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Abstract. Companies su�er from heterogeneous data sources that are
distributed across all business units and locations. Accessing, discover-
ing, and understanding these data sources is challenging because data
scientists have to deal with di�erent protocols, data formats, and even
company-speci�c organizational issues such as �rewalls and privacy poli-
cies. Ontology-Based Data Management (OBDM) provides di�erent as-
pects for reducing the barriers of integrating, accessing and managing
heterogeneous data sources by using ontologies. For that, we establish
a mapping between data sources and one or multiple target ontologies.
However, the biggest challenges in ODBM are creation and adminis-
tration of required ontologies. Usually, these ontologies are created in
advance, for instance, by ontology engineers and domain experts that
closely work together for manually designing and even maintaining the
ontology.
In order to enhance the process of designing and maintaining an ontol-
ogy, we propose an approach consisting of an evolving knowledge graph
that includes an internal ontology, which continuously evolves on de-
mand as domain experts add new data sources and de�ne the mapping
between the ontology and that data source. For this purpose, we develop
an intuitive, user-oriented wizard and combine it with a semi-supervised
evolution strategy that supports the user with the help of external knowl-
edge databases. Moreover, we equip the system with additional logic that
allows to automatically link related concepts of the ontology. We eval-
uate the accuracy and usability of our approach by conducting a user
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study. The results show that mappings become more objective and con-
sistent with our provided user wizard, resulting in a knowledge graph
with higher connectivity and stability.

Keywords: Ontology-Based Data Management; Knowledge Graph; ESKAPE;
Semantic Modeling

1 Introduction

The latest trends in smart manufacturing result in an enormous amount of data
from a variety of available data sources, mainly stored in isolated silos. Ap-
proaches such as data catalogs and data warehouses are useful for indexing or
centralizing all these sources, but have several drawbacks. For example, data
catalogs only allow data to be indexed, so that data scientists still have to deal
with the di�erent formats and protocols. Data warehouses, on the other hand,
are not suitable for collecting large amounts of streaming data arriving at high
frequencies. In addition, they are mainly designed for the use with structured
and semi-structured data but not with unstructured data.

Another option that is often used today to centralize data storage are data
lakes. Data lake architectures �rst manage the complexity associated with high
data volumes by enabling raw data collection for structured, semi-structured,
and unstructured data. However, current data lake architectures avoid data se-
mantics or homogenization because they do not take into account that as the
number of data sources increases, they become less transparent, discoverable,
and understandable. Data scientists, who are responsible for analyzing the col-
lected data, are therefore no longer able to discover and understand the data
sources that can contribute to their analysis. One reason for this is that data
scientists do not have the information available to understand the semantics of a
data source. For instance, a data label that is used within a data source might be
an abbreviation (e.g., temp) or the semantics of the label may not be clear (e.g.,
a data attribute labeled with temperature does not declare the unit used for
measuring). In addition, understanding the relationship between multiple data
sources poses another challenge.

In order to overcome these limitations and to deal with heterogeneous data
sources, Ontology-Based Data Management (OBDM) addresses these challenges
by clarifying the semantics and relationships of data sources via a mapping be-
tween a data source and one or more target ontologies [25]. The areas of OBDM
include Ontology-Based Data Integration (OBDI), Ontology-Based Data Access
(OBDA), Ontology-Based Data Governance (OBDG) and many others (cf. [26]).
The ontology chosen for this purpose is used as an explicit, formal speci�cation
for conceptualization, i.e., the concept formation of a domain [11]. While most
of the research in OBDI and OBDA focuses on enabling the integration and ac-
cess of relational databases (cf. [4,43]), more recent approaches also apply these
paradigms for non-relational data stores, like it is used in most data lake archi-
tectures (cf. [13]). In fact, even the use for accessing streaming data (cf. [21]) is al-
ready possible through OBDM approaches. However, one of the major drawbacks
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of all the di�erent approaches covered by OBDM is that their functionality and
quality always depends on the underlying ontology that was created in advance
so that it can be used for establishing a mapping between the data sources and
the ontology. However, this ontology creation is either done manually by domain
experts and ontology engineers or the ontologies are automatically inferred with
approaches coming from the research area of ontology learning. In both cases,
the ontology creation is time-consuming and costly, especially when it comes to
a company-wide standardization caused by the fact that the created ontology
must either be designed or manually reviewed. Nevertheless, the initial ontology
creation is only the �rst step. Modern environments, especially in enterprises,
frequently change, which leads to the fact that the ontology must be extended or
adapted as well [12]. However, not only the changing environments lead to the
necessity of maintaining ontologies. Other reasons might just be that concepts
or relations were forgotten during the ontology creation or that the experts had
the opinion that those concepts or relations are unimportant [40]. Independent
of the reason for the missing concepts or relationships, a data provider, who
wants to o�er a data source based on OBDM, runs into the problem that the
ontology does not match their needs. In order to counter this lack of information,
the ontology is usually adapted manually by an expert on request. The user per-
forming the modeling process has no chance to change the ontology according
to their needs, which means that the data source can only be integrated after
the extension.

In order to overcome the issues of conventional ontologies used in OBDM, we
propose an approach featuring an evolutionary knowledge graph that consists
of an internal growing ontology (universal knowledge) and data source speci�c
mappings (local knowledge) (cf. knowledge graph de�nition given in [36]). These
two building blocks together form a domain conceptualization, serve as a data
source index and are used to continuously adapt and extend the knowledge
graph on-demand. As mappings, we do not rely on commonly used semantic
annotations but on more sophisticated semantic models, which allow to express
more details about the original data source. Compared to traditional mapping
approaches that are used in OBDM and which only allow mapping between a
data source and one or more target ontologies, we additionally allow the user,
who creates the mapping, to de�ne and use concepts and relationships in their
semantic models that were previously unknown to the knowledge graph's ontol-
ogy. This is, for instance, the case if the concept the user wants to use is missing
in the current ontology. This novel knowledge must be integrated into the on-
tology of the knowledge graph, and it is important to do this in a controlled
and validated manner. To achieve this goal, we follow a multi-folded approach.
First, we develop an intuitive user-oriented wizard. If a user wants to add a new
concept during the creation of the semantic model, the wizard guides the user by
suggesting knowledge from both the knowledge graph's ontology and additional
external publicly available knowledge bases. Second, to learn additional knowl-
edge from the external knowledge bases, our wizard o�ers a semi-supervised
evolution strategy to gain di�erent kinds of knowledge from external knowledge
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bases. Here, we have the hypothesis that the wizard improves the objectiveness
and consistency of the created semantic models in those cases where users intro-
duce new concepts and relations. Third, we develop a strategy for the controlled
and evolutionary development of the knowledge graph. This strategy evaluates
the relations and concepts that a user selects or introduces, and validates if
the user introduces contradictions to the current knowledge graph's ontology. In
addition, the strategy identi�es additional relationships between concepts that
improve the density of the underlying ontology. Examples of such improvements
are the identi�cation of terms that are used interchangeably, i.e., synonyms.

We implement our approach based on the semantic data platform ESKAPE
[35], which already o�ers Ontology-Based Data Management for batch and stream-
ing data. We extend ESKAPE's knowledge graph model [35] and user inter-
face [37] to �t our requirements. In addition, we add a validation logic to �nd
inconsistencies and we develop a semi-supervised evolution strategy for evolving
the knowledge graph based on the external knowledge bases. To evaluate our ap-
proach, we conducted a user study with a heterogeneous group of participants,
including people with and without experience in semantic modeling. During the
study, participants de�ned semantic models based on prede�ned and well docu-
mented public data sets. Based on the created semantic models, we measure how
well our user wizard improves the quality of semantic models, as these models
form the basis for a stable, interconnected and consistent knowledge graph. The
evaluation shows that the use of our user wizard leads to an increased quality
and consistency of semantic models compared to scenarios where users had to
create semantic models without our wizard. The semantic models that were cre-
ated with our user wizard lead to a more stable development of the knowledge
graph ontology.

This paper is an extension of our work [38]. In comparison, to our original
work, this paper includes the following improvements:

� more details about our architecture and implementation
� an additional algorithm for the continuous evolution of the knowledge graph's
ontology

� three extra data sets included in the evaluation
� more evaluation details and results

The remainder of this paper is organized as follows: First, we present a mo-
tivating in example in Section 2 and discuss related work in Section 3. Based
on the current state of the art, we discuss our approach and its implementation
in Section 4. Finally, we present the evaluation results in Section 5, before we
conclude in Section 6.

2 Motivating Example

In this section, we present a motivating example that illustrates the need for
enterprises to ensure that ontologies are not static but dynamic.

The scenario consists of a multinational manufacturing enterprise with mul-
tiple sites in di�erent countries that is already centralizing its data in a data
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lake. The data that is stored consists of various structured, semi-structured and
unstructured internal enterprise data. In addition, the company already applies
the pattern of Ontology-Based Data Integration, i.e., it semantically integrates
the data into the lake based on a prede�ned ontology. The ontology itself was
initially created by a group of external ontology engineers together with a small
group of �ve experts from the company. The company's data scientists are al-
ready able to query the data based on the underlying ontology, which simpli�es
the data analysis process considerably. The mappings between the data sources
and the ontology are created in a semi-automatic fashion, i.e., the Ontology-
Based Data Integration platform tries to automatically create a semantic model
for each new data source. The user, who added the data source to the platform,
i.e., the data provider, then reviews this semantic model and adjusts it accord-
ing to their needs. The data provider, for instance, corrects possible errors, adds
mappings that could not be established or removes mappings that do not �t to
this data source.

Two months after the �rst creation of ontology, one of the older produc-
tion machines breaks down and the company decides to buy a new, modern
machine. The old machine had no native interfaces for data acquisition. The
only data collected by this machine came from sensors that were manually in-
stalled on the machine. By contrast, the new machine has a modern OPC UA3

interface and collects signi�cantly more di�erent data attributes. Following the
company's strategy of centralizing data storage, a data provider becomes respon-
sible for connecting this machine to the data lake. The data provider connects
the OPA-UA interface with the Ontology-Based Data Integration platform and
the platform recommends a semantic model. Unfortunately, more than half of
the data attributes provided cannot be mapped to a concept of the ontology
because they were forgotten during creation. The reason they were forgotten is
because none of the experts knew that such values could be measured with a
new machine as the company did not own such a machine before. Hence, the
data provider has to contact the external ontology engineers so that they extend
the ontology according to their needs.

In considering this scenario, we identify several disadvantages of common so-
lutions for the current process of publishing data. First, the ontology is missing
concepts because none of the experts knew that these concepts existed or will
be important in the future. The reason for this is that the ontology was created
in advance and only covers domain knowledge, but typically knowledge evolves
over time which implies that the ontology must also change over time. Second,
a third party must be involved to extend the ontology, since the company does
not employ ontology engineers. However, these ontology engineers are again re-
liant on the knowledge gained by the data provider. Third, the extension of the
ontology requires time as the ontology engineers are not directly available. This
implies that no data is integrated into the lake until the extension took place
resulting in lost data.

3 https://opcfoundation.org/about/opc-technologies/opc-ua/
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While de�ning a comprehensive ontology may be possible in a closed and
controllable environment that does not change frequently, it is not suitable for
a global company with multiple sites in di�erent countries. Here, we especially
note that this scenario only considered company-internal data. Today, external
data like social media data, weather data etc. are often included in data analytics
processes as well, and storing them within the own data lake has multiple advan-
tages, such as guaranteed availability and accessibility. Adapting the ontology
for each new external data source again results in a large maintenance e�ort.
Hence, we conclude that we require an approach that supports the continuous
evolution of ontologies without the necessity to involve ontology engineers.

3 Related Work

For applying Ontology-Based Data Management, we require two essential build-
ing blocks. On the one hand, we need a suitable and expressive ontology and,
on the other hand, we need an algorithm for establishing a mapping between
the ontology and corresponding resources. In the following, we discuss recent ap-
proaches in the area of semantic mapping as well as ontology creation/maintenance.
Moreover, we consider the research direction of semantic tagging as it is also close
to our research.

The problem of creating suitable ontologies that can be used for mapping
attributes (e.g., column labels of a table) of structured data sources to concepts,
and thus add a meaning to each of those, is a well known problem [10]. However,
creating these ontologies is very time consuming [24]. Hence, the automatic cre-
ation and maintenance of ontologies is an important research topic. In the area
of ontology learning, various approaches exist that deal with the automatic cre-
ation of ontologies. He et al. present in [14] an ontology learning method from
newspaper texts whereas Zhang et al. [46] as well as Kotis et al. [22] use query
logs for creating initial ontologies. Instead of using unstructured text documents,
Jiménez-Ruiz et al. [18] or Abbes et al. [1] use database schemes from relational
as well as non-relational databases in order to infer a �rst ontology. While these
approaches only create initial ontologies, other approaches deal with the evo-
lution of ontologies. For instance, Braun et al. [3] evolves ontologies based on
SPARQL queries whereas Hu et al. [16] rely on external knowledge databases.
However, none of the evolution approaches deals with evolving ontologies in
real-time. After a certain time span, they publish a new version of the ontology.
Hence, if a concept is missing during the mapping process, it cannot be used.

The creation of suitable knowledge bases is not only issue for ontologies but
also for other types of knowledge bases, such as semantic networks or knowl-
edge graphs. DBpedia [2] as well as Milne et al. [29, 30] extract content from
Wikipedia on a large scale and make it available in structured (linked) form,
while YAGO [27], UNIpedia [19, 20] and BabelNet [31] add knowledge from
other sources as well. Paulheim examines in [33] methods for re�ning knowl-
edge graphs and suggests in [28] how to recognize relationship assertion errors
in knowledge graphs.

However, these knowledge bases, such as the ontologies in OBDM, are impor-
tant for establishing the mapping. De�ning comprehensive semantic models is
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only possible if suitable knowledge bases are available. Knoblock et al. [44] intro-
duce an approach to automatically de�ne a semantic model for a data set based
on a prede�ned domain ontology. Semantic relationships can be automatically
derived for attributes that are already associated with concepts from semantic
models that were de�ned for other data sets. Auer et al. [42] propose an approach
that automatically merges concepts from multiple isolated structured data sets.
Heyvaert et al. [15] improve the generation of semantic mappings by consid-
ering Data, Schema, Query and Mapping (DSQM) knowledge in combination
with multiple target ontologies. However, all the presented semantic modeling
approaches still face the problem that the vocabulary used by the researchers
is prede�ned and develops statically or periodically based on automatic content
extraction. If knowledge is missing during the semantic model creation, the user
has no chance to add new knowledge on demand.

In contrast to semantic modeling, the �eld of semantic tagging concentrates
on tagging unstructured and binary data, such as documents, images, or videos,
in order to enable better retrievability [7]. Instead of using a prede�ned and static
knowledge base, semantic tagging approaches usually follow a �exible on-demand
strategy. For instance, social networking platforms such as Facebook4 or Flickr5

allow users to freely choose tags. The system of Torres et al. [45] allows users
to tag web resources with categories, properties and attributes using a Firefox
plugin. The tags created by these non-automated semantic tagging techniques
are based on the knowledge of each user and therefore contain speci�c domain
knowledge. At the same time, common vocabulary that is constructed over a
longer period of time can be used to suggest tags to other users.

While this degree of freedom is excellent for gathering knowledge from many
experts, it leads to other challenges due to ambiguous or noisy tags. For exam-
ple, users searching for documents tagged by others may not know the terms
that were used for the tags. Du et al. [7] and Laniado et al. [23] solve these
problems with inferior or noisy tags. Their approaches �lter out high-value tags
or verify them with a prede�ned vocabulary. To avoid ambiguities and noise, Gil
et al. propose in [9] a method that allows users to add metadata that can be im-
mediately adopted by others. Unfortunately, semantic tagging approaches only
deal constructing vocabularies consisting of terms. More complex vocabularies
cannot be created.

Altogether, we conclude that there already exist di�erent approaches for con-
structing initial knowledge bases, like ontologies or knowledge graphs and that
there also exist approaches for evolving this knowledge. Moreover, there also exist
approaches that use the provided knowledge for performing the mapping. How-
ever, none of the approaches deals with the problem of evolving the knowledge
base, such as the ontology, on-demand during the mapping phase if a concept is
missing. However, this is exactly done in the research area of semantic tagging.
Hence, our goal is to combine the advantages of ontology learning and evolution,
semantic modeling and semantic tagging by developing an approach that com-

4 https://www.facebook.com
5 https://www.�ickr.com
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bines these strategies to bene�t from their advantages and eliminate drawbacks
at the same time.

4 Concept

In this section, we describe our approach that we implement in the semantic data
platform ESKAPE [35]. ESKAPE is a semantic data hub that o�ers Ontology-
Based Data Management (OBDM) by allowing data stewards to publish and de-
scribe data sources so that other users, such as data scientists, can retrieve these
data sets later on. To describe the data sources, the data steward has to create
a semantic model for a data set. To create semantic models, ESKAPE provides
users with a graphical interface [37]. Based on this UI, users choose concepts and
relations from ESKAPE's underlying knowledge graph, which encourages them
to build choices upon that shared terminology. Compared to traditional OBDM
approaches, ESKAPE's knowledge graph, which Pomp et al. de�ne in [36] and
whose implementation details are described in [35], allows users to extend its
vocabulary by introducing new concepts or relations on-demand directly to the
knowledge graph to make them available for others.

While this previous work is a good �rst step for managing a knowledge graph
and extending it on-demand, its implementation still had limitations. Although
ESKAPE already o�ered users the de�nition of new concepts, it was not checked
whether newly introduced concepts already existed in di�erent forms such as
synonyms. In addition, ESKAPE did not check whether newly added relation-
ships bring contradictions with them. Also, users did not get any support when
introducing new concepts and relationships.

To overcome these limitations, we extended ESKAPE's current approach as
follows. First, we modi�ed ESKAPE's current knowledge graph model to meet
our new requirements (cf. Section 4.1). Next, we extended ESKAPE's user inter-
face with a user wizard (cf. Section 4.2) that extends the functionalities presented
in [37] by (i) previewing concepts with their valuable context, (ii) avoiding du-
plicates and ambiguity by guiding users, and (iii) leveraging external sources
to provide quality-assurance. This means that if users want to introduce new
concepts during the semantic modeling process, the wizard provides them with
suggestions coming from ESKAPE's current knowledge graph as well as from
external knowledge bases, such as BabelNet. If users want to import knowledge
from an external knowledge base, we follow a semi-supervised evolution strategy
where the user can decide which additional knowledge from the external knowl-
edge base they want to import. As soon as the user �nishes their semantic model,
we introduce a validation and evolution step (cf. Section 4.3) which validates the
new knowledge that is added with this new semantic model. Therefore, we check
for con�icts and contradictions. As soon as the semantic model was validated, it
is added to ESKAPE's knowledge graph and can be used for the evolution of the
knowledge graph's ontology. In order to identify additional useful relationships
between already existing concepts, we add an additional autonomous evolution
step that relies on external knowledge databases (cf. Section 4.4).
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4.1 Modifying ESKAPE's Knowledge Graph Model

In a �rst step, we modi�ed the existing knowledge graph model of ESKAPE,
which was initially presented in [35], to meet the requirements that arise when
enriching the graph with additional knowledge from external knowledge bases.

Therefore, we modi�ed the ESKAPE's Entity Concept element (cf. [35]) to
additionally contain synonym labels as well as information from which source
the concept was obtained. Thus, an Entity Concept now consists of (i) a main
label, (ii) any number of synonym labels to clarify its meaning and avoid am-
biguity, (iii) a human readable description with usually 1-2 sentences, (iv) the
origin such as user-provided or extracted from a particular knowledge base, and
(v) connections to other concepts (relations) to provide context and clarify its
meaning. For the elements that describe relations in ESKAPE, called Relation
Concepts, we introduced a property origin for describing the source the relation
was obtained from. We additionally added properties that allow us to describe
(ir-)re�exive, (a-/anti-)symmetric, and transitive relationships. These properties
imply restrictions when applied, and we use them in the validation and evolution
step to identify if contradictions where introduced by an added semantic model.

Although we describe how we extended the knowledge graph model of the
semantic data platform ESKAPE, we want to note that this method can also be
transferred to other Ontology-Based Data Management approaches. Instead of
modeling the knowledge graph based on the ESKAPE implementation, it is also
possible to model the knowledge graph based on RDF and OWL. However, we
choose ESKAPE as it already is a sophisticated semantic data integration plat-
form with a �exible knowledge graph and an advanced user interface that we can
adapt to implement our semi-supervised evolution strategy. This enables us to
involve the user more actively in adding additional knowledge to the underlying
knowledge graph.

4.2 User Wizard

To support and improve a precise knowledge graph evolution, we propose a user
wizard that guides the user through the selection process for semantic concepts
matching the intended meaning. The user wizard helps users to �nd the best
matching concept for their semantic model so that semantic models among dif-
ferent users become objective and consistent.

The work�ow of our proposed user wizard is depicted in Figure 1 and starts
with the user entering a search term. The user wizard �rst tries to �nd a matching
concept in the ontology of ESKAPE's knowledge graph. For instance, if the data
set contains the data label hotspot and the knowledge graph already knows the
concept access point, then the wizard would suggest access point as it serves
as a synonym for hotspot. Here, the wizard provides a rich preview for each
queried concept together with its current context as shown in Figure 3(a). We
do not only describe a concept with its name and description, but also with
additional features such as synonym labels and its neighborhood6. We limited the

6 We de�ne the neighborhood of a concept as all nodes that are one hop away via one
of the following directed semantic relations: isA, partOf, memberOf, substanceOf.
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neighborhood to these speci�ed relations as those are the most important ones
that we adopt from the external knowledge bases and they represent hierarchical
links to more general concepts, which improves understanding.

create new concept

use concept

query knowledge bases

query KGenter concept label

[match]

[no concepts found][no match]

[concept(s) found]

[match]

[no match] [no concepts found]

[concept(s) found]

Fig. 1. Work�ow we propose to �nd a concept for a label. User actions are marked
with grey and automatic steps with white background. We �rst try to �nd a matching
concept in the KG, then in external knowledge bases and as last resort, the user adds
a concept manually.

If a concept is not present in the knowledge graph, it needs to be added.
To propose concepts suggestions to the user, which are thoroughly speci�ed
according to the above criteria, the user wizard queries external knowledge bases
based on the framework provided by Paulus et al. [34] as depicted in Figure 2.
This framework already gathers and combines semantic concepts from multiple
knowledge bases. We choose external knowledge sources, as it is not practical
to prompt users to enter any synonyms they can think of, and to facilitate
phrasing a description by suggesting a prefabricated one. In addition, we have
the hypothesis that the use of such external knowledge bases results in more
consistent and accurate semantic models, which will result in a stable ontology
in ESKAPE's knowledge graph. Thus, if a concept suggestion from an external
knowledge base matches the user's intention, they import it to their semantic
model and use it. Subsequently, ESKAPE can add it to the ontology of its
knowledge graph (cf. Section 4.3).

If the user decides to add concepts from external knowledge bases, we think it
is advantageous for clarity to import the concept itself together with the gathered
context, including synonyms, description and neighborhood that contains rela-
tions to more general concepts. This approach strives for a strong interconnection
among concepts and avoids isolated concepts with little to no semantic signif-
icance. Since we automatically extract the neighborhood from external knowl-
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edge bases, it might hold too many connected concepts to be comprehended, or
might be confusing due to errors. To cope with such a gathered neighborhood
that might not be �awless, we implement a semi-supervised evolution strategy

in which the user decides for each axiom (relation to another concept) whether
it meets their understanding or not, as depicted in Figure 3(b). This strategy
enables us to improve the quality of the knowledge graph evolution as we only
import knowledge that was inspected by the users. However, if none of the ex-
ternal knowledge bases contains the required concept, we �nally allow the user
to manually de�ne a new one.

As soon as the user �nishes the modeling process, the semantic model is
submitted to the ESKAPE platform and is validated before the actual evolution
of the knowledge graph's ontology takes place.

:WordNet:BabelNet:KnowledgeBaseConnector:UserWizard

List of definitions

Search term

List of concepts

List of Synsets

Search term
Search term

Fig. 2. Software architecture for retrieving a list of concept suggestions from multiple
external knowledge bases, based on the framework provided by Paulus et al. in [34]. This
is an exemplary setup with two knowledge bases activated, BabelNet and WordNet.

4.3 Knowledge Validation and Evolution

It is bene�cial to detect and resolve inconsistencies or contradictions between
the knowledge graph's ontology and the semantic model before it is added to
the knowledge graph, in order to achieve high accuracy and to support under-
standing.

We classify problems that can occur in constructed semantic models into two
categories, namely con�icts and inconsistencies. Con�icts are caused by mod-
eling slips by the user in the semantic model itself, which are relations that
are used wrongly. Examples are irre�exive relations that yet contain self-loops,
asymmetric ones that are used in both directions, or a chain of generalizations
via isA-relations that is a loop. Users are asked to review con�icts via a pop-up
in the UI and can eliminate these by revising their semantic model. This might
imply to add, remove or change relations, or to use di�erent ones. Contrary,
inconsistencies are lightweight problems, because they represent a disagreement
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CancelAccept & Finish

External Knowlede Base Own ConceptKnowledge Graph

Next >< Previous

BabelNet

WordNet

WolframAlpha

isAisA

memberOf

Labels:

Description:

sensor, detector, sensing element

Any device that receives a signal or stimulus 
(as heat or pressure or light or motion etc.)
and responds to it in a distinctive manner.

sensor  
array

electronic
component

measuring
 instrument 

sensor

Does one of the following concepts match the concept you are looking for?

(a) Concept Visualization [38]

CancelOK

Please select the axioms which hold for your semantic model:

isAisA

memberOf

sensor  
array

electronic
component

measuring
 instrument 

sensor

(b) Neighborhood Selection [38]

Fig. 3. Screenshot of an example concept our implementation produces from the knowl-
edge base BabelNet. The concept is placed in the center (a), with its main label and
related concepts including their relations are arranged on a circle around. On the left
we list synonym labels as well as a description. In a �nal step (b), the user chooses
what parts of the neighborhood to import.

between the local understanding provided by the user as semantic model and
universal facts stored in the ontology of the knowledge graph. It is tolerable that
these two are contrary and we still allow the user to commit such a semantic
model, after they con�rmed that the stated axioms truly hold for their data set.
A second possible inaccuracy occurs, when multiple local knowledge represen-
tations (semantic models) disagree with each other. That is, when several users
have distinct (con�icting) statements, and we suggest a user to apply widely-
used ones. Again, the user can still stick with their initial statement, because it
might indeed hold for this particular data set.

If the user decides that the semantic model is complete and all problems
are resolved with the help of our user wizard, the semantic model is �nally
committed to the knowledge graph, which saves it in order to share provided
knowledge with others. This triggers the Knowledge Evolution component to
continuously learn insights from the provided semantic models as follows: The
origin �eld introduced in Section 4.1 determines whether a used concept or
relation initially belongs to the knowledge graph's ontology or if the semantic
model introduced it. Like the learning process of humans, it assimilates and
monitors knowledge provided by users via semantic models, and subsequently
learns insights that then expand the ontology of ESKAPE's knowledge graph.
We realize this feature by additionally adding local weights to any relation in the
knowledge base, and update a relation's weight whenever its adjacent concepts
are used in a semantic model. By doing so, we enable a learning process to work
with thresholds in order to strengthen or weaken semantic relations (�ag/un�ag
as universal) based on their usage. The weights enable us to di�erentiate between
frequently used knowledge, i.e., common knowledge multiple users agreed on, and
specialized knowledge or inconsistencies, which is only valid in a small number of
cases. In our current approach, we add new knowledge to the knowledge graph's
ontology after it was speci�ed in at least three semantic models provided by
di�erent users (all users are equal). We �ag an axiom as universal when the
majority (50%) of semantic models uses it.
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This strategy is just one approach for dealing with upcoming inconsistencies
and con�icts. We already thought about increasing/decreasing trust in users,
depending on how they perform during the modeling process. However, we think
that even trustworthy users might still conduct errors. That is why we evaluate
if more users use the same concepts and relations for expressing their intention
instead.

4.4 Autonomous Evolution from External Knowledge Bases

After semantic models have been stored in the knowledge graphs, it may be useful
to determine whether other related semantic models already exist that use similar
concepts. For example, suppose the knowledge graph contains a semantic model
that describes a data set using WiFi access points, i.e. the concept access point
was used in the semantic model. Now, a new semantic model is added to the
knowledge graph that also contains data about WiFi access points. However, the
data provider who created the semantic model did not want to use the suggested
concept access point. Instead, the hotspot concept was preferred. Obviously, both
data sets speak of the same data, but the providers have used di�erent terms,
i.e. the same heterogeneity problem that occurs when creating data schemes
and models in general also applies for the knowledge graph. In order to directly
identify these similarities, we include an autonomous learning step which runs
as a batch job every 24 hours.

The goal of this job is to identify additional synonymous relationships be-
tween concepts that are already stored as universal facts stored in the ontology of
the knowledge graph. Algorithm 1 shows our algorithm that we currently use to
identify additional synonymous relationships. Since the ontology becomes quite
large, we do only check new relationships for concepts that were newly added to
the ontology or for those that were last checked 2 weeks ago. The reason why
we also check old concepts is that the external databases we are using are also
changing frequently. For the identi�ed concepts, we query BabelNet7, WordNet8

and Datamuse9. To improve the quality of the identi�ed synonyms, we only
use synonyms that exist in at least two of the selected external databases. This
implies that we might not get all possible synonyms, but, at the same time, it
increases the probability that we get the right ones. After we identi�ed the syn-
onyms, we check if we already have the synonyms as concepts in the knowledge
graph. If yes, we add a synonymous edge between the concepts if it does not
already exist. If we do not have the concept in the knowledge, we do not add
it. The reason for this is that we only want to add concepts that are really used
by the community, i.e., we want to build a vocabulary that really represents the
community. Otherwise, we could directly start to build a large knowledge graph
that covers the knowledge from all external knowledge databases. Following this
autonomous evolution strategy enables us to better connect the knowledge that
is already part of the knowledge graph without just copying knowledge from
external knowledge databases.

7 https://babelnet.org
8 https://wordnet.princeton.edu/
9 https://www.datamuse.com/
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Algorithm 1 Synonym algorithm that is executed every 24 hours.

1: for all concepts c in kgsOntology do

2: if lastChecked c == NULL or lastChecked ≥ 336 hours then
3: cl = get label of c
4:
5: datamuseSynonyms = query datamuse synonyms for cl
6: babelnetSynonyms = query babelnet synonyms for cl
7: wordnetSynonyms = query wordnet synonyms for cl
8:
9: i1 = datamuseSynonyms ∩ babelnetSynonyms
10: i2 = datamuseSynonyms ∩ wordnetSynonyms
11: i3 = wordnetSynonyms ∩ babelnetSynonyms
12:
13: iall = i1 ∪ i2 ∪ i3
14: remove cl from iall
15:
16: for all il in iall do
17: conto = query kgsOntology for il
18: if conto not NULL then

19: if conto not synonym of cl then
20: create synonymEdge(cl,conto)
21: end if

22: end if

23: end for

24: end if

25: end for

5 Evaluation

In this section, we evaluate the design and implementation of our proposed
approach. The goal is to evaluate how well our user wizard improves the quality
of semantic models and subsequently the quality of the growing knowledge graph.
Therefore, we set up a user study in which users created semantic models using
our user wizard. To evaluate if our wizard increases the quality of the semantic
models, users create two semantic models for each data set, once with and once
without our wizard. We then compare these two with each other (A/B testing). In
the following, we �rst describe our participant recruitment and setup, followed
by chosen data sets, a de�nition of quality for semantic models that �ts our
evaluation and �nally the evaluation results.

To perform the evaluation, we recruit seven persons from our research in-
stitute with di�erent levels of experience in semantic modeling. Note that our
institute is interdisciplinary, with an even share of humanities, engineering and
computer science. Three persons are familiar with semantic modeling, whereas
the other four are unexperienced in this �eld. We aim for this diversity in order
to observe and equalize possible di�erent styles in the semantic modeling and
overall usage of our implemented approach. To assess the quality of the semantic
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Table 1. Overview of the di�erent data sets used for our evaluation, based on [38] and
extended by three more data sets.

Data Set Source Data Attributes
Crimes in Vancouver Open Data Catalogue [5] type, month, day, x, y, ...

Flight status Knoblock et al. [39,41] airline, time, altitude, ...
Recycling sites European Data Portal [8] name, town, latitude, ...
Parking meter DataSF [6] cap color, time limit, ...
Greenhouse gas DataSF [32] CO2 emissions, quantity, ...

models, we choose a qualitative evaluation. This evaluation requires comparing
the attendees' semantic models pairwise, which is time-consuming. Thus, we
decided to use a small group of participants.

All participants follow the same procedure on the same initial setup. We
prepare a dedicated room with a laptop that runs ESKAPE. We limit the exter-
nal knowledge bases in our evaluation to BabelNet to circumvent possible race
conditions resulting from the merge algorithm of the underlying semantic con-
cept gathering framework of Paulus et al. [34]. The attendees do not execute the
steps of this study isolated, but have an evaluation expert sitting next to them
for two purposes. First, to observe actions they make, where they face challenges
and how they solve these, and second, to answer questions that are not related
to the data itself (i.e., the user interface). For each participant, we follow an
identical sequence to ensure that we can compare all results with each other.
First, we start with a motivation why semantic modeling is important and why
they want to annotate their data set with semantic concepts. Next, we give each
attendee an introduction to ESKAPE covering its functionalities, behavior and
input methods.

Table 1 depicts the �ve data sets we use, "Vancouver crime data", "Flight sta-
tus", "Recycling sites", "Parking meter" and "Greenhouse gas". All are publicly
available, are in English language and provide six to ten data attributes used for
semantic model bootstrapping. The data sets are from di�erent domains and we
provide the participants with two �les for each data set. First, the raw data set
itself in form of an Excel sheet, which contains headers (column names) as well
as many data points (rows). To properly represent the fact that users mostly are
familiar with the data sets they operate with, we provide a detailed description,
which contains de�nitions for all included data attributes and describes their
purpose.

All persons conduct the evaluation the same way. Each participant starts with
an empty knowledge graph in ESKAPE and �rst creates semantic models for one
data set and then continuous with the others without our user wizard. In this
unsupervised approach, the participant must create each concept manually, since
no concepts are already present. We then clear the knowledge graph and the user
again creates semantic models for all �ve data sets, but with the help of our user
wizard. The wizard allows users to select what additional knowledge to add to
the knowledge graph in order to achieve a decent but precise growth in semantic
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information with exactly the concepts and relations the user chooses. We store
snapshots of both the knowledge graph state and created semantic models after
each step in order to analyze the results. The goal of this evaluation is to test our
hypothesis: Whether semantic models are more objective and consistent when
created with our user wizard and whether it improves the quality of the growing
knowledge graph.

5.1 Analysis and Discussion

Current research in the �eld of semantic modeling suggests di�erent measure-
ments for the quality of semantic models. As stated by Paulheim, there is no gold
standard for a semantic model [33]. Measurements based on precision and recall
are limited in the semantic modeling �eld, because determining the recall would
include to tell the number of positive results that should have been added to the
semantic model. This is complex or even impossible due to the non-existence
of evidence to tell how many further concepts are needed in order to describe
one concept's meaning to satisfaction, because there are in�nitely many possible
candidates.

Therefore, we consider a user's semantic model in this evaluation as good
if it has a large overlap with other's semantic models for the same data set.
We strive for objective and uni�ed semantic models in order to achieve a stable
growth of the knowledge graph, including important expert knowledge but ex-
cluding personal views not truly related to the content. We believe to achieve
the best knowledge graph growth by adding semantic models that have much
in common and thus create strong interconnectivity, while strongly personalized
models would create isolated subgraphs.

For our purposes, we use the Jaccard index [17] to measure similarity between
semantic models. This calculation considers the number of concepts two semantic
models have in common. We judge two concepts c1 and c2 from the respective
data set one and two as the same if they share exactly the same name. In
addition, we introduce advanced rules to detect two equal concepts, which we
derived from previous semantic modeling observations. These common behaviors
are (a) capitalization like �ight vs. Flight, (b) word spacing like �ight number

vs. �ightnumber, (c) camel case usage as combination of these like FlightNumber
vs. �ight number and (d) underscores like �ight_number vs. �ight number. We
thus also detect two concepts from di�erent participants as the same, whenever
they match one of the above rules. Paulus et al. describe in [34] how one can
unify these possible inconsistencies for names and data attributes.

The Jaccard index is de�ned as ratio of number of elements two sets have in
common and the number of elements in their union. The formula to calculate
the Jaccard index of two sets is J(A,B) = A∩B

A∪B . We let A and B be the concepts
that occur in two semantic models, respectively. The Jaccard index is zero when
two semantic models do not share any concept and it is one when two semantic
models have all their concepts in common. For this evaluation, we measure the
average Jaccard index (similarity) between every semantic model and all other
ones for the same setting (same data set and same un-/assisted state). For data
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set one in the unassisted setting, we calculate the Jaccard index between partic-
ipant 1's semantic model with those of the others, followed by participant 2's,
and so on.

Fig. 4. Evaluation results: The average Jaccard index of each attendee's semantic
model with those of others for data set one, comparing unassisted and assisted model-
ing [38].

Fig. 5. Evaluation results: The average Jaccard index of each attendee's semantic
model with those of others for data set two, comparing unassisted and assisted model-
ing [38].
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Figure 4 shows for data set one the average Jaccard indexes for each partic-
ipant when comparing the no tool setup with the assisted run, while Figure 5
shows the results for data set two, respectively. The results show for both data
sets that number of shared concepts between the di�erent semantic models in-
creases if the participants use our user wizard. This con�rms our hypothesis that
semantic models are more consistent and objective if the users have access to
additional knowledge that supports them during the semantic model creation.
Since the number of di�erent used concepts decreases by using our user wizard,
we argue that the stability of the knowledge graph's ontology will subsequently
increase since the community agrees on a common vocabulary.

5.2 Additional Observations

Beside the primary results, we gathered additional insights during this evalu-
ation. When users used our wizard (cf. Figure 3) to �nd the right concept for
annotation and when they came to the step that neither knowledge graph nor
external knowledge bases could provide a concept that matches their understand-
ing, multiple users did go back one step multiple times for searching a di�erent
term. This strengthens our hypothesis that the community will agree on a com-
mon vocabulary over time and thus will build more consistent and objective
semantic models. As soon as users introduced their own concept, i.e., they did
not use any suggested one, they speci�ed a name but usually did not enter a
proper description. For instance, they entered descriptions like airline: "airline
of a �ight". It would be desirable to enter more detailed descriptions as those
would help other users for reusing the concept later on. Moreover, the partici-
pants used relations in di�erent directions when connecting multiple properties
with a central node representing the core of a data set. For example, we found
instances of semantic models with relations from a general concept to all of its
properties with relations, such as has, while others point them the other way
around with a respective relation like partOf. When asked how challenging the
semantic modeling process for the provided data sets are, �ve participants stated
that it would surely be possible to create much bigger semantic models, whereas
two people said that the limit of complexity is already reached.

In addition to the above mentioned additional insights, we investigated one
extra hypothesis: People with more experience in semantic modeling create more

sophisticated semantic models. This includes two points. On the one hand, they
take their time for choosing the concept that matches perfectly instead of just
�nishing the semantic model somehow. On the other hand, semantic modeling
experts choose to reuse existing concepts from either the knowledge graph or
external ontologies over manually introducing new ones whenever possible. This
is most probably because they know about the advantages of shared common
concepts compared to concepts that were created according to di�erent people's
own intuition. We evaluated this hypothesis via two measurements during our
user studies, namely precise time measurements of each step in the user wizard
and tracking which of the suggested concepts the users chose.

Figure 6 depicts the time semantic expert participants spent compared to
those with no expertise in semantic modeling, called nonspecialists. There are
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signi�cant di�erences for determining the right concept label (page 1), where
nonspecialist mostly decided in about 7 seconds and never took longer than
27 seconds. Experts took more time, which is 14 seconds in average and up to
125 seconds, which even exceeds the chosen graph limits for this �gure due to
readability. There is no signi�cant di�erence for the selection of concepts from
the local knowledge graph (page 2), because all experiments started with an
empty one and this wizard page has no bene�t. Selecting suggested concepts from
external knowledge bases (page 3) again leads to large variations between the two
user groups. Nonspecialists took 7 seconds on average and 32 seconds maximum
to select the best matching concepts from the given suggestions, while one user
indeed �nished the selection after only 0.8 seconds. Experts took 15.9 seconds
on average and up to 64 seconds. Creating a novel concept took nonspecialists
between 3 and 46 seconds, with a mean of about 18, while experts only created
one novel concept within 16 seconds.

(a) Nonspecialists time spent per wizard
page

(b) Experts time spent per wizard page

Fig. 6. Violin plots of time spent in seconds per wizard page (cf. Figure 3) for (a)
nonspecialists and (b) experts. Experts took signi�cantly more time for de�ning the
search term (page 1) and selecting the best matching concept from external sources
(page 3). Nonspecialists tend to create new concepts (page 4) while experts more likely
reuse existing ones instead.

We took into account a second measurement besides the quantitative eval-
uation of time spent on the wizard pages. In this qualitative evaluation, we
investigate how users formulate their search terms when searching for matching
concepts. A selection of results is shown in Table 2, where nonspecialists simply
adopt the given label from the data set as their search term. This behavior leads
to bad results in terms of expressiveness, because the search terms do not prop-
erly represent the concepts they are looking for. For the labels in Table 2, the
search term "X" returned nine concepts from external sources, but non matched
and thus a new concept was created manually. The rest of the nonspecialist's
search terms could not be found in any external knowledge base and needed to
be created. On the other side, the expert user replaced given labels with their



38 André Pomp et al.

Table 2. Qualitative evaluation of entered search terms for given labels. Nonspecialists
mostly adopt the given label, whereas experts formulate a detailed search term.

Label X Post ID Cap Color Quantity_Units Flight status
Nonspecialist X Post ID Cap Color Quantity_Units Flight status

Expert Coordinate Identi�er Color Unit Status

actual concepts, such as "color" instead of "cap color" and thereby found and
reused existing concepts from external knowledge bases.

The quantitative and qualitative observations con�rm our hypothesis that
people with more experience in semantic modeling create more sophisticated se-

mantic models. We compared the behavior of semantic modeling expert with
nonspecialists in di�erent ways and got the following results. Nonspecialists tend
to put less e�ort into executing tasks within the semantic modeling process, re-
sulting in worse semantic models in terms of precision and objectiveness. They
often get no results from external knowledge bases, because the simply adopt
the given column labels of a data set as search terms, while experts precisely
formulate these in order to �nd the correct concepts. Experts spend much more
time for selecting the right concept from suggestions from external knowledge
bases (cf. Figure 6), while nonspecialists often just pick the �rst suggestion to
continue quickly. Although our goal was to create an approach that enables do-
main experts without semantic model experience to describe data sets on their
own, our evaluation showed that, as expected, experienced users build more so-
phisticated models. This means that we need to put more e�ort into supporting
nonspecialists.

In addition to the evaluation of the results, we want to discuss two limitations
of our user study. First, we simulated the situation where a user has a data set at
hand and wants to annotate it in order to publish it via a semantic data platform.
Di�erent from the real world use case, our participants are not familiar with
the data set and its meaning. We provide meta-data and additional information
together with the data sets to handle this, but pay with extra time the attendees
require in order to understand meaning of each data sets properly. Second, we
focus on detecting the average Jaccard index for semantic models and compare
the scenarios supported by our user wizard with those where no wizard was used.
This evaluation implies to reset the knowledge graph between test runs to achieve
comparability of these. Therefore, we are not able to monitor a comprehensive
knowledge graph growth over a long period in which di�erent users work on the
same knowledge graph. To evaluate the knowledge graph growing characteristics
at glance, we indeed plan a long-term testing as well as more participants and
data sets.

6 Conclusion

In this paper, we explored the need for OBDM approaches to create sophisticated
ontologies in advance, as they are required to de�ne a mapping between data
sets and a domain ontology. In order to reduce the e�ort required to design and
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manage such ontologies, we developed an approach that consists of a knowledge
graph, which includes an internally growing ontology and data source-speci�c se-
mantic models. To achieve this goal, we presented a multi-folded approach, which
is advantageous in several points. First, we developed an intuitive user-oriented
wizard. The wizard guides the user through the construction of semantic models
by recommending knowledge that is already available in the knowledge graph
as well as by assisting him in creating new concepts with the help of external
knowledge databases. Second, we implemented a semi-supervised strategy in the
user wizard, which lets the user exactly choose what parts of external knowledge
they want to introduce so that not only the original concept but also additional
context is imported into the knowledge graph. Third, we ensure the completeness
of all currently stored semantic models through further enhancements as soon
as a new semantic model requires knowledge that is still missing in the knowl-
edge graph. We have therefore added a validation step that recognizes and solves
problems with semantic models based on previously gained knowledge stored in
the knowledge graph's ontology. Hence, all these building blocks ensure that we
add the knowledge in a controlled and validated manner. Nevertheless, these ap-
proaches might not be capable of identifying further synonymous relationships
that might be available in the graph. For that, we additionally provided an al-
gorithm that improves the density of the ontology by automatically identifying
synonymous relationships with the help of external knowledge databases.

We conducted a user study to evaluate how well our user wizard improves the
quality of semantic models and thus the quality of growing knowledge graphs.
The idea of this evaluation was to evaluate that user build more consistent se-
mantic models if they are assisted by a user wizard that helps them to introduce
new knowledge. The results of our evaluation indeed show that users' semantic
models actually become more consistent and objective when they are created
using our user wizard. This results in a knowledge graph with higher intercon-
nectivity and stability. At the same time, the evaluation also showed that users
with experience in semantic modeling build more sophisticated semantic models,
which means, that we need to improve our wizard to better support nonspecial-
ists.

Hence, as future work, we plan to improve the user wizard and its usability
for daily use. To additional improve the quality of semantic models, we plan
to add a recommendation engine that continuously suggests concepts and re-
lationships that might be useful for this data set. In addition, we found that
when people enter useful information into the description �eld, the �eld can
be used to identify additional context about the data set. Therefore, our goal
is furthermore improve the semantic model creation and recommendation by
leveraging techniques from the area of natural language processing. In addition,
we plan to conduct a more detailed user study in the future, in which we will
observe and evaluate the growth of the knowledge graph in more detail over a
longer period of time. The extended user study will include more participants
to make it more representative, as well as the use of several external knowledge
databases. We are also aware that ontology evolution does not only consist of
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adding knowledge. Removing knowledge as well as changing knowledge over time
are required as well. Our approach does not yet support this, but we are working
on a solution in which in the course of time all universal aspects of knowledge
can be forgotten. The last part of work we are planning to add in the near fu-
ture is the creation of semantic models for unstructured data, such as textual
documents, images or videos. Here, we are planning to apply machine learning
techniques around object detection in order to detect and annotate objects as
well as techniques around natural language processing in order to extract infor-
mation from the text. Identi�ed concepts in these documents can then be added
to the knowledge graph again, like it is done in the area of ontology learning as
well as knowledge graph construction.
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