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Preface 

Urban researchers now have access to vast amounts of textual data—from social media and news to 
planning documents and property listings. These textual data provide important information about 
the activities of people and organizations in urban environments. Meanwhile, recent advancements in 
computational tools, including large language models, have expanded our ability to analyze textual 
data. This article explores how these tools are reshaping the ways we analyse, understand, and 
theorise the city through text. By outlining key developments, applications, and challenges, it argues 
that text is no longer a ‘fringe resource’ but a central component in urban analytics with the potential 
to connect quantitative and qualitative researchers. 

Introduction 
Cities through structured big data 
The study of cities through a quantitative lens has, for the most part, been a story of abstraction and 
systematisation. While secondary data have long been used to systematically apprehend — and, in 
particular, manage — territory, improvements over the past two decades in our ability to obtain and 
analyse urban data at scale 1,2 seem to hold out the hope of a ‘science of cities’ 3. Indeed, Kitchin 
(2014) 4 connected the advent of ‘big data’ to paradigm shifts in the wider social sciences, signposting 
the clear potential for ‘grounded data’ from cities — here in a quantitative form — to produce new 
grounded theories of cities. Together with a parallel set of developments in digital platforms, 
computational power, and low-cost hardware we have seen a further acceleration in the already-
existing process of big data production (e.g. Arribas‐Bel & Reades, 2018 5).  

Perhaps the most notable feature of these new forms of big data, however, is their ‘accidental’ nature 
1: they come from the ‘data exhaust’ 6 of everyday urban life. For example, telecommunications and 
smart card travel data (e.g., Long & Thill, 2015 7) differ from previous sources of urban data because 
they are not collected and organised by enumerators, nor is the data in any sense quality-controlled. 
However,  these data are still fundamentally structured, and they could, resources permitting, have 
been harnessed at any point in the history of quantitative and computational social science 8.  

This does not apply though to unstructured data — principally, text and images — which presented an 
array of challenges — including of noise and complexity — that meant their analysis ‘at scale’ was 
largely undertaken by specialist groups or, more likely, corporate researchers. Specifically for text, the 
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hard work of grappling with unstructured textual data from cities for research purposes was usually 
allocated to qualitative researchers. However, recent advancements in computational tools for 
handling textual data, including large language models (LLMs), offer exciting new opportunities for 
studying cities through the lens of text 9. 

Technological advancements that enable the large-scale analysis of text data offer a new way of 
understanding cities beyond numerical analysis — through the words available from web pages, 
newspapers, social media, government and planning documents, real estate advertisements, and 
many others. This previously untapped resource offers an important complement to the prevailing 
quantitative modes that currently dominate urban analytics and city science, and can complement 
qualitative approaches to comprehending cities. 
This Perspective seeks to ground this opportunity in an introduction to the kinds of text and tools 
available to researchers, providing examples of the state-of-the-art in urban research while 
contextualising these applications in the broader framework within which this interest in textual data 
evolved. Such an approach cannot be exhaustive, but we have sought to critically — if briefly — 
examine these cases in a structured way, before turning to a sketching out of challenges and future 
directions. 
The mainstreaming of text in urban research  
While quantitative approaches to text in urban research are not new, the intersection of the 
availability of textual data ‘at scale’ with radical improvements over the past decade in the 
computational tools needed to analyse such data is an opportunity to transform our approaches to 
urban analysis. Indeed, it should be no surprise that Lazer et al.’s 10 updated conceptualisation of 
computational social science now “encompasses language, location and movement, networks, images, 
and video…” despite the majority of these sources being largely inaccessible to academe much more 
than a decade ago. 

However, with some important exceptions, we would primarily attribute the initial interest in text and 
cities to the expansion in geo-tagged user-generated data accessible to researchers; and it did not 
take long for geographers to begin exploring how such social media enabled novel approaches to 
everything from the geography of beer 11 to disaster management 12. Crampton et al. (2013) 13 , 
however, noted the need to look ‘beyond the geotag’ and Johnson et al. (2016) 14 showed how 
different forms of ‘localness’ manifested in geo-tagged content.  

These kinds of reflections helped to foreground a more general critique, rooted in parallel critiques of 
‘big data’ in general, of the essential (urban) biases of user-generated text and its perpetuation of the 
digital divide 15,16. Hristova et al. (2016) 17 are amongst the few to make a virtue of this bias in their 
research by drawing on the socio-economic profile of Twitter and Foursquare users to map 
gentrification in London.  

We are not suggesting that quantitative social scientists more widely had, until then, been ignorant of 
the potential of text: in addition to the above, ‘science mapping’ for policy and research purposes has 
long-engaged with text in sophisticated ways (e.g. Borner 2010 18), often with conceptual and 
interpretive input from geography (e.g. Skupin, 2004 19). Rather, our point is that working with a 
substantial corpus — that is, a collection of texts — using quantitative methods was just really, really 
hard: a supercomputer was required to train and apply the Self-Organising Maps algorithm to a 
keyword corpus drawn from two million abstracts 20. 

The surge in practical applications of text can therefore be linked to two recent developments: first, 
the discovery of novel text-modelling techniques that were expensive to train, but cheap to use; and 
second, the ability to perform useful calculations using the models trained in this manner. NLP 
techniques have evolved from simple keyword and syntax matching in the early days to sophisticated 
neural networks that ‘learn’ statistical patterns in documents — for words and, more recently, parts of 
words — to create ‘embeddings’ that represent words as (very) long numerical vectors. 
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Modern language models, including LLMs, are therefore typically trained on enormous corpora that 
make them relatively costly to develop (to say nothing of the copyright issues they thereby raise); 
however, once trained, these models can be used repeatedly and relatively inexpensively. Crucially, 
the learned relationships can then be used for analytically useful calculations: Mikolov et al. 21, for 
instance, showed that word embeddings enable the following types of calculation:  

King - Man + Woman ≈ Queen 

The reality, of course, is rather more complicated 22, and we’re not suggesting that a language model 
can understand Shakespeare or the latest national urban redevelopment policy, nor that it replaces 
the need for close reading and careful interpretation. But the release of ChatGPT in late 2022 showed 
just how far — and how quickly — the embedding approach has come in just a few years: unlike 
earlier models trained for specific tasks, ‘foundation models’ could not only perform a huge range of 
analytical tasks using a natural language interface, they could now generate new text in response to 
user input. 

The potential advantages of text over ‘traditional’ sources of quantitative data are far from being 
limited to their tractability in LLMs. Remotely sensed imagery, Census surveys, and traffic counts, have 
all been widely used in urban analysis, but they generally provide reach rather than richness. 
Previously, when there was a need for richness, researchers would necessarily turn to qualitative 
analysis, which inevitably impacted reach. The integration of modern computational methods and big 
textual data has the potential to overcome this duality 23. Text is also, in a sense, closer to being ‘raw 
data’ and this allows for more flexible research approaches and even for new questions to be asked of 
old data. For example, shifts in word usage or meaning that might only be visible in retrospect can still 
be identified and investigated later, whether that is a few years (e.g. Würschinger & McGillivray, 2024 
24) or several centuries (e.g. Taylor & Gregory, 2022 25) later. To be clear, scale alone does not address 
— and never has — the substantive critique of critical data studies that we must pay close attention to 
whose speech is recorded, but it does move quantitative research closer to the ‘raw’ data upon which 
it has always relied. 

Understanding Cities through Text 
So whether ‘born digital’ 26 or digitised later, textual data from Web pages, newspapers, social media, 
government documents, housing advertisements, and many other sources open up new windows for 
studying cities at scale through practices of ‘distant reading’ 27. Clearly, these variegated sources 
provide insight into the activities of people and organizations in urban environments and, critically, 
they potentially offer insights into the why questions (e.g., why people are happy or not happy about 
their living environments) that usually cannot be answered through remote sensing images or Census 
statistics. In this section, we seek to provide a sense of the studies that have already leveraged textual 
data to examine aspects of cities. This sample is not, and cannot be, exhaustive but it shows how 
textual data has an important role to play in advancing our understanding of cities. Readers interested 
in more systematic reviews may wish to read Fu (2024) 28 and Hu (2018) 29. 

Sentiments toward urban places 
The sentiments of people toward urban places was one of the earliest applications of modern text-
mining methods. Clearly, understanding whether people perceive restaurants, parks, neighbourhoods, 
or even entire cities, positively or negatively — as well as why such sentiments exist — has 
applications in urban planning and city management 30,31,28. While surveys and interviews have been 
traditionally used to study these aspects of urban life 32–34, they are often limited by the relatively 
small sample sizes and the costly data collection process. The availability of social media and online 
review corpora provides alternative means of understanding sentiments from large numbers of 
individuals in a timely manner. 
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Sentiment analysis seeks to automatically classify input text as, for example, positive, neutral, or 
negative. There are two main types of sentiment analysis methods: lexicon-based and Machine 
Learning-based (ML). The former uses a kind of dictionary of pre-defined sentiments, such as Affective 
Norms for English Words (ANEW), and does not require labelled training data. Considering the ways in 
which expressive norms differ between, for example, formal letters and social media highlights the 
difficulty of applying sentiment lexicons across domains 35. ML methods can better reflect domain-
level differences, but require labelled training data that can be hard to obtain. It is also possible to 
combine the lexicon and ML methods in hybrid approaches, e.g., by using a sentiment lexicon as one 
of the input features to a ML model 36.     

A variety of studies have used textual data and lexicon-based sentiment analysis to understand cities. 
Hu et al. (2019) 37 used both lexicon-based and machine learning-based approaches in an analysis of 
online neighbourhood reviews to understand the perceptions of people toward their living 
environments. Zou et al. (2019) 38 studied sentiment disparities on Twitter around Hurricane Harvey. 
Huang et al. (2023) 39 also analyzed Twitter data to re-examine urban vitality and Jacobs’ urban form 
theory. Fu et al. (2024) 40 leveraged ChatGPT and textual feedback data to examine the sentiments of 
citizens in response to a proposed local plan change in Hamilton City, New Zealand.  

We caution, however, that the accuracy of sentiment analysis is often affected by ‘technical’ 
limitations such as failing to detect sarcasm. While recent LLMs have mitigated those limitations to 
some extent, they also introduce new issues such as biased results due to unbalanced training data. 
Nevertheless, sentiment analysis can still be a useful approach when augmented by other data 
sources and human feedback to improve accuracy.  

Place names in cities 
Place names, including the names of local restaurants, parks, streets, and neighbourhoods, reflect 
local cultures, histories, influential families, natural and manmade landmarks, are all forms of text 
embedded in the cityscape 2,41. Place names have historically been studied in human geography via 
case-by-case examinations and qualitative approaches 42,43, but automated extraction and geolocation 
from larger corpora opens up new research avenues and extends existing ones to larger spatial and 
temporal extents. 

Again, little of this is necessarily ‘new’, since geography researchers have long worked on methods to 
extract and disambiguate place names from texts more accurately 44. The long-standing approach — 
which remains relevant because place names extracted from documents are still only character strings 
and do not magically gain point, line, or polygon features — is the gazetteer, which is a large, 
dictionary-like database of place names, place types, and their associated spatial footprints 45.  

However, gazetteers are necessarily only as comprehensive as their creators, and Named Entity 
Recognition (NER) tools — such as the Stanford NER tool — offer a more flexible way to extract spatial 
features and relationships. Examples of the latter include ensembles of NER tools 46,47, spatial pattern-
based place name disambiguation 48,49, and methods based on deep neural networks such as 
Bidirectional Encoder Representations from Transformers 50,51 as well as more recent LLM-based 
methods 52,53.  

Applications of these techniques have explored the influence of local cultures and surrounding 
geographic features on place naming in cities 54; the identification of colloquial place names which 
might be relevant in disaster contexts 55; the “nearby” exaggeration of places in real estate in cities 56; 
information diffusion among cities 57; and the evolution of place names in historical archives 58.   

Neighbourhood changes and housing 
The emergence of location-based, user-generated, and social media data sources has been particularly 
promising for the study of neighbourhoods, since it is more timely than traditional census or 
administrative survey data, and paints a complementary picture of neighbourhood perception and 
marketing 59. Initial research provided alternative indicators of the popularity of a neighbourhood 
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through counts of  visitors Tweeting from a neighbourhood 60, changes in the number or type of 
businesses captured from web-scraped Yelp data 61, or ‘check-ins’ on social media sites like 
Foursquare 62. These applications demonstrated the potential to detect socioeconomic change in a 
neighbourhood; and the contemporaneousness of the data held out the possibility of ‘nowcasting’ 61 
changes as they were occurring, rather than waiting months or years for retrospective administrative 
data. 

More recently, researchers have moved from merely measuring where activity is occurring to 
analysing the text so as to better apprehend the discourses surrounding neighbourhoods. For 
example, text analyses of Airbnb advertisements 63, Yelp restaurant reviews 64,65, and real estate 
advertisements 66,67, all highlight how neighbourhoods are marketed in ways that shape the flow of 
consumers, tourists, and residents 64. This research shows differences in the language of marketing 
materials by neighbourhood racial composition, with a disproportionate mentioning of cultural 
consumption amenities, like restaurants, and walkability in primarily White neighbourhoods 68 or by 
White AirBnB hosts in Black neighbourhoods 63.  

In addition to providing important contextual insight into the ways that language may shape or reflect 
neighbourhood perception and change, research has shown that including words describing 
properties and neighbourhoods improves the performance of house price models 69. NLP enables 
additional ‘features’ — in the sense of property attributes — to be extracted from descriptive text, 
allowing connections to be made to the value attached to off-street parking, river views, or a large and 
well-landscaped garden 70. More sophisticated models also allow us to group attributes and explore 
commonalities across models even where word choices differ 71, as well as to (crudely) distinguish 
between subjective and factual statements about a property listing 72. When grounded in geography, 
these approaches show enormous promise in developing a more nuanced understanding of what 
people in different places and times value in a home. 

Neighbourhood change can also be examined through the lens of the built environment. Housing 
renovations, demolitions, and construction all point to flows of capital into a neighbourhood, a key 
indicator of gentrification. Historically, obtaining this type of building information has been arduous, 
especially for multiple cities. Lai and Kontokosta (2019) 73 demonstrate the application of NLP and ML 
to read and classify construction and building permit documents to create a multi-city database of 
these types of projects. Similar efforts have used NLP, including LLMs, to read and analyze zoning data 
74,75. Brinkley and Stahmer (2021) 76 called for a more coherent planning framework after identifying 
that housing topics were missing from hundreds of planning documents in California by using NLP; and 
Brinkley and Wagner (2022) 77 further assessed environmental justice using these documents. As Fu 
(2024) 28 highlights, information extraction and summarisation of policy documents is the most 
common usage of NLP in urban planning research. These examples demonstrate the potential of NLP 
to fill in key data gaps for indicators that are often collected inconsistently across cities, and that may 
not be available in a spatial data format.  

Institutions and economic activities in cities 
Although all texts are, ultimately, written by individuals (pace the advocates of LLMs), there can be an 
institutional layer to authorship which is also of interest to urban researchers. Documents from 
businesses, government, and Third sector organisations — including from websites, briefings, and 
published accounts — provide opportunities to understand cities from institutional perspectives. Local 
policy documents, political speeches, and court proceedings carry an institutional weight that should 
make them a priority for interrogating power itself, and this is an area almost completely lacking from 
quantitative research (see D’ignazio & Klein, 2023 78 for a notable exception). Thomas et al. (2024) 79 
used NLP to ‘read’ court records in order to map and analyse evictions; their case study in the State of 
Washington, USA revealed substantive racial and gender disparities. Similarly, Gromis et al. (2022) 80 
constructed a US-wide eviction database to assess the state likelihood for a household to experience 
eviction, though this too foregrounds issues of sample bias in what is, and is not, recorded (see, for 
example, issues raised by Nelson et al. 2021 81 and Summers and Steil 2024 82). 
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All such work relies on knowing where to source the data, and Cai et al. (2023) 83 built and released a 
valuable database containing the websites of all 19,518 municipalities in the US to serve as a 
foundation for systematic textual analysis of administrative ‘speech’ and self-description. Other types 
of organisational self-description offer an equally valuable means of capturing the content and the 
micro-urban geographies of economic activities: Stich et al. (2023) 23 used an archive of company 
websites to infer detailed economic activities — and their evolution over time — within London’s 
Shoreditch start-up area. These findings matched those from extensive, in-depth qualitative studies, 
and Occhini (2024) 84 employed a similar approach to map and model the clustering of digital 
economy companies across all of London. Adjacent disciplines, such as regional economics, have been 
making use of patents 85, newspapers 86, and websites 87 to develop geographies of innovation.  

Beyond Text 
Much of what we have described above in terms of how text is approached by computational models 
has parallels in spatial analytic frameworks using text as an analogy. We are not the first to note the 
potential for correspondences between cities and texts: from words to points-of-interest, and from 
paragraphs to neighbourhoods . This slippage was exploited by algorithms such as Place2Vec 88 and 
Loc2Vec 89 which learn ‘place embeddings’ as a novel route to categorising places ‘by the company 
they keep’. Similar work has drawn on the predictive aspect of embeddings (given this word, what is 
the most probable next word in this sentence?) to improve trajectory prediction (given this origin, 
what is the most probable next location in this journey?) in urban environments (e.g. Woźniak & 
Szymański, 2021 90 and Du et al., 2018 91). LLMs appear to perform particularly well in this regard, 
highlighting the extent to which the uses of text modelling methods are not limited to textual data per 
se and the potential tractability of phenomena that can be (re)conceptualized — or analogised — 
through text.  

Challenges and Possible Future Directions 
While we are profoundly excited by the potential range and scope of transformative applications for 
NLP and text in quantitative urban research, this potential does not come without risks. Because so 
much of NLP now builds on neural-network architectures, questions about the processing and training 
of data, its suitability and representativeness, and the underlying ‘black box’ nature of such 
approaches raise significant challenges for open, trustworthy, and reproducible research. 

The challenge of training data speaks to the lack of appropriately labelled data to train text models 
for more specialised applications. Because textual data was not initially intended for urban research, it 
is often difficult to find relevant, ‘gold standard’ manually-annotated data; but without human 
feedback, the trained models are much more vulnerable to learning the ‘wrong’ lessons from the data. 
Urban researchers must thus ask: how can we train text models effectively in the absence of labeled 
reference data (or the money to annotate our own)?  

One obvious route is to increase our ability to create labeled datasets more efficiently and, for 
example, Sun et al., (2025) 92 developed a data annotation tool to help annotators label location 
descriptions in text much more efficiently. Another approach is to use weakly-supervised learning 
methods such that, instead of labelling the entire training data set, researchers initialise classes with 
seed words which help the model to iteratively learn synonyms and refine classes 93,94. So-called 
transfer learning might then help these models to be redeployed across urban contexts; however, this 
again raises thorny issues of context and appropriateness that have no ready answer. 

The challenge of circularity highlights the fact that, while it is well-understood that research is rarely 
linear, there is nonetheless a clear progression from inputs to outputs with the distinction between 
them being fairly obvious. Generative AI and LLMs have erased this boundary as the outputs of one 
model can then be re-used as the input to another 95. The errors and biases of LLMs can thereby 
propagate in unpredictable ways; worse, the automation of ‘user-generated content’ through LLMs 
and chatbots further muddies the waters as to what, exactly, we are even studying.  
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This uncertainty prompts the following research question: can we recognise the fingerprints of LLMs in 
user feedback and control for the kinds of bias they might introduce to urban analysis undertaken with 
LLMs? The answer to such a question is clearly likely to depend on the nature of a particular study, but 
future research will certainly need to explore how to detect text generated by LLMs 96. These issues 
are particularly germain where questions of policy-formation or popular preference are in play in 
contested urban contexts.  

The challenge of noise stresses the complex effects of scale in textual analysis: traditional topic 
modelling seeks to categorise documents on the basis of word co-occurrence, but some — or, indeed, 
many — of these occurrences are simply a function of data volumes. As big data enthusiasts well 
know, given enough samples almost any relationship can appear statistically significant! Again, LLMs 
are typically more robust to this kind of noise because of the way they are trained, but that does not 
mean that they are immune. This prompts research on the question of how to ensure that attention in 
text models focuses on the elements of a document that are important to the study and mitigates the 
impact of noise?  

Real estate listings, for instance, are surprisingly complex documents because they are highly 
compressed both literally — in the sense of making intensive use of abbreviations and other 
standardised forms that mean a good deal more than they say — and figuratively — in the coded use 
of language to signal particular features (or their absence) to potential buyers or renters. Moreover, 
the signal may well vary geographically: the adjective ‘cozy’, for instance, carries different valences for 
detached properties in a scenic area and urban rental units. Future research will need to explore how 
human feedback can augment the model training process (perhaps in conjunction with other cues 
such as the metadata or tags linked to online documents) to help text models focus on, and 
distinguish between, the things that we know are important.  

This brings us to the challenge of no-human-in-the-loop in the use of large, pre-trained models to 
perform a variety of research tasks cheaply. LLMs are enormously promising for annotating and 
classifying large amounts of textual data without the need for expensive labeled data (zero-shot 
models). Recent work suggests that LLMs can almost match results obtained using experienced 
annotators 97, and Park et al. (2023) 98 showed that they can even help to generate plausible 
behaviours for Agent Based Models that interact with one another using natural language and use 
‘memories’ of past choices and preferences to ‘plan’ future activities.  

These are clearly potentially ‘game changing’ applications of LLMs, but they beg the question: how can 
we even begin to understand and mitigate the risks of no-human-in-the-loop data analysis? We should 
seek to preserve the uncanniness of these outputs lest we develop a false sense of security in the 
validity of their ‘findings’. Future research will need both to find effective ways to validate LLM-based 
data, code, and results so as to mitigate the very real risks (e.g. hallucinations), and to keep bringing 
humans back into the loop when it might seem quicker and easier to exclude them 99. 

Finally, the challenge of theory points to the fact that many applications of text-mining to urban 
problems lack an engagement with theory. Do we let the text ‘speak for itself’ or do we need to 
contextualise textual modelling within an urban theoretical framework? Clearly, we think it’s the 
latter, not only because of the well-established social science arguments about the importance of 
theory (e.g. Kitchin, 2014) 4, but also because of the myriad challenges detailed above.  

The kinds of ethically and statistically inappropriate, theory-free applications proposed for structured 
‘big data’ do not disappear with the use of ‘big text’, they are likely to be much worse. We therefore 
ask: how can we best leverage and advance theory in text-based urban studies? To this end, future 
research will need to explore how best to integrate computational and qualitative textual methods, 
perhaps using the former to apprehend the outlines of a phenomena ‘at scale’ and the latter to dig 
deeper at sites selected for their representativeness or divergence from ‘the norm’. We hope such 
integration might enable significant advances in urban theory without appearing to imply the death of 
close reading.  

https://www.zotero.org/google-docs/?eL532I
https://www.zotero.org/google-docs/?qdarAH
https://www.zotero.org/google-docs/?mHLKrZ
https://www.zotero.org/google-docs/?6MmtOa
https://www.zotero.org/google-docs/?Wz4jez


8 

Conclusion 
This Perspective was motivated not by the idea that quantitative researchers had been entirely 
ignorant of the value of text or existence of large corpora, but by the fact that many of the preexisting 
barriers to their widespread use have fallen away under the impact of, first, a trickle of techniques 
such as topic modelling and named-entity recognition and, now, the deluge of LLMs. It was not our 
purpose to provide a systematic review of ‘urban text’ or NLP methods, rather we wished to share our 
excitement about the emerging opportunities while stressing the ongoing importance of domain 
knowledge grounded in theory when researchers might be tempted to ‘see what the (textual) data 
say’.  

We have explored both the types and, importantly, the attributes of textual data for cities, and 
discussed the applications—what we can learn about cities through text—and outstanding conceptual 
challenges in dealing with such data. We juxtaposed this strand of empirical urban research to well-
rooted epistemological discussions about the richness of qualitative studies vis-à-vis the reach of 
quantitative research based on more traditional data sources.  

What became clear is that analysing text at scale to answer urban questions stretches disciplinary 
boundaries. Urban researchers have always been active interpreters and ‘choosers’ of data, but the 
complex source and nature of urban textual archives foregrounds the importance of this 
consideration. As (primarily) geographers and urban planners in interdisciplinary research groups, we 
are well-versed in the debates surrounding extensive and intensive methods, and the combining of 
sources of data traditionally used in one discipline with methods traditionally used in another; 
however, we would argue that this dynamic stresses the subjectivity of all data analysis in ways that 
should empower researchers to learn from one another. 

Looking forward, text analytics is fast-becoming a staple in our urban methodological toolkit, and AI 
developments will reinforce this trajectory by enhancing our capacity to extract new (urban) 
knowledge from textual data. At the same time, generative AI has already become disruptive and, if 
one thing is certain, it is that urban researchers will not be able to address such challenges on their 
own. Instead cross-fertilisation with cognate disciplines is a necessity. 
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