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Abstract. Analyzing and accessing information related to coupled urban
socio-technical systems can provide insights into social subcultures, mobility
patterns and behavior that are critical to decision making systems at an urban
scale. In this paper, we examine the question of how can urban analytics provide
a classification of subcultures or urban tribes for the context of Saudi Arabia.
Data analytics and classification methodology of urban tribes will be used to
guide the discussion, and computational challenges and directions for future
research will be discussed.
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1 Introduction

French sociologist Michel Maffesoli coined the term “urban tribes” more than 30 years
ago in 1985 [1]. In recent studies of social computing, the concept of urban tribes has
evolved from simple classifications of subcultures to inform policy and decision
making, to complex metrics for automating the extraction and analysis of urban sub-
cultures [2, 3].

The goal of this work is to describe social subcultures in Saudi Arabia from urban
analytics of check-ins and social media sharing of locations. A remarkable amount of
social media in the context of Saudi Arabia takes the form of geo-tagged check-ins,
images or videos, and is a largely untapped resource for understanding emergent phe-
nomena in social behavior. Insights into mobility, consumer behavior, communication
activity can be acquired from analyzing these vast amounts of information.

The applied context of this research is examining the urban tribes’ classification in
the scope of decision making and informing policy for urban planning. Situated in a
socio-technical context, urban analytics, for the purpose of city planning requires a close
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dialogue between social, engineering and design-oriented fields of research as well as
their methods. We are particularly interested to look closely at the ways in which points
of interest in the urban fabric of the city are visited. Different ‘urban tribes’ may occupy
space (i.e. places in Riyadh) in different ways, unbeknownst to each other. Indicators of
social subcultures include the density of activity in the location, topics discussed around
points of interests, and demographics of frequent visitors to points of interest.

Problem Definition. This work is focused on the analysis of geo-tagged tweets, a
common type of activity in the social media. We focus on the problem of how to
extract behavior patterns that facilitate meaningful comparison, i.e., a metric that
captures tribal characteristics. To this end, we make use of recent advances in social
network analytics SNA, and we show that it is possible to extract social semantic
meaning from geo-tagged content. Our urban analytics approach is rooted in synthetic
information and data analytics in urban contexts.

Contributions. Recent advances in social computing have created new opportunities
for collecting, integrating, analyzing and accessing information related to coupled
urban socio-technical systems. Innovative systems designed for urban analytics that
leverage this new capability have recently been recognized as useful. The first con-
tribution is a framework to learn and recognize types of social categories in an urban
context from social media. The second contribution is an insight into the spatial dis-
tribution of urban tribes which can consequently be a source for recommendations for
introducing integrated transit systems, resources allocation and development of
infrastructure. Although the applied context is a city in Saudi Arabia, we foresee the
contribution to be generalized to some extent to the global scope in similar urban
mobility contexts.

This paper is structured as follows. Section 2 provides an overview of background
research on urban analytics and the emergent research on urban tribes. Section 3
describes the different approaches we used to conduct the analysis. An experiment is
presented and discussed in Sect. 4. We conclude in Sect. 5 with key insights and future
directions for research.

2 Background

While cities are spatially structured, they are considered intricate socio-economic
entities that depend for their existence on their links with the natural environment.
Several disciplines are attempting to tackle the problem of understanding the complex
systems of cities and the underlying socio-economic ecosystem theories of their con-
stituent elements (people, places, and environment). These disciplines range from
economics, physics, and social sciences to applied domains of engineering, computing
and urban studies. Notably, the dynamic and complex systems approach to studying
urban spatial data (location-based data) has only been possible with computer-based
modeling.
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Geo-social media data is essentially heterogeneous. It is a mixture of geographical
information (location), mobility footprints (check-in data), visual snapshots (images or
videos), and social interactions (social conversation around the post or activity).
Research on urban analytics for the purpose of identifying subcultures and addressing
the intricacies and coupling of socio and technical systems have provided an insight
into the key metrics for urban tribe classification [4].

Observing mobility data bring up important insights regarding people’s behavior
and trends. These insights could be used by planners and business owners to study the
area and to help them make an informed decision regarding the location of their
businesses and offices. Location data provides useful insights in an aggregate level
without being constrained to an individual level, which can be aligned with maintaining
the privacy of the users of mobile devices. One example, to illustrate the use of location
data to elicit urban insights, is Sense Network; an analytical platform by a company
based in New York. The software analyzes location data and presents recommenda-
tions to shop owners and business stakeholders on several topics like for example the
location of new branches of a shop [5].

Our project is part of a collaborative effort to understand how open data and social
media can be used to provide a fine-grained and more holistic understanding of urban
groups by using social media and locality information. In the following sections, we
provide an overview of projects that have provided methods for an augmented analysis
of urban tribes by using algorithmic approaches and social media data. Our method-
ology not only differs in the data computation, but also in the clustering through a
spatial network of spaces.

2.1 Hoodsquare

The Hoodsquare project developed an algorithm for extracting neighborhood bound-
aries in cities, including New York City based on social media data [6]. The algorithm
works by using data related to foursquare venue types, spatial distribution of local and
tourists in the city, and the timestamps of check-ins in venues. Hoodsquare built a tool
that can be used to “recommend geographic areas that are small in size and that maintain
a balanced trade-off between prediction accuracy and geographic precision” [6]. The
ranking attempts to go beyond the neighborhoods as administrative or politically defined
units in order to unearth neighborhood geographies that are much more in accord to the
actual behavior of people in the streets, and with the way they occupy the city. Their
exercise provides a predefined spatial clustering within neighborhoods [6].

2.2 City Sense

CitySense is a discovery tool for temporal and spatial hot-spots of activity in the city
that has been implemented as a mobile application [7]. It allows people and businesses
to detect how the city is inhabited in real time, and take decisions on whether to go out,
where to go, and where to locate franchises. Moreover, CitySense also allows for the
exploration of how people is on the move in the city, by evaluating where they come
from and where they go. The CitySense algorithm, is focused on discovering the
circadian rhythms of the city [7].
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2.3 Livehoods

The Livehoods project is based on the development of an algorithm that uses four-
square data in order to produce neighborhoods classifications based on spatial and
social proximity of venues in New York City [3]. Livelihood addresses the need to
provide a more automatized and data-based approach to the characterization and
understanding of neighborhoods to aid both urban computing and city planning pro-
jects. The Livehoods project has developed a compelling method to unearth a classi-
fication of New York City neighborhoods by taking advantage of massive data sets and
unsupervised learning approaches. A significant result of this approach is the Live-
hood’s definition of a neighborhood as “an urban area is defined not just by the type of
places found there, but also by the people that choose to make that area part of their
daily life” [3].

3 Methods

This section describes the collection and setup of the dataset used in our study. We
focused on analyzing Twitter and Point of Interests (POI) datasets. At the time of
conducting the fieldwork, there was no public dataset to provide insights into social
subcultures in Saudi Arabia. Therefore, we created a dataset by scraping data from
Twitter search APIs. The data collected was geo-tagged activity in Riyadh city for the
months of October, November and December, 2015 with a total of 125 thousand
geo-tagged tweets. The POI dataset was provided by Arriyadh Development Authority
that has a comprehensive list of amenities in the city of Riyadh.

Social media applications facilitate spatially marking the activities of Riyadh res-
idents, creating rich databases that hold digital imprints of their interactions. Although
these datasets only represent the portion of the population who are active on social
media, insights obtained from trends in interactions are often reflections of behavior
patterns in the urban community. In our analysis, we observe the density of activity, the
variation across space, and the cultural cues with regard to the interactions, the per-
ceived narrative, and the place.

We follow a pipeline of three steps where in the first step we detect the type of
activity based on the main topic discussed in each tweet. In the second step, we
breakdown the city into clusters based on Traffic Analysis Zones (TAZ) which capture
the mobility dynamics, based on the origin and destination of trips throughout the day.
In the third step, we look at patterns of these clusters with respect to their spatial
distribution and correlation with surrounding POIs.

3.1 Detecting Activity Type

We start by creating a list of eight categories of tweets derived from previous studies
and inspired from anticipated popular categories in the Saudi context [8]. For each
category, we define a set of four to ten keywords that are relevant to the topic of the
category and are expected to occur frequently in Twitter. The keywords were selected
based on our knowledge of the Arabic language and the local context in the social
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media. We chose keywords with direct-mapping in terms of their association with a
certain category. An example of some of the categories and keywords used is show in
Table 1.

We then assign multiple scores to each tweet in the dataset where each score
resembles the number of keywords for a certain category in a single tweet. The cate-
gory of the tweet will be the one with the highest score. The tweets are then aggregated
on the urban level to generate clusters of human activity in the city. Figure 1 shows the
architecture of the framework guiding our analysis in this approach.

3.2 Clustering

To visualize urban tribes from tweets and correlate it to Points of Interests (POI) types,
we used the Arriyadh development Authority (ADA) POI data and Riyadh Traffic
Analysis Zones (TAZ) data derived from the ADA origin destination dataset as source
of input. A TAZ is a geographical unit that is used in transportation modeling.
The ADA data highlights all landmarks and amenities which are around 12000 points
around the city. The POIs are categorized into six types including: restaurants, hotels
and apartments, shops and services, Community services, health and education, and
Tourism. Figure 2 shows the Riyadh TAZ map and POI distribution across the city.

By joining TAZ data and POI data we identified the different types of amenities that
resides within each TAZ. We then split TAZs into six clusters, each of which highlights
TAZ areas that contain a specific amenity type. It should be noted that a particular TAZ
area can exist in more than one cluster based on whether a POI of a specific type exists
or not.

Table 1. Sample list of Arabic keywords used with their translation in English

Category Keywords Translation to English

Weather رح،سمش،وجلا,رطم Rain, weather, sun, hot,
Sport رصن,لاله-يرود … League, Hilal, Nasser (local clubs in Saudi)

Fig. 1. Pipeline of steps to detect categories; showing complete list of categories
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3.3 Analysis

In our analysis, we examined patterns that emerge when correlating the most dominant
tweet category in each TAZ with two main dimensions. First, we look at the spatial
distribution of different categories in the city with regards to the location and the size of
each TAZ. Second, we look at correlation of the category of tweets in each TAZ with
the type of POIs in that TAZ. The overall goal of this analysis is to study the influence
of urban features on the social dynamics of people in the city [9].

4 Exploratory Study

We applied our tweet categorization method explained earlier on the geo-tagged tweets
collected in Riyadh to sense spaces as done in earlier studies [10–14]. Figure 3 shows
the different subcultures within the city of Riyadh when overlaying tweets categories,
extracted spatially over the TAZ areas, where clusters are color-coded by the category
of tweets. The complete list of tweet-categories was described in the framework
depicted in Fig. 1.

We look closely at Food, one of the tweet-categories, to examine relationships with
related venues in the city (i.e. restaurants). Figure 4 shows the distribution of Food
tweets around the city in contrast with TAZs that have restaurants. The levels of the
pink color represent tweets about food with varying density (i.e. number of tweets) and
the grey color represent all other tweets. We can see that dense food tweets (i.e. dark
red) are found in locations that have restaurants, which are circled with red in Fig. 4.

Overlaying tweet-categories, extracted spatially over the clusters identified, and
visualizing them on a map help in understanding the correlation between both POI and
tweets-categories as we saw earlier. Also, we look at the number of tweets in each
category in the six types of clusters we have. Table 2 shows the summary of these
counts. It should be noted that each count is normalized by the total number of tweets
in that category to address the issue of favoring categories that have more tweets.

Fig. 2. (Left) Riyadh TAZ areas, (Right) Riyadh POI points.
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Fig. 3. TAZs in Riyadh colored by most dominant tweet category (Color figure online)

Fig. 4. (Left) Food Tweets (Pink-scale) and all other tweets (Grey-scale) in the city. (Right)
Food Tweets (Pink-scale) and all other tweets (Grey-scale) in Restaurant areas (Color figure
online).

Table 2. Percentage of tweet categories in each TAZ cluster normalized by total number of
tweets in each category.

TAZ Food Transportation Politics Religious Weather Culture Sport Other

Restaurants 0.21 0.18 0.20 0.21 0.18 0.28 0.18 0.19
Hotels and Apt 0.26 0.25 0.17 0.25 0.21 0.36 0.27 0.27
Shops 0.23 0.24 0.16 0.24 0.19 0.34 0.21 0.24
Tourism 0.21 0.21 0.28 0.23 0.19 0.22 0.22 0.22
Commercial 0.25 0.32 0.26 0.46 0.35 0.28 0.37 0.35
Health and
Education

0.25 0.33 0.33 0.53 0.38 0.45 0.35 0.34
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The findings show categories of tweets are distributed among the TAZ clusters of the
six types of POIs with no clear patterns. Notably, the numbers are influenced by the
selection of keywords, the corresponding categories defined, and the types of POIs.
Also, the analysis was based on the assumption that the list of categories that were
defined in the framework are aligned with the list of types of POIs in the dataset. Further
investigation of the mapping in the POI dataset is planned. A larger dataset along with a
more comprehensive list of keywords is sought to address the sensitivity and specificity
of the tweet categorization conducted in this round of analysis.

5 Conclusion

In this paper we examined the question of what can be determined about the social
categorization of people from their social media activity. The model we propose
captured social dynamics within mobility patterns from activities extracted from social
media. A number of limitations were noted in the study. First, a relatively smaller
subset of Saudis share their location when they post in twitter, when compared to
global trends in posting on twitter. This was evident in our dataset where the most
popular hashtags were not in Arabic, an indicator that they were posted by expatriates
rather than natives of the urban context of analysis, which limits the activity that can be
collected about the city’s local inhabitants. Second, the keywords and categories that
were selected impact the effectiveness of categorization and clustering of twitter
activity. Nevertheless, the potential in this methodology in gaining insights into the
relationships between activity in social media and urban features in the city is evident.
Tweet-categories with direct relationships to venues in the city, such as: food tweets
with restaurants, sport tweets with stadiums and other sport venues, were used to
validate the findings. The detection of less obvious relationships, such as the places that
attract social, political or religious conversations remains a challenge. Identifying these
relationships can be used to evaluate the influence of newly introduced venues to the
social conversation in a given location.

Tweet categorization will be further improved in future work by redefining the list
of keywords and categories selected. Also, other spatial clustering techniques will be
examined to find unrevealed patterns in the data with respect to spatial elements in the
city. In addition, a temporal dimension will be added to see differences in activity
throughout the day and during different times of the week.

Acknowledgment. This work was sponsored by King Abdulaziz City for Science and Tech-
nology in Riyadh, Saudi Arabia.

References

1. Maffesoli, M.: The Time of the Tribes: The Decline of Individualism in Mass Society, vol.
41. Sage, Beverley Hills (1995)

2. Hsieh, H.P., Yan, R., Li, C.T.: Dissecting urban noises from heterogeneous geo-social media
and sensor data. In: Proceedings of the 23rd Annual ACM Conference on Multimedia
Conference, pp. 1103–1106. ACM, October 2015

Towards Urban Tribes in Saudi Arabia: Social Subcultures Emerging 265



3. Cranshaw, J., Schwartz, R., Hong, J.I., Sadeh, N.: The livehoods project: utilizing social
media to understand the dynamics of a city. In: International AAAI Conference on Weblogs
and Social Media, p. 58, June 2012

4. Marathe, M.: Resilient cities and urban analytics: the role of big data and high performance
pervasive computing. In: Proceedings of the 2nd IKDD Conference on Data Sciences, p. 4.
ACM, March 2015

5. Fitzgerald, M.: Predicting Where You’ll Go and What You’ll Like (2008). On the Web at
http://www.nytimes.com/2008/06/22/technology/22proto.html

6. Zhang, A.X., Noulas, A., Scellato, S., Mascolo, C.: Hoodsquare: modeling and
recommending neighborhoods in location-based social networks. In: 2013 International
Conference on Social Computing (SocialCom), pp. 69–74. IEEE, September 2013

7. Loecher, M., Jebara, T.: CitySense: multiscale space time clustering of GPS points and
trajectories. In: Proceedings of the Joint Statistical Meeting, August 2009

8. Refaee, E., Rieser, V.: Can we read emotions from a smiley face? Emoticon-based distant
supervision for subjectivity and sentiment analysis of Arabic twitter feeds. In: 5th
International Workshop on Emotion, Social Signals, Sentiment and Linked Open Data,
LREC (2014)

9. Foth, M.: Networking serendipitous social encounters in urban neighbourhoods. In: Social
Implications of Data Mining and Information Privacy: Interdisciplinary Frameworks and
Solutions: Interdisciplinary Frameworks and Solutions, p. 71 (2009)

10. Al-Husain, L., Kanjo, E., Chamberlain, A.: Sense of space: mapping physiological emotion
response in urban space. In: Proceedings of the 2013 ACM Conference on Pervasive and
Ubiquitous Computing Adjunct Publication, pp. 1321–1324. ACM, October 2013

11. Al-Barrak, L., Kanjo, E.: NeuroPlace: making sense of a place. In: Proceedings of the 4th
Augmented Human International Conference, pp. 186–189. ACM, March 2013

12. Mody, R.N., Willis, K.S., Kerstein, R.: WiMo: location-based emotion tagging. In:
Proceedings of the 8th international Conference on Mobile and Ubiquitous Multimedia,
p. 14. ACM, November 2009

13. Almaatouq, A., Alhasoun, F., Campari, R., Alfaris, A.: The influence of social norms on
synchronous versus asynchronous communication technologies. In: Proceedings of the 1st
ACM International Workshop on Personal Data Meets Distributed Multimedia, pp. 39–42.
ACM, October 2013

14. Alhasoun, F., Almaatouq, A., Greco, K., Campari, R., Alfaris, A., Ratti, C.: The city
browser: utilizing massive call data to infer city mobility dynamics. In: 3rd International
Workshop on Urban Computing (UrbComp 2014). UrbComp, New York, NY (2014)

266 T. Alhindi et al.

http://www.nytimes.com/2008/06/22/technology/22proto.html

	Towards Urban Tribes in Saudi Arabia: Social Subcultures Emerging from Urban Analytics of Social Media
	Abstract
	1 Introduction
	2 Background
	2.1 Hoodsquare
	2.2 City Sense
	2.3 Livehoods

	3 Methods
	3.1 Detecting Activity Type
	3.2 Clustering
	3.3 Analysis

	4 Exploratory Study
	5 Conclusion
	Acknowledgment
	References


