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A B S T R A C T

This paper presents a novel framework for analysing urban activities as spatiotemporal patterns using Location- 
Based Social Media (LBSM) data. The methodology integrates the spatial, temporal, and semantic dimensions of 
geolocated tweets to investigate cities as Complex Adaptive Systems (CAS) and their relationship with urban 
form. By combining spatiotemporal clustering (ST-DBSCAN) and topic modelling (LDA), the framework uncovers 
dynamic activity patterns shaped by top-down mechanisms and bottom-up self-organizing behaviours. A custom 
tool and Graphical User Interface was developed to support data exploration and experimentation, enabling the 
contextual analysis of activity clusters. The framework was tested in Manchester City Centre as an exploratory 
case study, focusing on the impact of Covid-19 lockdown measures as a significant disturbance. The results reveal 
how urban characteristics, urban form, and social behaviours influence activity levels and patterns, demon
strating fluctuations that highlight different degrees of adaptability. By exploring cities as hybrid urban-digital 
spaces, this approach provides an alternative approach for understanding cities as CAS, linking space to place 
and for exploring adaptive behaviour. The paper concludes by reflecting on the framework, use of LBSM for 
researching cities, and outlining directions for future work of comparing cities and integrating alternative data.

1. Introduction

Cities are Complex Adaptive Systems (CAS) that emerge from a 
multiplicity of interactions between actors with and within the built 
environment. The presence of certain land-uses and urban conditions 
facilitate certain types of interactions, which evolve over time. This is 
what Alexander et al., 1977 refers to as types of urban spaces supporting 
certain types of actions, and in turn actions give rise to different activ
ities. As such, human activities and urban form of the city are highly 
interrelated. Local types of business, neighbourhood quality, platial and 
community relationships also impact how people use cities (Jacobs, 
1961). Research into this interrelation, also framed as urban form and 
function in recent literature, seeks to understand how people interact 
with and within cities (Crooks et al., 2015, 2016; Jenkins et al., 2016; 
Smith & Crooks, 2010; Stefanidis et al., 2013). Urban form in this 
context typically refers to the shape of the city as a physical artifact, 
while urban function is more broadly defined as it relates to different 
definitions of social interactions and use.

Urban function is typically defined in a broader sense, whereas urban 
activities relate to more specific human behaviours. For example, Yuan 

et al. (2015) refer to urban functions as classifications of uses that meet 
people’s different activity needs. The classifications inferred from their 
research include residential, historical interests/parks and commercial/ 
entertainment areas. Crooks et al. (2015) define urban functions as the 
aggregation of activities that occur in urban spaces. Ye et al. (2021)
follow a similar definition of functions as recurring patterns of activity 
over time. From these definitions, urban activities are defined as more 
specific types of spatiotemporal social interactions, rather than static 
classifications such as land use. Urban activities have also been shown to 
be closely related to the collective sense of place when explored through 
new data sources (Jenkins et al., 2016). Despite recent advancements in 
the literature, approaches to capture urban activity patterns at high 
spatial and temporal resolutions is still lacking (Niu & Silva, 2020). In 
this paper, place is analysed through spatiotemporal urban activities 
that occur within urban form as space. To better understand how urban 
activities and urban form are interrelated, this paper introduces and 
demonstrates a novel framework using Location Big Data (LocBigData) 
and clustering machine learning methods.

High-resolution LocBigData generated by human interactions enable 
research into urban activities. LocBigData refers to Big Data generated 
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through sensors capturing human activities spatially and temporally 
through mobile networks, GPS, Location-Based Social Media (LBSM), 
location-based services, smart card travel, beacon log and camera im
agery data (Huang et al., 2021). Terms such as Volunteered Geographic 
Information (VGI) (Goodchild, 2007), Ambient Geographic Information 
(AGI) (Crooks et al., 2013), Citizen Contributed Geographic (CCGI) in
formation (Haklay, 2013) etc. are used in the literature to describe 
different types, applications and processes of using such data, expanding 
its definition from data captured through sensors to include indirect or 
implicit data through geo-stamps (Ballatore et al., 2024; Crooks et al., 
2016). This new data environment offers the analytical possibilities to 
better understand the complex interactions between people with and 
within the built environment. Through the use of such data, as a digital 
“exhaust” of complex human interactions, the development of new 
methodologies can help provide alternative understandings of how cities 
function (Batty, 2016). This paper reviews different types of LBSM 
identifying tweets as a valuable data source for capturing dynamic urban 
activities, and tests a new framework that extracts spatiotemporal and 
semantic information to analyse urban activities as patterns of complex 
interactions over time.

Viewing the city as a CAS provides a framework for analysing 
intricate bottom-up interactions as patterns that adapt to external in
fluences. Holland (1992) defines CAS as systems composed of interde
pendent components that adapt, exhibiting emergent aggregate 
behaviour in response to internal and external mechanisms. For cities, 
this theoretical framing aims at uncovering relationships between urban 
spaces, places and urban activities, and how top-down and bottom-up 
mechanisms influence them (Sengupta et al., 2016). Portugali (2006)
argues that complexity holds the solution to bridge the gap between the 
“hard” quantitative and analytical space, and the “soft” place-based 
research from the humanities and social sciences. In the context of this 
paper, space represents urban form and conditions, whereas place re
lates to urban activity interactions. This complexity perspective helps to 
understand how local interactions give rise to aggregate behaviour as 
collective emergent patterns and adaptations over time for better urban 
planning (Rauws & De Roo, 2016). The Covid-19 pandemic has been 
shown to impact and change patterns of national population movements 
(Rowe et al., 2023). However, a methodology has not yet been devel
oped to explore local fast dynamics of urban activities and adaptation in 
relation to such disruptions.

To conduct this research, geolocated tweets are collected, filtered, 
structured, and analysed using a custom-built tool as a methodological 
construct. This construct consists of three layers: a data source layer, a 
data analysis layer using bottom-up machine learning methods, and a 
Graphical User Interface (GUI). The construct is used to process activity 
patterns capturing count, size, locations and temporal fluctuations. The 
city of Manchester was selected as an exploratory test case to verify the 
methodology and demonstrate an alternative approach to analysing city 
dynamics. The analytical outcomes are demonstrated as urban activity 
patterns correlated with the Covid-19 lockdown measures and bottom- 
up changes in social behaviour. By presenting and testing this new 
framework, further discussions on using LocBigData to analyse, plan and 
design cities can be advanced.

The sections hereafter are organised as follows: The second section 
reviews work related to LBSM data and associated methodologies. The 
third section presents the novel methodology and research tool devel
oped enabling the exploration of urban activity patterns. The fourth 
section introduces Manchester as an exploratory test case, and presents 
results generated through the tool. The fifth section discusses the use of 
LBSM for analysing cities as CAS, linking urban form and activities and 
future work for improving and applying the methodology. The sixth 
section summarises and concludes the paper.

2. Location-based social media and urban activities

Two main methodological considerations in using LBSM for this 

paper are included in this review. The first subsection reviews LBSM 
data sources based on an understanding of their generating mechanics 
and research use. The second subsection reviews methods for analysing 
urban activities.

2.1. Review of LBSM and their research use

Digital technologies such as GPS enabled mobile phones are 
becoming part of everyday life, mediating social interactions and 
generating digital traces as outputs (Ash et al., 2018; Kitchin & Dodge, 
2011). Due to this shift, digital technologies, and data generated from 
daily activities and interactions, have become intertwined merging 
digital and urban space into a relational and multidimensional hybrid 
spaces (de Souza e Silva & Sheller, 2014). While urban and digital spaces 
were seen as separate previously (De Roo & Yamu, 2017), hybrid space 
present more complex relations blurring boundaries (de Souza e Silva, 
2006; McLean, 2020). Analysing cities through LBSM, a better under
standing of how people interact daily and engage in place-making be
comes possible (Halegoua & Polson, 2021). Therefore, studying cities as 
physical spaces alone is insufficient. Instead, understanding cities as 
places that are socially co-produced and change over time through 
digital and urban interactions is needed (Halegoua, 2020). Cities as 
hybrid spaces provide an alternative approach to analysing urban spaces 
as reproduced, experienced and enacted (de Souza e Silva, 2009; Sen
gupta et al., 2020). The digital traces of complex interactions within 
cities as fast dynamics are captured through various LBSM digital 
platforms.

LBSM as digital traces can be used to understand complex social 
interactions, enabling possibilities for exploring how cities as CAS 
function. Different sources of LBSM capture different dynamics and 
therefore can be used to explore different research questions. Reviewing 
the generative mechanics of different location-based platforms enables a 
better understanding of how these data sources can be used to study 
different urban behaviours (Sengupta et al., 2020). The review of 
different LBSM platforms involves relating the platform mechanics to 
their research utility. This generates a better understanding of the types 
of LBSM and research purposes (see Table 1).

Different LBSM digital traces are generated through different be
haviours and mechanics, producing distinct spatiotemporal traces con
taining different types of data. Image-based LBSM such as Instagram and 
Flickr tend to be useful in understanding how cities are perceived 
through cameras to study areas of attractions/interest (Hu et al., 2015; 
Kuo et al., 2018; Martí et al., 2019). The content of these images is 
usually directed at physical objects and locations which make it difficult 
to extract activity information from photos and their metadata. The 
photo sharing mechanics of these platforms have been used to research 
and explore how people are attracted to different urban areas, even in 
the absence of precise geo-coordinates (Burgos-Thorsen & Munk, 2023). 
Foursquare is based around geographically located data in the form of 
Points of Interest (POI)s corresponding to businesses, landmarks, ame
nities, etc. This mechanic means users can access comments, tips and 
ratings from other users to inform their travel behaviour. In this sense, 
Foursquare presents a collective mapping and reviews of city POIs that 
can be used to understand economic spatial structures, quality of ser
vices and activities through check-ins (Martí et al., 2019; Zhan et al., 
2014). Facebook digital traces can be used to explore social network 
interactions through posts, discussions, and debates, offering insights 
into user and community perceptions, opinions through social network 
analysis. Facebook groups as a unique platform mechanic also enables 
research into communities linked to geographic locations identified 
through groups names (Ballatore et al., 2024; Madsen, 2023), providing 
insights into digital place-making and alternative understating of urban 
spaces and places.

Twitter as a platform is distinguished from other LBSM data sources 
in its research utility for analysing urban activities. Users of Twitter 
contribute short messages which can be geolocated, directly through 
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coordinates or indirectly through data content and hashtags. Textual 
content of Tweets can be analysed through Natural Language Processing 
(NLP) algorithms that offer a more direct understanding of topics and 
activities spatially (Martí et al., 2019), as opposed to images in the case 
of Flickr and Instagram. Previous research has demonstrated the value of 
using Twitter data for analysing mobility patterns and travel to work 
(Osorio-Arjona & García-Palomares, 2019), investigating impacts and 
discourses of Covid-19 (Bisanzio et al., 2020; Huang et al., 2020; Iran
manesh & Alpar Atun, 2022), understanding emergencies and natural 
disasters (Martín et al., 2020), for developing indicators of happiness 
and poverty (Nguyen et al., 2016), geodemographics (Longley & Adnan, 
2016), and public discourse over time (Lansley & Longley, 2016). The 
content of Twitter messages has been shown to contain rich qualitative 
information which can be processed into new types of analytical out
comes for analysing cities and their complex dynamics in various ways.

Geolocated tweets are a versatile data source demonstrated through 
different research applications. However, there are challenges when 
working with LBSM data generally (Huang et al., 2021), and specifically 
for different platforms. One of the main challenges often cited is the lack 
of representativeness. Twitter has been shown to be non-representative 
for traditional research use (Mislove et al., 2011). However, geolocated 
tweets offer the opportunity to gauge disaggregated citywide dynamics 
over short time horizons and are semantically rich (Batty, 2013). 
Moreover, tweets offer an opportunity to explore cities as hybrid spaces, 
where their subjective nature presents alternative analytical possibilities 
(Burgos-Thorsen & Munk, 2023). Research using LBSM data have been 
shown to be useful in better understating city life, which otherwise is not 
possible (Madsen, 2023; Madsen et al., 2022). This cannot be achieved 
by alternative traditional data sources, offering new opportunities 
beyond cross-sectional and expensive traditional invasive surveys. The 
opportunity that arises from using LBSM as digital traces of social in
teractions lies in better understanding cities through patterns, rather 
than causal modelling.

2.2. Methodologies for analysing urban activities

Research utilising LBSM data has been growing rapidly in recent 
years, with different methodologies applied to explore the relationship 

between urban form and urban activities. Jiang and Ren (2018)
employed a Page Rank algorithm to describe the city’s structure and 
hierarchy of centres using Twitter data. This approach can help reinforce 
or explore current perceptions of polycentricity, revealing new centres 
according to social media activity. Twitter data has also been used to 
understand sentiments as temporal sentiment fields (Kovacs-Gyori et al., 
2018; Resch et al., 2016). Xing and Meng (2018) combined a supervised 
Random Forest method with an unsupervised Latent Dirichlet Allocation 
(LDA) topic modelling method to extract functional regions such as 
residential, public, industry, and commercial classifications, although 
used here for static classifications.

Explorations of temporal dynamics using LBSM data have also been 
conducted in different ways. McKenzie et al. (2015) used supervised 
Support Vector Machines and unsupervised LDA to understand the 
changes in Foursquare POI over time. Despite the lack of long-term POI 
data, observations on how the city changed over time through changes 
to the POIs were made. Hochman and Manovich (2013) visualised 
Instagram posts/images using their spectral data and temporal metadata 
by plotting over 30,000 posts in various ways revealing patterns and 
networks of activities, urban areas of interest, and user interactions. 
Urban dashboards have also emerged as a central topic to smart cities 
(Stehle & Kitchin, 2020), however this is typically designed for higher 
level observations such as time series for stakeholders. Social sensing is 
another approach used to understand socioeconomic environments. Liu 
et al. (2015) use this approach to understand spatial interactions by 
combining taxi, social media, mobile phone, into a discrete grid to 
analyse spatial patterns. Niu and Silva (2023) have used deep learning to 
infer Twitter age and gender demographics of users and highlighted 
their spatial differences using cluster cells. Urban Areas of Interest have 
been studied through snapshots using vague boundaries as a way to 
group individual POIs into polygon representations as collective 
perception mapped onto urban space (Hu et al., 2015). This approach 
based on a Density-Based Spatial Clustering of Applications with Noise 
(DBSCAN) method has been shown to be successful in capturing useful 
boundaries while ignoring outliers, but does not include time as an 
additional clustering dimension.

Geolocated tweets have also been used for event tracking and 
detection (Cheng & Wicks, 2014; Huang et al., 2018; Zhang & Eick, 

Table 1 
Platform mechanics of different LBSM data and their research use.

Foursquare (Points of 
Interest)

Flickr 
(Photography photo-sharing)

Instagram 
(Lifestyle photo-sharing)

Facebook 
(Social networks and communities)

Twitter 
(Micro-blogging)

Sample of Research Use
Land use analysis (Zhan 

et al., 2014) 
Urban deprivation 
(Quercia & Saez, 2014) 
Local habits and social 
behaviour (Martí et al., 
2019)

Urban areas or regions of interest 
(Hu et al., 2015; Kuo et al., 2018) 
Patterns of use (Li et al., 2013) 
Flickr tags and land use (Yan 
et al., 2019)

Data Imaginaries (Burgos- 
Thorsen & Munk, 2023) 
Urban reading (Hochman & 
Manovich, 2013) 
User and group profiles (Boy & 
Uitermark, 2016; Martí et al., 
2019)

Political Diversity (Madsen, 2023) 
National migration patterns (Rowe 
et al., 2023) 
Place-named groups as 
communications (Ballatore et al., 
2024)

Mobility (Osorio-Arjona & García- 
Palomares, 2019) 
Demographics (Longley et al., 2015) 
Event detection (Crooks et al., 2013)

Main Platform Mechanics
– POIs contributed by 

individuals and 
businesses.

– Predefined categories 
are attributed to POIs.

– Precise coordinate 
geolocation enabled.

– Photo sharing platform
– Geolocated (tagging places and 

precise geolocation) posting of 
images.

– Content typically focuses on 
photography hobbyists and 
professionals.

– Predominately image and 
video sharing platform.

– Geolocated (tagging place) 
posts.

– Content typically focuses on 
personal lifestyle captures.

– Social groups and networks 
interact through text pots and 
content sharing.

– Geolocated posts and check-in to 
places and events

– Contents generated through social 
exchanges using diverse content 
and interaction types

– Predominately text-based
– Geolocated (tagging places and 

precise geolocation) posting of 
micro-blogs.

– Geolocated content typically 
sharing of activities, thoughts, 
opinions, and business marketing.
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2019). Such approaches have used space-time statistics, LDA topic 
modelling, clustering, and classification techniques such as density and 
contour-based methods. However, this research uses tweets to analyse 
and identify the occurrences of major events, rather than explore tem
poral and spatial patterns of interactions in relation to urban form. 
Moreover, event tracking and detection research focuses typically on 
large one-off events in cases of emergencies such as earthquakes (Crooks 
et al., 2013). Alternative approaches use dynamic topic modelling to 
track how salient topics discussed on social media are mapped on a 
regional scale (Yao & Wang, 2020). Neural Networks (Self-Organizing 
Maps) have also been used to provide semantic characteristics to tweets 
(Steiger et al., 2016). Jenkins et al. (2016) paper presents an approach to 
analyse urban places through tweets using LDA modelling. The six static 
classifications of recreation, business, education, entertainment, sports, 
and politics were used to give context to locations using the Getis-Ord Gi 
statistic.

Various methodologies have been used to explore different types of 
LBSM for different research topics. The methodological gap to be 
addressed in this paper lies in using geolocated tweets to understand 
urban activities as spatiotemporal patterns of complex behaviour over 
time. The activity patterns produced as new data outcomes as geome
tries for exploring adaptation, rhythms, spatial distributions, counts, 
sizes, locations and context rather than points or data aggregations. 
These types of outcomes can provide a useful contribution in under
standing of urban activities as adaptive and complex, which are not 
readily available through traditional approaches. The outcomes can 
then be analysed in context to understand how top-down influences and 
disruptors such as Covid-19 restrictions impact bottom-up behaviour in 
cities as CAS. Current methods based on utilising LBSM data to analyse 
cities have not yet explored this framing.

3. Methodological development

This paper’s main contribution lies in the development and valida
tion of a novel framework to process tweets into dynamic urban activity 
patterns. As part of developing and testing the framework, a research 

construct as an interactive urban activities analysis tool was developed. 
By testing and experimenting with different data and methods, alter
native knowledge and understanding of cities can be obtained chal
lenging empirical notions (Madsen, 2023). This research approach, 
based in constructive research (Lukka, 2003), emphasises the impor
tance of knowledge produced through the process of developing new 
constructs and through it, new understandings.

The construct developed can be abstracted into three layers: data 
source, data analysis, and Graphical User Interface (GUI) layer (see 
Fig. 1). The data sources layer feeds filtered and structured tweets data, 
and integrates two other data sources, land use polygons and 3D 
building data, directly into the GUI as a visual underlay. The data 
analysis layer embeds the two machine learning methods to cluster 
tweets and label them with the activity they best represent. The GUI 
layer renders the data and enables patterns generated to be exported. 
The GUI also includes parameters that can be tested by the user to 
evaluate different data outcomes, and functions to quey textual content 
of clsuters and temporal filtering. The subsections below discuss the 
three layers of the tool developed in more detail.

3.1. Data source layer

The data source layer uses three datasets: OpenStreetMap (OSM) 3D 
building data (OpenStreetMap contributors, 2019), the Greater Man
chester Urban Historic Landscape Characterisation (GMUHLC) dataset 
for land uses (Redhead, 2012), and geolocated tweets. OSM and the 
GMUHLC data were selected due to their coverage and relevance to 
urban form and accessibility. OSM provides a three dimensional repre
sentation of the city, while GMUHLC offers rich insights into the func
tional and contextual characteristics. The OSM and GMUHLC datasets 
were accessed through download links and incorporated as an underlay 
into the GUI representing urban form. Geolocated tweets were collected 
through the free Twitter Application Programming Interface (API) ser
vice were used for capturing urban activity patterns.

Fig. 1. Research tool developed for capturing urban activity patterns from geolocated tweets. The tool comprises of three layers: Data source, data analysis and 
interactive graphic user interface layer.
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3.1.1. Twitter API access and representativeness
Recent changes to Twitter’s API access, including recent restriction 

of free tier usage, have created significant challenges for researchers. 
These restrictions are part of a broader trend, referred to as the “API
calypse” (Bruns, 2019), in which major platforms like Twitter and 
Facebook have increasingly limited API access to protect user data and 
prevent misuse. Prior to 2019, as part of Twitter’s free streaming API 
terms and conditions, Twitter allowed 1 % of their tweets to be down
loaded through their services. Since geolocated tweets make up a similar 
percentage of tweets, geolocated tweets could be filtered and directly 
accessed through the Streaming API (Longley & Adnan, 2016). In July 
2019, Twitter announced that it will be disabling the option to geolocate 
tweets directly through the twitter application as most users did not use 
the precise geotagging feature (Shu, 2019). Geotagging is still used and 
available through Twitter where people can tag to named POI locations 
linked to coordinates, but precise geolocating through the Twitter app 
was discontinued.

Precise geolocating features in Twitter are still available through 
third-party linked apps such as Instagram, Foursquare, and the Twitter 
camera features. Hu and Wang (2020) conducted an analysis of three 
large Twitter datasets and found that the discontinuing of precise geo
locating through the Twitter app was not a major loss for the research 
community. The data sets analysed by Hu and Wang (2020) revealed 
that between 8 % to 25 % of precise tweets came from the Twitter app 
directly, whereas 92 % to 75 % came from third-party applications. 
While the percentage of precise geolocated tweets have been reduced, 

geotagging to POIs are still available and used in this research in addi
tion to precise coordinates. A small percentage of tweets include geo
location metadata, raising concerns about representativeness. 
Geotagged tweets often come from younger, tech-savvy users or those 
engaged in public-facing activities, introducing bias (Mislove et al., 
2011). While this limits broader generalisation, Twitter remains a 
valuable dataset for analysing city dynamics.

3.1.2. Collecting and structuring tweets
The overall process from the API query to cleaning tweets in this 

paper is presented below (Fig. 2). The process involves weekly API 
queries, which filter and manipulate tweet messages and semantic 
content into an analysable format. The workflow for collecting tweets 
includes querying the Twitter servers, removing personal information, 
cleaning, and manipulating the data into a machine analysable data 
structure. Unnecessary and personal information such as Twitter han
dles are removed. Data is cleaned by removing duplicates and tweets 
with inaccurate geolocation information. Tweets from hyperactive 
Twitter accounts, often associated with bots, were excluded from this 
research to avoid skewing the data. While bots can provide valuable 
insights into digital spaces and patterns of information exchange 
(Marres, 2015), they were considered noise in this paper. This is because 
bots typically generate automated content that does not reflect urban 
activities.

The unstructured format of tweets, as human messages that can 
contain sentences and emojis, require processing into an analysable 

Fig. 2. Workflow of collecting tweets twice a week and processing into structured and machine analysable tokens.
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format as a list of individual tokenised words as vectors. The process of 
transforming words to vectors (Word2Vector) creates a list of important 
simplified words excluding stop words such as “the”, “and” or “a”. These 
simplified words are processed from the original format to exclude noise 
and unnecessary information. Words need to be transformed into vectors 
representing semantic meaning, and thus the process of structuring 
tweets into clean machine processable data is needed. This process uses 
the lemmatisation toolkits developed by Manning et al. (2014), and best 
practice examples from the literature (Lansley & Longley, 2016; Resch 
et al., 2018). The following stages were followed specifically for struc
turing tweets: 

1- Remove retweets: removing all retweets as they do not pertain 
to a specific location or activity in most cases.

2- Remove HTML links: links to other webpages are removed as 
they do not contain any analysable semantic information relevant 
to urban activities.

3- Remove handles: the handles of any other accounts included in 
the tweet are removed as they do not contain any activities 
information.

4- Remove punctuation and hashtags: full stops, question and 
exclamation marks for example are characters which do not hold 
any semantic information in themselves.

5- Remove spaces and tabs: extra spaces are removed as their in
clusion as a character would identify them as a different word and 
would skew the analysis.

6- To lower case: the text is all transformed into lowercase, as 
words containing uppercase letters would be processed as a 
different word skewing the analysis.

7- Remove words less than three characters: these words are 
often overused and don’t hold useful semantic information.

8- Remove words more than sixteen characters: words with 
more than 16 letters are often mistakes or very specific words 
which could skew the analysis.

9- Remove duplicate tweets: some tweets can be duplicated and 
are removed to prevent skewing the topic modelling.

10- Remove tweets less than three words long: three word tweets 
contain insufficient semantic information which can skew the 
analysis.

11- Remove tweets with low geographic accuracy: removing 
tweets with coordinates less than four decimal places as these are 
not precise enough.

The API returned around 140 million tweets between September 
2019 and January 2023 for a search radius containing Greater Man
chester. Based on the data processing steps of filtering tweets using 
geolocation and text-based rules, a total sample of 141,002 tweets in 
Greater Manchester were obtained and used to develop the methodology 
and demonstrate results.

3.2. Data analysis layer

Two clustering machine learning methods are used together to 
extract urban activity patterns from tweets. The first method, Spatial- 
Temporal Density-Based Spatial Clustering of Applications with Noise 
(ST-DBSCAN), is used for spatiotemporal clustering. A trained LDA 
model is then used to label each spatiotemporal cluster with the highest 
weighted LDA activity topic, representing the most prominent theme 
within that cluster. The trained topic model used was modelled on all the 
tweets collected, which captured 19 different activity types unique to 
the data sample.

3.2.1. Spatiotemporal clustering
Density-based clustering was identified as the most suitable method 

for extracting urban activity clusters from tweets. This is due to the 
method’s ability to ignore outliers, be applied from the bottom-up 

without a pre-defined number of clusters, incorporate additional dis
tance parameters such as time, and efficiency with large datasets. The 
DBSCAN method was originally developed by Ester et al. (1996), and 
used for different research applications. The uses include understanding 
different regions of interest using Flickr data (Kuo et al., 2018), 
photography clusters using Flickr (Kisilevich et al., 2010) and cognitive 
regions by combining datasets such as Instagram and Flickr (Gao et al., 
2017). The adaption of the method used in this paper for tweets is ST- 
DBSCAN. This is a development of the original DBSCAN algorithm 
developed by Birant and Kut (2007), which incorporates time as an 
additional distance parameter. This works in the same manner as the 
Euclidean distance parameter, but distance is measured as seconds 
rather than meters. In this technique, EPS1 is the minimum distance in 
meters between points, and EPS2 is the minimum distance in seconds 
between points (see Fig. 3).

3.2.2. LDA topic modelling for semantic analysis
LDA is considered the most popular topic modelling approach first 

introduced by Blei et al. (2003). LDA topic models are used to extract 
and understand semantic text data, relationship between a document 
and text, and to use computers to structure and add meaning to docu
ments (Jelodar et al., 2019). While sentiment analysis enables the 
research to extract positive and negative emotions from text (Gandomi 
& Haider, 2015), topic modelling is used to extract topics, or underlying 
themes, from a collection of texts to add structure and infer meaning. 
LDA topic modelling has been used extensively to analyse geolocated 
text to understand geo topics (Tenney et al., 2019; Yao & Wang, 2020), 
spatiotemporal event detection (Cheng et al., 2016; Zhang & Eick, 
2019), identify land uses (Frias-Martinez et al., 2012), Geo- 
demographics (Longley et al., 2015; Singleton & Spielman, 2014), 
among other applications. LDA is a generative probabilistic model used 
in this paper as an unsupervised approach to extract urban activity 
topics from tweets. While, topics can be analysed and extracted by a 
researcher over a small collection of documents, analysing thousands of 
text documents is only possible using an algorithmic approach to sum
marise topics and relationships as multidimensional vectors (Chauhan & 
Shah, 2022). The use of LDA topic modelling for tweets in this paper is 
demonstrated below (see Fig. 4), mapped against the LDA model pa
rameters (Blei et al., 2003).

Different model iterations using the tweets collected were tested. A 
range between 16 and 37 were topics was evaluated using intrinsic 
coherence scores (Newman et al., 2010), and extrinsic human judgment 
(natural cluster evaluation) using the PyLDAvis tool (Sievert and Shir
ley, 2015) to examine each model (see Fig. 5). Intrinsic and extrinsic 
measures are part of the topic modelling process and used to inform 
model selection and improvement (Chang et al., 2009). The human 
judgment process involved using visualisation technique such as word 
clouds and topic distributions (Sievert & Shirley, 2015) to examine word 
and topic intrusions (Chang et al., 2009). The extrinsic approach in
vestigates topics within a range of models to identify the most suitable 
model for natural human clusters. The 16-topic model captured broad 
activities and lacked granularity, while the 37-topic model overfit the 
data identifying specific events. A model consisting of nineteen topics 
was selected as the most suitable model for the tweet sample collected 
based on iterative evaluation by exploring the topic distribution for each 
model. Each topic is then given a label as an activity name it best rep
resents based on the activity theme captured, such as “Eating Out”, 
“Attractions” or “Football Activities”.

Since LDA is probabilistic, each ST-DBSCAN cluster was assigned a 
distribution comprising the 19 topics representing urban activities, with 
the most prominent topic for each cluster designated as the main label 
for ease of interpretation. The full probability distribution, however, 
was retained to inform the researchers through the analysis stage. The 
probability distribution is not a measure of predictive accuracy as the 
LDA model accounts for linguistic variation, as terms can occur across 
multiple topics. For example, the word “drink” may have high 
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probabilities for both the “Cafes and Desserts” and “Pub Visits” topics, 
highlighting overlapping meanings rather than a definitive association 
with a single activity. These considerations enable nuanced in
terpretations of urban activity patterns while recognising the inherent 
complexities of language use.

3.3. Graphic user interface layer

The GUI was designed to allow researchers to interact and experi
ment with urban activity patterns by testing parameters and interro
gating their semantic content (see Fig. 6). This interface design enables 
testing of different parameters to explore different rhythms as data ex
periments (Madsen, 2023), allowing for alternative patterns to be 
generated. The spatiotemporal cluster patterns generated using the ST- 

Fig. 3. Spatiotemporal clustering using the ST-DBSCAN technique, including three dimensions: latitude (X-axis), longitude (Y-axis), and time (vertical axis). The 
figure demonstrates how ST-DBSCAN identifies spatiotemporal clusters. Adapted from Birant and Kut (2007).

Fig. 4. A representation of the LDA modelling process applied to a corpus of tweets, illustrating key components and parameters. The dataset (D) where each tweet is 
treated as a single document (d), forming the collection of documents. Topics (K) are identified from tweets as types of urban activities.
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DBSCAN method are visualised and labelled with an activity for ease of 
interpretation. Data exploration and interrogation are facilitated by 
filters and popups, and a function to export patterns generated in a 
structured JSON format is also provided.

The theoretical approach of this framework is grounded in pattern 
language theory (Alexander et al., 1977) and cities as CAS (Holland, 
1992). Both combined enable the exploration of cities as emergent 
patterns that adapt overtime, linking space as urban form to places as 
urban activities representing complex social interactions within cities 
(Portugali, 2006). A patterns based approach enables the exploration of 
geometries, providing unique analytical possibilities on the relationship 
between form and function using LocBigData (Crooks et al., 2015; 

Huang et al., 2021). A patterns approach is distinct in its ability to 
present different spatial and temporal characteristics, such as rhythms, 
sizes, counts, distributions and frequencies, which can be tracked over 
time to reveal city dynamics.

4. Capturing city dynamics through spatiotemporal activity 
patterns

This section presents the results of demonstrating the methodology 
through four subsections. The first introduces Manchester City Centre as 
an exploratory test case. The second explores the effect of clustering 
parameter selection on the generated patterns. The third examines 

Fig. 5. Identifying range of relevant topics using coherence values. X axis refers to the number of topics in the model, and Y axis to the coherence value (left). Using 
the PyLDAvis tool for human judgment to assess cluster contents (right).

Fig. 6. A bespoke rtesearch tool developed to process spatiotemporal activity patterns from geolocated tweets. The screenshot showcases how ST-DBSCAN and a LDA 
topic model are combined within the user interface. The extracted topics from tweet clusters are categorised into 19 different activities. Each topic is color-coded 
using the integrated legend for visualisation.
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temporal dynamics captured in relation to Covid-19 lockdown mea
sures. The final subsection discusses the spatial distribution of activity 
patterns against urban form.

4.1. Manchester city centre as exploratory case study

Manchester was chosen as an exploratory test case to validate the 
proposed methodology. As an exploratory case study, the choice of 
Manchester serves to demonstrate the framework’s applicability and 
identify avenues for future research (Yin, 2014).

A map of central Manchester is provided to contextualise the analysis 
(see Fig. 7). Manchester City Centre is the regional centre of Greater 
Manchester. The Oxford Road corridor is considered a spine of the city 
linking large institutions (City Centre to Manchester Metropolitan Uni
versity, University of Manchester, and the main regional hospital). The 
area is annotated according to the functional characteristics of different 
districts/quarters. Piccadilly Gardens, St Peter’s Square, and the Arndale 
Shopping Centre are considered focal points. The shopping district 
(North) hosts most of the high street shops across two axes from Pic
cadilly Gardens and towards Deansgate. Manchester City Centre pre
sents a dense and mixed-use urban form with functions ranging from 
commercial offices (A), entertainment (B), bars and restaurants (C), and 
shopping (D).

The Northern Quarter (East) is considered a lively and popular area 
with many independent clothing shops, bars, music venues and cafes. 
China Town is situated in the centre with many ethnic restaurants and 
international shops. The Gay Village is south of China Town, with 
numerous bars and a popular night scene. The conference centre is 
where the Manchester Central Convention Complex is located along 

with hotels. The cultural quarter (West) hosts many of the city’s popular 
museums, including The Science and Industry Museum, and restaurants. 
Deansgate is a popular area situated between the shopping and cultural 
areas, known for restaurants and presence of large commercial office 
buildings. The urban form of Manchester City Centre presents a mixed 
and diverse range of buildings and urban typologies supporting a wide 
range of activities.

4.2. Parameter selection and testing of pattern outcomes

The ST-DBSCAN clustering algorithm was used to generate activity 
clusters across Greater Manchester, with parameters of EPS1 = 0.15 km, 
EPS2 = 12 h, and MinPts = 5 yielding over 4000 activity clusters. Of 
these, 1666 clusters occurred in Manchester City Centre. These param
eters were iteratively tested to balance cluster granularity and scale. An 
EPS1 parameter less than 0.15 km was found to produce small and 
specific clusters, whereas a larger distance value produced more general 
large clusters which are not of appropriate scale. EPS2 set to 12 h 
effectively captured single day activities, and a minimum of five points 
per cluster reduced noise, resulting in meaningful activity pattern out
comes (see Fig. 8). These parameters were selected to demonstrate the 
methodology for capturing urban activity patterns. However, alternative 
parameters and data could be explored to capture different temporal 
rhythms and spatial scales.

From the geolocated tweets, 19 distinct topics representing activity 
types were extracted (see Fig. 9). Manchester City Centre’s functional 
capacity in relation to the region is highlighted. For example, the “Music 
and Nightlife” activity was most prominent in the City Centre capturing 
58 % of the total activity count in the region. Other dominant activities 

Fig. 7. Manchester City Centre context with key areas annotated. This map highlights various zones of interest, marked with specific annotations (A-D) that 
correspond to the street view images for visual context. Landmarks such as the high street shopping areas, Piccadilly Gardens, and Oxford Road Corridor are 
prominently labelled.
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included “Celebrations”, “Cafes and Desserts”, and “Work” all heavily 
concentrated in the City Centre. Conversely, activities such as “Football 
Activities” and “Travel” were less represented in the City Centre, 
aligning with their association to stadiums and transport infrastructure 
outside the centre.

Urban activity clusters are prominent in the dense urban centre due 
to higher tweet densities. As the regional hub, Manchester City Centre is 
most active area, with approximately 40 % of all activities occurring 
within its boundaries. While the bar chart representation limits the 
analysis to counts, the results highlight Manchester City Centre as the 

focal point for further investigation. Focusing on this area as an 
exploratory test case allows for more granular analysis into the patterns 
generated and their dynamics.

4.3. Temporalities of urban activity patterns in Manchester City Centre 
and impact of Covid-19 lockdown measures

The analysis of activity patterns in Manchester over time illustrates 
the interplay between urban spaces and places through a complexity 
lens using digital traces. This theoretical lens helps to interpret the 

Fig. 8. A visualisation of spatiotemporal clustering results using different EPS1 parameters for the ST-DBSCAN algorithm: 0.05 km (left), 0.15 km (centre) and 0.25 
km (right).

Fig. 9. Topics extracted as bottom-up urban activity types and their count in Greater Manchester compared to Manchester City Centre.

M. Tantoush et al.                                                                                                                                                                                                                              Cities 162 (2025) 105894 

10 



relationship between urban form, place, and activity, and how top-down 
regulations interact with bottom-up social behaviours (Portugali, 2006; 
Sengupta et al., 2016). The Covid-19 pandemic provides unique condi
tions for understanding these dynamics, as national and local lockdown 
restrictions significantly altered patterns of movement and social in
teractions at the time (Rowe et al., 2023).

Urban spaces inherently facilitate or restrict activities based on their 
form and quality (Alexander, 1979; Jacobs, 1961), but an understanding 
of how city dynamics adapt is still lacking. This became evident during 
the Covid-19 pandemic, when lockdown measures altered regular ac
tivity patterns. To contextualise the analysis, the timeline of restrictions 
provided by the Institute for Government (2022) was used. The initial 
lockdown on 23rd March 2020 led to a steep decline in activity patterns 
captured, followed by fluctuations as restrictions were adjusted. Key 
milestones, such as the easing of restrictions in summer 2020 and the 
phased “Roadmap Out of Lockdown” in 2021, marked shifts in activity 
patterns. The results revealed how the different phases of lockdown 
correlated with activity fluctuations in Manchester City Centre (see 
Fig. 10). Before restrictions, November 2019 recorded over 175 activity 
clusters, with “Celebrations” and “Music and Nightlife” dominating the 
urban landscape. These clusters dropped sharply to around 25 per 
month during the first lockdown, underscoring the immediate impact of 
social distancing measures. As restrictions eased, certain activities, such 
as “Cafes and Desserts”, exhibited notable peaks, illustrating their 
sensitivity to top-down policy changes. Conversely, activities like 
“Work” gained prominence after restrictions were lifted, potentially 
reflecting public discourse on returning to workplaces.

Patterns of fluctuation varied significantly by activity type. Social 
activities tied to specific locations, such as “Bar/Pub Visits”, “Eating 
Out”, and “Music and Nightlife”, experienced severe declines during 
lockdowns, with slow, incremental recovery during phased reopening. 
In contrast, “Mass Media” and “Social Media Activity” remained stable 
or increased, reflecting a shift towards digital engagement as individuals 
sought alternative ways to connect and stay informed. Outdoor activities 

like “Outdoor Leisure” recovered moderately during easing phases, 
indicating a preference for safer, outdoor environments. Other activities, 
such as “Football Activities” and “Shopping”, exhibited partial recovery 
tied to specific reopening milestones, while “Travel” and “Holiday 
Events and Markets” faced prolonged disruptions due to mobility re
strictions. Incremental recovery was observed in activities like “Cele
brations”, reflecting the gradual social and economic adjustments made 
under changing regulations.

These results illustrate an example of the adaptive capacity cities as 
CAS, where the dynamic interplay between top-down regulations and 
bottom-up behaviours shaped recovery trajectories. Activities such as 
“Music and Nightlife” and “Cafes and Desserts” demonstrated resilience, 
with their prominence fluctuating alongside restrictions, while others 
maintained stability or showed delayed recovery. The diverse rates of 
recovery across activities underscore the potential of Location-Based 
Social Media data to uncover nuanced patterns of adaptation. The 
framework demonstrates a valuable opportunity to explore adaptive 
patterns for generating insights into how cities function as CAS.

4.4. Spatial urban activity patterns and urban form

The spatial mapping of urban activities reveals distinct relationships 
between activity patterns and urban forms, aligning with Alexander 
et al.’s pattern theory (Alexander, 1979; Alexander et al., 1977) of urban 
spaces supporting specific actions, which in turn give rise to distinct 
activities. This interrelation highlights how local businesses, neigh
bourhood quality, and spatial relationships influence urban vitality 
(Jacobs, 1961). Urban activity patterns, when captured as spatiotem
poral clusters, provide an alternative way to understand and analyse 
cities. By identifying which activities dominate specific areas and how 
they vary over time, the methodology and patterns generated can un
cover emergent behaviours that reflect the interplay between urban 
form and function (Crooks et al., 2015).

The spatial patterns captured (see Fig. 11) demonstrated that 

Fig. 10. Urban activity patterns in Manchester City Centre, grouped by month to reveal temporal adaptation to national and local lockdowns.
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activities like “Eating Out” formed larger, concentrated clusters, with 
hotspots in Deansgate, Chinatown, and the Northern Quarter. In 
contrast, “Music and Nightlife” activities were more dispersed, appear
ing around key venues such as the Northern Quarter, Manchester Arena, 
and Deansgate. “Celebrations” were prominent throughout the area, 
particularly in commercial areas, whereas “Work” activities were un
expectedly centralised. Interestingly, areas dominated by independent 
shops, cafes, and restaurants, such as Deansgate and the Northern 
Quarter, exhibited more vibrant and complex activity patterns 
compared to high street shopping areas like the Arndale Shopping 
Centre, raising questions related to places and digital place making 
(Halegoua & Polson, 2021). By exploring the spatial characteristics of 
different urban activities, an alternative approach is demonstrated that 
combines ’hard’ spaces (urban form) and ’soft’ places (activity patterns) 
through a complexity lens as suggested by Portugali (2006).

The Northern Quarter emerged as a key focal point for urban activity, 
reflecting its diverse and creative role within the city. The results suggest 
stronger sentiments towards this area expressed on Twitter, indicating 
its unique sense of place with positive social interactions such as “Cel
ebrations” and “Music and Nightlife” activities. Tweets referenced its 
independent businesses, cultural vibrancy, and distinctive character, 
which contrast sharply with the limited activity observed in the Arndale 
Shopping Centre, despite its size and significance as a regional com
mercial area. This raises questions about the role of independent busi
nesses and cafes in fostering urban vitality, aligning with Jacobs’ (1961)
emphasis on the importance of small-scale, diverse enterprises. Such 
granular insights into platial relationships offer new opportunities to 
explore the social dynamics of urban spaces (Jenkins et al., 2016). The 
pattern generated illustrate how different urban forms facilitate specific 

types of activities and foster varying degrees of engagement. Areas with 
a mix of independent shops and public spaces support richer hybrid 
space interactions, where urban and digital behaviours converge (de 
Souza e Silva, 2006). For instance, the Northern Quarter’s prominence 
reflects its ability to attract and sustain diverse activities, creating a 
dynamic and adaptive environment as was captured through tweets. In 
contrast, more homogenised spaces like the Arndale Shopping Centre 
exhibit limited activity diversity and engagement.

Further exploration into the relationship between urban conditions, 
sense of place, and vitality could refine these exploratory findings. By 
examining activity size, shape, and location over time, the methodology 
and tool presented enable an alternative understanding of city dynamics 
as patterns of activities facilitated by different urban forms and condi
tions. This framework can also help address challenges in LocBigData 
research by advancing alternative analytical possibilities (Huang et al., 
2021). The results presented demonstrate the methodology and high
lights its contributions to current approaches on analysing urban form 
and function, future research, and potential applications for planners, 
designers, policymakers.

5. Discussion

The framework and methodology presented were tested and 
explored through the spatiotemporal urban activity patterns generated. 
This section revisits the discussions related to LBSM data use, the 
theoretical underpinnings of linking urban form and function through a 
complexity approach, broader applicability of the framework and future 
methodological considerations.

Fig. 11. Mapping prominent urban activities as spatial patterns in relation to urban form in Manchester City Centre.
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5.1. Use of LBSM for exploring city dynamics

This paper demonstrated an alternative approach of using LBSM, 
particularly geolocated tweets, for analysing city dynamics by linking 
urban form as space and urban activities as place. Geolocated tweets 
offer an alternative lens to study cities as complex urban patterns, 
though biases related to user demographics must be critically considered 
(Mislove et al., 2011). For instance, Twitter’s predominantly younger 
user base may disproportionately reflect activities like “Music and 
Nightlife”, whereas a different demographic composition might reveal a 
broader or alternative activities. Future research could integrate de
mographic data with urban activity analysis to provide a more holistic 
understanding of engagement patterns and explore how various popu
lation groups interact with urban spaces differently.

Geolocated tweets and their content facilitated spatiotemporal and 
semantic analysis, enabling insights into dynamic activity patterns. 
Alternative methods for extracting and combining Twitter data with 
other LBSM sources will provide alternative insights. Each LBSM source 
is generated through unique platform mechanics that can be combined 
and applied to different research questions. For instance, a patterns 
approach can be applied to social networks and group dynamics using 
Facebook data, Foursquare’s predefined POI data is effective for 
capturing patterns of landuse, and Instagram’s or Flickr’s rich photo 
lifestyle focus can be used for visual patterns. Combining these with 
Twitter’s textual richness can provide new insights into hybrid urban- 
digital spaces.

The results suggest that digital spaces and place making processes are 
intricately tied to urban form. Digital traces, such as tweets, not only 
reflect activities but also shape and reinforce perceptions of urban 
spaces (Halegoua, 2020; Halegoua & Polson, 2021). The merging of 
urban and digital spaces influences how people perceive and experience 
cities (Sengupta et al., 2020). For instance, the prominence of “Music 
and Nightlife” activities in Manchester reflects the city’s cultural iden
tity but prompts questions about its uniqueness compared to other cities. 
Future methodological development and research could refine the 
methodology to facilitate comparative analysis, identifying distinct 
urban activity profiles for different cities.

5.2. Linking urban form and urban activities for adpative policy and 
design

The framework demonstrated that different urban forms and their 
characteristics are highly interrelated with different activity patterns, 
reinforcing the princples of pattern language on the link between form 
and function (Alexander et al., 1977; Jacobs, 1961; Crooks et al., 2015). 
The clustering parameters employed capture distinct urban rhythms, 
though some granular rhythms may be lost. For example, while the 
selected parameters effectively identified activities in the Northern 
Quarter and Deansgate for eating out, smaller or transient activities may 
not have been fully captured. Exploring and experimenting with alter
native parameters could help uncover rhythms at different spatial and 
temporal resolutions.

The rhythms analysed in this study align with observed urban ac
tivities during the Covid-19 pandemic, revealing significant disruptions 
and adaptations in Manchester City Centre. Social activities, such as 
“Bar/Pub Visits”, “Cafes”, and “Music and Nightlife”, experienced sharp 
declines during lockdowns due to restrictions on gatherings and the 
closure of non-essential venues. Recovery for these activities was slow, 
reflecting the prolonged impact of social distancing measures and public 
caution in resuming pre-pandemic behaviours. Conversely, “Outdoor 
Leisure”, recovered more quickly during easing phases, indicating a 
preference for safer, open-air environments. Digital engagement 
through “Social Media Activity” and “Mass Media” remained stable or 
increased, showcasing the growing importance of digital interactions as 
mobility was restricted. Other activities, including “Work-Related Ac
tivities” and “Shopping”, demonstrated adaptability, with stability or 

incremental recovery during reopening phases, reflecting the adaptive 
dynamics of urban life under Covid-19 restrictions. Such insights could 
help inform new adaptive policies for urban planning (Rauws & De Roo, 
2016).

Linking urban form to spatiotemporal activity patterns provided an 
alternative approach to understanding cities as CAS (Holland, 1992; 
Portugali, 2006). Through this lens, urban activities were seen as 
emergent behaviours shaped by bottom-up interactions, with and within 
urban form, influenced by top-down lockdown measures. This meth
odological flexibility could be extended to explore hierarchical and 
relational aspects of urban systems, such as nested patterns by incor
porating network analysis and relational data approaches (Burgos- 
Thorsen & Munk, 2023; Ricci et al., 2018). Further advancement of this 
methodology to integrate urban form metrics to better capture urban 
typologies and characteristics would enhance the framework, enabling it 
to address broader and more complex questions related to inter
connected and nested patterns within cities for design (Alexander et al., 
1977).

5.3. Broader framework applicability and future methodological 
considerations

The tool and GUI interface demonstrated serves as a platform for 
data experimentation and interrogation. This aligns with research that 
calls for experimental methodologies to uncover alternative un
derstandings of cities (Madsen, 2023). The GUI’s ability to visualise 
spatiotemporal patterns provides researchers and planners with new 
analytical capabilities in capturing dynamics through complex spatio
temporal patterns, enabling the exploration of urban rhythms and their 
relationship with different urban form typologies.

The clustering parameters used in this study were tailored to capture 
daily rhythms and short-term spatiotemporal dynamics. To expand the 
framework, alternative configurations could explore longer temporal 
scales, such as seasonal variations or extended activity trends. Similarly, 
finer temporal parameters could reveal within-day rhythms, offering 
insights into transient activities. Integrating a time-geography frame
work (Hägerstrand, 1970) could further enhance the analysis by eluci
dating the flow and movement of activities across space and time. Such 
methodological developments would enable the framework to adapt to 
diverse research applications.

Data and API access limitations presents a growing challenge for 
researchers (Bruns, 2019). The shift towards paid APIs and restricted 
access to social media data necessitates innovative approaches, such as 
integrating data from multiple platforms or leveraging archival datasets. 
These methods could mitigate data constraints while expanding the 
scope for research. The methodology developed here also highlights the 
importance of methodological decisions, such as excluding bots in this 
paper, to ensure alignment with the study’s focus. While bots can pro
vide insights into information flows (Marres, 2015), their inclusion in 
understanding urban dynamics would skew analyses focused on com
plex social interactions. Future work could also explore topic weighting 
approaches.

Future research should extend the framework presented to incor
porate stakeholder engagement, aligning with participatory approaches 
(Venturini et al., 2019) and participatory data design (Jensen et al., 
2021). Involving urban planners, community groups, and policymakers 
in the design and analysis process could enhance the framework’s 
practical relevance, and foster co-produced knowledge. This collabora
tive approach bridges the gap between computational possibilities and 
local insights, enabling alternative inclusive and impactful possibilities.

6. Conclusion

This paper introduced a novel framework for using LBSM, specif
ically geolocated tweets, to analyse urban activities as complex spatio
temporal patterns. By reviewing different LBSM data sources and their 
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research use, the paper presented the framework and tool developed to 
uncover spatiotemporal dynamics and explore their relationship with 
urban form.

As demonstrated, the novel framework provided new analytical 
outcomes as patterns capturing rhythms, counts, distribution, sizes, and 
locations of urban activities. The methodology developed was tested in 
Manchester City Centre as an exploratory test case. When examined in 
the context of top-down and bottom-up dynamics, the spatiotemporal 
pattern outcomes offered new insights, such as how urban characteris
tics support different activities across different parts of Manchester City 
Centre. The results were presented in the context of Covid-19 lockdown 
measures as a significant top-down disruptor, and revealed bottom-up 
adaptation patterns over time, enabling the study of cities as CAS. The 
results include the identification of emergent collective behaviours, with 
urban activity patterns examined through temporal fluctuations, spatial 
distributions, and contextual influences. For example, fluctuations in 
activities such as “Music and Nightlife” and “Cafes and Desserts” high
lighted the sensitivity of city dynamics to changes in policy and social 
behaviour. By demonstrating pattern results, the proposed framework 
advances our ability to study cities as hybrid urban-digital spaces.

Future research could extend this methodology for comparative 
analysis across different cities to identify unique patterns and different 
dynamics. Incorporating alternative LBSM data sources, such as geo- 
tagged photos, POI data, or demographic data could enhance rela
tional understandings of activity patterns and interplay with urban 
form. The advancement of this framework could inform future research, 
but also be used in the context of urban planning, design and policy by 
providing actionable insights for adaptive and resilient cities.
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