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Abstract

This research aims to identify and characterize the socio-spatial boundaries that separate urban
communities in American contemporary cities. The American contemporary city, also known as
the postmodern city, is characterized by high social mobility and extreme social polarization.
Studying these cities with highly dynamic socio-spatial boundaries is challenging and conventional
data sources such as US Census fail to provide a full picture of these boundaries. As an alternative
method, this study uses a crowd-sourced social media data (Yelp) to identify these socio-spatial
boundaries in the context of postmodern cities. By drawing on Bourdieu’s theory which asserts
that taste is an indicator of identifying social groups, I identify urban communities in different
cities through analysis of Yelp reviews. I also investigate the physical characteristics of the sociospatial boundaries between these communities.
The first part of this study validates Bourdieu’s theory of distinction in the context of American
cities. I use Natural Language Processing (NLP) techniques to see if the frequency of certain food
and drink types as mentioned by Yelp reviews in different regions can be a good proxy of social
class, as defined by Bourdieu. Through statistical analyses, I show that taste for food and drink is
an acceptable proxy for social class which is conventionally characterized by education, income
and race. While I investigate the association between food and drink types discussed in the Yelp
reviews (by restaurant patrons) and demographics of neighborhoods in which the restaurants are
located I recognize that there are no means to ascertain if the patrons of the restaurants are residents
of the neighborhood in which the restaurants are located. Furthermore, I use taste as a way to
distinguish between different groups and not as a means to categorize groups in a hierarchical
manner.
In the second part of the study, I investigate the extent to which observable spatial patterns can be
found by using taste as an indicator. The first part of the study (discussed in the previous paragraph)
validates Bourdieu’s theory however, it does not show whether or not taste is capable of showing
geographic/spatial patterns and can be used as an indicator for identifying spatially located urban
groups. In this part, I first identify food and drink types that distinguish Yelp users in their ratings
or choice of restaurant. I then use these selected set of foods and drinks to find the social groups
by using unsupervised techniques. Our clustering results showed clear spatial boundaries between
groups of people with different taste in food and drink.
In the third part of this study I investigate the socio-spatial boundaries which I found in the second
part of the study. Based on Lefebvre’s theory, I argue that there are two possibilities at the border
lines: boundaries or junction points. Boundaries separate one neighborhood from another, while
junction points connect the communities. Accordingly, I train multiple classifiers to see which
urban and physical factors, as extracted through an extensive literature review, are associated with
formation of these junction points and boundaries. Our findings are consistent with previous
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studies. I found that junction points have higher density of businesses, are more walkable, and are
less likely to have high percentage of service industries such as warehouses and transportation
related.
In this tripartite study, I showed that Bourdieu’s theory of distinction is still valid in the context of
the US. I also showed that socio-spatial boundaries can be identified through analyzing social
media datasets that are more current, have higher spatial resolution, and lower costs compared to
the Census data. Lastly, I showed that the socio-spatial boundaries identified through this process,
have certain physical characteristics which can help urban planners and policy makers to make
more informed decisions. Our methods, therefore, puts forth a new method to understand the
increasingly complex social dynamics of American cities and gives new directions to future
research to further investigate the urban boundaries using different other datasets and statistical
methods. The results of this study can help planners, geographers and social scientists gain a better
understanding of the socio-spatial structure of contemporary cities and more importantly, design
friendly cities that are inclusive to all social groups.
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INTRODUCTION
Today, American cities are seeing increased rates of diversity on multiple levels including
economic, racial, ethnic, and cultural diversity [1], [2]. Yet, new cities are not adapting themselves
to embrace the diversity championed by American post-modernism [3]. Despite the long history
of immigration and the variety of cultural/ethnic groups in the United States, the country is
witnessing an increased level of negative attitude towards new immigrants and minorities in many
regions [4] which has impacted the social and political landscape of the United States, particularly
in the last few years [5].
The spatial implications of concentrations of different social classes in cities is a well-studied and
established research topic. In his well-known piece The Republic, Plato [6] considers a hierarchical
and multi-scale structure for cities, regardless of their size as a consequence of the long-standing
war between the rich and the poor. The last two centuries have seen a plethora of academic,
political, and social discourses around the notion of social structure and segregation. These
discussions were brought to light through the work of Engels [7] in 1849 in Britain where he
systematically revealed the condition of the British working class. The spatial implication of social
polarization in the US was first noted by Burgess and Park in 1925 [8] through a series of research
studies that they conducted in Chicago in early 20s known as the Chicago School. With the rich,
middle class and White population’s shift from urban to suburban areas in the post-war period in
the US cities, a new wave of social and political discourse emerged and the notion of poverty and
segregation in the inner cities became a new subject of research in the literature for many years
[9]–[11]. Starting during the 1980s, a new wave of studies began examining the notion of social
polarization in the context of “world cities” [12]–[14]. These studies go beyond simple economic
and racial segregation and cover a broader range of topics such as global system of flows, cultural
polarization, social duality, and technological dynamics.
From a spatial point of view, American cities are characterized by constant flow of information,
economic resources, immigration, and social mobility which, in part, problematizes informed
planning decision making to improve the social and cultural dynamics of cities. Many scholars
discuss that multiculturalism is one of the most important features of the post-modern city. The
post-modern city is characterized by being an engine for the global economy and largescale
consumption and production. These cities are influenced by local and global flows of information,
material and highly mobile capital. Under these conditions, the labor market and communities
constantly change location, and new economies emerge recurrently that dramatically change the
life of urban inhabitants of cities [15]–[18]. In the contemporary city, social polarization i.e. the
increasing distinction between the poor and the rich as well as the racial and religious segregation
is highly discernible [14], [19], [20]. The post-modern city is fragmented where each fragment is
dynamic, and constantly changes demographically and spatially [21]–[23]. In the post-modern city
minorities such as homosexuals and non-white racial groups play an active role and consequently
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new lifestyles are not only present but supported and celebrated. Communities with different
values, cultures and urban spaces such as a variety of restaurants, galleries, bars, retail stores that
are more various than before, are introduced to the city [24] and above all, technological advances
both in communication and transportation overcomes the geographic restraints of the city [25]–
[27]. Although not all these technological advances are equally available to all groups, most of the
communication technologies (e.g. Instant Messaging) are relatively low-cost and therefore their
use is pervasive among most social groups [28]. Such complexity and accelerated pace of change
in the context of American cities begs new methodologies to better understand the cultural and
social dynamics in American cities. Above all, it’s of vital importance for architects and urban
planners particularly, to understand the physical and spatial characteristics urban communities in
such cities to be able to actively address the socio-spatial needs of the multicultural city and design
more favorable spaces.

1.1. THE CONCEPT OF COMMUNITY IN POST-MODERN CITIES
Historically, post-modern urbanism began in United states as a result of economic changes in the
postwar period where the US economy witnessed an unprecedented prosperity. This economic
boom along with the population growth as well as increase in immigration brought abought
considerable changes in the urban landscape of American Cities with Los Angeles being at the
forefront of these changes [29]. The economic boom in the US was accompanied by advances in
technology particularly in telecommunication and transportation which facilitated a global
economy. The post-modern city, therefore, became the engine of this global economy. The global
economy brings about flows of information and material, a highly mobile capital and large-scale
production and consumption processes. The global economy is highly dynamic as it recurrently
generates new economies in different locations requiring the communities that are the labor force
for this economy to relocate and change constantly [15]–[18].
In a global market of this size where economic regulations are minimized, social polarization is an
inevitable consequence given the relatively small proportion of the population involved in this
growing affluence [30]. In case of the US, this social polarization is also expressed along
ethnic/racial lines as the prosperous economy in the US was accompanied by immigration from
other countries adding more dimensions to the existing racial/ethnic diversity. Not surprisingly,
immigrants targeted large cities where most employment opportunities were located and this, in
part, led to an ethnically diverse urban population. The multitude of cultural/ethnic groups often
lead to cultural polarization and fragmentation in the post-modern city where each ethnic group
occupied a different territory [16]. Thefore, the American post-modern city is plagued by both
cultural and economic polarization [30].
Community is a broad topic in sociology with a variety of definitions. For example, a study listed
94 definitions for community where the only common theme in these definitions was people [31].
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Some of these definitions are place-based, that is, consider the social ties in relation with a specific
locale while others (although few) study the interactions that may go beyond geographical
constraints [32]. The unstable conditions as well as the unruly nature of the post-modern
city/society, does not help in narrowing down these definitions.
After post-modernism, the debate over the definition and qualities of urban communities
continued. Overall, scholars have different opinions about the strength of communities in postmodern cities. Some believe that the notion of community is lost, others believe it has not changed
significantly and yet others say that community has been liberated from its constraints such as
geographic limitations [27]. However, most of the recent studies on the concept of community in
contemporary cities, have shown that the “liberated” hypothesis is perhaps more accurate [27],
[33], [34]. These studies assert that telecommunication and mobility has encouraged dispersed
networks of friendship, kinship or communities of interest. Under this condition, the individual’s
network is a personal choice that the individual is free to choose from beyond the constraint
imposed by geographical distance. Even though telecommunication has facilitated broad networks
across space, spatial segregation instigates sharp borders between communities in post-modern
cities [4]. Emphasis on diversity and seeing the city as a melting pot, which is championed by postmodern thinking, has not addressed the spatial segregation between ethnic and economic
groups[35]–[37].
The post-modern debate, in fact, has had its greatest impact on urban studies by highlighting the
mutual relationship between space and society [38]. The major spatial manifestation of postmodernism is social exclusion and space is the carrier through which social exclusion is achieved
[39]. In post-modern cities exclusion may occur through the physical organization of space, via
either natural or artificial elements such as highways/ streets and rivers, topography, distance and
other features that are socially and symbolically employed to set limits on our spatial practices
[37]. An example of exclusion through symbolic means is a shopping center where everything
looks expensive and out of reach for individuals from lower socio-economic groups, which has
the effect of creating an alienating experience. [37]. Lastly, this fragmentation may occur through
prohibitions set in place by security forces and cameras or walls in case of gated communities [40].
All these forms of social exclusion define territorial realms and boundaries for communities.
According to Lefebvre [39], the border region between two communities can be either a boundary
region, where the two communities avoid one another, or a junction point, where the two
communities live together. As pointed out by Lefebvre [39], in a capitalist society, there are
junction points where these communities meet and interact in forms of public spaces in the urban
context, however, the vast privatization of urban spaces and deterioration of public areas have led
to even more fragmented cities [40]. Although the causes of spatial exclusion can be traced back
to non-spatial factors such as economic structure in capitalist societies which is founded on
privatization of resources [39], urban studies in the past few decades [41]–[43] assert that certain
physical aspects of space can influence the patterns of interaction between people. These studies
suggest that the social organization of the built environment can be changed through certain
3

physical interventions. This point of view draws a significant responsibility to urban planners and
architects to rethink their decision-making and design processes.

1.2. CAN URBAN PLANNERS CHANGE THE GAME?
The idea of community and space are not separable. In their famous book, “the social logic of
space”, Hillier and Hanson argue that the main purpose of the built environment is to include and
exclude; that is, partition space in a manner that the desired social condition is met [42]. The power
of space as the carrier through which communities are shaped is discussed at length in Lefebvre’s
theory [39]. In his conceptualization, space in a capitalist society is divided into four arenas: first,
the accessible spaces of normal use that is equivalent to activity spaces that people frequent;
second, boundaries and forbidden territories (either belonging to friends or enemies); third homes,
and; fourth the junction points that are places of encounter. With this categorization in mind, I can
argue that the socio-spatial boundaries in the urban context can range from junction points which
successfully facilitate encounters between people of different social groups to boundaries which
block or problematize the social connection between neighborhoods. According to this
conceptualization, the borderline between two social groups can be either a junction point, which
allows the two group to interact, or a boundary which acts as a barrier and minimizes opportunities
for interaction.
Literature suggests that space can affect patterns of social inclusion and exclusion in three ways.
First, according to Hillier and Hanson [42], organization of spaces can impact patterns of inclusion
and exclusion. According to this argument, proximity between certain spaces is a key factor in
community growth [44], [45]. For instance, one study found that small confined open spaces and
opportunities to walk around a small group of houses can significantly impact the formation of
friendships [46]. Moreover, the location of key common urban spaces and the visual connection
between different spaces within a neighborhood, e.g., visual links between residences, are
important factors for social interaction [47], [48]. In addition to configuration of spatial elements,
the geometry of spaces is also a determining factor of spatial segregation. For example, large-scale
privatization has led to large-grained urban textures—for example. large buildings with solid
windowless walls disconnected from the city [49], [50].
The second factor is semantics, that is, the meanings and symbols associated with spaces which
can also cause social exclusion. For example, luxurious shopping centers where economically
disadvantaged individuals cannot practice their desired activity at, exclude these groups without
the use of physical barriers [37]. This factor is more relevant to architects who are integrally
involved in designing the semantics of spaces.
The third factor which has been extensively discussed in the literature is functionality of spaces.
Spaces may improve social interaction and help the well-being of communities by providing a
variety of activities which brings people together. For example, Gehl [43] discusses in his well4

regarded book, Life Between Buildings, a space that provides different options and activities, is an
inclusive space that different groups of people can use. Well-designed streets that attract a diverse
population and increase social interaction can improve social capital within neighborhoods. People
depend on streets for a wide range of activities including travel, commute, leisure and social
activities [41], [51]–[57]. On a more detailed level, spaces with convenient seating [56], [58]–[61]
or that which incorporate natural elements such as trees, grass, flowers, etc. attract more people to
streets and increase chances for interactions [51], [58], [60]–[63]. Neighborhoods with a variety
of shops and retail stores bring people to visit their streets [56], [61], [64]–[67]. This popularity
extends to other third places (i.e. not work or home), such as restaurants, coffee shops, museums,
libraries, churches, local organizations, etc., which attract different groups of people with similar
interests and increase social encounters among individuals [55], [68]–[73].
The studies that I discussed here provide a frame-work for us to better understand the potential
factors that affect the formation of socio-spatial boundaries. However, none of these studies are
conducted in the context of postmodern cities. As discussed earlier, postmodern cities are
characterized by high rates of mobility and social flows. While these cities are known to be
extremely fragmented, the socio-spatial boundaries in these cities are constantly changing [16] and
therefore, identifying the physical factors which influence the patterns of social inclusion and
exclusion by conventional means is challenging in this context. Accordingly, studying the sociospatial boundaries in the context of postmodern cities requires special attention towards identifying
these dynamic boundaries in the first place.

1.3. HOW CAN WE IDENTIFY SOCIO-SPATIAL BOUNDARIES IN THE
CONTEXT OF POSTMODERN CITIES?
Despite new advances in information technology and the exponential growth of socio-spatial data
such as availability of real-time data, advances in artificial intelligence techniques, and consumerfacing information [74] , relatively little is known about urban social boundaries and influence of
urban planning on the formation of these boundaries. Many studies have attempted to fathom the
socio-spatial complexities that emerged in post-war American cities. Most of classic studies of this
kind were based on the Census data [75], [76]. Data provided by the Census have several
limitations that make them less useful for studying urban cultural boundaries. First and foremost,
the data is aggregated on large geographic units defined by administrative boundaries and hence,
often cannot be used to study the actual lived socio-spatial boundaries experienced by people.
Second, the data has low temporal resolution, that is, they are being collected every five years and
therefore, cannot reveal rapid changes in post-modern cities. Third, the data does not inform us
about cultural facts, but rather, they provide basic demographics which may or may not reflect
practiced culture.
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One of the influential data sources that have been available to researchers in the past few decades
is crowd-sourced datasets such as social media. Social media has significantly contributed to our
understanding of the spatial dynamics of cities [77]–[79]. Most commonly, urban research that use
social media to examine urban socio-spatial structure, incorporate location-based social network
(LBSN) techniques [80]1. The majority of research in this area uses social media data which
includes the geographical location as well as their tagged images, videos, texts etc. Common
examples of data used for LBSNs include GPS trajectories of taxis [81], Twitter [82], Flickr geotagged photos [83], and the widely used Foursquare check-in data [84]. The crowdsourced data,
especially those including the geographical information such as tweets, photos, check-ins etc. can
help us in understanding people’s lifestyles (e.g. likes and dislikes) [85], [86], the cities’ sociospatial structure [84], neighborhood functions and characteristics [83] and behavioral patterns [87]
in the cities.
One way to identify urban communities in the context of postmodern cities is through analysis the
consumption patterns and preferences of individuals. Many studies have showcased the fact that
people among the same social networks have similar taste in music, movies, TV shows and books
[86], [88]. Some studies indicate that people of higher social status enjoy different types of art
products [89], [90]. Examples of similarities between tastes and social groups is a well-studied
topic especially in the age of internet where individuals’ tastes and cultural preferences are
available to information-based companies (e.g. Amazon, Facebook, Spotify, etc.). In fact, many
recommender systems (i.e. algorithms for design for recommending products to users) are
designed under the assumption that people of the same social groups are likely to consume similar
products [91], [92].
The conceptual framework of the relationship between social groups and taste was established by
Pierre Bourdieu in his well-recognized book titled as “Distinction: A Social Critique of the
Judgment of Taste” [93]. In summary, Bourdieu describes an underlying cultural hierarchy in
contemporary societies where social classes are distinguished by their taste as opposed to mere
economic status. This view is also shared by other theoreticians. For example, Madanipour [37]
argues that social hierarchy occurs in three arenas that is, economic, political and cultural.
According to him, cultural hierarch, is manifested through patterns of consumption, from daily
necessities to cultural products [37].
Theoretically, it is not surprising to expect geographically concentrated clusters of similar tastes
between individuals in a postmodern city: first, as I discussed earlier, postmodern cities are
characterized by highly fragmented social fabric with segregated communities of different culture,
ethnicity and economic status [16]. Second, the postmodern city is characterized by a global
economy where consumers are provided with a variety of product choices and therefore consumers
(or residents) have the option to practice different tastes [24]. In practice, many computer
1 A location-based social network or LBSN is a network consisting of people in a social structure who share location-embedded
information (references).
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applications are created based on the premise that users of same social groups practice similar
tastes. For example, many recommender systems (i.e. algorithms for design for recommending
products to users) have been designed for Point of Interest (POI) recommendation using
collaborative filtering (i.e. using a person’s social network for recommending new points) [94],
[95].
In this study I use Yelp data to find commonalities in user’s preference for food/drink based on
reviews submitted. Using social media, instead of conventional demographic datasets such as
Census, enables us to account for the constantly changing nature of postmodern cities and
therefore, better understand, at any point in time, what physical factors might influence the
formation of socio-spatial boundaries. One major difference between Yelp and census data is that
the Yelp reviews are submitted by restaurant users and may not necessarily come from a reviewer
who resides in the same neighborhood as of the restaurants. Accordingly, I will focus on the taste
practiced by the restaurants’ patrons as opposed to the neighborhoods’ residents.

1.4. THESIS QUESTION
In order to contribute to the problem of urban social boundaries, this research aims to address the
following questions:
•

How can we detect urban social boundaires using crowsourced data?

By adapting Bourdieu’s theory of Distinction [93], community-authored social media data
collected from Yelp, and supervised and unsupervised machine learning techniques, this research
puts forth a novel method to identify urban social boundaries with high spatial and temporal
resolution. More specifically, I use preference for food and drink (from Yelp reviews) as an
indicator of social class as suggested by Bourdieu [93], and use machine learning methods to find
neighborhoods/communities supporting restaurants with similar taste profiles. The resulting
neighborhoods/communities are then validated by traditional markers of social class
(demographics from Census data) in a later step.
•
From an urban planning perspective, what factors are associated with these social
boundaries?
After identifying cultural boundaries between neighborhoods/communities from the previous step,
I statistically test whether or not the boundaries have different physical characteristics compared
to other areas. An extensive literature review was conducted to identify physical characteristics
that I should focus on in determining the nature of the boundaries between different cultural
7

classes. These physical characteristics are categorized in three groups: road network, land-use
configuration, and geometric features of urban elements (e.g. area).

1.5. DISSERTATION ROADMAP
This dissertation has three parts:
Part I: Validating taste for food and drink as an indicator of social class
Bourdieu and Passeron (1990) argue that cultural capital was employed and reinforced by to
distinguish themselves from other groups. This difference emerges from the fact that people of
different groups have access to different resources depending on a multitude of variables such as
race, class, gender, sexuality, religion, and age (Bourdieu and Passeron, 1990). Bourdieu’s
argument has been critiqued by many scholars on the grounds that it may not be generalized to the
current social condition of the United States [96], [97].
The first step of this research, therefore, is to validate taste as an indicator in American
metropolitan areas. Data provided by Yelp enable us to empirically study the food types consumed
by different groups of people across four metropolitan areas in the US (i.e. Boston, Detroit, D.C.,
and Philadelphia). This data paired with that of American Community Survey which provides
demographic information on Zip Code level can help us investigate the extent to which food choice
of patrons of restaurants is a good proxy for social groups. My analysis indicates that taste is in
fact a reliable indicator which corresponds with a multitude of demographic factors including
median income, education, and race.
This part of the study was published as “Social Class and Taste in the context of US Cities:
Validating Bourdieu’s theory of distinction using restaurant reviews” at the ACM SigSpatial
conference [98].

Part II: Using Yelp to study the spatial dynamics of social class
This part of the study aims to examine preference for food as an indicator of urban
neighborhoods/communities. The previous step established that there is congruence between taste
or preference for food/drink at restaurants (by restaurant patrons) in a neighborhood and
demographic factors of the neighborhood. However, it does not illustrate whether or not taste is
capable of showing geographic/spatial patterns and can be used as an indicator for identifying
spatially located urban communities.
In this part, I investigate the extent to which observable spatial patterns can be found by using taste
as an indicator. I extracted the types of foods, drinks and ambience that corresponded with taste
from Yelp reviews using Natural Language Processing (NLP) techniques. These foods and drinks
8

were measured for every restaurant which enabled us to estimate the types of foods and drinks
consumed in different neighborhoods. Our clustering results showed clear spatial boundaries
between restaurant patrons with different taste for food and drink.
This part of the study was published as “The Geography of Taste: Using Yelp to Study Ubran
Culture” at the International Journal of Geo-information [99].

Part III: The physical manifestations of socio-spatial boundaries
At this point, the first and second part of this dissertation illustrate that taste, as an indicator of
cultural capital, can help us identify urban communities in American cities through a new
methodology more suitable to the context of post-modern cities and with a higher spatial resolution
than that of Census. We can now examine what urban factors actually separate groups of people.
After a comprehensive literature review, I found that third places (i.e. places other than homes and
offices where people socialize at) are the major manifestations of junction points in the urban
context. Accordingly, types and density of third places are considered as an indicator of junction
points. I also found that the following factors are associated with formation of boundaries: large
urban pieces that disconnect pedestrian flows (e.g. large train/bus stations) and configuration of
road networks. In order to find which physical factors are more likely to be associated with
separations of different communities, I conducted statistical tests in four major American
metropolitan areas to see whether or not the distribution and types of land uses (i.e. junction
points), separating urban elements, as well as the node degree and integration (i.e. measures
derived from road network) are significantly different in the border lines.
This part of the study is under review.
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SOCIAL CLASS AND TASTE
IN THE CONTEXT OF US CITIES
Abstract
In this study, we intend to validate Bourdieu’s theory of distinction in the context of United States
by using crowdsourced restaurant reviews from Yelp. Bourdieu argues that cultural capital was
employed and reinforced by people from different social groups to distinguish themselves from
one another. This difference emerges from the fact that people of different groups have access to
different resources depending on a multitude of variables such as income, race, class, gender,
sexuality, religion, and age. Bourdieu’s argument has been critiqued by many scholars on the
grounds that it may not be generalized to the current social condition of the United States.
Generally, critics argue that this theory is too deterministic, diminish the influence of individual’s
choice and variability, data used in Bourdieu’s study is outdated and doesn’t take new societal
changes into consideration, and some argue that individualism in the modern age has added more
intricacy to one’s cultural choice which cannot be only explained by social hierarchy.
To validate Bourdieu’s theory, we investigate the association between foods and drinks mentioned
in different restaurant reviews and a set of demographic factors which are used to define social
class. The results of this study show that reviews of different food and drink types are associated
with certain demographic features. Based on this observation we conclude that Bourdieu’s theory
of distinction is still valid in the context of US cities. This theory helps us better understand the
structure of social class in the American cities.

2.1. INTRODUCTION
The American city has seen tremendous changes in the past decades in both cultural and economic
respects. The new period, known as the age of post-modernism, gave rise to a large number of
theories that initially aimed to describe the overwhelming changes imposed upon the post-war
societies [100]–[103]. From a cultural stand point, rejection of a uniform way of living that was
praised in modernity and around WWII gave rise to revelation of a variety of lifestyles that were
not known previously. In the US, the post-industrial society is marked by the gradual acceptance
of gays and lesbians by societies, a more visible participation of people of different ethnicities, the
inflow of non-European immigrants from different parts of the world bringing with them entirely
new cultures [24].
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These cultural changes were simultaneous with the post-war economic boom in the US. The most
obvious manifestation of this economic changes in the cities was perhaps the growth of servicescapes in response to the demands of the baby boomers who are characterized by high expectations
and consequently, bringing about an increased demand for high-end products [24]. The rise of
individualism and diversity along with the economic growth engendered a highly noticeable and
prevalent landscape in the cities named as “consumption spaces”. Consumption spaces are integral
components of the post-modern cities. These spaces gradually took the place of production spaces
such as factories after the industrialization era [23], [100], [104], [105]. The emergence of these
spaces is the result of the increasing impact of consumerism, pushing the individuals towards
consuming goods and certain types of services as much as possible [101], [106]–[108].
Commercial spaces started to become an important part of the urban spaces during the
industrialization period. The arcades of Paris, as described by Walter Benjamin [109] were the
beginning of a new generation of consumption spaces in the cities. Since then, these spaces
dramatically changed public life of urban inhabitants [109]. Later, department stores made
previously unavailable or luxurious goods available to many consumers [23]. Beginning in the
1970s, recognized as the beginning of the post-modernism, department stores started to grow and
the variety of goods offering to fulfill the ever-growing expectations of consumers. Shopping
malls, also, started to employ new strategies to keep the shoppers inside for longer periods of time
and consequently larger mixed-function shopping malls emerged, encompassing movie theatres,
theme parks and food courts [23].
Because of the emergence of different cultures and lifestyles in Post-War United States,
consumption spaces became heterogeneous enough to address all these new demands and tastes.
Industries started to produce for different lifestyles and contributed to the diversity and economic
growth of major cities. Consumption spaces acted as a medium for these industries to get products
to a variety of consumers with different lifestyles. Accordingly, a collection of restaurants, bars,
coffee shops, galleries and boutiques became available in relevantly small geographic areas, in
post-modern cities [24].
Common to all these changes was the democratization of sensations [24], [105], [110]; everyone
is now exposed to a variety of experiences, tastes and sensations that were once hidden to the
public. The consumption spaces are the arena where these sensations manifest themselves. For
example, restaurants fulfil the need for taste and smell, movie theatres and museums are visual,
bars and clubs are about seeing and being seen as well as the music, hairdressing saloons are about
looks etc. [105]. The postmodern city, in this regard, creates a mechanism to fulfill a vast variety
of tastes for different groups of people.
The post-industrial consumption culture along with democratization of taste for all groups, has
brought about a variety of choices to different groups of people with different ethnicities and
religious identities. Understanding the dynamics of social classes under such condition has been
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the matter of debate between scholars under two major arguments: the first group of scholars claim
that social class is still the dominant factor in determining one’s power and the variety of
opportunities in life [111]–[113]. The second group of authors believe that the significance of
social class is declining in the post-industrial society and social stratification occurs based on other
factors such as ethnicity, gender and religion. This group of commentators assert that the postindustrial society is moving to a culturalist phase only where members of different social strata
engage in distinctive lifestyles and cultural consumption patterns [24]. These cultural strata are
becoming less and less dependent on the economic factors due to the mass production processes
which have democratized almost all products to all layers of the society [114], [115].
In this study, we investigate whether the social groups from different social strata have
significantly different tastes. To do this, we first identify the indicators of taste using NLP
techniques on restaurant reviews derived from Yelp [116] and examine the association of these
indicators with different demographic determinants of social class. Our results can help urban
planners, sociologists, and geographers better understand the intricate social dynamics of
American cities.
2.2. TASTE, SOCIAL GROUPS, AND BOURDIEU’S THEORY OF DISTINCTION
In sociology, taste refers to an individual’s personal and cultural choice and preference patterns.
Taste enables individuals to draw distinctions between a variety of cultural products such as styles,
manners, consumption patterns, and art [117]. Taste is closely knit with culture, social relations
and human dynamics and many studies have studied taste in relation with aesthetics [118],
consumption patterns [119], and social classes [93]. In this study, we will be focusing on this
definition of taste while at the same time recognizing that there is no inherent superiority in
different types of tastes practiced by different groups. In other words, we avoid judgment regarding
taste practices and use it as an indicator of different urban communities.
Weber [120] was among the first commentators who acknowledged the importance of taste in
determining the power distribution in post-industrial societies. Weber argues that different groups
define specific lifestyles and consumption patterns to distinguish themselves from other groups.
Following Weber, other authors started to recognize the significant presence of cultural difference
between social groups. Parkin [121] explores the impact of culture and taste on inclusion and
exclusion processes in groups. Some authors discuss the central role of culture in education
attainment [122], [123].
Perhaps one of the most well-known theories discussing the link between sensations and
postmodern society is Bourdieu’s theory of distinction [93]. In his theory, Bourdieu describes an
underlying cultural structure in contemporary societies where social groups distinguish themselves
by their taste. In this theory, he does not neglect the importance of economic capital, but rather
describes social distinction as a more complex phenomenon that is not merely a consequence of
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economic distinction. In Bourdieu’s view, cultural and economic capital are the most important
forms of capital. Economic capital has to do with individuals’ access to economic resources while
cultural capital is a collection of non-material traits in a person, such as knowledge and skills,
attitude and philosophical view, use of vocabulary, and language skills etc. Bourdieu identifies
three major groups after surveying 1217 respondents in different years in 1970s in France. The
first group that he calls the “legitimate” class and the representation of which can be found in
“Goya’s paintings” or the “Art of Fugue”, philosophical books, and high-end theatre shows [93].
Second, the “Middle-brow”, which is more common in the middle class and is the inferior version
of the legitimate culture. Examples of these genre are “Jaques Brel”’s or “Charles Aznavour’s”
songs. The last group, is the “Popular Taste” that is represented by the works of arts that have been
devalued and over-consumed due to high popularization such as the “Blue Danube” [93]. In this
hierarchy, the legitimate group dominates all others and determines what sorts of cultural choices
or tastes, leisure activities, literature etc. should be known as the “legitimate”, “most appropriate”,
or the “right” choice.
Bourdieu believes that “taste” is the means of identifying social groups. He argues that these
differences are most obvious in the routine everyday choices such that of food, furniture, clothing
etc. because they are representative of pure taste. The multitude of products and the groups,
especially in consumer society of post-modern cities, gets to the point where each section of society
has its own taste and preference in the type of newspaper they read, the music they listen to, the
taste for interior decoration and so on [93]. These cultural choices, according to Bourdieu, become
intrinsic to one’s personality and accordingly, he/she rejects the tastes or cultural choices of other
groups[93] .
Although Bourdieu uses the terms high/medium/low to distinguish different groups, in this study
my intention is to distinguish between groups with different preferences without assigning value
to such preferences. Accordingly, we avoid the use of the terms high/low, rather we distinguish
different groups by assigning a naming protocol of type A, B and so on.
Studies followed Bourdieu’s theory of distinction to determine how demographic factors were
correlated with taste. For example, some studies showed that persons with higher status groups
read more literature and quality papers [124] and have different tastes of art [89], [90]. More recent
studies on Facebook and MySpace datasets, argue that people with similar social networks share
similar tastes of music, movies, TV shows and books [86], [88]. Also, some studies suggest that
people living in the same regions are more likely to practice similar taste for food or interior
decoration [99], [125], [126] as people in the same region are more likely to share similar
demographic features or belong to same social networks [127]. Common to all these studies is a
consensus between scholars that, as Bourdieu [93] argues, there exists a homology between social
structure and cultural fields. Accordingly, by identifying the cultural fields, reflected in
individuals’ taste or cultural choices, one can discover the underlying social structure.
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2.3. A CLOSER LOOK AT BOURDIEU’S THEORY
Bourdieu’s theory of distinction results from a series of surveys and interviews conducted in
France: one in 1963 and the another in 1967-68. For these studies, Bourdieu considers different
taste types to form a spectrum, that is, he assumes that different tastes range from “personal” to
“legitimate” tastes. An example for legitimate is taste for different art types. On the other end of
this spectrum is the personal taste that refers to everyday choices such as food, clothing, and
interior decoration. Bourdieu also gathered metrics on two groups of social factors: factors that
quantify educational capital (i.e. qualifications and credentials) and factors that quantify social
origin, that he considered equivalent to father’s occupation.
Bourdieu’s study revealed a significant pattern between the dependent factors (i.e. legitimate and
personal tastes) and independent factors (i.e. metrics related to social origin and education). He
argues that education and origin/background, while are both important in determining taste, act
quite differently. Bourdieu found that some cultural choices are more closely related to education
while others are more linked to social origin. His studies showed that legitimate taste is more likely
to be influenced by education whereas personal taste more linked with social origin.
Bourdieu asked a multitude of questions related to art in his surveys to empirically measure
legitimate art in different groups. He found that for example, educated groups, regardless of their
social origin, were significantly more successful at naming famous movie directors and chose same
groups of objects when asked to compose an ideal painting from a given set of objects. This issue
shows that the impacts of school/college goes beyond curriculum and the expectations posed by
teachers and fellow students imposes a cultural vision which appreciates legitimate culture. Unlike
legitimate taste, Bourdieu’s study showed that personal taste is rather affected by social origins.
Based on these studies, Bourdieu developed the theory of Distinction: clusters of individuals each
develop cultural preferences that are different from one another. Bourdieu explains the underlying
mechanism of this distinction through the notion of power and social relations. Bourdieu
introduces three key concepts to better understand the mechanism through which taste becomes a
distinguishing factor in social classes:
•

Capital - There are three types of capital: economic capital, social capital and cultural
capital. Economic capital has to do with ones’ financial status and purchasing power.
Social capital has to with the extent to which one is connected with people of power and
cultural capital is directly related to one’s education, skills, and qualifications. Bourdieu
believes that these three forms of capital are transformable to one another. For example,
a person’s social network can economically benefit him/her as well or one’s education can
help him/her to get connected to more wealthy and powerful people. These three capitals
constitute the symbolic capital which determines one’s total capital and social position in
society. So symbolic capital is a combination of economic, social, and cultural capital.
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•

Social Space - Bourdieu sees social space as a multi-dimensional space consisting of
different subspaces which refer to different contexts such as school, friends, and family.
He calls these subspaces as fields and argues that each field is comprised of a specific
network of people with different characteristics. Accordingly, a person’s role in society is
defined by the combination of his/her roles in different fields.

•

Habitus - Habitus is the link between social space and symbolic capital. Habitus is the
underlying attitude behind our choices; a set of values that helps us differentiate good from
bad. The concept of habitus is in fact the most important component of Bourdieu’s theory.
Habitus is directly influenced by one’s resources, that can be in turn be described in terms
of social, economic, and cultural capital.

In Bourdieu’s theory, taste is the best indicator of habitus: it represents both resources and attitudes
at the same time. However, he does not see taste as a set of habits practiced unintentionally by
individuals, but rather, he sees it as a means of distinguishing one group from another. In the three
social classes that he identifies (i.e. low-brow, middle-brow, and high-brow) individuals prefer the
tastes of their group over that of other groups in society[128].
2.4. A CRITICAL VIEW TOWARDS BOURDIEU’S THEORY
Bourdieu’s argument of taste and its origins is in complete opposition with that of Kant’s. Kant’s
philosophy around the concept of aesthetics asserts that beauty is an intrinsic quality in objects and
it’s not a product of subject’s interpretation [129]. Bourdieu’s discussion explicitly repudiates this
line of thought by arguing that taste is in fact a constructed mechanism for inclusion and exclusion.
Bourdieu and Passeron [130] argue that cultural capital was employed and reinforced by people of
higher status to distinguish themselves from the people of lower social standing. Bourdieu argues
that one’s cultural capital enables him/her to reach a sophisticated understanding of different
artworks and cultural products [93]. Taste, for Bourdieu, is expressed through the habitus and
although it seems to be natural and unreflecting, it is in fact rooted in social background.
Bourdieu’s argument has been critiqued by many scholars. First some argue that this concept is
too deterministic which was quite common among the structuralist neo-Marxist scholars in 1960s.
These theories diminish the influence of individual’s choice and variability [96]. In another study,
Lamont [131] has tried to show non-demographic boundaries such as national boundaries
significantly affect one’s taste. Some scholars argue that the data used in Bourdieu’s study is outdated and doesn’t take new societal conditions into consideration [132]. Jenkins [132] argues that
postmodernism and individualism have added more intricacy to one’s cultural choice which cannot
be only explained by social hierarchy.
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Some scholars argue that Bourdieu’s study suffers from external validity. For example, Archer
[133], argues that Bourdieu puts forth a universal and generalizable argument on taste whereas his
study was conducted in France only. Undoubtedly, France’s society in 1970 had its own
specificities which cannot possibly be generalized to other societies.
Today, a variety of data sources exist which enable us to investigate Bourdieu’s theory in a large
scale. In this study, we will explore this further by using Yelp [116] data set which entails the food
and drink taste of people in restaurants in different regions. we will use this data to see to what
extent preferences for food and different drinks correspond with demographics, such as education
and income.

2.5. INDICATORS OF SOCIAL CLASS
To identify if the notion of taste is associated with class, we need to have a solid definition of
social class. Social classes refer to social groups characterized by interdependent economic
relationships. These social groups also show significant differences the most obvious of which is
the socio-economic indicators [134], [135].
Social class has been defined using different indicators in the field of urban research. Some studies
define social class based on income and poverty levels [134]. Income is defined using a multitude
of indicators including wage earnings, transfer payments, and pensions [136]. Most urban studies
however use annual family income as the main indicator [134]. Another commonly used indicator
for social class is education due to ease of measurement, stability over individuals’ life span, and
independence from individuals’ job status [137]. One of the major complexities with defining
social classes is caused by racial and ethnic segregation specifically in the context of US cities.
For example, studies have shown that poor black neighborhoods are more disadvantaged from
poor white neighborhoods [138], [139]. Accordingly, in this study, we use income, education and
race as the three indicators of social class.

Data
We used two datasets to characterize taste and social class, separately:
•

Dataset used to characterize taste: scraped restaurant reviews from Yelp [116], an
online platform which enables users to review and rate businesses and restaurants
specifically. The scraping process was conducted for four American metropolises i.e.
Philadelphia, Washington D.C., Boston, and Detroit. All these cities are characterized by
significant racial, economic, and cultural segregation. This data was collected over the
course of 3 months in 2017 and includes 509,319 reviews for 120,801 restaurants.
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In addition to the data above, we used the Yelp contest dataset [140] which includes data
for 5 American metropolitan areas ((i.e. Cleveland, Pittsburgh, Charlotte, Las Vegas). This
dataset adds 2,186,054 reviews for 34,231 restaurants to our analysis and includes the
following fields: Business ID, User ID, Reviews, Business Name, Star Rating, Address,
City, State, Zip code, Business Category, Review Count, Longitude, Latitude. Table 1
summarizes the entire dataset used in this study.

•

American Community Survey (2016) to characterize social class: The second set of
data has been collected from the American community survey 2016 [141] and includes
three indicators at the Census block level: (1) household annual income, (2) race as defined
as percentage of White, Black and African American, Hispanic, and Asian population. (3)
education defined as percentage of population with bachelor, professional, Master, or
doctorate degrees.

Table 1. Number of reviews and restaurants for the 10 cities.
City

MSA Population
(2017)

Number of
Restaurants

Number of
Reviews

Reviewers’ UserID

Number of
Reviewers

Boston

4,836,531

44,597

172,401

Not available

Not available

Charlotte

2,525,305

2780

139,188

Available

39,813

Cleveland

2,058,844

3996

139,824

Available

21,939

DC

6,216,589

8206

40,420

Not Available

Not available

Detroit

4,313,002

35,823

81,301

Not available

Not available

Las Vegas

2,204,079

6312

826,358

Available

275,012

Philadelphia

6,096,120

29,045

91,660

Not available

Not available

Phoenix

4,737,270

9692

731,744

Available

97,476

Pittsburgh

2,333,367

3130

124,170

Available

33,268

2.6. METHODOLOGY
In this study we use supervised and unsupervised techniques to examine the relationship between
taste indices extracted from Yelp and indicators of social class i.e. education, income and race.
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We note that the comparison is between the preference for food/drink of patrons of restaurants and
the demographics of the residents of the neighborhood in which the restaurants are located. To do
this, we will first use natural language techniques to extract indices of taste from Yelp. Next, we
extract social class indices from the American Community Survey data [141] at the block-group
level. We will then investigate the association between taste indices and social class indicators
using supervised techniques.
2.6.1. DEFINING TASTE WITH WORD2VEC
In this study we used a bag-of-words model to characterize the practiced taste of patrons of
restaurants in a given neighborhood [142]. This model characterizes a given corpus of text by the
frequency of words regardless of their position in the sentence. We characterize taste by looking
for words related to foods and drinks as these two categories represent people’s everyday choices
and are suggested as good indicator of taste by Bourdieu [93]. These words may refer to the names
of foods and drinks (e.g. Lobster) or their qualities (e.g. steamed).
To identify a comprehensive and yet specific list of words related to foods and drinks we used a
Word2Vec model [143] which projects every word in an n-dimensional feature space. This model
enables us to find words that are semantically close (e.g. Fish and Tilapia) and therefore find words
that are more specific than common food names (e.g. pizza). Word2Vec is a popular model which
enables us to transforms words in a document to high-dimensional spatial vectors by using a Neural
Network Language Model (NNLM) [144], [145]. Given N user comments and the n-th word in
the comment wn , and the window size of the context centered on the n-th word as C, the maximum
likelihood function of the NNLM model will be as follows:
𝑁

1
𝐼(𝜃) = ∑ log 𝑝(𝒘𝑛 |𝒘𝑛+𝑐
𝑛−𝑐 )
𝑁

(1)

𝑖=1

n+c
Where wn-c represents a set of words at the center of which is wn with context sampling window
size of c. We trained this model on the entire corpus of Yelp reviews which lead us to a 100dimensional representation of every word. This representation helps us to calculate distances
between words. The smaller the distance between two given words, the more likely they are used
together in the same context. For example, we expect that the distance between “Burger” and
“Fries” to be small.
To find the words that are related to “food” and “drink” categories, we first created a primary list
of words related to foods and drinks and second, calculated the distance between these selected
words and every other word in the corpus and chose the closest ones. To create the primary list of
words, we used English stop-words to remove commonly used words (e.g. that, was etc.) [146].
After removing the commonly-used words, we printed out the top 1000 frequently used words and
18

manually searched for the food and drink names. Of these 1000 words, 35 words were related to
foods and drinks (Table 2). We used these words as seeds and found all the words that are close to
these words in the semantic space.

Table 2. List of 35 features used as seed to Word2Vec model
Category

List of features

Food

chicken, pizza, ketchup, cheese, salad, hot
dog, burger, bacon, burrito, mushroom, fish,
wings, strawberry

Drink

coffee, tea, beer, soda, water, wine, cocktail,
alcohol, smoothie

Food
adjectives

Mexican, Italian, Chinese, sweet, fried,
spicy, vegetarian, greasy, homemade, juicy,
organic, stuffed, crispy

We calculated the cosine distance between the selected 35 words (Table 2) and all other words in
the corpus and chose the 20 closest words in the corpus to the 35 words (i.e. 700 words relevant to
taste total). We then went through these 700 words and subjectively selected those that were related
to food and drink. We also deleted those that were too general (e.g. green, good) and don’t
characterize the food’s quality or type. At the end of this process, we ended up with 248 relevant
words. The word2Vec model helped to significantly reduce the time needed to find relevant words
to taste and search only within 700 words as opposed to looking into the entire corpus of unique
words. In the last step, we group these words into certain categories i.e. steak types, meat types,
sweets types, fast food, vegie types, breakfast types, fruit types, nut types, herb types, dressing
types, coffee-related drinks, soda types, hard liquor types, soft liquor types, ethic foods, Mexican
food types, Italian food types, Asian food types, and Middle Eastern food types. By adding these
categories to the feature space, we end up with 267 independent variables for our regression
models.
Prior to moving on to the regression models, we conducted some preprocessing steps to account
for scarcity of some words in the corpus and weight them accordingly. To do this, we used Term
Frequency-Inverse Document Frequency model (TF-IDF) method which inversely weights those
words that are too frequent (e.g. Pizza). We calculate IDF as follows:
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𝑖𝑑𝑓(𝑡, 𝐷) = 𝑙𝑜𝑔

𝑁
1 + |{𝑑 ∈ 𝐷: 𝑡 ∈ 𝑑}|

(2)

Where N is the total number of restaurants in the corpus and |{𝑑 ∈ 𝐷: 𝑡 ∈ 𝑑}| is the number of
times that term t appears in the restaurant d. We can then multiply IDF by the Term Frequency
(TF) that we previously generated.
After this step, for every review, we have 267 variables that characterize the taste signature of that
review. We aggregate these values on census-block groups to evaluate the frequency of these
words at the neighborhood level. We also standardize the word counts by dividing every word by
the summation of all 267 words at every restaurant. In addition to these 267, we add 8 dummy
variables to account for different cities. These variables enable us to control for reginal variations.
2.6.2. REGRESSION
As discussed earlier, we used three groups of dependent variables which characterize social class:
(1) household annual income, (2) race as defined as percentage of White, Black and African
American, Hispanic, Asian, (3) education defined as percentage of population with bachelor or
higher degrees. The independent variables will be 267 fields characterizing the taste of a region as
explained through patrons of restaurants located in the region. This analysis is at the Census blockgroup level and therefore, every measure is aggregated at that level.
To find the best model that fits this data, we examined 3 regression models: stepwise OLS
regression, Lasso Regression, and Random Forest. The stepwise regression enables us to select the
best subset of variables among a multitude of variable sets using the Bayesian Information
Criterion (BIC) which draws a comparison between different models and enables us to make a
compromise between model bias and variance [147], [148]. We also employed the least absolute
shrinkage and selection operator (LASSO) regression. The only difference between this model and
an Ordinary Least Square (OLS) model is that it adds a penalty term for every variable added
which further assists us to reduce dimensionality and avoid over-fitting. The best LASSO term
was selected through the grid-search algorithm from a grid of 1000 values ranging from 10-1 to
10-8. The best regularization term was chosen after a 10-fold cross validation [19]. Both Lasso
and stepwise regression, are chosen due to being highly interpretable while less prone to
overfitting.
We also choose random forest as we generally expect higher scores for these models compared to
linear models. For the random forest models we examined different number of features as input by
using univariate feature selection which works by selecting the best features based on univariate
statistical tests [149]. Additionally, we used a grid search algorithm [150] to find the best set of
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hyper-parameters for every model. These three models are examined separately for every
dependent variable that we discussed.
Prior to regression, we transformed the dependent variables using natural log function. We
removed any block group with less than 5 restaurants to make sure that the restaurants are
representative of the taste of patrons of restaurants in that block group.

2.7. RESULTS
The regression models yield some interesting results which correspond with Bourdieu’s theory, to
some extent. Among the linear models, Lasso yields better results than stepwise OLS model. The
Lasso model is slightly less accurate than the Random Forest model, however, due to its high
interpretability, we select the Lasso models as our final models.
Table 3 draws a comparison between the regression models with different target variables.
Generally, the highest R-squares belong to “Education”, “White Ratio” and “Black Ratio”. The
high scores for these target variables means that the taste indicators are more successful in
distinguishing block-groups in terms of their racial composition, as well as the education level.
This finding is consistent with Bourdieu’s discussion around the importance of education in
determining social groups [93] as well as the racial segregation patterns discussed in the literature
[138], [139]. Among our target variables, median household income yields the lowest R-square
across all models. One reason could be that the median household income does not provide good
information about individuals’ expenditures or consumption patterns. Another reason can be since
mere income is not reflective of taste for food as discussed in section 3, is not merely affected by
income, but rather, works in combination with education and social origin.
Table 4 summarizes the top 10 important variables for every Lasso regression model. We can see
that the top 10 for education strongly relates to the message that Bourdieu puts forward: almost all
those food types that are positively associated with education are first rather exotic (e.g. arugula,
striploin, sashimi) and second are healthier food types and are not perceived as large portion foods
with high calorie (as is the case for hamburger or cheesesteak). The household income, although
having a lower R-square, also conveys the same message.
We can also observe that those food types that distinguish block-groups with high ratio of Asian
and Hispanic groups have cultural roots. For example, we can see that food types for Hispanic
groups are mostly South American foods (e.g. tortilla, tamale, etc.) or for Asian group, we can see
the dominance of some seafood types and meats that are commonly found in Asian diets.
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Table 3. Regression model performances for different target variables
Target variable

Education

Median
Income

Household

Ratio of White

Ratio of Black/A.A.

Ratio
Hispanic/Latino

Ratio of Asian

of

Model

Hyper-parameters

R-square

OLS

-

0.43

Lasso

log(Lambda) = -4.39

0.36

Random Forest

Number of trees: 65

0.51

OLS

-

0.26

Lasso

Log (lambda) = -4.71

0.27

Random Forest

Number of trees: 100

0.23

OLS

-

0.31

Lasso

Log (lambda) = -3.89

0.42

Random Forest

Number of trees: 75

0.49

OLS

-

0.26

Lasso

Log (lambda) = -3.42

0.37

Random Forest

Number of trees: 100

0.46

OLS

-

0.57

Lasso

Log (lambda) = -3.51

0.62

Random Forest

Number of trees: 100

0.64

OLS

-

0.27

Lasso

Log (lambda) = -3.82

0.38

Random Forest

Number of trees: 150

0.41
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Table 4. Top 10 coefficients for different target variables
Target
Variable

Education

White
Ratio

Hispanic/
Latino
Ratio

Top 10
Variables

Coefficients

Target
Variable

Top 10
Variables

Coefficients

arugula

0.41

eggplant

0.23

broccoli
scallion
sashimi
avocado
striploin
spinach

0.4
0.37
0.37
0.36
0.36
0.33

arugula
sashimi
spinach
calamari
risotto
wine

0.25
0.24
0.23
0.22
0.2
0.16

Vegie types

0.33

bean

-0.13

bean
wine
calamari
eggplant
wing
bean
artichoke
tilapia
sushi
mac
chicken
soda
tortilla
squid
carne
ceviche
mimosa
pork
tamale

-0.32
0.32
0.48
0.32
-0.26
-0.24
0.2
-0.14
0.11
-0.09
-0.07
0.04
0.43
0.41
0.39
0.38
0.28
0.25
0.22

wine
pasta
scallop
wing
bean
chicken
tilapia
mac
ketchup
sushi
veal
wonton
squid
duck
octopus
Nutella
scallion
sashimi
turnip

0.13
0.11
-0.29
0.46
0.42
0.3
0.27
0.25
0.25
-0.19
-0.2
-0.21
0.52
0.47
0.45
0.41
0.34
0.32
0.29

Hard liquor types

0.17

lamb

0.29

bean
nacho

0.1
0.09

gravy
arugula

-0.23
0.22

Median
Household
income

Black/A.A.
Ratio

Asian
Ratio
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2.8. CONCLUSION
This study aimed to evaluate Bourdieu’s theory of distinction in the context of United States using
crowd-sourced restaurant reviews. In this study, we first extracted a set of words related to foods,
drinks, and food qualities using the Word2Vec model. The words extracted in this process were
then used in a bag-of-words model which aimed to characterize the food consumption patterns of
patrons of restaurants at the block group level. These features were then paired with well-known
indicators of social class i.e. income, education, and race.
Our regression models yield some significant results indicating that the food consumption behavior
of restaurant patrons have significant associations with the social class indices of the residents of
the same neighborhood. We found that education, as well as race are among those target variables
that are associated with food consumption patterns.
Through our regression models we observed associations between taste and social class indicators
in the context of 21st century US cities: block groups with higher education and income are
associated with restaurants whose patrons consume exotic food types (e.g. arugula, sashimi). Our
results sheds light on the importance of taste as an indicator for studying the contemporary
American cities. Using taste as an indicator can help us better understand the segregation patterns.
This issue is particularly valuable for us given the availability of different crowd-sourced datasets
such as Yelp which provides us with current and geographically dispersed data points at no cost.
Future research can potentially address some of the limitations in this study. First, focusing on
only 9 American metropolitan areas, in part, imposes geographical biases on our models. Second,
a more comprehensive definition of taste including other aspects such as taste for music, movies,
etc. is needed to study the dynamics of taste and social class in more depth. In this study, we did
not focus on practiced taste variations across different regions [99]. Future studies can clarify the
extent to which social class is associated with different indicator of tastes in different regions.
Moreover, this study puts forth and observational methodology rather than experimental.
Therefore, although we saw strong associations between indicators of taste and social class, future
studies need to compare these results with experimental approaches to ground truth our
observations.
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THE GEOGRAPHY OF
TASTE
Abstract
This study aims to put forth a new method to study the socio-spatial boundaries of neighborhoods
in US contemporary cities by using georeferenced community-authored reviews for restaurants. In
this study, we show that food choice, drink choice, and restaurant ambiences ,as expressed by
patrons of restaurants in a neighborhood, can be good indicators of socioeconomic status of the
ambient population of the neighborhoods. To this end, we use Yelp user reviews to distinguish
different neighborhoods in terms of their food consumption patterns in restaurants and identify
resultant boundaries in 10 North American metropolitan areas. This dataset includes restaurant
reviews as well as a limited number of user check-ins and rating in those cities. We use Natural
Language Processing (NLP) techniques to select a set of potential features pertaining to food, drink
and ambience from Yelp user comments for each geolocated restaurant. We then select those
features which determine one’s choice of restaurant and the rating that he/she provides for that
restaurant. After identifying these features, we identify neighborhoods where similar restaurant
taste is practiced. We show that neighborhoods identified through our method show statistically
significant differences based on demographic factors such as income, racial composition, and
education. We suggest that this method may help urban planners to understand the social dynamics
of contemporary cities in absence of information on service-oriented cultural characteristics of
urban communities.

3.1. INTRODUCTION
Socioeconomic polarization is a defining characteristic of cities in the global economy [13], [151].
In global markets where economic regulations are minimized, social polarization is an inevitable
consequence given the relatively small proportion of the population involved in this growing
affluence [30]. In case of the U.S., this social polarization is also reflected along ethnic/racial lines
as the prosperous economy in the U.S. was accompanied by massive immigration waves from
other countries adding more dimensions to the heterogeneity of US cities. Not surprisingly,
immigrants targeted large cities where most industries were located at and this, in part, led to more
diversity in urban population. The multitude of cultural/ethnic groups led to cultural polarization
and fragmentation of these global cities where every ethnic group occupied a piece of land [16].
Therefore, the American metropolis exhibits both cultural and economic polarization [30].
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During the past four decades, the debate over the definition and qualities of urban communities in
developed countries grew significantly. Overall, scholars have different opinions regarding the
strength of communities. Some believe that the notion of community is lost, some believe it has
not changed significantly and other say that it’s been liberated from constraints [152]. However,
many of the recent studies have shown that the liberated hypothesis is perhaps more representative
of the state of modern communities [5–7]. These studies assert that telecommunication and
mobility has encouraged dispersed networks of friendship, kinship or communities of interest.
Under this condition, the individual’s network is a personal choice that she is free to choose from.
Even though telecommunication has facilitated broad networks over space, the spatial segregation
instigates sharp borders between communities in American cities. Emphasis on diversity and
seeing the city as a melting pot, which is championed by postmodern thinking, has not addressed
the gaps between ethnic and economic groups [153].
Many studies have attempted to fathom the socio-spatial complexities that emerged in post-war
American cities. Most of classic studies of this kind were based on the Census data [9,10].
Although the U.S. Census data provide valuable information about cities, such data does not yield
insight into lifestyles, consumption behavior, cultural factors, and space-use patterns. The last two
decades have seen studies that examine cities through crowd-sourced data [80]. The new data
sources have enabled the researchers to go beyond basic demographics such as race and income
and delve into a multitude of socio-spatial phenomena in modern cities.
This study aims to contribute to this line of studies by proposing taste as an indicator of social
status which integrates different facets of culture, economy and social networks of urban
inhabitants. In sociology, taste refers to an individual’s personal and cultural choice and preference
patterns. Taste enables individuals to draw distinctions between a variety of cultural products such
as styles, manners, consumption patterns, and art [117]. Taste is closely knit with social relations
and human dynamics and many studies have studied taste in relation with aesthetics [118],
consumption patterns [119], and social classes [93].
In this study, we argue that using businesses as sensors can provide new insight into practiced taste
in a region and consequently, the intricate social structure of the American metropolis. More
specifically, this research aims to answer the following questions:
•
•

•

To what extent is taste of restaurant patrons a good indicator of socioeconomic status of
communities in American cities?
By utilizing the concept of taste, can we use restaurant-as-sensor instead of citizen-assensor to examine the socioeconomic dynamics of neighborhoods? This issue is especially
important to us since business data is far more accessible and plentiful than individuallevel data.
Are American cities comprised of regions with different dominant taste cultures? Are
different regions in every city similar to regions from other cities?
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Recently, many studies have addressed these problems by using heterogeneous data sources that
are updated frequently and exist at the scale of buildings or individuals [80]. Some investigate the
communities on a large scale. For example, one study used vehicle GPS traces in Pisa, Italy to
build a network and used community detection algorithms (i.e., Infomap) to identify nonoverlapping communities of people at the county and municipality scale [156]. A similar study
was conducted on a larger scale in Great Britain using telecommunications data [157]. Recently,
detecting communities on urban scale has been more popular. For example, one study uses human
mobility between different regions and the Points of Interest (POI) data to find the dominant
functions of each urban region using topic-based inference model [158]. Using this model, this
research identifies nine functional regions using clustering techniques.
Most often, urban studies that use crowd-sourced data to study the socio-spatial structure of cities
incorporate Location-Based Social Network (LBSN) techniques, that is, a network consisting of
people in a social structure who share location-embedded information [80]. Much of research in
this area uses social media data which includes the geographical location as well as their tagged
images, videos, and texts. Common examples of data used for LBSNs include GPS trajectories of
taxis, Twitter, Call Data Records (CDRs), Flickr geo-tagged photos, and Foursquare check-in data.
Georeferenced crowd-sourced data such as tweets, photos, and check-ins can help understand
people’s lifestyles (e.g., likes and dislikes [19–21], cities’ socio-spatial structure [84],
neighborhood functions and characteristics [83] and behavioral patterns [87] in cities.
One of the common techniques for studying urban structure is identifying similarities between
users in terms of their use of urban spaces [22,25–28]. For example, among the most well-known
studies of this kind is the Livehoods project, which uses check-in data to identify the zones where
their establishments (e.g., restaurants and bars) share similar clientele [84]. This study uses 18
million check-ins collected from Foursquare, a location-sharing service where users share their
location by checking in via their smart phones. By using clustering techniques, this study identifies
clients with similar points of interest (POI). In another study, the authors studied the semantics of
different locations by analyzing different categories of POIs in many neighborhoods [162].
Although the state-of-the-art techniques used in these studies have dramatically improved our
understanding of cities, they still have some limitations. First, accessing data that include
individuals’ behavior is often hard and these data are not freely available to the public. For
example, companies which maintain a great inventory of georeferenced social networks do not
share such information due to privacy issues. Second, the data is not often representative of the
entire population. For example, not everyone has a Foursquare account and not all those account
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owners use Foursquare every time they visit a place [84]. Third, these studies only address one
aspect of an individual’s life, for example, Foursquare only covers check-in data and points of
interest (POIs), and taxi data cover some travel patterns. While these datasets have proven helpful,
multiple data sources need to be fused to provide an understanding of urban lifestyle.

3.2. TASTE AS AN INDICATOR OF CULTURE
The social construct of taste is a well-studied topic especially in the age of Internet where
individual preferences are available to information-based companies (e.g., Amazon, Facebook,
Spotify). In fact, many recommender systems (i.e., algorithms made for recommending products
to users) are designed under the same assumption that people of same social groups are likely to
consume similar products [29,30]. The underlying mechanism of the relationship between social
groups and taste was discussed by Pierre Bourdieu in his well-recognized book Distinction: A
Social Critique of the Judgment of Taste [93].
In Bourdieu’s view, both cultural and economic capital are the most important forms of capital.
Economic capital has to do with individuals’ access to economic resources while cultural capital
is a collection of non-material traits in a person, such as knowledge and skills, attitudes,
philosophical views, use of vocabulary, and language skills. Bourdieu believes that taste is the
means of identifying class distinction. He argues that these differences are most obvious in the
routine everyday choices in taste of food, furniture, and clothing as they are representative of the
pure taste. These choices, according to Bourdieu, become intrinsic to one’s personality and thereon
he/she prefers the tastes of one’s group in contrast to that of other groups.
Many studies followed Bourdieu’s theory of distinction to determine how demographic factors
were correlated with taste. For example, some studies showed that generally, people of higher
economic status read more literature and quality papers [124] and have different taste in art [90].
More recent studies on Facebook and MySpace datasets, argue that people with similar social
networks share similar tastes of music, movies, TV shows and books [20,33]. In all these studies,
taste is seen as a means of distinction between different groups of people, which further supports
Bourdieu’s argument. According to Bourdieu, individuals may play different roles in different
fields of a society (i.e., sub-spaces of society such as friend groups and institutions). The quality
of these roles relies heavily on an individual’s symbolic capital, which Bourdieu defines as a
combination of social, economic and cultural capital. As discussed earlier, Bourdieu believes that
taste best reflects the symbolic capital, which is the main reason of distinction in societies (Figure
1).
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Figure 1. Bourdieu’s theory of distinction. Fields refer to different sub-spaces of society such as
family groups and work groups. Individuals’ role in these fields is influenced by her symbolic
capital.

3.3. DATA
Two sets of data were used in this research that we discussed in chapter 1. In addition to those
cities, in this chapter, we also consider Toronto which enables us to draw a comparison between
different large cities in the last part of this study. Toronto has 357,940 reviews for 11,451
restaurants written by 58,355 users.

3.4. METHODOLOGY
In using the Yelp dataset, our assumption is that when a person talks about a food or drink in her
comment, she has purchased or at least considered that food or drink and therefore, it can be used
as an indicator of one’s choice of food or drink. In the following sections we explain our methods
for this research. Figure 2 summarizes our workflow.
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Figure 2. Research workflow
3.4.1. FEATURE ENGINEERING
In this study we use the text provided by Yelp reviewers when they post restaurant reviews on
Yelp.com. We use a bag-of-words model to define features for every restaurant. In this model the
existence of a word, regardless of the way its embedded in the comment, is considered. A bag-ofwords model is suitable for our case, as we are only interested in the frequency of these words and
not the way they’re used in the sentence. According to Bourdieu’s theory of distinction, food,
drink, and interior decoration are among the best indicators of taste reflecting one’s everyday
choice [93]. We are, therefore, interested in three categories of features: foods and drinks (e.g.,
pizza, martini), adjectives used to describe foods (e.g., fried, steamed), and adjectives used to
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describe ambience (e.g., rustic, minimalist). We assumed that ambience is an equivalent of
decoration. Ambience are among those concepts that are frequently discussed in Yelp reviews
along with food, price, and service [163] and provide an overview of the restaurants atmosphere
and decorative features such as classy, intimate, romantic, hipster and so forth. In choosing features
we avoided selecting words that have multiple connotations or are too general (e.g., nice, green).
In order to select relevant features from reviews, we used a four-step process:
1. First, we used English stop-words to remove commonly-used words [146] and then, chose
features among the top 1000 frequent words. Forty-five features of the three categories (i.e., foods
and drinks, food adjectives, and ambience adjectives) were selected at this step (Appendix A).
2. Although frequent features can provide much information for restaurants, we chose to include
additional specific words from comments. For example, different types of fish (e.g., haddock,
tilapia) or different adjectives used to describe an ambience (e.g., divey, hipster) are not among
frequent words. To address this problem, we used the Word2Vec model. This open-source model
was developed by Google in 2013 which transforms words in a document to high-dimensional
spatial vectors by using a Neural Network Language Model (NNLM) [61,62]. Given N user
comments and the n-th word in the comment 𝒘𝑛 and the window size of the context centered on
the n-th word as 𝐶, the maximum likelihood function of the NNLM model will be as follows:
𝑁

1
𝐼(𝜃) = ∑ log 𝑝(𝒘𝑛 |𝒘𝑛+𝑐
𝑛−𝑐 )
𝑁

(3)

𝑖=1

where 𝒘𝑛+𝑐
𝑛−𝑐 represents a set of words at the center of which is 𝒘𝑛 with context sampling window
size of c. Word2Vec suggests two mathematical frameworks for solving Equation (1) i.e.,
Continuous Bag-of-Words (CBOW) and Skip-Gram. In summary, Skip-Gram uses stochastic
processes to sample from the words whereas CBOW offers a continuous input and training
mechanism. In this study, we use CBOW to train the model as one study suggest it has a better
performance at characterizing the words [164]. We trained our Yelp corpus with this model and
every word was turned into a 100-dimensional vector. As an example, Table 5 shows the closest
words to the word classy. It is noteworthy that the model does not necessarily return synonyms of
classy but rather, it considers the way word classy is used in a sentence and therefore, it returns all
adjectives that are used to describe an ambience. The 45 words chosen in the last step were given
as input to this model to find the 20 closest words in cosine distance. However, not all these 20
words were relevant to food, drink, or ambience. Accordingly, we went through all the 900 words
(i.e., 45 × 20) and selected related words subjectively. It is important to note that Word2Vec model
significantly simplified the filtering process and instead of going through all the words in the
corpus, we just went through the Word2Vec output that is 900 words total. At the end of this step,
a total of 454 features were selected.
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Table 5. Top 10 most similar words to classy
Word2Vec Output Similarity to Classy
swank

0.87688

trendy

0.86152

chic

0.85917

posh

0.84972

elegant

0.84592

stylish

0.84019

cozy

0.83344

modern

0.80526

contemporary

0.78569

homey

0.77934

3. We binarized the number of words selected from the last step in each comment (1 if word exists
0 otherwise) and aggregated them for every restaurant. Given that these words are not equally
common we use Term Frequency-Inverse Document Frequency model (TF-IDF) to weight these
features:
𝑖𝑑𝑓(𝑡, 𝐷) = 𝑙𝑜𝑔

𝑁
1 + |{𝑑 ∈ 𝐷: 𝑡 ∈ 𝑑}|

(4)

where N is the total number of restaurants in the corpus and |{𝑑 ∈ 𝐷: 𝑡 ∈ 𝑑}| is the number of
times that term t appears in the restaurant d. We can then multiply IDF by the Term Frequency
(TF) that we previously generated. After this step, for every restaurant, we will have 454 features
that are properly weighted.
4. The features generated in the previous steps can sometimes fall into categories which can be
even more important than the individual features themselves. For example, specific fish types (e.g.,
salmon) might be important but less informative than the combination of all types of fish. This
information tells us that seafood is popular in a certain area. Appendix B indicates the groups of
features that we combined in order to generate new features. By including these new features, a
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total of 477 potentially-unnecessary features remain (e.g., does the word “water” really explain
anything about a community’s taste?). In the next step, we explain our methodology for reducing
the dimensionality and choosing the most important features.
3.4.2. USERS’ TASTE AND THE CURSE OF DIMENSIONALITY
In the feature generation process, we took an inclusive approach and considered all features that
could possibly represent user taste. Considering all these features for clustering is problematic due
to high dimensionality. It is also unclear whether these features represent people’s taste. In other
words, we are interested in a subset of features that distinguishes between different groups of users
in terms of their practiced taste. For example, the word water may be used equally in all restaurants.
In this case, considering water not only does not add any additional information about different
neighborhoods but also increases the dimensionality. Therefore, it is important to only select those
features that have to do with people’s taste.
Recall that the data-set provided by Yelp competition [140] includes User IDs as well as usergenerated ratings for rated restaurants. This data can assist us to select a subset of the 477 features
that actually has to do with users’ taste of food, drink, and decoration. Therefore, we examined
three scenarios to select the best features related to taste:
1. Users’ choice of restaurant represents their taste for food, drink and decoration: Under this
assumption, a person’s taste is reflected in the type of restaurants she chooses to visit. Therefore,
if we find clusters of restaurants that have been visited by similar users, we should be able to find
distinguishing features between these clusters. To this end, we first create a matrix for every city
showing whether a user has visited a restaurant (1) or not (0). We generate this matrix for each
city separately to reflect how a user living in one city is more likely to go to restaurants in the same
city. By separating the cities, the effect of geography is minimized, and we can draw our focus on
the effects of restaurant attributes on users’ choice of restaurant. Of all the 525,863 Yelp reviewers,
311,866 reviewers have provided only one review. We removed users with only 1 review since
first, these reviews are more likely to be biased and have extremely high or low ratings and we
will use the ratings in the next steps. Second, excluding these would reduce the computational
costs and also increase the accuracy of our clustering, which we will explain in the next steps.
From these matrices, we generated a pairwise similarity matrix using cosine distance:
∑ni=1 Ai Bi
AB
cos(A, B) =
=
|A||B|
√∑ni=1 A2i √∑ni=1 Bi2

(5)

where restaurant A and restaurant B are n dimensional vectors with n being the number of Yelp
users in each city. Every element of A and B is 1 if a given user has reviewed that restaurant and
0 otherwise.
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In the next step, we used spectral clustering [165] to first find the restaurants with similar clientele.
This method constructs a graph from the similarity matrix, where the data points (i.e., restaurants)
are the nodes and the similarity between them are presented as weighted edges. The algorithm
finds partitions of the similarity matrix by detecting low-weight edges. More specifically, this
algorithm first performs a dimensionality reduction and then applies a k-means clustering [166]
on the low-dimensional embedding. To reduce the dimension, the algorithm first generates a Graph
Laplacian L [167]:
𝐿 = 1 − 𝐷−1 𝑊

(6)

where D is the degree matrix with diagonal terms, 𝑑𝑖 = ∑𝑛𝑗=1 𝑊𝑖𝑗′ and W is the adjacency weight
matrix of an undirected graph. The Laplacian matrix L, in fact, is used to calculate the eigenvalues
for the matrix. The k-means clustering will then be applied to these eigenvalues, which represent
an image of the similarity matrix in a lower-dimension space. Since the k-means is applied to a
reasonably lower dimension, the resulting clusters are expected to be more distinguishable and
informative. To ensure an optimal number of clusters, we use eigen-gap heuristic method [165] to
find the largest difference between two consecutive eigenvalues of the Laplacian matrix and set
the number of clusters equal to the rank of the eigenvalues (Figure 3). The check-in row in Figure
4 shows the resulting eigen-gaps for different number of clusters. As we can see, for Pittsburgh for
example, 2 is the best number of clusters for the check-in matrix.

Figure 3. 10-fold cross-validation results for rating predictions
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Figure 4. Eigen-gaps for different number of clusters and different matrices
We then select the k best features (from those 477 features) that affect the membership status of a
restaurant in one of those previously defined clusters. In other words, we discover which subset of
the 477 features actually distinguishes between the clusters using a Deep Feature Selection (DFS)
model [168] to select features at the input level of the deep network. The DFS model used in this
study has the following network structure 477⟶477⟶256⟶64⟶16 with a softmax output layer.
The first one-to-one linear layer 𝑤 between the input layer and the first hidden layer with linear
activation function is regularized using an elastic-net [169]. The resulting sparse one-to-one layer
weights 𝑤 only selects those features corresponding to none-zero terms in 𝑤. The model
parameters are learned by minimizing this Equation (5).
𝑚𝑖𝑛𝜃 𝑓(𝜃) = 𝑙(𝜃) + 𝜆1 (

1 − 𝜆2
ǁ𝑤ǁ22 + 𝜆2 ǁ𝑤ǁ1 )
2

𝐾+1

𝑘+1

𝑘=1

𝑘=1

1 − 𝛼2
+ 𝛼1 (
∑ ǁ𝐖 (𝑘) ǁ2𝐹 + 𝛼2 ∑ ǁ𝐖 (𝑘) ǁ1 )
2

(7)

where l(θ) is the log-likelihood of the data, the matrix 𝐖 (𝑘) is the kth hidden layer weights and
𝜆1,2 ∈ [0,1] is the parameter that controls the sparsity of 𝑤 and the term 𝛼1,2 is another elastic-net
like term that reduces the model complexity and increases the speed of optimization.
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To find the best subset of features, we tuned hyper-parameters 𝛼1,2 and 𝜆1,2 corresponding to the
sparsest model with the highest prediction accuracy measured using F1 score which is a weighted
harmonic mean of the precision and recall metrics described below:
TP

recall = TP+FN and precision =
F1 = 2

precision. recall
precision + recall

TP
TP+Fp

(8)
(9)

where TP, FP and FN stand for true positive, false positive and false negative respectively [170].
Since the data for each city is moderately small, 10-fold cross-validation was performed to prevent
over-fitting to the training data set.
2. Users’ choice and the rating they provide both impact their taste for restaurant: The only
difference between this hypothesis and the first one is that the rating that one provides for a
restaurant acts as a weight to the check-in matrix from the last hypothesis. Accordingly, in this
hypothesis, not all restaurants visited by the user are equally important, but rather, we assume those
that the user rates higher are more important in determining one’s taste.
3. Only the users’ ratings determine their taste: in the second assumption we assumed that taste is
reflected in the way people rate a restaurant. The only difference here from the last assumption is
that we try to see what would happen if every user rated every restaurant. Under this assumption,
however, a problem arises: the rating matrix is sparse and many ratings for many restaurants are
missing. Using the original rating matrix cannot help us identify how would every user would rate
every restaurant. Therefore, we will need to predict the ratings by using matrix factorization
method [171]. The fundamental assumption of this method is that there are d latent features in
restaurants that affect the users’ ratings. The advantage of this method is that without having to
know what those d features are; we can predict how users might rate restaurants which they have
not yet reviewed. We use Singular Value Decomposition (SVD) method to factorize the rating
matrix [172]. To find the best number for d, we used 10-fold cross validation. The results indicate
that there are approximately 20 latent features (d = 20) that affect one’s rating for a restaurant. The
Mean Square Error (MSE) decreases significantly up to d = 20 and gradually increases afterwards
due to being over-fit (Figure 3). After predicting the rating matrix with 20 latent features for every
city, we repeat the steps described in the last two hypotheses. In all three hypotheses above, we
selected the number of clusters with the largest eigen-gaps (Figure 4) for every city. Table 6 shows
the final number of clusters selected for different matrices and different cities.
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Table 6. Selected number of clusters for different matrices and cities
City

Predicted Matrix Check-in Matrix Rating Matrix

Charlotte

3

3

5

Cleveland

4

3

2

Las Vegas 2

3

3

Phoenix

5

3

3

Pittsburgh 6

3

2

Toronto

6

2

6

3.4.3. DEFINING THE SPATIAL BINS
The features generated from the previous steps reflect Yelp reviewers’ preferences in different
urban areas. We next aggregate restaurant features on some spatial units ensure that nearby
restaurants will fall in the same spatial cluster. Aggregating restaurants on geographic units will
enable us to minimize the impact of outliers and noise. It also enables us to get an overall sense of
taste preference given all different types of restaurants in a region. This practice, however, raises
a new challenge which is, choosing the best spatial unit for this purpose.
Accounting for socio-spatial boundaries have long been an issue in the literature. Harvey proposes
that appropriate scales for assessment of spatiotemporal patterns can be found by seeking the scale
or spatial region across which the pattern ceases to be significant, i.e., description of the system is
no longer accurate [173]. More recently, Kwan and Weber discuss the scale effect in spatial
analysis as it relates to design of accessible and sustainable land use and transportation schemes
[174]. Through this work, an offshoot of the scale problem known as the Modifiable Areal Unit
Problem (MAUP), is used to describe the implications of how features in the built environment as
well as the people who inhabit that system are aggregated for analysis. Specifically, MAUP
concerns itself with how areas or regions are defined such that the aggregation of data about the
contents of that region (e.g., people, localized places, things) is relevant to understanding a
research question [73–75]. Traditionally, however, a large body of urban literature on crime in
cities, for example, use Census tracts as the main spatial unit of analysis [76–79] which does not
address the MAUP.
Since our sensors are restaurants, we define these geographical units based on their density and
configuration and avoid using administrative boundaries e.g., block groups. Two sets of spatial
bins are required to answer our research questions:
1. Large-grained spatial bins: These spatial bins enable us to compare different parts of cities
together as to see how different cities interact in terms of food, drink, and decoration related
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attributes. The existing administrative boundaries are too small for this purpose. For example, we
are looking at dividing up Washington DC to 3–6 parts and conventional administrative boundaries
are too fine-grained for this purpose. Also, we intend to have reasonable spatial bins that are
actually representative of the city form. The number of these bins is actually a matter of preference,
however, for visualization and simplification purposes we choose large-grained clusters.
Accordingly, we use k-means clustering on the restaurants’ geographic coordinates to find
reasonable spatial clusters. To find the best number of clusters for each city, we use the silhouette
scores [179] for different number of clusters for every city. Silhouette score measures the extent
of tightness and separation for each cluster. In other words, it specifies which objects are within
their clusters and which ones are somewhere in between:
𝑠(𝑖) =

𝑏(𝑖) − 𝑎(𝑖)
max{𝑎(𝑖), 𝑏(𝑖)}

(10)

where a(i) is the average dissimilarity of datum i with all other data points and b(i) is the lowest
average dissimilarity of i to any other cluster. We then average s(i) over all data points, a measure
that we used for goodness of clustering. Silhouette score ranges from −1 to 1, where 1 means that
the clustering configuration is appropriate. Figure 5 shows the Silhouette scores when we divide
each city to less than 30 clusters. At this point, we make a compromise between the number of
restaurants in every city, area of the city as well as the Silhouette score.

Figure 5. Silhouette scores for different Ks for different cities (large-grained spatial bins).
2. Small-grained spatial bins: To validate the results and compare it with other demographic
datasets, more fine-grained spatial bins are needed. Administrative boundaries are not helpful in
this case either since these boundaries do not consider the formality of the built environment. For
example, restaurants located on the Woodward Ave and East 9 Mile Rd cross section in Detroit,
MI have been divided between four Census tracts, whereas they are all located near the same cross
section and are very close to one another. Another problem with the administrative boundaries is
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that their sizes are not consistent with the distribution of the restaurants. For example, as we move
to the suburbs of Detroit we can see tracts which contain one or two restaurants in them.
Accordingly, same as the last step, we use k-means clustering and Silhouette scores to define these
spatial bins. This method enables us to consider for the distribution of restaurants while defining
the spatial bins. Figure 6 shows the Silhouette scores for the four cities. As we can see, for all these
cities the Silhouette score improves as we increase the number of clusters. At this point, Silhouette
scores are not useful for our purposes as they do not suggest any optimum number of clusters.
Therefore, we base our decision on the number of restaurants and city area. Given the number of
restaurants we have for every city (Table 1), we expect about 200 clusters for Washington D.C.,
500 for Detroit and Philadelphia and 600 for Boston. It is important to note that there are more
census tracts in these areas than the number of clusters that we determined. For example, Detroit
metropolitan area has 909 census tracts however, as discussed earlier, due to the uneven spatial
distribution of restaurants, our spatial bins are larger than census tracts in the suburban areas with
low number of restaurants, but smaller than block-groups in the city centers. It is important to note
that the size and number of these spatial bins can change depending on one’s research question as
well as spatial resolution of the original dataset (i.e., Yelp in this case).

Figure 6. Silhouette scores for different Ks for different cities (small-grained spatial bins).
We use the small-grained and large-grained spatial bins defined in the last step in two different
ways. The small-grained clusters are for validation purposes. Our purpose is to see if we can find
any clear spatial pattern by clustering these fine-grained clusters. Using small bins enables us to
assess the accuracy of this method and compare it with other high-resolution data sources. We will
first average the selected set of features from the last step on these spatial bins, scale the features
using min-max scaling for every bin, and then calculate the pairwise cosine similarity between the
fine-grained bins separately for every city which we did not have information about user IDs (i.e.,
Philadelphia, DC, Detroit, Boston), using Formula (3). To calculate the similarities, we will use
principal components instead of the actual features, to further reduce the dimension and improve
the clustering results. For every resulting matrix, we will use spectral clustering method [165] as
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described in Section 3.2. We will then overlay the resulting clusters on the block-group level map
of 2017 income per capita provided by Tableau 10.0 software for those four cities.
After validating, we can use the selected set of features from the last steps to study the interactions
between different regions in cities. It is important to note that this capacity is the advantage of this
set of features over using user ID data since, at this point, this feature set only relies on the
aggregated comments for every restaurant and not the users’ check-ins and ratings. To this end,
we will average these features on the large grained clusters, calculate the pairwise similarities and
cluster. Due to cultural, economic, and racial divisions in the American metropolis [13], [16] we
expect to see different clusters in every city and due to the global nature of these cities [13] we
expect some regions from some cities to be similar to other regions in other cities.

3.5. RESULTS
3.5.1. SELECTED FEATURES
We took the steps described in Section 3.4.2, to reduce the dimension of the data set and only focus
on those features that are actually representative of users’ choice of food, drink and ambience.
Figure 7 shows the resulting F1 scores for the three hypotheses (i.e., check-ins, ratings, and
predicted ratings) and the six cities where the user IDs were available (Table 1). For every city we
selected a taste scenario that returned the highest F1 score. The resulting features along with the
scenarios that returned the highest F1 scores, as well as the F1 scores are presented for every city
in Table 7. By considering all these features, we will have a total of 105 features which we call the
Universal Feature Set (UFS). We can now use the UFS to study those cities where the user data is
not available. The underlying assumption here is that the six cities that we have based the UFS on,
are diverse enough that cover the types of food, drink and ambience that one expects to find in the
four other cities where the user IDs are not available.

Figure 7. F1 scores resulting from classification for different cities
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Table 7. Selected features for different cities
City

Best
Method

Charlotte

Check-ins

0.64244

salty, vegetarian, creamy, hipster, divey, dessert, calamari,
asparagus, vodka

Cleveland Check-ins

0.70865

sweet, spicy, hipster, tomato, lime, meat_types, vegie_types,
herb_types

F1 Score

Selected Features

Las Vegas

Predicted
Ratings

0.71563

braised, seared, salty, creamy, intimate, classy, modern,
casual, upscale, elegant, rice, soup, wine, crab, salmon,
lobster, lamb, dessert, duck, cocktail, calamari, martini, ranch,
steak_types, vegie_types, herb_types, hardliq_types,
sofliq_types, sweet_types, asian_types, seafood_types,
pos_ambience, neg_ambience, style_types

Phoenix

Ratings

0.50608

spicy, upscale, wine, pos_ambience

0.62651

crispy, vegetarian, hipster, romantic, rice, noodle, curry,
sausage, cocktail, tofu, coleslaw, wing, cheesesteak, lettuce,
provolone, ranch, fast_food, dressing_types, pos_ambience,
style_types

0.72686

fried, Chinese, salty, Asian, Japanese, steamed, oily, hipster,
rice, beer, soup, pork, shrimp, wine, tea, noodle, seafood,
cocktail, sashimi, soy, squid, milk, sesame, Fanta,
meat_types, softliq_types, Asian_types, soda_types,
seafood_types, ethnic_food

Pittsburgh Check-ins

Toronto

Ratings

3.5.2. CLUSTERING RESULTS
Results derived from clustering the small-grained spatial bins with the selected set of features
reveal clear geographic patterns which correspond with block-level per capita income for the four
cities where the user IDs were absent (Figure 8). We set the number of clusters on two (k = 2) for
the ease of comparison (Table 8).
The difference between the type of tastes practiced between the two clusters is shown in Figure 9.
This figure shows the top 30 features with highest average difference between the two clusters. As
we can see, features such as seafood, salad, ethnic foods, vegetables, fruits, and Asian food types
show higher values in high-income communities whereas the low-income cluster shows higher
consumption of fast food. We note that in this method, we are trying to demonstrate association
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between restaurant patrons’ preference for food/drink and socio-economic information of the
neighborhood in which the restaurants are located. With this data set we cannot make any linkages
between the restaurant patrons and the residents of the neighborhood in which the restaurants are
located.

Taste group B
Taste group A

Figure 8. Clustering results overlaid on per capita income map for four cities. As we can see the
two clusters clearly correspond with block-group level income per capita map from Census.
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Taste group B
Taste group A

Figure 9. A comparison between a set of features for the two clusters
Table 8. Number of restaurants in the two clusters for different cities
Cluster

Boston, MA Detroit, MI Philadelphia, PA

Washington, D.C.

Cluster 1 16,827

17,226

13,849

2780

Cluster 2 27,770

18,597

15,180

5419

The fact that this spatial distribution has been derived from small spatial bins indicates the high
accuracy of taste as indicator. These maps show that there may be some associations between
income and our clusters. To see empirically how our clusters, correspond with demographic
factors, we considered racial composition, educational status, and annual household income at the
block-group level for the four cities. Block-group level data is the highest spatial resolution
available on Census for these demographics. The data was collected from the American
Community Service (ACS) website [141]. We defined educational ratio as the ratio of population
that have a bachelor degree or higher, in each block-group. The racial composition was defined as
the population ratio of Black/A.A., White, and Asian for different block-groups. The income
variable is the annual household income in U.S. Dollars. All these demographic factors were
estimates provided by the ACS for 2016. We spatially joined the restaurants to the block-groups
and conducted t-tests to evaluate the extent to which our clustering results compare with these
demographic factors.
Table 9 provides a summary of the results. As we can see, the two clusters show significantly
different demographic features in all four cities. Looking at all four cities together, we can see that
education is the most different demographic factor between the two clusters. Considering the
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restaurants in all four cities, we can see that education and the Asian population ratio are the most
distinctive factors with the highest T-statistics. As we consider each city individually, we can see
that the order of importance for different demographic factors differs among different regions. For
example, in Boston, the top distinctive factors are education and Asian population ratio whereas
in Washington D.C. the Black population ratio and annual household income have the highest Tstatistics. It is important to note that all the four cities show clear spatial boundaries separating the
two clusters. In other words, this method proves to be capable of identifying spatial segregation
patterns that may have different demographic reasons in different regions (e.g., education level
and Asian population in Boston, MA versus income and Black/A.A. population ratio in
Washington D.C.).
Table 9. t-test results between the two clusters for demographic variables
City

Factor

Mean Value in
Cluster 1

Mean Value in
Cluster 2

T Statistic
(Absolute Value)

p Value

0.06

0.10

97.46

0.000

66,985.93

68,655.57

5.47

0.000

0.41

0.40

13.49

0.000

0.53

0.56

32.97

0.000

0.02

0.07

73.04

0.000

0.04

0.07

59.39

0.000

50,359.52

61,600.40

40.69

0.000

0.41

0.38

21.84

0.000

0.55

0.60

35.75

0.000

0.01

0.03

43.08

0.000

0.05

0.09

72.51

0.000

55,067.55

64,436.73

25.42

0.000

0.39

0.35

24.14

0.000

0.55

0.62

41.79

0.000

0.03

0.05

33.30

0.000

0.11

0.15

25.48

0.000

53,222.42

80,220.32

28.74

0.000

0.36

0.22

41.42

0.000

Boston, MA
Educated
population ratio
Annual household
income (USD)
Black/A.A.
population ratio
White population
ratio
Asian population
ratio
Detroit, MI
Educated
population ratio
Annual household
income (USD)
Black/A.A.
population ratio
White population
ratio
Asian population
ratio
Philadelphia, PA
Educated
population ratio
Annual household
income (USD)
Black/A.A.
population ratio
White population
ratio
Asian population
ratio
Washington, D.C.
Educated
population ratio
Annual household
income (USD)
Black/A.A.
population ratio
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White population
ratio
Asian population
ratio

0.55

0.68

23.94

0.000

0.02

0.04

15.19

0.000

0.06

0.09

134.74

0.000

57,322.86

66,673.53

51.06

0.000

0.54

0.37

29.46

0.000

0.40

0.60

69.42

0.000

0.54

0.05

91.96

0.000

All four cities
combined
Educated
population ratio
Annual household
income (USD)
Black/A.A.
population ratio
White population
ratio
Asian population
ratio

Figure 10 illustrates the clustering result with 5 clusters for Boston, MA. In this case, as well, we
can see clear geographic patterns. For example, we can see orange and green points are both
clustered together around the low-income areas. By overlaying these clusters on the African
American population, we can see that most of the green points are located in areas with high
concentration of African American population. On the other hand, many purple points are located
at areas with high income and high concentration of African Americans. This issue gets to the
heart of Bourdieu’s argument [93], that taste as an indicator of social status, is not merely a
construct of economic capital, but rather it’s derived from symbolic capital, which is in turn, a
combination of social, cultural and economic capitals. Accordingly, using taste as an indicator of
symbolic capital can shed light on different aspects of communities’ lifestyles which may not be
explained similarly with conventional demographic indicator (e.g., income, race) for different
geographic and cultural contexts.
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Figure 10. Clustering results with 5 clusters for Boston
Having set our new indicator, we can now use this indicator to study the socioeconomic
interactions between different regions in different cities. We use the large-grained spatial bins that
we previously defined for all cities and choose five clusters for simplification purposes (Figure
11). The results are consistent with our understanding of global cities. American cities are
comprised of spatially separated cultural groups [16]. We can also see that the distribution of these
cultural clusters is consistent with our knowledge of some cities. For example, we know that the
racial and economic segregation pattern for Phoenix, Pittsburgh, and Washington D.C.
approximately corresponds with our results. In some cases, the clusters do not necessarily match
with racial and economic measures of those regions. For example, the north-eastern side of
Phoenix is in the same cluster as downtown Cleveland while the two regions are demographically
different. The earlier has a high ratio of white and high-income whereas the latter is a low-income
mixed-race region. Another anomaly is Toronto which seems to have all its regions in the same
cluster colored in cyan. Clusters shown in cyan signify high-income multicultural areas with a
variety of restaurant types and cultural groups. This issue might be due to the fact that Toronto
does not suffer from extreme racial and economic segregation as is the case for American
metropolitan areas [180].
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Figure 11. Cultural interactions between different cities. Similar colors across cities indicate
similar tastes.

3.6. CONCLUSION
In this study, by using Natural Language Processing techniques, we extracted several features from
the Yelp reviews corpus which characterize the practiced taste of restaurant patrons in a given
region in 10 major American cities. By clustering these features and comparing them with blockgroup level demographic and economic variables derived from the U.S. Census in four of these
cities, we showed that our definition of taste can be used as an indicator for studying the
socioeconomic structure for the four cities where we did not have the user IDs. We found a clear
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alignment between areas of low-income and high-income and our clusters of taste as extracted
from the Yelp reviews for all the four cities (Figure 8). We also showed statistically that the two
clusters are significantly different based on different demographic factors representing income,
education and racial composition. We showed that education is the most distinctive factor between
the two clusters once we consider all four cities combined. We also showed that the two clusters
in different cities, while forming clear spatial boundaries, are different in terms of demographic
differences between the two clusters. For example, we found that Education and Asian population
ratio are the most distinctive factors in Boston while in case of Washington D.C., Black/A.A.
population ratio and annual household income are the main distinctive factors.
Once we increased the number of clusters we still observed a geographic pattern (Figure 10) which
results from a combination of demographic factors such as race and income. This issue reflects the
multifaceted nature of taste as argued by Bourdieu [93]. We showed that this method also works
well for more than two clusters, although the performance of this method depends highly on the
quality of data and number of reviews. Lastly, we used the selected set of features to study the
inter-regional similarities for 10 North American cities. Our results showed that all the nine
American cities were comprised of regions that are less similar to one another and more similar to
some regions in other cities. This observation is close to our understanding of the global cities as
described in the literature [16]. In case of Toronto, all the spatial bins were in the same cluster
which might be due to the fact that Canadian cities are less segregated [180].
As discussed earlier, we do not expect to see a direct relationship between clusters derived from
taste and racial and economic segregation patterns in all cultural and geographic contexts: First,
commonly used foods and drink in a White majority community in one city might be quite popular
in the African American communities in another. From theoretical point of view, the taste index
assists us to see cities regardless of their economic and racial composition, but rather the symbolic
capital of the inhabitants which results from social, economic, and cultural capital, combined.
Second, reviews provided by Yelp users in a region might not have necessarily been authored by
the residents of that region. It is not surprising to see that a considerable number of reviews in
downtown Cleveland, for example, have been authored by visitors who do not reside in that region.
This issue can be seen as both a limitation or potential [181]. It is a limitation in a sense that
restaurants-as-sensors, may fail to capture the cultural characteristics of the resident population in
a neighborhood as these restaurants may target visitors and not the resident population. On the
other hand, it could be a potential since most of the information collected by different agencies
such as Census are collected from residents while ignoring the ambient population. This issue has
also been discussed by other studies [181] that argue about the mismatch between density of tweets
and residents’ population. The taste index, therefore, enables us to see the cultural preferences
practiced by the ambient population who actually are the clientele of these restaurants. Using
ambient population can help urban planners to gain a better understanding of the people who
actually use urban spaces and design spaces accordingly [41].
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Working with socially sensed data comes with many limitations. First, Yelp reviewers may be a
biased sample of the population and therefore, the comments that they provide might not be
reflective of the entire population’s judgment for a restaurant. Second, our definition of taste was
limited to the types of food, drinks and restaurants’ ambience. Although this definition may reflect
the characteristics of neighborhoods to some extent, additional data on people’s lifestyle such as
the interior decorations, grocery purchases, and types of movies they watch will provide a more
accurate understanding of different neighborhoods. The extent of these limitations for different
geographic contexts may affect the results, significantly. In case of Phoenix for example, we can
see that the final F1 score, according to Table 7 was low (i.e., 0.50608) compared to other cities,
which may be due to data bias or similar food tastes between different user groups.
Despite all these limitations, our method uses community-authored comments scraped from the
web at no cost with a reasonable spatial and temporal resolution. Given the variety and accessibility
of business data [78], the information derived from this method can complement the conventional
demographic data of the cities and provide a multifaceted understanding of cities which integrate
economic, social and cultural components at once. Using datasets with high temporal and spatial
resolution such as Yelp, allows us to better understand the transitional nature of global cities in an
ever-changing economical and societal setting at no significant cost.
Future work can focus on improving the methods by using a multitude of crowd-sourced datasets
other than Yelp. Concatenating several datasets would minimize the potential biases that may be
specific to Yelp. Amazon reviews, Spotify, Instagram, and Flickr are some examples of potential
datasets that can be used in combination with Yelp and enrich our understanding of taste in
different neighborhoods. The validity of the methods that we used are entirely reliant on the quality
and quantity of the reviews used to characterize different regions. Accordingly, using different
geographies to enrich the study sample can also significantly improve the specificity and
sensitivity of our methods. Future studies can also examine applying our methods to a variety of
different fields of research such as hospitality and tourism, community planning, health and
nutrition, marketing, cultural studies, and other fields where characterizing the taste of a region
can play a pivotal role.
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UNVEILING THE WALL
Abstract
This study aims to characterize the socio-spatial borders between social classes in the context of
American cities. We first identified social groups in four American cities by using taste as the
distinguishing factor (Chapter 2). This decision was made based on Bourdieu’s theory of taste
which we have validated in our previous studies. Next, we identified urban regions with similar
taste based on taste signature derived from Yelp reviews (Chapter 3). In this chapter, we investigate
the border regions between the two identified taste groups. Based on Henri Lefebvre’s theory, we
argue that these regions can either be junction points or boundaries which can be identified through
population density as a proxy for the degree of possible encounter and interaction in the region.
We trained multiple classifiers to see which urban and physical factors, as extracted through an
extensive literature review, are associated with formation of these junction points and boundaries.
The findings are consistent with previous studies. We found that junction points have higher
density of businesses, are more walkable, and are less likely to have high percentage of service
industries such as warehouses and transportation related places. The results of this study can help
urban planners to better identify the physical factors that divide communities by using current,
high-resolution, and low-cost social media datasets. Our study puts forth a new method to
understand the increasingly complex social dynamics of American cities and gives new directions
to future research to further investigate urban boundaries using different datasets and statistical
methods.

4.1. INTRODUCTION
Many scholars and theoreticians have discussed the considerable changes in the socio-spatial
structure of cities in the past 30 years [16], [24], [182]–[184]. These changes led to emergence of
the post-modern city. According to scholars [16], [24], multiculturalism is one of the most
important features of the postmodern city. The postmodern city is characterized by being an engine
for the global economy and largescale consumption and production. These cities are influenced by
local and global flows of information, material, and highly mobile capital. Under these conditions,
the labor market and communities constantly change location, and new economies emerge
recurrently that dramatically change the life of the urban inhabitants of cities [15]–[18]. In the
postmodern city, social polarization (the increasing distinction between the poor and the rich as
well as the racial and religious segregation) is highly discernible [14], [19], [20]. From a spatial
point of view, the postmodern city is fragmented where each fragment is dynamic, and constantly
changing both demographically and spatially [21]–[23]. In the postmodern city minorities such as
homosexuals and non-white racial groups play an active role and forge new lifestyles, resulting in
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communities with different values and, cultures which often results in new types of urban spaces.
As a result, postmodern cities support a wide variety of restaurants, galleries, bars, and retail stores
[24] catering to diverse groups. In the postmodern city, technological advances both in
communication and transportation helps to overcome some of the geographic restraints of the city
which leads to formation of new communities that go beyond geographically based neighborhoods
[25]–[27].
Socio-economic polarization is more evident in postmodern cities than industrial cities [185]. The
main contributing factor in this growing gap is the global nature of these cities [20]. Globalism
and borderless economy bring about a higher number of economic agencies into the economic
network and this, in part, leads to increased competition between economic actors. In such
conditions, governments try to facilitate an easier circulation of labor, capital and goods to
optimize profitability. The lack of economic regulations as a result of the free economy, leads to
inequality in all geographic scales: on global scale between the northern and southern hemispheres
[186]; between different cities within countries, and between neighborhoods within cities [187].
In the US, the demand for unskilled workers dramatically dropped in early 1980s as a result of the
recession which further increased the unemployment in the working class while the salaries of
educated class kept increasing due to the emergence of the knowledge-based industries [188]. In
the case of US cities, this economic polarization is often associated with ethnic segregation [189].
According to the 2010 Census, the level of segregation which measures how evenly two groups
are spread across neighborhoods, has not reduced significantly in the past 30 year [190]. The
growth of immigrants has resulted in more concentrated ethnic enclaves particularly in urban areas
[191]. This growing polarization calls further attention to the need for informed planning strategies
to minimize the level of segregation between different neighborhoods.
Despite new advances in information technology and the exponential growth of socio-spatial data
[74] , relatively, little is known about urban social boundaries and influence of urban planning on
formation of these boundaries. To date, the main source of information for research on urban sociospatial dynamics is collected through the US Census surveys [75], [76]. Data provided by the
Census have several limitations that make them less useful for studying urban cultural boundaries
in the postmodern city. First and foremost, the data is aggregated on large geographic units defined
by administrative boundaries and hence, often cannot be used to study the actual lived socio-spatial
boundaries experienced by people. Second, the data has low temporal resolution, that is, they are
being collected every five years and therefore, cannot reveal rapid changes in post-modern cities.
Third, the data does not inform us about cultural facts, but rather, they provide basic demographics
which may or may not reflect practiced culture.
A potential alternative for the Census data can be found in social media data. Social media has
significantly contributed to our understanding of the spatial dynamics of cities. Most commonly,
urban studies that use social media to study the urban socio-spatial structure, incorporate location51

based social network (LBSN) techniques. LBSIN is a network consisting of people in a social
structure who share location-embedded information [80]. Most of the research in this area uses
social media data which includes the geographical location as well as their tagged images, videos,
texts etc. Common examples of data used for LBSN studies include GPS trajectories of taxis,
Twitter, call data records (CDRs), Flickr geo-tagged photos, and the widely used Foursquare
check-in data. The crowdsourced data, especially those including the geographical information
such as tweets, photos, check-ins etc. can help us understand people’s lifestyles (e.g. likes and
dislikes) [85], [86] the cities’ socio-spatial structure [84], neighborhood functions and
characteristics [83] and behavioral patterns [87] in cities.
One way to identify urban communities in the context of postmodern cities is through analysis of
the consumption patterns and preferences of individuals. Many studies have showcased the fact
that people among the same social networks share commonalities in taste of music, movies, TV
shows and books [86], [88]. Some studies indicate that people of higher social status enjoy
different types of art products [89], [90]. Examples of similarities between tastes and social groups
is a well-studied topic especially in the age of internet where individuals’ tastes and cultural
preferences are available to information-based companies (e.g. Amazon, Facebook, Spotify, etc.).
In fact, many recommender systems (i.e. algorithms for design for recommending products to
users) are designed under the assumption that people of the same social groups are likely to
consume similar products [91], [92]).
The conceptual framework of the relationship between social groups and taste was established by
Pierre Bourdieu in his well-recognized book titled as “Distinction: A Social Critique of the
Judgment of Taste” [93]. In summary, Bourdieu describes an underlying cultural hierarchy in
contemporary societies where social classes are distinguished by their taste as opposed to mere
economic status. This view is also shared by other theoreticians. For example, Madanipour [37]
argues that social hierarchy occurs in three arenas: economic, political and cultural. According to
him, cultural hierarchy, is manifested through patterns of consumption, from daily necessities to
cultural products [37]. Theoretically, it is not surprising to find geographically concentrated
clusters of similar taste in a postmodern city: first, as discussed earlier, postmodern cities are
comprised of fragmented communities with different culture, ethnicity and economic status;
second, the postmodern city is characterized by a global economy where consumers are provided
with a variety of product choices and therefore the consumers have the option to practice different
tastes [24].
This research aims to examine the socio-spatial manifestations in the border regions of
neighborhoods identified as having different taste profiles. This study is built upon two previous
inter-related studies that we conducted in the context of American cities where we used Yelp data
to identify urban communities with distinctive tastes in foods and drinks [98], [99]. Building on
our previous studies, we assume that taste is an indicator of culture and hence neighborhoods
clustered by taste are neighborhoods characterized as having/sharing a culture.
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4.2. LITERATURE REVIEW
4.2.1. IS TASTE FOR FOOD AND DRINK A GOOD INDICATOR FOR SOCIAL
GROUPS? A REVIEW OF PREVIOUS WORK
Bourdieu and Passeron (1990) argue that cultural capital is employed and reinforced by people of
higher class to distinguish themselves from the people of lower social standing. This difference
emerges from the fact that people of different groups have access to different resources depending
on a multitude of variables such as race, economic status, class, gender, sexuality, religion, and
age (Bourdieu and Passeron, 1990). Since scholars have critiqued Bourdieu’s argument on the
grounds that it may not be generalized to the current US social conditions [96], [97], we set out to
validate Bourdieu’s theory of distinction in the US context in a previous study [98]. We used Yelp
data to empirically investigate the food types consumed by different groups of people across ten
metropolitan areas in the US. This data paired with that of American Community Survey which
provides demographic information on Zip Code level helped us to investigate the extent to which
food choice is a good proxy for social class. Our analysis indicates that taste for food and drinks,
as derived from Yelp reviews, is in fact a reliable indicator which corresponds with a multitude of
demographic factors including median income, education, and race [98].
In another study, we tested if taste is capable of showing geographic/spatial patterns and can be
used as an indicator for identifying spatially located urban classes [99]. To this end, we extracted
the types of foods, drinks and ambience types that corresponded with taste from Yelp reviews
using Natural Language Processing (NLP) techniques. These features were measured for every
restaurant which enabled us to estimate the types of foods and drinks consumed in different
neighborhoods. Our clustering results showed clear spatial boundaries between neighborhoods
consisting of restaurant patrons with different taste in food and drink.
The current study builds upon the two previous studies and aims to characterize the physical and
urban aspects of the clusters resulting from different taste profiles of restaurant patrons [99] as
well as the border regions between these clusters.
4.2.2. SOCIO SPATIAL BOUNDARIES IN POSTMODERN CITIES
In The Production of Space, Henri Lefebvre considers the relationships established by boundaries
as the most important factor in determining social spaces (i.e. a space entailing lived experience
by a social subject) [39]. Lefebvre’s definition of social space aligns with the urban spaces of
postmodern cities (page 190): “it is produced within the framework of a global society, and in
accordance with that society's constitutive production relations”. He discusses that social spaces
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in capitalist societies have four components: first, the accessible spaces of normal use that is
equivalent to activity spaces where people frequent; second, boundaries and forbidden territories
(either belonging to friends or enemies);third homes, and; fourth the junction points that are places
of encounter [39]. With this categorization in mind, socio-spatial boundaries in the urban context
can range from junction points which successfully facilitate encounters between people of different
social groups to boundaries which hinder the social connection between neighborhoods (e.g. empty
spaces). According to this conceptualization, the borderline between two social groups can be
either a junction point, which provides opportunities for the two groups to interact, or a boundary
which hinders and minimizes interaction.
THE BOUNDARIES

Planning decisions in American cities have exacerbated segregation through different design
strategies [40], [41], [192]. The peak of these urban interferences occurred in urban renewal
projects, a long-lasting chain of projects between 1949 and 1973, aiming to demolish substandard
housing and build new units, revitalize the urban economy and reduce segregation [193]. The
results of urban renewal projects have been less than satisfactory: The White middle-class moved
out of the inner city to new housing developments usually in the suburbs (i.e. White flight), many
urban small businesses were forced to close which negatively affected the social fabric of
neighborhoods, and new highways further fragmented neighborhoods by physically separating
them. Jane Jacobs movement was initiated primarily in response to unsuccessful urban renewal
projects in New York [194]. In Death and Life of Great American Cities, Jacobs suggests a number
of strategies to neutralize the negative social consequences of urban renewal. Jacobs talks about
the destructive impacts of physical borders (i.e. “the perimeter of a single massive or stretched-out
use of territory”) on neighborhoods. A railroad, as she argues can be a perfect example of such
borders, but these borders can also be land uses that are primarily aimed to improve inhabitants’
quality of life, such as large parks, however, as she argues the immediate impact of these large
territories on neighborhoods is negative[41].
Davis [50] argues that the process of segregation occurs seemingly naturally through privatization
of public spaces and creation of exclusive urban enclaves which he calls fortresses. By examining
two cities (i.e. Los Angeles and Buenos Aires), Calderia [192]argues that this privatization is most
evident in streets and squares, that are a solid mass of private buildings that contain the void of
public space. Pedestrian movement in these streets is discouraged, small local businesses are kept
away from streets, and finally the residential buildings are opaque and disconnected from the
surrounding with minimized transparency [192]. Inadequate open spaces impact the use of these
spaces. Large buildings with tall, opaque walls are functionally disconnected from the surrounding
streets, which gives residents less control over the surrounding spaces, leading to the alienation of
these spaces [195].
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Some studies argue that high volumes of traffic and high-speed vehicles, along with noise and
pollution, reduce the potential of positive social interaction [51]. For example, highways are
known to be “lifeless” urban elements that cut through neighborhoods and threaten the
connectivity of different districts within a neighborhood [196]. Instead, when possible, streets
should be designed to facilitate a fine transition between local roads and major roads and minimize
traffic congestion [197].
Boundaries can form not only by an urban element that cuts two areas apart (e.g. railroad) but as
a result of a specific configuration of urban elements that minimize connectivity. A growing body
of literature on urban morphology argues that accessibility due to specific street layouts, impacts
the level of segregation in neighborhoods. The most well-known theory is space syntax theory
which allows a top-down analysis of the street networks [198]. Space syntax theory provides us
with measures derived from the spatial configuration of urban elements indicating the extent of
visibility and integration of each element. This line of thinking assumes that the built environment
plays an active role in determining the likelihood of human encounters in a system of
interconnected spaces. Space syntax theories have been extensively used by many scholars at
different spatial scales to evaluate the patterns of encounters [199]. A number of studies have
specifically shown a direct relationship between poverty and segregation, as defined by space
syntax measures [200], [201].
In summary, the literature suggests that the following physical factors may form boundaries and
disrupt socio-spatial homogeneity:
• Urban elements that divide neighborhoods: such as railways, high rise buildings
that are disconnected from the surrounding, large lots or service areas etc.
• The configuration of the road network: the way the roads connect to one another
and the way they facilitate movement from one area to another may cause the
isolation of some urban areas and hence foster segregation. The configuration of
streets also affects their visibility and integration in the network
JUNCTION POINTS

The interaction between two neighborhoods may be strengthened through junction points around
the borderlines of the two territories. For example, Jacobs [41] points out that creating zones of
mixed use which encourages people’s presence, short blocks of buildings, and convenient roads
that facilitate opportunities to turn are fundamental to minimizing segregation. The mix of different
land use has also been supported in some later studies [202]–[207]. Yet others believe that large
complexes of shops and retail centers attract shoppers from a large catchment area and lead to
physical decay in adjacent neighborhoods by eliminating business opportunities for other retailers
in the immediate neighborhoods [208].
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Different aspects of land uses attract people to certain destinations. Most prominently,
neighborhoods with a variety of shops and retail stores bring a diverse group of people to visit
their streets [56], [64]–[67], [209]. This popularity extends to other third places (i.e. not work or
home), such as restaurants, coffee shops, museums, libraries, churches, local organizations, etc.,
which attract different groups of people with similar interests and increase social encounters
among individuals [55], [68]–[70], [72], [73], [210]. Researchers believe that open spaces with
natural features also play an important role in fostering social interaction among individuals. For
example, spaces with trees attract more heterogeneous age groups than spaces lacking trees [195].
Due to limited, precious green spaces in cities and their simultaneous use by a number of different
neighborhood residents, open spaces play a significant role in bridging neighborhoods [208].
In summary, junction points are those places that can possibly facilitate interaction between
multiple communities. The quality and quantity of these spaces might affect the extent of their
success:
• The density of the public spaces and the businesses that may facilitate interaction (e.g.
restaurants, bars, etc.) in the border areas may influence the extent of interaction between
two adjoining communities.
• The type of services provided, also, may affect the extent of interaction as different places
are used with different frequency and occasions. Examples of different land uses are
churches, parks, and restaurants.

(b) Boundary between communities
caused by road network
configuration.
(a) Boundary between communities
caused by large separating urban
elements.

(c) Junction points between the two
communities improving the
interactions.

Figure 12. Possible conditions at the border region in the urban context
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4.3. RESEARCH QUESTION
This research aims to find the physical factors in post-modern cities that are associated with
formation of urban communities. As part of this research, we will propose a method for identifying
urban communities, that goes beyond the limitations of Census or community surveys. By finding
these communities, this research tries to discover the underlying socio-spatial structure of cities
and investigate the extent to which different physical factors (i.e. road network, large urban
elements, and third places) may be associated with the connectivity of different urban communities
in post-modern cities.

4.4. DATA
As discussed in the literature review, there are at least three groups of physical factors that might
be associated with formation of urban boundaries:
• Massive urban elements that cut neighborhoods apart (e.g. highways)
• Road network characteristics
• Presence of third places
In this section, we aim to assess to what extent these factors associate with formation of social
boundaries.
Elements that separate neighborhoods – As literature suggests some urban elements might
function as physical barriers and cut neighborhoods apart. Massive territories such as large parks,
railroads etc. [41] non-walkable streets in between [211], lack of transparency in the buildings in
the border areas [192] , lack of open spaces and high-rise buildings that completely disconnect the
interior spaces from the surrounding are some example of physical barriers [195], [196]. This
research will investigate the urban elements located on the border lines of segregated areas. To
measure walkability and size of buildings, we use two datasets:
•

Walk score: Walk score [212] is a public API which calculates walkability score in large
scale. Walk score algorithm calculates distance to five categories of facilities: recreational,
entertainment, educational, retail, and food services. The final score is a linear combination
of these distances weighted by facility type priority as well as a distance decay function
[213]. Multiple studies have evaluated the validity of walk score [214], [215].

•

US Building Footprints: This data is provided by Bing Maps [216] and includes the
building footprint data for 125 million buildings across the US. This open source data is
created using the ResNet-34 CNN model created by Microsoft [217] by using the satellite
images as input. After semantic segmentation resulting from the ResNet-34 model, a
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polygonization algorithm is applied to edit the edges and angles. This data is publicly
available on GitHub along with the methodology [218].
•

Road network measures – To understand the extent of connectivity of the roads in the
boundary areas, we first constructed the state-wide road graph for the four studied cities
i.e. Washington D.C., Philadelphia, Boston, and Detroit. From this graph, a number of
measures were extracted. First, the degree centrality (i.e. the number of immediate edges
for each node). Second, the closeness centrality (i.e. average length of the shortest
path between the node and all other nodes in the graph). Third, the betweenness centrality
which quantifies the number of times a node acts as a bridge along the shortest path
between two other nodes [219] and fourth, the Eigenvector centrality which is a measure
of a node importance in the network. Using these measures, we will accurately investigate
the level of connectivity in the nodes (i.e. road segments) located on the boundaries[219].

•

Third places – Third places include all those places where people of different communities
are likely to meet and interact in. To this end, the land uses located in the border areas will
be investigated and compared to other lots to see if/how they differ. The hypothesis of this
research is that junction points have more businesses and public places where the residents
of two adjoining neighborhoods are likely to meet. Studying the distribution and types of
these places, known as third places, around the border lines is crucial to this study.
Accordingly, this research uses the data for businesses and public places in the US. To get
a full list of the businesses in the US, we use the 2 digit North American Industry
Classification System (NAICS) [220]. This list enables us to get a full view of the types of
businesses that we may be interested in and the keywords for those businesses. We then
used those key words to scrape the business locations across the target cities from Yellow
Pages [221]. We include every business in the final models as the percentage of total
businesses. Table 10 shows the keywords and corresponding NAICS codes.
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Table 10. Businesses scraped from Yellow Pages and their corresponding NAICS codes
NAICS code
22
23
31-33
42

Description
Utilities
Construction
Manufacturing
Wholesale trade
Retail

44-45
48-49
51
52
53
54
55

56
61
62
71
72
81

Transportation and
warehousing
Information
Finance and insurance
Real estate and rental and
Leasing
Professional, scientific, and
technical services
Management of companies
and enterprises
Administrative and Support
and Waste Management and
Remediation Services
Educational Services
Health Care and Social
Assistance
Arts, Entertainment, and
Recreation
Accommodation and Food
Services
Other Services (except Public
Administration)

Yellow Pages Keyword
Utility companies
General contractors
Manufacture
Wholesale
Multiple keywords (looked up by 4 digits
NAICS keywords)
Transportation, Warehouse
Publish, Broadcast, Telecommunication,
Recording, library
Finance, Insurance
Real estate, Rental
Multiple keywords (looked up by 4 digits
NAICS keywords)
Management
Multiple keywords (looked up by 4 digits
NAICS keywords)
School, Training, Educational, College
Health, Social service
Art, entertainment, recreation
Accommodation, restaurants, lodging, food
services
Multiple keywords (looked up by 4 digits
NAICS keywords)
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4.5. METHODOLOGY
4.5.1. IDENTIFYING REGIONS ASSOCIATED WITH DIFFERENT TASTE
GROUPS
In order to examine urban boundaries and junction spaces, we fist need to find the urban
communities. The fundamental assumption of this study is that taste, provides a better indicator to
study urban communities: it can be measured through multiple social media sources at no cost, it’s
more current, and provides us with a higher spatial resolution. We discussed our methodology for
finding urban communities through the analysis of social media (i.e. Yelp) which we discussed in
detail in [98], [99]. In these two articles, we fist explain and validate Bourdieu’s theory of
distinction [93] in the context of the US. We studied 10 metropolitan areas in the US and examined
the extent to which different measures of social class (e.g. income, education) are associated with
practiced taste of different regions within these cities as inferred from Yelp review data. In the
second study, we looked at the spatial distribution of different clusters of restaurants in those 10
cities and clustered them into Communities with taste A and B. The spatial distribution of type A
and B communities showed significant spatial pattern across all the case study urban areas.
In this study, we will investigate the spaces between these two types of communities. Based on
Lefebvre’s theory, these spaces can be either boundaries or junction points. We will then examine
what physical factors related to road networks, business distribution, and urban form are associated
with these in-between spaces.
4.5.2. IDENTIFYING DISTINCTIVE TASTE REGIONS
In order to find regions of similar taste, the first step was to quantify “taste” in different regions.
The fundamental assumption in this step is that taste is a good indicator for determining social
groups [93]. To do this, we looked at reviews provided by the Yelp users in 10 American
metropolitan areas. This data includes a total of 2.7 Million reviews for 155k restaurants. In the
first step, we trained a Word2Vec model [143] on the Yelp reviews. This model enables us to
embed every word in a 300-dimensional space using which we could find the words that are close
in meaning. We then investigated the top 1000 frequently used words and selected the food and
drink types (i.e. 45 words relating to food and drink types). We used these 45 words as input to the
Word2Vec model and found the closest 20 words to these 45 words in cosine distances. Of the
resulting 900 words, 454 were related to food and drink types. We generated additional features
(e.g. meat types, vegetable types) by aggregating specific food and drink types and ended up with
477 features.
These 477 features were inclusive and did not necessarily reflect the taste practiced in different
regions. For example, the word “water” was among these 477 words, but this word may not reflect
the differences between restaurant customers. In order to see which food items actually separate
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different groups of restaurant clientele, we also analyzed the rating and check-in behaviors of 526K
Yelp users. Using a combination of clustering and classification methods, from the 477 features,
we selected a subset of features that actually distinguish different groups of users in their choice
of restaurant as well as ratings. One hundred and five features were finalized in this step (for more
details please see [99]).
We used a bag-of-words model to characterize every region using these 105 words We first
clustered restaurants using a K-means algorithm to group restaurants that are geographically close
to one another. Using clustering algorithm also helped account for the restaurant density and spatial
distribution. For every resulting cluster, we aggregated the yelp reviews and created 105 features.
In the last step, we clustered these small clustered into 2 clusters. The resulting clusters showed
significant spatial patterns. A detailed discussion and methodology has been provided in [99].
4.5.3. REFINING THE IDENTIFIED CLUSTERS
Although our analysis from the last step showed Type A and B neighborhoods, Bourdieu’s
argument does not provide a complete view of the spatial aspect of this distinction. As discussed,
Henri Lefebvre’s [39] argument of social class, on the other hand, provides a spatial view of social
class and distinction which we can use to study the spatial aspect of the two neighborhood types
identified through our analysis. To do this, we should focus on the spaces between the Type A and
B clusters. As Lefebvre [39] discusses, the border regions can be either junction points i.e. places
where the two groups have opportunities for encounter, and boundaries where the two groups are
separated from each other. This theory sets our strategy to define the spaces between the Type A
and B clusters: we consider those regions identified between the two clusters as junction point if
the population density in that region is high (i.e. the two groups encounter) and boundary otherwise
(Figure 13).
Taste
Group A
High
population
density

Taste
Group B

Junction point

Taste
Group A
Taste
Group B

Boundary

Figure 13. The space between taste Type A and B can be either junction points or boundaries
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In the next step, we aim to systematically find the boundaries between the two taste groups. Not
all the spatial clusters identified in the last steps form distinctive boundaries. In order to find clear
boundaries between the two regions, we will need to remove the outlier clusters of restaurants that
are those clusters that do not specify a large enough neighborhood.

Type B
Type A
Outlier

Figure 14. Removing spatial outliers using DBSCAN to find urban boundaries
To remove the outliers, we used density based spatial clustering of application with noise i.e.
DBSCAN [222]. Given a set of points in space, DBSCAN clusters those points that are packed
together and marks those points that are in low-density regions or lie alone. We used the
geographic coordinates of restaurant clusters’ centroid as the input to this algorithm, for every city
and found spatial outliers for each taste type, independently. Figure 14 shows the results of the
Outlier removal process.
4.5.4. DISTINGUISHING BOUNDARIES FROM JUNCTION POINTS BASED ON
LEFEBCRE’S THEORY
Recall that in the last section, we only created two clusters of taste: every group of adjacent
restaurants can be either Type A or B. In this step, we will look at the spatial distribution of these
groups of adjacent restaurants and try to find where junction points and boundaries occur. To do
this, we first convert our cluster centroids from the last step to Voronoi polygons. This step enables
us to convert discrete points to a continuous surface (Figure 15). We then unify the adjacent
polygons for each cluster (i.e. Type A and Type B). In doing so, two cases may occur: 1) the Type
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A and Type B polygons directly touch one another 2) the two groups are completely separated
from one another (Figure 15).

Create Voronoi polygons from
cluster centroids

Merge the polygons and buffer
the border lines by 0.5 mi

Create a 1mi by 1mi grid to
classify the border grids to
junction points and boundaries
based on population density

Twotaste group regions can either
touch (left) or be separated by a space
that is neither Type A nor Type B
(right).

In the first case, we buffer the common
border by 0.5 mi to make a 1 mi buffer
which we consider as border region. In
the second case, we fill the space in
between by another polygon which we
again consider as border region.

Figure 15. The process of creating boundaries and junction points
After creating the border regions, we create a universal grid of 1mi by 1mi for the entire city. This
step enables us to first, create equal sized regions which will be the basis of our future analysis to
compare the urban factors in each, and second, to distinguish different segments of junction points
and boundaries in the border regions that we just created.
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To distinguish the junction points from boundary regions we employ Lefebvre’s theory [39]. As
discussed previously, Lefebvre’s argues that the border region between two social classes can be
either junction space i.e. where the two groups have encounters, or boundary where the two avoid
one another. Accordingly, if a grid cell in a city, has a high population density compared to other
grids in the border regions in that city, then we consider that cell as a junction point. and otherwise,
we assume that it’s a boundary. The logic is that, if the population density in the border region is
high, the two groups have high level of opportunities to encounter. In order to find the cut-off
point, we look at the distribution of population density per grid cell. For every grid-cell the
population density is calculated by dividing the block-group level population by total block-group
area [141]. The median density value for the border regions is 4.5k people per square miles. If a
grid has more than 4.5 density and the restaurants in that grid suggest that both taste types are
present, then we assume that grid to be a junction point otherwise, we consider that grid to be a
boundary region.

Philadelphia

Boston

Washington DC

Detroit

Boundary
Junction-point
Type A
Type B

Figure 16. Final boundaries for the four cities
64

After this step we have a set of grid cells with 4 labels: Type A, Type B, boundary, and junction
point (Figure 16). Since we are interested in studying the physical features of the border regions,
we should investigate what physical factors distinguish between junction points and boundaries.
To this end, we train a classification model with a binary output (i.e. boundary versus junction
point) and the physical features of each grid as independent variables. As a secondary output of
this study, we will evaluate the distinguishing factors between the Type A and Type B regions
using another set of binary classifiers (Figure 17).

Figure 17. Research framework for identifying urban boundaries. Using Bourdieu’s theory of
distinction and Lefebvre’s theory, we identified Type A, Type B, junction points, and boundary
regions.
4.5.5. FEATURE ENGINEERING AND PRE-PROCESSING
As discussed, the primary research question in this study is to see which urban factors, if any,
distinguish the junction points and boundary regions. We also aim to investigate the distinguishing
physical characteristics of the Type A and Type B neighborhoods. Based on an extensive literature
review, we identified three major groups of urban factors that can distinguish between Typa A and
B neighborhoods and between boundary and junction points: urban elements that divide regions,
road network features, and third places. Prior to investigating the significance of every urban
factor, a few pre-processing steps are required. Table 11 summarizes the list of features, and their
sources.
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Table 11. Urban features used to classification models for comparing different regions

Elements
that separate
neighborhoo
ds

Feature
Group
•

Description
Average walkability score per grid cell

Source
Walkscore.com [212]

•

Average building size in the region

Bing maps [216]

•

Average betweenness centrality of streets in
every grid cell
Average degree centrality of streets in every grid
cell
Average PageRank centrality of streets in every
grid cell
Average closeness centrality of streets in every
grid cell
Average evcent centrality of streets in every grid
cell
Average AADT (i.e. Annual Average Daily
Traffic)
Average number of lanes for major roads per grid

•

Road Network

•
•
•
•
•

Tiger road shapefiles
Tiger road shapefiles
Tiger road shapefiles
Tiger road shapefiles
Tiger road shapefiles
Tiger road shapefiles

•

Inverse distance of the centroid of every cell to
the closest major road

Tiger road shapefiles

•

Business counts divided by total block group area

•

Block-level Census 2010
[224]

Electric companies, gas companies, garbage
collection
Home builders, building contractors, building
specialties, roofing contractors
Electronic equipment and supplies, Food
processing equipment and supplies
Food product wholesale, wholesale plants and
flowers
Pharmacies, liquor stores, furniture stores,
grocery stores
Storage household and commercial,
transportation services
Insurance, Tech, Banks
Junior colleges, Computer training, Elementary
and secondary schools
Social workers, Dentists, Health practitioners
Museums, Independent artists, Spectator sports
Restaurants, Bars, Hotels
Parking lots, Cemeteries, Laundries and dry
cleaning, pet care

•
•

Third places

Tiger road shapefiles [223]

•
•
•
•
•
•
•
•
•

YP.com [221]
YP.com
YP.com
YP.com
YP.com
YP.com
YP.com
YP.com
YP.com
YP.com
YP.com
YP.com
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4.5.6. TESTING THE SIGNIFICANCE OF DIFFERENT URBAN FEATURES
In the last steps we collected a set of features for every grid cell that we defined earlier. For every
one of these grid cells, we have one of the four labels: Type A, Type B, junction-point, and
boundary. In this step, we want to evaluate the importance of every feature in distinguishing these
labels. To do this, we train two sets of binary classifiers; one set for Type A versus Type B and the
other set for junction-point versus boundary regions. We use the physical features that we collected
earlier (Table 11) as the input data for these classifiers. Our input datasets are comprised of 884
Type B, 437 Type A, 138 boundaries, and 135 junction point grid cells.
In order to find the best classifiers, we examine multiple models and chose the best ones. We chose
two simple models due to their high interpretability: logistic regression [225] and tree classifier
[226]. We also chose two ensemble models that may have higher accuracy than the two simple
models: Random Forest [227] and Gradient Boosted Trees [228]. We will compare the results from
these models and evaluate the features based on the best models.
In order to avoid overfitting, we use both forward and backward stepwise feature selection for the
logistic regression. We use Bayesian Information Criterion (BIC) to select variables in the stepwise
process [147]. This method helps us to select only those features that significantly contribute to
the information gain. In case of the tree classifier we use the pruning process [226] and choose the
best complexity parameter through a grid search [150] algorithm. In case of Gradient Boosted
Trees and Random Forest we choose the best number of trees and maximum number of nodes in
the terminal nodes through a grid search algorithm and a 5-fold cross validation process. In all
cases, we use 80% of the observations as train set and the rest as test set. Our criteria for choosing
the best model would be test set scores. To evaluate the models, we use three metrics: (1) Accuracy
or the number of correct predictions of all classes divided by total sample number; 2) Area Under
ROC Curve (AUC) which is available for two class predictions. AUC provides a collective
measure of both sensitivity and specificity [170] (3) and F1 score [170].
To evaluate the final models’ factor importance, we use different approaches as the algorithms are
systematically different. The most straightforward algorithm is the logistic regression as it operates
on the basis of sums of squares and can provide us with coefficients and p-values which enable us
to gauge the direction, magnitude and significance of different factors. The classifier model also
provides interpretable results as it is only based on a single tree where the cut-off points and
splitting factors can easily be traced back. This is not the case for the ensemble models i.e. Random
Forest and Gradient Boosted Trees. For these models, we use the importance measure which
calculates a weighted average of the entropy decrease across all the trees for every feature [228].
To get the direction of every feature i.e. whether it has positive or negative impact on probability
of one of the classes e.g. Junction point, we simulate the outputs by gradually increasing the value
of that feature from the minimum value to the maximum value of that feature. The overall trend,
in this case, will show us the directionality of that feature.
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4.6. RESULTS
As explained in the methodology section, we examined four models with different sets of hyperparameters for every target variable. Table 12 summarizes the best hyper-parameters (i.e.
parameters whose values are set before the learning process begins) chosen through the grid-search
algorithm. The results show that the stepwise logistic model is the best classifier for the
junction/boundary classification and Gradient Boosted Trees returns the highest accuracy for the
Type A/Type B classification.

Model

Parameters

Junction point versus
Boundary
(273 points)

Stepwise Logistic Regression

Number of variables chosen: 6
Depth: 4, Complexity Parameter: 0.16,
Minimum number of points per node: 5

Type A versus Type B
(1321 points)

Table 12. Selected hyper-parameters for every model through grid-search algorithm with 5-fold
cross-validation
Target variable

Stepwise Logistic Regression

Tree Classifier
Random Forest
Gradient Boosted Trees

Tree Classifier
Random Forest
Gradient Boosted Trees

Number of trees: 22, Max-depth = 4
Number of trees:30, Shrinkage :0.0015,
Interaction depth:2, Minimum number
of points per node: 6
Number of variables chosen: 10
Depth: 4, Complexity Parameter: 0.21,
Minimum number of points per node:
10
Number of trees: 41, Max-depth = 4
Number of trees:30, Shrinkage :0.0020,
Interaction depth:2, Minimum number
of points per node: 8
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Table 13. Final accuracy metrics for all models. Logistic regression for junction/boundary
classification and Gradient boosted trees for the Type A/Type B classification are the best
models
Junction-point/Boundary

Type A/Type B

Accuracy

F1

AUC

Accuracy

F1

AUC

Random Forest

0.78

0.78

0.80

0.71

0.71

0.78

Tree Classifier

0.73

0.73

0.78

0.65

0.66

0.71

Gradient Boosted Trees

0.79

0.79

0.83

0.74

0.74

0.82

Stepwise Logistic
Regression

0.80

0.80

0.86

0.69

0.68

0.77

Random Forest

0.87

0.87

0.94

0.82

0.82

0.87

Tree Classifier

0.68

0.68

0.74

0.61

0.62

0.67

Gradient Boosted Trees

0.79

0.78

0.89

0.76

0.75

0.85

Stepwise Logistic
Regression

0.86

0.86

0.92

0.72

0.72

0.79

Train Set

Test Set

Model

One reason for getting a higher accuracy in the logistic model compared to the ensemble models
in the junction/boundary classification could be the low number of sample points in this
classification. Ensemble models prove to have higher efficiency in cases where the sample size is
relatively large as they operate on different subsamples of the data.

Type A
vs.
Type B

Figure 18. Comparison between accuracies across all models
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The outputs from the logistic regression (Table 14) shows that we should expect higher
walkability, overall business density and traffic volume in the junction point regions compared to
boundary areas. We can also see that some land-use types such as wholesale businesses, warehouse
and transportation locations, and offices are less likely to exist in junction points.
Table 14. Logistic regression’s output for junction-point/boundary classification. The direction
of coefficients shows the probability of junction-point
Variable

Estimate

Std. Error

z value

Pr (>|z|)

Wholesale
Warehouse/Transportation

-0.29
-0.16

0.09
0.05

-3.21
-3.28

0.001
0.001

**
**

Office

-0.07

0.02

-3.49

0.000

***

Business Density

15.75

5.17

3.05

0.002

**

AADT

2.21

0.71

3.13

0.002

**

Walk score

7.08

1.27

5.55

0.000

***

Significance codes: 0 '***' 0.001 '**' 0.01 '*' 0.05

The best model for Type A/Type B classification was the Gradient Boosted Trees model. As
explained earlier, we measured the direction of each feature (i.e. marginal effects) through a
simulation process. The results (Figure 19) indicate that the Type A regions are less likely to have
warehouse/transportation related businesses and construction businesses. These regions are
characterized by large number of offices, are more accessible due to their proximity to highways,
have higher business density and walkability scores.
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Impact on probability
of Type A

Marginal effect plots

Figure 19. Type A/Type B classification results. Importance and direction of different features
(left) and example simulation outputs for marginal effects showing the probability of Type A on
the vertical access.

4.7. CONCLUSION
In this study we used three major theoretical arguments to identify the physical and urban factors
associated with urban social boundaries. We first used Bourdieu’s theory of distinction to identify
the major social classes by using taste as indicator [93]. We based this analysis on our previous
studies [98], [99] where we validated Bourdieu’s theory in the context of the United States both
from a social and spatial point of view. We clustered different regions in four American
metropolitan areas (Washington DC, Philadelphia, Boston, and Detroit) based on people’s taste of
food and drink as extracted from Yelp reviews [99]. We then applied outlier detection methods to
only select those regions that are spatially coherent and finalized two types of neighborhoods
across the four cities: Type A and Type B.. Using social media (i.e. Yelp) as opposed to traditional
demographic datasets such as US Census data has many advantages such as higher spatial and
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temporal resolution, inclusion of cultural characteristics, and availability and low cost of social
media data-sets as opposed to other traditional datasets.
After identifying the two neighborhood types, through multiple spatial processes, we identified the
border regions between these two clusters. Next, using Lefebvre’s argument [39] we argued that
these border regions can be either junction points i.e. places where the two groups have
opportunities for encounter or boundary regions where the two groups are separated from one
another. We used median population density to distinguish between junction points and
boundaries.
Lastly, we used urban theories which investigate the role of spatial quality and configuration on
neighborhood qualities and formation of boundaries [40], [41], [198] to examine differences in
physical features between junction points/boundaries and Type A/Type B neighborhoods. Based
on an extensive literature review, we argued that there are three major urban factors that are likely
to separate neighborhoods from one another: the quality and number of businesses [41]; large
urban elements and buildings that cut neighborhoods apart [40], and quality and configuration of
road networks [198]. For every one of these factors, we collected multiple features from different
data sources (Table 2). We then conducted multiple classification analyses to see which one of
these features distinguish junction points from boundary regions. We replicated the same analysis
to characterize the Type A and Type B regions.
The result shows that junction points are indeed different in terms of both counts and types of
businesses in the region. This finding aligns with Jacob’s argument which asserts that
neighborhoods’ social qualities are negatively affected by large functional buildings such as train
stations and positively impacted by small businesses such as bars which maximize casual and
public contacts at a local level [41]. We observed that the junction points are less likely to have
functional businesses such as office buildings, warehouses, transportation related places (e.g.
bus/train stations), and wholesale businesses. One reason for this finding could be that these
buildings are often large and detached from their surroundings [40]. We did not, however, find
any association between building footprint size and probability of being junction point. One reason
for this might be that a building footprint area does not fully reflect the spatial structure of a
building, for example, a large building might be comprised of multiple small businesses that foster
a walkable and friendly environment. We also found that the junction points have higher business
density than boundary regions which aligns with Jacob’s thesis [41].
Another important finding was that junction points have higher walkability scores compared to the
boundary regions. This suggests that border regions between the two types of neighborhoods (Type
A and Type B) are likely to provide opportunities for encounter when they are walkable places;
aligning with Appleyard’s argument that those streets that are non-walkable are more likely to cut
neighborhoods apart [211][54]. Although unlike Appleyard’s study we did not find the traffic
volume to be a negative factor. One reason might be that we expect to have a correlation between
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traffic volume and population density, which was our criteria to define junction points in the first
place. Another issue might be that high traffic volume does not necessarily reflect bad
neighborhood quality and low chances of social interaction, if managed well and provided with
adequate provisions for pedestrian activity.
Classification results from Type A and Type B comparison also yields interesting results. First, we
found that Type B regions are characterized by high percentage of service industries and businesses
such as construction, warehousing and transportation. In fact, the types of businesses are the most
important distinguishing factors. We also observe that Type A regions have higher business
density and office buildings. One reason could be that corporations and businesses choose
expensive neighborhoods for their image, higher access to high-quality services and foot traffic.
We can also observe that the Type A regions are generally closer to highways which suggests that
these regions are generally more accessible than Type B areas. Although we did not find any direct
association between road network centrality measures, we can still see the importance of
accessibility through the positive association of walkability (Figure 10). We found that Type B
regions have high retail intensity which might be counter-intuitive at first. However, recall that our
business-related variables were calculated as ratio of total businesses and not actual counts. Our
results show that Type B regions have smaller business density, but higher percentage of service
businesses and retail.
Our study comes with several limitations that can be addressed in the future. First and foremost,
our sample size was limited to four American metropolitan areas. Future study can focus on more
geographically diverse and a larger sample of cities to fully understand the characteristics of
junction points and boundaries. Having a larger sample also helps with training more robust
classification models. Future studies should also consider looking into a more fine-grained
definition of social classes. We only clustered social classes in the US to two major types for
simplification purposes. However, this classification does not fully portray the reality of the
complex social structure of American society. Lastly, future studies can characterize tastes by
using multiple layers of data collected from different sources of social media. Using Yelp as the
only data source imposes a number of biases that can be minimized by considering various
datasets. Despite these limitations, these methods show promise for future research in urban
sociology, urban policy, and planning. We showed that this method can help us identify junction
point and boundary regions which can help urban planners to concentrate their resources to
targeted regions with high resolution and try to further understand the physical factors that might
divide or bring together communities.
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CONCLUSION
In this thesis, I set out to answer a fundamental socio-spatial problem in the context of US cities.
Drawing on numerous studies, I argued that the American metropolis witnesses extreme levels of
cultural, economic, and ethnic polarization [30], [184], [229], [230]. I also argued that the built
environment reflects these dualities and it actively impacts these social dynamics [39], [41], [198].
Due to globalization, complex governmental systems and policies, constant and high-volume
social mobility, and perpetual and high-paced technological advances, it’s becoming increasingly
difficult to study the socio-spatial dynamics of urban social boundaries using traditional data
sources like census information [16].
While understanding cities is becoming more complex, recent technological advances have made
numerous tools and valuable datasets available to researchers. Despite new advances in
information technology and the exponential growth of socio-spatial data [74] , relatively little is
known about urban social boundaries and influence of urban planning on formation of these
boundaries. To date, the main source of information for research on urban socio-spatial dynamics
is collected through the US Census surveys [75], [76]. Data provided by the Census have several
limitations that make them less useful for studying urban cultural boundaries. First and foremost,
the data is aggregated on large geographic units defined by administrative boundaries and hence,
often cannot be used to study the actual lived socio-spatial boundaries experienced by people.
Second, the data has low temporal resolution, that is, they are being collected every five years and
therefore, cannot reveal rapid changes in post-modern cities. Third, the data does not inform us
about cultural facts, but rather, they provide basic demographics which may or may not reflect
practiced culture and true social dynamics.
To contribute to this ongoing line of research, I aimed to answer two major questions in this
dissertation:
•
•

How can we use crowdsourced data to identify urban social boundaries?
From an urban planning perspective, what factors are associated with these social
boundaries?

To answer these questions, I drew on Bourdieu’s theory of distinction which suggests that taste or
cultural preference is the best indicator of social groups in the context of consumer societies. Our
first step was to make sure that this theory is applicable in the context of contemporary American
cities. The major advantage of Bourdieu’s theory of distinction for our research, is that it provides
a theoretical basis for using taste to find social groups; an indicator that can be extracted from
social media datasets such as Yelp. Datasets such as Yelp have high spatial resolution and are
constantly updated by the users and therefore, reflect the changing social dynamics of global cities.
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The first paper (Chapter II) was therefore, a validation of Bourdieu’s theory of distinction in the
context of American cities by using Yelp. We extracted words related to tastes in crowdsourced
Yelp comments and investigated the distribution of words in different neighborhoods. We then
statistically tested to see if there is any association between the frequency of these words in
different neighborhoods and the conventional determinants of social class: income, education, and
race. Through our regression models we observed associations between food and drink types
discussed in the Yelp reviews (by restaurant patrons) and demographics of neighborhoods in which
the restaurants are located, in the context of 21th century US cities, as also suggested by Bourdieu:
block-groups with higher education and income show higher consumption of exotic food types
(e.g. arugula, sashimi). Our results showed the importance of taste as an indicator for studying the
contemporary American cities.
In the second paper I aimed to examine the concept of distinction in the spatial context. In this
paper I used unsupervised techniques to cluster the restaurants based on the customers’ tastes
which I extracted through natural language processing processes. Our clustering showed
significant spatial patterns and neighborhoods with similar taste were also close to one another.
This validation was a crucial step as our main purpose was to find urban social boundaries between
neighborhoods differentiated by taste. Using the taste signature of different neighborhoods, I
managed to identify the Type A and B taste groups as discussed by Bourdieu across four American
metropolitan areas i.e. Boston, Detroit, Washington DC, and Philadelphia. The spatial distribution
of these two taste types showed significant spatial patterns across all four cities. More specifically,
in all four cities I found that restaurants where Yelp reviewers consume the same types of foods
also form geographic clusters.
In the third part of this study, I explore the spatial characteristics of the border regions by
investigating the road network, third places, and large urban elements that separate regions (e.g.
large buildings) that I previously identified through an extensive literature review. More
specifically, I first identified the border regions between the Type A and Type B regions that I
previously defined in chapter 3. I then argued that these border regions can be categorized into two
classes, based on Lefebvre’s theory of the production of space [39]: junction points or boundaries.
Based on this theory, border regions where the two groups reside and have possibility for
encounter, are either junction points or boundary regions. I used population density to distinguish
junction points from boundaries and investigated the urban factors that differ in these two regions.
I illustrate that the junction points are more walkable than boundary regions [211] and that the
junction points are less likely to have service industries that are often too large and disconnected
from surrounding environment such as offices buildings, warehouses, wholesale stores, and
transportation services. These two findings corroborate Jane Jacob’s assertion that neighborhoods’
social qualities are negatively affected by large functional buildings/land use types such as train
stations and positively affected by small businesses such as bars which maximize casual and public
contacts at a local level [41].
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Through this trifold study, I first put forth a new method for identifying urban social boundaries
based entirely on social media data (i.e. Yelp). Our method is based on community-authored
comments scraped from the web at no cost with a reasonable spatial and temporal resolution. Given
the variety and accessibility of business data [56], the information derived from this method can
complement the conventionally collected demographic data of the cities and provide a multifaceted
understanding of cities which integrate economic, social and cultural components simultaneously.
Using datasets with high temporal and spatial resolution such as Yelp, allows us to better
understand the transitional nature of global cities in an ever-changing economical and societal
setting [16] with no significant cost. I also showed that taste can be used as an indicator of social
class, as discussed by Bourdieu in the context of contemporary American cities [93], [98], [231].
Lastly, I showed that the junction points and the boundary regions resulting from the spatial
distribution of social classes have specific urban characteristics and are different in their urban
form and function [41].
It is important to note that the neighborhood that I defined in this study (i.e. taste Type A and B)
is a high-level classification and does not mean that all the people in those neighborhoods fit in
the two clusters. In this dissertation, our intention was to see if I can identify geographically
recognizable regions with similar tastes in foods and drinks and to examine the similarities and
differences in the urban features in these regions. To better understand the actual boundaries
between urban communities and to see where they start and end, further ground truthing is required
which was beyond the scope of this dissertation.
Our research comes with several limitations that should be addressed in future studies. First, I did
not account for the temporal component, future studies could examine how the constant stream of
data (i.e. the Yelp reviews) can illustrate changes in urban social boundaries of dynamic global
cities. Our methodology, however, can potentially be automated to update the boundaries with
significant changed in the Yelp review trends. Second, Yelp reviewers may be a biased sample of
the population and therefore, the comments that they provide might not be reflective of the entire
population’s judgment of a restaurant. Third, our definition of taste was limited to the types of
food and drinks consumed or discussed by the community. Although this definition may reflect
the characteristics of neighborhoods to some extent, additional data on people’s lifestyle such as
the interior decoration of homes, grocery purchases, and types of movies they watch will provide
a more nuanced understanding of different neighborhoods. The extent of these limitations for
different geographic contexts may impact the results, significantly. Fourth, this study puts forth an
observational methodology rather than an experimental one. Therefore, although I saw strong
associations between indicators of taste and social class, future studies need to compare these
results with experimental approaches to ground truth our observations. Lastly, focusing on four
American cities to study urban boundaries imposes certain limitations on both the sample size and
geographic diversity of the sample. Future study can address sampling issues by expanding the
scope of the study to more diverse geographies.
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Future studies can examine applying our methods to a variety of different fields of research such
as hospitality and tourism, community planning, health and nutrition, marketing, cultural studies,
and other fields where characterizing the culture of a region can play a pivotal role. Our study puts
forth a new method to understand the increasingly complex social dynamics of American cities
and gives new directions to future research to further investigate urban boundaries using different
datasets and statistical methods.
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APPENDIX A: LIST OF FEATURES SELECTED FROM YELP REVIEWS
Table A1. List of 45 Features Used as Seed to Word2Vec Model.
Category

List of Features

Food

chicken, pizza, ketchup, cheese, salad, hot dog, burger, bacon, burrito, mushroom, fish, wings,
strawberry

Drink

coffee, tea, beer, soda, water, wine, cocktail, alcohol, smoothie

Food
adjectives

Mexican, Italian, Chinese, sweet, fried, spicy, vegetarian, greasy, homemade, juicy, organic,
stuffed, crispy

Ambiance

cozy, hipster, trendy, classy, modern, homey, intimate, romantic, upscale, divey
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APPENDIX B: LIST OF NEWLY GENERATE FEATURES
Table A2. List of Features Generated by Aggregation.
New Feature
steak_types
meat_types
sweets_types
fast_food

List of Combined Features
meatloaf, Barclay, flank, wagyu, kalbi, tenderloin, striploin, bavette, rib, brisket, mignon,
steak, ribeye
chicken, meat, beef, pork, lamb, veal, duck, turkey, steak
yogurt, gelato, pudding, cupcake, biscuit, pie, tiramisu, crepe, custard, tart, sorbet, Nutella,
cheesecake, cream, cannoli, muffin, donut, cookie, cake, shake
pizza, hot fog, sandwich, burger, chips, pepperoni, max, finger, cheeseburger, cheesesteak,
calzone, meatball, hoagie, poutine, blt, Rueben, wing
turnip, lettuce, celery, seaweed, parsley, scallion, eggplant, broccoli, zucchini, kale, cilantro,

vegie_types

veggie, Caesar, cabbage, cucumber, basil, vegetable, mushroom, sprout, carrot, asparagus,
bean, onion, tomato, coleslaw, avocado, spinach, artichoke

breakfast_type bacon, sausage, egg, benedict, scramble, omelet, bagel, pancake, croissant, pretzel, syrup,
s
fruite_types

waffle, roast
pineapple, peach, strawberry, raspberry, blueberry, coconut, apple, mango, banana, orange

nut_types

walnut, pecan, peanut, almond

herb_types

oregano, thyme, fennel, sumac, paprika, garnish, herb, radish, chive, dill, arugula, mint

dressing_types ranch, ketchup, mayo, gravy, marinara, sriracha
coffee_types
soda_types

espresso, cappuccino, decaf, americano, mocha, latte
Pepsi, Fanta, spirit, coke, soda

softliq_types champagne, beer, wine, margarita, sangria, mimosa, cider
hardliq_types tequila, whiskey, vodka, martini, bourbon, shot
Thai, Chinese, Mexican, Italian, Asian, Indian, Japanese, Vietnamese, Hawaiian, Sicilian,
ethnic_food

Arabic, Middle Eastern, Korean, Taiwanese, Persian, Greek, Lebanese, Portuguese, Ethiopian,
Spanish

latin_types
Italian_types
Asian_types

salsa, burrito, quesadilla, taco, carnitas, tamale, guacamole, tapa, enchilada, tortilla, fajita,
carne, jalapeno, nacho, ceviche, empanada
pastrami, panini, lasagna, bruschetta, pasta, prosciutto, Stromboli, vermicelli, risotto,
spaghetti, pesto, chorizo, gnocchi
fusion, sesame, wonton, spring roll, omakase, sushi, aman, tofu, kimchi, nigiri, sashimi,
mushi, noodle, teriyaki

Mideast_types shawarma, flatbread, pita, naan, hummus, falafel
pos_ambience

cozy, homey, classy, trendy, artsy, urbane, posh, swanky, upscale, festive, romantic, eclectic,
elegant, chic, stylish

neg_ambience casual, divey, kitschy, masculine
style_stypes

hipster, hippie, bohemian, rustic, modern, minimalistic, contemporary, retro, deco, quaint

material_types wooden, hardwood, marble, concrete, mosaic, metal, steel, brick
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