enterprise” and expect that similar
results can be obtained by other companies who adopt the methodologies employed in this
paper. We expect that these use cases and our solution to these use cases will be of value to
others who wish to solve similar problems in financial services and other related domains.
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