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ABSTRACT OF THE THESIS
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DIVERSITY VIA SOCIAL MEDIA IMAGES

By SAKET HEGDE

Thesis Director:

Dr. Vivek K Singh

In this study, we explore a novel approach to measure fine-grained (photo-level) diversity
using Instagram. We compare and contrast these new measures of diversity with traditional
metrics (i.e. census). We discuss the merits and shortcomings of supplementing traditional
census figures with these new measures. Further, we explore the predictive capacity that
this new metric has over socio economic outcomes, namely income inequality.

We find that using our fine-grained metric for measuring diversity in interactions pro-
duces very different results compared to traditional census measures. We also determine
that diversity (specifically photo based entropy in age and race) are associated with income
inequality and the combined model is significantly (though weakly) predictive of inequality.
Neighborhoods that have high scores in racial diversity seem to have a correlation with
lower inequality, while neighborhoods that have high scores in age diversity seem to have
a correlation with higher inequality. We discuss the possible implications of this work on

research in sociology and associated areas and suggest further work based on these findings.
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Chapter 1

INTRODUCTION

Diversity is an important socio-economic construct that has associations with multiple as-
pects of human life including commerce, innovation, wellbeing, criminal justice, civic re-
sponsibilities and health among others [30][31][32][33][34][35][36][37][41][105]. Traditionally
diversity has been defined as a function of the number of people of different age, gender,
ethnicity etc. living in the same neighborhood as observed through long-term data e.g.
census [1][122]. However, there exist multiple nuances in the notion of diversity, some of
which remain hidden if we work with coarse, long-term, residential measures of diversity.
For example, zooming further into the location aspect, it has been reported that the areas
which appear to be most diverse at city scale are often also the most segregated, when
observed at a neighborhood scale [2].

Census data (such as from the American Community Survey [6]) provide an important
public service by collecting and preserving demographics data going back for decades[4][7].
Despite its inherent value, census based data collection and analysis has several shortcom-
ings including being (comparatively) expensive, time consuming and invasive. In much
previous work, it has also been argued that studying informal interactions is important, but
it was hard to study them all along [124].

There is hence much motivation to complement traditional census metrics with a novel
methodology that leverages the increasing amount of information that is available from new
sources of data such as social networks.

We propose to develop a more spatio-temporally fine grained diversity score for different
locations using social media (Instagram images [10]). We focus on neighborhoods in New
York City and quantify the mixing between people based on individual photos from each

neighborhood. Specifically, we focus on photos that have multiple people interacting (two



or more faces), and we employ automatic methods for race, age, and gender estimation from
such photos. Based on the facial analytics from individual photos we calculate measures of
diversity for each neighborhood

Using this more fine-grained representative data, we aim to enrich the interpretation of
diversity further in two ways:

1) Diversity varies over time: We posit that diversity changes not just over years and months
but also over days, hours, and minutes and real-time social media data provides a unique
opportunity to quantify diversity as an evolving property across space and time.

2) Diversity via relationships, not residence: It is often reported that different sections
of society living in the same zip code, street or even the same building, never talk to each
other [38][39] and block level segregation is often not indicative of these pervasive social
barriers. Thus, we want to identify a method that quantifies the interconnections and
communications between people rather than just their residential addresses.

Since the last decade, researchers increasingly turned to social media analysis to comple-
ment traditional survey methods in areas such as public health[80], politics [81], and most
recently, in marketing [82]. The growing popularity of social media, particularly photo shar-
ing communities, presents a huge compendium of data that motivates a different approach
to studying diversity. As of June 2016, Instagram has over 500 million users globally of
which 300 million use the app every day [55]. Also, as of September 2015, it was reported
that over 80 million photos are shared daily on Instagram [56]. This large user base, coupled
with a massive amount of data that is easily accessed via Instagram's public API [57] has
presented a unique opportunity for researchers seeking to urban studies [123], demographics
(of selfie takers) [59] and visualizations of cityscapes [58] [60].

Instagram presents a unique facet for studying diversity due to the assumed level of
interconnection between individuals in group photos. We elaborate more on the reason-
ing behind using this platform (especially in terms of relationships) and the demographic
represented by the users of this application in the Literature review section.

Keeping in mind the aim of enhancing the interpretation of diversity and with the grow-
ing popularity and utility of social media for research in neighboring disciplines, we develop

our first research question:



RQ1: Can social media be used to study diversity at a fine grained resolution?

We assume that people sharing the same “frame” in a single photo have some kind of
interconnection among themselves. Previous work has shown that photos are important in
social relationships [62]. The content of photos shows who is part of a group and telling
stories about photos helps nurture relationships [63]. In the section on methodology, we
elaborate on what exactly constitutes a neighborhood and also why we selected New York
City for this study including the unique opportunities and challenges this presents.

Building such a diversity index and tracking it over time may yield two benefits: 1)
From an epistemological perspective, these fine-grained real-time diversity scores might
reveal certain phenomena in their own right. For example, how does the notion of diversity
change when measured over short and long-term durations? Or what do daily or weekly
cycles in such a diversity measure indicate? 2) From a socio-economic impact perspective,
such a diversity index may also yield predictive power on socio-economic outcomes including
levels of innovation, economic activity, crime, civic engagement, and happiness levels.

This leads to our second and third research questions:

RQ2: Does the metric of diversity derived from fine grained (photo-level/personal space)
interactions differ from traditional measures of diversity at higher granularity in densely
populated urban environments?

RQ3: Does studying diversity using fine grained interactions in social media photos yield
a different predictive capacity over socio economic outcomes (as compared to traditional
measures of diversity)?

One of the major issues to emerge in the current presidential primary season is income
inequality, This is unsurprising, given the lack of income growth for households in the
middle and lower parts of the distribution since 1970 [3][18]. Due to this, we concentrate
on New York city neighborhoods and measure inequality for each of these areas in terms
of mean versus median income by using data from the American Community Survey. We
also measure the diversity in fine grained interactions in these neighborhoods and employ
statistical methods to see if there is any association between diversity and income inequality

at the neighborhood level. There is very little work on studying diversity via social media at



the very fine level (personal space) of geospatial granularity (the foursquare locations study
being a welcome exception [17]) and very little in terms of correlation to socioeconomic
outcomes [58].

The rest of this document is organized as follows. In Section II, we first discuss related
work in demographics studies that harness social media platforms and data. We elaborate
on diversity and inequality as well as their relationship and the context that New York City
provides in this respect with a literature review. In Section III, we examine the methodology
we have employed along with the steps to mitigate some of the biases. Finally in Section IV,
we discuss our results and significant findings along with a discussion on threats to validity

and suggestions for a future exploration of similar work.



Chapter 2

LITERATURE REVIEW AND RELATED WORK

2.1 Social Media's role in Studying Diversity

Social media represents a rich repository of information and the theme of analyzing social
media data to identify interesting patterns in urban environments has been around for some
time. In 2013, Adnan et al. at the University College London used Twitter's API to examine
a million geotagged tweets in London and produced a map of the city's ethnic groupings [15].
Using Twitter usernames and the Onomap methodology developed by Mateos et al. [84]
they exploit the distinctive naming practices in different societal groups for classification.

Indeed, “diversity” as a construct varies not only geospatially but also based on the
size of the grain metric. Caetano et al. [17] finds that while neighborhoods may seem
diverse, people sort by age and by gender across venues that are very close to each other
[17]. This shows that social interactions are more complex and that diversity in venues
does not necessarily ensure diversity in participation at the venue level. This study is
particularly relevant because the findings were fairly consistent across samples from dense,
older cities such as New York to sprawling, younger cities such as Dallas. Similar work
[85] has found that the concept of homophily also extends to personality and association in
social networking contexts. Both these studies exploit the Location Based Social Network
(LBSN) called Foursquare [86]. Researchers have also used Twitter to study multicultural
diversity via language detection in Milan [16].

These studies highlight that social media can provide a rich dataset, conveniently pro-
vided via an API to make reasonably accurate demographic predictions at a neighborhood
level in an ethnically diverse city. We hence consider our work to be a further exploration

of these ideas.



2.2 Diversity as a Socio-Economic Construct

An interconnection between diversity scores and socio-economic variables has been stud-
ied in the past [87][88][89][90][91]. For example, [87] has argued for the economic value
of cultural diversity and [89] has connected immigration and the associated diversity with
economic prosperity. However, these works focused on city or neighborhood level residential
statistics rather than the interconnections between people. Trying to measure interactions
among people, [92] has reported that cities in the UK that had higher diversity in terms of
connections with other cities, as measured via phone-calls placed to other cities, had higher
levels of economic development. Looking at equity markets, [94] found that diversity can
thwart prominent failures like price bubbles that may arise out of a tendency for confor-
mity. Lastly, it has been found that crime patterns in London can be predicted reasonably
accurately by quantifying the changes in diversity scores across day and night [93].

Given the importance of the topic, there is also a growing interest in plotting and
visualizing such diversity data. For example, both LA Times and ESRI have released visu-
alizations of such neighborhood level diversity indices in the recent past [95][96]. However,
the authors have again focused on residential statistics, rather than the mixing of people in

terms of talking to each other or sharing the same photo frame.

2.3 Income Inequality in the Context of New York City

New York City presents a unique urban setting to study economic inequality. A study from
the Brookings Institution [53] finds that inequality is particularly high in economically
vibrant cities (like New York and San Francisco) than in less dynamic ones like Columbus,
Ohio and Wichita, Kansas. Low-inequality cities, the study found, tend to be large, “spread-
out” cities located in the South and Midwest. This suggests that among other factors, New
York's size, and affluence may affect income inequality in the area. Census data covering
the year 2013 [6] for example shows that the top 5 percent of households earned $864,394,
or 88 times as much as the poorest 20 percent in Manhattan, the largest wealth gap in
the US. A Harvard study [25] however, finds that despite this, New Yorkers have a high

chance of upward mobility in income levels. This is often because public housing residents



in neighborhoods with high and increasing income have better social outcomes [54]. Despite
this, few New Yorkers speak to their neighbors [14] and we were interested to see what we
would learn by studying the diversity in interactions within neighborhoods in the city, where

the rich and poor often live within blocks of each other [117].

2.4 Instagram and the Demographic that it represents

A recent study of “The Demographics of Social Media Users” by Pew Internet Research
[75] found that 72% of online American adults use Facebook, 31% use Pinterest, 28% use
Instagram and about a quarter use LinkedIn and Twitter. Social media usage is skewed
towards women for all of the aforementioned platforms, except for LinkedIn, where it is
almost equal and Twitter, where men form a greater majority. The same study found that
Instagram is extremely popular with non-whites and young adults: 55% of online adults
aged 18 to 29 use Instagram, as do 47% of African Americans and 38% of Hispanics. One
can eagsily confirm that these demographics as well as the demographic represented by users
of other social media do not correlate well with New York City demographics [74]. Indeed,
many studies have found that social media users do not form a representative sample of the
population (for example by over-representing minorities and urban population) [76]. Some
researchers have attempted to adjust for this bias [77][78]. Instagram has the same biases in
user demographics inherent in other social media. Several instagram photos contain facial
images of users without Instagram accounts. Since we include these in our analyses, we do
end up adding at least a portion of individuals who do not use Instagram.

Although liking, commenting and sharing these photos represent interactions in the so-
cial media world, the true data in this study is the faces of real people in the real world. The
unique facet presented by this is the assumed level of interconnection between individuals
in group photos. Research has shown that photos are important in social relationships [62].
The content of photos shows who is part of a group and telling stories about photos helps

nurture relationships [63].



Chapter 3

METHODOLOGY

In this section, we describe the collection of our dataset, the filtering procedures we employ
to reduce biases and how we build diversity and inequality measures for each neighborhood.

We also detail what constitutes a “neighborhood” in the context of this work.

3.1 Sampling and Filtering of Data

We sampled content from Instagram (photos and associated metadata) over a 14 day period
in April 2016 in the New York City area (see Fig. 1). We used Instagram's public API to
gather these photos and employed random location-based sampling. The method commonly
employed is to select a location at random within a latitude-longitude range encompassed
by the city. The most recent photos in the immediate vicinity are then sampled and this
process is repeated several times over. At the end of the sampling period, we had a corpus
of about 34,382 unique photos. After filtering out tourists and visitors, we determined that
8,067 images or about 23 percent of these images were facial images. About 3,688 images
or about 9.32 percent of all images had multiple faces with an average of about 3.5 faces
per image.

Previous studies of large Instagram samples in large urban areas have shown that ap-
proximately one-fifth of photos contain faces while less than 5% of photos contain selfies
[59]. Our statistics seem to concur with these findings.

Along with the photos gathered from the API, we also collected metadata for each photo

such as location and timestamp information.
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3.1.1 Tourists and Visitors

In 2015, New York City received over 55 million tourists and this number has been growing
every year[98][99]. In order to capture demographics only for New Yorkers, it is necessary
to minimize biases introduced by tourists and visitors who also upload photos from within
the city. The discovery and visualization of “tourist” photos has been studied in the past
[97] and we employ a similar technique. We use a simple methodology by examining the
media of user accounts that posted photos included in our sample set. If over 50% of recent
user media (taken within one month before the sampled photo) was posted from outside
New York City, then we label the user and all his/her photos as tourist/visitor photos and

discard them from our analysis.

3.2 New York City Neighborhoods

It is known that social media activity, at least in terms of production of information is
unequal in New York City [58]. In order to control for the unequal distribution of photos
across New York, we sample over a two week period and only consider sample areas with
at least 30 faces. We therefore had to select a level of spatial granularity that ensured
that each region had a sufficient sample size of faces, while also attempting to include as
many regions in New York City as possible. By setting a threshold that each region must
contain at least 30 faces, we found that characterizing New York City neighborhoods by Zip
Code Tabulation Areas [26] fits our requirements for an appropriate spatial metric. These
are generalized areal representations of United States Postal Service (USPS) ZIP Code
service areas. We also select this level of granularity since ACS figures on demographics
and income are easily available. The tradeoff ensures a statistically significant sample size
while ensuring that most of the area of New York City is covered. As can be seen from the
sample map in Fig 1, areas in lower Manhattan have a disproportionately higher number of
photos while Upper Manhattan and other boroughs have a more sparse distribution. It is
worth mentioning that this variation in social media activity or “social media-divide” has
been interpreted by some to be indicative of the transcendence of social inequality and the

digital divide [58]. The median number of faces sampled from each neighborhood is 114,
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with a range of 30 to 657 (after excluding those ZCTA's with a lower number of detected
faces in photos). Despite this, we are able to include some 79 ZCTA's in our analysis. As
seen in the heat maps of figures 2 to 4, we have succeeded in covering most of New York

City by using the aforementioned characterizations and thresholds.

3.3 Income Inequality

There are several ways to measure income inequality such as the Gini coefficient (arguably
the most commonly used measure) [120] [44] or the ratio of mean household incomes in
the top and bottom quintiles [43]. Gini coefficients at low granularity and particularly in
New York, may not be a representative measure of inequality. Since it takes a substantial
change in incomes to generate small changes in the Gini coefficient, this measure can hide
large differences in relative incomes, particularly at smaller levels of spatial granularity [43].
New York City also provides housing for low income residents via housing lotteries [51]
and affordable housing [52]. This often places low income residents in otherwise affluent
neighborhoods which results in higher Gini coefficients that may not accurately represent
inequality in those areas.

In our analysis, we choose to utilize the ratio of mean to median income. In the United
States mean incomes have been consistently rising since the worst of the Great Recession,
while median income has been falling, indicating the accrual of a greater share of income
to those at the top of the income distribution [121]. Moreover, long term trends in income
inequality (in America) show a clear divergence in these two metrics of prosperity for at
least the last three decades [42]. Determining the ratio of mean to median incomes therefore
provides a simple measure of the skewness in the distribution [44], has long been used in

literature [45][46] and is less sensitive to underreporting of income at the top of distributions.

3.4 Face Detection and Analysis

Face detection refers to the computer vision technique of determining the presence and
segmenting human faces in a provided photo. Typically facial features are detected while

background “clutter” is ignored. Facial analysis builds on detection, using the rich set of
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features provided to deduce age, gender, race, pose, emotions, etc.

The past few years have seen an explosion in facial recognition research by several re-
search groups in areas ranging from biometric authentication to interactive learning through
video and gesture recognition [67][68][69][70][73].

We determine the demographics of individual photos using facial analysis from the pub-
licly available face detection API Face++ [13]. The Face++ APT has already been validated
for accuracy in predicting age and gender in social media photos both on Twitter [12] and
Instagram [11]. However since the accuracy for race classification using this API has not
been validated in prior work, we validate the software on a prelabeled database of images
as described later in this section. Face++ provides an API that accepts the URL of an
Instagram image and returns information about detected faces. This information includes
the position of the face in the image, as well as the detected gender and age range of all

faces. Recall that, we filter for only those images with multiple (i.e. 2 or more faces).

3.5 Data

For each photo, we calculate the values of the variables provided by the Face++'s API (we
use a methodology quite similar to [11]). For gender data, we maintain two counts, one of
the number of female faces detected and another of the number of male faces detected in
an image. To reduce dimensionality for age, we categorize faces in an image into various
age ranges. The three age ranges we consider in this paper are (1) children and teens-
younger than 18, (2) young adults- faces with age between 18 and 35, and (3) older adults-
older than 35. Finally, for race, we consider the three major racial groups in New York
City-White, Black and Asian (this is based on ACS Demographics and Housing Estimates
2010-2014 American Community Survey 5-Year Estimates [74]). We maintain counts for
the number of White, Black and Asian faces detected in each photo.

A formal description of all the variables recorded for individual photos is provided below-

Number of faces: For each Instagram photo, we count the number of faces detected

by the API. This is a whole number that is greater than or equal to 2.
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Variables for age, gender and race are calculated as follows:

Number of Male Faces: Count of the number of Male faces detected by the APIL. It
can be any whole number between 0 and the number of faces.

Number of Female Faces: Count of the number of Female faces detected by the API. It
can be any whole number between 0 and the number of faces.

Number of Faces <18 years old: Count of the number of faces in the photo below 18
years of age as identified by the API

Number of Faces >18 and <35 years old: Count of the number of faces in the photo
identified to be between 18 and 35 years of age

Number of Faces >35 years old: Count of the number of faces in the photo that are
identified to be older than 35 years by the API

Number of White Faces: Count of the number of White faces in the photo as identified
by the API

Number of Black Faces: Count of the number of Black faces in the photo detected by
the API

Number of Asian Faces: Count of the number of Asian faces in the photo as identified

by the API

3.6 Developing a Neighborhood measure of Diversity

Based on the values of the aforementioned variables (calculated for each photo), we develop a
measure of diversity for age, gender and race. This is then calculated for each neighborhood
(i.e. ZCTA as defined earlier). A popular method, frequently cited in studies of diversity
in the United States and at varying levels of granularity[100][101][102][103][105] is Shannon
Entropy also known as Shannon's Diversity Index. The measure was originally proposed by
Claude Shannon to quantify the entropy (uncertainty or information content) in strings of

text [104].

It is calculated as follows:
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R
- sz'lnpi (3.1)
i=1

where pi is the proportion of characters belonging to the ith type of letter in the string of
interest. In ecology, pi is often the proportion of individuals belonging to the ith species in
the dataset of interest. Then the Shannon entropy quantifies the uncertainty in predicting
the species identity of an individual that is taken at random from the dataset. To begin

with, we first calculate three measures of Shannon Entropy for each individual image-

SEage- As a measure of age diversity for the photo, with 3 values of i representing the
3 age groups defined above.

SEgender- As a measure of gender diversity for the photo, with 2 values of i representing
male or female gender.

SErace- As a measure of race diversity for the photo, with the 3 values of i representing
New York's 3 major racial groups as described above.

For each neighborhood we then determine the median value among the photos for each
of the above 3 variables as SEageMedian, SEgenderMedian and SEraceMedian. These
then serve as our measure of diversity in terms of age, gender and race respectively, for that
neighborhood. Figures 2 to 4 display the spatial distribution of these values by neighborhood
using a heat map. All maps were made using CartoDB [71].

For the benefit of comparison, we also calculate measures of neighborhood level diversity
using Census figures [74]. We do so by using ACS measurements on race, gender and age
to calculate similar Shannon Entropy figures from census. The 3 variables we calculate for
each neighborhood are SEageCensus, SEgenderCensus and SEraceCensus, also computed
as defined in equation (1).

In the section on results, we discuss whether these new measures allow us to model
diversity as a socio-economic construct and the kind of correlations that are gleaned by
looking at income inequality in relation to both of the diversity metrics that we calculate.
We develop a measure of dependence between diversity measures and income inequality by

using multiple linear regression.
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3.7 Validation of Race Classification

As mentioned earlier, despite being validated for high accuracy in age and gender classifi-
cation, the Face++ API has not been validated for race classification. In order to do so, we
use the prelabeled MORPH database [106]. It contains 55,000 unique images of more than
13,000 subjects along with labels for race. This database has been used in previous studies
to validate race classification for a project that used facial analysis of social media images
[12]. Using a corpus of 1,154 (500 Black, 500 White and all 154 available Asian) randomly
selected images, we validate race classification for New York's three major racial groups
with a mean average precision (MAP) of 92.98%. This is comparable to the classification

accuracy for race reported in other recent work that uses social media [12].
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Chapter 4

RESULTS

4.1 Comparing Census and Social Media based Measures of Diversity

We find that measuring diversity based on fine grained social media interactions results in
a very different portrait of the city. Due to reasons mentioned earlier, such as the perceived
level of interaction in photos, this measure of diversity is quite different from traditional

census measurements.

ZCTA | SEageMedian | SEraceMedian | SEgenderMedian | SEageCensus | SEraceCensus | SEgenderCensus
10012 | 0.636 0.5 0.562 0.94 0.55 0.69

10017 | 0.693 0.693 0.28 0.88 0.657 0.688

10280 | 0.318 0.318 0 0.99 0.571 0.69

10475 | 0.636 0.379 0.636 0.583 0.898 0.689

10805 | 0.655 0 0.661 0.993 0.663 0.692

Table 1: Census and Photo Based Entropy for a sample of New York neighborhoods
(ZCTA's)

As seen in Table 1, it is no surprise that Diversity as measured by census and photo
entropy provides very different statistics. In some cases, the difference is as high as 100%
due to zero entropy in the level of interaction at the photo level (for sampled photos) for
that neighborhood. In general, photo based entropy is almost always lower than census
based entropy for all three measures. The lack of photo based entropy can be explained by
the phenomenon of homophily seen at lower levels of spatial granularity as also noted by
[17]. We have also elucidated on other reasons for this expected outcome in earlier sections.

These results corroborate earlier efforts that have also reported that different sections
of society living in the same zip code, street or even the same building, never talk to each
other [38][39] and block level segregation is often not indicative of these pervasive social

barriers.
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4.2 Effect of different measures of Diversity on Income Inequality

We employ statistical methods, namely multilinear regression to determine the association
between the two measures of diversity (i.e. photo based entropy and census based entropy)
and income inequality.

Using multiple linear regression, we ran calculations for ANOVA (Analysis of Variance)
to form a basis for tests of significance. Using the three photo based metrics of diversity
as predictors, we find that a combined model is significantly (though weakly) predictive of
inequality. We find that adjusted R square =0.116 or that 11.6% of the variation in income
inequality is explained by this model with a significance value of 0.005 indicating at least
one of the constituent predictors is significant in the association.

Digging deeper, we find that for SEageMedian there is a beta value of 0.301 and signif-
icance value of 0.005. For SEraceMedian, there is a beta value of -0.272 and significance
value of 0.011. While for SEgenderMedian, the association with income inequality is neither
strong nor significant.

Upon building a census based entropy model, we find that all three predictors yield a
model that is not significantly predictive of inequality. Not surprisingly, individual features
are also not predictive. Hence, looking at census data alone, one might assume there is
no correlation between diversity in urban neighborhoods and income inequality, but the
fact that we see a significant correlation between the diversity in fine grained interactions
and income inequality motivates the utility of social media to study diversity along with
associated socio-economic outcomes.

The predictive capacity of both photo based diversity metrics as well as census based

metrics is summarized below.

Diversity Measure | Beta (Photo Based Entropy) | Sig Value (Photo Based Entropy) | Beta (Census Based Entropy) | Sig Value (Census Based Entropy)
SEageMedian 0.301 0.005 0.001 0.996
SEraceMedian -0.272 0.011 -0.149 0.161
SEgenderMedian | 0.007 0.948 -0.160 0.269

Table 2: Diversity Measures as Predictors of Inequality (Photo Based Entropy and Census
Based Entropy)

The major finding of this work is that measuring diversity through fine grained (photo-

level interactions) is justified and can be used to augment traditional measures of diversity
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such as census based surveys. We also find that while traditional diversity metrics may not
be indicative of certain socio-economic trends at low spatial granularity, studying diversity
through interactions on social media has the potential to yield associations with income
inequality at the neighborhood level. This encourages a more in-depth exploration of such

a methodology both for studying diversity as well as to gain a better understanding of

phenomena of social interest.
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Chapter 5

Discussion

In this study we attempt to explore a new methodology to determine diversity measures
using fine grained interactions in a diverse, densely populated urban environment. We
employ the canvas of social media to study diversity as a socio-economic construct. Our
first research question asks if we can use social media to study diversity at a fine grained
resolution. To answer this, we use the Instagram platform to gather photos from the New
York City area. We then use facial analytics to label faces for age, gender and race in
individual geotagged photos. Further, we use these labels to develop diversity scores for
neighborhoods (based on where photos were uploaded) in New York while minimizing the
effect of tourists and visitors on these scores. We find that our novel methodology allows us
to develop diversity scores that are quite different from traditional measures. We discuss
why this is likely to happen.

Our second research question concerns the the new metric of diversity studied using
photo level interactions and a comparison with traditional census figures. We find that
our new methodology is a simple, cheap and faster method for determining diversity in
interactions in neighborhoods in New York City, although it is not without inherent biases.
For example, it is circumscribed by the Instagram user base and may be slightly skewed
due to tourists and visitors. We do attempt to mitigate some of these effects, for example,
by filtering out tourist and visitor images.

Finally, we ask if this new method of measuring diversity in fine grained interactions
yields a different predictive capacity over socio economic outcomes as compared to tradi-
tional measures of diversity. We find some significant correlations though we must concede
that they they are able to explain relatively modest levels of variation in the variable of

interest.
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We find that racial diversity (measured using our new metric) is associated but negatively
correlated with income inequality. Areas with higher racial mixing appear to have lower
income inequality. With age diversity (as measured in photo based entropy), the effect is
opposite with a positive association between age diversity and income inequality.

We attempt to explain these phenomena (without justifying a causal effect) in our
discussion.

These correlations disappear when considering Census based measures of diversity. A
census-based entropy model (with all three features combined) yields a model that is not
significantly predictive of inequality. Unsurprisingly, considering individual features leads
to the same outcome.

We also find that gender diversity whether measured via census or photo based entropy
is not indicative of income inequality.

Racial Diversity in photos is negatively correlated with Inequality(sub under discussion)
(done till end of this section except blue) One of the findings in this study is the association
between racial diversity in Instagram photos and reduced inequality in the neighborhoods
that these photos were uploaded from. At the neighborhood level, racial diversity as mea-
sured by traditional census data was not found to be associated with inequality. However
using the newer method, we found a significant and negative correlation between racial
diversity and income inequality. The Census Bureau itself has studied how income inequal-
ity varies spatially over the United States, but at spatial resolution that is much higher
than our metric [116]. To the best of our knowledge, the relationship between fine-grained
(personal space) level interactions between persons from different racial groups and income
inequality has never been studied, particularly because it is difficult to quantify the former.

One possible explanation for our findings stems from the idea of societal integration.
The causes for racial and economic inequalities are in the United States are by now well
understood. Persistent segregation by race and income aggravates racial and income in-
equalities by disinvestment in neighborhoods with low income residents and a lack of access
to good quality housing and schooling [108][107][109]. In US metro areas in particular, this
problem has been worsening with (income-based) residential segregation worsening even at

the census tract level [114]. Integration has the potential to reduce such inequalities by
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providing residents access to similar resources and amenities and by offering opportunities
to interact [113][107]. There is therefore a desire to promote racial and economic integra-
tion to prevent the adverse consequences of segregation [107]. As discussed earlier, we know
that census figures, even at the block level and especially in New York City, are often not
indicative of the true level of integration in a community. However, since our metric of
?diversity? involves measuring the racial mixing in fine grained (photo level interactions),
it is probably more indicative of the actual level of integration that occurs in New York
City neighborhoods.

Age Diversity in photos and Inequality (sub under discussion) A particularly surprising
finding is the association between age diversity in photos and higher income inequality.
While this appears to be counterintuitive in the first instance, a possible interpretation is
as follows.

In 2007 it was reported that the borough of Manhattan is experiencing a ”baby boom”
that is unique among U.S. cities [118]. Since 2000, the number of children under age
5 living in Manhattan has grown by more than 32% with the sharpest increase seen in
affluent white families with median household incomes over $300,000 [118]. More recent
data has also shown similar trends suggesting that birth rates are higher among the more
affluent, particularly in Manhattan [119]. Although inequality is a city wide occurrence in
New York, the issue is magnified in Manhattan, to the extent that it has the highest income
gap among any large county in the United States [72]. It is possible that our results are the
reflection of the presence of family photos in affluent but unequal areas in Manhattan. A

future expansion of this study over larger areas may shed more light on this phenomenon.

5.1 Threats to Validity

One of the goals of this project is to define a simple and more robust methodology for
measuring diversity. However, despite being cheaper and more real-time, social media
studies such as ours are not without flaws. Arnaboldi, Michela et al.[16] note that the
correspondence between figures from Twitter and census data (such as the percentage of

residents from a certain ethnicity) is often infrequent and shallow primarily because the two
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sources describe very different phenomena (residents versus social media authors including
tourists and visitors). To account for this, we have already discussed the issue of tourists and
visitors in the methodology section, elaborating on how we minimized the skew introduced
by their presence in photos. The highly biased nature of the Instagram population is
something we have acknowledged in the section on Literature Review and as in other,
similar studies [16], we cannot completely discount its effects. Adoption rates of Instagram,
the consideration of only public, geotagged photos are some other factors that similar studies
have conceded as shortcomings [16] and that we would do well to concede as well. It can
also be plainly seen that the location in a geotagged photo may not necessarily represent the
neighborhood that the individuals in the photo are resident in. With these deficiencies in
mind, we present our methodology as a way of augmenting (rather than replacing) research
that uses census data. At the same time, this is the first attempt to leverage social media
to not explore diversity but also understand associated social phenomenon. In future work,
we can refine our methodology, collect more photos and apply this work to a larger swathe

thus yielding varied results.

5.2 Future Work

The exploratory nature of this work entails that we do not argue for a causal effect in the
relationship between income inequality and diversity in interactions in social media photos.
However, we do consider these associations worthy of exploration in further studies. For
example, gentrification is one aspect of the modern city that may be better understood by
undertaking such an approach.

Rapid gentrification is radically changing the face of many neighborhoods in the nation.
Nowhere is this as apparent as New York City. The NYU Furman Center recently released
a special report on gentrification as part of their annual report on New York City?s Housing
and Neighborhoods [8] identifying “gentrifying” neighborhoods as areas characterized by low
income residents in 1990 but with higher than usual rent increases in the last 20 years. While
census data provides yearly estimates of demographics, monthly statistics (supplemented
by data on rent and income increases [9]) can help identify areas where sharp inequality is

prevalent and displacement is likely to be occurring or may occur in the future.
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The use of social media to augment traditional census studies may thus be complemen-
tary and we hope our results motivate the use of the proposed methodology for studying
similar questions pertaining to social mobility, racial inequality and segregation. Answering
these questions will be of great value to anthropologists, urban planners, policy makers
and sociologists. Further, although we compare our methodology with traditional diversity
scores, a more in-depth exploration of how the notion of diversity changes in neighborhoods

over time is another interesting path on which we plan to undertake future work.
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