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Every two days now we create as much information as 
we did from the dawn of civilization up until 2003, 

according to Google’s Eric Schmidt. That’s something 
like five exabytes of data, he says. [TechCrunch 2010]
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Democratization of Publishing



... and the rise of Big Data







Promise of geo+social



co
m

pu
ta

tio
na

l r
es

ou
rc

es
 / 

pe
rs

on

time

Democratization of Computation





• Write code on your laptop

• Run on a 1000+ node 
compute cluster

• Don’t worry (mostly) 
about data management, if 
machines crash, etc.

• Focus on your research 
questions, not computation

• MapReduce as one (of 
several) enabling 
frameworks

Big computation
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Figure 1: US population density of geolocated Face-
book users.

IPs within 25 miles, with performance of only 59% in the

UK [16]. Furthermore, maintainance of this performance

requires constant updating as IPs are reassigned and perfor-

mance drops about 1.5% per month without this effort.

In this paper we present the findings of a large-scale study

on social and spatial proximity using relationships expressed

on the Facebook social network between users in the United

States. First, we examine the relationship between prox-

imity and friendship, observing that, as expected, the like-

lihood of friendship drops monotonically as a function of

distance. This effect can also be seen as a function of rank,

where friendships are assumed to be independent of their

explicit distance. Second, we use this distribution to de-

rive the maximum-likelihood location of individuals with

unknown location and show that this model outperforms

data provided by geolocation services based on a person’s

IP-address. Finally, we introduce an iterative algorithm to

refine our predictions based on the propagation of predic-

tions across the network holding out a large percentage of

known locations for evaluation purposes. In all of our anal-

yses, data were anonymized and analyzed in aggregate so as

to ensure the privacy of our users.

While other geolocation strategies depend on opaque map-

pings between proprietary databases and geography, the tech-

niques provided in this paper use entirely transparent meth-

ods which are easily understood by users. By deriving a

user’s location through friends’ geography, we can take ad-

vantage of all of the affordances of location-enabled services

without the obscurity and data errors in existing systems.

Our contributions are thus twofold. First, the number of

individuals and the precision to which we can locate them

allows us to study the interplay between geographic distance

and social relationship with greater accuracy and in greater

depth than has previously been possible. Second, using some

of our observations concerning this interplay, we are able to

develop algorithms which locate users with greater accuracy

than existing IP-based methods. Not only does this improve

our accuracy when it comes to various locality related tasks,

but it also mitigates the need for constant maintainance of

geo-IP databases.

2. BACKGROUND

In this section we review the empirical and theoretical

Figure 2: NY population density of geolocated Face-
book users.

work that informs the central questions of this paper: how

does geography bound social structure, and in what ways

can this relationship inform location prediction?

Sociologists and social psychologists have long studied the

relationship between propinquity and friendship. The geog-

raphy and social environment that one experiences largely

dictates the people and information that one has access to.

Over the years, many researchers have noted an inverse re-

lationship between distance and the likelihood of friendship.

This has been expressed simply as a decrease in the proba-

bility of coming into contact with one another, and has been

observed within colleges [20], new housing developments [7],

and projects for the elderly [19]. In addition to affecting the

likelihood of friendship, density and spatial arrangement of

people is expected to have an impact on the size and fre-

quency of interaction among social ties [17]. These observa-

tions seem to hold across time, technological innovation, and

culture, although recent changes in technology are changing

the way that relationships persist over time [18].

The Internet brings both a potential to disrupt the rela-

tionship between distance and friendship as well as to in-

troduce unprecedented data validating these theories at the

level of an entire human population. From the analysis of

early social networking technology [1] to the whole-network

analyses performed on entire communities of users, such as

LiveJournal, LinkedIn, and Flickr [14, 13, 2], social media

and social networking communities are nearing the scale of

entire countries. The level of transactional detail afforded by

these services allows for analysis and modeling that bridges

micro-level processes and population-level effects.

Recently, the question of propinquity and social struc-

ture has been at the center of research around routing in

small-world networks [11, 12]. Using the networks and cities

of US LiveJournal members, Liben-Nowell et al. observe

a number of properties of geographic and social proximity

[15]. Most notably, they find that the likelihood of friend-

ship is inversely proportional to distance, but at extremely

long distances, there is a baseline probability of geographic-

independent relationships which takes over. To account for

the confounding effects of population density, they introduce

the notion of rank-based distance, measuring the probability

that v will be u’s friend given the number of people w such

that distu,w < distu,v.

In another recent analysis of a large sample of MySpace

Backstrom, Sun, and Marlow. Find Me If You Can: Improving Geographical Prediction with Social and Spatial Proximity. WWW 2010.

Example 1:
Understanding the Impact of Distance on Friendship

Population Density of Geolocated Facebook Users
(100m users x 6% with home address x 60% easy to convert to lat/long = ~3.5m)



Example 1:
Probability of friendship as a function of distance
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Figure 6: Number of individuals as a function of

distance. Here we show how many people there are

on average who live x miles away. We divide the

US into low, medium and high density areas, and

compute the curves independently for each.

the average population density is quite unrelated to the den-

sity at the center of the annulus, and becomes more closely

related to the average population density in the US. This

causes the three curves to meet and overlap from 50 miles

onward.

3.2 Friendship and Distance

We now turn to an investigation of the probability of

friendship as a function of distance. Naturally, we expect

the probability to go down with distance and this is what

we observe in Figure 7. To generate this curve, we aggre-

gate over all individuals, computing the distance between

all 8.1 ∗ 10
12

pairs of individuals with known addresses. We

then bucket by intervals of 0.1 miles to compute the total

number of pairs and the number of pairs for which an edge

is present, plotting the ratio. It turns out that we can get

a good fit to a curve of the form a(b + x)
−c

. The exponent

very close to c = −1 suggests that, at medium to long-range

distances, the probability of friendship is roughly inversely

proportional to distance. At shorter scales the curve is flat-

ter, suggesting that there is less sensitivity to short distances

than a power-law with exponent −1 would produce. The −1

exponent has been observed in other datasets as well [15],

suggesting that there is a more general principle at work

here.

However, this does not tell the full story, as it aggregates

people together from very different settings. When we break

it down by population density in Figure 8, a somewhat dif-

ferent account emerges; for short distances the probability

is higher in lower density areas as you are more likely to be

friends with a person a few miles away if you live in a less

dense area. Interestingly, as the distance increases, the three

curves converge. At about 50 miles, we see that the proba-

bility of knowing someone is no longer dependent on density.

In fact, as we go further away, the order inverts, with peo-

ple in high density areas being more likely to be friends with

people at greater distances. This supports the intuition that
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Figure 7: Probability of friendship as a function of

distance. By computing the number of pairs of indi-

viduals at varying distances, along with the number

of friends at those distances, we are able to compute

the probability of two people at distance d knowing

each other. We see here that it is a reasonably good

fit to a power-law with exponent near −1.

people living in metropolitan areas are more cosmopolitan;

their ties to distant places are more likely, probably arising

from increased movement between cities and greater capac-

ity to travel.

An alternative to observing friendship probability as a

function of distance is to look instead as a function of rank.

As described in Liben-Nowell et al., we define rank as the

number of people who live closer than a user. For user u,

we rank users by distance from u. For user v, the number

of people living in the area between u and v is defined by

ranku(v) := |{w : d(u, w) < d(u, v)}|. The hope here is that

despite the differences in population density, the probabil-

ity of being friends with someone at a given rank should be

independent of where you live.

Figure 9 shows friendship probability as a function of rank.

Here we do see a nice smooth curve, again with an exponent

of close to −1 (as previously observed). Even though using

rank should mitigate the effect of density on our probability

calculation, it does not control for the behaviors of users in

different areas. Figure 10 shows the probability of friendship

as a function of rank, this time broken down by our three

density groups. Though the curves do overlap somewhat

more when we calculate things this way (all with exponent

about −1), we still see similar effects. The probability is

higher at low ranks for people in less dense areas, and higher

at high ranks for people in more dense areas (cosmopolitan

effect). This reinforces the notion that people who live in

urban areas tend to have more dispersed friends.

4. PREDICTING LOCATION

A practical application of the observations made thus far is

that they allow us to predict the locations of people who have

not provided this information. If we can accurately predict

an individual’s location, we can improve services for them

Backstrom, Sun, and Marlow. Find Me If You Can: Improving Geographical Prediction with Social and Spatial Proximity. WWW 2010.
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Figure 8: Looking at the people living in low,

medium and high density regions separately, we see

that if you live in a high density region (a city), you

are less likely to know a nearby individual, since

there are so many of them. However, you are more

likely to have contact with someone far away.

in a number of ways. The most obvious application is that
we can provide them with better local content. Providing a
more local, personalized experience is likely to make a site
more useful for users. We can also use a person’s location to
help prevent security breaches – if an individual accesses the
site from a location far from home (where the individual’s
current location is approximated via IP geolocation), and
they have never been there before, we might ask them an
additional security question to ensure that their account has
not been compromised. Thus, our goal here is, given the
locations of a user’s contacts, to compute that user’s home
location.

In the simplest case, all of one’s friends would live in a
small region, and then the prediction task would be very
simple, with any reasonable algorithm returning a good ap-
proximation. Things get more complicated and difficult as
one’s friends become more spread out. The distributions
from the previous sections tell us that one will typically not
have too many friends at great distances, but that there will
be too many for naive algorithms to work well.

For instance, a first attempt would be to take the mean
location of one’s friends. However, this will give laughably
bad results for people living on either coast. An individual
with 10 friends in San Francisco and one friend in New York
will be placed an eleventh of the way from San Francisco to
New York, somewhere in Nevada. Other simple statistics,
like median (whatever that would mean in two dimensions)
do better, but still fail, especially for people living on the
coasts.

To achieve better performance, we must develop a more
sophisticated model using the observations from the pro-
ceeding sections. Figure 7 shows the probability of an edge
being present as a function of distance, which suggests a
maximum likelihood approach. We consider an individual u

with k friends. Using the distribution from Figure 7, we can
computed the likelihood of a given location lu = (lat, long).
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Figure 9: The rank of a person v relative to u is the

number of individuals w such that d(u, w) < d(u, v).
Here we show the probability of friendship as a func-

tion of rank.

For each friend v of u whose location lv is known, we can
compute the probability of the edge being present given the
distance between u and v, p(|lu − lv|) = 0.0019(|lu − lv| +
0.196)−1.05, as empirically determined.

Multiplying these probabilities together for all such v, we
obtain a likelihood for all the edges. To complete the cal-
culation, we must also multiply the probabilities of all the
other edges not being present: 1− p(|lu − lv|) for all v such
that v /∈ E. Because all of the probabilities are very small for
any particular edge, this term serves mostly as a tiebreaker
and typically plays a small role. Thus, we can write down
the likelihood of a particular location lu as

Y

(u,v)∈E

p(|lu − lv|)
Y

(u,v)/∈E

1− p(|lu − lv|)

This model gives us a way to evaluate any point lu. From
a practical point of view, however, the algorithm as stated
is very expensive. In a naive implementation, to find the
best location for one individual, we would have to compute
the probability terms for every other user, at an expense
of O(N) per location evaluated. Finding the best location
would require an additional search, making this impractical
in a large graph.

With two optimizations, however, we can develop an ef-
ficient algorithm which computes the (near) optimal loca-
tions for all individuals in O(M log N) assuming that the
maximum degree in the graph is O(log N) (where M is the
number of edges and N is the number of users).

The first important observation is that, for any location,
the second part of the product, containing 1 − p(·), is very
nearly independent of u. Thus, we can precompute a con-
stant γl =

Q
v∈V 1− p(|lu − lv|) for each location l. We can

then rewrite the above formula as:

γlu =
Y

(u,v)∈E

p(|lu − lv|)
1− p(|lu − lv|)

The other important optimization comes from the form

Example 1:
Probability of friendship as a function of distance / By density

Backstrom, Sun, and Marlow. Find Me If You Can: Improving Geographical Prediction with Social and Spatial Proximity. WWW 2010.



christian
african-descent
tide
jesus
football
bama
church
christ
protestant
gospel
yall
nascar

camping
pdx
hiking
northwest
pixies
snowboarding
coast
rafting
floater
rad
wine
vegan

catholic
yankees
nyc
uconn
hispanic
bronx
boston
sox
nas
italian
goodfellas
sneakers

Caverlee and Webb. A Large-Scale Study of MySpace: Observations and Implications for Online Social Networks. ICWSM 2008

Example 2:
Language Variability by Location (MySpace)



16
high
school
hearts
junior
single
best
hair
friend
lol
play

20
college
someday
student
love
straight
caucasian
white
like
girl
know

25
graduate
college
networking
grad
professional
relationship
traveling
some
reading
working

30
networking
graduate
parent
proud
married
grad
professional
art
cure
travel

40
parent
proud
married
networking
kids
great
our
divorced
daughter
years

60
parent
proud
president
s******
his
married
kids
united
began
retired

Caverlee and Webb. A Large-Scale Study of MySpace: Observations and Implications for Online Social Networks. ICWSM 2008

Example 2:
... by Age



80 million tweets per day 

Example 3:
Twitter as spatio+temporal “human” sensing



some users post
“earthquake  right 

now!!”

・・・ ・・・ ・・・ tweets

Probabilistic model

Classifier

observation by twitter users

target event

Event detection from twitter

・・・・・・

search and classify 
tweets into positive 

class

detect an 
earthquake

earthquake occurrence

Example 3:
Earthquake detection by monitoring tweets

Earthquake shakes Twitter users, Sakaki et al, WWW 2010



Earthquake shakes Twitter users, Sakaki et al, WWW 2010

Example 3:
Earthquake detection by monitoring tweets
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• Go work for Facebook!

• But we can sample from Facebook, Gowalla, and 
Foursquare, right?

• They all expose a public API, but primarily intended for 
partners, web developers, ... $$$

• Concerns about privacy 

• Potential bias in samples

• Uneasiness of sharing

• What about data that is inherently public? Twitter, Flickr, ...

How do we (as researchers) get access to 
BIG social+spatio+temporal data?

Find Me If You Can: Improving Geographical Prediction
with Social and Spatial Proximity

Lars Backstrom
lars@facebook.com

Eric Sun
esun@facebook.com

Cameron Marlow
cameron@facebook.com

1601 S. California Ave.
Palo Alto, CA 94304

ABSTRACT

Geography and social relationships are inextricably inter-

twined; the people we interact with on a daily basis almost

always live near us. As people spend more time online,

data regarding these two dimensions – geography and so-

cial relationships – are becoming increasingly precise, allow-

ing us to build reliable models to describe their interaction.

These models have important implications in the design of

location-based services, security intrusion detection, and so-

cial media supporting local communities.

Using user-supplied address data and the network of asso-

ciations between members of the Facebook social network,

we can directly observe and measure the relationship be-

tween geography and friendship. Using these measurements,

we introduce an algorithm that predicts the location of an

individual from a sparse set of located users with perfor-

mance that exceeds IP-based geolocation. This algorithm

is efficient and scalable, and could be run on hundreds of

millions of users.

Categories and Subject Descriptors

H.2.8 [Database Applications]: Data Mining; D.2.8 [Software
Engineering]: Metrics—complexity measures, performance
measures

General Terms

Measurement, Theory

Keywords

social networks, geolocation, propagation

1. INTRODUCTION

While we would like to believe that our social options are

endless, human relationships are constrained in many way.

They take time, energy, and often money to maintain. Even

after accounting for these human constraints, social norms

dictate whom we approach and how we become acquainted.

All of these constraints create a predictable structure where

geography, transportation, employment, and existing rela-

tionships predict the set of people with whom we will asso-

ciate and communicate.

Copyright is held by the International World Wide Web Conference Com-
mittee (IW3C2). Distribution of these papers is limited to classroom use,
and personal use by others.
WWW 2010, April 26–30, 2010, Raleigh, North Carolina, USA.
ACM 978-1-60558-799-8/10/04.

We have long observed that the likelihood of friendship

with a person is decreasing with distance. This should not

be surprising given that we are less likely to meet people

who live further away. A less obvious relationship [18] is

that the total number of friends also tends to decrease as

distance increases. This means that the probability of know-

ing someone d miles away is decreasing faster than the total

number of people d miles away is increasing.

The Internet and other communication technologies play

a potentially disruptive role on the constraints imposed on

social networks. These technologies reduce the overhead and

cost for being introduced to new people regardless of geog-

raphy, and help us stay in touch with those we know. Some

have even gone so far as to call this ”the end of geogra-

phy,” where the process of relationship formation becomes

disentangled from distance altogether [9]. As people conduct

more and more of their lives online, data about location and

social relationships become increasingly precise. While ge-

ography is certainly playing a smaller role in our lives than

it once did, we see in this work that geography is far from

over.

Geography has a number of compelling applications within

Internet technology, and accurately predicting a user’s loca-

tion can significantly improve a user’s experience. First, as

malicious entities create increasingly compelling “phishing”

sites that deceive users into providing their account creden-

tials [6], it becomes difficult to identify when an account has

been compromised. Having a good baseline understanding

of a user’s geography along with IP geolocation allows for

the detection of masquerading accounts. Second, knowing

a user’s general location can allow for personalization based

on location. Instead of requiring a user to specify informa-

tion about themselves, a news site can immediately provide

local stories or an international service can set the default

language of the interface automatically.

The current industry standard for geolocation depends on

mapping a user’s IP address to a known or predicted loca-

tion, and these services typically provide accuracy at the

city level. However, results are inconsistent – for example,

customers of large or mobile Internet service providers are

generally assigned IP addresses from large pools, render-

ing accurate geolocation difficult. These inconsistencies spill

over into the user experience; nothing is more jarring than

having your default language switched to French because a

service has incorrectly determined that your IP address is in

France. While we do not have the capability to evaluate the

performance of the many IP location services available, a

leading service reports their accuracy as locating 85% of US



And yet more challenges: 
Location granularity and location sparsity

• We collected 1M user profiles and 30M tweets 
from Twitter

• 21% list a location as granular as a city name

• 5% list a location as granular as latitude/
longitude coordinates

• 0.42% of tweets contain geocodes







Overcoming location sparsity

• Need new methods for accurate and 
reliable geolocation of users

• Requirements: only public info, nothing 
proprietary + generalizable to future 
human-powered sensing systems

• But: with need to balance privacy / big 
brother aspects 

• One idea: content-based location 
estimation (e.g., consider spatial 
distribution of words in tweets)

Z. Cheng, J. Caverlee, and K. Lee “You Are Where You Tweet: A 
Content-Based Approach to Geo-locating Twitter Users” CIKM 2010



Content-Based Location Estimation 

Z. Cheng, J. Caverlee, and K. Lee “You Are Where You Tweet: A 
Content-Based Approach to Geo-locating Twitter Users” CIKM 2010
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• How to store BIG social+spatio
+temporal data?

• How to manipulate? And write 
efficient algorithms?

• Example: traditional community 
detection algorithms break down 
without significant infrastructure

• How to put capabilities in the hands 
of the community?

How do we (as researchers) take advantage 
of new computational resources?



• Real-time web enabling fundamental shift 
from long-lived communities toward 
crowds

• Ad-hoc collections of users reflecting 
real-time interests

• Organic, short-lived, self-organized

• Often, implicitly defined

• Identification and tracking of online 
“hotspots” as they arise in real-time

• Disasters, terror attacks, civil uprisings

• Social media analytics, advertising

• Emergency informatics

• Public health

Example: “Crowds” on the Real-Time Web



Crowds: How?

• How?

• How do crowds form and evolve? How do we detect and 
track the dynamics of crowds on the real-time web?

• Challenge: 100s of millions of users + highly-dynamic/
bursty interactions place huge demands on traditional 
methods.

• View crowd discovery as clustering in time-evolving networks

• We have developed a locality-based graph clustering 
framework with provable efficiency and quality guarantees 

• O(n^3) → O(k^3) where k is size of largest cluster

K. Kamath and J. Caverlee “Transient Crowd Discovery on the Real-Time Social Web” ACM WSDM 2011





Moving forward
• Big Data + Big Computation = !!!

• But ... where is the data in big data?

• NSF-coordinated data sharing partnership

• Something akin to NIST TREC

• Opt-in data sharing service

• Or do we continue on piecemeal?

• Opportunities for interface between geo + 
social + big data/compute

• New algorithms and new toolkits -- what 
does the community need?
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