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Abstract 

Urban Digital Twins (UDT) depend on integrating various heterogeneous data sources to represent complex urban environments. 

Metadata management is an essential component of such systems. This paper introduces a framework for analyzing and visualizing 

semantic relationships between digital resources in the UDT metadata catalogs, focusing on the Smart District Data Infrastructure 

(SDDI). Conversion of metadata relationships into directed graphs enables intuitive exploration of the dependencies between resources. 

Utilizing technologies such as CKAN, NetworkX, Cytoscape, and Dash allows users to perform advanced analytic tasks such as 

detecting important resources, community detection, detection of isolated resources, cycle detection, and link prediction. It will show 

how graph theory can help in improving the quality evaluation of metadata, enhance transparency and usability, and contribute to the 

scalable and effective implementation of UDTs. 

1. Introduction

Urban Digital Twins (UDTs) are crucial in managing detailed 

digital representations of the city. Integrating real-world virtual 

models provides a solid foundation for simulations and analyses. 

However, their implementation faces significant challenges, as 

UDTs rely on integrating a wide range of heterogeneous data 

sources to describe dynamic urban environments  (Lnenicka et 

al., 2024; Somanath et al., 2024). The effective use of UDTs 

depends on the management and analysis of a large amount of 

available information distributed over many actors. Without 

standardized approaches, cataloging, managing, and analyzing 

metadata becomes complex and inefficient, reducing its 

effectiveness and usability (Lopez et al., 2012). It is important to 

understand the relations between the resources used to create 

UDTs, as these links form the basis for understanding the 

interactions and functionalities of urban systems (Gil et al., 

2006). Graphical visualization of relations provides a powerful 

solution for navigating and analyzing complex metadata 

structures, which allows stakeholders to gain valuable insights 

and share knowledge. 

The Smart District Data Infrastructure (SDDI) framework1 

provides a structured approach to address those challenges. SDDI 

integrates and links metadata about digital resources within a 

standardized framework, enabling effective visualization and 

analysis of datasets for UDT development. At the core of SDDI 

is the metadata catalog, which serves as a structured repository 

for organizing resources and mapping their interconnections 

through graph-based representations (Knezevic et al., 2024, 

2022; Kolbe et al., 2020). 

Transforming metadata catalogs into structured graphs enables 

the detection of inconsistencies and weaknesses that are difficult 

to identify using conventional methods. Although graph-based 

methods and knowledge graphs are effective for visualizing 

relationships, the literature largely focuses on structural aspects 

and support information discovery rather than semantic 

evaluation (Frasincar et al., 2006; Mutton & Golbeck, 2003). 

Similarly, Linked Data approaches improve interoperability and 

discoverability in metadata catalogs (Bauer & Kaltenböck, 2012; 

1 https://www.asg.ed.tum.de/en/gis/projects/smart-district-data-

infrastructure/ 

Ullah et al., 2018; Khan et al., 2022), but they concentrate on 

publishing and connecting data, not on evaluating the semantic 

and structural quality of metadata catalogs. Catalogs such as 

MetaVer2, provide descriptive parent-child relationships between 

entries, but do not distinguish between other types of 

relationships within the catalog, which limits deeper semantic 

and structural evaluation. The European Data Portal3 catalog 

focuses on linking to external vocabularies but does not evaluate 

the structural or semantic quality of metadata. For UDTs, 

however, analyzing both the structure and semantics of catalog 

entries is essential, as reliable metadata supports interoperability, 

discoverability, and long-term sustainability of digital urban 

ecosystems.  This paper discusses the role of graph-based 

analysis and visualization within the SDDI framework with a 

particular focus on the semantics of urban metadata catalogs. By 

modeling metadata entities representing urban information 

resources as typed nodes and their relationships as directed, typed 

edges, a typed graph is generated, which not only captures 

structural information but also expresses semantics. Based on this 

typed graph, graph theory enables systematic evaluation of 

metadata quality through analyses such as identifying hidden 

structures, detecting logical inconsistencies, finding critical 

resources, and predicting missing connections. The rest of the 

paper is laid out in the following way: Section 2 reviews related 

work, Section 3 outlines metadata challenges, Section 4 presents 

use cases, Section 5 describes the system implementation, and 

Section 6 concludes. 

2. Related Work

Metadata ensures interoperability and data integration across 

urban data systems (Conde et al., 2024; Gray, 2023). Despite 

promising achievements in UDTs, many existing approaches 

have difficulties addressing scalability and complexity 

challenges in large urban systems. Furthermore, the integration 

of distributed resources can lead to inconsistencies in the quality 

of metadata, which can become a barrier to analysis and effective 

decision-making (Ost et al., 2023; Somanath et al., 2024).  

2 https://metaver.de/ 
3 https://data.europa.eu/en 
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Metadata standards, such as the Data Catalog Vocabulary4 

(DCAT), have been developed to enable seamless data exchange 

and integration within metadata catalogs. These standards 

provide guidelines on how to represent metadata in a way that 

facilitates discoverability, accessibility, interoperability and 

enhances the usability of such catalogs (Lisowska, 2016; Löbe et 

al., 2022; Lopez et al., 2012). Traditional metadata management 

systems often struggle with interoperability issues, lack of 

advanced interactivity, and the inability to represent complex 

relationships dynamically (Knezevic et al., 2022).  

Graphs are important in metadata visualization and analysis, 

especially when dealing with diverse, large-scale, interconnected 

urban datasets (Sensarma, 2023). They can address challenges by 

offering intuitive network representations that capture 

relationships between metadata entities more naturally and 

interactively. Graph-based metadata analysis can improve the 

quality of metadata and facilitate decision-making by enabling 

stakeholders to visualize dependencies between urban data 

resources (Desimoni & Po, 2020; Po et al., 2020). 

3. Metadata Challenges and Structural Modeling

within the SDDI Framework for UDTs

Metadata plays a key role in ensuring consistent data integration, 

discoverability, and interoperability in UDTs. The way 

relationships between metadata catalog entries are defined has a 

direct impact on how effectively information can be retrieved, 

understood, and reused. Each metadata entry is represented as a 

node and can correspond to an entire dataset or service rather than 

an individual data instance. For example, one node may 

correspond to a complete digital city model, while another may 

represent a sensor data service aggregating measurements from 

all sensors in a particular district. Modelling semantically 

enriched metadata as typed graphs enables structured 

representation and supports knowledge discovery. 

3.1 Graph-Responsive Metadata Challenges in UDTs 

UDT catalogs often handle all resources equally and have limited 

mechanisms for evaluating the importance of the information 

resources based on their relations. Typical problems that arise in 

UDT metadata catalogs include the following: 

1. Isolated Resources: Some resources appear without

relationships to others, resulting in isolated nodes that limit the

discoverability and reusability of information. Such information

resources often indicate gaps in semantic linking or

misclassifications, restrict interoperability between systems, and

prevent the development of automated workflows. Identifying

and reintegrating these isolated nodes through graph analysis can

significantly improve metadata completeness and help to ensure

that valuable resources contribute meaningfully to the UDT

ecosystem.

2. Inadequate prioritization of highly important resources: In

UDTs, important resources often include 3D city models or aerial

images, which are usually provided by government authorities,

such as land registry offices, as they form the basis for most other

models and solutions. The UDT catalogs have limited

mechanisms to promote them. Without relational analysis,

stakeholders may overlook resources that are essential for

simulations, planning, or visualization. The quality of the

resources has a direct impact on the effectiveness of the entire

system and are often referenced by various services, and

applications, such as urban simulations, planning tools or

visualisation platforms. Graph-based visualization and analysis

4 https://www.w3.org/TR/vocab-dcat-3/ 

make it possible to reveal the significance of such resources, 

which is crucial for prioritizing their quality assurance and 

maintenance. 

3. Incomplete Links:  Even when metadata is available, the

relationships between entities may be weakly defined or entirely

missing. This prevents automated workflows and limits the

interoperability between systems and applications. Some

relationships may be incomplete or missing due to human error

or incomplete data entry. Link prediction helps to validate

metadata structure by suggesting plausible missing edges,

improving the catalog's completeness and usability. This can

improve metadata discoverability and help users find relevant

resources more efficiently.

4. Limited Detection of Domain-Specific Groupings: UDT

catalogs often lack mechanisms to logically organize resources

according to their thematic or domain-specific applications.

Graph-based community detection algorithms can reveal clusters

of closely related resources based on their semantic relationships,

tags, or shared dependencies, and can help stakeholders to

identify related datasets, to detect synergies between projects,

and to avoid duplication of existing work and support discovering

new use cases.

5. Circular Dependencies: Catalog entries may sometimes form

dependency cycles, where a chain of relationships leads back to

the original resource. These circular dependencies violate logical

consistency and can cause significant problems. While such

dependency loops may be valid in specific contexts, they must be

explicitly defined and carefully validated to avoid errors.

3.2 Graphs in Smart District Data Infrastructure (SDDI) 

The Smart District Data Infrastructure (SDDI) provides a 

standardized infrastructure for managing resources in UDT 

(Donaubauer et al., 2023). The SDDI metadata catalog is 

specialized for UDTs and manages distributed heterogeneous 

data and their links. The data model of the SDDI catalog is an 

extension of the DCAT schema. This catalog supports classifying 

information resources into nine sub classes: Project, Online 

Service, Dataset, GeoObject, Device, Online Application, 

DigitalTwin, Software, and Method (Knezevic et al., 2022). 

Three different types of relationships can be defined between the 

information resources in the catalog: links to, depends on, and 

part of. Links to relation describes a general reference between 

two resources (e.g., Project is linked to an Online Service which 

indicates that the service is relevant to the project context). A 

resource that requires another to function or to be interpretable 

(e.g., the relationship between the energy certificate and the 

building for which it is calculated) is linked with the depends on 

relation. Part of is used when one resource is a part of or belongs 

to a parent resource within a hierarchical structure where the 

child node depends on the parent node (e.g., a sub-project as a 

child node is part of a larger project realized as a parent node). 

Those relationships can be interpreted as a typed graph in which 

nodes represent the resources along with their type and further 

semantic information, such as metadata tags, and the edges 

represent the defined relationships between them, and the type of 

relationship (Knezevic et al., 2024). One example of such a graph 

is shown in Figure 1. The nodes' colours represent the main 

category assigned to this resource. Relations between nodes are 

represented as directed edges. Three different colours represent 

different relation types (Knezevic et al., 2022). 

The semantic characteristics and mathematical properties of 

defined relationship types play an important role in specifying the 

meaning and interpretation of graph structures. Transitivity helps 
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in understanding indirect dependencies or hierarchical 

inheritance. A relationship is said to be transitive if, whenever A 

is related to B and B is related to C, then A is also implicitly 

related to C. Antisymmetry helps enforce clear directional 

relationships and prevents cycles in hierarchies. A relation is said 

to be antisymmetric if A is related to B, then B must not be related 

to A unless they refer to the same entity. Irreflexivity prevents 

logical errors like self-dependency. These three properties are 

illustrated in Figure 2, which shows a transitive relation (left), an 

antisymmetric relation (middle), and an irreflexive relation 

(right). 

Figure 1. Graph-Based Illustration of Catalog Resources and 

Their Dependencies (adapted from  Knezevic et al., 2022). Each 

node represents a catalog entry, which may represent individual 

world objects, but also datasets providing data on entire object 

sets. 

The Depends on relation is transitive because if A depends on B 

and B depends on C, then A depends on C. For example, suppose 

Dashboard A displays real-time traffic analysis and relies on 

Predicted Dataset B, which is generated using Sensor Data C 

from traffic detectors. In that case, if Sensor Data C is missing or 

corrupted, Dashboard A will be indirectly affected. It is 

antisymmetric because if A depends on B, then B should not 

depend on A. For example, 3D Building Model depends on 

LiDAR Point Cloud Dataset, and the 3D Building Model is 

derived from LiDAR Point Cloud Dataset, not the other way 

around. This prevents circular dependencies, which are a serious 

problem for system logic, automation, and consistency. This 

relation is irreflexive since resources should not depend on 

themselves. 

Figure 2. Transitive (left), Antisymmetric (middle), and 

Irreflexive (right) Relations in Directed Graphs. 

The Part of relation is a hierarchical relation. It is transitive 

because if A is a part of B, and B is a part of C, then A is a part  

of C. For example, if Noise Sensor Task A is child of Smart 

Mobility Project B and Smart Mobility Project B is child of City 

Digital Twin Initiative C, then Noise Sensor Task A is also part 

of City Digital Twin Initiative C even if not directly related. This 

relation is antisymmetric since if A is a part of B, B cannot be a 

5https://savenow.de/de/ 

part of A. That would destroy the hierarchy. For example, if 

Urban Energy Monitoring Project A is child of Electric Vehicle 

Charging Study B, then Electric Vehicle Charging Study B cannot 

be part of Urban Energy Monitoring Project A since this creates 

an illogical loop and breaks the concept of a hierarchy. Part of 

relation is irreflexive because a resource can’t be a part of itself.  

The Links to relation is not transitive because A links to B and B 

links to C doesn’t necessarily imply A links to C. For example, if 

Mobility Dashboard App A links to Real-Time Traffic API B, 

which links to Sensor Network Maintenance Schedule C, 

Mobility Dashboard App A does not implicitly link to Sensor 

Network Maintenance Schedule C since Mobility Dashboard App 

A does not directly use that schedule. This relation is not 

antisymmetric since A might link to B, and B might link back to 

A, which can be valid in bidirectional workflows.  For example, 

if Interactive Map Viewer A links to Geospatial Tile Server B it 

could be that Geospatial Tile Server B links to Interactive Map 

Viewer A because it's configured to log or prioritize client 

requests from viewer. 

Table 1 summarizes the transitivity, antisymmetry, and 

irreflexivity of the depends on, part of, and links to relationship 

types in the SDDI metadata graph. These logical properties help 

ensure consistency and avoid structural conflicts such as circular 

dependencies or self-referential links. 

Relationship 

type 

Transitive 

[Yes/No] 

Antisymmetric 

[Yes/No] 

Irreflexive 

[Yes/No] 

Depends on Yes Yes Yes 

Part of Yes Yes Yes 

Links to No No Yes 

Table 1. Logical Properties of Metadata Relationships in 

Directed Graphs. 

4. Analysis of Use Cases and Findings

In the context of UDTs, graph theory offers a powerful way to 

structure, represent, and explore the semantic relationships 

between various digital resources (Bondy & Murty, 1976). 

Graph-based approaches are used to identify patterns and 

dependencies to provide knowledge that can be applied to urban 

management strategies (Nguyen., 2024). 

This section will address the challenges introduced in Section 

3.1. The following examples show how the implemented system 

enhances quality assessment, relationship analysis, and decision-

making in real-world urban data scenarios. The evaluation was 

based on the SDDI catalog created as part of the SAVeNoW5 

research project. The main goal of the project was to analyse the 

development and operation of a digital twin for urban mobility, 

with the city of Ingolstadt in Germany being used as a case study. 

The SDDI catalog was used to organize and link the diverse 

digital resources involved in the real and simulation environment, 

serving as a foundational tool for data integration, consistency, 

and metadata analysis between thirteen project partners. The 

SAVeNoW catalog6 has 81 publicly available datasets. Manual 

inspection confirmed that the applied methodology correctly 

identified issues that represent actual problems in the catalog. 

4.1 Detection of Important Resources 

In the graph, important resources are represented by nodes with 

many incoming edges (see challenge 2, section 3.1). These 

resources are considered important because they are widely 

6 https://catalog.savenow.de/ 
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reused or referenced across various components of the UDT 

system. An analysis of the nodes’ centrality is helpful in 

identifying important resources and is detected with the centrality 

measure PageRank. PageRank is a graph-based ranking 

algorithm that measures the importance of nodes in a directed 

network by evaluating the number of incoming links (Xing & 

Ghorbani, 2004).  This algorithm is well-suited for directed 

graphs, as it not only counts incoming edges, like the In-degree 

centrality algorithm, but also ranks them according to the 

importance of their sources. While the Eigenvector centrality 

algorithm is conceptually similar to PageRank, it performs 

poorly in directed and weakly connected networks. PageRank 

ensures stable and non-zero scores across all nodes, even in 

disconnected graphs, and it was therefore chosen as a more robust 

and scalable centrality measure for identifying important 

resources in UDT catalogs. The centrality value of the nodes is 

calculated using the pagerank() function from NetworkX. Figure 

3 shows the detection of important resources in the UDT 

metadata catalog. The scale from red to white represents the 

centrality value, where intense red indicates high centrality and 

white indicates low centrality. This visualization is providing a 

quick visual indication of key information resources within the 

catalog. In addition, a ranking of the five most central nodes and 

the distribution of the centrality values are provided (shown in 

Figure 3 on the right). This enables the detection of resources in 

the catalog that should be prioritized regarding their maintenance 

and validation. 

Figure 3. Example Graph from the Detection of Important 

Resources Use Case (Fuchsloch, 2024). Each node represents a 

resource in the catalog, and the edges represent any of the three 

types of relationships. 

4.2 Community Detection 

Community detection helps to identify clusters of closely related 

resources (see challenge 4, section 3.1). For community 

detection, the function louvain_communities() is used. The 

Louvain method is chosen because it is an efficient, hierarchical, 

and modular-based algorithm designed to detect communities by 

optimizing the modularity of a network. Modularity is a function 

that measures the density of links inside communities compared 

to links between communities. The algorithm operates in two 

main phases: initially, each node is assigned to its own 

community, and nodes are repeatedly compared with 

neighbouring communities. In the second phase, nodes belonging 

to the same community are aggregated into super-nodes, and the 

process repeats until no further improvement in modularity is 

possible (De Meo et al., 2011). Community detection can also 

divide large networks into smaller, more easily manageable parts 

that can be analyzed and interpreted separately (Newman, 2018). 

It helps stakeholders to explore new use cases, identify missing 

data, and promote collaborations. In this approach, it is assumed 

that resources that are closely related, thematically similar, have 

defined the same tags, or are used for the same application of the 

UDT. Alternative algorithms such as Girvan–Newman, which is 

computationally expensive and impractical for large graphs, or 

Label Propagation, which is fast but produces unstable and 

difficult-to-reproduce results, are less suitable for UDT metadata 

catalogs. 

Detected communities are shown in Figure 4, where the nodes 

are grouped by community, using color to show clusters of 

closely connected resources. Each node represents one resource, 

and each edge represents a semantic relationship. The community 

represents a set of resources that are more closely connected to 

each other than to the rest of the graph. Associated metadata tags 

help interpreting thematic groupings of resources. The tags 

attached to these groups can be used to conclude the subject area 

of their resources. Figure 4 shows tags from the purple group, 

which can be interpreted, for example, as their resources part of 

an UDT that represents a winter road maintenance service 

because Winter maintenance is one of the most frequently used 

tags in that cluster. It is also possible to see that in total 15 

communities were identified, with five of them highlighted in the 

legend using distinct colors. Each color matches the nodes 

grouped in the network graph, enabling visual identification of 

individual clusters. Below the community labels, a summary of 

the most frequent metadata tags found within each community is 

provided. 

Figure 4. Example graph from the Community Detection Use 

Case (Fuchsloch, 2024). 

4.3 Detection of Isolated Resources 

The completeness and connectivity of metadata are crucial to 

enable meaningful analysis and simulations in UDTs. Large-

scale metadata catalogs often contain isolated resources (see 

challenge 1, section 3.1). The Detection of Isolated Resources use 

case aims to identify resources isolated from the rest of the 

connected graph without links to other information resources. It 

helps to indicate missing relationships, incomplete catalog 

entries, or poor data integration within the catalog. The 

identification of disconnected nodes is an important step in 

quality assurance. 

In a directed graph, isolated nodes can be identified by analyzing 

nodes with both an in-degree and out-degree of 0, which can be 

detected using the isolates() function. Alternative methods, such 

as k-core decomposition or connected component analysis, could 

also reveal isolated or weakly connected resources. However, 

since the detection of completely disconnected nodes is a well-

defined and computationally simple task, the use of degree-based 

identification (isolates()) is the most efficient and interpretable 

choice for large-scale metadata catalogs. The function 

number_weakly_connected_components() allows for the analysis 

of a graph once completely isolated nodes have been removed to 

determine the number of weakly connected components. The 

individual isolated nodes are displayed in a red colour (Figure 5). 

In addition, a pie chart has also been placed next to the 

visualization, showing the proportion of completely isolated 

nodes in the overall graph. 
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Figure 5. Example graph from the Detection of Isolated 

Resources Use Case (Fuchsloch, 2024). 

4.4 Cycle Detection 

In directed graphs, cycles are defined as paths that follow the 

edge directions and where the start node corresponds to the end 

node (see challenge 5, section 3.1). As defined in Section 3.2, it 

is possible to define three types of semantics relations between 

resources. In terms of cycle detection, three distinct categories 

must be distinguished (depends on cycle, part of cycle, links to 

cycle) as each represents a fundamentally different semantic 

relationship. To ensure consistent and interpretable metadata 

structures in the UDT catalog, the semantic characteristics of 

relationships must be clearly defined since each type of 

relationship in the SDDI graph implies different constraints. 

A depends on cycle results when two or more resources are linked 

so that each depends on the others, creating a closed dependency 

circle. Mutual dependencies may be acceptable in some cases, 

but they should be explicitly validated, as they can lead to 

ambiguous interpretations and complicate processing. A cycle in 

a transitive depends on relationship means that every resource in 

the cycle is dependent on every other resource even if not all 

pairwise depends on links are explicitly present. This behaviour 

is similar to a graph clique, where every node of the clique is 

connected to every other node. Recognising such cycles is 

crucial, as they can identify tightly coupled resources or problems 

in architecture modelling in the context of the Urban Digital 

Twin. For example, if Dataset A depends on Dataset B, and 

Dataset B depends on Dataset A, then neither can exist without 

the other, creating a closed loop of mutual dependency. Cycles in 

depends on relationships are therefore problematic, as they may 

indicate logical conflicts or tightly coupled systems that should 

instead be merged or modularized. Rare, mutual dependencies 

may exist in practice (e.g., the traffic signal A provides real-time 

traffic data to the optimization software B, which depends on the 

traffic simulation method C to evaluate and select optimal traffic 

strategies, whose outputs are then used to update the behaviour 

of the traffic signal A). A depends on cycle occurs in optimization 

and simulation workflows when the system is adaptive, real-time, 

or interactive with the physical world. These cycles reflect the 

feedback loops essential to closing the gap between sensing and 

controlling. However, such tightly coupled systems should be 

modelled and interpreted carefully. Because depends on is 

transitive, a cycle implies that each resource in the loop is 

implicitly dependent on every other one, forming a tightly 

interlinked group. A part of cycle occurs if a hierarchical 

relationship is identified as a subcomponent of itself (e.g., Project 

A is part of Sub-Project B, Sub-Project B is part of Project A). 

Aggregation hierarchies are non-cyclical by nature and a cycle 

represents a structural error. If a links to cycle is recognized, it is 

typically not incorrect. Such cycles should be examined in order 

to eliminate possible human mistakes and to justify why the cycle 

was defined. Sometimes, resources are naturally interconnected - 

for example, an Online Service A links to a Dashboard B, and 

Dashboard B links back to Online Service A since the service 

provides the functionality for the dashboard and the dashboard 

helps managing the service. However, links to cycles may reflect 

redundant, ambiguous, or poorly modeled relationships that can 

reduce the interpretability and efficiency of the metadata 

structure – for example Dataset A links to Dataset B, and Dataset 

B links back to Dataset A without a clear reason. This is 

especially problematic if both datasets contain similar 

information or if one is a derived version of the other, but the 

catalog lacks proper indication of versioning or data lineage. In 

such cases, the mutual links may suggest equivalence or 

dependence that doesn’t exist, leading to confusion and possible 

misinterpretation by users or automated systems. Links to is 

intentionally more flexible than the other two relation types and 

lacks strict logical constraints. While this flexible approach 

allows a wide range of associations, it also makes such links open 

to redundancy and ambiguity, especially when forming cycles.  

The function simple_cycles() is used to identify cycles within the 

directed graph created from the metadata catalog. The result of 

this function is a list of the nodes of the found cycles. The type 

of relationship can be used to determine the dependency of a 

resource if a loop that only contains links of the type depends on. 

By identifying such loops, redundant or incorrect dependencies 

can be revised, improving metadata consistency. This method 

was selected because SDDI metadata graphs are directed and 

have different semantic relations that must be distinguished. 

Alternative approaches, such as Depth-First-Search (DFS) based 

detection or topological sorting, can identify whether cycles exist 

but do not enumerate or classify them. Detected loops are 

visually highlighted in the graph visualization to make them easy 

to identify. The edges and nodes that are part of a loop are shown 

in red (Figure 6). This helps users to quickly locate and inspect 

problematic relationships in the metadata structure.  

Figure 6. Example graph from the Cycle Detection Use Case 

(Fuchsloch, 2024). 

4.5 Link Prediction 

The aim of the Link Prediction use case is to identify missing, 

potential, or future relationships between information resources 

(see challenge 3, section 3.1). Based on the assumption that pairs 

of resources linked to similar resources could also be linked, an 

Adamic-Adar index can be used. This index measures the 

likelihood of a connection between two nodes by evaluating the 

number of shared neighbors, giving higher weight to neighbors 

that are less connected overall, thus emphasizing more 

informative or rare connections (Adamic & Adar, 2003; Liben-

Nowell & Kleinberg, 2003). Compared to simpler metrics such 

as Jaccard Coefficient or Preferential Attachment, Adamic–Adar 

is consistent with the goal of identifying missing semantic links 

in UDT metadata. More advanced metrics, such as the Katz 

Centrality index or SimRank, are less practical for integration into 

an interactive tool due to their higher computational costs and 

complexity. Using the adamic_adar_index() function, it is 

possible to compute the link prediction for all node pairs in the 

graph. It should be noted that the proposed method for predicting 

relationships can only be applied if a correct relationship has 

already been defined. Based on this index, the user interface 

displays the top ten suggested links, enabling users to explore 
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new relationships and illustrating the potential for enriching the 

catalog with relevant connections. This method can help avoid 

missing links, but it does not specify a direction or type of 

relationship. A stakeholder must decide to edit this resource in 

the catalog.  

Figure 7  illustrates the results of a link prediction use case where 

predicted potential links are highlighted in red. The right side lists 

the top five most probable new connections, where the strength 

of each predicted link is quantified by its similarity score. 

Figure 7. Example graph from the Link Prediction Use Case 

(Fuchsloch, 2024). 

5. Graph-Based Framework and System Implementation

Graphs are defined as mathematical structures that represent 

networks of entities as nodes and their connections as edges, 

illustrating relationships between different elements in a 

structured way. Graph analysis algorithms can be used to 

evaluate various aspects of network structure (Bondy & Murty, 

1976). Graph theory has become increasingly relevant in urban 

data systems, particularly metadata visualization and analysis. 

For example, graph-based approaches can identify important 

resources, track dependencies between resources, detect 

redundant resources or identify relations between components in 

a smart city environment. 

5.1 Graph-Based Metadata Visualization: System 

Development and Integration 

This section describes the system development and integration of 

a graph-based metadata visualization framework, focusing on 

data retrieval, graph creation, and visualization techniques. The 

proposed system provides a structured approach to explore 

metadata relationships through graph-based representations 

(Fuchsloch, 2024). Figure 8 illustrates the process of collecting, 

analyzing, and visualizing metadata from the SDDI Catalog 

using CKAN-API, NetworkX, Cytoscape, and Dash. 

5.2 Data Retrieval 

The SDDI Catalog is based on the open-source data management 

software CKAN7. CKAN provides a robust framework for 

organizing metadata and managing data catalogs worldwide. An 

important feature of CKAN is its RESTful API, which allows 

external code to access catalog functionalities and metadata about 

information resources. All information resources registered in the 

catalog can be retrieved through specific queries, with the 

responses returned in JSON format. 

The Data Retrieval process is shown in the top-left section of 

Figure 8 and is highlighted in red. The CKAN API provides 

structured access to metadata entries using specific endpoints, 

such as package_show and group_list, which return detailed 

descriptions of registered information resources. To accurately 

model metadata dependencies, the SDDI catalog specifies 

7 https://ckan.org/ 
8 https://networkx.org/ 

relationships between resources using two key parameters: 

relationships as subject and relationships as object. If a resource 

appears in relationships as subject, this indicates that the resource 

is the starting point of the relationship and represents an outgoing 

edge. If a resource appears in relationships as object, this 

indicates that the resource is the endpoint of the relationship and 

represents an ingoing edge. This structure ensures that directed 

graphs correctly represent dependencies and references within 

the metadata catalog and that directed edges between the 

resources can be set in the graph. The retrieved metadata is fed 

into the NetworkX Library, where it is structured as a directed 

graph (Di-Graph) for further analysis and visualization. 

5.3 Graph Construction and Analysis 

The open-source Python package NetworkX8 is used to create 

and analyze complex networks (green section of Figure 8). 

NetworkX provides a range of functionalities for constructing 

graphs, including adding nodes and edges, calculating metrics 

such as centrality, and executing graph algorithms for tasks like 

community detection and cycle identification. The input in this 

package is the metadata retrieved from the SDDI Catalog via the 

CKAN API. It maps information resources as nodes and 

relationships are mapped as directed edges. The mapping of the 

resources is stored in the interface as a NetworkX object of the 

DiGraph9 (Directed Graph). The attributes defined in the 

metadata are stored as key values of the corresponding nodes and 

edges. The constructed graph is then analyzed using various 

graph-based techniques, including Community Detection, 

Dataset Ranking, Cycle Detection, Link Prediction, Detection of 

Important Resources, and Detection of Isolated Resources 

(Section 4). 

5.4 Graph Visualization, Interactive Interface and User 

Interaction 

The Cytoscape and Dash components are used for graph 

visualization and interactive exploration of metadata 

relationships. To enable interactive visualization, the NetworkX 

graph is converted into a Cytoscape10 graph for visualization 

(blue section of Figure 8). It provides an interactive graph 

representation, enabling users to dynamically explore metadata 

relationships. For the visualization stylesheets and layouts are 

used. Stylesheets customize the appearance of nodes and edges 

based on metadata attributes (e.g., resource type). Layouts 

organize graphs to improve readability, using force-directed 

layouts for intuitive structural representation (Chadzynski et al., 

2021).  

The layout should follow certain criteria and ensure the 

readability of the graph  (Fuchsloch, 2024; Kaufmann & Wagner, 

2001; Tarawaneh et al., 2013):  

- the edge lengths should be as short as possible to be able to

recognize links more quickly,

- crossing edges should be minimized, as crossing makes it more

challenging to follow connections,

- the angle between the edges should be as large as possible to

improve readability and distinguish arrow directions,

- the curved edges should be avoided, as a user can easily follow

straight edges,

- the labels should be displayed in a readable size, font, and

colour,

- each label must be clearly assigned to a graph component

(vertex/edge),

9https://networkx.org/documentation/stable/reference/classes/di

graph.html 
10 https://dash.plotly.com/cytoscape 
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- the labels should not overlap with other labels or elements.

As such, force-directed layouts meet these requirements and are 

used for graph visualization. These layouts make complex graph 

structures more readable and can display clusters, hierarchies, 

and dependencies between metadata resources. 

The final visualization and analysis results are integrated into a 

Dash-based web interface (white section of Figure 8). Dash11 is 

an open-source Python package for creating web-based 

applications. It provides a graphical user interface (GUI), 

enabling interaction with metadata visualization. This package 

enables application creation with various interactive elements.  

Due to the support of a wide range of diagrams, it is particularly 

suitable for data analysis and visualization. The graph 

visualization enables the user to visually mark elements and to 

change the level of detail in the representation. This includes 

zooming and panning of the graph and highlighting the 

connections of the nodes.  The analysis tab provides detailed 

insights, while the graph visualization enables dynamic 

exploration of metadata relationships using graph layouts and 

stylesheets. This integration ensures that users can visualize the 

graph structure intuitively, facilitating better engagement and 

understanding of the data. In this workflow, Cytoscape handles 

the rendering and interactivity of the graph, including node 

positioning, styling, zooming, and selection. Dash provides the 

overall web application framework, organizing the layout of the 

interface, dealing with user inputs, and executing backend logic 

via Python. Using Dash callbacks, interactions with the 

Cytoscape graph (e.g., selecting a node or edge) can trigger real-

time updates within the application, such as displaying detailed 

metadata, performing analyses, or modifying visual components. 

This integration enables the development of rich, interactive, 

graph-based tools.  

6. Conclusion and Future Work

This study presents a comprehensive graph-based approach for 

analyzing and visualizing metadata within Urban Digital Twins 

(UDTs), specifically within the Smart District Data Infrastructure 

(SDDI) framework. The study contributes a novel perspective on 

graph-based analysis of metadata in UDTs by explicitly 

11 https://github.com/plotly/dash 

addressing the semantics of metadata catalogs. The proposed 

graph-based approaches improve the data quality and usability of 

the UDT metadata catalog and enhance the transparency and 

usability of UDT catalogs demonstrated through practical use 

cases. Graph-based approaches provide a structured and scalable 

metadata visualization and analysis solution in UDTs. The 

integration of graph-based metadata representation allows 

stakeholders to explore urban data networks more efficiently, 

supporting data-driven decision-making in smart city 

environments. 

Other graph metrics and algorithms could also be used, although 

this could lead to the loss of important semantic information that 

need to be kept. The current implementation is tested on small to 

medium-sized catalogs and relies on metadata completeness and 

accuracy. As metadata catalogs grow in the number of registered 

resources, some relationships between resources may be 

overlooked or not explicitly documented, which leads to 

disconnected resources. Automatic link prediction will help to 

identify potential or missing connections between information 

resources based on existing structural patterns within the graph. 

The work extends graph-based analysis to the level of metadata 

semantics in the context of UDT metadata catalogs, which has 

been scarcely researched, and thereby complements research on 

knowledge graphs and linked data visualization.

Future research will focus on optimizing performance while 

ensuring that visualizations remain easy to understand, even with 

large amounts of data. Future work in this field will focus on the 

integration of advanced machine learning techniques for 

automatic link prediction. Further development will aim to 

identify new use cases, such as duplicate recognition. This can be 

especially useful when harvesting metadata from external 

catalogs, as the same information may already be registered in 

the target catalog. One approach to detecting these could be to 

compare the names, tags, or geographical locations. Given the 

practical relevance of graph-based analyses for managing UDT, 

both graph-analyses and graph-based visualization should be 

natively integrated into the end-user interface of the SDDI 

catalog. This integration would allow users to conduct analysis 

and access visualizations directly within the catalog interface, 

avoiding the need for a separate application. 

Figure 8. Workflow for Graph-Based Analysis and Visualization of Metadata in the SDDI Catalog (adapted from Fuchsloch, 2024). 
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