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ABSTRACT
Urban resources are allocated according to socio-economic
indicators, and rapid urbanization in developing countries
calls for updating those indicators in a timely fashion. The
prohibitive costs of census data collection make that very
difficult. To avoid allocating resources upon outdated indi-
cators, one could partly update or complement them using
digital data. It has been shown that it is possible to use
social media in developed countries (mainly UK and USA)
for such a purpose. Here we show that this is the case for
Brazil too. We analyze a random sample of a microblogging
service popular in that country and accurately predict both
economic capital and social capital of Brazilian cities. To
make these predictions, we exploit the sociological concept
of glocality, which says that economically successful cities
tend to be involved in interactions that are both local and
global at the same time. We indeed show that a city’s glo-
cality, measured with social media data, effectively signals
the city’s economic well-being.

1. INTRODUCTION
Developing countries are experiencing increasing rates of

urbanization. The 1.4 billion people living in the develop-
ing world’s cities are expected to increase by 96 percent by
2030, according to the report published by the World Bank
and International Monetary Fund this year1. Urbanization
will exacerbate the problem of inequality. To partly fix in-
equality, financial resources need to be invested, yet those
resources are scarce, and their allocation needs to be as tar-
geted as possible [9]. To do so, one needs to profile city areas
using socio-demographic factors.

In most developing countries, economic indicators at city
level are often outdated [23]. A way to solve this problem
is to estimate cities’ indicators from online data. Previ-
ous studies have shown that one could partly track socio-
economic indicators from digital data, and do so in a timely

1http://www.worldbank.org/
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fashion. Eagle et al. [13] analyzed a mobile phone calls net-
work in UK showing that user’s network diversity is associ-
ated with economical advantage. More recently, researchers
showed that the sentiment extracted from tweets is corre-
lated with the economic well-being of London neighbour-
hoods (r = .37) [36]. Yet, those studies have been con-
ducted only in developed countries such as USA and UK.

Cities in emerging markets, most of which are in develop-
ing countries, are overlooked. These cities are of increasing
interest since they will account for nearly 40 percent of the
global growth in the next 15 years [11]: the Boston Consult-
ing Group has classified as many as 34 Brazilian cities as
emerging markets [25]. We thus focus on Brazil, a fast grow-
ing developing country that has become the second biggest
market, outside US, for social media sites such as Twitter2.
We get hold of social media data from Yahoo Meme, a social
media platform extremely popular in Brazil, and examine
the relationship between socio-economic indicators and lev-
els of attention paid to content produced by the residents
of different cities, where attention is defined as the interest
raised by user-generated content (as reflected by reposting
content).

To conduct our analysis, we build upon the concept of
glocality [50, 51], the combination of global and local inter-
actions in which a city is involved. We propose indicators
to estimate the glocality of a city by studying interactions
between global and local users. In particular, we instanti-
ate the concept of interactions going beyond simple activity
measures by considering the attention received, collectively,
by a city’s residents on the platform (attention on individ-
ual posts is aggregated at the level of city). In so doing, we
make three main contributions:

• We propose a set of online attention metrics that act
as a proxy of the city glocality by quantifying the abil-
ity of its residents to interact globally while maintain-
ing strong local links. We correlate a city’s GDP per
capita with the attention received by their residents
and find that it is correlated with local attention and
global attention (Section 4).

• We test the hypothesis that people with access to higher
levels of social capital obtain more attention because
they have better access to economic growth opportu-
nities [28]. We compute a city’s prestige index, which

2http://thenextweb.com/twitter/2013/01/16/twitter-to-
open-office-in-brazil-its-second-biggest-market-after-the-us-
in-accounts/



Figure 1: Graph showing the geographical locations of worlwide users who paid or received attention (i.e.,
reposted content) to/from cities considered in this study. Edges with low weights are not shown.

is a measure of the mixture of people with different
occupations and has been previously used to measure
a city’s social capital. We build this index from census
data and find that it is positively correlated with one
of the attention indicators (Section 5).

• Finally, we put together the proposed online indicators
to predict the economic and social capital of cities. We
find that our models fit well the data and predict GDP
per capita with Adjusted R2 = 0.47 and social capital
with Adjusted R2 = 0.93 (Section 6).

2. DATASET
Yahoo Meme was a microblogging platform, similar to

Twitter, with the exception that users can post content of
any length or type (text, pictures, audio, video), being text
and pictures the more frequently posted content. In addi-
tion to posting, users could also follow other users, repost
others’ content, and comment on it. In this study, we use
a random sample of interactions on Yahoo Meme from its
birth in 2009 until the day it was discontinued in 2012 (Table
1). Despite its moderate popularity in USA, Yahoo Meme
was popular in Brazil, as witnessed by the fact that the top
45 cities in terms of number of interactions are all located
there. Reposting was the main activity in the service (22M
sample records) compared to comments (4M). We extract
the users who posted the content in our sample and geo-
reference them based on their IP addresses using a Yahoo
service. We remove the users for whom we did not obtain
results at city level (e.g. users employing proxy servers to
connect to the Internet) obtaining 80K users. For this set
of users and their respective posts, we extract all the repost
cascades.
To attain geographic representability, we ascertain that the

number of users in the top Brazilian cities in our dataset is
significantly correlated with the number of Internet users
(Figure 2). As a result, we conduct a correlation analysis
with the set of 35 cities (without outliers) and we report
the results of the predictive analysis for the two sets: the 35
cities inside the confidence area and the complete sample of
45 cities (including outliers). We will see that such a num-
ber grants statistical significant results. That is because we
are left with 1.4M repost cascades whose original content

Property Value

Number of users 80K

Number of posts 13.1M

Number of reposts 22M

Number of comments 4M

Number of reposts cascades 1.4M

Number repost edges between cities 25K

Table 1: Yahoo Meme dataset statistics.

was produced in the 35 cities and was consumed across the
world (Figure 1).

3. GLOCAL: GLOBAL+LOCAL
Glocalization is a concept that refers to the combination

of local and global interactions as two sides of the same coin.
Barry Wellman used the term glocal to qualify communica-
tion patterns observed over interactions through the Internet
[50, 51]. Wellman states that the Internet influences the way
we interact with, or obtain resources from, other people, en-
abling changes in our ‘network capital’. Online interactions
enrich this network capital by strengthening local links and
providing access to global information and to distant circles:
people who use more the Internet both know better their
neighbours and have a higher number of distant ties [50].

Glocality not only characterizes people with a strong on-
line presence but also successful cities. Prosperous cities are
associated with rich local and global interactions: London,
for example, has been characterized as a city where the in-
terweaving of local and global is intense [12]. In our case,
interactions between people take place online and consist
of generating and reposting content: one user is publish-
ing content and another user is paying attention to it. We
use the ability of attracting attention to derive metrics that
characterize cities. In this section, we present the definition
of attention, justify attention as the base of our metrics,
and propose metrics for the global and local dimensions of
attention received by a city’s users.

From interactions to city-level attention. Attention is
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Figure 2: Number of users in our sample versus number of Internet users. Both quantities are log-transformed.

Figure 3: Attention graph whose nodes are cities
and whose weighted edges reflect the intensity of
reposting between cities’ users.

the currency used by members of social media platforms to
either reward the effort of producing new content or mani-
fest interest in what is published. Due to the ever increas-
ing volume of content and the cognitive/time limits of the
information consumers, attention has become a scarce and
valued resource. Thus, users who receive attention are those
who produce high-quality content and enjoy advantageous
positions in the social graph [24, 54].

Since attention is a scarce resource, content published in
social media attracts very different levels of it [3, 10, 17, 31,
32, 37, 49, 53]. Previous studies have shown that attention is
not fully captured by simple metrics such as activity (num-
ber of posts) or popularity (number of followers, PageRank
in the follower network) [3, 10, 49]. As a result, Romero et
al., for example, used the amount of retweets as part of their
Influence-Passivity measure [37]. In a similar way, we focus
on content transmission reflected by the act of reposting.
The choice of attention over activity will prove to be fruit-
ful: we will show that GDP indeed correlates with attention
metrics but not with activity ones (Section 4). To quantify

originator 

reposter reposter 

reposter of 
reposter 

Depth=2 

(a) (b) 

Figure 4: Tree-like repost cascade. On the left, there
is an example cascade, which is rooted at the content
originator and connects those who, in turn, repost
the content. On the right, a real repost cascade from
our dataset.

the attention received by users, two graphs are built:

Attention graph. The city attention graph is built using
reposts interactions. This is a weighted directed graph
where nodes are cities, and directed weighted edges
(i, j, w) represent the volume w of reposts between city
j where the reposter lives, and city i where the original
poster lives. In this graph, self-edges are allowed as
many reposts occur between users living in the same
city. The resulting attention graph has 1,310 nodes
and 25K weighted edges (Figure 3).

Cascade graph. A tree for each post is also built(Figure 4).
The tree’s root represents the original poster and its
edges connect those who have reposted that content at
different points in time. We analyze 1.4M trees with
average depth of 3.41.

These two graphs are used to quantify attention with met-
rics described next.

3.1 Global attention
Cities that enable global information flow are key actors

in the world economy [39]. Such cities are, for example, the
chosen place for the headquarters of international firms, or
the destination of mass tourism. These cities do not exist in
isolation [39], as they have strong connections to other cities.
In this section, we elaborate on the importance of world-class
cities to connect with each other and broker information.

Rest of the World. In his book titled “The triumph of



the city”, Glaesser showed that Brazil, China and India are
very likely to become far richer over the next fifty years [18],
and this wealth will be created by cities that are connected
to the rest of the world and not by those that are isolated.
Cities are connected to the rest of the world through the flow
of people (e.g., migration, tourism, business), goods (trade),
information (e.g., news) and knowledge (e.g., scientific col-
laboration). These types of flow foster economic growth in
different ways: transactions between immigrants and their
home towns, international markets for local products, cul-
tural exchange or improvement of business practices through
the transfer of scientific knowledge to local industries. To
paraphrase these intuitions in our context, we define our first
global attention metric for city i. This is called Rest of the
World’s attention paid to city i (ROWi) and is defined as
the number of reposts that city i has attracted from the rest
of the world or from other Brazilian cities, normalized with
respect to the total number ni of users in that city:

ROWi =
outi
ni

, ROW ′i =
out′i
ni

where outi is the number of times a post originated in city
i has been reposted outside it (the world excluding Brazil);
out′i, instead, counts the reposts received outside the city
but inside Brazil.

Brokerage. Cities that foster global flows not only have
good network connectivity but they may also connect other
cities with each other. Sao Paulo, for example, is a strategic
place for firms that want to join the Brazilian emerging mar-
ket. Short et al. have named these cities ‘gateways cities’.
Such places foster globalization while taking advantage of
their position for their own growth [42]. We quantify the
gateway capacity of a city with brokerage attention. This
captures the extent to which a city mediates the flow of in-
formation to other cities. One way of quantifying such a
tendency is to take the city attention graph G as defined
earlier (Figure 3), and compute centrality measures:

brokeragei = centrality(G, i)

where centrality is a function that returns one of these three
metrics : eigenvector centrality, betweenness centrality and
PageRank for the graph G and the city i.

Cascade. The last metric quantifies the ability of a city’s
users to produce content that spreads far away in the social
graph. We take all the posts originated in city i and, for
each post k of those, we build a cascade graph (described in
the previous Section) and compute the longest direct path in
it (max depthk). Depth of the diffusion tree of a post indi-
cates multiple levels of exchange and constitutes a signal of
successful information diffusion for that post [5]. Given the
skewness of the distributions, we use the geometric average
to aggregate the depth values at the level of city.

cascadei =

 ∏
k∈Pi

max depthk

1/|Pi|

where Pi is the set of posts whose producers live in city i.

3.2 Local attention
Successful cities not only offer their residents opportuni-

ties for global connections but also foster local connections

by, for example, having a variety of ‘third places’ (e.g., coffee
places, gyms) where people gather and enjoy the company
of neighbors or even strangers [26]. More generally, the in-
tervening opportunities hypothesis states that the number
of persons moving to a given distance is inversely propor-
tional to the number of intervening opportunities [45]. Thus,
places with dense population (such as cities) offer a consid-
erable number of intervening opportunities and thus encour-
age interactions at limited distance (local interactions). In
the context of attention given to online content, this theory
translates into saying that community members will devote
considerable attention to content produced close to the city
where they live, if that city offers considerable intervening
opportunities, that is, is socio-economically prosperous. To
quantify this intuition, given a post originated in city i, we
consider its producer and all the actors who expressed in-
terest in it (i.e., reposted it). We compute the average geo-
graphic distance between the producer and the consumers,
using the Haversine formula that accounts for the spherical
shape of the Earth [41], and define the geographical reach of
a post k as:

geo reachk =
1

|Rk|
∑
j∈Rk

dij

where Rk is the set of reposts of k and, for each repost, dkj
is the distance between city i (where post k was originated)
and city j (where the repost was generated). We compute
these values upon the complete traces of the reposting cas-
cade, avoiding any data bias. Then, we take all the posts
originated in the city i, and aggregate their geographical
reach values geo reachk using the geometric average. This
indicator is considered inversely: the lower the average dis-
tance, the more local the attention received.

locali =


 ∏

k∈Pi

geo reachk

1/|Pi|

−1

where Pi is the set of posts whose producer lives in i.
We also consider a simpler local metric defined as the num-
ber of reposts ini that the city i has attracted from its res-
idents, normalized with respect to the total number ni of
users in that city:

intra cityi =
ini

ni

4. ATTENTION AND GDP
Based on the literature (Section 3), we test the hypothesis

that GDP (wealth creation) positively correlates with the
following features of cities:

H1. Attention from ROW. We correlate GDP per capita
with global attention and find that it positively corre-
lates with ROW , the attention received from the rest
of the world (r = 0.42) and with ROW ′, the attention
received from other Brazilian cities (r = 0.38).

H2. Brokerage Attention. We correlate GDP per capita
with each of our three centrality measures, obtaining
r = 0.41 for eigenvector centrality, r = 0.39 for be-
tweenness centrality and r = 0.30 for Pagerank.

H3. Attention Cascades. We select the cascades with di-
ameter greater than 1 (i.e., successful propagations at



r = 0.56***

Figure 5: Local attention of a city vs. GDP per capita. In more prosperous cities, community members will
devote considerable attention to content produced locally (p-value < 0.001 is expressed with ***).

least two hops away) and correlate cascade attention
with the GDP per capita and obtain a correlation of
r = 0.41.

H4. Attention from local users. GDP per capita and at-
tention from residents (local) are expected to exhibit
a positive correlation: indeed they display a positive
correlation coefficient of r = 0.56. However, Figure 5
shows that Brasilia and Santos, for example, perform
way better than expected if one were to consider only
local attention suggesting that other processes explain
their success (e.g., Brasilia is the capital of Brazil and
Santos is a major port).

We also correlate GDP per capita with intra city and
find that they are positively correlated (r = 0.41).
Thus, the metric local captures better the extent to
which a city attracts attention from people in close lo-
cations. It is so because local reflects the geographical
span of the entire repost cascade whereas intra city is
limited to the reposts attracted inside the city. Thus,
we will use the metric local for the predictions in the
next section.

To account for skewness, all the attention metrics are log-
transformed before calculating the correlations with each of
the 35 cities’ GDP. The results obtained are statistically
significant, at least with p-value < 0.05.

Why attention and not simply activity. Previous stud-
ies have shown that simple activity metrics might not fully
capture the production of quality content, and that is why
we opted for metrics capturing attention. Indeed, if we were
to consider the simplest activity measure (i.e., number of
posts per capita in a city) and correlate it with the city’s
GDP, we would find no correlation at all (r = 0.061), exper-
imentally supporting our initial theoretical choice.

5. ATTENTION AND SOCIAL CAPITAL
The main idea behind social capital is that social net-

works have value. “Just as a screwdriver (physical capital)
or a university education (cultural capital or human capital)
can increase productivity (both individual and collective), so
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Figure 6: Correlations among the four attention
metrics. We observe that the ROW attention metric
is correlated both with cascade attention and broker-
age attention. Values are log-transformed.

do social contacts affect the productivity of individuals and
groups” 3.

There is no consensus on how to measure social capital.
Some researchers have measured it through the analysis of
participation in volunteerism [35], while others through ac-
cess to people who might offer diverse opportunities. In
this (latter) vein, the ‘position generator’ developed by the
American sociologist Nan Lin in 2001 [28] is often used4.
This measures the range of people’s social ties. Researchers
ask their participants whether they know anyone in 37 dif-
ferent occupations, and consider, for each individual, the
occupation with the highest prestige: this is the individual’s
highest accessed prestige. The prestige is measured with the
International Socio-Economic Index (ISEI), which scores an
occupation based on the level of education required for it and
the income it results into [16] (the ISEI score was calculated
considering the context of Brazil among other 16 countries).
The individual-level definition of accessed prestige was pre-
viously used at the level of city too [1]: one simply takes the
number of city’s residents in the different occupations from
census data (e.g., X residents being doctors in one city), mul-
tiplies each number with the corresponding occupation pres-

3http://en.wikipedia.org/wiki/Social_capital
4There are different definitions of this specific instantiation
of social capital, and Lin’s has been widely accepted together
with few others



r = 0.86***

Figure 7: Brokerage attention (Eigenvector centrality) vs. social capital (highest accessed prestige). Cities
with higher city prestige indexes do mediate information flow.

tige (e.g., the highest prestige score is indeed for doctors and
is 85), and considers the highest multiplication (85 ·X): this
is the city’s highest accessed prestige. We consider the 2010
data provided by the Brazilian census bureau5 and compute
the highest accessed prestige for each of our cities, which we
make publicly available 6. In a way similar to GDP, we test
the following hypothesis regarding social capital:

H5. City’s social capital positively correlates with ROW ,
cascade, brokerage and local attention metrics.

We find that a city’s social capital does not correlate with
the attention that its residents received, quantified with
ROW , cascade, local metrics (r is not statistically signif-
icant). By contrast, as the Figure 7 shows, we find that it
does correlate with the extent to which its residents medi-
ate the information flow among other cities (r for brokerage
is 0.86 using eigenvector centrality, 0.89 using betweenness,
and 0.89 using PageRank).

6. PREDICTING SOCIO ECONOMIC CAP-
ITALS

We separately model GDP per capita and social capital
as a linear combination of the attention metrics plus terms
to account for pairwise interactions between indicators (i.e.,
interaction effects). For example, for GDP per capita, we
have the model 1 that uses, as the predictors, the four at-
tention metrics calculated for the city i without taking into
account any census data:

log(GDPpci) = α+ β1 · log(locali) + β2 · log(ROWi)+

β3 · log(brokeragei) + β4 · log(cascadei) + εi
(1)

where GDPpci is the GDP per capita of city i and εi is
the error term. To account for the skewness of the data, we
log-transformed each variable.

Next, we calculate the correlation among each pair of
the proposed metrics above (Figure 6) and observe that

5http://www.ibge.gov.br
6anonymized-link

Model Predictors Adj.R2 Adj.R2

35 45

1 {Attentionim} 0.47 0.51

2 {Attentionim} + {Interactionsim} 0.44 0.46

3
{Attentionim} + Interneti +
Populationi

0.49 0.51

4 ROWi + locali 0.43 0.45

5 brokeragei + locali 0.40 0.44

6 cascadei + locali 0.47 0.45

Table 2: Adj. R2 for different models predicting city
i’s GDP per capita. Attentionim represents the four
attention metrics. Interactionsim represents all the
pairwise product terms among the attention predic-
tors. Model 1’s predictors are the four attention
metrics m, model 2 adds their interaction effects,
model 3 controls for the city’s Internet penetration
rates and population, and Models 4-6 test (pairwise)
attention metrics separately. p-values are < 0.001.

the group of indexes to measure global attention are cor-
related among each other, as one can expect: ROW is cor-
related with brokerage (r = 0.65) and cascade(r = 0.72);
also, brokerage and cascade show a positive correlation (r =
0.42). To account for such correlations among the predic-
tors, we build the model 2 adding, to the model 1, what we
call Interactionsim, i.e., all possible pairwise product terms
among the four attention predictors, for instance, log(locali)·
log(ROWi) would be one of the products computed and
added to the predictors.

Model 3 takes into consideration the census data. Our
goal at building this model is to compare the performance
of the online attention-based models and that which also in-
cludes city size as it is known that socio-economic indicators
are correlated with it [4, 34].

log(GDPpci) = α+ βm ·Attentionim+

ρ · log(Populationi) + µ · Interneti + εi
(2)

where Attentionim is the log-value for each of the four at-
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Ajd R^2 = 0.45***

Figure 8: The model 1’s performance for predicting GDP per capita with Adj. R2=0.45. Despite the strong
correlation, our model understimates or overstimates the value for some cities (shown outside the confidence
region). The model’s prediction error is low: its Mean Absolute Error is 0.09.

tention metrics m for city i, Populationi is the city’s popu-
lation and Interneti is the city’s Internet’s penetration rate.
This is what we will call model 3 in Table 2, which describes
all the six models and report the Adj. R2 obtained on the
two sets of cities described on Section 2 (35 and 45 cities).

Local attention dimension does not correlate with any
other dimension, and this speaks to its complementary pre-
dictive power. Thus, we build models using local attention
with one of the global attention metrics(models 4,5,6).

To sum up, models 1 and 2 are built using the four online
attention metrics derived in Section 3 (model 2 additionally
accounts for pairwise interactions between those metrics).
In model 3, we control for the city’s Internet penetration
rate and population (with values extracted from the same
census data’s source). We control for those two variables
as Internet penetration is associated with online activity,
and larger cities tend to be economically prosperous as they
enjoy “increasing returns to scale”: a city becomes more at-
tractive and productive as it grows [19, 4, 34]. Bettencourt
et al. have shown that when population increases in a 100%,
there can be a 15% of improvement in economic indicators
and Pan et al. observes that this relationship doesn’t always
verify in developing countries. We observe that, after con-
trolling for those two variables, the predictive power of the
model 1 remains almost the same, Adj R2 goes from 0.47 to
0.49 for the set of 35 cities and 0.51 in both cases for the set
of 45 cities(Table 2) with a 25% of the variance explained
by the census data and the remaining by the attention met-
rics as shown in Table 3. After controlling for census data
variables, the attention metrics keep their predictive value.

We find similar results for the two sets of cities. Thus, for
simplicity, the remaining part of the section describes the
results obtained for 35 cities (without outliers).

By computing the beta coefficients of model 1, the one
with the best performance (without census data), we find
that local attention accounts for 18% of the models’ explana-
tory power while the aggregated β values of the three global
attention metrics contribute with 82%. Out of the three
global attention metrics, cascade attention has the high-
est impact as it explains 65% of GDP’s variance. As for
model 1’s accuracy, the model achieves a Mean Absolute
Error (MAE) of 0.09 on a logarithmic scale, where the min-

Predictor β value %

log(ROWi) 0.0404 02%

log(locali) 0.26738 11%

log(cascadei) 1.52596 62%

log(brokeragei) 0.04589 02%

log(Interneti) 0.59617 24%

log(Populationi) 0.02027 01%

Table 3: β coefficients for each of the terms on model
3 that predicts GDP per capita for 35 cities.

imum value is 4.11 and maximum is 4.81, meaning that, on
average, the model predicts GDP per capita within 1.22%
of its true value. Figure 8 plots predicted values against ac-
tual ones. The two outliers for which GDP is higher than
expected are Brasilia (the capital of the country) and Santos
(the biggest seaport in Latin America).

We repeated the same linear modeling to predict a city’s
social capital (M7-10). We observe that after controlling for
Internet penetration and population, the predictive power of
the model 7 goes from 0.88 to 0.91 with a 5.7% of the vari-
ance explained by the census data. We found that the model
8, that includes attention predictors plus interaction effects,
has the highest Adj. R2, which is equal to 0.93 (Table 4),
achieving a Mean Absolute Error of 0.08 on a logarithmic
scale, where the minimum value is 5.8 and maximum is 7.5.
This means that, on average, the model predicts social cap-
ital within 1.33% of its true value. By computing the beta
coefficients of the model 8 we find that the β value for local
attention accounts for 8% of the explanatory power, while
the aggregated β values of the three global attention metrics
(the most important of which is brokerage) contribute with
31% and the γ values (pairwise interactions coefficients) ac-
count for the remaining 61%. Figure 9 compares the model’s
predictions against the actual values, clearly showing the ac-
curacy of the linear model. The model for predicting social
capital using local attention in combination with brokerage
(model 10) variables reports the lower performance. We con-
sider the brokerage metric in the model 10 as it is the unique
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Model Predictors Adj.R2 Adj.R2

35 45

7 {Attentionim} 0.88 0.84

8 {Attentionim} + {Interactionsim} 0.93 0.85

9
{Attentionim} + Interneti +
Populationi

0.91 0.86

10 brokeragei + locali 0.72 0.66

Table 4: Adj. R2 for different models predicting city
i’s social capital. Model 7’s predictors are the four
attention metrics m, model 8 adds their interaction
effects, model 9 controls for the city’s Internet pen-
etration rates and population, and models 10 test
brokerage and the local attention metric separately.
p-values are < 0.001.

global attention metric that correlated well with the social
capital index.

We report the results obtained for models that consider
the metric local for local attention, ROW for rest of the world
attention and eigenvector centrality for brokerage attention
as they exhibit higher correlation coefficients (Section 4).
However, we repeated the linear modeling considering the al-
ternative metrics(ROW ’,intra city,betweeness-Pagerank) and
obtained similar performance.

7. DISCUSSION

7.1 Theoretical Implications
Our results complement previous studies that correlated

economic status with social media data at the level of urban
neighborhoods [13, 36]. We find consistent results at the level
of city too. This is done by considering, for the first time,
attention exchanged between cities as a predictor of their
economic wealth upon an urban sociological framework.

We also show that attention is affected by real-world ge-
ographic proximity, thus confirming previous studies on the
role of physical distance on online interactions [40]. Addi-
tionally, we find that receiving attention from actors residing
far, both geographically and in the social graph, positively
signals economic well-being. This confirms that users are
becoming ‘glocalized’ [51] taking advantage of the Internet
to communicate with both local and long-range ties.

The strong correlation between social capital and bro-
kerage is also of theoretical interest for social network re-
searchers. The result confirms that social opportunities come
from diverse social connections not only for individuals (as
the strength of weak ties [20] and the structural hole the-
ory [8] would suggest) but also for cities.

7.2 Practical Implications
Our work shows evidence that, with online attention met-

rics, one is able to effectively and cheaply predict economic
and social capital indicators (respectively, Adj. R2 = 0.45,
and Adj. R2 = 0.93 in the case of Yahoo!Meme in Brazil).
To quantify online attention, we define a set of general and
easily interpretable metrics: volume of reposts coming from
local users, from global users, and from those far away in the
social graph. We also observe the brokerage ability of a city
in spreading information. These metrics can be computed
from aggregated data, made publicly available by social me-

dia companies, without the need for researchers of accessing
potentially privacy sensitive data.

The possibility of tracking socio-economic well-being of
communities at scale supports the vision behind ‘smart cities’:
new information and communication technologies will be
needed to promote healthy and socially sustainable commu-
nities and, more generally, to better manage complex urban
systems. In the spirit of ‘smart cities’, predictions derived
from social media data could help city planners in taking
the pulse of the economic prosperity without waiting years
for census data to be collected. This holds not only for cities
but also for countries: studies of the global interconnected-
ness are often based on how international corporations are
linked [46] and can now be informed by how countries con-
nect online as well.

7.3 Limitations
This study has three main limitations that call for further

work. The first is demographic bias: users of the platform
are usually young people and might represent a more affluent
segment of the general population.

The second limitation is about language independent fea-
tures to quantify attention, which were chosen for their gen-
eralizability. In the future, one can also analyze the actual
content being shared.

Third, our results do not speak for causality, so analyzing
different temporal snapshots to potentially observe causal
relationships is in order.

8. RELATED WORK

Real-life processes and social media. Social media data
has already been related to real-life outcomes. Gruhl et
al. [21] showed that increases in blog mentions of books cor-
respond to spikes in sales. Tweets has been used to predict
the Dow Jones Industrial Average [6], box-office revenues
for movies [2], trending tickers in the stock market [38],
polls’ results for political opinions [33], and election out-
comes [47]. This line of work has its critics. Mejova et al.,
for example, have argued that sometimes debates on Twitter
do not reflect the national preferences [30]. More recently,
not only tweets but also email exchanges have been used
to track migration flows among developed and developing
countries [43].

Social capital. Online engagement has been shown to im-
pact individual social capital offline. In different contexts,
researchers have shown the role of Internet-mediated so-
cial interactions in supplementing and enhancing face-to-
face and phone communication as well as in increasing the
participation to political or voluntary organizations [52]. El-
lison et al. found that young Facebook users strengthen
offline ties through online interactions and that their pri-
mary online audience is made of people they regularly meet
offline [14]. Furthermore, individual bridging and bonding
social capital can be accurately predicted using Facebook in-
teractions [44]. Previous analysis of online forums has also
shown that active participation in virtual communities di-
rectly impacts the likelihood of offline exchanges among peo-
ple living in the same neighborhoods [22].

Socio-economic indicators. Previous studies have also
explored the connection between online interactions and socio-
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Figure 9: The model 8’s performance for predicting social capital. Its Mean Absolute Error is as low as 0.08.

economic indicators of city neighbourhoods [15]. Eagle et
al. analyzed networks derived from landline phone data and
showed a strong relationship between social/geographical di-
versity in those networks and access to economic opportuni-
ties for city neighbourhoods across UK [13]. More recently,
Quercia et al. have shown a correlation between the senti-
ment expressed in tweets originated by residents of London
neighborhoods and the neighborhoods’ well-being [36].

In the last few years, there have appeared some initiatives
for measuring socio-economic conditions of city residents in
developing countries using online data. For example, the
United Nations and the World Bank have recently launched
a program called “Data4Good”. This promotes the use of
(currently untapped) digital data for, say, improving poverty
measurement (“How can we measure poverty more often and
more accurately?”) or dealing with corruption in interna-
tional investment projects (“Can we detect fraud by looking
at aid data?”). Recently, Orange released an anonymized
dataset of mobile phone calls in Côte d’Ivoire, and launched
a challenge in which researchers had to predict economic in-
dicators from the activity metrics extracted from the call
records [29]. Our research complements this line of work by
proposing a set of metrics that can be applied to data ex-
tracted from any data source that reflects social exchanges,
including social media data.

Online attention. As for online attention, instead, re-
search has focused on the graph perspective, analyzing the
dynamics of popularity and information diffusion of user-
generated content [3, 10, 17, 31, 32, 37, 49, 53], and propos-
ing models to reproduce them [54, 27]. Brodersen et al.
investigated the relationship between popularity and geo-
graphic spreading of online YouTube videos and observed
that, despite the virality of the most popular items, on-
line video consumption appears heavily constrained by geo-
graphic locality [7].

9. CONCLUSION
Before it can be used effectively, large-scale data needs to

be processed somehow. In line with the emerging discipline
of web/data science, we opted for a methodology that makes
use of well-established theories in urban sociology to pro-
duce actionable data analytics. We have shown how those
theories could be put to use to take the pulse of developing
urban economies. We have determined which online atten-
tion metrics are useful proxy indicators of economic capital
and social capital. This contribution is just the tip of the ice-
berg when it comes to exploring the uses of large-scale data
for social good. There is a growing interest in using digi-
tal data for development opportunities, since the number of
people using social media are growing rapidly in developing
countries as well. Local impacts of recent global shocks -
food, fuel and financial - have proven to not be immediately
visible and trackable, often unfolding “beneath the radar of
traditional monitoring systems” [48]. To tackle that prob-
lem, policymakers are looking for new ways of monitoring
local impacts, and tracking online attention might well be
one such way.
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