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Abstract

Large Language Models (LLM) gained immense popularity in recent years. While
exhibiting impressive abilities, also within GIScience, they suffer from so-called hallu-
cinations. Retrieval Augmented Generation (RAG) emerged as an approach to miti-
gate these by retrieving factual documents and giving them as context to the LLM.
GraphRAG is a recent variation the contextual information is retrieved from knowl-
edge graphs (KG) instead. This work assesses the potential of GraphRAG for spatially
explicit tasks. Three spatial concepts - topology, directionality and proximity - are an-
alyzed through targeted questions. A GraphRAG system is set up that autonomously
retrieves the answers to the questions from the KG. The question together with the
KG’s ontology are given to a LLM with the instructions to generate a GeoSPARQL
query (including functions if applicable) that is executed automatically on a GraphDB
instance containing the needed data. During the experiment, multiple parameters
(model, temperature, etc.) are recorded and their effects on performance are evalu-
ated. This approach outperforms a non-RAG setup by a wide margin. Overall the F1
scores are 0.81 for RAG compared to 0.37 for non-RAG when using the best performing
model-temperature combination. For easier questions the RAG approach reaches F1
scores > 0.95. This study illustrates the potential of GraphRAG with the presented

retrieval approach for advancing spatial capabilities of LLMs.



Zusammenfassung

Large Language Models (LLM) haben in den letzten Jahren stark an Popularitét
gewonnen. Trotz beeindruckender Féhigkeiten, auch in der Geoinformation, leiden
sie unter Halluzinationen. Retrieval Augmented Generation (RAG) ist ein Ansatz,
diese abzuschwéachen, indem korrekte Dokumente abgerufen und als Kontext fiir das
LLM verwendet werden. GraphRAG ist eine neuere Variante, bei der kontextbezo-
gene Informationen stattdessen aus Wissensgraphen abgerufen werden. In dieser Ar-
beit wird das Potenzial von GraphRAG fiir rdumliche Aufgaben untersucht. Drei
raumliche Konzepte - Topologie, Richtungen und Néhe - werden durch gezielte Fra-
gen analysiert. Fin GraphRAG-System wurde eingerichtet, das die Antworten auf
die Fragen selbstédndig aus den Wissensgraphen abruft. Die Fragen werden zusam-
men mit der Ontologie des Graphen an einen LLM gegeben, mit der Anweisung, eine
GeoSPARQL-Abfrage (ggf. mit Funktionen) zu generieren, die automatisch an eine
GraphDB-Instanz gesendet wird, die die benttigten Daten enthéalt. Wahrend des Ex-
periments werden mehrere Parameter (Modell, Temperatur, usw.) aufgezeichnet und
ihre Auswirkungen auf die Leistung bewertet. Dieser Ansatz tibertrifft ein traditionelles
LLM ohne RAG um ein Vielfaches. Insgesamt liegt der F1-Score bei 0,81 fiir RAG im
Vergleich zu 0,37 ohne RAG bei der besten Modell-Temperatur-Kombination. Bei
einfacheren Fragen erreicht der RAG-Ansatz F1-Scores > 0,95. Diese Studie veran-
schaulicht das Potenzial von GraphRAG mit dem vorgestellten Retrieval-Ansatz zur

Verbesserung der rdumlichen Fahigkeiten von LLMs.



1 Introduction and Motivation

After the launch of ChatGPT on the 30th of November 2022 by OpenAl, Large Lan-
guage Models (LLM) experienced an unprecedented growth in popularity in research,
industry and everyday life (OpenAl, 2022). It gained one million users in five days
and 100 million users after two months making it the fastest technology to reach this
milestone at the time (Hu, 2023). Today it boasts over 400 million users and ranks
among the top 10 most visited websites worldwide (Duarte, 2025). Soon other com-
panies followed and released their own LLMs, for example Google’s Gemini (Pichai
& Hassabis, 2023) or the recently published DeepSeek R1 model (DeepSeek, 2025).
LLMs are trained on vast amounts of textual data, allowing them to understand and
answer to natural language. Applications of LLMs include text generation, translation,
summarization, dialogue systems, etc. (Hadi et all, 2024).

However, the shortcomings of these models soon became apparent. Since LLMs gener-
ate answers based on probabilities and giant training datasets, the models suffer from
"hallucinations” (Lewis et al., 2020). These occur when a model is not able to answer
a question and therefore generates an answer that sounds probable but is factually
incorrect. Even with the rapid advancements since 2022 hallucinations still remain a
risk for LLM based applications (Hadi et al), 2024).

Geographic Information Science (GIScience) and Geographic Artificial Intelligence
(GeoAl) research soon took an interest in LLMs. Recent findings prove the ability
of LLMs to generate impressive results for spatial tasks, however they also acknowl-
edge problems relating to hallucinations (Roberts et al), 2023). Furthermore, LLMs
are biased similar to humans regarding spatial relations between entities (Fulman et
all, 2024h), have more accurate results for regions with higher populations (Roberts et
al), 2023) and are even biased in sensitive topics such as the expected morality or in-
telligence of peoples in lower-income regions (Manvi et al), 2024). Furthermore, spatial
relationships between objects, for example simple geographic questions like ”"What are
hiking trails near Vienna?”, will often give wrong or incomplete results since the LLM
is not able to perform operations within a spatial reference system.

Already in 2020, Lewis et al} (2020) presented Retrieval Augmented Generation (RAG)
to combine LLMs with a database containing documents of factual information that
are retrieved via an embedded vector index to reduce hallucinations. This reduces
hallucinations but still relies on unstructured documents containing also information
that is irrelevant for the presented task. Recent research therefore explores the idea of
incorporating structured data in the form of knowledge graphs (KG) as the underlying
database for the RAG approach - this approach is called Graph Retrieval-Augmented
Generation (GraphRAG) (Pan et al), 2024; Procko & Ochoa, 2024).



But what exactly are knowledge graphs? They are structured collections of entities
and the relationships between them, represented as triples. This means that KGs not
only store data but also its semantics, making them a powerful tool for modeling in-
formation and defining its meaning in a machine-readable format. Another essential
component are ontologies, which provide formal definitions of a domain. They define
the structure of the KG also using triples, specifying entity classes, possible relation-
ships, and their constraints, enabling interpretation and reasoning over the data within
the knowledge graph (Hogan et al), 2022). Therefore, if an ontology is understood, the
data within the knowledge graph can be understood as well. Standards on how KGs
and ontologies are represented (RDF) and queried (SPARQL) are defined by the W3C
(see section ) (RDF Working Group, 2014b; Car et al,, 2023). These technologies
are often referred to under the umbrella term "semantic web” (Hitzler, 2021).

There are general KGs like DBpedia (Auer et al), 2007) or Google’s knowledge graph
(Google, 2025), but also domain specific ones for language (Fellbaum, 2010), biology
(Belleau et al), 2008) or GIScience. In GlScience, KGs and ontologies are already a
well researched topic. Examples include ontologies on sensors (Compton et al), 2012),
a KG derived from OpenStreetMap data (Dsouza et al|, 2021), the geonames dataset
(Geonames, 2024) or a collection of various spatial datasets for geo-enrichment ser-
vices Janowicz et al| (2022). Furthermore the Open Geospatial Consortium (OGC)
developed the GeoSPARQL standard, that defines the representation and querying of
geospatial data in knowledge graphs (Car et al), 2023).

In GIScience, GeoAl has emerged as a prominent topic in recent years. The researched
Al models within this domain are spatially explicit, meaning they directly integrate
spatial data and its unique concepts into their design and training process (W. Li et al|,
2024). By embedding spatial data explicitly for downstream machine learning tasks
and incorporating concepts like spatial autocorrelation and heterogeneity these mod-
els models are optimized for spatial tasks. Also geographic knowledge graphs are a
crucial building block of these GeoAl models (Mai et al), 2022). Furthermore, explicit
geospatial data is incorporated into LLM training or fine-tuning to enhance their spa-
tial understanding and capabilities (Deng et all, 2024).

However to create GeoAl models the data has to be embedded and the models have
to be trained. Apart from consuming significant resources during the training process
raising social and environmental questions, models need to be retrained to reflect new
data (Shi et al), 2023). The large size and periodic nature of geospatial datasets there-
fore requires large computing power for training, running and retraining models.
With growing interest in the combination of KGs and LLMs through GraphRAG in
other domains the question arises whether this approach could also be implemented

in GIScience and GeoAl. If an LLM can understand an ontology, translate questions



about spatial concepts and data into KG queries and autonomously execute them, it
would be able to access up-to-date data without the need to embed it directly into
the model and without the need for retraining should the data be changed or even
expanded. KGs are a mature and well studied technology, and their geospatial dimen-
sion is not only well researched but also clearly defined via standards by accredited
institutions. Additionally, triplestores like GraphDB, a database specifically designed
for storing and handling KGs and ontologies, provide professional infrastructure to
perform analyses with semantic web technologies and support the geospatial standards
described before (Ontotext, 2024, 2025a). Apart from computational requirements, the
GraphRAG approach also improves the explainability as results are not generated out
of a black-box, but the data that is provided to the LLM can be inspected.

Even with these rapid advancements in (RAG-)LLM technology, extensive research on
Geographic Knowledge Graphs (GeoKG), and the available infrastructure, the integra-
tion of GraphRAG-LLMs and GeoKGs remains underexplored. This work aims to fill
this gap.

Additionally, in 2020, Janowicz et al| (2020) formulated a moonshot: ”Can we develop
an artificial GIS analyst that passes a domain-specific Turing Test by 20307”. After
the rapid advancements following the launch of ChatGPT and further LLMs the Space
and Time for Knowledge Organization Lab at UCSB reiterated the idea in an an-
nouncement raising expectations and calling for contributions for developing this goal
further (STKO Lab UC Santa Barbara, 2023). A recent, comprehensive overview on
the development of autonomous GIS is provided by Z. Li et al, (2025). Today, some
publications already explore autonomous GIS analysts. For example Akinboyewa et
al| (2024) present a "GIS copilot” that is able to perform autonomous spatial analyses
by generating code based on cataloged GIS functions or Y. Jiang & Yang (2024) use
a LLM to generate SQL queries to answer questions on a spatial dataset. Given the
proven value of KGs, ontologies and the semantics they provide for data, it stands to
reason that they could serve as powerful tools to drive advancements in autonomous
GIS analyses and enhance the spatial capabilities of LLMs.

This work first defines the baseline on how well a non-RAG LLM performs given ques-
tions about spatial data. A set of 18 questions was constructed that considers three
different spatial concepts: topology (with a focus on neighborhood), directionality and
proximity. These questions are asked to multiple OpenAl models with different sets of
parameters. Then, the same questions are asked to a GraphRAG LLM, enhanced with
an ontology that describes the KG containing the data needed to answer the question.
The augmented question instructs the LLM to retrieve the information to answer the
question from the KG by generating a GeoSPARQL query and also performing spatial
analyses based on the GeoSPARQL standard. Also here, different parameters for the

10



LLM but also for other steps in the RAG workflow are examined.

The remainder of the thesis is structured as follows: The next chapter gives an exten-
sive overview on the state of the art regarding (RAG)-LLMs, the semantic web and
GraphRAG and puts these technologies in a geospatial context. Section a formulates
the resulting research questions. After, the software and data used in this thesis are
presented. Section B gives a detailed view on how the experiments were conducted.
The results are presented in section B and are followed by the discussion in section H

Finally, the thesis concludes and provides an outlook for future work in section E

11



2 State of the Art

2.1 Large Language Models

Language modeling is the process of predicting the next word in a text, generating
coherent human language. Over the course of the years, different approaches to mod-
eling language were analyzed, namely Statistical Language Models, Machine Learning
Models and Deep learning models (Hadi et al), 2024). However, with the introduction
of the transformer model, language modeling capabilities grew significantly and gave
rise to modern LLMs like OpenAl’'s GPT series. Today’s models are trained on vast
amount of data and are able to understand complex and extensive contexts (Hadi et
all, 2024).

In order for machine learning models to learn from natural language, it is first chunked
into "tokens”. These can be but do not have to be words in text. Using models like
word2vec or GloVe, tokens are transformed into continuous vectors that represent the
semantics of the word - its embedding. The difference between the vectors for Berlin
and Germany might then be similar to the difference between the ones for Vienna and
Austria (Mikolov et al), 2013; Pennington et al), 2014). The transformer model then
introduced the concept of "attention” to language models. The vector embedding of
a token is now not only dependent of the token itself, but is also influenced by the
previous tokens. Therefore the model can learn how words interact with each other
and can grasp deeper context of longer texts (Vaswani et al), 2017)).

LLMs are a kind of Generative Al (GenAl). Their capabilities in generating human-like
texts are based on large text datasets coupled with today’s extensive computing power
and data processing capabilities. In the span of only a few years the parameter sizes
of LLMs have grown from a few hundred million for GPT-1 to 1.7 trillion for GPT-4.
These parameters allow the model to deeply understand and generate human language
(Hadi et ali, 2024).

Models can be optimized to generate better output depending on the use case. They
can be fine-tuned with additional training data, or prompt-engineering techniques can
be applied. Here, the LLM is given a set of instructions in natural language about
the desired answers, e.g. ”"Format your answer in markdown”. A similar method is
single-shot or few-shot training, where the LLM is provided with a few examples of
how the output should look like. This provides the LLM with a frame of reference
instead of generating an answer without any context (zero-shot prompting) (Hadi et
all, 2024).

A crucial part of LLMs (and other machine learning models) is the softmax function.

Essentially, this function provides the probability scores of the next possible tokens

12



of the LLM’s output by normalizing each possible token’s score. Given the softmax

function (Hinton et all, 2015):
ezi/T

q; = W (1)
J

z is the logit (the raw score) of a given token. The function turns this score into a
probability ¢; by normalizing it. The temperature T" adjusts theses probabilities. A
low temperature value leads to a ”sharp” probability distribution, strongly favoring
the most likely tokens, while a high temperature value produces a "soft” distribution
with he opposite effect (Hinton et al), 2015). This controls how deterministic the LLMs
output is. Low values correspond to deterministic output, while higher values make it
more random (OpenAl, 2025).

Hadi et al, (2024) give an extensive overview on the domains where the impact of LLMs
was studied. These include scientific advancements in education, healthcare, finance
or text-modeling, or the LLMs’ possible impacts on labor markets. The concrete tasks
of LLMs range from text generation or classification to summarization and dialogue
systems. Furthermore, the field of question answering and the generation of code is
especially relevant since it is the main focus of this work.

LLMs also pose significant challenges: First, LLMs require vast amounts of training
data and resources. This data can be biased, or copyrighted material and requires large
amounts of computational power to be processed. This consumes significant financial
and environmental resources. These costs associated with training and fine-tuning
LLMs also make it more difficult to update a model with new knowledge (Hadi et alJ,
2024). Apart from these challenges Hadi et al, (2024) also address risks associated
with the models, mainly the inherent biases of the models, the lack of explainability
of LLMs due to their large parameter sizes, and hallucinations, which occur when a

model makes up incorrect statements.

2.2 Retrieval Augmented Generation

Especially for knowledge intensive tasks, hallucinations were soon identified as a cen-
tral problem of LLMs. While a model’s parameters are generally able to store factual
information, it underperforms compared to other designs. Also, due to intensive and
time-consuming training required for these models, knowledge is cut off after a cer-
tain date (Lewis et al), 2020). Lewis et al, (2020) therefore developed the retrieval
augmented generation (RAG) approach where a LLMs output is enhanced by non-
parametric knowledge from indexed documents.

These documents are chunks of natural language text. In the case of Lewis et al] (2020)
they are retrieved from Wikipedia, however it can be any data source. The documents

are then encoded into a dense vector representation that is used as an index. Each
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prompt to the LLM is encoded in a similar way. However, before generating the an-
swer, the top-k documents with the most similar vectors are retrieved for the database.
Now the prompt is augmented by combining the retrieved documents and the original
prompt into one coherent prompt, providing the LLM with relevant context. The LLM
can then generate answers for knowledge intensive tasks grounded on the documents
(Lewis et al), 2020; Y. Gao et al), 2023). Since the documents can be changed quickly,
the model is not constrained by a cut-off date and information can simply be updated
in the database (Lewis et al), 2020; Y. Gao et al), 2023).

Y. Gao et al) (2023) provide a comprehensive overview on RAG and its more advanced
iterations. They also outline the development of modular RAG, where the presented
approach is enhanced by new modules (multiple data sources, LLM generated code for
retrieval, etc.) and new patterns (new combinations of interactions, prompt rewrit-
ing, sub-queries). For example, multiple data sources like KGs and a vectorstore are
combined, and multiple queries, with different instructions are sent and possible orches-
trated through the LLM to provide it with the best context for generation. Z. Jiang
et al) (2023) let the LLM generate temporary next sentences and only include RAG
if the sentence includes low probability tokens, leading to improved question answer-
ing. Chen et al, (2024) address potential shortcomings of RAG-LLMs and propose a
benchmark to test how they handle common problems, like noise, wrong or missing
information in the retrieved documents or the ability to retrieve answers from multiple
documents. Salemi & Zamani (2024) elaborate on how to evaluate the retrieval part
of RAG systems and propose a new approach generating relevance labels for each doc-
ument based on its performance. Fine-tuning as another approach for domain-specific
question answering is compared with RAG, concluding with better performance for
RAG. However, the potential of combining the two approaches is also highlighted,
leading to even better outcomes (Soudani et al), 2024).

However, unstructured, indexed text-based documents are not the only way of ground-
ing for RAG-LLMs. Y. Gao et al| (2023) present multiple studies using knowledge
graphs as their data source. The following section provides a comprehensive overview

on knowledge graphs and the section after describes their role in RAG.

2.3 The Semantic Web

In 2001, a popular vision of the semantic web was published in the Scientific American
(Hendler et alJ, 2001). It is described as an extension of the World Wide Web, designed
to make data machine-readable by structuring information with semantics. Unlike
the traditional web, where content is primarily intended for human consumption, the
semantic web uses technologies such as the Resource Description Framework (RDF),

Web Ontology Language (OWL), and the SPARQL query language to enable computers
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to link, interpret and retrieve data across different domains (Hendler et all, 2001).
This vision would allow software agents to perform complex tasks such as querying
databases, interpreting relationships, and extracting relevant information from web
pages with minimal human intervention (Hendler et al), 2001). A broader overview
on the semantic web as a field of research and its surrounding technologies is given
by Hitzler (2021). He identifies three key concepts surrounding the semantic web:
Ontologies, Knowledge Graphs and Linked Data each of which will be discussed in the
following chapters. First, however, the Resource Description Framework is presented.
It describes the standards that are commonly used to build KGs and is therefore crucial

to understand before explaining the latter.

2.3.1 The Resource Description Framework

The basis for the semantic web is the Resource Description Framework (RDF) de-
fined by the World Wide Web Consortium (W3C). They describe it as ”a standard
model for data interchange on the Web” RDF Working Group (2014b). It is used
to define resources and their properties in a structured way and interlink them using
subject-predicate-object statements called triples. The triples’ elements can be Inter-
nationalized Resource Identifiers (IRI), blank nodes or literals of a datatype (RDF
Working Group, 2014a). There are multiple syntaxes to define RDF triples. In this
work only the "Turtle” (W30, 2024) syntax will be used as it is closest to natural
language which is suitable for writing but also for LLM comprehension. If one wants
for example to define that Vienna is an instance of the "Feature” class defined by

Geonames, a corresponding triple would look like this:

https://sws.geonames.org/2761369/ http://www.w3.org/1999/02/22-rdf-
syntax-ns#type
https://www.geonames.org/ontology#Feature .

The first IRI corresponds to Vienna, where 2761369 is its ID in the Geonames dataset.
The second IRI points to the definition of the relation "type” and the third IRI corre-
sponds to the "Feature” class. The end of a triple is marked by a period. Visually it

can be represented like this, with prefixes (see below) already in use:

https://
sws.geonames.org/ rdf:type gn:Feature
2761369/

IRIs are unique identifiers of a resource, these tend to look similar to URLs, however

they do not have to be (but often are) associated with a web page. Literals are data
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values with a specific data type. These can only be the object of a triple. For example

a triple stating the population size of Vienna would be:
https://sws.geonames.org/2761369/ https://www.geonames.org/ontology

#population
"1691468"~"http://www.w3.org/2001/XMLSchema#integer .

Or visually:

https:// ) o~
sws.geonames.org/ gn:population > 169?:’[28& xsd:
2761369/ g

The first IRI is again Vienna. The second IRI is the relation "population” defined

by Geonames and the object (this time not an IRI but a literal) is the number of
inhabitants in quotation marks followed by = and the IRI of the datatype associated
with this literal.
To simplify the long IRIs, prefixes (also called namespaces) are used. In Turtle a prefix
is denoted at the beginning of the file using @prefix [prefix name]: <[base IRI]>
and can then be used in the file. Prefixes are also used throughout this work within
the text and are denoted in the list of prefixes in table [L12 (Appendix).

@prefix gn: <https://www.geonames.org/ontology#>
@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
Oprefix xsd: <http://www.w3.org/2001/XMLSchema#>

https://sws.geonames.org/2761369/ rdf:type gn:Feature .

https://sws.geonames.org/2761369/ gn:population "1691468"~"xsd:

integer .

Note that the IRI for Vienna is not abbreviated since it does not match the exact
prefix defined above. But what exactly is a gn:Feature or what does the relation
gn:population mean precisely? Answering these questions requires a formal definition
of the understanding of these elements. In the semantic web these definitions are

formalized by ontologies.

2.3.2 Ontologies

Uschold & Gruninger (1996) define an ontology as an "explicit account of a shared
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understanding [...] in a given subject area” Different ideas, understandings and im-
plementations of concepts hinder collaboration and progress. Ontologies formalize
knowledge, can be reused in similar domains and be interconnected with each other
(Uschold & Gruninger, 1996). They are therefore a central part of the semantic web.
A key aspect of ontologies is the use of explicitly defined vocabulary for entities and
relations in the domain to be modeled (Horrocks, 2008).

However, in order to create ontologies and their vocabulary, a language is needed to
formally describe them. While RDF(S) is suitable to describe data and simple re-
lationships, it lacks the ability to model complex relationships. The Web Ontology
Language (OWL) was therefore designed on top of RDF(S) to express more sophisti-
cated models, while also using triples. OWL defines for example classes (owl:Class),
properties (owl:0bjectProperty, owl:DatatypeProperty) and individuals that are
members of classes. Additionally, OWL provides the ability to model cardinality (see
figure m, "population” relation) and value constraints or logical relationships between
classes and therefore supports reasoning. For example Vienna is in Austria which is in

Europe, therefore Vienna is in Europe if ”is in” is defined as transitive (W30, 2024):

Vienna Austria Europe

——— >

isin

For properties one of the most important aspects is what can be the subject and
object of a property. This is modeled by rdfs:domain that specifies the possible classes
for the subject and rdfs:range for the object. Based on these elements, the ontology
defines the conceptual layer. Figure m shows a subset of the Geonames ontology (Geon-
ames, 2024). Here, gn:Feature is a class. The class has three object properties with
rdfs:domain and rdfs:range gn:Feature. The rdfs:domain and rdfs:range decla-
rations on properties such as gn:nearby enable inference about the types of the subject
and object. In this case, they indicate that both are instances of gn:Feature. There-
fore, given a triple like ?something gn:nearby 7somethingElse, a reasoning engine
can infer that both ?something and ?somethingElse are of type gn:Feature. Also
examples for a transitive property (parent feature) and symmetric property (neighbor)
are given. A Feature can also have a feature code of class gn:Code shown as "Code”
in figure m The number within the "Code” circle (690) stands for the number of
individuals that are rdf:type gn:Code according to the current RDF version of the

geonames ontology (Geonames, 2025d). The green properties are data properties that
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Figure 1: Light Blue: A subset of classes and properties of the Geonames ontology, Visu-
alization by WebVOWL (Geonames, 2025¢; VisualDataWeb, 2025).

have a literal as rdfs:range. For gn:population the datatype is specified to be an
integer. Lastly, there is a connection to elements of another ontology (Spatial Thing).
This illustrates how there are interconnection between ontologies in practice.

Ontologies can be used for automating entailment, meaning that new knowledge can
be inferred from the data by reasoning over the classes and properties in the ontology
and making use of the constraints defined within them (Hogan et al, 2022). Besides
transitive and symmetric properties there are also asymmetric, reflexive and irreflexive
properties. Furthermore, classes can be specified as equivalent, subclasses, inverses, or
disjoint from other classes, enhancing the clarity of the defined ontologies (Hogan et
all, 2022). While ontologies describe the conceptual layer, knowledge graphs are the
actual data modeled within the specific ontology. These are described in the following

chapter.

2.3.3 Knowledge Graphs

Hogan et al) (2022) define Knowledge Graphs (KG) 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 enti-
ties”. Even though KGs and ontologies are fundamentally different concepts, they both
use triples to describe the subject, predicates and objects that they consist of. While
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the ontology models the understanding of the topic domain, the knowledge graph mod-
els the actual data. It can therefore also be called a "data graph” (Hogan et all, 2022).
The Knowledge Graph records explicit knowledge which can be for a private entity or
maintained publicly (e.g. DBpedia (Auer et alf, 2007), or Geonames as a geospatial ex-
ample (Geonamed, 2024)). This explicit knowledge is stored in a directed, edge-labeled
graph, consisting of (if modeled with RDF, see section ) URIs, Literals or Blank
Nodes. Hierarchies are not explicitly needed, but can be modelled as well (Hogan et
all, 2022). Ji et al) (2022) Identify four main research directions for KGs.

First, knowledge representation learning focuses on how entities and relations in triples
can be represented as vectors in a continuous space. This allows for the use of em-
bedding models to transform the elements of a knowledge graph into dense vector
representations, which can then be used to estimate the likelihood of potential triples
or for training machine learning models for other downstream tasks. There are different
types of embedding models. Translational models approximate use the vector of the
subject and add the vector ob the predicate to approximate the vector of a potential
object Hogan et al| (2022). Convolutional Neural Networks use more sophisticated em-
beddings, e.g. from local interactions, concatenated triples or hypernetworks to model
semantic interactions in the KG. Graph Neural Networks rely more on the structure
of the KG, taking into account e.g. the direction of relations or the neighborhood of a
subject (Ji et alj, 2022). More detailed explanations are given in Ji et al! (2022). The
embeddings derived from these processes are used in link prediction tasks, to expand
existing knowledge graphs with further information (M. Wang et al), 2021). This al-
ready ties into the second research direction identified by Ui et al] (2022): Knowledge
Acquisition. Here, triples are classified, new entities are discovered and new relations
are identified. Furthermore the shape of the graph can be analyzed to for example,
identifying communities, calculate centrality, assess graph connectivity or similarity of
different nodes, or for graph summarization (Hogan et al), 2022).

Temporal KGs are a more recent research direction where the time dimension is taken
into account, this enables to analyze temporal patters and logic, but also requires tem-
poral embedding processes (Ji et al), 2022). Finally, examples that build on KGs are
provided. These can be applications in natural language processing, question answer-
ing for single- or multi-hop questions or recommender systems.

To retrieve the data in a knowledge graph, it has to be queried. SPARQL is the query
language specified by the W3C (Car et al), 2023) to query RDF graphs, however there
are more query languages e.g. Cypher for the Neo4j database (Neo4j, 2025). These
languages look for triple patters and return all variables that match the defined pat-
terns. These can be trivial, e.g. ?city gn:name "Vienna" will return the city that

is named "Vienna”, or more complex queries that handle sophisticated patterns (se-
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lections, unions, differences, negations) and inferences like disjunctions, or transitives
Hogan et al, (2022). Furthermore, the graphs can be validated by defining so-called
"shapes”. These shapes defines constraints that apply to this graph and against which
the data can be validated. Prominent languages for shapes for RDF graphs are the
Shapes Constrain Language (SHACL) (W30, 2017) or the Shape Expressions Lan-
guage (ShEx) (W30, 2025).

Finally, the KG can be partitioned into different subgraphs or "named graphs” that
put their respective subgraph into a specific context, e.g. a temporal scope that this
named graph addresses (Hogan et al), 2022). These are also implemented as a powerful
functionality in the GraphDB graph database (Ontotext, 2024).

2.3.4 Linked (Open) Data

Publishing datasets by itself without additional information, semantics and intercon-
nections limits its machine-readability and isolates the data from the rest of the world.
Linked Open Data (LOD) is a framework to publish data and linking it to other
datasets using semantic web technologies. Berners-Led (2006) outlines four principles

for publishing LOD:
1. Using Uniform Resource Identifiers (URI, similar to IRI) as names for things.
2. Using URIs with http, to let users look up those names on a webpage.

3. Providing additional information for each URI using RDF and SPARQL stan-
dards

4. Including links to other URIs to provide related information

The resource description framework describes the semantics of a dataset, its properties
and interconnections, and SPARQL is used to execute queries over the data (Bizer et
al, 2009).

If, for example a website references another one through a hyperlink, the meaning of
this link is unknown. Using sematic web technologies, the link (or predicate) has a
label and the two pages have types. This allows a machine reading this link to infer
more information on how the pages are connected (Kuhn et all, 2014). This is not
only applicable for webpages but can be implemented for all kinds of data silos, linking
them together and enabling them to build a web of interconnected data.

Arguably the most prominent example in LOD is DBpedia, an initiative to structure
Wikipedia data to make it machine-readable (Auer et al), 2007). Through LOD, DB-
pedia is connected to many other datasets for various domains, allowing the datasets

to complement each other. Other examples include Wikidata, a community built open
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Figure 2: The Linked Open Data cloud (, )

knowledge base (IErxleben et alj, h014|), Europeana, linking cultural heritage objects
from European museums and enhancing them with semantic information (

, ), Bio2RDF, linking life science data (tBelleau et al.l, IZOOd), Geonames, a

gazeteer of geographic entity names (lGeonamesi, b024l) and many more. The different

linked datasets and their connections among each other are visualized on the Linked
Open Data Cloud in figure E Today there are over 1300 linked open datasets from
various domains including linguistics, life sciences, geography, etc. ( MCCT&Q, EOQ%).

2.4 Graph RAG

Section @ gave an overview on LLMs, section @ describe RAG as a way to improve
LLM performance and the previous section illustrated semantic web technologies such
as KGs and ontologies. GraphRAG now combines the RAG approach with semantic
web technologies. Instead of retrieving unstructured documents via vector similarity
to give context to the LLM, it retrieves structured data from a knowledge graph and
gives this data as context to the LLM.

One of the main disadvantages of the RAG approach presented in section @ is that
the retireval of multiple similar unstructured documents also retrieves lots of noise.

Especially of domain specific, deep and expert-level questions this can have siginificant

impact on model performance (tProcko & Ochoal, f2024l). Knowledge Graphs provide a

source for highly structured, concise and often domain specific information. This can
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provide the LLM with less noisy context to generate better answers (Procko & Ochoa,
2024). Furthermore the more concise context leads to a significant reduction in tokens
to be processed by the LLM which is less resource intensive.

The main task therefore is to retrieve this relevant information from the KG. Multiple
tactics are explored in literature. Most of the times these revolve around extracting
relevant subgraphs from the KG to give to the LLM. The graphs can for example be
embedded into a dense vector space (see section ) Embedding the question and
then retrieving similar subgraphs, their community or top-k triples, can select appro-
priate information from the graph (Procko & Ochoa, 2024).

Baek et al| (2023) use this approach, embedding the graph and fetching top-k similar
triples to the question, but also using a re-ranker that is trained to explicitly distinguish
confusing results that seem similar but are not. Xu et al) (2024) use historical tickets
from LinkedIN customer service as a KG and enhance them with LLM generated sum-
maries that are used for similarity based retrieval. W. Liu et al) (2020) detect entities
in the questions and then expand them through their related triples by changing the
original sentence with the retrieved information.

A very different approach is using the LLM itself to generate a query to the KG di-
rectly, therefore retrieving the data without the use of vector embedding and semantic
similarity. X. Wang et al) (2023) detect entities and their relations and then auto-
matically generate Python code to retrieve the relevant information from the KG. In
bioinformatic research, Emonet et al, (2024) prompt an LLM to automatically generate
SPARQL queries over multiple KGs (federated queries). Additionally, they validate
their queries against the ShEx schema (see section ) of the endpoint they are exe-
cuted on and provide the LLM with errors to improve the queries. However they also
employ vector similarity to retrieve similar queries from a collection to provide exam-
ples to the LLM. In a recent paper Kosten et al| (2025) evaluate different prompting
techniques for better LLM based SPARQL query generation. They also provide the
LLM with the ontology of the KG, giving it the appropriate knowledge of the structure
of the graph and therefore improving generation capabilities.

This approach is also employed in industry. GraphDB provides the GraphRAG-style
experimental feature "Talk to Your Graph” where multiple tactics are implemented.
Here the SPARQL query is generated based on a provided ontology or with a DE-
SCRIBE query that gives information on the data in the graph (Ontotext, 2025b).
Also LangChain, one of the most successful frameworks for building RAG applications
integrates this approach in their libraries (LangChain, 2024).

This work explores the approach of using LLM based query generation for KG retrieval,
without making use of vector embeddings or semantic similarity directly. Therefore,

any subsequent mention of "GraphRAG” refers to this approach.
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2.5 LLMs, Al and the Semantic Web in a Geospatial Context

Research into AI, LLMs and semantic web technologies has been progressing rapidly in
the last years. This work looks at recent techniques in LLM research and applies them
to a geospatial context. Anselin (1989) famously asked "What is Special about Spatial
Data?”. The first law of geography states that "everything is related to everything
else, but near things are more related than distant things” ([Tobler, 1979). Location,
area, distance and interaction play a crucial role in the realm of spatial data. Addi-
tionally, concepts like spatial autocorrelaction and spatial heterogeneity are unique to
GIScience. Furthermore, Anselin (1989) discusses the data-driven vs. the model driven
approach to analyzing spatial data and highlights common errors associated with it,
namely measurement errors and specification errors. Measurement errors are also dis-
cussed in the context of this thesis in section .

On a more recent note, Shi et al) (2023) addresses the large nature of spatial datasets
and models and their implications. Since much data has a spatial or spatio-temporal
perspective, large models and vast amounts of computing power are needed to pro-
cess this data. This has environmental consequences that disproportionately affect

populations that benefit less from these models.

2.5.1 GIScience and LLMs

So how do Large Language Models perform in the world of geography and GIScience?
Roberts et al, (2023) thoroughly analyze the capabilities of LLMs to perform spatial
tasks of various difficulties. They prompt OpenAls GPT 4 model for various descrip-
tive and application-centric tasks. They find strong capabilities of the model to recall
socio-economic (Population, Life-expectancy, etc.) and quantitative indicators (area,
elevation, etc.) of countries, cities and geographic features. However they also find
accuracy being biased towards more populated cities and countries. For the more ap-
plication centric tasks (planing a travel initiary, drawing shipping rountes, recalling
country-shapes, etc.) they also find strong capabilities that are however prone to in-
accuracies and hallucinations.

Deng et al| (2024) on the other hand trained a LLM as a foundation model for geo-
sciences. They base their model on the LLaMA-7B LLM (Touvron et al., 2023) and
fine-tune it in two stages. First, the create a Geoscience literature corpus composed of
Wikipedia and scientific geoscience articles organized in the GAKG knowledge graph
(Deng et al), 2021)). Subsequently the use input, output pairs and human annotated
content (instruction fine-tuning) to further boost their models answering capabilities
in the field of geosciences.

LLMs however also exhibit clear biases in various geographic dimensions. As mentioned
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above, LLMs abilities to recall facts tend to be more accurate for bigger countries or
cities (Roberts et al, 2023). More geography specific biases could also be observed
for LLMs. Fulman et al; (2024b) analyses four biases typical for human perception
of geography and spatial relations: Hierarchical bias (locations are grouped with their
respective administrative regions), proximity bias (distances within the same category
are underestimated), rotation bias (rotating geographic features to fit cardinal direc-
tions) and alignment bias (aligning two geographic regions e.g. on the same latitude).
They find that the LLM performs significantly worse for questions were one of these
biases is supected, suggesting that LLMs tend to reproduce geographic biases found in
humans (Fulman et al), 2024b). Beyond biases in geographic relation perception, LLMs
also exhibit geographical biases in general topics like estimating temperature, precip-
itation, and population density, often performing worse in weaker economic regions,
especially Africa. Also sensitive topics like the morality or intelligence of residents are
biased, discriminating against poorer regions (Manvi et al), 2024).

In a recent study Z. Liu et al} (2025) formalize the the diversity of the geographic aspect
of data, models and LLMs. They then evaluate six different LLMs through knowledge
probing, measuring their geographic diversity. Their findings suggest "more geographic
diversity for concept extension than for concept intension” (describe ”a person” vs
"people” from country X) (Z. Liu et al), 2025). Also they find varying geographic
diversity dependent on the concept (more diversity when asking about "forests” then
"people”. Scale also plays a role since asking about a specific country rather than a
continent resulted in higher diversity. Interestingly, they also observe less diversity in

more advanced models, likely due to recent efforts in reducing hallucinations.

2.5.2 Geospatial Artificial Intelligence

Geospatail Artificial Intelligence (GeoAl) is much more than just the geospatial per-
spective on LLMs. The wide availability of large quantities of geospatial and spatio-
temporal data (e.g. from regular earth observations, large crowdsourced datasets,
progressivly higher granularity, etc.) constitutes the need for artificial intelligence
models that can make sense of this data (W. Li et al|, 2024). Geospatial analyses
profit and build on more general Al research, however the aforementioned unique as-
pects of spatial data (e.g. spatial autocorrelation and heterogeneity) need to be taken
into consideration when building GeoAl models (W. Li et al], 2024). This necessitates
incorporating explicit spatial information in these models resulting in spatially explicit
AT models (Janowicz et al), 2020). A model is spatially explicit if it has one of the
following characteristics Janowicz et al) (2020); Goodchild (2001):

1. Invariance: Moving the studied phenomenon to a new location changes the out-

come.
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2. Representation: The model contains a spatial representation(s) of the studied

phonemena like coordinates, relations or place-names.

3. Formulation: Spatial concepts like neighborhood, proximity, spatial autocorrela-
tion, etc. are formulated in the model (see Kuhn (2012)).

4. Outcome: The spatial structure of the output differs from the input.

To create these models, GIScience domain knowledge and a deep understanding of
spatial characteristics (such as the georeferencing, spatial resolutions and projections)
are needed. Also the incorporation of multi-modal (text, vector, raster) and multi-
source data presumes GIScience expertise (W. Li et all, 2024). W. Li et al) (2024) also
report on the development of a new geospatial foundational model, Prithvi, and its
possibilty to shift the motivation for model development from only commercial value
to open science. Finally, they open the discussion to implement GeoAl as its own field
of research, basing it on four pillars: Predictability, Interpretability, Reproducibility
and Social Responsibility (W. Li et all, 2024).

These Al models can serve different purposes. In the domain of question answering and
summarization, GeoAl models may need to take into account personal data of the one
asking the question or for summarization they need to decide what consitutes a good
summary (Janowicz et al), 2020). In social sensing, GeoAl models are able to digest the
vast amount of personal data left online. This can be passive data like shared photos,
posts that are often associated with spatial (meta)data or actively contributed data.
Janowicz et al] (2020) also raise the point of transparent datasets and reproducibil-
ity in GeoAl research, advocating for well documented research, public source code
availability and the sharing of data, while also acknowledged the additional burden on
researches that often goes unrewarded.

In order for machine learning models to be trained, data needs to be encoded in a vector
embedding space. For spatial explicit AI models, this needs to be done for geographic
data. Encoders can preserve multiple spatial characteristics, such as the preservation
of distance (close points have similar vectors) or Anisotropicity (directional awareness)
and should be balanced between performance and the overfitting (Mai et all, 2022).
Janowicz et al| (2020) also formulate the moonshot: "Can we develop an artificial GIS
analyst that passes a domain-specific Turing Test by 20307”. In the years passed since,
significant progress was made towards this goal. With the gigantic progress in the
domain of LLMs, new approaches were developed that go in this direction. Z. Li &
Ning (2023) use an LLM at the core that generates a solution graph for a problem, im-
plements the code for each operation and then puts the operations together producing
figures and maps for problems like analyzing COVID-19 death rates, or human mobil-
ity patterns. Responding to this research, Akinboyewa et al, (2024) implement a "GIS
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copilot” in QGIS that is able to analyze tasks, select cataloged GIS functions and tools
from QGIS, generate code, handle errors and finally produce results. They examine
three levels of difficulty, where the agent performed well for simple and intermediate
tasks and lower for hard ones. Similarly, Mansourian & Oucheikh (2024) assess natural
language based GIS analyses using a custom fine-tuned model for generating code that
controls QGIS functions. They are also able to perform simple tasks like finding nearby

locations in OpenStreetMap data or more sophisticated network analyses.

2.5.3 Geospatial semantic web

Geography is one of the most wildly represented domains in the semantic web commu-
nity and within linked open data (McCrag, 2024). Kuhn et al| (2014) describe the role
of GIScience in the context of the semantic web and linked open data. They argue that
all data can be put into a spatial perspective by linking it to geographic datasets via
predicates. Furthermore, metadata often has a spatial aspect which puts an additional
spatial layer on many datasets. While a traditional database schema only describes
the structure of the data, ontologies, as a core part of semantic web technologies, also
describe the intended meaning of the data (Kuhn et all, 2014). On a more practical
note, Janowicz et al| (2022) state that 80 % of a given projects resources are taken
up by "gaining situational awareness”, resulting in the so-called "data acquisition bot-
tleneck”. Furthermore, possible solutions like geo-enrichment services pose challenges
like the isolated nature of their data sources. These challenges can be addressed using
GeoKGs (Janowicz et all, 2022).

In order to realize this vision, the Open Geospatial Consortium defined the GeoSPARQL
standard, an extension of SPARQL to harmonize the spatial domain with W3C stan-
dards on semantic web technologies (Car et all, 2023). This standard is then imple-
mented into enterprise technology such as GraphDB to enable spatial functions directly
within triplestores (Ontotext], 2024).

S. Wang et al, (2019) propose a formalization of geographic knowledge graphs, arguing
a "well-structured geographic knowledge is a benefit to all kinds of geospatial applica-
tions, because formalization is the foundation of geospatial big data computing, mining,
and visualization”. They highlight the evolutionary nature of geographic phenomena
such as storms and propose tactics to incorporate these into GeoKG design.

One of the most profound geospatial datasets is OpenStreetMap, a free, crowdsourced
map of the world (OpenStreetMap, 2025). Dsouza et al) (2021)) designed an approach
to transform this dataset into a GeoKG, named WorldKG. They identify a lack of
geographic coverage in general purpose knowledge graphs that they address by link-
ing OpenStreetMap entities to other KGs. Their ontology provides semantics to the
loosely defined key-value pairs in OpenStreetMap and maps them to DBpedia classes.
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Furthermore, they also link geographic entities to their DBpedia entries and add prove-
nance information. All of it is modeled according to OGC standards (Dsouza et al.,
2021)).

SOSA, the ontology for sensors, observations, samples, and actuators is another ex-
ample of a geospatial ontology (Janowicz et al|, 2019). As a joint effort by the OGC
and W3C, it builds upon its predecessor, the SSN ontology, to model domains like the
internet of things or environmental processes based on sensor observations and defined
procedures using an event-centric perspective.

In an earlier publication Kefler et al. (2009) already propose integrating real-time sen-
sor and user data for context-aware retrieval of geographic information. They highlight
that OWL alone lacks support for free variables and overcome this limitation by lever-
aging the Semantic Web Rule Language (SWRL). By extending SWRL with a custom
built-in function, they also enable real-time access to sensor observations. Through a
case study focused on personalized surf spot recommendations, they demonstrate how
dynamic environmental variables (e.g., weather, tide, wave height) and personal user
attributes (e.g., surfing skill level) can be combined to support reasoning and dynamic
reclassification of geographic entities.

Similarly, the KnowWhereGraph is a GeoKG that combines various data-silos like the
USGS, NOAA or FEMA, using aforementioned technologies like RDF, GeoSPARQL or
SOSA to provide a semantic layer, connecting these silos (Janowicz et al), 2022). Using
a hierarchical global grid as a spatial reference system, the KnowWhereGraph allows
for services built on top, e.g. geo-enrichment services for finding experts for disaster
relief or retrieving disaster affected polygons (Z. Liu, Gu, et al), 2022) or supply-chain
management in the food industry (Janowicz et all, 2022).

As mentioned in the previous chapter, data needs to be embedded into vector spaces
in order to be used by (Geo)Al models. For GeoKG embedding Mai et al) (2020) raise
multiple problems. Many KG embedding models ignore literals, omitting crucial infor-
mation or are only populated sparesly from the beginning. They therefore propose a
spatially aware KG embedding model that is also able to infer new relations using link
prediction and is extended by spatial encodings for spatial objects in the graph.

To bridge the gap between GeoKGs and GeoAl two possibilities emerge. Either the
data in the knowledge graph is encoded and used for training models directly using
techniques summarized in Mai et al, (2022) and employed for example in Mai et al,
(2020). Another possibility is to to automatically query the knowledge graph without
using embeddings and ingesting the retrieved data directly into a LLM prompt. This

is the approach used in this thesis.
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3 Research Questions

The previous chapter presented three research directions that progressed rapidly during
the last years. Large Language Models, semantic web technologies and their geospa-
tial dimensions. Especially the rise of LLMs opened the door for applications in au-
tonomous analyses, including in GIScience (Akinboyewa et al), 2024; Y. Jiang & Yang,
2024). However, these approaches are still missing the semantic layer. Already, re-
cent publications explore and prove the value of combining KGs and LLMs using the
GraphRAG approach, reducing hallucinations of LLMs and grounding them with ex-
ternal knowledge sources (X. Wang et al|, 2023; Emonet et al), 2024). KGs structure
knowledge but are more difficult to access or use, LLMs are easy to use but lack the
structured, explainable knowledge and are regarded as black boxes (Pan et all, 2024;
Procko & Ochod, 2024). Therefore, combining these two technologies could unlock sig-
nificant potential that remain underexplored in GIScience. While GeoKGs are already
part of the pre-training step of some custom GeoLLMs (Deng et al., 2024), combin-
ing GeoKGs and LLMs using RAG remains a research gap. Furthermore, as pointed
out by Shi et al, (2023), geospatial data requires disproportionately large models re-
sulting in significant energy consumption. Also, the ever-evolving nature of geodata
requires models to be retrained periodically, further exacerbating computing power
requirements. Describing the data using ontologies and providing an LLM with these
could circumvent this bottleneck, allowing for autonomous analysis on up-to-date data
without direct integration into LLM or GeoAl model pre-training,.

From a practical perspective, GraphDB and its GeoSPARQL integration offer the tech-
nical foundation to merge GIScience and GraphRAG on a larger and production-ready
scale. Additionally, the GeoSPARQL integration also enables the use of geofunctions
such as buffers, distances or topological relations, allowing for geoprocessing within
GraphDB to infer new relations between entities.

If a LLM is capable to access and process (geo)data in KGs autonomously, the model
does not need to be trained or retrained on the data. Furthermore, if the model can
reliably make sense of ontologies describing data, new data sources can be made avail-
able to the model just by updating the ontology and connecting the endpoints.

The presented approach in this study uses data modeled with RDF in a KG in GraphDB
and a custom ontology describing the data. Three geographic concepts are analyzed:
topology, directionality and proximity. The hypothesis is that, using the correct set
of parameters (e.g. the LLM, temperature settings, an optimized ontology, correct
prompts, etc.) the GraphRAG approach can substantially outperform a non-RAG

LLM for spatially explicit tasks. Two research questions are presented:

1. RQ1 What are current limitations of non-RAG LLMs in performing spatially
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explicit tasks, and how can these limitations be quantified using metrics such as

precision, recall, and F1 score?

2. RQ2 To what extent can a GraphRAG-based approach address limitations of
non-RAG LLMs for spatially explicit tasks and what role do different parameters
(LLM, temperature, prompt design, ontology richness, and few-shotting) play in

improving results as measured by precision, recall and F1 score?

As the research and technical foundations for GraphRAG LLMs in GIScience are
present, this study aims to clarify, if the approach using autonomous query generation
based on a given ontology is a viable method for retrieving geodata from knowledge

graphs. The following chapters describe the software and data used in this experiment.
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4 Used Software and Data

4.1 Software

For combining and refining the different ontologies, Protégé was used. Protégé is
"a free, open-source ontology editor” compliant with W3C standards, developed by
Standford University and one of the most commonly used ontology management tools
(Stanford University, 2025).

To store the data for the experiment and to run queries, GraphDB was used. GraphDB,
developed by Ontotext, ”is an enterprise ready Semantic Graph Database, compliant
with W3C Standards”. They provide a free version of their database that was used for
this study, running on a local Windows machine (Ontotext, 2024). A major advantage
of GraphDB is the native integration of GeoSPARQL that allows for using geospatial
functions without requiring additional setup (Ontotext], 2025a).

OpenAl’'s GPT-4 models were used as LLMs. They provide a simple API for accessing
their models. For this study, gpt-40-2024-08-06, gpt-40-mini-2024-07-18 and a custom
fine-tuned model (see Section @) were used. Additionally, OpenAl awarded 200 $ in
funding for this project which covered all costs. The models were used to generate an-
swers to define the experiment questions’ baseline and to generate GeoSPARQL queries
for comparing this baseline to a GraphRAG approach that are executed in GraphDB.
The code for this study was written in Python using a multitude of packages that are
listed in the provided GitHub repository which also stores the full code to replicate
this study (Grof}, 2025). The different steps for this study are presented in nine jupyter
notebooks. Python facilitates the studies infrastructure, connecting GraphDB, Ope-
nAl, the custom ontology and the experiment questions and is used to analyze and
visualize the results.

Even though the package LangChain was not used for its functionality, it provided
prompt-templates for sending the RAG requests to the LLM (see Section @) (LangChain,
2024).

Quantum GIS (QGIS), an open-source geographic information system, was used to get
an overview of the projects data, perform pre-processing steps and to create some of
the presented maps (QGIS, 2025).

Finally, Diagram Designer provided the ability to illustrate workflows and the custom

ontology (see figure H) (logicnet], 2023).
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Figure 3: The ontology describing the NUTS dataset. Reused from tDekkers & Novaceanl
i 8

(2018).

4.2 Data Sources and Cleaning

4.2.1 NUTS regions

The European NUTS regions (Nomenclature of Territorial Units for Statistics) are ge-
ographic divisions of the European Union’s territory at three granularity levels (NUTS
1, NUTS 2, NUTS 3) (tEurostad, l20241). These regions are defined using RDF and are
published on the website as a taxonomy in a .rdf file (tEurostatl, l2024l). The ontology
of this taxonomy is defined by (h)ekkers & Novaceanl, lZOlé), however the definition is
only provided in the PDF document and not via an ontology file. The NUTS ontology

is visualized in figure H

Apart from their availability as RDF, the NUTS region are the main geographic areas
for statistical data on an European level and are therefore a suitable candidate for test-
ing an Al approach for data-heavy question answering. The analytical nature of the
NUTS regions, their code-based identified system and their relatively little presence in
everyday life and media makes them arguably less represented in LLM training data
and therefore harder to grasp for the model.

The NUTS regions were downloaded and stored in GraphDB, however there are cer-
tain attributes of the dataset that need to be addressed. The latest version from 2024
(NUTS regions are updated in a 3 year cycle) also contains deprecated regions. This
includes for example all regions in the United Kingdom due to BREXIT, but also some
NUTS level 2 regions in Portugal or level 3 regions all around the EU. These are due to
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updates in the regions’ definitions. During the time of writing, the spatial definitions
of these changed regions are not yet provided with the RDF dataset, therefore the dep-
recated regions are part of the dataset. However they were excluded when populating

the question with examples. A NUTS region subject in Turtle format looks like this:

@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
@prefix skos: <http://www.w3.org/2004/02/skos/core#>
@prefix nutsdef: <http://data.europa.eu/nuts/>

@prefix geo: <http://www.opengis.net/ont/geosparql#>

<http://data.europa.eu/nuts/code/AT13> rdf:type skos:Concept
nutsdef:level "2";
skos:notation "AT13";
geo:hasGeometry <http://geonuts.eu/geometry/AT13_10m_ETRS89_geom

>

b

skos:altlLabel "Wien" .

For GraphDB to execute spatial functions, the subjects need to be compliant to the
GeoSPARQL standard (Ontotext], 2025a). However, when loading the RDF file from
Eurostat, the actual geometries of the NUTS regions are not provided directly. Instead
they are provided via a link to their respective hosted GeoJSON files, with varying
projections and scales of the geometries (see figure , dcat:downloadURL). A Python
script was written that downloads the GeoJSON files from the link provided in the
graph and transforms them into GeoSPARQL compliant geo:Geometry objects that
are then attached to their respective NUTS region (for more details see Notebook 01,
in the GitHub repository, Grofj (2025)). An attached geo:Geometry object looks like
this:

@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
@prefix skos: <http://www.w3.org/2004/02/skos/core#>
@prefix geo: <http://www.opengis.net/ont/geosparql#>

<http://geonuts.eu/geometry/AT13_10m_ETRS89_geom> rdf:type geo:
Geometry;
geo:asWKT "POLYGON ((4810026.3159 2802881.3099000007, ...,
4810026.3159 2802881.3099000007)) " "geo:wktLiteral .

Furthermore, some smaller data engineering issues were handled. All data is stored in

a GraphDB repository.
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4.2.2 Geonames

Geonames is an openly available database of place names that ”"contains over 25 million
geographical names and consists of over 12 million unique features” (Geonames, 2024).
Places can be geographical features like mountains or lakes, or man-made objects like
monuments or cities. The database is categorized into 9 feature classes with 681 subdi-
visions (feature codes) (Geonames, 2025h). Geonames also maintains an ontology and
the data is available in RDF format. Additionally, their data is available via an API.
For this study however, only populated places like cities and villages were considered.
These are available as a .csv dataset, "citiesb00.csv”, that contains all places with at
least 500 inhabitants (Geonames, 2025a). This table of populated places was then
filtered to only contain places inside or near available NUTS geometries. The CSV file
was then transformed into GeoSPARQL compliant triples using the same projection as
for the NUTS regions. Similar to the NUTS data, further data-handling is described

in Notebook 01 in detail. A Geonames gn:Feature can look like this:

@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
@prefix skos: <http://www.w3.org/2004/02/skos/core#>
@prefix geo: <http://www.opengis.net/ont/geosparql#>

<https://sws.geonames.org/2761369/> rdf:type gn:Feature;
geo:hasGeometry <http://geonuts.eu/geometry/gn_2761369_geom>;
gn:alternateName "Vindobona", "Wien";
gn:geonamesID "2761369";
gn:name "Vienna";

gn:population 1691468 .

A major drawback that needs to be addressed is the data quality of the Geonames
population values. These seem to be wrong or out of date. For example Munich only
has around 1.2 million inhabitants in contrast to its actual population of around 1.5
Mio. (1.2 Mio. was at around 2005) or Vienna at 1.7 million instead of the current 2
Mio. (Wikipedia, 2025). Since population values are mainly asked in a comparative
way in this study this drawback was not further considered.

Geonames cities and NUTS regions are downloaded, their coordinates are transformed
into GeoSPARQL compliant geo: Geometry objects and are stored in a GraphDB repos-
itory. The exact definition of the data is defined by an ontology that is described in

chapter @
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5 Methodology

5.1 Experimental Setup

This work aims to analyze the potential of using the previously described semantic web
technologies to advance the spatial capabilities of GraphRAG enhanced LLM systems.
Two datasets that are already integrated into the semantic web are used. The Euro-
pean NUTS regions (Eurostat, 2024) and the Geonames city dataset (Geonames, 2024).
The two datasets are stored in a local GraphDB instance. 18 questions about this data
explore three different geographical concepts: topology/neighborhood, directionality
and proximity. These questions are populated with concrete examples. Furthermore,
for each of the 18 questions a ground truth SPARQL query is defined that is populated
with the same examples and then executed to get the correct answers for each question.
To answer RQ1 the populated questions are sent directly to the OpenAl LLMs. The
LLMs’ result is the answer to the question which is then automatically evaluated using
NLP techniques and compared to the ground truth results.

For the RAG approach the questions are augmented using prompt engineering tech-
niques and a custom ontology that describes the data and associated functions. These
are then sent to the OpenAl LLMs which then generate a SPARQL query that is
cleaned and executed on the data in GraphDB. If the generated query yields results,
these are analyzed for accuracy by comparing it to the ground truth results as well.
The results of the RAG approach can then be compared to the non-RAG results to
answer RQ2.

In both approaches the 18 questions are populated with many different examples and
are affected by lots of parameters during the whole workflow. These parameters are
described in the subsequent sections (different ontologies, language models and their
temperatures, etc.). Fach of them is recorded for each example question to evaluate

their effects on accuracy. Figure @ shows a detailed diagram of this workflow.

5.2 Investigated Spatial Concepts

To analyze the spatial capabilities of the LLM three different spatial concepts were
chosen. Topology with a special focus on neighborhood relations, directionality which
constitutes the four cardinal directions as well as the four intercardinal directions, and
proximity. The three examples were chosen due to their relative simplicity and their
possible implementation through geof: functions as well as their relevance in hypothet-
ical use-cases. They are topology (with a focus on neighborhood), directionality and

proximity. The three concepts are presented in the following chapters.
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Figure 4: The workflow of the experiment depicted using Diagram Designer (logicnet], 2023).
Final outputs are depicted in green.

5.2.1 Topology/Neighborhood

The first concept is containment. It evaluates whether the LLM can accurately deter-
mine if a specific city or NUTS region located within a given NUTS region. Neighbor-
hood is another simple topological concept. Two regions are neighbors of each other
if their boundaries touch in at least one point, however they are not if one regions is
within the other. The proper RCCS relation would be region 1 is externally connected
to region 2 (QSRIib, 2025). Figure H shows an example of all regions that are neigh-
bors of the region AT22 and have the same NUTS level. Neighborhoods are important
spatial concepts. Possible use-cases are analyzing phenomena between neighboring
regions, e.g commuting or migration patters, or calculating statistical concepts like

spatial autocorrelation. If an autonomous LLM is prompted to perform such a task, it
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Figure 5: All neighbors of the region AT22.

must be capable to knowing what regions are neighboring each other. This work an-
alyzes if a GraphRAG-based LLM, equipped with the necessary tools performs better

in understanding these relations than without RAG.

5.2.2 Directionality

The second concept is directionality. This is represented by the cardinal directions
"north”, "west”, "east” and ”south” or the intercardinal directions "northwest”, "north-
east”, "southwest” and "southeast”. These are harder to define. Goyal & Egenhofer
(2000) formally define directions and all their edge-cases. The definition of directions
in this work are based on their findings, however the edge-cases (e.g. if a point has
the exact same latitude as one of the latitude bounds of the region it is compared
to) are not implemented since they are highly unlikely given the presented data. Let
Gliiniat, Glimaziat, Glminions Glimazion = bounds(Geometryl), which define the bounds
of Geometryl and G2iniat, G2maziats G2minion, G2mazion = bounds(Geometry2) which
define the bounds of Geometry2. The function get Direction(Geometryl, Geometry2)

returns the direction to which Geometryl is from Geometry2. Equation E defines the
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Figure 6: Directions defined from the Region AT22. Overlapping Polygons show areas of
intercardinal directions.

directions formally.

(North, if Clyantar > C2umaatar
West, if Glinion < G2minion,
East, if Glinazion > G2mazion;
South, if Gliintat < G2mintat;

direction(Geometryl, Geometry2) = ¢ Northwest, if North A\ West,

Northeast, if North A\ East,
Southwest, if South N\ West,
Southeast, if South N Fast,

\ WithinBounds, otherwise.

(2)
Figurea (a) shows the defined directions from the original region AT22 (Geometry2 in
Equation E) In Figure H (b) the Polygon in question (Geometry2, DE11) is within the
northern and western parts of Geometryl. This results in direction(DE11, AT22) =
{North, West, Northwest}. Analogous, the example (c) results in direction(H R03, AT22) =
{West, East, South, Southwest, Southeast}. Here, even the tiny part of HR03 west of
the western longitude bounds of AT22 is enough to be considered "West” of AT22.
These cases highlight the counterintuitive situations that can result when formally
defining concepts like directionality. However, in order to perform computational anal-
yses a clear definition has to be provided for results to be consistent. Edge cases like
this are very likely to not be caught by a non-RAG LLM and therefore highlight the
necessity for this study. Calculating directions is not supported in GraphDB and is
also not defined by GeoSPARQL standards. How this was implemented is described in

section .
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5.2.3 Proximity

The last investigated concept is proximity. In natural language, vague terms such
as “near” or “close” are commonly used to describe spatial relationships. However,
these expressions are inherently imprecise and challenging to define in a computational
context. There are efforts to model fuzzy spatial concepts like vague cognitive regions
using data-driven approaches (S. Gao et all, 2017), however these would be unfeasible
to implement in the context of SPARQL and semantic web technologies. Therefore in
this study proximity is simply defined by a certain distance threshold. The experiment
questions therefore ask for clear distances like "What is the largest city within 400
km of the NUTS region RO41?”. These crisp boundaries are hard for an LLM to
evaluate since it is not able to perform actual distance calculations or to even know
the coordinates of most geometries. Therefore, an LLM might answer this question
with a city that is even 500 km away, since it is not aware of the accurate distance. In
GeoSPARQL the functions geof:distance or geof :buffer could be used to achieve
this.

5.3 Ontology Development

As described in section an ontology is a conceptual model of a domain. In this
study, the ontology combines the domains modeled by Geonames, the NUTS regions
and the technical parts from GeoSPARQL and GeoSPARQL geofunctions. It therefore
describes the data and how it is presented in the knowledge graph. This ontology forms
the core of the workflow of this study. It is modeled by combining the different existing
ones (NUTS regions, GeoSPARQL, GeoSPARQL geofunctions and Geonames) into a
new one while only considering the necessary parts of each. The created ontology will
subsequently be referred to as ”geonuts”. The geonuts ontology is given to the LLM
in Turtle format together with each question. Only through the ontology, the LLM is
capable of generating the respective (Geo)SPARQL queries. Since the ontology is being
sent with every question, it has the be as small as possible to be efficiently grasped
by the LLM. While common ontology Turtle serializations typically fall well within
the context window of modern LLMs, pre-processing and experimentation revealed
that query generation becomes significantly more feasible and reliable when irrelevant
information is minimized. This is why only the necessary parts of the ontology are
actually part of the final Turtle file. Code B (Appendix) shows this Turtle file, figure H

shows the final version in a visual way. It consists of five parts.
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PREFIX geo: <http:/fwww.opengis_netfont/geospargl#=

PREFIX geof: <http:/fwww_opengis_net/defifunction/geospargl/=

PREFIX gn: <http:/fwww_geonames_org/ontology#=

PREFIX nutsdef: <http://data.europa.eufnuts/=

Fake functions for directionality (using geof: for LLM comprehension)

Spatial Object

geo:SpatialObject

e,

GeoSPARQL Feature

Geometry

geo:Feature

|_gearhasGeometry—+ge0:Geometry

owl-equivalentClass

ge o ESWKT‘. = it Pararar cpengis netiant/
e bl »

NUTS Code

skos:Concept

skos-notation ="
nutsdef-level ==
skos:prefLabel ="
skos:altLabel ™"
owl:versioninfo ="
nutsdef:scale” ="
nutsdef-projection” ="

geofisMorthOf

geofisWestOf

geofisEastOf

geofisSouthCf

Figure 7: The geonuts ontology. The different colors show the different ontologies that
this ontology borrows from. KEach rectangle represents a owl:Class, the text in bold the
skos:prefLabel or rdfs:1label and the IRI below the rdf :type of the class. Below are the
owl:DatatypePropertiess for this class. The ”"fake” functions and the alignments of the

Geonames Feature

gn:Feature

u—geo:hasGeometry—|gn-geoname SJP"#W

gn-population” ="
gnname T

2 sz
gn:alternateName &

geof:buffer

GeoSPARQL Geofunction

geof.distance

fno:Function

geof-envelope

geof:sfContains

skos-definition =™
“—>{skos:example =
skos:note =
skos:preflLabel ="
fnocexpects
fnoreturns

geof-sfCrosses

geof:sDisjoint

geof-sfEquals

geof:sfintersects

geof-sfOverlaps

geof-sfTouches

geof:sflithin

ontologies are developed for this study. Own depiction in Diagram Designer.
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5.3.1 Ontology Components

GeoSPARQL. GeoSPARQL (prefix geo:, depicted in orange) represents the tech-
nical part of the ontology. It defines the class geo:Feature that is a subclass of
geo:SpatialObject. Also geo:Features have an object geo:Geometry that stores

the actual coordinates via a literal with the data type geo:wktLiteral.

NUTS. Dark blue represents the part taken from the NUTS ontology. Figure H shows
the original extent of the NUTS schema. Only the relations and attributes defined in
figure H were used in the geonuts ontology. The actual geographic data that is provided
in figure H via the dcat:downloadURL relation is transformed into a geo:Geometry
object. Therefore NUTS Codes are an owl:equivalentClass to geo.Feature. The
NUTS ontology is modeled mainly using the skos: namespace, their own attributes are

using the prefix nutsdef:.

Geonames. Parts taken from the Geonames ontology are represented in green. Here
only the gn:Feature class and five attributes were used for this experiment as they are
of interest in the example questions. The original Geonames ontology can be found on

their website (Geonames, 2025¢). It uses the prefix gn:.

Geofunctions The functions used in this study are the GeoSPARQL geofunctions
in yellow using the prefix geof:. The GeoSPARQL geofunctions are also defined by
the OGC, however only the depicted subset of functions were actually used in the
study. The chosen functions are supported in GraphDB by enabling the GeoSPARQL
plugin. For this work the eight simple feature functions for topological relations
(geof : sf [FUNCTION]) as well as geof :buffer, geof:distance and geof:envelope
(equivalent to a bounding box) were chosen. All questions asked in the study can be
answered with these functions. An example usage of a GeoSPARQL function is pro-
vided in code H and code a (both in Appendix).

Apart from geofunctions, GraphDB also provides magic predicates for some rela-
tions, e.g. one could ask for ?geometryl geo:sfTouches ?geometry2 even if the
geo:sfTouches relation does not exist between the geometries. The reason why these

were not used in this work is described in section .

”Fake” Functions To investigate directionality, there are no functions yet defined
by the OGC. Therefore, four "fake” functions were imagined that provide this function-
ality. These functions are defined in the geonuts ontology under the same geof: prefix to
ensure easy understanding for the LLM. In the ontology they use the same attributes as

their real counterparts. These functions are geof : isDIRECTIONOf (geo:wktLiteral,
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geo:wktLiteral) where DIRECTION € [North, South, Fast, West]. The function
returns "true” " "¥sdboolean if the first input is to the DIRECTION of the second input.
If a LLM generates a SPARQL request using one of these functions. They are replaced
using a Python script before being executed. Virtual polygons are calculated using the
bounds of the second attribute in geographical coordinates (EPSG 4326). For example
when analyzing if the NUTS region "ITF” (SUD, southern Italy) is south of the NUTS
region "SE3” (Norra Sverige, northern Sweden), the lower latitude bound of "SE3” is
extracted and transformed into polygon spanning everything that has a lower latitude
than the southernmost point of "SE3”. The resulting polygon is then reprojected back
into the EPSG 3035 projection to be compatible with the coordinates in GraphDB and
is then used to perform an intersection with the "I'TF” polygon. If this intersection
returns true, "I'TF” is south of "SE3”. The process is visualized in figure H

On a SPARQL level, the line geof : isSouth0f (?itfWKT, 7se3WKT) is simply replaced
with geof :sfIntersects(7itfWKT, ?southWKT) and the calculated polygon is bound
as a geo:wktLiteral beforehand using BIND("POLYGON((..))"geo:wktLiteral as
?southWKT. The implementation of this function can be found on this work’s GitHub
repository (Grof}, 2025). While this is not a native function in GraphDB or the geof:
ontology this approach was used to illustrate the potential of using more geospatial

functions with SPARQL even if they are not implemented yet.

5.3.2 Ontology Alignment

As described in section , different ontologies can be combined using ontology
alignment. In the case of geonuts, only the relevant parts have to be aligned. First,
geo:Feature and gn:Feature can be considered equivalent classes. This is also
clearly defined by the OGC in the GeoSPARQL standard specification (Car et all,
2023). Therefore, gn:Feature is also a subclass of geo:SpatialObject and can use
the same relation geo:hasGeometry to attach a geo:Geometry object. It was how-
ever not explicitly stated in the ontology and the GraphDB instance that gn:Feature
owl:equivalentClass geo:Feature. This is because these elements have to be distin-
guished by a generated SPARQL query and within the database, so that when querying
for a gn:Feature, no skos:Concepts get queried. When actually setting this equiv-
alence in the ontology, the LLM-generated query will often confuse the two classes,
hence it was left out.

The NUTS Codes however were aligned with the geo:Feature class since if it is only
one of gn:Feature or skos:Concept it does not matter. This step was mainly taken to
clarify the spatial dimension of the NUTS codes for the LLM, if this is really necessary

is a matter of discussion.
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Figure 8: The figure shows the process of defining one of the direction polygons that is
later used to perform an intersection with. First the bounds of the selected geometry (a)
are extracted based on geographic coordinates (b). Then, depending on the direction (here
“south”) a rectangle is created that encompasses everything with a lower latitude then the
minimum latitude of the geometry (c). This rectangle is then projected back into the EPSG
3035 coordinate system and used with geof:sfIntersects to assess if the other polygon is
within this rectangle (d). Maps made in QGIS (QGIS, 2025).
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For the LLM to use GeoSPARQL geofunctions, it must understand their syntax, what
parameters they expect and the data types of those parameters. These functions are
typically defined as instances of fno:Function according to the Function Ontology
(De Meester et alJ, 2020). Here, each function references a rdf:List of input and out-
put parameters using the fno:expects and fno:returns predicates. Each parameter

must then be separately described as a subject with additional triples. In Turtle this
would be modeled as follows (OGC, 2024):

PREFIX geof: <http://www.opengis.net/def/function/geosparql/>

PREFIX geofp: <http://www.opengis.net/def/function/parameter/
geosparql/>

PREFIX geofo: <http://www.opengis.net/def/function/output/geosparql
/>

geof :sfWithin
fno:Function;
fno:expects (geof:sfWithin_paraml geof:sfWithin_param2 ) ;

fno:returns (geof:sfWithin_output ) ;

geofp:sfWithin_paraml a fno:Parameter ;
fno:type geo:wktlLiteral, geo:gmllLiteral, geo:geoJSONLiteral,
geo:kmllLiteral, geo:dggsLiteral ;

fno:required "true" “xsd:boolean ;

skos:preflLabel "geoml"Qen .

geofp:sfWithin_param2 a fno:Parameter ;
fno:type geo:wktLiteral, geo:gmllLiteral, geo:geoJSONLiteral,
geo:kmlLiteral, geo:dggsLiteral ;

fno:required "true" " "xsd:boolean ;

skos:preflLabel "geom2"Qen .

geofo:sfWithin_output a fno:Parameter ;

"n~~

fno:required "true" "xsd:boolean ;

fno:type xsd:boolean .

Using these clear and compliant, but arguably verbose, definitions proved to be rather
difficult for the LLM to understand. Especially when defining multiple functions using
this approach, they would significantly increase the size and complexity of the ontol-
ogy. To address this, the geonuts ontology simplifies the representation by directly
assigning the expected and returned datatypes as literals using the fno:expects and

fno:returns predicates:
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geof :buffer a fno:Function ;
fno:expects "(geo:wktLiteral xsd:double)" ;

fno:returns "(geo:wktLiteral)" .

This omits some information, but shortens the definitions significantly and ultimately
enables the LLM to generate better SPARQL queries: It is acknowledged that this
modifies the original GeoSPARQL geofunction definitions and violates domain/range
specifications for fno:expects and fno:returns, however after thoroughly testing
different options, this turned out to be the most promising approach. The design of
the ontology was an iterative process that is too extensive to be described here in
all detail. The crucial point is that the geonuts ontology was not only designed to
model the domain of geographic data but to be as understandable as possible for an
LLM to generate correct SPARQL queries. Therefore, it was important to keep it as
concise and simple as possible. The following chapter explains how the ontology was

systematically reduced and prepared for LLM compatibility.

5.3.3 Ontology Adjustments and Pruning

As visible in figure H only a small subset of the original ontologies was kept. This
was performed by loading all original ontologies (apart from geof:) into Protégé and
manually removing all unnecessary components. The geof: ontology was loaded into
Python (see Notebook 03 for details, Grofj (2025)). Here all irrelevant parts were
removed and the fno:expects and fno:returns relations were changed. Additionally,
two predicates were added for each geof: function. A skos:note to redundantly clarify
that the function needs a geo:wktLiteral as input and a skos:example that provides
an example of how the function can be used within a SPARQL query. This is necessary
since by far the most common mistake of LLM query generation turned out to be using
the geo:Geometry objects as inputs for functions instead of the geo:wktLiterals. A
similar skos:note was also added for the geo:Geometry subject. The exact workflow
is visible in Notebook 03 (Grof}, 2025). The final ontology serialized in Turtle format
is provided with code @ in the Appendix.

5.3.4 Multiple Ontology Versions

For the experiment three different versions of this ontology were used. These however
do not differ semantically but only in how much information was provided with each
component. The first ontology (V1) is the one described in the section before (see
code E), the second ontology (V2) only differs slightly and removed a few less impor-
tant relations for this study, namely owl:disjointWith, rdfs:subProperty0f and
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skos:historyNote.

Ontology V3 removes all natural language from the ontology except for labels. This
still defines all important aspects of the ontology but shortens it significantly. The
experiment with V3 provides insights in how much the LLM relies on descriptions in
natural language for understanding ontologies. Also the previously described tips for

using geo:wktLiterals are not provided in this version.

5.3.5 Why Use Functions instead of Magic Predicates?

As described in Section , magic predicates for geospatial relations were not used.
This has multiple reasons. First, the ontology needs to be as simple and short as pos-
sible for the LLM to be able to understand it. When using geo: magic predicates for
simple feature relations (geo:sfTouches, geo:sfWithin, etc.) that use geo:Geometry
objects as domain and range and geof: functions that use geo:wktLiterals as at-
tributes, the LLM has problems to accurately and consistently differentiate between
these nuances.

Second, the functions take a geo:wktLiteral as an input for geographic data. These
functions can work with WGS84 coordinates when the projection URI https://www
.opengis.net/def/crs/0GC/1.3/CRS84 is specified in the geo:wktLiteral before the
WKT string (for more details see GraphDB documentation, (Ontotext, 2025a)). How-
ever, at the time of writing, the function geof :buffer does not work with geographic
coordinate systems (alani, 2024). To circumvent this problem, this study was per-
formed using the EPSG 3035 projected coordinate system for Europe. This way, geo-
functions can be used without projection issues. Magic predicates on the other hand
always use a spatial index that is derived from WGS84 coordinates. To avoid projec-
tion issues and to make everything easier to understand for the LLM the whole study
was therefore performed using exclusively geof: geofunctions as geo:wktLiterals in
EPSG 3035.

A third reason is consistency for future analysis. If performing more sophisticated spa-
tial (or non-spatial) queries using functions in SPARQL, magic predicates might not
be implemented (as for example with the direction functions), the function needs more
than two inputs or the output is not a boolean. To make the results more valuable for

a broader spectrum, functions instead of magic predicates were used.

5.4 Experiment Questions

Based on analyzed datasets, the spatial concepts to be investigated, and the created
geonuts ontology, a set of 18 questions was created. These question are only about

facts that are answerable with the provided dataset and the ontology. The questions
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are grouped into six categories: simple topology, neighborhood, boolean directionality
(questions that are answerable with true/false), open directionality (questions where
the answer is an (inter)cardinal direction), proximity and combinations of different
categories. The full list of questions can be found in the Appendix (table ) One
example is a simple question checking a neighborhood relation "What regions of the
same level are neighbors of the NUTS region CODE?”, a proximity relationship "What
1s the largest city within BIGDISTANCE km of the NUTS region CODE?” or a combi-
nation of multiple aspects "What NUTS regions share a border with the region CODE
in the DIRECTION on the same nuts level?”. The parts in capitals (except for NUTS)
are placeholders, that are filled with actual examples from the database.

The placeholders are CODE (a NUTS code like "DED43”), CITY (the name of a city in
the Geonames dataset within or near the borders of all NUTS regions, e.g. ”Vienna”),
DIRECTION (a cardinal direction like "north”, etc. or an intercardinal direction like
"northwest”, etc.), BIGDISTANCE (everything between 200 and 700 in a step of 50
followed by km) and CCONDITION (a short sentence restricting the size of cities re-
quested, like “that have more than 120000 residents”).

The questions were populated in six different ways consisting of different levels of the
chosen NUTS codes, different size minima for chosen cities and asking for cardinal or
intercardinal directions. The rest of the placeholders were populated randomly from
a given selection. Notebook 05 shows this process in detail. A populated question
could be "What NUTS regions share a border with the region DES in the east on
the same nuts level?” These populated questions were then either sent directly to the
LLM for the non-RAG experiment or embedded into a prompt for analyzing the RAG

capabilities. The following chapter describes these prompts.

5.5 Prompt Engineering and Few-Shot Training

While prompt engineering is crucial for developing RAG-LLMs it is important to note,
that this was not the main part of this work. When prompting an LLM there is the
system message and the user message. The system message sets the context for the
LLM and normally is something similar to "You are a helpful assistant”. The user
message is then the actual prompt the user is sending. For the non-RAG experiment
only a system messages was created, since the user message is the populated questions.
This was the created system message:

You are a helpful assistant that answers questions about the European NUTS regions

and cities in Europe.
The user will ask questions about topological relationships between the NUTS

regions and the cities.
If the question asks for NUTS regions your answer should ONLY contain ALL the
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applicable NUTS codes, for example "DED, DED4, DED43” or "PL91”

If the question asks a true or false question answer ONLY with "true” or "false”.

If the question asks for a direction your answer should ONLY contain the applicable
direction, for example "northwest” or "south”.

If the question asks for a city or multiple cities your answer should ONLY contain
the name of the applicable city or ALL applicable cities, for example "London” or
”Weilheim i. OB, Deutenhausen, Marnbach”.

Do not provide any explanations or apologies.

The prompt sets the context for the task and provides accurate instructions and ex-
amples on how the answer should look like.

For the RAG experiment, four different system messages and two different templates
for the user messages were created. For the first two system messages the first user
message template was used and for the second two system messages the other user
message template was used. The main difference between the templates is that one
specifies that the LLM should write a "SPARQL SELECT” query (this is the original
message from LangChain) while the second version only specifies a "SPARQL” query,
leaving the option for the LLM to generate "ASK” queries for true/false questions. This
is because during experimenting, it was noticed that the LLM occasionally generates
ASK queries and therefore should not be arbitrarily restricted from doing so. These
messages and their respective system messages can be found in the Appendix (code
) or in the Notebook 06. The system messages tells the LLM to translate natural
language questions about geospatial relations (the populated questions) into SPARQL
queries based on a given ontology. Three of the four messages provide an additional
hint to the LLM to use the geof: functions with the geo:wktLiteral instead of the
geo:Geometry object. The user message then inserts the whole ontology in Turtle for-
mat and the populated question into the prompt template where it is also explained in
detail how the answer should look like. The user message therefore contains the whole
ontology every time which makes the message quite long. This template was copied
from the provided templates in the LangChain Python package (LangChain, 2024).
As explained in Section El], few-shotting provides the llm with some examples of the
answer before asking the actual question. For this approach new system and user mes-
sage templates were created (see code @, Appendix). Then two examples were provided
where a question is asked and the correct SPARQL query is provided. To avoid sending
the whole ontology multiple times the ontology is embedded in the system message this
time, while the populated question is still part of the user message. A whole example

of a few-shot setup is also provided in code @ (Appendix).
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5.6 Models, Temperature and Fine-Tuning

Apart from the different ontology versions and prompting techniques two parameters
lie within the actual language model. First the temperature, explained in Section @,
is defined. Five different values were analyzed in this study: 0, 0.33, 0.66, 1 and 1.33.
Higher values are presumed to not yield meaningful results. The preselected value for
the public ChatGPT interface is 0.7, for generating code lower temperature are gener-
ally recommended all across online tips and forums. Another parameter is the actual
models. Only models by OpenAl were analyzed, since they provided a research grant
for this study to use their models free of charge. The models are "gpt-40-2024-08-06",
now referred to as gpt-4o (the date has to be specified since OpenAl can point the
"gpt-40” parameter to newer versions in the future) , "gpt-40-mini-2024-07-18” now
referred to as gpt-4o-mini and a custom fine-tuned model based on "gpt-40-mini-2024-
07-18” that will now be referred to as mini-fine-tuned.

Gpt-4o is OpenATl’s broadly available flagship model apart from the newest reasoning
models like ol. It provides a 128,000 tokens context window and over 200 billion pa-
rameters. Gpt-4o-mini is a much smaller, faster and cheaper version of gpt-4o. More
details on the models are available on OpenAl documentation pages (OpenAl, 2025).
The mini-fine-tuned model was trained on a custom selection of 12 questions that are
quite similar to the 18 study questions. For these 12 questions, the correct SPARQL
queries were defined manually. Then for each question 2 alternative wordings were de-
fined that are semantically identical. Therefore 36 question-answer pairs were created
(see Notebook 04, Grofy (2025)). The questions have the same structure as described
in section IBE using a simplified system message, the same user message and the cus-
tom ontology V1. These are saved in a .jsonl file which is uploaded to the OpenAl
dashboard. Here, using the gpt-4o-mini model as a base model, the dataset is selected
and the fine-tuning is performed using the preselected parameters. The process can be
inspected in Notebook 04. It is important to note that the creating a fine-tuned model
is not the main scope of this study. Therefore, the process is not rigorous and has
lots of potential for improvement. Furthermore, there is a possible issue of overfitting,
since the questions in the training dataset are quite similar to the ones in the experi-

ment. Nonetheless, the results have some interesting implications that should not be
withhold.

5.7 Details of Experiment Execution

The final question dataset is constructed as follows. There are 18 base questions
Ng = 18. Then there are 5 further parameters that affect LLM generation: six ex-
periment conditions Np = 6 (see Section @), three ontologies No = 3, three models
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Ny = 3, five temperatures Ny = 5 and four different system messages Ngy = 4 with
two user messages dependent on the them. These constitute Nporewshotting: For the
number of experiments using few-shotting (N fewshotting) the system messages were dif-
ferent. To achieve similar group sizes, the number of few-shotting examples is defined
to be equivalent to one user-message group (or two system-messages groups). The total

number of experiment questions can therefore be defined as follows:

NEzperiments = NNoFewShotting T N fewShotting
=(Ng * Ng * No * Ny Ny Ngpr) + (Ng * Ng * No * Ny Ny * 2)
=(18%6%x3%x3*b5x4)+ (18 %6%x3%x3%5x%2)
=29160

(3)

In total, 28668 example questions were analyzed that were organized in a dataframe
in Python (See Notebook 05 and Notebook 06). The remaining questions were re-
moved due to projection issues leading to inaccuracies for bounding box creation (see
section ) All these questions were populated with examples after multiplying
them for the different parameters to achieve a maximum variety in analyzed NUTS
regions and cities. Each populated question was transformed into an API request to
OpenAl using the respective parameters. Through the randomness of populating the
questions the same question might be asked multiple times using different parameters.
The generated SPARQL queries are then cleaned for basic generation mistakes. This
includes for example checking if the prefixes are defined correctly or if there are no
leading triple backticks (") in the beginning or end of the generated answer. The
generated queries that contain a geof:isDIRECTIONOf (?wktl, ?wkt2) function call
are replaced with an intersection between the first parameter of the function (7wkt1)
and a polygon representing the direction in question based on the second parameter
(7wkt2) (see section ) The SPARQL queries are automatically sent to GraphDB.
Finally, it is recorded, if the query can actually be executed and if that is the case, the
answers from GraphDB are saved for each of the Nggperiments questions.

Since the semantics of a questions do not change when changing the parameters, ground
truth SPARQL queries only have to be defined for the 18 original questions with the
same placeholders. These queries can then be populated similarly to the original ques-
tions resulting in a ground truth query for each of the Ngyperiments questions that is
also executed in GraphDB. This gives the ground truth results to evaluate the RAG
and non-RAG based answers (see Grofi (2025) /functions/correct_queries.py).

For the latter all Nggperiments questions are sent directly to the LLM with the system
message described in Section @ However, all the other parameters are ignored ex-
cept for the model and the temperature since they are also relevant for the non-RAG

approach. Since the resulting answers are not a query that can be executed and are
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therefore not structured, rule-based natural language processing is applied to detect
the relevant NUTS codes, cities, directions or true/false statements in the answer.
For detecting cities, a generated answer is split into different cities, then it is cleaned
for any special characters and finally it is compared to all the cities’ labels (and if
necessary alternative labels) in the geonames dataset. For example for the question
"What are cities within 8 kilometers to the west of the NUTS region DEA19?” the
generated answer was "Essen, Miilheim an der Ruhr, Oberhausen”. This answer was
split and cleaned of special characters, resulting in [oberhausen, miilheimanderruhr,
essen|. Comparing these strings to the cleaned gn:name and gn:alternateName values
in the geonames dataset yields a match for oberhausen and essen for a gn:name and
mithlheimanderruhr for a gn:alternateName.

The details can be inspected in the GitHub repository (Grofi (2025) Notebook 07). Fi-
nally, the RAG answers and non-RAG results can be compared to the ground truth.

6 Results

6.1 RQ1l: What are current limitations of non-RAG LLMs
in performing spatially explicit tasks, and how can these
limitations be quantified using metrics such as precision,

recall, and F1 score?

Technical Variables Table m shows accuracy values for the non-RAG experiment
depending on the two relevant technical parameters (model and temperature). The
mini-fine-tuned model is omitted, since it is fine-tuned to generate SPARQL queries
and not to simply answer the questions. Furthermore, the hallucination rates for
questions with NUTS regions in their answers are shown. This rate could only be
assessed for NUTS regions and not for cities since it is difficult to assess which words
are meant to be cities. The results show peak F1 scores of 0.37 for the gpt-4o0 model
with a temperature setting of 0, while the gpt-4o-mini model achieves a maximum of
0.31. Interestingly, the scores do not drop much with higher temperatures which could
be explained by the clear system message restricting creativity and demanding short
answers. Similarly, the hallucination rates for NUTS codes are lower for the bigger

model, but do not get much worse with higher temperature values.
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F1 Precision Recall Hallucination Rate

Model Temperature

gpt-40 0.00 0.37 0.43 0.37 0.10
0.33 0.36 0.42 0.35 0.11
0.66 0.33 0.39 0.32 0.07
1.00 0.32 0.40 0.31 0.08
1.33 0.31 0.38 0.30 0.10

gpt-4o-mini  0.00 0.31 0.35 0.30 0.20
0.33 0.30 0.35 0.29 0.19
0.66 0.29 0.34 0.28 0.19
1.00 0.29 0.35 0.29 0.19
1.33 0.28 0.34 0.28 0.25

Table 1: Result table for the non-RAG experiment depending on model variables.

Three Examples Table @ (Appendix) shows three examples of generated answers
(model=gpt-40, temperature=0). The first one is a simple true/false question where
the model wrongly identified CZ06 to be northwest of Bayreuth. This failure is already
quite significant since Bayreuth is a fairly big German city and the Czech Republic is
clearly to the east of (most of) Germany without any hierarchical or rotational bias
suspected. The second example is a simple, even redundant, question since there is
only the region itself inside the NUTS region RO321 (level 3 NUTS regions are the
smallest level). The LLM correctly identified this without being confused by the trivi-
ality of the question.

Question three requires a more complex answer, listing all cities within a distance of
450 km of the region AT3. Figure Q shows the answers on a map. It is clear that the
LLM missed quite a few cities. While it got almost all fitting cities in south-western
Germany and Switzerland as well as many in Italy and Slovenia right, it clearly had
problems identifying the fitting cities in Eastern Germany, Czech Republic and Poland
as well as on the outer parts of the buffer. Most notably it also missed Prague, Bu-
dapest and even Vienna, three major capitals, one of the country containing the NUTS
region in question! It did however not miss any city within the actual region.
Another interesting observation is that there are no false-positives outside the buffer,
only due to the population criteria of at least 120,000 inhabitants (Klagenfurt, Mul-
house, Nancy all have less than 120,000 inhabitants when defined by city population,
not agglomeration, but were listed by the LLM). Although this is not reflected when

looking at all examples where false positives are prevalent (see figure @)
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Figure 9: This map shows the answers to the question ?"What are all cities with more than a
120 k people and are less than 450 km from the NUTS region AT3?”. The cities sizes depend
on their population. See text for an interpretation of the results.
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Performance by Distance for City in Buffer Question This example can also
be visualized in a more general way. Figure @ shows the distribution (Kernel Density
Estimation) of true positives, false positives and false negatives for the question "What
are all cities that are bigger than 99,999 and are less than 250 km from the NUTS region
CODE?” where all NUTS region are of level 2. Figure @ (a) shows this distribution
for all examples, (b) only for the gpt-40 model with temperature values below 0.5. The
plots clearly show that there are more false negatives (cities that the model missed)
right before the 250 km limit. The false positives show a bump right around the limit
as well as shortly before 500 km. Also there are some false positives that are very
far away from the actual limit. There are also interesting differences between the two
figures. First, when choosing the better model parameters (gpt-4o and temperature
< 0.5), the true positive values are more evenly distributed across the 250 km space,
meaning that it can identify cities more evenly within the 250 km range. This would
be expected from a better model. Even though the model misses very few cities that
are close to the region in question, it does miss significantly more that are close to the
boundary. Also the bumps for the false positives are similar, but more pronounced
here. Interestingly, the overall performance is worse when looking only at the larger
model with smaller temperature values (F1 = 0.14 vs. F1 = 0.18) which stands in

contrast to the rest of the questions.
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Figure 10: This plot shows the distribution of TP, FP and FNs for the question "What
are all cities that are bigger than 99,999 and are less than 250 km from the NUTS region
CODE?”. Figure (b) is restricted to examples from the gpt-40 model with temperature <
0.5.
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Question Category Table B shows accuracy values depending on the question cat-
egories. The non-rag approach performs best with true/false directional and simple
topology questions (0.53 and 0.5 resp.). Neighborhood and open directional questions
are not much worse with F1 scores at approximately 0.42. Proximity questions show a
significant drop in F1 scores down to 0.26 and the combinative questions were almost
never answered correctly. When comparing the values to the best model-temperature
combination (see Table E), the categories improve around 0.05 to 0.15 points per cate-
gory, except for true/false directional, where they actually drop, and for the combina-

tions where they do improve but only slightly.

F1 Precision Recall Hallucination F1 Precision Recall Hallucination
Rate Rate
Question Category Question Category
simple topology 0.50 0.63 0.47 0.13 simple topology 0.64 0.80 0.57 0.06
neighbors 0.42 0.48 0.41 0.20 neighbors 0.51 0.54 0.53 0.18
directions bool 0.53 0.53 0.53 - directions bool 0.47 0.47 0.47 -
directions open 0.41 0.42 0.41 - directions open 0.51 0.52 0.50 -
proximity 0.26 0.36 0.24 - proximity 0.32 0.38 0.33 -
combinations 0.06 0.08 0.05 0.11 combinations 0.08 0.14 0.06 0.04

Table 2: Results for the non-RAG experi- Table 3: Results for the non-RAG experi-

ment based on question categories. ment based on question categories only using
model=gpt-40 and temperature=0 (best tech-
nical parameters)

Concrete Question Table @ (Appendix) shows the results depending on the actual
questions asked. Here the most accurate question is 7Is the NUTS region CODE
bordering the region CODE?” - a simple true/false question followed by "What NUTS
regions are within the region CODE?” - a simple topological question. Also here the

worst questions are by far the ones combining spatial concepts.

Maps Figure @ (Appendix) shows how the F1 score varies between different cities
and NUTS regions. The maps show only examples that were present at least 6 times
in the dataset. The left maps (a) and (c) show the F1 scores when the respective
city or region was used as examples in the question, the right (b) and (d) maps show
these if they would have been the correct answers. No distinct spatial patterns can be
observed. Also there is no significant connection between the size of a city and their
accuracy values. Therefore, when asking the LLM questions about larger cities, its
performance is not significantly better than when asked about smaller cities (Pearson’s
R ~ 0, p » 0.05). Likewise, when the correct answers involve larger cities, the LLM
does not perform significantly better than when the correct answers involve smaller
cities (Pearson’s R ~ 0, p » 0.05).

The NUTS regions shown on the map are all of level 2, however the pattern does not
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Figure 11: The plots show F1 scores for individual questions dependent on the NUTS level
(a) and on minimal population size for the input cities (b)

vary with level 1 or 3. Furthermore, the hallucination rate also does not seem to have

a spatial pattern (see figure @, Appendix).

Non Technical Parameters (Level, Population Size) Figure [L1] illustrates the
variation in results when examining different examples for question input. Figure

(a) shows how results of questions about NUTS regions differ, when asking for different
NUTS levels. Over all relevant questions, no trend can be observed (Spearman’s R =
0.00, p » 0.05). Even when looking at the questions separately they are barely affected
by the chosen NUTS level. The only question showing a clear positive trend with a
higher level is "What NUTS regions are within the region CODE?”. This however can
be easily explained by the fact that higher level NUTS regions have less regions within
them (level 3 regions only contain themselves, see table @ row 2) and are therefore
easier to answer with higher levels. Figure EI (b) shows the same plot but dependent
on the minimum population size of the city chosen for the question. Here, also almost
no trend can be observed (Pearson’s R = 0.05, p < 0.05). Also here the different

questions are affected in different ways by the chosen minimum population size.

Conclusion In conclusion, the following results can be observed for RQ1: When
splitting by model variables, the larger model (gpt-40) with the lowest temperature

performs best where F1 = 0.37, however scores do not drop much with higher temper-
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atures. For the question "What are all cities that are bigger than 99,999 and are less
than 250 km from the NUTS region CODE?”, the LLM has more difficulties correctly
identifying cities around the 250 km limit but also around the 500 km mark. The
model’s performance is strongly dependent on the specific questions asked resulting
in much higher scores for easier questions and very low scores for questions combin-
ing spatial concepts. Finally the performance is not, or only barely, influenced by
geographical location, the chosen NUTS level or city population size. The following
chapter shows, how the RAG-based approach performs compared to this baseline.

6.2 RQ2: To what extent can a GraphRAG-based approach
address limitations of non-RAG LLMs for spatially ex-
plicit tasks and what role do different parameters (LLM,
temperature, prompt design, ontology richness, and few-
shotting) play in improving results as measured by preci-

sion, recall and F1 score?

For the RAG-based experiment there are more technical variables to consider than just
the model and the temperature. Apart from that the mini-fine-tuned model also plays
a role here. Furthermore it is important to point out that the accuracy values are based

directly on the retrieved data. The answers are not sent to a model a second time.

Technical variables of the LLM Table @ shows the performance values similar to
table E] Since the database does only contain existing NUTS codes, there cannot be
a hallucination rate here. Compared to the non-RAG approach a clear difference can
be observed. The best setup (model = gpt-4o, temperature = 0.00/0.33) more than
doubles the F1 score. While gpt-4o-mini generally performs weaker than non-RAG, the
mini-fine-tuned model is not far behind gpt-40 and outperforms the other models in the
non-RAG approach by a wide margin. Also the effect of temperature on performance
is noticeable, letting F'1 scores drop 0.22 points for the mini-fine-tuned model, 0.14 for

gpt-40 and only 0.06 for gpt-4o-mini.
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F1 Difference to non-RAG

Model Temperature

gpt-4o 0.00 0.81 0.44
0.33 0.81 0.45
0.66 0.78 0.45
1.00 0.73 0.40
1.33 0.67 0.36

gpt-4o-mini 0.00 0.28 -0.03
0.33 0.26 -0.03
0.66 0.26 -0.03
1.00 0.25 -0.04
1.33 0.22 -0.06

mini-fine-tuned 0.00 0.65 -
0.33 0.65 -
0.66 0.63 -
1.33 0.43 -

Table 4: Result table for the RAG experiment depending on model and temperature. Pre-
cision and recall are almost always identical to F1 score (see subsequent tables) so they are
omitted here and differences to non-RAG are shown instead. The mini-fine-tuned model is
not compared to the non-RAG approach as it is only fine-tuned to generate SPARQL queries.

FL Precision Recall F1 Precision Recall

Model Template
: - Template

gpt-4o few-shotting  0.82 0.81 0.82
template vl 072 0.12 0.7 o shotting  0.82 0.81  0.82
template v2  0.77 0.77 0.78

gpt-4o-mini few-shotting  0.52 0.52 0.54 template vl 0.81 0.81 0.82
template vl 0.12 0.12 0.12 template v2 0.83 0.82 0.83
template v2  0.17 0.17 0.18

mini-fine-tuned few_ shotting 0.72 0.73 0.73

- & Table 6: Results based on the used sys-

template vl 0.50 0.51 0.51 q 0.5
template v2 0.5 053 053 tem and user message (temperature < 0.5,

model=gpt-40).
Table 5: Results based on the used system

and user message. System messages without

tips about using geo:wktLiteral were ex-

cluded here to ensure comparability. The dif-

ference between v1 and v2 is the added sen-

tence "The questions are about the location

and topology of the graphs elements” for v2

in the user message (see code B)
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Technical Variables for RAG (messages, tips, ontology, few-shotting) The
table looking at all technical variables (model, temperature, system message, mes-
sage template and ontology version) can be found in the Notebook 09 in the GitHub
repository (Grof, 2025). Table B shows how the different system and user message
templates affect performance. The template version 1 and 2 only differ slightly in
their user-message (the version 2 does not specify a "SPARQL SELECT” query, only
a "SPARQL” query, leaving the option for the LLM to generate ASK queries), their
system messages differ more. All prompting messages can be found in code B (Ap-
pendix). To ensure compatibility only messages with tips were used for table B Since
the LLM generated almost no ASK queries with template 2 (< 0.5 %), this cannot
explain differences in performance. Therefore differences have to be traced back to the
different system messages. Here the main difference lies in a tip to the LLM that the
questions asked are “about the location and topology of the graphs elements”. When
looking at table B the difference in performance between templates is not huge, but
noticeable. Furthermore, the difference is bigger for gpt-4o-mini.

Few-shotting performs best for both models, however the effect on the gpt-4o-mini
model is much more pronounced then with the gpt-4o-model. Interestingly, the few-
shotting approach also produced around 10 % ASK queries. These were neither speci-
fied in the few-shot examples nor in the system message (see code @, Appendix for few-
shot templates and examples). Looking only at the best model parameters (model=gpt-
40, temperature < 0.5, table B), all templates are closer together and few-shotting loses

its edge over the other templates.

F1  Precision Recall F1 Precision Recall
Model System Message Model System Message
gpt-4o no tips 0.67 0.67 0.68 .
tips 0.72 072 073 gpt-4o n_o tips 0.75 0.75 0.75
gpt-4do-mini no tips 0.04 0.04 0.04 tips 0.81 0.81 0.82
tips 0.12 0.12 0.12
mini-fine-tuned  no tips 0.54 055 055 Taple 8: Results based on the system mes-
tips 0.50 0.51 0.51

sage including tips or not based on template

Table 7: Results based on the system mes- Vversion 1 (temperature < 0.5, model=gpt-4o).
sage including tips or not based on template
version 1.

Comparing only the two system messages (one including tips about using geofunctions
only with geo:asWKT literals and the other not) with otherwise identical parameters
using only the template version 1, shows that results only improve slightly (+0.05) with
tips for the gpt-4o0 model. For the gpt-4o-mini model the improvements are slightly
stronger with improvements of 0.08 (see table H) The best model setup (table E) shows
similar slight improvements.

Table Q shows how performance varies when using the different ontology versions. Here,
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F1 Precision Recall

Model Few-shotting Ontology
gpt-4o False Ontology V1 0.79 0.78 0.80
Ontology V2 0.75 0.75 0.76
Ontology V3 0.66 0.66 0.66
True Ontology V1 0.82 0.82 0.83
Ontology V2 0.81 0.81 0.82
Ontology V3 0.82 0.82 0.82
gpt-4o-mini  False Ontology V1 0.13 0.13 0.13
Ontology V2 0.12 0.12 0.13
Ontology V3 0.12 0.12 0.13
True Ontology V1 0.53 0.52 0.55
Ontology V2 0.51 0.50 0.53
Ontology V3 0.52 0.52 0.54

Table 9: Results based on the used ontology split by model and few-shotting.

the mini-fine-tuned model is omitted as well, since it is fine-tuned only on the first on-
tology version. Ontology version 1 and 2 do only differ slightly (see section @) Only
a few triples that are unnecessary for SPARQL generation are removed for version 2.
The version 3 does not contain any natural language triples except for labels. This still
provides all necessary information to generate correct SPARQL queries but gives the
LLM less contextual information. For gpt-4o-mini, version 3 performs quite similar to
the others. When using gpt-4o, a larger drop for F1 scores from the ontology version
1 and 2 to version 3 can be observed (0.79 and 0.75 to 0.66).

Few-shotting barely has an effect on gpt-4o, except for the ontology version 3, com-
pletely removing the drop described before. For version 1 few-shotting even reduces
performance by a slight margin. For gpt-4o-mini the improvements for employing
few-shotting are substantial with an improvement for F1 scores of around 0.4 for all
ontologies similar to the templates described above. The maximum F1 score of 0.89
was achieved with the following parameters: Gpt-40 for the model, temperature
= 0, ontology version 2 and template version 2 (see Notebook 09 in the code
for details).

Three examples Table @ (Appendix) shows the same three examples from RQ1
(see section @) and the respective results from the RAG approach. For the first
two examples from table a the RAG approach generates queries that produce the
correct answers. The more complex third example was also generated correctly. In the
Appendix code B shows the generated query, which can be compared to the ground
truth query, code B . This comparison shows that the generated query is barely different

for the ground truth, it is syntactically and semantically correct. This showcases the
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ability of LLMs to generate SPARQL queries usable for answering complex questions
on data when provided with the relevant ontology.

Figure [12 mirrors figure [L( for the RAG approach. It clearly shows that the accuracy
of the results do not vary depending on the distance of the city in question. Only figure
@ (b) shows slightly more true positives compared to false negatives further from the
region. This approach is therefore independent from the inherent spatial understanding
in the LLM and can use the clearly defined spatial concepts in the ontology and the
data in the graph if the query is correct. False positives do not exist for the RAG

approach for this question.
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Figure 12: This plot shows the distribution of TP, FP and FNs for the question "What
are all cities that are bigger than 99,999 and are less than 250 km from the NUTS region
CODE?” for the RAG approach (excluding mini-fine-tuned), similar to figure @ Figure (b)
is restricted to examples from the gpt-40 model with temperature < 0.5.

Question Category Table @ and table El show the F1 scores and their differences
to the non-RAG experiment based on the question category. For all question categories
the RAG approach performs better, except for the open direction questions. Using the
best model / temperature combination (table El), the RAG approach performs even
stronger. The differences are especially visible for true/false direction, proximity and
the combinations questions. For the simpler categories, this approach even achieves
F1 scores of > 0.95 for the best combination highlighting the potential of GraphRAG

for geospatial questions. Also the more sophisticated combination questions perform
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comparatively well in this approach with F1 scores of 0.44 over all models and 0.72 for

gpt-4o with temperature = 0.

F1 Difference to non-RAG F1 Difference to non-RAG
Question Category Question Category
simple topology 0.53 0.03 simple topology 0.96 0.32
neighbors 0.45 0.03 neighbors 0.84 0.34
directions bool 0.75 0.21 directions bool 0.99 0.52
directions open 0.29 -0.14 directions open 0.41 -0.10
proximity 0.58 0.32 proximity 0.89 0.56
combinations 0.44 0.39 combinations 0.72 0.64

Table 10: Results for the RAG experiment Table 11: Results for the RAG experi-

based on question categories. ment based on question categories only using
model=gpt-40 and temperature=0 (best tech-
nical parameters)

Concrete Question Table (Appendix) shows F1 scores and their differences to
the non-RAG experiment based on the individual questions. The results confirm the
ones described above. Every question performs better in the RAG experiment except
for "To which direction is CITY from CITY?” which performs much worse. Interest-
ingly the other question with open direction results ("CITY is to which direction of
NUTS region CODE?”) still performs better with RAG. Therefore the query genera-
tion most likely had problems differentiating correctly between two cities compared to
a city and a NUTS region. The question "What is the largest city that can be found
within the bounding box of the NUTS region CODE?” even has an F1 of 1, meaning for
this subset, all 216 queries were generated correctly, resulting in an improvement over
the non-RAG approach of 0.88! The more technical nature of the question most likely
makes it difficult for the non-RAG LLM to know the answer, since it does not per-
form spatial operations. Here the value of the RAG approach to provide more spatial

capabilities is clearly shown.

Failure Rates During the RAG-approach the overwhelming majority of F1 scores
are either 0 or 1. In 45 % of cases the F1 score is 0, in 49 % it is 1. Only for 6.7
% of all questions the RAG approach generates a query that gives a partially correct
answer. This happens almost exclusively when asking for cities near a city and the city
in question is included in the answer resulting in an F1 score slightly below 1. The
non-RAG approach, while having a similar rate of answers with F1 = 0 (55 %), also
has F1 score between 0 and 1 for 21 % of all answers. This results in the overall lower
scores for the non-RAG approach. The RAG approach therefore has the advantage

that there are much less wrong answers, only no answers. Furthermore, the mean F1
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Figure 13: The Sankey diagram shows the flow of the 28668 examples for the RAG workflow.
Some queries could not be executed, resulting in timeouts or syntax errors. The other queries
were executed and either resulted in no results, incorrect, partly correct or completely correct
results. Also, for some questions the ground truth answers and the generated were empty

(Figure by SankeyMATIC.com).

score out of all "successful” query generations (meaning the ones that were executed

and have results of the correct type) is 0.90.

Reasons for Failure So why do 45 % of the queries give an F1 score of 07 Figure
shows a Sankey diagram, explaining at which point in the workflow, the generated
query failed or succeeded. First, around 1/4th of the queries could not be executed.
This can either be due to an error in the generated syntax or due to a timeout. Time-
outs mostly occur when the generated query has also some semantic errors resulting
in too many geographical operations to be performed, e.g. when failing to specify the
city or NUTS region’s name.

The successfully executed queries can either be empty or not. Empty results that are
supposed to be empty (when the ground truth is also empty) are hard to assess since
it is not entirely clear if the query was semantically correct, however upon manually
inspecting the results they show to be generally correct. This happens mostly for the
question "What are cities within 8 km kilometers to the DIRECTION of the NUTS
region CODE?” since the definition for directions can lead to no cities meeting this
criteria, especially for bigger NUTS regions and intercardinal directions.

However if the result is empty but the respective ground truth is not, there have to be
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semantic errors in the query.

Cases that produce a non-empty result, can either be wrong, partly correct or com-
pletely correct, with the majority falling into the last category. This underlines the
argument from above stating that when the RAG-approach manages to generate an
executable query, it is in most cases a correct and complete answer! When taking
only questions that the LLM produced an executable query for, the F1 score for the
best model parameters (model=gpt-4o, temperature=0.33 ontology=version 1/version
3, few-shotting=True) the F1 score is 0.97. A RAG-approach with the correct setup
and efficient few-shot training could therefore answer questions employing the three
analyzed spatial concepts correctly in around 75 % of cases, while giving no answer for

25 % of the time (when no executable query is generated).

Conclusion In conclusion, the following results for RQ2 can be observed: Simi-
lar to the non-RAG approach, the larger model (gpt-40) with the lowest temperature
produced the best results, with the mini-fine-tuned model not too far behind. Prompt-
engineering and few-shotting are important for the mini and mini-fine-tuned model,
less for the gpt-40 model, especially when using lower temperature values (see table
B and B Removing natural language from ontologies impacts performance, but much
less when combining it with few-shotting.

If a generated SPARQL query can be executed, the results are in most cases either
empty or correct. Looking at only successfully executed queries and their best param-

eter setup results in a F'1 score of 0.97.
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7 Discussion

7.1 Results in Context

This work analyzed how LLMs perform when answering questions relating to three
spatial concepts: topology, directionality and proximity. While the first research ques-
tion (RQ1) focused on capabilities of unmodified LLMs, RQ2 analyzed the potential
of geospatial GraphRAG-LLMs to bridge gaps in the spatial capabilities of LLMs. The
experiment was based on 18 questions based on the three spatial concepts and their
combinations. These questions were populated with different examples from Euro-
pean NUTS regions and cities in the geonames dataset. A multitude of variables were
examined for their impact on performance, e.g. the concrete LLM or the models tem-
perature for RQ1. For RQ2 even more variables were taken into account, for example
a custom fine-tuned model, the prompt templates or the ontology used to describe the
data. While answers to the questions were generated directly by the LLM for RQ1, it
generated SPARQL requests and sent them to a graph database for RQ2. While the
approaches differ fundamentally, their performances were compared using the direct
answer or the results from the database and comparing them to the results from a
ground truth query. For the given questions, the non-RAG approach achieves a maxi-
mum F1 score of 0.37 for the best model and temperature combination, ranging from
0 to 0.83 depending on the actual question asked. The RAG approach outperforms
non-RAG one by a wide margin with a F1 of 0.81, ranging from 0.39 to 1 depending

on the question.

7.1.1 Non-RAG approach

The specificity of the questions in this study and their constraint on the data pro-
vided by NUTS and geonames make it difficult to set the findings into the context of
current literature. Nonetheless, as described in section there are multiple publica-
tions that analyze the spatial understanding of LLMs. Due to the lack of appropriate
benchmarks and the limited scope of this thesis, comparisons to other publications are
quantitative when reasonable and are complemented by qualitative analysis.

Roberts et al) (2023) prompted gpt-4o for different geographic aspects, asking for so-
cioeconomic parameters of countries, locations of cities or questions on distances. Their
task prompting the model with coordinates to give the corresponding city names re-
sulted in much better results for bigger cities. Comparing this to results from questions
based on cities in this study (see figure @ (b)) the difference in accuracy when asking
questions about bigger cities could not be observed. This could have multiple reasons.

The concrete questions asked can already have strong effects on the outcome as evi-
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dent in the vastly different performances for each question observed in this study. Also,
Roberts et al) (2023) looked at more extreme examples (the most populated and least
populated cities in their dataset), while this thesis just looks at three levels of mini-
mum requirements for choosing an example city ranging between 15,000 and 120,000
inhabitants.

Before performing this study it was suspected, that the non-RAG LLM would be more
capable when answering questions about cities and regions in more popular regions. As
described in Fulman et al) (2024a) and Manvi et al) (2024), (spatial) biases of humans
might be present in the textual data that is used to train LLMs. These biases there-
fore are replicated by the LLMs. Since eastern Europe is generally less represented in
media compared to famous destinations like France or the UK, it was suspected, that
the non-RAG approach would perform worse when prompted about cities or NUTS
regions in eastern Europe. However, this suspicion could not be confirmed. Looking
at figure , performance is not varying based on the location within Europe.
Generally, the results differ much less based on different examples or even based on
model parameters when compared to the concrete questions that are asked. If a ques-
tion is straightforward and unambiguous, e.g. "What NUTS regions are within the
region CODE?” or ”Is the NUTS region CODE bordering the region CODE?”, even
the non-RAG approach can answer with comparatively good accuracy. However, with
more complexity, uncertainty, technicality and ambiguity the model performs much
worse.

Generally, the non-RAG results are in line with expectations. They get worse with
rising question complexity, higher model temperature and smaller models. It performs
better with true/false questions regarding direction and neighborhood or when retriev-
ing simple containment relations. Questions requiring more sophisticated geospatial
understanding (containment within bounding box, combination of geographical con-
cepts) are much harder for a non-RAG LLM to grasp. While biases towards larger
cities or higher-level NUTS regions could not be found on the same scale as Roberts
et al| (2023) did, a clear hierarchical bias similar to Fulman et al) (20244) could be
observed. While for the ground truth data approximately 77 % of all answers for NUTS
regions have the same country code as the region in question, the non-RAG answered
these questions 96 % of the time with regions in the same country. However it remains
to be discussed if this is more due to geographical hierarchical bias or a linguistic one
since the NUTS codes from the same country look more similar and are therefore more

likely to be generated.

65



7.1.2 RAG approach

While the resulting formats look similar for the RAG and non-RAG approach, the
methodological approaches are fundamentally different. While non-RAG completely
relies on the models internal storage of facts, RAG or more accurately GraphRAG uses
the LLM to generate queries to a graph database. Therefore the actual role of the LLM
in the workflow shifts completely. This is also in contrast to other RAG approaches.
Traditional RAG approaches rely on retrieving unstructured data from a document
database, based on semantic similarity as described in section @ Contrary to the
explored GraphRAG approach this provides contextual information to the LLM while
still relying on its capability to process natural language. While GraphRAG can also
be used in a similar way (see section @), this work only explored questions where the
complete answer lies in the retrieved data, without using these answers as a subsequent
input for another LLM call. The generation part of RAG is therefore out of scope for
this study. However, in the context of the analyzed questions, the retrieval of the data
is by far the most crucial step in answering the question since the answers exclusively
rely on the queried data and the LLM does not have to perform any summarization or
information extraction anymore.

Nonetheless, the result of the two approaches can be compared. The RAG approach
scores significantly higher for almost every category when the technical variables are
optimized. The complexity of a question also has drastic effects on the results, however
for RAG this stems from the more complex query that needs to be generated instead
of the more complex combination of knowledge required for a non-RAG LLM.

A recent study by Akinboyewa et al) (2024) explores a more comprehensive approach
where geoprocessing tools in QGIS are cataloged and used by an informed agent to au-
tonomously perform spatial analyses. They classify their tasks into basic, intermediate
and advanced tasks. Similar to this study, their approach performed well with basic
and intermediate tasks, while struggling to implement more complex workflows. They
also highlight that LLMs need more knowledge about GIScience fundamentals in order
to appropriately choose the correct workflows for a task. Other issues they raise are
the need for proper data validation and data sourcing. These are tasks where semantic
web technologies could play a significant role. As this study shows, describing data
and tools using ontologies can be understood by LLMs and could potentially bridge
these gaps. Their results range from 95 % successful analysis for basic tasks and 80 %
for intermediate to 75 % for advanced tasks.

Recently, Mansourian & Oucheikh (2024) also assess geospatial data analysis with nat-
ural language prompts. They use named entity recognition to map them to a geospatial
ontology to provide semantic context for the LLM before a GIS tool is used. Similar to

Akinboyewa et al| (2024) they use GIS functions from QGIS to execute their analysis.
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Additionally, they employed fine-tuning and few-shot learning for more reliable code
generation. Their tasks are simple geospatial analyses like finding nearby locations
(Pharmacies, Hotels, etc.) matching specific criteria or even more complex network
analyses for multiple purposes. Their specifically trained LLM outperforms the vanilla
LLM when being used to generate code for data extraction or spatial analyses. Similar
to this study, the main task of the LLM is not to retrieve knowledge itself, but to
generate code to retrieve and perform spatial analyses on data. Their limitations also
include the semantic ambiguity between natural language and technical parameters,
e.g. the mode confusion the "highway” tag in OpenStreetMap with the word high-
way that can be seen as a synonym for road in general. These are issues that can be
addressed with the presented workflow when the model is enhance with an ontology
during code generation. This provides the LLM with an idea of how the data is mod-
eled not only technically but also semantically. This reduces the risk of running into
ambiguity issues such as the "highway” example explained before.

Y. Jiang & Yang (2024) employ a very similar approach to this work, using LLMs
to access geospatial databases with SQL, and also providing it with the specific table
schemes. Their results also tend to get worse with higher temperature and rising query
complexity, reaching a maximum accuracy of 1 for simple "single table spatial queries”
and dropping to 0.27 for "spatial join queries” with a temperature setting of 0.8. These
results are in line with the presented findings where the F1 score also reaches 1 for the
best performing question/model combination and drops significantly for more difficult
questions and worse model parameters. Also their questions are quite similar in the
usage of geographical concepts, as they ask for example: "What is the closest street
to the subway stations in the neighborhood that has the highest population density?”,
where proximity needs to be assessed and entities need to be filtered by attributes.
Emonet et al| (2024) generate complex SPARQL queries over bioinformatics knowledge
graphs. They also try different models and employ a more sophisticated validation ap-
proach for fixing failed generation attempts. Their performances range form F1 scores
of 0.85/0.91 (with/without validation) for gpt-4o to 0.37/0.37 for gpt-4o-mini. The
drop between models therefore can be compared to the ones in this thesis with the
same models used.

Apart from the generally better performance of the presented RAG approach, the
hierarchical bias for retrieving NUTS regions is completely eliminated. The RAG ap-
proach retrieves 75 % of all codes with the same country code compared to 77 % for
the ground truth data. Furthermore, while the RAG approach hallucinates around 10
% of all NUTS codes (see table EI), the RAG approach is immune to hallucination since
non-existing codes are not in the database, although another type of "hallucination”

can occur where the model thinks a query filter is applied by simply naming a variable

67



in a certain way, see code m The important difference is that when the non-RAG
approach fails, it can still provide made-up or wrong data, while the RAG approach
mostly fails to create correct query syntax or provides empty results (see figure )
In productive situations no results are surely to be preferred over wrong ones. The
following chapters discuss building blocks and the workflow to generate the queries for

the RAG approach in more detail.

7.2 Query Generation, Parameter Discussion

For the RAG process, a multitude of parameters were evaluated and different setups
were compared. These include three different versions of the ontology, two different
prompt setups, three different models (including one fine-tuned model), five different
temperatures and few-shotting. All of these parameters affected the results, suggesting

that further optimization of each one could improve the results in the future.

Model and Temperature The model had the most significant effect. gpt-4o is
simply more capable than the smaller but faster and cheaper gpt-4o-mini. Generating
SPARQL queries that depend on a whole ontology Turtle serialization is a complex task
that often exceeds the capabilities of the mini model. Other studies analyzing LLMs
for (SPARQL) query generation arrive at the same results: better models generate
better queries (Emonet et all, 2024; Y. Jiang & Yang, 2024; Lehmann et al), 2023;
Diallo et al), 2023). It is therefore safe to assume that future advancements in LLMs
may further boost query generation capabilities, especially with recent advancements
using the chain-of-thought architecture Wei et al) (2022).

Similarly, the temperature is a parameter where lower values generating better queries
(Y. Jiang & Yang, 2024). However, here the effect is not as strong as initially expected.
While just setting the temperature to 0 for query generation tasks might be sufficient,
more sophisticated approaches could also be evaluated. For example Zhu et al| (2024)
propose adaptive temperature setting for LLM coding tasks that could also boost

performance for query generation.

Fine-Tuning Fine-tuning is another method that can boost model performance,
although it has to be acknowledged that the fine-tuning was not the main task of this
work and overfitting cannot be ruled out. Nonetheless, the fine-tuning model that
resulted from only 35 question-query pairs was able to outperform the gpt-4o-mini
model significantly. Other works found similar boost in performance when tuning the
model to better understand SPARQL query generation. Rangel et al, (2024) explore
model fine-tuning for SPARQL generation and also with respect to different variable

naming strategies or additional comments in their query dataset. However, studies
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evaluating fine-tuning mostly test just on their respective example knowledge graph.
A more general fine-tuning approach that seeks to build a LLM specifically to generate
SPARQL queries from natural language questions based on a given ontology would
certainly be a step forward. On the other hand fine-tuning a model just for generating

queries for one specific knowledge graph is most likely not worth the effort.

Prompt Engineering and Few-Shotting Two differences in the system message
were explored one, one where there was an additional sentence added ( "The questions
are about the location and topology of the graphs elements”) in the models system
message (see figure H, B) and one where tips were added for query generation were
added (”Keep in mind that geofunctions can only be used with a WKT literal that
is attached to a geometry subject: ?geom geo:asWKT ?wkt’”). Both did boost per-
formance but not as much as the model or temperature values. Both changes did not
result into a performance boost of more than 0.08 for the F1 score. Kosten et al] (2025)
evaluate different prompting techniques for SPARQL query generation combined with
few-shotting and they also include the relevant ontology in the prompt. Their analysis
of different prompting frameworks resulted in the best accuracy when simply giving 5
random few-shot examples without any special prompting techniques.

Few-shotting was also analysed in this work. When provided with the standard ontol-
ogy and the gpt-4o0 model, few-shotting did not make a substantial difference. Only
when using the ontology that did not contain natural language triples (ontology version
3), few-shotting significantly improved the results. However, when using the gpt-4o-
mini model, the result improvements from few-shotting were significantly higher. This
aligns well with the findings by Kosten et al| (2025) since they use older models that
are more similar to the gpt-4o-mini model. Also the result suggest that few-shotting is
less relevant with better models and the improvements for the smaller model are not
enough to catch up to the results of the better ones. On the other hand it has to be
noted that the few-shotting setup only included two shots that were static for every
example. These questions could be bad examples, or there are simply more exam-
ples needed to see substantial improvements. Furthermore, the ontology was provided
within the system message for this few-shotting experiment, therefore the example
questions could have affected the models attention to the ontology and therefore affect
its generation capabilities. For a clearer picture, more research is needed that focuses

on the best few-shotting setup for SPARQL query generation.
Ontologies As described in section the ontology versions 1 and 2 barely differ,

which is also apparent in the similar results. Version 3 does not contain any natural

language information. This was part of the experiment to analyze how much the LLM
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relies on the definitions, comments and other textual information in the ontology. Since
the relationships are still defined clearly, it is possible to understand and apply this
ontology also without the natural language. In theory, a LLM should therefore be also
able to use an ontology with this information only. The results however clarify that
the LLM indeed still relies on the text. For the gpt-4o0 model the results without natu-
ral language were lower, from 0.08 to 0.13 points. Interestingly, this effect completely
disappears with few-shotting, suggesting that the LLM can quickly learn this missing
information. It is therefore a matter of debate if it is more efficient to include more
textual richness in the ontology or rely more on few-shotting. This will most likely de-
pend on the specific ontology, since ontologies other than the geonuts ontology might
react differently to the presented approaches, especially in other domains. During the
ontology development, making the ontology as small as possible was a major focus.
Eliminating classes and properties that were not related to the analyzed spatial con-
cepts was important for the model to understand the critical parts of the ontology.
Eliminating the textual clues negatively affected the performance, therefore it would
be important to understand which information exactly would boost performance (the
definitions, usage examples, etc.). In the future, ontology engineering efforts could
therefore specifically target LLM understandability. The ontology versions V1 and
V2 already include the hint to use geo:wktLiterals which is already a step in this
direction. Common misunderstandings could be clarified this way.

However, the ontology analysed in this study is fairly small. For bigger ontologies too
much information might come with the expense of diluting the main definitions. As
mentioned above, fine-tuning could also play a role here. A fine-tuned model that is
trained on multiple ontologies and just focuses on SPARQL generation could boost
results even further. And if it is not fine-tuned on a specific ontology, no retraining

would be required to use it for new data and new ontologies.

7.3 Query Generation, Procedural Discussion

Most queries that do execute and retrieve results with the correct answer type turn
out to give the correct results, however this also depends on the concrete question
asked (see table @, Appendix). While the section above discussed the variables and
how they affect query generation, this section discusses the workflow that led to the
generation of these queries. One of the main steps that is missing in this work is a
failure handling process. While some typical syntactical errors are taken care of, e.g.
missing prefixes or some wrong prefix usage, errors can be diverse and unpredictable.
Akinboyewa et al) (2024) for example, use an automatic debugging tool that prompts
the LLM to review the code and regenerate if issues arise. This approach is also used

in the LangChain GraphDB connector that follows a workflow similar to this study
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(LangChain|, 2024). Failures were mainly mitigated though tips in system messages
and the ontology as described in the previous section, however this is an important
step in the workflow that could be added in the future.

Other research explores the idea of using controlled natural language instead of SPARQL
to circumvent the limited SPARQL generation capabilities of LLMs (Lehmann et al),
2023). They conclude with better generation capabilities when using controlled nat-
ural language, however their LLMs are outdated today and modern one might result
in different findings. Also, Diallo et al, (2023) explore procedural techniques to boost
their performance. They find that the LLM has difficulties using the correct URIs. As
a possible solution they use entity detection for the question, and replace the entities
with their corresponding URIs before sending them to the LLM or append the correct
URIs at the end of the prompt. In this work, generation the false URIs was not iden-
tified as a key problem, only in rare cases the LLM generated the wrong full URIs for
the prefixes at the beginning of the query. These are fixed by simply comparing the
generated prefixes with a list of known ones, e.g. from the ontology file, and replacing
them if necessary.

In the aforementioned paper about bioinformatics knowledge graphs, the prompt is not
only enhanced with the relevant ontology but also with relevant example queries that
are semantically similar to the question asked (Emonet et all, 2024). This results in
better query generation and error handling. Additionally, they employ a validator that
checks triples in the generated queries against the constraints defined in the endpoints’
ShEx shapes. This validator then provides the issues found back to the LLM to help
with re-generation. An evolving database of examples that can help an LLM generate
and debug queries more efficiently could be a valuable addition for better query gen-
eration. Akinboyewa et al, (2024) call this "an experience-based knowledge system”
where common problems are cataloged and the LLM can draw from this database when
it runs into problems. They describe this in the context of their autonomous GIS bot,
however the idea is comparable to the query example database described by Emonet:
et al) (2024) in the context of SPARQL query generation.

The techniques employed in this thesis also highlight chances and shortcomings in the
workflow process. First, the LLM can generate queries that work for the rather spe-
cific field of GeoSPARQL bringing natural language based query generation systems
to the realm of GIScience. Additionally, the inclusion of the ontology in the prompt
successfully allows the LLM to utilize functions that are entirely new to the LLM.
The "fake” direction functions are employed and can therefore successfully be used to
expand SPARQL functionalities. To the best of my knowledge this is a novel tech-
nique that opens the door to build upon existing (Geo)SPARQL functionalities using

a middleware that translates new, non existing functions defined in the ontology into
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executable queries.

Typical issues that arose when generating queries were the usage of geo:Geometry
objects for the geof: functions attributes, even though this was gravely reduced with
suggestive prompt instructions. Another interesting issue was the usage of specific
variable names instead of filtering for attributes. Code m shows a SPARQL query gen-
erated for the question "Which cities can be found not further than 8 km to the west of
Geiselwind?” (model=gpt-4o-mini, temperature=0.33). The query would be syntacti-
cally and semantically correct if it were not for the missing triple pattern ?geiselwind
gn:name "Geiselwind" .. The LLM did everything correctly but only named the

variable instead of actually specifying the associated name.

[A1l Prefixes]

SELECT 7city ?cityWKT
WHERE {
7city a gn:Feature .
?city geo:hasGeometry 7cityGeom .

?cityGeom geo:asWKT 7cityWKT .

?geiselwind a gn:Feature ;
geo:hasGeometry 7geiselwindGeom .

7geiselwindGeom geo:asWKT ?geiselwindWKT .

FILTER(geof :isWestOf (7cityWKT, 7geiselwindWKT) && geof:distance(?
cityWKT, ?geiselwindWKT) <= 8000)
}
}

Code 1: Generated query for question ”Which cities can be found not further than 8 km to
the west of Geiselwind?” (model=gpt-4o-mini, temperature=0.33).

In conclusion there are multiple procedural steps explored in this study and other works
that evidently improve the query generation capabilities of LLMs: Giving well crafted
prompts to a model, supplying it with the relevant ontology including natural language
triples or examples and employing simple or multi-step error handling techniques to

fix malformed queries. All these steps could be refined in the future.

7.3.1 The GraphRAG Approach

This study shows that under the presented circumstances, GraphRAG outperforms
traditional LLMs for answering spatial questions. On top of better results, GraphRAG

provides more advantages. Since this approach does not rely on the LLMs training
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data, no retraining is required to update its knowledge. Especially in the domain of
GIScience data tends to be large. Shi et al) (2023) already raised this issue, calling for
more efficient and transparent Al models, especially in the domain of GeoAl as the
periodic retraining of large models has serious environmental consequences. With the
GraphRAG approach, the model avoids the need for extensive encoded spatio-temporal
data during training and does not require retraining when data is updated. New con-
cepts and functions can be introduced and new data sources can be added by defining
them into the ontology. Furthermore, the GraphRAG also reduced the issue of noise.
Vector-based RAG that relies on retrieving semantically similar information as context
for the LLM will also contain irrelevant information that the LLM has to filter by itself.
The GraphRAG approach is also a step towards more explainable AI. LLMs are a black
box when they are answering questions, the reasoning behind a generated answer is
not provided. This lack of transparency is a clear risk regarding trust, accountability
and has further ethical considerations for the use of LLMs (Hadi et al), 2024). For the
presented approach, the LLMs answers depend on the data that was retrieved before-
hand. It is therefore possible to understand the reasoning behind the answers and to
inspect the data that drives the answer.

Furthermore, when comparing the results between the RAG and non-RAG approach
the tactics to further boost accuracy would differ significantly. For the non-RAG ap-
proach to answer the example questions reliably all relevant spatial information on the
data would need to be periodically and reliably encoded into the LLM directly, which
would have the environmental implications described above. For the RAG approach,
getting better results relies more on perfecting the retrieval process - optimizing on-
tologies, fine-tuning, few-shotting and prompt-engineering LLMs for better query gen-
eration. These are all parameters that would need to be iteratively perfected, however
they do not need to be repeated every time the data is updated.

The presented research and its results can also be put in the context of the four pil-
lars of GeoAl presented in section (W. Li et ali, 2024): The presented approach
is not entirely predictable. Due to the nondeterministic nature of LLMs, I cannot
be said beforehand if a SPARQL query will be semantically and syntactically correct.
On the other hand, this approach is much more interpretable as for example using
deep learning models. As this approach accesses the data directly and the performed
queries, functions and results can be examined, it is much more transparent then the
black box nature of deep learning models. The reproducibility pillar can be viewed
as a matter of discussion. While not every generated query will be reproducible, the
findings of this study would most likely be identical given the large sample size of
the presented questions. While the exact numbers are unlikely to be reproduced, the

workflow behind this approach can easily be replicated. Social responsibility in the
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form of sustainability is addressed, since this approach does not require periodic re-
training of models, privacy concerns however are dependent on the data sources that

the GraphRAG LLM has access to.

7.4 Semantics

7.4.1 Spatial Concepts

One issue to be discussed is the semantics of the researched geographical concepts.
Topology, directional and proximity can all have a certain degree of interpretability
that play a significant role in understanding the results of this thesis. While contain-
ment is a comparatively unambiguous concept, neighborhood is more complex. In the
question dataset, the neighborhood concept is asked in different ways. A NUTS region
is bordering another region, it is a (second order) neighbor of a region or it shares a
border with a region. While bordering is a clear instruction on the topological rela-
tionship between the two regions, being a neighbor is not. Since an LLM is primarily
trained on natural language, it might interpret the concept of neighborhood not in
its strictly defined geographical context of sharing at least one point of their borders.
For example the question "What regions of the same level are neighbors of the NUTS
region DK0317” was answered by the non-RAG LLM (model=gpt-4o-mini, tempera-
ture=0.33) with "DK032, DK033, DK034”. While DK033 and DK034 are hallucinated,
DKO032 is a NUTS region that almost shares a border with DK031. Their geometries
are not connected, since DK031 is an island, however there is a bridge between the
both. Figure illustrates the situation. In a less semantically restricted conversa-
tion these regions might even be considered neighbors, however the LLM might not be
suited to make this decision. When the meaning of neighborhood is unambiguously
defined in an ontology, the LLM chooses the suitable concept and actual spatial cal-
culations are performed, the process is explainable and unambiguous. This highlights
another advantage of using a GraphRAG approach.

Directionality also highlights the semantic issues in spatial questions. While the car-
dinal and intercardinal directions in a geospatial sense are clearly defined based on
existing literature (see section ), directions are a much looser concepts in gen-
eral language. For example Iceland would intuitively be considered to be southeast of
Greenland. However, since Greenland has points to the south and to the east of Iceland,
this would not be the case when following the presented definitions for (inter)cardinal
directions. This was especially clear when asking for cities to an intercardinal direction
of a region within a certain distance ("What are cities within 8 km kilometers to the
DIRECTION of the NUTS region CODE?”). In some cases this might lead to no place

fitting this criteria at all since the point to a specific cardinal direction might already
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(C) OpenStreetMap contributors
(€) OpenStrectMap contributors

Figure 14: The NUTS regions DK031 and DKO032. Their geometries do not touch since
DKO031 is an island. This illustrates potential semantic issues when asking about neighbors.
The question "What regions of the same level are neighbors of the NUTS region DK031?”
resulted in "DK032” (among others) for the non-RAG approach.

be further away then the specified 8 km. As the cardinal directions often are dependent
on the context and are less clearly defined, the RAG approach might not deliver much
values here. Since the RAG approach relies on defining clear, unambiguous concepts
that leave no room for interpretability, concepts like directionality might be less suited
to be implemented here. The RAG approach still performs better for most questions
containing directions, however the ground truth data relies on the same, arguably ar-
bitrary, definitions. The interpretation of the results can therefore not solely be based
on the numbers but has to take into consideration the actual use-case that the RAG
approach would be applied in. Figure [15 shows the regions FI1B and FI1C. The region
FI1B is nested in the south of regions FI1C, however the latter actually extends further

south than the former due to some islands being part of this region. Therefore:

direction(FI1C, FI1B) =

(4)
{North, Northwest, Northeast, West, Fast, South, Southwest, Southeast }

while

direction(FI1B, FI11C) = {WithinBounds} (5)

This could be seen as both an advantage and a disadvantage. On the one hand this ap-

proach is not flexible depending on context and does not take into account that is most
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Figure 15: The NUTS regions FI1C and FI1B. FI1B is not south of FI1C since the latter
extends further to the south due to some islands. FI1C is therefore to every direction from
FI1B, while FI1B is to no direction of FI1C. This highlights semantic questions arising from
the RAG approach.

cases FI1B would be considered south of FI1C. On the other hand the RAG approach
applies rigorously defined, explainable concepts that can be investigated downstream
leading to more explainable processes.

This issue is exacerbated when concepts are combined. Asking "What NUTS regions
share a border with the region SE3 in the southeast on the same nuts level?” (depicted
in figure , Appendix) could reasonably be answered with SE1, since leaving SE3 to
the east or south in the (more populous) southern parts would most certainly lead
you to SE1, however the remote northern parts of SE3 do extend further to the east,

invalidating SE1 as an answer.

7.4.2 Questions and Data

Semantic issues can also arise when asking the experiment questions. Many of the
analyzed questions, while being asked in a natural way can leave edge cases up to
interpretation. For example when retrieving cities with asking "What are all cities
within SMALLDISTANCE km of CITY?” multiple issues arise. First, it is not specified
if this refers to the cities center, its administrative boundaries or to a more vague region
that is considered to be this specific city. Also, it does not specify if the city itself is
counted when retrieving the answers. In the RAG approach, a city is clearly defined as
a gn:Feature and a correctly generated query would simply fetch whatever coordinates
are defined for the given city. The non-RAG approach on the other hand relies solely on
the LLM’s internal memory, performing no spatial calculations and in many cases not
even knowing the exact coordinates let alone polygon of the city. The two approaches
are fundamentally different. When asking questions with hard limits and evaluating
results based on clear boundaries and criteria, the RAG approach will most definitely

give better results - but only when the schema of the underlying data and functions
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matches the schema of the expected results.

Another semantic issue is the definition of a city. This can vary from country to country
but also has an individual and contextual perspective to it. For example in Denmark
cities start with a population of 200 people, while in Japan they start at 50000 (World
Bank, 2025). Again the LLM has to rely on which words in its internal memory it
associates with the word city, while the RAG approach simply uses entities in the
knowledge graph with the rdf:type gn:Feature. This gives the RAG approach a
considerable advantage as it will only interpret things as cities that are also considered
cities by the ground truth as they both access the same data. This is a huge advantage
if the underlying knowledge base is correct but can lead to problems if it is not.

The example questions explored in this thesis are simple questions that explore a limited
number of spatial concepts and do not rigorously define the semantics of every aspect,
be it the spatial concepts or the exact meaning behind the questions or the regions
and cities that the questions are about. The non-RAG approach therefore leaves all
interpretation of semantic ambiguity to the LLM, while the RAG approach can use the
clear definitions of the provided ontology and the functionalities of the database. The
ground truth data uses the same ontology and functions that are also supplied to the
RAG approach, giving the latter a clear advantage in when comparing the answers to
the ground truth. However, this should be viewed as an opportunity! When performing
more sophisticated spatial analyses, it is vital to unambiguously define each concept
that needs to be used to solve the task. With rising complexity of the tasks, it would
be harder and harder to clarify each ambiguity to a LLM. Here, ontologies could play
a significant role. The full GeoSPARQL geofunctions ontology (OGU, 2025) already
defines a lot more functions compared to the subset used in this study. If GraphRAG
can reliably understand these ontologies, make use of their capabilities and transform
them into action, it would make artificial GIS analysts as theorized in Janowicz et al.
(2020) more realistic. The results presented in this thesis show, that this approach can

work on a limited scale and might also work for more complex setups.

7.4.3 Limitations

Data The rise of Large Language Models was next to the enormous leaps in compute
power also due to the ability to acquire and process vast amounts of data (Hadi et alJ,
2024). However this also makes them dependent on the quality of the data. The pre-
sented GraphRAG approach poses similar problems. Even with query generation and
graph retrieval working reliably in the future and concerns about hallucination and
explainability being addressed by (Graph)RAG, the latter is still dependent on the
data inside the graph. As already mentioned in section @, the geonames knowledge

graph has severe inaccuracies regarding the population values. Also just as a LLM’s
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internal understanding of facts and data can replicate geospatial and non-geospatial
biases (Fulman et al), 2024a; Hadi et all, 2024), geospatial data sources may also repli-
cate these biases (Z. Liu, Janowicz, et al), 2022).

Apart from that there are practical problems with the data used. The area covered by
the European Union and therefore its NUTS regions is huge and the geometries that
represent them have to be handled on a certain scale. The scale chosen for this thesis (a
balance between accuracy and compute power needed) can result in wrong topological
relationships at the edge of the NUTS regions. Figure @ shows two examples. The first
one (a) shows the pair of cities "Ulm” and "Neu-Ulm” that lie on opposite sides of the
Danube river that also marks the border between Baden-Wiirttemberg and Bavaria in
Germany. On the larger scale used in this study, the generalized border of the NUTS
level 1 regions DE1 and DE2 (Baden-Wiirttemberg and Bavaria) puts Neu-Ulm also
barely into DEI1, invalidating the topological relationship between the city and the
regions. Similarly, figure [L§ (b) shows a coastal region in Spain (ES512) where cities
fall outside of any region due to the generalization of the coastline. This highlights
issues regarding data quality and also raises questions on what data to choose regard-
ing computational speed and accuracy. From a FAIR data principles lens (findable,
accessible, interoperable, and reusable) some issues need to be acknowledged. First,
findability is not an issue, since the used data (Geonames and NUTS) are published
through well established institutions. Accessibility, however, presents a limitation: the
proprietary LLM used in this study is not freely accessible to the public. Nonetheless,
with appropriate adjustments, the study could be reproduced using open-source LLMs.
Interoperability might also be impacted since the reused ontologies and the geodata
in the KG were modified to be understood by LLMs as easy as possible. Transferring
this study to other dataset would need similar pre-processing steps to achieve compa-
rable results. Finally, while reusability of the data is given through the publication
on GitHub (Grof}, 2025), the non-deterministic nature of LLMs means that identical
output cannot be guaranteed, even with a temperature of 0. Apart from data limita-
tions, there are issues in this study’s workflow that need to be acknowledged. First, all
geospatial calculations were done using the EPSG 3035 coordinate reference system.
This is a projected system, which results in distortions, especially for areas further away
from the center of the projection. Especially bounding boxes for big NUTS regions can
differ significantly from the ones derived from a geographic coordinate system. Areas
with a difference of > 5 % of bounding box area were therefore excluded from the
bounding box question (see Notebook 07). Using EPSG 4326 could have addressed the
issue in this study, however, as explained in section not all geof: functions are
working when using EPSG 4326.

Also, query generation in this study was missing a retry approach. In most other
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Figure 16: Inaccuracy in topological relationships regarding near-border cities. The city in
figure (a) on the right (Neu-Ulm in Bavaria, Germany) is wrongly located to the left of the
more generalized orange border. In figure (b), some costal cities are not within the more
generalized coastline and a few even fall outside the more detailed border.

studies regarding LLM based query generation, failed queries were sent to the LLM
again to be evaluated for mistakes. This step is missing in this workflow and should be
integrated in similar future processes. Finally, the model fine-tuning and the prompt
engineering aspects are only analyzed on a surface level. Especially fine-tuning could
have major implications for automated query generation if implemented more rigor-
ously.

On the other hand, the limited setup also highlights the possibility to perform a com-
prehensive GraphRAG experiment with a single mid-range laptop running the database
and orchestrating calls for almost 30,000 questions. Only the LLM calls were processed
via API.
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8 Conclusion and Future Work

8.1 Conclusion

Through the rapid popularization of LLMs during the last years, many new technical
possibilities and research directions were opened up. Retrieval Augmented Generation
emerged as one of the most common frameworks to improve LLM performance with
many different subcategories being explored. One of those is GraphRAG, where seman-
tic web technologies such as ontologies and knowledge graphs are used as a knowledge
base for RAG instead of the more common unstructured documents. However, one of
the most critical and difficult steps is the retrieval of relevant data from the knowledge
graph. GIScience and GeoAl are well positioned in knowledge graph research, however
GraphRAG for GIScience and GeoAl remains unexplored. This work addresses this
gap.

The presented approach uses autonomous SPARQL query generation that also includes
geofunctions to retrieve spatial information and spatial relationships from a knowledge
graph. Three spatial concepts were explored: topology, directionality and proximity, as
well as their combinations resulting in 18 questions. The questions are sent to an LLM
together with the Turtle serialization of the graphs ontology and with the instructions
to translate them into a SPARQL query. This query is then executed via the SPARQL
GraphDB endpoint, returning the data needed to answer the question. This approach
was compared to asking the question directly to the LLM without any additional modi-
fications relying only on its internal knowledge. This non-RAG approach suffered from
hallucinations and performed inconsistently over different questions. Some questions
could be answered correctly and reliably while other, more difficult, questions per-
formed badly or it were consistently wrong.

The RAG approach did perform considerably better for almost every question with
improvements in F1 scores reaching up to 0.88. Also the RAG approach showed that
when a generated query is executable and yields results it is a semantically correct
query in most cases and if it fails, it does rarely provide wrong answers, only empty
ones. It therefore makes the answers more explainable and reduces the risk of retriev-
ing wrong answers for questions.

Furthermore different parameters and their effects on the results were evaluated. For
both approaches different models (gpt-4o, gpt-4o-mini), temperatures (0 to 1.33), etc.
were evaluated reaching expected results - bigger models with lower temperatures pro-
duce better queries. For the RAG approach, different prompting techniques, ontology
versions and a custom fine tuned model were analyzed resulting in performance varia-

tions. The setups for prompting and ontology design for autonomous query generation
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could still be improved and recent more powerful models could boost performance even
further.

GraphRAG through autonomous query generation provides various advantages. Apart
from the LLM, no computationally expensive step is needed, functionalities can be ex-
panded by expanding the ontology and the knowledge graph or through providing
middleware, similar to the presented approach for handling directionality questions.
This work shows that the existing technology provides the basis for implementing
GraphRAG LLMs for GIScience and its potential to answer spatially explicit ques-

tions more accurately and reliably.

8.2 Future Work

For future research directions many possibilities emerge. Other retrieval techniques
such as similarity based ones should be evaluated for RAG-LLM use-cases in GIScience.
Research into location-aware knowledge graph embedding is already prevalent (Mai et
al|, 2020) however the combination with RAG-LLMs is still a research gap. It has
to be evaluated if an embedding based retriever can outperform the presented query
generation approach.

To gain further insights into this works approach, multiple paths emerge. First, it
has to be evaluated how this approach performs at scale. Can much larger ontologies
be understood reliably by the LLM? For example the WorldKG ontology by Dsouza
et al) (2021) consists of 6060 triples compared to 164 triples for this study’s geonuts
ontology. These 6060 triples already result in approx. 115000 tokens according to
OpenAl’s tokenizer (OpenAl, 2025), approaching the context limit of the gpt-4o and
gpt-4o-mini models. If multiple large ontologies would be combined for future work,
processes need to be developed that preselect ontology subsets (e.g. through semantic
similarity) or trim them to use less tokens consistently. Ontology understanding could
also be further advanced by fine-tuning LLM models specifically for ontology-based
SPARQL generation, whereas the ontology itself could also be optimized further to
achieve maximum comprehension by LLMs.

Future implementations of the GraphRAG approach should also include error han-
dling. Most similar studies that use LLMs for query or code generation send multiple
attempts to the LLM, if execution fails. This can be simple retries, or more complex
ideas like building ”experience based knowledge systems” as proposed by Akinboyewa
et al) (2024) that draw on a catalog of known issues for error handling.

The approach could also be modified to prompt the LLM to split the workflow into
multiple smaller tasks that can then be executed subsequently, resulting in simpler
queries with higher success rates. The rigorous description of data using ontologies

also forces data to adopt stricter metadata descriptions and standards. If adopting
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semantic web technologies for (meta)data management proves to be advantageous for
downstream LLM task, it could lead to better data quality for more datasets in the
future. Furthermore, the successful use of the custom direction functions proves the
possibility to make custom functions available to an LLM, only by describing their
usage in the ontology. This opens the door to catalog existing and build new func-
tionalities, and make them available for LLMs only by describing them using semantic

web standards.
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11 Appendix

Oprefix
Oprefix
Oprefix
Oprefix
Oprefix
Oprefix
Oprefix
Oprefix
Oprefix

nutsdef

Prefix Abbreviated IRIs

dcat: http://www.w3.org/ns/dcat#

geo: http://www.opengis.net /ont /geosparql#

fno: https://w3id.org/function/ontology#

geof: http://www.opengis.net /def/function/geosparql/
gn: https://www.geonames.org/ontology#

nutsdef: http://data.europa.eu/nuts/

owl: http://www.w3.org/2002/07 /owl#

rdf: http://www.w3.org/1999/02/22-rdf-syntax-ns#
rdfs: http://www.w3.0org/2000/01 /rdf-schema#

skos: http://www.w3.org/2004/02/skos/core#

xsd: http://www.w3.org/2001/XMLSchema#

Table 12: List of prefixes used in this study.

fno: <https://w3id.org/function/ontology#> .

geo: <http://www.opengis.net/ont/geosparql#> .

geof: <http://www.opengis.net/def/function/geosparql/> .
gn: <https://www.geonames.org/ontology#> .

nutsdef: <http://data.europa.eu/nuts/> .

owl: <http://www.w3.0rg/2002/07/owl#> .

rdfs: <http://www.w3.org/2000/01/rdf-schema#> .

skos: <http://www.w3.org/2004/02/skos/core#> .

xsd: <http://www.w3.org/2001/XMLSchema#> .

:level a owl:DatatypeProperty ;

rdfs:domain skos:Concept ;

skos:definition "A value that indicates the level of the Code;

permissible values are '0O', '1', '2' or '3'." ;

skos:note "The Document defining this data property is only available

as a PDF. No IRI is given and there is no other permanent resource

for the definition." .

<http://geonuts.eu#> a owl:Ontology .

geof :buffer a fno:Function ;

skos:definition "A query function that returns a buffer around the

input geometry."Qen ;
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skos:example "Example usage of a SPARQL query: geof:buffer(?wkt, 1000)
"

skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."

skos:preflLabel "buffer"Qen ;

fno:expects "(geo:wktLiteral xsd:double)" ;

fno:returns "(geo:wktLiteral)"

geof:distance a fno:Function ;

skos:definition "A query function that returns the distance between
the two closest points of the input geometries."Qen ;

skos:example "Example usage of a SPARQL query: geof:distance(?7wkt, ?
wkt2)" ;

skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."

skos:preflabel "distance"@en ;

fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:double)"

geof:envelope a fno:Function ;

skos:definition "A query function that returns the minimum bounding
rectangle of the input geometry.'"Qen ;

skos:example "Example usage of a SPARQL query: geof:envelope(7wkt)" ;

skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."

skos:preflLabel "envelope"Qen ;

fno:expects "(geo:wktLiteral)" ;

fno:returns "(geo:wktLiteral)"

geof:isEast0f a fno:Function ;
skos:definition "A function that identifies if one geographic object
is east of another geographic object."@en ;
skos:example "Example usage in a SPARQL query: geof:isEastOf(?wkt, ?
wkt2)" ;
skos:preflabel "is east of'"Qen ;
fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:boolean)"

geof :isNorth0Of a fno:Function ;
skos:definition "A function that identifies if one geographic object
is north of another geographic object."@en ;
skos:example "Example usage in a SPARQL query: geof:isNorthOf (?wkt, 7
wkt2)"
skos:preflabel "is north of"Qen ;
fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:boolean)"
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geof:isSouthOf a fno:Function ;
skos:definition "A function that identifies if one geographic object
is south of another geographic object."@en ;
skos:example "Example usage in a SPARQL query: geof:isSouthOf(?wkt, 7
wkt2)" ;
skos:preflLabel "is south of"@en ;
fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:boolean)"

geof:isWestOf a fno:Function ;
skos:definition "A function that identifies if one geographic object
is west of another geographic object."@Qen ;
skos:example "Example usage in a SPARQL query: geof:isWestOf (?wkt, ?
wkt2)"
skos:preflabel "is west of'"Qen ;
fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:boolean)"

geof :sfContains a fno:Function ;
skos:definition """A query function that returns true if the first

geometry argument spatially contains the second geometry argument.

DE-9IM: Tx¥**xFFx"""Qen ;
skos:example "Example usage of a SPARQL query: geof:sfContains(?wkt, 7
wkt2)" ;
skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."
skos:preflLabel "contains"@en ;
fno:expects "(geo:wktLiteral geo:wktLiteral)"

fno:returns "(xsd:boolean)"

geof :sfCrosses a fno:Function ;
skos:definition """A query function that returns true if the first

geometry argument spatially crosses the second geometry argument.

DE-9IM: T*T*x*xT**x"""Qen ;
skos:example "Example usage of a SPARQL query: geof:sfCrosses(?wkt, 7
wkt2)" ;
skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."
skos:preflLabel '"crosses"Qen ;
fno:expects "(geo:wktLiteral geo:wktLiteral)"

fno:returns "(xsd:boolean)"

geof :sfDisjoint a fno:Function ;
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skos:definition """A query function that returns true if the input

geometries are disjoint.

DE-9IM: FF*FF*¥**"""Qen ;
skos:example "Example usage of a SPARQL query: geof:sfDisjoint(?wkt, ?
wkt2)" ;
skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."
skos:preflLabel "disjoint"Qen ;
fno:expects "(geo:wktLiteral geo:wktLiteral)"

fno:returns "(xsd:boolean)"

geof :sfEquals a fno:Function ;
skos:definition """A query function that returns true if the input

geometries are equal.

DE-9IM: TFFFTFFFT"""Qen ;
skos:example "Example usage of a SPARQL query: geof:sfEquals(?wkt, 7
wkt2)" ;
skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work." ;
skos:preflabel "equals"@en ;
fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:boolean)"

geof :sfIntersects a fno:Function ;
skos:definition """A query function that returns true if the input

geometries intersect.

DE-9IM: Takokkkskokk = kTkokskskokkk = skokkTakokkokk = skkkkTkokkk """Qen ;
skos:example "Example usage of a SPARQL query: geof:sfIntersects(?7wkt,
wkt2)"
skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."
skos:preflLabel "intersects'"@en ;
fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:boolean)"

geof :sfOverlaps a fno:Function ;
skos:definition """A query function that returns true if the first

geometry argument spatially overlaps the second geometry argument.
DE-9IM: T*T**T** """Qen ;

skos:example "Example usage of a SPARQL query: geof:sfOverlaps(?wkt, ?
wkt2)"
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skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."

skos:preflLabel "overlaps"@en ;

fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:boolean)"

geof :sfTouches a fno:Function ;
skos:definition """A query function that returns true if the input

geometries touch.

DE-9IM: FTxkxkxkxk = FkxThkkkx = FkkxTkxkx*x"""Qen ;
skos:example "Example usage of a SPARQL query: geof:sfTouches(?wkt, 7
wkt2)" ;
skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."
skos:preflLabel "touches"Qen ;
fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:boolean)"

geof :sfWithin a fno:Function ;
skos:definition """A query function that returns true if the first

geometry argument is spatially within the second geometry argument

DE-9IM: T*F**Fx*x"""Qen ;
skos:example "Example usage of a SPARQL query: geof:sfWithin(?wkt, 7
wkt2)"
skos:note "When a function expects a geo:wktLiteral it must be a geo:
wktLiteral, a geo:Geometry object will not work."
skos:preflLabel "within"Qen ;
fno:expects "(geo:wktLiteral geo:wktLiteral)" ;

fno:returns "(xsd:boolean)"

geo:asWKT a owl:DatatypeProperty ;
rdfs:domain geo:Geometry ;
rdfs:range geo:wktLiteral ;
rdfs:subProperty0f owl:topDataProperty ;
skos:definition "The WKT serialization of a Geometry"Q@en ;
skos:preflabel "as WKT"Qen .

geo:hasGeometry a owl:0bjectProperty ;
rdfs:domain geo:Feature,
gn:Feature ;
rdfs:range geo:Geometry ;
skos:definition "A spatial representation for a given Feature."@en ;

skos:preflLabel "has geometry"Qen .
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skos:notation a owl:DatatypeProperty ;
rdfs:label "notation" ;

rdfs:domain skos:Concept ;

skos:definition "A notation, also known as classification code, is a
string of characters such as \"T58.5\" or \"303.4833\" used to

uniquely identify a concept within the scope of a given concept

scheme."Qen .

gn:geonamesID a owl:DatatypeProperty ;
rdfs:label "geonames identifier"Qen ;
rdfs:domain gn:Feature ;

skos:historyNote "Added in version 3.1"@en .

gn:name a owl:DatatypeProperty ;
rdfs:label "name"Qen ;
rdfs:comment "The main international name of a feature.
no xml:lang tag."Qen ;
rdfs:domain gn:Feature ;

rdfs:range xsd:string .

gn:population a owl:DatatypeProperty ;
rdfs:1label "population"@en ;
rdfs:domain gn:Feature ;

rdfs:range xsd:integer

geo:Feature a owl:Class ;
rdfs:label "GeoSPARQL Feature"
rdfs:subClassOf geo:SpatialObject ;
owl:disjointWith geo:Geometry ;

owl:equivalentClass skos:Concept ;

The value has

skos:definition "A discrete spatial phenomenon in a universe of

discourse."Qen ;

skos:note "A Feature represents a uniquely identifiable phenomenon,

for example a river or an apple. While such phenomena (and

therefore the Features used to represent them) are bounded, their

boundaries may be crisp (e.g., the declared boundaries of a state)

, vague (e.g., the delineation of a valley versus its neighboring

mountains), and change with time (e.g., a storm front). While

discrete in nature, Features may be created from continuous

observations, such as an isochrone that determines the region that

can be reached by ambulance within 5 minutes."Qen ;

skos:preflLabel "GeoSPARQL Feature"@en .

geo:wktLiteral a rdfs:Datatype ;
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skos:definition "A Well-known Text serialization of a Geometry object
."Qen ;

skos:preflLabel "Well-known Text Literal'"@en .

geo:Geometry a owl:Class ;
rdfs:subClass0f geo:SpatialObject ;
skos:definition "A coherent set of direct positions in space. The
positions are held within a Spatial Reference System (SRS)."@en ;
skos:note "Geometries should be represented using the geo:wktLiteral
when using geof:Functions"

skos:preflLabel "Geometry"@en .

skos:Concept a owl:Class ;
rdfs:label "NUTS Code'"@en ;
rdfs:subClass0f geo:SpatialObject ;

skos:definition "An idea or notion; a unit of thought."@en .

geo:SpatialObject a owl:Class ;
skos:definition "Anything spatial (being or having a shape, position
or an extent)."Qen ;
skos:note "Subclasses of this class are expected to be used for
instance data."@en ;

skos:preflLabel "Spatial Object"@en .

gn:Feature a owl:Class ;

rdfs:label "Geonames Feature'"@en ;

rdfs:comment "A geographical feature'"@en ;

rdfs:subClass0f geo:SpatialObject ;

skos:historyNote "Modified in version 3.1 : The cardinality
constraints on feature code, feature class are relaxed on this
class, and put on the specific subclass Geonames Feature. This
class and attached properties can therefore be used for features

not necessarily identified in the Geoanmes data base"@en .

Code 2: Full geonuts ontology version 1. Used for creating the fine-tuned model and for

one third of the experiment questions. The number of triples in this ontology is 164.
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Populated  Ques- | Question Non-RAG Answer Detected Answers Ground Truth Answers F1

tion Category

Is the NUTS re- | directions true True False 0.00

gion CZ06 north- | bool

west of the city of

Bayreuth?

What NUTS re- | simple topol- | RO321 RO321 RO321 1.00

gions are within | ogy

the region RO3217

What are all cities | proximity Munich,  Nurem- | ’trieste’, "heidelberg’, | 'Prato’, ’Aachen’, 'Dijon’, | 0.46

with more than a berg, Linz, | ’ljubljana’, ‘zagreb’, | ’Grenoble’,  'Dresden’, 'Ka-

120 k people and Salzburg, Graz, | 'verona’, ‘klagenfur- | towice’, "Zenica’, "Zagreb’,

are less than 450 Innsbruck, Kla- | tamworthersee’,  ’bern’, | 'Freiburg’, ‘Berlin’, 'Nice’, "Wup-

km from the NUTS genfurt, Ljubljana, | ’freiburg’, 'wiesbaden’, | pertal’, 'Monza’, ’Karlsruhe’,

region AT3? Zagreb, Brno, | 'munich’, ‘ziirich’, | "Lausanne’,  ’Split’,  'Frank-
Bratislava, Venice, | 'padova’, ‘stuttgart’, | furt am Main’, 'Halle (Saale)’,
Verona, Padua, | 'mulhouse’;, ’mannheim’, | ’Opole’, ’Augsburg’, "Ingolstadt’,
Trieste, Bologna, | 'niirnberg’, ‘geneve’, | 'Prague’, 'Vienna’, 'Strasbourg’,
Milan, Stuttgart, | ’basel’, ’strasbourg’, | 'Besangon’, ’Zabrze’, ’'Peru-
Zurich, Bern, | 'darmstadt’, ’venice’, | gia’, 'Solingen’, ’'Basel’, 'Koln’,
Geneva, Lausanne, | 'milan’, ’graz’, ’brno’, | 'Bergamo’, 'Darmstadt’, 'Brno’,
Basel, Freiburg im | 'mainz’, ’nancy’, ’lud- | ’Lyon’, "Verona’, ’Gottin-
Breisgau, Karl- | wigshafenamrhein’, ’linz’, | gen’, "Mestre’, ’Stuttgart’,
sruhe, Mannheim, | ’bologna’, ’lausanne’, | 'Magdeburg’, ’Florence’,
Heidelberg, Frank- | ’bratislava’, ’salzburg’, | 'Livorno’, 'Milan’, 'Heidelberg’,
furt am  Main, | ‘'metz’, innsbruck’, | 'Pilsen’, ’'Brescia’, ’Potsdam’,
Wiesbaden, Mainz, | ’frankfurtammain’, ’karl- | ’Graz’, ’Zirich’, ’Salzburg’,
Darmstadt, Lud- | sruhe’ "Walbrzych’, ’Saarbriicken’,
wigshafen am "Turin’, ’Kassel’, ’Nurnberg’,

Rhein, Strasbourg,
Mulhouse, Freiburg
im Breisgau, Metz,
Nancy, Luxem-

bourg City.

'Rybnik’, ’Szeged’, ’Chemnitz’,

"Reggio nell’Emilia”, ’Bern’,
"Wiesbaden’, ’Leverkusen’, ’Os-
trava’, 'Parma’, ’Bielsko-Biala’,
"Ulm’,

’Ruda Slqska’, ’Krakéw’, ’Sos-

"Linz’, ’Mannheim’,

nowiec’, ’Padova’, 'Munich’,
’Czestochowa’, ’Banja Luka’,
’Bonn’, ’Ljubljana’, "Pécs’,
’Ferrara’, ’Mainz’, 'Miskolc’,
"Metz’, "Budapest’, ’Saint-
Etienne’, ’Rimini’, "Tychy’,

’Ludwigshafen am Rhein’, "Heil-

bronn’, ’Geneve’, *Villeurbanne’,

‘Bytom’, 'Gyér’, ’Bologna’,
"Trieste’,  ’Genoa’, 'Regens-
burg’, ’Innsbruck’, ’Gliwice’,

"Leipzig’, "Wiirzburg’, "Modena’,
’Bratislava’, "Wroctaw’, ’Erfurt’,

"Trento’

Table 13: Three examples of questions and their non-RAG answers (model = gpt-4o, tem-
perature = 0). The values in the column "detected answers” are cleaned to allow easier

matching with the "ground truth answers” during the accuracy assessment.
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Populated Ques- | Question Retrieved Answers Ground Truth Answers F1

tion Category

Is the NUTS re- | directions False False 1.00

gion CZ06 north- | bool

west of the city of

Bayreuth?

What NUTS | simple RO321 RO321 1.00

regions are | topology

within the region

RO3217

What are all | proximity "Gyor’, "Padova’, ’Lausanne’, | "Gyor’, "Padova’, ’Lausanne’, | 1.00

cities with more "Monza’, 'Innsbruck’, ’Ulm’, | 'Monza’, ‘Innsbruck’, "Ulm’,

than a 120 k "Nirnberg’, ‘Bern’, "Miskolc’, | ’Niirnberg’, 'Bern’, "Miskolc’,

people and are "Livorno’, 'Verona’, ’Parma’, ’Za- | ’Livorno’, ’Verona’, 'Parma’, 'Za-

less than 450 km greb’, ’Opole’;, ’Bonn’, ’Genoa’, | greb’, ’Opole’;, ’'Bonn’, ’Genoa’,

from the NUTS "Wroctaw’,  'Modena’,  'Milan’, | "Wroctaw’,  'Modena’,  ’Milan’,

region AT3? "Salzburg’, "Dresden’, 'Ruda | 'Salzburg’, "Dresden’, "Ruda
Slqska’, "Ingolstadt’, ”Reggio Slqska’, "Ingolstadt’, ”Reggio
nell’Emilia”, ’'Darmstadt’, ’Flo- | nel’Emilia”, ’Darmstadt’, ’Flo-
rence’, ’Sosnowiec’, ’Grenoble’, | rence’, ’Sosnowiec’, 'Grenoble’,

"Karlsruhe’, "Wuppertal’, ’Szeged’,
‘Rybnik’, ’'Heilbronn’, "Wiirzburg’,

'Krakéw’, ’Bologna’,  'Munich’,
"Aachen’, ’Ostrava’, "Zabrze’,
"Pilsen’, ’Chemnitz’, "Kassel’,
"Solingen’, ‘Ludwigshafen  am
Rhein’, *Saint-Etienne’, "Got-
tingen’, "Bratislava’, "Split’,
"Katowice’, ’Zenica’, ’Augs-
burg’, "Magdeburg’, "Trento’,
"Walbrzych’, ’Turin’, ’Frankfurt
am Main’, ’'Tychy’, ’Budapest’,

"Ferrara’, 'Potsdam’, "Wiesbaden’,
"Mannheim’, ’Villeurbanne’, 'Banja
Luka’, 'Berlin’, 'Besanc¢on’, ’Mainz’,
Erfurt’, ’'Basel’, ’Vienna’, ’'Tri-
"Freiburg’, 'Halle (Saale)’,
'Regensburg’,
"Stuttgart’, 'Mestre’,
'Metz’, ’Bielsko-Biala’,
"Graz’, ’Strasbourg’, ’Heidelberg’,

este’,
"Lyon’, "Prague’,
"Bergamo’,

"Prato’,

"Leverkusen’, "Koéln’, ’Dijon’, 'Rim-
ini’, 'Pécs’, ’Geneve’, ’'Ljubljana’,
"Perugia’, 'Brescia’, 'Zirich’, 'Gli-
wice’, "Czestochowa’, ’Saarbriicken’,
'Brno’, "Nice’,

"Linz’, "Leipzig’,

‘Bytom’

"Karlsruhe’, "Wuppertal’, ’Szeged’,
‘Rybnik’, ’'Heilbronn’, "Wiirzburg’,

'Krakéw’, ’Bologna’,  'Munich’,
"Aachen’, ’Ostrava’, "Zabrze’,
"Pilsen’, ’Chemnitz’, "Kassel’,
"Solingen’, 'Ludwigshafen  am
Rhein’,  ’Saint-Etienne’, 'Got-
tingen’, "Bratislava’, "Split’,
"Katowice’, ’Zenica’, ’Augs-
burg’, "Magdeburg’, "Trento’,
"Walbrzych’, ’Turin’, ’Frankfurt
am Main’, ’'Tychy’, ’Budapest’,

"Ferrara’, 'Potsdam’, "Wiesbaden’,
"Mannheim’, ’Villeurbanne’, 'Banja
Luka’, 'Berlin’, 'Besanc¢on’, ’Mainz’,
‘Erfurt’, ’'Basel’, ’Vienna’, ’'Tri-
‘Freiburg’, 'Halle (Saale)’,
'Regensburg’,
"Stuttgart’, 'Mestre’,
'Metz’, ’Bielsko-Biala’,
'Graz’, ’Strasbourg’, ’Heidelberg’,

este’,
"Lyon’, "Prague’,
"'Bergamo’,

"Prato’,

"Leverkusen’, "Koéln’, ’Dijon’, 'Rim-
ini’, 'Pécs’, ’Geneve’, ’'Ljubljana’,
"Perugia’, 'Brescia’, 'Zirich’, 'Gli-
wice’, "Czestochowa’, Saarbriicken’,
'Brno’, "Nice’,

"Linz’, "Leipzig’,

‘Bytom’

Table 14: Three examples of questions and their RAG answers (model = gpt-4o, tempera-

ture = 0)
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F1 Precision Recall Hallucination

Rate
Raw Question
What are all the NUTS regions that contain 0.49 0.72 0.40 0.02
the city CITY?
What NUTS regions are within the region 0.78 0.88 0.75 0.10
CODE?
Is the NUTS region CODE bordering the re- 0.83 0.83 0.83 -
gion CODE?
What regions of the same level are neighbors 0.38 0.45 0.39 0.09
of the NUTS region CODE?
What are the second order neighbors of the 0.28 0.31 0.35 0.30
same NUTS level for the NUTS region CODE?
Is NUTS region CODE DIRECTION of 0.52 0.52 0.52 -
NUTS region CODE?
Is the NUTS region CODE DIRECTION of 0.52 0.52 0.52 -
the city of CITY?
To which direction is CITY from CITY? 0.62 0.63 0.62 -
CITY is to which direction of NUTS region 0.31 0.32 0.30 -
CODE?
Is CITY within SMALLDISTANCE km of the 0.57 0.57 0.57 -
NUTS region CODE?
What are all cities within SMALLDISTANCE  0.24 0.37 0.25 -
km of CITY?
What are all cities CCONDITION and are less  0.27 0.49 0.26 -
than BIGDISTANCE km from the NUTS re-
gion CODE?
What is the largest city that can be found 0.15 0.15 0.15 -
within the bounding box of the NUTS region
CODE?
What is the largest city within BIGDIS- 0.39 0.39 0.39 -
TANCE km of the NUTS region CODE?
What are cities within SMALLDISTANCE 0.00 0.00 0.00 -
kilometers to the DIRECTION of the NUTS
region CODE?
Which cities can be found not further than 0.13 0.25 0.10 -
SMALLDISTANCE km to the DIRECTION
of CITY?
What NUTS regions share a border with the 0.15 0.23 0.12 0.02

region CODE in the DIRECTION on the same

nuts level?

What is the closest city to the DIRECTION  0.00 0.00 0.00 -
of the NUTS region CODE?

Table 15: Results split by actual question for the non-RAG experiment. Parts in capitals
are replaced by actual examples (except for NUTS) (model=gpt-4o, temperature < 0.5).
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F1 Difference to non-RAG

Raw Question

What are all the NUTS regions that contain 1.00 0.68
the city CITY?

What NUTS regions are within the region 0.91 0.22
CODE?

Is the NUTS region CODE bordering the re- 0.99 0.25
gion CODE?

What regions of the same level are neighbors 0.86 0.57
of the NUTS region CODE?

What are the second order neighbors of the 0.64 0.40
same NUTS level for the NUTS region CODE?

Is NUTS region CODE DIRECTION of 0.99 0.46
NUTS region CODE?

Is the NUTS region CODE DIRECTION of 0.98 0.43
the city of CITY?

To which direction is CITY from CITY? 0.39 -0.22
CITY is to which direction of NUTS region 0.55 0.30
CODE?

Is CITY within SMALLDISTANCE km of the 0.93 0.41
NUTS region CODE?

What are all cities within SMALLDISTANCE 0.66 0.48
km of CITY?

What are all cities CCONDITION and are less  0.92 0.73
than BIGDISTANCE km from the NUTS re-

gion CODE?

What is the largest city that can be found 1.00 0.88
within the bounding box of the NUTS region

CODE?

What is the largest city within BIGDIS- 0.93 0.64
TANCE km of the NUTS region CODE?

What are cities within SMALLDISTANCE 0.85 0.85

kilometers to the DIRECTION of the NUTS
region CODE?

Which cities can be found not further than 0.69 0.60
SMALLDISTANCE km to the DIRECTION

of CITY?

What NUTS regions share a border with the 0.62 0.49

region CODE in the DIRECTION on the same

nuts level?

What is the closest city to the DIRECTION  0.68 0.68
of the NUTS region CODE?

Table 16: Results split by actual question for the RAG experiment. Parts in capitals are
replaced by actual examples (except for NUTS) (model=gpt-4o, temperature < 0.5).
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Figure 17: The maps show F1 scores for different cities and NUTS level 2 regions (both n
> 6). (a) and (c) show F1 scores for questions where the respective city or NUTS region was
taken as an example in the question. (b) and (d) show the F1 scores for questions where
the respective city or NUTS region would have been the or one of the answers.
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Figure 18: The map shows hallucination rates for questions about each NUTS level 2 region
for regions that appreared at least six times as an example.
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# template_vl, system message with tips:

You are an AI assistant that translates natural language questions about
geospatial relations into SPARQL queries based on the given Ontology.
Your answer should only contain the SPARQL query. Keep in mind that
geofunctions can only be used with a WKT literal that is attached to

a geometry subject: '?geom geo:asWKT ?wkt'

# template_vl, system message without tips:
You are an AI assistant that translates natural language questions about
geospatial relations into SPARQL queries based on the given Ontology.

Your answer should only contain the SPARQL query.

# template_v2, system message with tips:

You are an AI assistant that writes SPARQL queries to a graph database
based on a user question and the graphs' ontology. The questions are
about the location and topology of the graphs elements. Your answer
should only contain the SPARQL query. Keep in mind that geofunctions
can only be used with a WKT literal that is attached to a geometry
subject: '?geom geo:asWKT ?wkt'

# template_vl, user message template:
Write a SPARQL SELECT query for querying a graph database.
The ontology schema delimited by triple backticks in Turtle format is:

Use only the classes and properties provided in the schema to construct
the SPARQL query.

Do not use any classes or properties that are not explicitly provided in
the SPARQL query.

Include all necessary prefixes.

Do not include any explanations or apologies in your responses.

Do not wrap the query in backticks.

Do not include any text except the SPARQL query generated.

The question delimited by triple backticks is:

{3

# template_v2, user message template:
Write a SPARQL query for querying a graph database.
The ontology schema delimited by triple backticks in Turtle format is:

{3
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Use only the classes and properties provided in the schema to construct
the SPARQL query.

Do not use any classes or properties that are not explicitly provided in
the SPARQL query.

Include all necessary prefixes.

Do not include any explanations or apologies in your responses.

Do not wrap the query in backticks.

Do not include any text except the SPARQL query generated.

The question delimited by triple backticks is:

{3

Code 3: System messages and user message templates for the different template versions.
The user message templates are taken for LangChain (2024). The signal the input of the

ontology or the example question.

# System Message:
You are an AI assistant that writes SPARQL queries to a graph database
based on a user question and the graphs' ontology.

The questions are about the location and topology of the graphs' elements
Your answer should only contain the SPARQL query.

The ontology schema delimited by triple backticks in Turtle format is:

Use only the classes and properties provided in the schema to construct
the SPARQL query.

Do not use any classes or properties that are not explicitly provided in
the SPARQL query.

Include all necessary prefixes.

# User Message:

Write a SPARQL query for querying a graph database.

Do not include any explanations or apologies in your responses.
Do not wrap the query in backticks.

Do not include any text except the SPARQL query generated.

The question delimited by triple backticks is:

{3
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# Example 1:
Question: What are the three largest cities within 40 km of the NUTS
region PLI17

Answer:

PREFIX geo: <http://www.opengis.net/ont/geosparql#>

PREFIX geof: <http://www.opengis.net/def/function/geosparql/>
PREFIX gn: <https://www.geonames.org/ontology#>

PREFIX skos: <http://www.w3.org/2004/02/skos/core#>

SELECT 7cityName
WHERE {

?city a gn:Feature ;
gn:population 7population ;
gn:name 7cityName ;
geo:hasGeometry 7cityGeom .

?region a skos:Concept ;
skos:notation "PL91" ;
geo:hasGeometry 7regionGeom .

?cityGeom geo:asWKT 7cityWKT .

?regionGeom geo:asWKT 7regionWKT .

BIND(geof :buffer (?regionWKT, 40000) as 7buffer)
FILTER(geof :sfWithin(?cityWKT, 7buffer))

}

ORDER BY DESC(?7population)
LIMIT 3

# Example 2:

Question: Is the NUTS region DED43 northwest of the NUTS region CZ0317

Answer:

PREFIX xsd: <http://www.w3.org/2001/XMLSchema#>

PREFIX geo: <http://www.opengis.net/ont/geosparql#>

PREFIX geof: <http://www.opengis.net/def/function/geosparql/>
PREFIX skos: <http://www.w3.org/2004/02/skos/core#>

SELECT ?isNorthwestOf WHERE {
?regionA skos:notation "DED43"
?regionB skos:notation "CZ031"
?regionA geo:hasGeometry 7geometryA .
?regionB geo:hasGeometry 7geometryB .
7geometryA geo:asWKT 7wktA .
?geometryB geo:asWKT 7wktB .
BIND(IF (geof :isNorthOf (?wktA, ?wktB) && geof:isWestOf (?wktA, ?wktB), "
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True xsd:boolean, "False" “xsd:boolean) AS 7isNorthwestOf)

}

Code 4: System message and user message template for the few-shot experiment. Here the

ontology is included in the system message. The signal the input of the ontology or the

example question.

PREFIX geo: <http://www.opengis.net/ont/geosparql#>

PREFIX geof: <http://www.opengis.net/def/function/geosparql/>
PREFIX gn: <https://www.geonames.org/ontology#>

PREFIX skos: <http://www.w3.o0rg/2004/02/skos/core#>

SELECT ?7cityName
WHERE {

?city a gn:Feature ;
gn:population 7population ;
gn:name ?cityName ;
geo:hasGeometry 7cityGeom .

FILTER(?population > 120000)

?region a skos:Concept ;
skos:notation "AT3" ;
geo:hasGeometry 7regionGeom .

?cityGeom geo:asWKT 7cityWKT .

?regionGeom geo:asWKT 7regionWKT .

FILTER(geof :distance(?cityWKT, ?regionWKT) < 450000)
}

Code 5: Generated query for question "What are all cities with more than a 120 k people
and are less than 450 km from the NUTS region AT3?”
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PREFIX gn: <https://www.geonames.org/ontology#>

PREFIX geo: <http://www.opengis.net/ont/geosparql#>

PREFIX skos: <http://www.w3.org/2004/02/skos/core#>

PREFIX geof: <http://www.opengis.net/def/function/geosparql/>

SELECT 7city 7cityName 7population
WHERE {
?city a gn:Feature ;
gn:population 7population ;
gn:name 7cityName ;
geo:hasGeometry 7cityGeom .
?region a skos:Concept ;
skos:notation "AT3" ;
geo:hasGeometry 7regionGeom .
?cityGeom geo:asWKT 7cityWKT .
?regionGeom geo:asWKT 7regionWKT .
FILTER(?population > 120000)
FILTER(geof :distance(?7cityWKT, ?regionWKT) < 450000)
1

Code 6: Ground truth query for question "What are all cities with more than a 120 k people
and are less than 450 km from the NUTS region AT3?”
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Figure 19: The NUTS regions SE3 and SE1. Region SE1 could be considered to the
southeast of region SE3, however SE3 extends further to the east on the more northern
parts, leaving SE1 only to the south of SE3.
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