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Abstract

Location mentions in local news are crucial for examining issues like spatial inequalities, news
deserts and the impact of media ownership on news diversity. However, while geoparsing —
extracting and resolving location mentions — has advanced through statistical and deep learning
methods, its use in local media studies remains limited and fragmented due to technical
challenges and a lack of practical frameworks. To address these challenges, we identify key
considerations for successful geoparsing and review spatially oriented local media studies,
finding over-reliance on limited geospatial vocabularies, limited toponym disambiguation and
inadequate validation of methods. These findings underscore the need for adaptable and
robust solutions, and recent advancements in fine-tuned large language models (LLMs) for
geoparsing offer a promising direction by simplifying technical implementation and excelling
at understanding contextual nuances. However, their application to U.K. local media — marked
by fine-grained geographies and colloquial place names — remains underexplored due to the
absence of benchmark datasets. This gap hinders researchers’ ability to evaluate and refine
geoparsing methods for this domain. To address this, we introduce the Local Media UK
Geoparsing (LMUK-Geo) dataset, a hand-annotated corpus of U.K. local news articles designed
to support the development and evaluation of geoparsing pipelines. We also propose an LLM-
driven approach for toponym disambiguation that replaces fine-tuning with accessible prompt
engineering. Using LMUK-Geo, we benchmark our approach against a fine-tuned method.
Both perform well on the novel dataset: the fine-tuned model excels in minimising coordinate-
error distances, while the prompt-based method offers a scalable alternative for district-level
classification, particularly when relying on predictions agreed upon by multiple models. Our
contributions establish a foundation for geoparsing local media, advancing methodological
frameworks and practical tools to enable systematic and comparative research.

Plain Language Summary

Local news articles often mention specific places, which is important for understanding issues,
such as unequal news coverage, areas lacking local journalism and the influence of media
ownership on news diversity. However, studying these location mentions is challenging due
to inconsistent methods and technical difficulties. Geoparsing — the process of extracting and
identifying place names — has improved with advances in artificial intelligence but remains
underused in local media research because of its complexity and lack of accessible tools. To
address this, we developed a new dataset of U.K. local news articles with accurately annotated
locations. We also propose a novel approach using large language models (LLMs) that relies
on prompt engineering, eliminating the need for resource-intensive fine-tuning. Our method
performs competitively compared to fine-tuned models: while fine-tuned models achieve higher
accuracy in pinpointing exact coordinates, our approach offers a scalable and accessible solution
for identifying broader geographic areas, especially when combining predictions from multiple
models. This work provides valuable resources and methods to support more reliable and
systematic research on geographic references in local media.

Introduction

Locations mentioned inside of local news articles constitute a critical unit of analysis for a
wide range of timely research topics, including evaluating spatial inequalities in local news
provision (Napoli and Weber 2020), identifying news deserts (Khanom et al. 2023), measuring
the impact of digital practices and media ownership consolidation on local relevance (Firmstone
and Whittington 2021; Vogler, Weston, and Udris 2023) and defining local media in the digital
age (Hagar et al. 2020). Yet, studies extracting and analysing location mentions are fragmented
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across geographic contexts and methodologies, resulting in varied
and isolated practices. This underscores the need to revisit research
applications, core concepts and the defining features of local media
relevant to converting texts into geographic data. Addressing these
gaps would enable a more systematic approach to analysing local
media’s spatial dimensions, advance theoretical frameworks under-
pinning the study of geography in journalism, ground methods in
robust conceptual foundations and foster comparative studies to
deepen our understanding of the geographic, social and institu-
tional factors shaping local journalism.

The task of extracting and spatially resolve location mentions
in texts is known as geoparsing. Methodologically, geoparsing has
seen recent significant improvements, shifting from rule-based
systems to statistical and deep learning approaches (Zhang and
Bethard 2024). However, the technical expertise required to imple-
ment these methodologies creates barriers to adoption beyond
computational departments. This overhead may partly explain
the limited use of geoparsing in local media research (Madrid-
Morales 2020), despite its potential for scalable, advanced and
efficient location retrieval. Selecting the appropriate geoparsing
approach for local media is challenging. Existing evaluations
offer limited insight into performance across diverse geographic
contexts. Benchmarking datasets typically cover broad domains
like news, social media and historical documents (Hu et al.
2024), and even news-focused datasets often fail to represent
the nuances of the contemporary local news sector. The only
resource dedicated to local media, the Local-Global Lexicon
(LGL) corpus, comprises 588 articles from 78 U.S. newspapers
(Lieberman, Samet, and Sankaranarayanan 2010). Consequently,
the performance of geoparsing techniques on local media remains
largely unknown. This is concerning, given that geoparsing
methods struggle to achieve consistent performance across
domains and regions due to gazetteer geographic biases and
the predisposition to favour popular locations in ambiguous
instances, clashing with the localised, fine-grained nature of local
news geography (Hu et al. 2023). Particularly, a gap remains
in the development of generalisable models capable of robust
language understanding on both fine-grained and high-level
geographic entities (Hu et al. 2024). In this context, large language
models (LLMs) offer a promising avenue. Research suggests
LLMs can improve the efficiency, accessibility and scalability of
language understanding and generation tasks (Bommasani et al.
2022), including geoparsing (Hu et al. 2024, 2023). LLMs can
perform highly on general tasks without extensive training or fine-
tuning (Sanh et al. 2022), increasing accessibility for researchers
without specialised expertise. Leveraging open-source LLMs in
geoparsing pipelines could offer a scalable solution for local
media research. However, while LLMs are attuned to context, they
have limitations and biases in their geographic knowledge (Mai
et al. 2024) and can generate inaccurate information, known as
“hallucinations” (Huang et al. 2024). These limitations, particularly
in disambiguating local media, require further investigation. To
advance geoparsing research in local media and address current
gaps, we contribute:

o A structured framework for developing robust geoparsing
methodologies in media studies that promotes best practices
and enables systematic cross-study comparisons.

o A comparative review of local media geoparsing research,
identifying key limitations, gaps and effective approaches.

o The Local Media UK Geoparsing (LMUK-Geo) dataset: a gold-
standard, hand-annotated corpus of 182 U.K. local news articles
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designed to support development and evaluation of geoparsing
models for this underexplored geographic context.

« A novel, scalable and accessible geoparsing approach based
on prompt-engineering of LLMs, providing an alternative to
fine-tuning techniques. This approach effectively addresses
disambiguation and contextual challenges in U.K. local news.

Through these contributions, we aim to establish a foundation
for scalable, accessible and robust geoparsing of local media.

The relevance of place, space and location in journalism

Over recent decades, journalism studies have undergone a “spatial
turn,” bringing novel theories and empirical evidence relating to
the relationship between media and geography (Reese 2016). At
the core of this transformation is a redefinition of the notions
of place and space, stimulated by digital technologies’ disruption
of traditional boundaries between media and the audience (Usher
2019). Place is understood not as a fixed geographical construct but
as a fluid and contested social construction, shaped by information
flows, shared experiences and the cultural meanings attached to
location (Hess and Waller 2017). Journalism plays an important
role in shaping the cultural meanings attached to location by
mediating perceptions of place through representations of events,
communities and local voices, actively embedding geography into
socio-cultural narratives and constructing a “sense of place” that
informs identity, community and a sense of belonging (Hess
and Waller 2017; Weiss 2018). Geographic concepts, such as
location and proximity, are central to understanding journalism’s
connection to place. Location refers to the spatial context of a
news event — its geographic coordinates or cultural setting — which
shapes journalistic decisions and audience perceptions (Weiss
2018). Similarly, proximity, whether physical or psychological,
influences newsworthiness and the relevance of content to specific
audiences (Koetsenruijter and De Jong 2023).

Both notions of proximity and location have taken centre stage
in discussions about the performative role of local journalism
today. Across a number of media systems, technological disruption
has manifested as falling newspaper circulation and advertising
revenue, difficulties in monetising digital content and in mak-
ing sufficient revenue from digital advertising (Cairncross 2019).
These challenges have gravely impacted the viability of local news
operations. In the United Kingdom, advertising income in the
print sector has dropped drastically, from £3.1 billion in 2004
to £0.5 billion in 2020 (Majid 2023). Furthermore, the digital
reader subscriptions and advertising revenues have done little to
compensate for these losses. Since 2005, hundreds of local media
operations have disappeared (Hunter 2024), accelerating a decline
that started in the mid-1980s (Franklin and Cushion 2006). The
disappearance of local news outlets, taking place at similar scale
in North America and Europe, has generated the term “news
deserts,” used to describe geographical areas lacking a locally ded-
icated news operation (Abernathy 2020). National-level mappings
of news deserts have been effective in showing the declining state
of local journalism today across different countries (Metzger 2024;
Public Interest News Foundation 2023). Yet, emphasis on outlet
presence overshadows that other ongoing phenomena, namely,
media ownership consolidation and an emphasis on digital audi-
ence reach, are impacting proximity and location in the news
(McAdam and Hess 2024). This signifies that the mere availability
of alocal news outlet does not guarantee the provision of local news
reporting.
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While these conditions are shared across a variety of media
systems, the United Kingdom provides a clear example of these
dynamics. The UK’s local print and digital media sector is
dominated by a handful of large companies, with three major firms
(Reach, National World and Newsquest) owning over 57% of the
market as of 2023 (The Media Reform Coalition 2023). Economic
pressures have incentivised consolidation as a strategy to achieve
economies of scale, centralising printing and production processes
to reduce costs. Reach exemplifies this trend, leveraging regional
monopolies to amalgamate newspapers under centralised digital
and physical “hubs” (Moore and Ramsay 2024). While newsroom
closures and consolidations are not new (Franklin 2006), these
practices have accelerated in the wake of the Coronavirus
pandemic (Sharman 2021; Waterson 2021). This dispersion of
infrastructure and staff implies that local journalism is now less
“visible” and less “sensible,” that is, less attuned to understanding
the community for which the news is produced (McAdam and Hess
2024). This is particularly concerning as ownership consolidation
has promoted the repurposing of content across titles under the
same regional hub, or even under the same publisher (Sjvaag 2014).
While repurposing content reduces the need for field reporting,
content syndication is often viewed negatively, as it dilutes local
news coverage (Garz and Ots 2025). Furthermore, the struggle to
capture and maintain audience attention has led local news outlets
to focus more heavily on entertaining content, such as celebrity
news and sensational stories, deprioritising more substantive and
critical topics (Napoli and Weber 2020).

Meanwhile, three of the four major local news groups have
made significant job cuts in response to declining revenues and
rising automation. Industry press PressGazette estimates that
two-thirds of editorial jobs across Reach, National World and
Newsquest have disappeared, falling from 9,000 to 3,000 between
2007 and 2022 (Ponsford 2024). While this doesn’t necessarily
mean fewer communities have a dedicated reporter, it does
suggest that reporters are now responsible for increasingly larger
geographic areas, forcing them to produce a significantly higher
volume of stories (Lewis, Williams, and Franklin 2008). As a
result, we can expect an ever greater “distance” between reporters,
coverage and the audience. As Franklin (2006, xxi) put it, “In the
new millennium, local newspapers are local in name only; the town
or city emblazoned on the newspaper’s masthead may be one of the
few remaining local features of the paper”

The analysis of location mentions in local media

Amidst these transformations, the significance of location men-
tions in news content has grown. The places reported in the
news and how they are portrayed offer valuable insights into the
production of journalism and its societal impact. The distribution
of geographic attention in news content reveals patterns of
inequality across communities, such as the urban-rural divide in
the availability, quality and accessibility of local journalism (Usher
2019). Beyond these social dimensions, the quantification of local
news coverage itself has emerged as a key area of inquiry. This
reflects a shared understanding of the vital role local journalism
plays in fostering informed citizenship and community cohesion
(Napoli and Weber 2020). As Lindgren (2009, 80) asserts: “From
a social capital perspective [...] the amount of news coverage a
community receives matters because information is an important
determinant of community engagement and local democracy”
Communities with weaker media infrastructure experience poorer
public resource management, higher corruption and lower political
engagement (Gao, Lee, and Murphy 2020; Hayes and Lawless 2018;
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PLUM Consulting 2020). As put by Ramsay and Moore (2016, 14),
the consequences of dire news provision are “less engaged citizens,
less scrutiny of authorities, poorer representation of shared
concerns, less community cohesion, a sense of powerlessness
and a lack of connectedness” However, the impact of current
market conditions on news content, and subsequently, the effect of
that content on democratic engagement, remains underexplored.
Recently, the Public Interest News Foundation (PINF) has empha-
sised that, “the most important” research direction “would be to
understand the quality and quantity of public interest news that
each outlet produces — and whether that news covers the entire area
that the outlet claims to cover” (Public Interest News Foundation
2023, 21). A number of studies have emerged in recent years,
responding to these conditions, that have dissected local news
content to measure: the decline of locally relevant news (Napoli
and Weber 2020; Vogler, Weston, and Udris 2023); the scarcity
of local constituency coverage in the context of general elections
(Moore and Ramsay 2024); and the spatial distribution of location
mentions (Khanom et al. 2023; Madrid-Morales, Rodriguez-Amat,
and Lindner 2023). Together, these works illustrate a growing
effort to quantify the geographic dimension of local journalism,
particularly in response to challenges, such as news deserts and
declining community news coverage. However, this body of
research remains highly fragmented, with studies differing widely
in geographic scope, methodological approaches and conceptual
focus. For instance, while Madrid-Morales, Rodriguez-Amat, and
Lindner (2023) relied on string matching against a gazetteer to
extract locations, Vogler, Weston, and Udris (2023) employed
a multi-step procedure that combined location identification
with disambiguation to ensure the correct real-world entity was
linked. These methodological variations reflect differences in
technological choices and highlight the fragmented nature of
geographic reference extraction in local media studies. Although
geographic reference extraction is central to an established research
domain known as geoparsing (Middleton et al. 2018), many studies
neglect geoparsing theory and approaches in their methodologies.
This oversight may stem from a lack of established frameworks
for effectively applying geoparsing in media research, leading to
inconsistent or inappropriate handling of key aspects of geographic
reference extraction. As a result, both the systematic application
of these methods and the ability to compare studies effectively are
hindered. These challenges define our first two objectives:

O1 - To formulate a framework for applying geoparsing in
media studies.

02 - To conduct a comparative review of geoparsing in media
studies to identify gaps and opportunities.

Geoparsing: State-of-the-art (SOTA) and key considerations

Extracting geographic information from texts, also known as
geoparsing, involves two key tasks (Hu et al. 2023): 1) toponym
recognition, or geotagging, which identifies location references
in text and 2) toponym disambiguation, or geocoding, which
resolves these references to real-world geographic entities, typically
as coordinates or polygons (Middleton et al. 2018). Gazetteers
and Knowledge Bases (KBs) are central to both tasks, serving as
repositories of geographic names and their geopolitical or spatial
attributes (Gritta, Pilehvar, and Collier 2020). Initial geotagging
approaches were rule-based or gazetteer-based systems, and relied
on predefined geographic knowledge sources, such as GeoNames
or OpenStreetMap (Zhang and Bethard 2024). These methods


https://doi.org/10.1017/chr.2025.10012

struggled with ambiguity, the finite knowledge and geographic
bias of gazetteers, and the complexity involved in developing
a set of precise yet generalisable custom rules (Liu et al. 2022;
Quattrone, Capra, and De Meo 2015). The emergence of machine
learning (ML)-based methods, with named entity recognition
(NER) systems leveraging annotated corpora to statistically detect
locations in texts, has since offered improvements in accuracy
(Hu et al. 2023).

Despite advancements in geotagging, geocoding still poses sev-
eral challenges (Hu et al. 2023; Karimzadeh et al. 2019), particularly
in the ability of SOTA methods to generalise well across corpora
within different domains (Hu et al. 2024). Geocoding seeks to
resolve the ambiguity of place names - such as the numerous
locations named “Paris” or “Station Road” in the world or within
a geographical region - by linking them to the correct entry in
structured databases like OpenStreetMap (OSM) or GeoNames,
or by predicting geographic coordinates (Ardanuy et al. 2023).
To address ambiguity, these systems often rely on heuristics -
rules or patterns designed to guide the selection of the most likely
match. Common heuristics include population-based prioritisa-
tion, which favours larger or more prominent places, and spatial
minimality, which assumes that references within a text are geo-
graphically clustered (Leidner 2007; Zhang and Bethard 2024).
Another frequently applied heuristic, “one sense per referent,”
suggests that identical place names in a document typically refer
to the same location (Gale, Church, and Yarowsky 1992). While
heuristics can simplify decision-making, their effectiveness varies
depending on the context. For example, population-based heuris-
tics are less suitable for local media, where smaller, niche locations
are more common and may be overlooked. In contrast, spatial
minimality and one sense per referent align more closely with the
geographically coherent nature of local media content (Hu et al.
2024).

Various approaches to toponym disambiguation exist (Zhang
and Bethard 2024). Rule-based systems rank potential candidates
based on predefined criteria, such as geographic proximity or
linguistic context. However, these systems often struggle to gen-
eralise effectively (Hu et al. 2023). ML models enhance ranking
by learning patterns from annotated data, incorporating features
like spatial distance and linguistic context. Despite their promise,
ML models are limited by the availability of high-quality training
datasets, which are scarce for local media (Hu et al. 2023). An
ensemble method combining multiple approaches has recently
achieved SOTA results (Hu et al. 2023). Nevertheless, even this
approach achieves an accuracy of only 0.84, indicating that further
refinement is needed for toponym disambiguation. Additionally,
performance was found to vary across corpora, with limited bench-
marking on local media datasets (Hu et al. 2024).

Geoparsing systems are evaluated on a limited number of
datasets with varying domain, geographic scope and ambiguity
(Zhang and Bethard 2024). Several datasets exist for the news
domain, including GeoVirus (Kafando et al. 2023), GeoWebNews
(Gritta, Pilehvar, and Collier 2020) and TR-News (Kamalloo
and Rafiei 2018), all of which focus on global geographies and
international media outlets. The LGL (Lieberman, Samet, and
Sankaranarayanan 2010) is the only dataset encompassing local
media, comprising 588 articles from 78 U.S. local newspapers.
It was created to address the lack of datasets specific to local
media (Lieberman, Samet, and Sankaranarayanan 2010) and
has since become a prominent dataset in geoparsing research
(Gritta, Pilehvar, and Collier 2020; Liu et al. 2022). Yet, the dataset
has several limitations. Firstly, it is based exclusively on U.S.

https://doi.org/10.1017/chr.2025.10012 Published online by Cambridge University Press

Bisiani et al.

local newspapers, which limits its applicability to other contexts.
Secondly, the dataset only represents print media, failing to account
for the growing diversity of digital and online news formats,
which can differ in how geographic references are presented,
especially when targeting broader audiences (Lieberman, Samet,
and Sankaranarayanan 2010). Lastly, LGLs annotation approach,
which marks demonyms and place-referenced organisation names
as toponyms, deviates from standard disambiguation practices
(DeLozier, Baldridge, and London 2015; Matsuda et al. 2015).
This misalignment is problematic as it limits the generalisation of
model performance across different corpora and contexts. Overall,
the lack of diverse benchmarking datasets of local media hinders
the development and evaluation of accurate and contextually
appropriate geoparsing models. This makes it difficult to develop or
identify approaches that can effectively handle the unique linguistic
and geographic nuances of local news across geographic contexts,
including variations in toponym usage, the prevalence of lesser-
known place names and the evolving conventions in reporting
locally relevant news across media systems, thus impeding equal
progress in geoparsing local media outside of the United States.
A widespread availability of geoparsing benchmark datasets
matters because validation is a critical component of geoparsing,
due to the inherent challenges of toponym disambiguation (Gritta,
Pilehvar, and Collier 2020). In this context, methods are developed,
refined, and tested on gold standard annotations which provide
evidence of an approach, a tool or a gazetteer’s suitability to a
particular corpus.

There are several critical considerations for geoparsing local
media which stem from the literature. First, discrepancies between
how place names are spelled in corpora and in gazetteers or
KBs require consideration of linguistic variations (Leppamaéki,
Toivonen, and Hiippala 2024) and regional spelling differences
(Ardanuy et al. 2020). Second, the absence of smaller, lesser-known
toponyms in global gazetteers, compounded by geographic biases
favouring larger locations (Matsuda et al. 2015; Quattrone, Capra,
and De Meo 2015), stresses the importance of careful geographic
database selection. Third, methods relying on population-based
heuristics are limited in their ability to successfully classify fine-
grained, lesser-known toponyms, which are common in local
media (Hu et al. 2024). Because population-based approaches are
commonly used across the most advanced geoparsing systems
(Zhang and Bethard 2024), a gap persists for building a system
attuned to local geographies.

Collectively, these challenges illustrate the limitations of select-
ing and validating geoparsing solutions on local media across
diverse geographic and contextual settings. Overcoming them will
require greater availability of benchmarking datasets suited to the
unique linguistical and geographical characteristics of local media.
We take a first step in this directions by defining our third objective:

03 - To develop a novel gold dataset of UK. local media articles
for benchmarking geoparsing tasks.

Can LLMs improve toponym disambiguation?

The emergence of LLMs, models displaying high contextual
understanding, presents promising opportunities for advancing
toponym disambiguation. LLMs, trained on extensive text corpora
and equipped with billions of parameters, excel at capturing deep
semantic relationships within context (Bommasani et al. 2022;
Mai et al. 2024). By default task agnostic, LLMs can be adapted
for specialised applications through fine-tuning, few-shot learning
or zero-shot learning (Bommasani et al. 2022). This versatility
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has enabled their application across a range of tasks, including
data annotation, NER (Dubourg, Thouzeau, and Baumard 2024;
Goel et al. 2023), text classification (Yin, Hay, and Roth 2019),
fact-checking (Chatrath, Lotif, and Raza 2024) and even spatial
tasks (Hu et al. 2023; Hu et al. 2024; Mai et al. 2024). While LLMs
have demonstrated limitations in directly resolving geographic
coordinates due to their imperfect geographic knowledge (Mai
et al. 2024), their capacity for contextual inference suggests
potential for a more nuanced approach. We hypothesise that LLMs
can effectively classify the administrative district associated with
a given toponym due to their ability to interpret context. Local
news articles often omit explicit details for locations presumed
familiar to the target audience, relying on shared local knowledge.
Conversely, when mentioning less familiar locations, the authors
tend to provide additional context, such as the format “Ripley,
Yorkshire,” to aid readers in disambiguating between multiple
locations or simply localising the place name for a geographically
dispersed audience. This phenomenon reflects the concept of the
“local lexicon” in local news media, as formulated by Lieberman,
Samet, and Sankaranarayanan (2010). While traditional ML
methods often struggle with such references due to ambiguity and
a lack of contextual understanding, LLMs have shown promise in
similar contextual tasks (Hu et al. 2024). Hu et al. (2024) fine-tuned
open-source lightweight models (Mistral, Llama2, Baichuan2 and
Falcon) to generate unambiguous toponym references (e.g., city,
state and country) based on a given toponym and its surrounding
text. The unambiguous reference generated by the LLM is then
resolved to precise geographic coordinates using GeoNames,
Nominatim and ArcGIS. Tested on seven benchmarking datasets,
Hu et al. (2024)’s approach achieves significant improvements over
the SOTA ensemble methods by Hu et al. (2023), offering a scalable,
efficient and accessible solution for geospatial disambiguation.
However, these advancements have yet to be tested on datasets
specific to local media. Moreover, while fine-tuning is often
leveraged to improve task-specific performance, LLMs have
demonstrated remarkable capabilities in their out-of-the-box state
(Brown et al. 2020). A growing body of research focuses on prompt
engineering, a human-computer interaction technique that uses
natural language prompts to steer model outputs (Dang et al. 2022).
This approach eliminates the need for extensive technical overhead,
broadening the accessibility of artificial intelligence across diverse
research domains (Lee et al. 2025). Studies suggest that iterative
testing and evaluation of prompt strategies can improve LLMs’
outputs. Effective techniques include one-shot and few-shot
prompting, which provide limited input-output examples to guide
the model (Liu et al. 2023), and Chain-of-Thought prompting,
which incorporates reasoning steps to enhance decision-making
accuracy (Wei et al. 2022). Additionally, leveraging the collective
intelligence of multiple LLMs through ensemble methods, such as
majority or plurality voting, has been shown to improve robustness
and reliability by selecting the most voted answer by a group of
models (Trad and Chehab 2024; Zhao, Wang, and Peng 2024).
Despite these advancements, the application of prompt-based
strategies for toponym disambiguation remains underexplored.
While LLMs exhibit considerable promise for toponym disam-
biguation, their inherent limitations may elucidate the reluctance
of some researchers to adopt such methodologies. A primary
concern lies in the limited interpretability of LLMs, as their
black-box architecture obfuscates the decision-making processes,
raising critical questions about their dependability in high-stakes
applications like geoparsing (Bommasani et al. 2022). Moreover,
LLMs are susceptible to geographic and linguistic biases, which

https://doi.org/10.1017/chr.2025.10012 Published online by Cambridge University Press

often mirror the imbalances present in their training data. Models
trained predominantly on English-language corpora, for example,
may exhibit reduced efficacy when applied to texts featuring
diverse linguistic structures or originating from underrepresented
geographic contexts. Another issue pertains to hallucinations -
instances in which LLMs generate erroneous or fabricated outputs.
Experimenting with prompt engineering offers a promising
pathway to minimising the risk of hallucinations by steering
LLM outputs through carefully crafted input prompts. More
systematic approaches, such as fine-tuning, can further mitigate
hallucinations by tailoring model weights to specific tasks, while
retrieval-augmented generation (RAG) techniques can address
both bias and contextual limitations by integrating external
knowledge sources (Lewis et al. 2020). However, given the relatively
limited exploration of prompt engineering in isolation, this study
prioritises initiating research into LLM-driven geoparsing within
a focused geographic context: the United Kingdom. This approach
not only provides a manageable scope for examining the feasibility
of prompt-based strategies but also lays the groundwork for
broader investigations into LLM applications in geoparsing. This
rationale leads directly to the formulation of our third objective:

04 - To assess the performance of LLMs in disambiguating
toponyms within the context of U.K. local journalism, with a focus
on prompt-based strategies.

Evaluating location extraction approaches in local news:
A framework and comparative review

The increasing availability of geoparsing approaches and resources
has not translated into robust solutions for analysing local news
texts. While a “one-size-fits-all” solution remains elusive, we can
leverage insights from existing geoparsing research to support
robust, context-aware designing of geoparsing pipelines in media
studies. The framework in Figure 1 outlines key steps for designing
geoparsing pipelines. Researchers should begin by clearly defining
the research problem, specifying both geographic scope (e.g., city,
region or country) and target entity types (e.g., administrative units
and landmarks). Preliminary research informs method selection,
enabling the identification of suitable techniques for geotagging
(e.g., rule-based approaches and ML) and geocoding (e.g., rank-
based systems and statistical disambiguation). A robust geotag-
ging phase prioritises extracting relevant entities, while geocoding
requires geographic databases with balanced coverage and speci-
ficity to ensure reliability. Validation, using test data and metrics,
such as Mean Error Distance or F1-score, is crucial for iterative
refinement, providing insights into pipeline performance (Gritta
et al. 2018). These steps aim to support the robust extraction of
geographic information from local media, aligned with research
objectives. Taken together, the steps in this framework should
guide local media researchers through key geoparsing stages (O1),
emphasising critical considerations for successful location extrac-
tion from texts in line with research objectives.

To evaluate current practices in location extraction, we
reviewed five key studies on local news geoparsing (summarised
in Table 1). While these studies highlight the value of geographic
analysis, gaps remain in problem definition, method selection and
validation.

Notably, most studies (e.g., Napoli and Weber (2020) and Moore
and Ramsay (2024)) rely on vague definitions of “local,” limiting
replicability. A key element of the framework is the emphasis on
preliminary research to guide methodological choices. The impact
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Figure 1. Methodological framework for evaluating and implementing geoparsing in local news studies.

Table 1. Summary of studies investigating geographic content in local media: Objectives and methodological approaches

Study Number of articles Research objective Approach

Napoli and Weber (2020) 16,000 To quantify local coverage Manual coding

Moore and Ramsay (2024) 5,233 To quantify local coverage String matching

Madrid-Morales, Rodriguez-Amat, 519,004 To map online news deserts String matching with GeoNames gazetteer
and Lindner (2023)

Khanom et al. (2023) 3,564 To map location mentions in news articles NER, custom rules, Google Maps API
Vogler, Weston, and Udris (2023) 15,254 To measure geographic news diversity Gazetteer matching, NER, custom ranking

of this step is evident in the contrasting approaches of the reviewed
studies. Napoli and Weber (2020)’s reliance on manual coding
suggests a lack of engagement with existing geoparsing techniques.
Similarly, Moore and Ramsay (2024)’s justification for using Steno,
based on prior use, suggests a limited exploration of alternative
methods. Conversely, Vogler, Weston, and Udris (2023) demon-
strate the benefits of thorough preliminary research. Their review
of geoparsing challenges in the Swiss context directly informed a
tailored pipeline featuring a custom gazetteer, combined toponym
detection methods, and a candidate ranking mechanism. While
details of the ranking mechanism are lacking, this approach reflects
an awareness of the complexities of geoparsing local news and
the need for context-specific solutions. Others, such as Madrid-
Morales, Rodriguez-Amat, and Lindner (2023), employ string-
matching techniques with limited handling of toponym ambiguity,
while Khanom et al. (2023) introduce innovative NER-based meth-
ods but conflate organisational entities with geographic references.
Across all studies, validation efforts are underemphasised, with few
explicitly quantifying errors or leveraging benchmarking datasets.
A recurring limitation across reviewed studies is the lack of explicit
toponym disambiguation. For instance, Napoli and Weber (2020),
Moore and Ramsay (2024) and Madrid-Morales, Rodriguez-Amat,
and Lindner (2023) omit this critical step, raising concerns about
the accuracy of geographic data. While Khanom et al. (2023)
incorporate the Google Maps API for geocoding, they do not detail
its ambiguity resolution process, leaving questions about its relia-
bility. In contrast, Vogler, Weston, and Udris (2023) address dis-
ambiguation through a custom gazetteer and ranking mechanism,
though further details are needed to assess its efficacy. Similarly,
the validation phase remains underdeveloped. Apart from Moore
and Ramsay (2024), no studies quantify errors or benchmark their
pipelines, limiting the reliability of findings. Addressing these gaps
through robust validation and context-specific methodologies is
critical for advancing geoparsing in local media research. Build-
ing on this review, our proposed objectives (O3 and O4) aim
to address these gaps by introducing a benchmark dataset for
validation and a straightforward, context-aware toponym disam-
biguation approach. These contributions are designed to enhance
the reliability and scalability of geoparsing pipelines, providing
researchers with robust tools to explore the geographic dimensions
oflocal news. By bridging methodological gaps, this work advances

https://doi.org/10.1017/chr.2025.10012 Published online by Cambridge University Press

the study of local news ecosystems, enabling more nuanced insights
into media diversity and societal impact.

Methods

In this section, we describe the methodology for developing the
novel benchmarking dataset and the prompt-based toponym dis-
ambiguation approach.

Dataset

For the purpose of this study, we selected the United Kingdom
as our geographic focus. The United Kingdom is one of the
better understood markets in local media research. However, it
presents an interesting case study. Despite concerns about the
diminishing local relevance of news content due to intensified
media ownership consolidation, there is little empirical evidence
of changes in content, particularly a shift in geographic focus
(Bisiani et al. 2025). Furthermore, the U.K. context benefits from
the availability of comprehensive datasets and well-curated media
directories (Bisiani and Heravi 2023; Bisiani and Mitchell 2024).
These resources enable robust sampling and rigorous validation.
Upon selecting our geographic scope, we defined our geographic
“granularity” The goal of the dataset is to facilitate benchmarking
of geoparsing techniques on niche, fine-grained locations which
are prevalent in local news. Therefore, our annotation efforts focus
exclusively on U.K.-specific locations. We thus exclude larger-scale
geographic references (e.g., nations and regions) because their
geocoding typically relies on centroid coordinates. Centroid-based
geocoding can introduce inaccuracies by misrepresenting these
references as singular points or conflating them with entire admin-
istrative districts. We defined the upper boundary of the toponym
tagging and resolution to be local authority districts (LADs), which
are a commonly used administrative resolution level (N=361) for
analyses of news deserts in U.K. studies (Bisiani and Heravi 2023;
PLUM Consulting 2020; Public Interest News Foundation 2023).
We sourced the articles for our dataset from UKTwitNewsCor
(Bisiani 2024), a corpus of over 2.5 million articles from 360 U.K.
digital local media outlets (2020-2022). We chose this dataset due
to its recency and comprehensive coverage across geography and
providers (Bisiani et al. 2025). We first randomly sampled 100
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articles from the dataset using simple random sampling. Given
the size and inherent imbalances within UKTwitNewsCor, we then
added a further 100 articles, sampled through stratification across
time, geography and outlet. For time stratification, we divided the
dataset into yearly quarters and aimed for proportional representa-
tion from each quarter. For geographic stratification, we used each
outlet’s LAD of coverage reported in UKTwitNewsCor’s metadata.
This stratified approach ensured that our dataset included a wider
range of outlets and geographies, mitigating potential biases in
the LLM geocoding process due to the distribution of articles in
the original corpus or potential biases in the LLM training data.
The sample size of 200 articles, although small, is not unlike other
sizes found in geoparsing benchmarking datasets (see Zhang and
Bethard (2024) for a review). Focusing on a manageable sample
allowed us to ensure high-quality and accuracy at each stage. The
validation work carried out throughout this pipeline was con-
ducted by two annotators, a member of the research team and an
externally recruited coder.

Toponym recognition

We manually geotagged the first subsample prior to deciding to
increment the overall dataset size. To annotate this first subsample,
we used Prodigy (Montani and Honnibal 2018), a popular data
annotation tool. We obtained free access upon applying for a
university research license. Prodigy provides an interface in which
the user manually highlights entities in the text. Each annotation
is converted into metadata providing information about the start
and end position of a specific entity in a document, aligning with
the typical formatting of NER-annotated data. We focused on
three entities: geopolitical entities (GPEs), encompassing coun-
tries, cities and other administrative regions; natural landmarks
(LOC), which include mountains, rivers and other geographical
features; and infrastructure (FAC), covering buildings, roads and
other man-made structures. These are the three spatially oriented
entities in NER systems, and a wide range of study has focused
on these to include both fine-grained locations and admin units
(Berragan et al. 2023; Hu et al. 2023). For the second subsample,
we opted to test the Spacy NER tool (Hess and Waller 2017), to
annotate LOC, FAC and GPE entities. We chose SpaCy because it
was built by the same creators of Prodigy and provides convenient
comparison functionalities and similar file formats with Prodigy.
SpaCy, despite not being among the top five NER tools identified
in a comparative review by (Hu et al. 2023), has performed best
in other contexts, including local media (Khanom et al. 2023).
Recently, a new transformer-based model (en_core_web_trf) has
been released, achieving SOTA results against its predecessors.! We
benchmarked SpaCy’s performance on the hand-annotated enti-
ties. We obtained an F1-Score of 0.94, Precision of 0.97 and Recall
of 0.91. Satisfied with these results, we used SpaCy to annotate the
second subsample.

Candidates generation

Once identified locations, the following step involved identifying
potential real-world coordinates applying to each unique place
name. We created a comprehensive set of location candidates
by combining two key sources: Ordnance Survey (OS) Open
Names gazetteer and OpenStreetMap (OSM) Nominatim APIL
OS was chosen because it is the national mapping agency of
Great Britain,” and its Open Names dataset includes over 870,000

Uhttps://spacy.io/usage/facts-figures
Zhttps://www.ordnancesurvey.co.uk/about
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named and numbered roads, 44,000 settlements and 1.6 million
postcodes.” Previous U.K.-based studies have leveraged OS for
geocoding (Berragan et al. 2024). We performed exact string
matching between the lowercased toponyms and entries from
the OS gazetteer. A limitation of OS is its lack of coverage for
Northern Ireland. To address this gap and improve coverage,
we also queried Nominatim, an open-source geocoding service
widely used in locally-oriented geospatial research due to its
extensive coverage of fine-grained locations (Hu et al. 2024). We
limited Nominatim queries to return only coordinates within the
boundaries of the United Kingdom to avoid false positives (e.g.,
returning all instances of “Station Road” in the world, despite the
lack of likelihood that a local news outlet in the United Kingdom
refers to such a fine-grained location in a country other than the
United Kingdom), as proposed in Hu et al. (2024). We retrieved all
available results for each query. While OS matching was based
on exact string comparison, Nominatim provides flexibility in
handling variations, such as the presence of commas or structured
formats (e.g., “street, town, region, country”). Combining results
from OS and OSM, we generated a candidate list of 7,374 locations.
However, 52 unique place names, appearing a total of 67 times
in the corpus, did not return a match. For these, annotators
manually searched for the correct coordinates in Google Maps,
using article context to identify the appropriate real-world location.
Next, we enriched the candidate list with additional geographical
metadata. Although the OS gazetteer did not provide coordinates
for its toponyms, it did offer outward postcodes. We used the
PostcodesioR package (Walczak 2023) to perform postcode
lookups and retrieve coordinates for each postcode. We also
assigned each toponym to an LAD by performing a spatial join
with a shapefile of UK. LAD boundaries from the Office for
National Statistics.* Eight entries failed to return a matching LAD,
as their coordinates matched bodies of water off the coastline. We
concluded this failure was due to imprecise coordinate assignment
by PostcodesioR or OSM’s APIL For these cases, we applied a
proximity-based matching technique to find the nearest LAD
based on geodesic distance, leveraging the sf R package (Pebesma
2018). Through these steps, we created a robust collection of
candidates for the place names identified during the geotagging
stage. Figure 2 presents the level of ambiguity among toponyms,
the contribution of various gazetteers to the candidate list, and
the distribution of articles based on the number of districts
associated with their candidates. Plot (a) indicates that the majority
of toponyms and their candidates (94%) appear in only one
document, particularly Facility (FAC) and Location (LOC) entities.
FAC and LOC entities are also significantly more ambiguous than
GPEs, with average candidate counts of 14.9 and 8.5 compared to
3.8 for GPE. Plot (b) shows that OpenStreetMap (OS) contributes
the majority of candidates (over 60%), with a small proportion (just
over 10%) provided by OpenStreetMap (OSM) but not present in
OS. Finally, most articles include candidates spanning a limited
number of districts, although it is rare for an article’s candidates to
be confined to a single district.

Toponym disambiguation

We proceeded to review all toponyms and their associated can-
didates, including cases with a single candidate, to account for
instances where OS and OSM provided candidates but none of

*https://www.ordnancesurvey.co.uk/products/os-open-names
“https://geoportal.statistics.gov.uk/datasets/ons::local-authority-districts-
may-2024-boundaries-uk-bfe-2/about
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Figure 3. Overview of procedure for creating the dataset.

the candidates matched the correct real-world location. We began
by merging the candidate dataset with the dataset of articles and
their toponyms. To streamline the annotation process, we applied
the one-sense-per-referent heuristic. When a place name appeared
multiple times within a document, it was presented to annotators
only once. This reduced the number of location mentions requiring
resolution from 1,313 to 925. Each annotator, using the Label-
Studio platform,” was shown the article, the toponym requiring
resolution and the list of candidates in a multiple-choice format.
Each option represented the LAD associated with the coordinates
of a candidate. We structured the task as a toponym-to-district
resolution rather than a toponym-to-coordinates mapping, as no
place name had more than one set of coordinates per LAD. This
approach simplified the task, as we found that our annotators,
like models (Hu et al. 2024), find it easier to understand spatial
relationships at a hierarchical level rather than at a coordinate level.
The verification procedure involved researching each toponym,
verifying which LAD it is situated in using Wikipedia pages of loca-
tion names or Google Maps. Four supplementary options were pro-
vided to address edge cases: (1) the correct district was not among
the listed options, (2) the toponym was not a location, (3) the
toponym referred to a location outside the United Kingdom, or (4)
the toponym spanned multiple districts (e.g., a region or nation).
The annotation task achieved an inter-annotator agreement rate of
95%. Disagreements were resolved through discussion between the
annotators. We then linked the toponym and the selected option
back with the candidate list, to map spatial coordinates to each
toponym. We performed a series of final data cleaning steps. We
removed 21 instances in which SpaCy’s NER erroneously classified

>https://labelstud.io/
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non-locations (e.g., the surname Port) as toponyms. We removed
13 non-UK. locations to maintain the dataset’s focus on UK.
entities. We removed 20 place names representing large geographic
areas (e.g., Scotland or North Wales) due to the inability to provide
accurate coordinates or assign a singular district mapping. Finally,
149 toponyms did not correspond to any of the options provided by
OS and OSM. We manually registered the correct LAD and Google
Maps coordinates. Through these steps, we refined the dataset to
ensure its accuracy and utility for benchmarking geoparsing tech-
niques in the context of fine-grained, localised spatial references
within UK. local media. Figure 3 encapsulates the various steps
within the gold standard dataset creation process.

Prompt-based geoparsing approach

To develop an accessible and efficient approach, we utilised open-
source LLMs in their lightweight configurations, running them
locally via the Ollama framework within an R environment, ensur-
ing reproducibility with a fixed random seed. Ollama is a platform
that simplifies the deployment and local running of LLMs. It allows
users to leverage optimised versions of popular open-source LLMs
on personal devices without requiring cloud access, promoting
privacy, accessibility and reproducibility (Liu, Kang, and Han
2025). We selected four LLMs for our experiments, which ranked
highest in popularity in the Ollama®: Gemma2 (9B), Llama3.1 (8B),
Qwen?2 (7B) and Mistral (7B). Their size range (7B-9B parameters)
enables exploration of the trade-off between computational effi-
ciency and performance, addressing whether smaller models can
achieve satisfactory results. Their diverse architectures, training

®https://ollama.com/search
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data and origins (e.g., Meta, Alibaba and Mistral AI) further
provide a broad basis for assessing generalisability across LLM
implementations. We tested four temperature settings (0, 0.25, 0.5
and 1). Temperature, a key parameter in LLM inference, controls
the randomness or “creativity” of the model’s output (Karjus 2025).
A temperature of 0 makes the output deterministic, always produc-
ing the most probable response, which is desirable for classification
tasks where consistency is crucial. Higher temperatures introduce
more randomness, leading to more diverse and potentially creative
outputs. We reasoned that while a lower temperature might be
optimal for maximising accuracy in a classification-like task,
exploring higher temperatures could reveal the model’s confidence
levels or its ability to handle ambiguous or challenging cases.
To facilitate automated processing of the LLM’s responses, we
guided the models towards generating machine-readable output in
JSON format. We repeatedly clarified the desired JSON structure
in our prompts, instructing the LLMs to adhere to a specific
schema consisting of the chosen option, or correct district, and
the reasoning behind the decision. We investigated two problem
setups:

o Contextual toponym disambiguation from KB: This approach
aims to guide the LLMs by providing a structured KB of potential
LADs, thereby minimising the risk of hallucinations or the gener-
ation of inaccurate LADs due to the LLMs’ imperfect geographic
knowledge. We treated the LLMs as annotators, providing them
with context (the article text, metadata and the same list of
potential LADs given to the human annotators) and prompting
them to select the correct LAD for a given toponym from the can-
didate list generated in the “Candidates Generation” section. We
tested one concise prompt, prioritising speed and ease of parsing
(Karjus 2025), alongside a more detailed prompt with one-shot
examples, hypothesising that richer context, analogous to chain-
of-thought prompting (Wei et al. 2022), might enhance dis-
ambiguation performance, despite the increased computational
cost. We also explored the impact of varying metadata context on
LLM geoparsing performance, hypothesising that richer meta-
data would generally enhance accuracy, up to a point. For each
prompt, we systematically tested all seven possible combinations
of the following metadata fields: the name of the outlet publishing
the story, the main district of coverage of the outlet and the
names and district candidates of other toponyms within the same
article. The latter was intended to mimic the spatial minimality
heuristic in geocoding, which uses the distance between
candidates within the same document to resolve toponyms
(Leidner 2007). This approach allowed us to investigate the trade-
off between aiding the LLM with contextual information and
potentially introducing extraneous or even conflicting data.

o Few-shot LAD classification: This approach attempts to address
the potential lack of comprehensive geographic coverage in
existing gazetteers and databases, while also reducing the
computational overhead associated with providing extensive
candidate lists. We prompted the LLMs to identify the LAD
for a given toponym using only the article text and the name
of the publishing website, without providing a list of options.
Moreover, we used exclusively this approach for the 52 place
names for which no candidates were found in OS and OSM
during the “Candidates Generation” section.

We ran these combinations of parameters (model, temperature,
prompt and metadata) on each toponym. We then compared
results across models and approaches and used these to narrow
down our approach to one prompt and metadata configuration.
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The prompts used in the experiments are provided in the
Supplementary Material 1 for replication and transparency.

Geocoding evaluation employs both binary and continuous
error metrics (Gritta, Pilehvar, and Collier 2020). For entity linking
tasks, where the output is a binary (correct/incorrect) classification,
the Fl-score is commonly used (Ardanuy and Sporleder 2017).
Given the classification nature of the task, we followed a binary
approach to assess the model predictions: A true positive was
defined as a case where the LLM’s predicted LAD matched the
annotator’s chosen LAD. A true negative was recorded when both
the LLM and the annotator agreed that the location represented
an edge case. A false positive occurred when the LLM’s predicted
LAD was different from the annotator’s choice. A false negative
was recorded when the LLM predicted an LAD, but the annotator
identified the location as an edge case. Based on these classifi-
cations, we calculated Precision (the proportion of correct LLM
LAD predictions), Recall (the proportion of correctly identified
annotator-chosen LADs), the Fl-score (the harmonic mean of
precision and recall) and overall Accuracy (the proportion of cor-
rect classifications). During our analysis, we observed a tendency
for the LLMs to identify the correct LAD even when this option
was not provided. While human annotators correctly marked such
instances as “LAD not in option,” the LLMs occasionally returned
the correct LAD. We developed a flexible evaluation strategy,
marking these instances as True Positive. This leniency will not
make a difference in terms of the final outcome of the geoparsing
procedure, which involves joining the model option with the
candidate list generated in the “Candidates Generation” section.
Due to the model candidate missing from OS and OSM to begin
with, no coordinates will be assigned to these cases. We account
for these errors in our spatial error analysis (more about this in the
“Evaluation” section). Yet, within this context, this approach
provides a more accurate reflection of the LLMs overall perfor-
mance in terms of spatial linking, regardless of the limitations
of gazetteers. Using the F1-Score to identify the best prompt-
metadata configuration, we kept the best performing temperature
for each model.

We then implemented a majority voting system to enhance
robustness (Trad and Chehab 2024; Zhao, Wang, and Peng 2024).
This approach mitigates the risk of individual model errors by
selecting the most frequent prediction among the LLMs, effectively
promoting a more reliable consensus-based outcome, akin to the
“wisdom of the crowd” heuristic. We evaluated the voting system
performance under varying consensus thresholds (e.g., requiring
agreement from a majority or all models). This analysis allowed us
to assess the impact of model uncertainty and determine whether a
less stringent consensus criterion could still yield accurate predic-
tions (Figure 4).

Evaluation

We present four sets of performance metrics on our approach: (1)
prompt-based, which is our baseline approach, where we select
the most voted option and default to a random one if no majority
is present; (2) prompt-based (excluding edge-cases), where we
report on the same data but exclude instances where the model
predicted an edge-case. This case aims to capture the realistic error
of the subset of disambiguated toponyms, excluding cases where
no prediction would be returned; (3) prompt-based (majority fil-
tered), where we filter out instances where all models disagree; and
(4) prompt-based (unanimous filtered), where we retain instances
where all models agree. These last two results aim to capture the
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Figure 4. Schematic representation of the proposed LLM prompt-disambiguation approach.

extent to which performance improves under stringent consensus
conditions at the loss of some data, which we quantify. For the
purposes of benchmarking our approach against preexisting SOTA
approaches, our toponym dataset was submitted to Hu et al. (2024)
for processing via their fine-tuned LLM-based geoparsing pipeline,
as described in their paper. The resulting geocoordinates from their
pipeline were then provided to us.

We analysed results at two levels: at a classification level, using
the LAD predicted as the unit of analysis, and at a spatial level,
calculating the distance between the geocoordinates of the gold and
predicted annotations. As the data provided by Hu et al. (2024) only
contained coordinates, we performed a spatial join using the same
approach defined in the “Candidates Generation” section in order
to obtain the respective LAD. By using a variety of metrics, we aim
to provide a comprehensive evaluation of the performance of our
approach:

o Classification metrics: We counted as TRUE any instances where
the fine-tuned or prompt-based LAD matched the gold data
LAD, and calculated Accuracy as the proportion of TRUE
predictions across all predictions. In the event of an edge-
case prediction in our approach, we provide two results: (1)
Task Accuracy, where we count a result as TRUE if the LLM’s
prediction matched the answer by the annotators and (2) System
Accuracy, where we penalise our approach for failing to lead
to a correct LAD identification where no correct candidate was
provided. These two cases aim to gauge the extent to which the
models predict correctly, given the information at hand, and the
extent to which the system performs well overall.

o Distance metrics: We calculated three metrics: Mean Error
Distance, Accuracy@20km and Accuracy@161km. Mean Error
captures the average Haversine distance between predicted
and true coordinates (DeLozier, Baldridge, and London 2015;
Gritta, Pilehvar, and Collier 2020), while Accuracy@20km and
Accuracy@161km measure the percentage of predictions within
20 km and 161 km of the true coordinates, respectively (Ardanuy
et al. 2023). These thresholds provide insights at different levels
of granularity: Accuracy@161km reflects broader regional accu-
racy, whereas Accuracy@20km assesses performance at a local
scale. The 20 km threshold is particularly relevant to our focus
on local news, as many outlets serve areas within this radius,
enabling us to evaluate the LLMs’ ability to capture the shift away
from truly local news coverage — a phenomenon often linked to
media consolidation and content syndication. Before calculating
the Haversine distance, we accounted for nuances in the LLM-
predicted coordinates. When no coordinates were provided due
to an edge-case selection, the distance defaulted to the maximum
possible error on Earth (20039 km), following Gritta, Pilehvar,
and Collier (2020). For predictions where a district is given
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(correct or incorrect) but coordinates are missing due to the
absence of a toponym-LAD match in the OS+OSM candidate
list, we employed two methods: (1) Max Error Defaulting,
assigning the maximum error distance and (2) Centroid Assign-
ment, where the centroid of the predicted LAD was used as the
coordinate. Finally, when predictions did not correspond to an
LAD (e.g., “London”), the maximum error distance was applied.

Ethical considerations

The use of LLMs raises ethical considerations regarding accessibil-
ity, data privacy, transparency, potential misuse and environmental
impact (Bommasani et al. 2022). As the articles in our dataset
are already publicly available online, no additional anonymisa-
tion was necessary. Transparency is prioritised through detailed
documentation of our methods and parameters, ensuring repro-
ducibility. Our approach is designed with clearly defined, ethical
use cases to prevent misuse. We aim to make our proposed method
accessible by leveraging open-source LLMs. Finally, we optimised
computational workflows by using lightweight, locally run models
to minimise energy consumption. These measures aim to ensure
the responsible and accessible application of LLMs.

Results and discussion

In this section, we first provide an overview of the gold standard
dataset. Finally, we use the dataset to evaluate the proposed LLM
approach.

Gold standard dataset

The gold standard dataset developed for this study, henceforth
referred to as the LMUK-Geo dataset, is summarised in Table 2.
It encompasses 182 unique articles sourced from 142 distinct
outlets representing 32 publishers. Despite an initial selection of
200 articles, 18 articles were found not to have any toponyms. The
182 articles span 133 districts, with each district contributing an
average of 1.4 articles (median = 1, SD = 0.7). The dataset comprises
38,619 words (mean per article = 212). It includes 1,313 toponyms,
838 of which (64%) are unique. Toponyms are further categorised
into named entity types: locations (LOC), facilities (FAC) and GPE
entities. LOC entities account for 45 instances, 89% of which are
unique, with an average occurrence of 1.5 per article (median = 1,
SD = 0.9). FAC entities appear 512 times, with 81% being unique,
averaging 3.8 per article (median = 2, SD = 4.6). GPE entities are the
most frequent, with 756 occurrences, though only 54% are unique,
averaging 4.7 per article (median = 3, SD = 5.5). The data highlights
the unique contributions of LOC, FAC and GPE references to
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Table 2. Descriptive statistics of the novel dataset LMUK-Geo

N N Unique (%)  Mean, median, sd

Articles 182

Outlets 142 1.3,1,0.6
Publishers 32 4,1,10
District 133 1.4,1,0.7
Words 38,619 9,992 212,188, 144
Toponyms 1,313 858 (64%) 7,5,8
LOC 45 40 (89%) 1.5,1,0.9
FAC 512 413 (81%) 3.8,2,4.6
GPE 756 405 (54%) 47,3,5.5

understanding the geographic scope of local media content. LOC
features rarely in local media articles. In contrast, FAC entities are
both numerous and highly distinct, thus playing an important role
in providing the geographic context of local media. Their high
uniqueness underscores the importance of specific buildings and
infrastructure in grounding stories within everyday community
spaces. Focusing solely on GPEs, as we noted, is common
practice in local media geoparsing research, risks overlooking the
granularity provided by LOCs and FACs, which could play a critical
role in describing hyperlocal dynamics and situating narratives
within tangible community settings. Such a narrow focus may
lead to overgeneralisation, reinforce top-down perspectives, and
misrepresent the true geographic diversity of local reporting.
This underscores the need for gazetteers and methodologies that
encompass all three entity types, ensuring a comprehensive and
balanced analysis of local media content.

Prompt-based approach performance

We now present the results from our LLMs experiments. After
running our initial experiments, we consistently found the full
prompt, with only domain metadata provided, to perform best
across models. Predictions were impacted, in order of significance,
by the model, the prompt and metadata configuration, and
finally temperature. Temperature, in particular, did not impact
predictions greatly, for a given model and configuration (Figure 5).
We found that Mistral’s performance was relatively poorer across
the board compared to other models, and particularly so for the
few-shot model. The few-shot approach was weakest across the
board, indicating that aiding the models by presenting a list of
options improved performance. However, the few-shot approach
of the best performing models, Gemma2 and LLama3.1, still
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outperformed the best results (regardless of prompt) in Qwen2 and
Mistral. Adding metadata did not improve model performance,
contrary to what we hypothesised. Removing contextual spatial
information, including the district candidates of other toponyms
within the same article and the coverage district of the publishing
website consistently improved performance, regardless of prompt
or model. Our results signal the importance of trialling various
models to identify models which due to their training and
architecture, are adept to this task and its particular setup.

Due to Mistral’s poor performance, we excluded this model
from the subsequent voting ensemble. We retained the predictions
from the best performing temperature for each remaining model
for the full prompt with the name of the publishing website as
the sole metadata. We proceeded to select as a final prediction the
most recurring answer across Gemma2, LLama3.1 and Qwen2. In
instances where all models disagreed, we defaulted the final pre-
diction to a random selection between the three models. While we
initially considered defaulting to Gemma2, we noticed Gemma2
had much lower Recall than other models, driven by its propensity
to erroneously predict edge cases in instances where other models
instead returned the correct answer. With this dataset at hand, we
then calculated evaluation results for the subset of observations
where all or some models agree, as outlined in the “Evaluation”
section.

Table 3 summarises the performance of our prompt-based
approach across different handling strategies, compared to the
fine-tuned model by Hu et al. (2024).

Our prompt-based approach, using majority voting among
three LLMs (Gemma2, Llama3.1 and Qwen2), demonstrates
competitive performance. While it does not surpass the fine-
tuned baseline, it achieves notable results, particularly when
applying Centroid Assignment to handle missing coordinates.
Significant improvements were observed in both classification
and distance-based metrics when applying stringent criteria for
retaining predictions. The filtering approaches (“Majority” and
“Unanimous”) reflect the trade-off between data coverage and
accuracy. Unanimous Filtering achieves the highest A@20 (0.91)
and A@161 (1.00) within our prompt-based approach, but it
significantly reduces the number of geoparsed instances (down to
68%) due to the strict consensus requirement. In contrast, Majority
Filtering offers a compromise, maintaining reasonable accuracy
while retaining a larger portion of data points (90%).

When comparing the different missing coordinate handling
strategies, we found a clear improvement in results when assigning
the predicted LAD centroid coordinates to predictions that fail
to link to our candidate list. In the best case, the subset of data
where all three models agree reached a Mean Error Distance of
75.46 km. Meanwhile, the difference between Task Accuracy and

qwen2 mistral

All Metadata
No Domain
No Outlet LAD

Only Domain

Full Concise Few

Shot Shot

Figure 5. Performance of the LLMs across prompts and metadata configurations. Each dot represents a temperature.
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Table 3. Evaluation results on LMUK-Geo with different handling of missing coordinates

Max error Centroid
Approach Coverage  TaskAcc. SystemAcc. A@20 A@161 ME(km) A@20 A@161 ME (km)
Fine-tuned (Hu et al. 2024) 0.80 0.90 0.99 22.11
Prompt-based 0.87 0.78 0.70 0.79 4070.43 0.76 0.86 2667.17
Excl. edge-cases 0.89 0.87 0.87 0.78 0.88 2179.77 0.86 0.96 610.37
Majority 0.90 0.93 0.85 0.76 0.84 3182.83 0.81 0.89 2035.20
Unanimous 0.68 0.97 0.97 0.86 0.95 1079.36 0.91 1.00 75.46

Note: Best results are marked in bold.

System Accuracy highlights the challenge of handling edge cases
where no valid LAD can be assigned due to missing data from the
gazetteers used in this study.

Collectively, the LLMs performed well on the task, provid-
ing the same answer as human annotators for 87% of toponyms.
However, as a system, the accuracy against the ground truth was
78%, just behind the fine-tuned approach. We view this as a pos-
itive sign that our prompt-based approach could be refined by
incorporating additional gazetteers. The extent to which gazetteer
choice influences results is difficult to discern, as our approach
used OS and OSM, while the fine-tuned approach used OSM,
ArcGIS and GeoNames. As noted by Ardanuy et al. (2020), the
candidate selection stage plays a crucial role in determining the
success of geoparsers, yet it remains an underexplored area in
geoparsing research. In future work, we aim to explicitly account
for gazetteer discrepancies to better isolate the performance of
different geoparsing approaches.

At the pipeline level, our method does not currently achieve
SOTA results compared to the fine-tuned approach by Hu et al.
(2024). However, it demonstrates the promising potential of readily
available LLMs for geoparsing without the need for resource-
intensive fine-tuning. In summary, our results demonstrate that a
prompt-based LLM approach can provide competitive geoparsing
performance, particularly when combined with appropriate miss-
ing coordinate handling and filtering strategies. While fine-tuning
remains highly effective, our method offers a viable and efficient
alternative, especially when fine-tuning resources are limited.
Furthermore, our analysis of filtering strategies provides valuable
insights into the relationship between consensus thresholds and
geoparsing performance, highlighting the importance of balancing
accuracy and data coverage.

Future directions

This study provides a foundation for accessible and robust geopars-
ing of local news, showcasing the potential of prompt-based LLM
approaches. However, several avenues for future research remain.
First, hallucinations - instances where the model generates place
names or locations that do not actually exist - pose a distinct
challenge compared to typical errors, such as misidentification or
ambiguity, as they introduce entirely fabricated geographic ref-
erences. Although our current study did not formally quantify
hallucinations, we did not observe clear examples during manual
examinations of the LLMs-driven predictions. Nonetheless, given
their potential impact, future work will prioritise the systematic
identification and mitigation of hallucinations to ensure more
reliable geoparsing outcomes.

Second, given our focus on resolving all location mentions,
future work could expand this analysis to the document level,
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accounting for the relative importance of location mentions and
their contribution to the article’s overall geographic narrative.
Although document-level geoparsing is less common (Teitler et al.
2008), it offers valuable insights into the thematic and spatial
coherence of news content. We posit that LLMs, given their
contextual understanding abilities, might perform well in such
discrimination tasks.

Third, we consider the difference in approach between our
method and that of Hu et al. (2024). We provide options to the
LLMs, which, relative to not giving any candidates, improves per-
formance (as seen in Figure 5). The fine-tuned approach instead
prompts LLM:s to elaborate on mentioned locations before query-
ing gazetteers, aiming to reduce candidate selection errors. We
hypothesised that our more controlled environment would support
more robust results. By focusing on district-level understanding
rather than requiring precise place name knowledge, we aimed to
leverage the LLM’s contextual abilities effectively while controlling
for their lack of spatial knowledge (Mai et al. 2024). Altogether,
these system differences point to several potential architectures
for further improvement. For example, incorporating RAG could
enhance inference and output reliability by providing models with
additional context programmatically. Another promising direction
is the incorporation of human-in-the-loop workflows to correct
and refine LLM outputs. Furthermore, LLMs could be used as
judges in subsequent steps, reviewing and refining other models’
decisions (Zheng et al. 2023).

Fourth, while this study focuses on U.K. local media and open-
source LLMs, future studies should examine the applicability of
the approach to different geographic contexts, media systems and
LLM architectures. Adapting the methodology to other countries
will necessitate the careful selection of relevant KBs, administrative
boundaries, and potentially fine-tuning or adapting LLM prompts
to account for linguistic and cultural variations. It is important to
acknowledge that LLMs, including those used in this study, might
perform significantly better on material in English and concerning
countries or regions more extensively represented in their training
data. This imbalance likely influences the quality and reliability
of geoparsing outputs, particularly in less represented or multilin-
gual contexts. Our focus on UK. local media, primarily English-
language content, means the models benefit from relatively rich
training signals. Future research should explicitly investigate the
impact of training data biases on geoparsing performance and
explore methods to mitigate these effects, such as incorporating
diverse regional corpora, using multilingual LLMs or developing
localised gazetteers.

Exploring the performance of more powerful, proprietary
LLMs is also a natural extension of this work. Comparative
analyses across diverse languages and territories would provide
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valuable insights into the cross-cultural performance of LLMs
for geoparsing and the influence of varying media landscapes.
Finally, we hope that our detailed approach to creating our
gold dataset will inspire future efforts to expand the number of
benchmarking datasets of local media in different media systems,
offering key resources to advance both geoparsing theory and
applied geoparsing in local media studies.

Conclusion

In pursuit of establishing a foundation for robust and accessible
local news geoparsing, this study has achieved four objectives: the
development of a framework to guide future media geoparsing
research, a comparative review of existing local media geoparsing
studies, the creation of an annotated dataset for geoparsing U.K.
local news and the implementation of a novel, scalable prompt-
engineering LLM geoparsing approach to achieve robust perfor-
mance without requiring resource-intensive fine-tuning. These
contributions, taken together, provide valuable resources and
insights to researchers working at the intersection of geoparsing
and local journalism. Building on these foundations, our work
enables the exploration of downstream applications of geoparsed
local news data. Ata spatial level, researchers could analyse how the
use of different toponym types (LOC, GPE and FAC) in local news
varies spatially and temporally, exploring theoretical implications
for understanding geographic and socio-political narratives. This
could reveal how political events, regional development and media
ownership shifts influence geographic references, offering insights
into how media reflects and shapes geographic hierarchies and
power structures. Another potential use case is analysing the
relationship between media ownership consolidation and the
geographic distribution of news content. By tracking location
mentions across outlets with varying ownership, researchers
can explore whether consolidation leads to homogenised or
skewed geographic reporting, potentially exacerbating pre-existing
inequalities. Finally, our approach can be used to examine the
impact of news deserts from a content perspective, quantifying
the spatial distribution of location mentions and its influence
on audience engagement, community identity and democratic
participation. By enabling these types of analyses, our work
can contribute to a deeper understanding of the relationship
between local news, geographic narratives and socio-political
dynamics. This, in turn, can inform policy decisions related to
media ownership, local journalism and community development.
In conclusion, this study provides valuable methodological tools,
data resources and empirical insights that advance the field of
local news geoparsing and open up exciting new avenues for
investigating the interplay between media, geography and society.

Supplementary material. The supplementary material for this article can be
found at https://doi.org/10.1017/chr.2025.10012.
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