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Abstract: Sustainability is a critical challenge in modern tourism, exacerbated by climate change
and globalization. Thanks to digitization, data-driven approaches constitute a key technology for
addressing related issues, such as overtourism. However, the overarching complexity of the touristic
data landscape, amplified by the interplay of diverse digital platform ecosystems, poses considerable
challenges to both data owners and consumers. To mitigate such issues, knowledge graphs (KGs)
have received significant attention. KGs focus on data quality by employing unified data models
and continuous data refinements, making them well-suited for data-driven applications. Although
promising, many challenges must be addressed to make KGs useful in practice. This paper
overviews the state of the art of the field and identifies avenues for future research, explicitly
focusing on touristic value and sustainability. Following our results, future research should focus on
different areas, notably real-time knowledge graph population, distributed and parallelized
processes, and ontologies for dynamic data types.

Keywords: Sustainable Tourism, Knowledge Graphs, Semantic Data Integration

1 Introduction

Sustainability is one of the key challenges of modern tourism in the current century.
Battered by the adverse effects of climate change and globalization, overcoming
challenges such as overtourism is even more critical today [Be20; Cal9]. During the
worldwide Covid-19 pandemic, it became even more apparent that not only famous places
such as Venice, Dubrovnik, and Barcelona are suffering from these problems [Cal9;
GVT20], but they also increasingly apply to smaller destinations [KHL22]. Thanks to
digitization, data-driven approaches are a key technology for tackling overtourism and
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related problems [Grl5; Lil7; SR21; UN19]. Examples include the use of sensor
technology to capture overtourism-relevant data (e.g., POl occupancy and visitor
movement patterns [Bo22]) and the development of smart applications that make use of
this data (e.g., raising visitor awareness and sustainable recommendations [Sc22]).
Unfortunately, the complex nature of touristic data, resulting from both high connectivity
as well as a wide range of stakeholders and intersecting digital platform ecosystems
[He201], the creation of such applications is complicated. In practice, relevant data is often
unavailable, located in isolated data silos, or suffering from uncertain data quality [SR21].
Consequently, this paper proposes using knowledge graphs (KGs) to mitigate these issues.
We argue that KGs can effectively capture the complex nature of data in touristic
ecosystems (including complex relationships among different entities), making them well-
suited for supporting sustainable tourism by facilitating data integration and managing
sustainability-related data.

However, most literature primarily focuses on the initial construction processes of KGs
[TG23]. It often neglects crucial aspects of maintenance and lifecycle management (e.g.,
schema management, continuous data updates), a fundamental prerequisite for the
widespread adoption of KG technology. Therefore, this paper presents what we consider
the most pressing challenges in this regard. Our analysis draws on our previous work
regarding the use of data and related service improvements in tourism [Ne22], our
practical experiences with the touristic data landscape, and a systematic review of recent
literature. More precisely, we aim to answer the following research question:

What are the key components and relationships in a knowledge graph lifecycle and
maintenance model to support the management of touristic data?

We review recent literature to answer this research question and synthesize our findings
to describe a conceptual perspective of an overall knowledge graph lifecycle model. By
doing so, our paper contributes to both theory and practice. First, we provide an overview
of the existing knowledge graph lifecycle and maintenance concepts. Second, we
synthesize these concepts into a single process and support future research in positioning
itself within the overall KG lifecycle. Third, we analyze the potentials and limitations of
recent approaches concerning the heterogeneous touristic data landscape and identify the
most promising avenues for future research. Besides, our findings support practitioners by
evaluating whether knowledge graphs are a good choice for their use cases.

2 Background

Tourism is a complex domain, and so is its related data landscape. The tourism sector has
also been an early adopter of semantic data models and has driven a widespread
implementation of semantic web technologies. The following sections briefly overview
touristic data types, data-driven use cases, and current data management challenges in
tourism. Furthermore, we introduce the concept of knowledge graphs as a natural
continuation of semantic web technology.



2.1 Touristic data landscape

In tourism, destinations are typically managed and promoted by destination management
organizations (DMOs) that work with different stakeholders (e.g., government,
businesses, local communities) and are responsible for brand development as well as the
implementation of an appropriate tourism strategy [BLRO5]. Recently, DMOs have also
been increasingly faced with challenges regarding sustainability. In previous work [Ne22],
we interviewed DMO representatives to gain insights into the data they collect, the insights
they draw from it, and the related use cases they are pursuing to tackle touristic
sustainability challenges. According to the identified use cases, there is a shift from static
data to the increasing need for dynamic and real-time data, which is necessary for
implementing use cases such as cross-DMO data sharing, or visitor guidance.
Implementing these use cases at scale can significantly contribute to the sustainability of
the overall ecosystem. For instance, the AIR research project [AIR23] focuses on
implementing an Al-based recommender system aiming at a more sustainable distribution
of visitors among hot and cold spots. Such efforts, however, strictly rely on the availability
of real-time data and the broad participation of various DMOs. With many DMOs as data
owners, however, data in the touristic ecosystem is highly fragmented and isolated [SR21].
Considering the German-speaking tourism area as an example, a couple of different
approaches exist trying to defragment and integrate such data. Commercial service
providers, which most DMOs use for managing large subsets of their data, recently
initiated the so-called tourism tech alliance (TTA) [ND23], which aims to share data
among these providers. Moreover, publicly funded data hubs, data spaces, and related
research projects (e.g., [AIR23; Bal9; DAT23; DZT22]) have emerged to enable a
standardized and open data exchange. However, since the overall practical adoption is
slow and each approach above suffers from its restrictions, the broad availability and
integration of touristic data is still in their infancy [SR21].

Another exacerbating problem that complicates data representation and integration lies in
the nature of the data itself. Touristic data is heterogeneous [Sol16], and entities have
highly dynamic relations to each other. For example, political and marketing regions co-
exist and overlap. Unclear responsibilities lead to duplicates, such as creating multiple
instances of the same point of interest (POI) (e.g., there are multiple instances of the
Neuschwanstein castle in the Outdooractive platform [OA23]). Due to the increasing need
for real-time data, future data management increasingly needs to cope with fast-arriving
and frequently changing data types as well as with larger volumes of data. The next section
introduces knowledge graphs as an enabling technology for standardized data exchange,
even across the borders of a single DMOs. By utilizing knowledge graphs, data can be
made broadly available, which allows the widespread implementation of use cases
contributing to the sustainable development of the overall tourism ecosystem.



2.2 Knowledge graphs

Since a blog post by Google in 2012 [Sil12], the term knowledge graph has received
significant attention from companies and the research community. Many of its underlying
ideas are borrowed from the semantic web domain [BLO1], which aims at employing
semantic technologies to create a web of data in which machines (i.e., intelligent agents
[Ki21]) can “understand” the content of interlinked web pages. The emerging semantic
web research community has since been developing various standards and technologies
for this purpose, commonly referred to as the semantic web technology stack [Wc15]. The
most notable concepts and technologies include ontologies [Gu09] (i.e., formal
conceptualizations of real-world entities and relations), the resource description
framework (RDF) [SR14] (i.e., a graph-based representation of facts in triple-form), the
web ontology language [Hil2] (i.e., a family logic-based ontology languages), and the
shape constraint language (SHACL) [KK17], which enforces specific structures in graph-
based data models. Fig. 1 illustrates an exemplary touristic KG. The conceptual layer (i.e.,
ontological concepts) describes what general data types (i.e., tour, POI, category) exist
and how they may be linked to each other (i.e., contains, has_category), the instance layer
describes a possible manifestation of these concepts.

Fig. 1: Exemplary knowledge graph comprising tours, POIs, and POI categories

In a recent review, [Hi21] describes a focus shift within the research community from
establishing a “web of data” to knowledge graphs, which represent a natural continuation
of the development of the field with some shifts in emphasis, such as higher data quality,
reduced openness, and industrial adoption. Considering the large number of related
publications, however, the existing literature is surprisingly dividing on what a knowledge
graph actually is. [Fa17], for example, define a knowledge graph as “any RDF graph”
[Fa17]. In contrast, [VT17] provide a more restrictive definition by adding the requirement
that RDF graphs must be linked to terminological knowledge (i.e., types) provided by an
ontology. [Hi21] points out that knowledge graphs primarily differ from (possibly
ontology-driven) RDF graphs in that they are more self-contained and usually benefit from
better internal consistency. Following these definitions, knowledge graphs can be
perceived as a new framing and emphasis on old (semantic web) concepts.

However, knowledge graphs have become relevant in various fields and are not limited to
a semantic-web-based, technology-specific definition. Thus, [Ho22] provide a more
general definition, describing a knowledge graph as “a graph of data intended to
accumulate and convey knowledge of the real world, whose nodes represent entities of



interest and whose edges represent potentially different relations between these entities”
[Ho22]. The authors explicitly state that their definition is meant to allow different graph
models, not limited to RDF. However, [EW16] argue that such a general definition is not
really helpful regarding implementing a KG-based system. Instead, while being
technology-agnostic, the authors define a knowledge graph as a knowledge-based system
that “acquires and integrates information into an ontology and applies a reasoner to derive
new knowledge” [EW16]. In line with many of the discussed definitions, this paper
considers knowledge graphs as graphs of real-world entities with an attached ontological
schema, but without requiring a specific technology (i.e., a trade-off between flexibility
and rigor). Similar to [Pal6], we do not expect the presence of a reasoner but require the
underlying schema to capture ontological knowledge. Through the lens of sustainable
tourism, this constraint is necessary due to the importance of cross-DMO data sharing and
the related requirement of well-founded, standardized data models (e.g., [DZT22]).

3 Literature Review

We conducted a systematic literature review based on [WWO02] to identify and analyze
previous research. Following the interdisciplinary nature of our study, we chose Scopus
as our primary literature database, given its comprehensive coverage across technical and
domain-specific publications. To ensure capturing a wide range of relevant studies even
beyond Scopus, we conducted a rich forward and backward search supported by tools like
ResearchRabbit and Scite.ai. Our overall process (Fig. 1) consists of three steps. To
retrieve articles that primarily focus on identifying literature on knowledge graph lifecycle
and maintenance, we applied the search string “knowledge graph” AND (“lifecycle” OR
“maintenance”) to the title, abstract, and keyword fields. We deliberately chose not to use
the keyword “tourism” in our search string to avoid limiting our search results to a narrow
subset. After screening and pre-filtering the results by their titles and abstracts, we read
and analyzed the remaining papers in-depth and complemented this process with a forward
and backward search. We included any English article describing at least one potential
phase that could be part of a KG lifecycle (e.g., creation, data updates, maintenance tasks).
In contrast, we excluded papers that do not match our definition of a knowledge graph.

Reading and
in-depth analysis

Scopus Result Set
Records identified Paper screening by title (n=23) Papers included
from Scopus ] and abstract — E— in review
{n =309) (n=49) Forward/Backward search (n=31)
(n=8)

Fig. 2: Literature review methodology, including the number of hits at each step



4 Results

To obtain our overall results, we adhered to the open, axial, and selective coding guidelines
presented by [WFW13]. More precisely, we followed an inductive approach to identify a
set of key concepts (i.e., characteristics) related to creating or maintaining knowledge
graphs. In a subsequent step, we grouped these characteristics to form a set of overarching
categories (i.e., dimensions). The first category (data source, D1) involves the diverse data
source types knowledge graphs are derived from and comprises structured data (e.g.,
relational databases), semi-structured data (e.g., documents such as JSON or XML), and
unstructured data (e.g., free text or images). The second category (construction, D2) refers
to the construction method of a (physical) knowledge graph, which may either follow a
top-down or a bottom-up approach. In contrast, the third category (virtualization, D3)
refers to knowledge graphs that do not follow any physical construction process but rely
on virtualization. The fourth category (refinement, D4) refers to (optional) KG refinement
steps (i.e., error detection or graph completion), which were present in most of the
identified papers. Furthermore, we introduced a fifth category (tourism-specific, D5) to
emphasize approaches developed explicitly for tourism-related use cases. However, only
three publications ([Si21; SUF20; Si23]; all authors from the same institute) focused on a
touristic use case. Fig. 4 depicts the final dimensions and characteristics.

Dimension Characteristics

D1: Data Source Unstructured (16) Semi-Structured (19) Structured (21)
D2: Construction Top-Down (18) Bottom-Up (11)

D3: Virtualization Fully Virtualized (3) Partly Virtualized (2)
D4: Refinement Error Detection (13) Graph Completion (10)
D5: Tourism-Specific Yes (3) No (28)

Fig. 3: Identified Dimensions and Characteristics during the coding phase
(Brackets indicate the number of representatives of a given characteristic)

4.1 KaG lifecycle and maintenance process

Based on this coding, we synthesized different phases and activities to compile a
comprehensive knowledge graph lifecycle model (Fig. 4), distinguishing between bottom-
up and top-down construction iterations, as well as virtual knowledge graphs (VKGs). The
bottom-up construction paradigm does not rely on a previously defined ontology but
includes constructing such an ontology as an integral part of its process. In contrast, top-
down approaches and VKGs use a previously defined ontology. Top-down construction
methods are generally more complex, while VKGs suffer from the limitations of
virtualization. Each type comprises various activities representing the fundamental
common elements compiled from the analyzed literature. While some of these activities
are considered required (i.e., are present in all investigated approaches), activities only
present in a subset of the investigated approaches are considered optional (e.g., KG
refinement methods). In the following, we describe the individual activities in more detail.
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Fig. 4: Synthesized KG lifecycle model considering bottom-up and top-down construction

processes, as well as virtual knowledge graphs

(Boxes with solid lines refer to required activities, dashed boxes refer to optional activities)

Knowledge Extraction. Based on one or multiple data sources, the knowledge
extraction activity aims at extracting entities, relations (linking the entities), and
attributes [Ch22; La22; TG23; Wa21]. This activity is usually supported by various
methods, including named-entity recognition (NER) or different natural language
processing (NLP) methods. The reliable extraction of knowledge, especially from
unstructured or semi-structured data, is a crucial part of knowledge graph creation
and a very active field of research [Si23; TG23]. Note, however, that the extracted
knowledge may still contain unconnected entities or isolated subgraphs (e.g., when
different data sources are involved).

Knowledge Fusion. In its most basic version, knowledge fusion refers to integrating
the previously extracted data, thus, dissolving data silos that may have emerged due
to using different data sources. Some authors extend this concept by employing error
detection and error solving, such as removing duplicates and eliminating ambiguity
[La22; TG23; Wa2l], while others delay such activities to a dedicated knowledge
refinement phase [Ch22; Pal6; SUF20]. Some authors primarily consider the
knowledge fusion task for bottom-up approaches (e.g., [Ch22]) and assume that top-
down approaches do not necessarily need this task due to the existence of an
ontology that may sufficiently define appropriate links, even across data from
different sources. The result of the knowledge fusion task is an integrated layer of
knowledge without data silos.

Ontology and Related Mappings. The bottom-up construction approach does not
depend on a previously defined ontology, meaning its creation is integral to the
process. Thus, in a bottom-up process, an ontology is created by analyzing the



structure of the fused knowledge of the previous task and by deriving more general
concepts [Ch22; TG23]. The ontology creation can be handcrafted or extracted in
an automated way. In contrast, top-down construction approaches link the extracted
data to the previously defined ontology based on a formal mapping specification
[F122]. In the latter case, the main challenge lies in creating the mapping
specification, which usually requires considerable manual effort. The result of this
task is a layer of instances connected to an ontological schema.

. Graph Persistence. Knowledge graphs can be persisted in a range of different
databases, including relational databases (RDBMS), triple stores (i.e., a specific
type of an RDBMS), and graph databases [Si23; TG23]. While some authors do not
consider the persistence of the graph at this stage (e.g., [Ch22]), other authors base
the subsequent refinement task on capabilities specific to an individual (semantic)
database system [Si23].

. Knowledge Refinement. Once a KG is readily established (persisted or not), it can
be further refined and completed using various methods, including KG embeddings
and link prediction [Ro21; WQW21; Zh20]. [Pal6] distinguishes approaches for
graph completion from those for error detection. Traditionally, knowledge
refinement tasks can be performed using logical reasoning or machine learning
(ML), but even purely handcrafted approaches exist [Ji20]. Recent approaches
[Ch20] leverage representational learning (i.e., learning low-dimensional feature
vectors from raw graph data) to overcome scalability issues from a growing graph's
increased data sparsity. [Ch20; WQW21] found such approaches to perform
significantly better in terms of prediction performance. The result of the KG
refinement task is persisted in an appropriate database (see graph persistence).

4.2  Virtual knowledge graphs

Even before the popularity of knowledge graphs, a sub-stream of research evolved
focusing on the virtualization of ontologies and RDF graphs. So-called ontology-based
data access (OBDA) approaches are often described as a triple (0, M, S), where M is a
mapping between a (primarily relational) source database with a schema S and a target
ontology O [Xil8]. Later, with the increasing popularity of knowledge graphs, such
systems were frequently referred to as virtual knowledge graphs (VKGs) [Xil19]. One
advantage of VKGs is that data resides in its original databases and is always up to date.
Although partly materialized approaches exist [SAM14; Vil8], these are usually limited
to improving the performance of queries and do not change the overall behavior. Querying
VKGs is usually based on query-rewriting techniques, that is, queries directed to the VKG
(e.g., SPARQL [HS13]) are translated to queries specific to the source database. Thanks
to the introduction of the OWL QL profile, such queries even support basic reasoning
(e.g., hierarchical subclass relations) [KEK12]. VKGs, if fully virtualized, do not require
any additional storage. On the other hand, VKGs are limited concerning their logical
reasoning capabilities and put additional load on the original data sources.



4.3  Updates and maintenance

Updating the knowledge graph is required when the connected data sources change (e.g.,
new data is emitted, or additional data sources are added) or ontological changes are
introduced. For VKGs, updates relate to the underlying mapping specifications and are
only necessary if either the ontology or the database schema evolves; integrating new data
added to the already mapped databases, however, does not require any action. For physical
knowledge graphs, the update task involves performing a new iteration of the overall
process [Ch20; Do21; TG23], including the extraction and (optional) fusion of new
knowledge, a mapping to the previously defined or updated ontology, and possible
employment of additional knowledge graph refinements. In contrast to the initial
construction iteration, however, an ontology is guaranteed to exist. Therefore, subsequent
iterations usually employ a top-down approach.

5 Discussion and Future Research Directions

As argued in the background section of this paper, a sustainable touristic ecosystem
specifically benefits from a wide range of available and reliable data, particularly dynamic
and real-time data, such as traffic, weather, or data specific to (local) overcrowding. To
reflect such data in knowledge graphs, small and frequent data updates are therefore
unavoidable. According to our findings, however, most literature mainly deals with the
original creation of a knowledge graph but falls short in providing clear methodological
or technical guidelines regarding its subsequent maintenance and data updates. Also,
literature specifically addressing the tourism domain is relatively sparse.

In the following paragraphs, we outline what we consider the most pressing research
directions focusing knowledge graphs to provide data to build a more sustainable touristic
ecosystem.

®  Real-Time Knowledge Graph Population. Although KGs are dynamic by nature
[Tal9], many existing studies are limited to their initial construction phase [TG23].
Moreover, most literature in our study is quite vague about how to perform instance
updates to keep a KG current or even requires the repetition of the complete,
heavyweight lifecycle for any update, which results in an entire new release of the
graph (e.g., [Do21]). While the latter seems reasonable for relatively static data and
helps to ensure rigorous quality levels, a more lightweight sub-process (i.e.,
knowledge graph population) is required to update KG instances in (or close to) real-
time based on data streams and frequent updates of data sources (e.g., sensors). Such
a process could trade flexibility and consistency guarantees for better performance
while being limited to a subset of instance-related operations (e.g., creating or
updating instances). Accordingly, rigorous data processing is required upstream to



reliably ensure the quality and consistency of data streams and to avoid quality gaps
between the KG population and further graph refinement steps.

o Distribution and Parallelization. Depending on the use case, it may be necessary to
synchronize KG population processes running in parallel. Current literature often
describes the construction of KGs as a rather sequential process, not considering the
presence of parallel input streams. However, considering real-world scenarios (e.g., a
destination with distributed sensor sets, each driven by different owners), parallel KG
population processes could rather be the default than the exception. In even more
complex scenarios, preprocessing could not be limited to simple aggregations but
could also include more sophisticated ML methods to train different models (e.g., to
predict the occupancy of a given area). ML algorithms, however, usually need access
to all relevant data to create reliable prediction models, which is likely to raise privacy
concerns. As a possible solution, future research could investigate the integration of
federated learning [Fe22] into the KG population process to enable the collaborative
training of ML models without needing to share raw and confidential data.

o Touristic Ontology for Dynamic Data. Due to the rather static nature of past touristic
data collections, current data models (e.g., [ABA19; DZT22; FF22]) still need to meet
the new challenges of tourism data management. Thus, broadly applicable ontologies
are necessary to reflect the nature of dynamic data types, including the online and
offline behavior of individual visitors or groups, as well as transport and mobility.
Such capabilities should be integrated into existing and accepted models to promote
interoperability further and avoid becoming a semantic zoo.

6 Conclusion

This paper reviewed the current state of the art regarding creating and maintaining
knowledge graphs. We focused on their use in sustainable touristic ecosystems and
analyzed them in the context of the touristic data landscape. We identified the most urgent
directions for future research to increase the practical relevance of KGs, including (i) a
quality-preserving and scalable knowledge graph population, (ii) distributed data
processing, and (iii) the enhancement of existing tourism ontologies. Like other work, our
study suffers from certain limitations. First, our investigation is limited to a technical
perspective of KG lifecycles, omitting related non-technical challenges. Second, we
perceive touristic KGs as graphs with a pre-built schema (i.e., an ontology) and excluded
KGs that do not satisfy this definition from our study. Third, the primary sources of
literature review are limited to publications available in Scopus, which, while having a
broad coverage of multidisciplinary literature, may miss out relevant publications. Fourth,
due to its nature, the selection of papers is subjective to a certain degree. Regarding future
work, we plan to further strengthen our research by incorporating additional literature and
domain experts as well as by widening the scope of our review by further exploring
additional needs of touristic data management. Furthermore, we will address the identified



research gaps by focusing on advanced knowledge graph population processes, their
synchronization, and the use of federated learning in combination with KG refinement
approaches based on graph neural networks (GNNs) [KW17]. Finally, we aim to evaluate
these processes based on real-world use cases addressing current touristic challenges such
as overtourism and active visitor management.
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