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Abstract—Users’ home location is important information for
many advanced information services in big data applications (e.g.,
localized recommendation, target ads of local business and urban
planning). In this paper, we study the problem of accurately
inferring the home locations of people from the noisy and sparse
data they voluntarily share on online social media. Previous
studies have developed supervised learning approaches to predict
a person’s home location in a city. However, the accuracy of these
techniques largely depends on a high quality training dataset,
which is difficult and expensive to obtain in practice. In this study,
we propose a new analytical framework, Unsupervised Home
Location Inference (UHLI), to accurately infer the home locations
of people using a set of principle approaches. In particular, the
UHLI scheme addresses the critical challenges of using sparse
and noisy online social media data and derives an optimal
solution to the home location inference problem. We evaluated
the performance of our scheme and compared it to the state-ofthe-art baselines using three real world data traces collected from
Foursquare. The results showed that our scheme can accurately
infer the home location of people and significantly outperform
the state-of-the-art baselines.

practice since people usually are reluctant to publicize their
real home locations [21]. For example, only 31.8% of users
provide the home locations in the datasets we collected from
Foursquare. Furthermore, since most of LBSNs have set up
rate limits on their APIs for data collection and sharing [41],
it is challenging to collect complete check-in traces of users
at all venues they visited. To overcome the above challenges,
this paper develops an unsupervised learning approach to
accurately infer the home locations of users by exploiting
the check-in points they voluntarily uploaded at their visited
venues from LBSNs.
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I. I NTRODUCTION
Location-Based Social Network (LBSN) services have received increasing amount of attention due to the proliferation
of portable devices with GPS sensors (e.g., smartphones)
and the advent of online social media with location sharing
functions (e.g., Foursquare, Gowalla, Google Places). Users
can easily geotag their activities by sharing their “checkin” traces (a sequence of time-stamped GPS coordinates) on
LBSN. In this paper, we study the problem of accurately
inferring the home locations of people from the noisy and
sparse data they contribute on online social media. User’s
home location is important information for many advanced
information services in big data applications such as localized
recommendations [31], targeted ads of local business [2], and
urban planning [6].
There exist prior studies on geo-locating people in a city
using online social network information [19], [3], [5], [8], [18],
[26], [22]. Most of these previous studies used supervised
learning approaches, which largely depend on high quality
training datasets to predict a person’s home location. However,
such training datasets are difficult and expensive to obtain in
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Figure 1. Geographical Check-in Distribution of Random Users

A simple method of inferring a user’s home location is
to take the average of all venue locations the user visited
as the estimated home location of the user. To check the
accuracy of this simple method, we compute the average
distance error between the estimated home location and the
real home location of users over real world datasets collected
from three cities (i.e., Washington D.C., Boston and Chicago)
on Foursquare. The results show that the average estimation
error of the simple average method is 260 miles, 309 miles
and 150 miles on the three datasets respectively. Such large
estimation errors indicate the simple average method cannot
accurately estimate the user’s home location. The reasons are
mainly twofold: (i) users might visit venues that are not in
the same city as they live in (e.g., tourists); (ii) users might
visit venues that are in the same city as they live in but are
far away from their home locations. Figure 1 shows examples
of the above two scenarios.
Another important aspect that might affect the home location inference is the influence scope of venues the user visited.
We observe that a more popular venue is often less influential
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(useful) to infer the home location of its visiting users due to
the fact that many users from different places might visit it.
For example, a 7-Eleven store is more useful than the White
House for inferring the home locations of users and hence
considered to have a large influence scope. In this paper, we
develop an unsupervised user home location inference scheme
that jointly explores both the localness of a user (i.e., whether
the user is a local resident of a city or not) and the influence
scope of a venue (i.e., how influential a venue is in terms of
estimating the user’s home location).
Two key challenges exist to solve the unsupervised home
location inference problem: (i) Sparse Data Challenge: the
spatial-temporal data (i.e., check-in points) are often incomplete and highly sparse: a person might not check in at every
venue he/she visits in a city; (ii) Noisy Data Challenge: the
collected data is “noisy” in the sense that a venue might have
check-in points from both local and non-local people. We
observed that local and non-local users have very similar distributions on all these dimensions, which makes it a challenging
task to separate local users from non-local ones solely based
on their check-in traces. In fact, the check-in points are just
GPS coordinates with timestamps, which themselves do not
provide much useful information to infer the home location
of the user.
To address the above challenges, this paper develops a new
analytical framework, Unsupervised Home Location Inference
(UHLI) scheme. The UHLI scheme explicitly explores the
spatial (i.e., venues a user visited and her/his activity range),
temporal (i.e., the length of a user’s check-in trace) and
social (i.e., the social connections of a user) dimensions of
the problem. In particular, we develop two new Expectation Maximization (EM) based algorithms, Location-Aware
EM (LA-EM) and Influence-Aware EM (INA-EM), to jointly
estimate the localness of users and the influence scope of
venues in a city. We further formulate the home location
inference problem as an optimization problem that leverages
the localness of users and influence scope of venues and derive
an optimal solution. Finally, we evaluate the UHLI scheme
using three real-world datasets collected from Foursquare. The
results showed that our scheme can accurately infer the home
location of people and significantly outperform the state-ofthe-art baselines.

Finally, a note on disclaimer. First, we did not discuss
the privacy issue in this paper because the user identities
in collected datasets from LBSNs are all anonymized [7].
Additionally, there exists a rich set of literature on the topic
of protecting user’s privacy in online social media applications [39], [16]. These works can be used to address the
privacy challenges if there is such a need. Second, we did
not use any private data from a third party (e.g., Google Map
search data, which could make the home location inference
problem a trivial problem to solve). Instead, we only used
publicly available data from LBSNs with the goal to develop
a new unsupervised user home location inference scheme as
an open-source resource for the research community.
In summary, our contributions are as follows:
• This paper addresses the problem of inferring the home
location of people from sparse and noisy online social
media data using an unsupervised approach. (Section III)
• We develop a principled framework (i.e., UHLI scheme)
that allows us to derive an optimal solution to accurately
infer the home location of users by jointly estimating the
localness of people and the influence scope of venues.
(Section IV)
• We perform extensive experiments to compare the performance of our UHLI scheme with the-sate-of-the-art
baselines using three large scale real-world data sets
collected from Foursquare. The results demonstrate that
the proposed approach outperforms existing methods in
terms of estimation accuracy. (Section V)
The rest of this paper is organized as follows: we review
related work in Section II. In Section III, we present the
problem formulation of inferring the home location of people.
The proposed unsupervised home location inference scheme
is discussed in Section IV. Experiment and evaluation results
are presented in Section V. Finally, we conclude the paper in
Section VI.
II. R ELATED W ORK
Previous work has made significant progress on user profiling [27], [1], [15], [17]. For example, Mislove et al. proposed
a community detection approach to infer the missing attributes
of a user on Facebook from the attributes of his/her friends in
the network [27]. Abel et al. developed a semantic approach

to construct the user’s profile on Twitter by exploiting the
links between the user’s tweets and related news articles [1].
Lampe et al. investigated how different elements in the user’s
profile influence the formation of online connections [15]. Li
et al. studied the problem of user profiling by capturing the
correlation between attributes and social connections of the
user’s ego networks. However, none of these techniques can
be directly used to infer the home location of people in a city
because i) people may have social connections with friends
living far away; ii) people may also report news/events that
are not local to the city they live. In this paper, we solve
the problem of inferring the home location of users by jointly
estimating the localness of users and influence scope of venues
they visited.
Our work is also related to user behavior understanding
based on their home locations and digital traces [5], [30],
[32], [38], [37]. For example, a content-based approach was
proposed by Cheng et al. [5] to identify Twitter users’ home
cities and their movement patterns. Specifically, they extract a
set of words which are related to a city (e.g., Washington D.C)
and use those words as features to classify users to different
cities. Home location was also used to model people’s living
conditions and lifestyles in [30]. Furthermore, user’s home
location has been considered as a key factor to compute the
distance between social users in a pairwise fashion [32]. Our
work is complementary to the above works in the sense that
more accurate estimations of users’ home location normally
lead to a better understanding of user’s behavior and movement
patterns in a city.
Our work is closely related to the works that directly address
the user’s location inference problem [8], [18], [3], [19], [26],
[22]. In particular, Backstrom et al. estimated a user’s location
by exploring both the geographic and social relationship
between users [3]. Li et al. [19] developed a system to infer a
user’s location by integrating network and user-centric data
via a unified influence model. They further extended their
model to handle cases where users have multiple home locations [18]. McGee [26] proposed a network-based approach
for location estimation by correlating the social tie strength
with physical proximity. Hu et al. [8] designed a machine
learning method to capture the inherent properties of users’
homes by exploring their mobility features. Mahmud et al. [22]
proposed a hierarchical ensemble algorithm to predict the
home location of users by leveraging the domain knowledge
and advanced classifications. However, the above solutions all
used supervised learning approaches, which need sufficient
training data with complete spatial-temporal information to
accurately estimate an individual’s home location. In contrast,
this paper develops an unsupervised approach to address the
problem of inferring the home location of people which does
not require any training data.
Our work is also related to the work on social media analysis [20], [12], [9], [36], [11], [13], [10], [14] and information
inference [40], [34], [33], [25], [24], [23]. In particular, Lu
et al. analyzed the underlying connections between promotion
campaigns in social media. Huang et al. studied the problem

of discovering interesting places in a city from locationbased social media [12], [9]. Different features (e.g., topic
relevance, source dependency and time-sensitive information)
have been analyzed to detect trustworthy information on social
media [11], [36], [13]. A new framework has been proposed to
infer the user’s localness and venue’s local attractiveness [10].
Emre [14] focused on identifying action-outcome relationships
from social media data. This paper leveraged the insights of
the above social media analysis work and addressed a new
problem of inferring home location of users using online social
media data.
III. P ROBLEM F ORMULATION
In this section, we introduce the problem of inferring
the home location of people from a LBSN application. In
particular, we consider a LBSN application where a set of X
venues (i.e., V1 , V2 , ..., VX ) have been visited by a group of
Y users (i.e., U1 , U2 , ..., UY ). Here we define Vx to be the
xth venue and Uy to be the y th user. Uy = 1 if the user is
a local resident of the city and Uy = 0 if she/he is not. We
further define the following inputs to our model.
Definition 1. Venue-User Matrix VU. We define VenueUser Matrix V UX×Y to indicate which venue is visited
by which user. In particular, V Ux,y = 1 indicates that user
Uy has check-in points at venue Vx and V Ux,y = 0 otherwise.
Definition 2. Check-in Matrix CI. We define Checkin Matrix CIY ×X to be the transpose of V UX×Y (i.e.,
CIY ×X = VUTX×Y ).
Definition 3. Temporal Vector T. We define a Time
Vector TY to represent the time length of user’s checkin points (i.e., the time difference between the first and
last check-in points in the dataset). In particular, ty = d
denotes that user Uy ’s check-in points in a city lasts for d days.
Definition 4. Spatial Vector S. We define a Spatial
Vector SY to represent the activity range of user’s check-in
points. In particular, sy = h denotes that the largest pairwise
distance between all check-in points of the user Uy is h miles.
Definition 5. Social Relationship Matrix SR. We define
a Social Relationship Matrix SRY ×Y to represent the social
connections between users. In particular, SRy,y0 = 1 if
there exists social connection between two users Uy , Uy0 and
SRy,y0 = 0 otherwise.
One key challenge of using LBSN data lies in the fact that
both local and non-local people (e.g., tourist) can have checkin points in a city, and people may have check-in points in
the places both near and far away from their home locations.
To address such challenge, we develop two new models
(i.e., User Localness Model (ULM) and Venue Influence Model
(VIM)) based on the Maximum Likelihood Estimation (MLE)
principle. In particular, the ULM estimates the localness of

people (i.e., whether a user is a local resident of a city or not)
from massive check-in points contributed by the crowd. The
VIM identifies the influence scope of each venue (i.e., how
influential a venue is in terms of estimating a user’s home
location). The outputs of the two estimation models (i.e., the
localness of users and venues’ influence scope) are further
taken as inputs into the Home Location Estimation (HLE)
scheme to accurately infer the home location of users.
A. User Localness Model
We denote the local attractiveness of a venue Vx as εx ,
which is the probability that a user is local given that the user
has check-in points at the venue Vx . Furthermore, considering
a user may have different time length of her/his check-in
points, we define lax,d as the probability of a venue Vx to
attract local users whose check-in points in a city last for d
days. Formally, εx and εx,d can be given as:
εx = Pr(Uy = 1|V Ux,y = 1)
εx,d,h = Pr(Uy = 1|V Ux,y = 1, ty = d, sy = h)

(1)

We denote the prior probability that venue Vx is visited by a
user whose check-in points lasts for d days and activity range
is h miles by rx,d . The relationship between εx and εx,d,h can
be expressed as:
εx =

D X
H
X

εx,d,h ×

d=1 h=1

rx,d,h
d ∈ [1, D]; h ∈ [1, H]
rx

(2)

where rx = Pr(V Ux,y = 1) and rx,d,h = Pr(V Ux,y = 1, ty =
PD PH
d, sy = h). Note that rx = d=1 h=1 rx,d,h .
We further denote Mx,d,h as the probability of a local user
(whose check-in points in a city lasts for d days and activity
range is h miles) visits a venue Vx . Similarly, we denote Nx,d,h
as the probability of a non-local user (whose check-in points
in a city lasts for d days and activity range is h miles) visits
a venue Vx . Mx,d,h and Nx,d,h are formally defined below:
Mx,d,h = Pr(V Ux,y = 1, ty = d, sy = h|Uy = 1)
Nx,d,h = Pr(V Ux,y = 1, ty = d, sy = h|Uy = 0)

(5)

Observing that users may visit different numbers of places,
we denote the probability that user Uy visits a place by py (i.e.,
py = Pr(CIy,x = 1)) where Vx is a randomly chosen venue.
We further denote b as the prior probability that a randomly
chosen venue is popular (i.e., b = Pr(Vx = P )). Using the
Bayes’ theorem, we can obtain the relationship between the
items defined above:
tey × py
b
(1 − tey ) × py
Jy =
(1 − b)
Iy =

(6)

Using the above definitions, the problem of inferring home
location of users is formulated as follows: given the VenueUser Matrix VUX×Y , Check-in Matrix CIY ×X , Time Vector TY , Spatial Vector SY and Social Relationship Matrix
SRY ×Y , the goal is to accurately infer the home location of
users. Here, αu and βu are defined as the latitude and longitude
of user u’s home location. Formally, we compute:
(αu , βu |V U, CI, T, S, SR)

∀u, 1 ≤ u ≤ Y

(7)

IV. S OLUTION

Mx,d,h =
Nx,d,h

Iy = Pr(CIy,x = 1|Vx = P )
Jy = Pr(CIy,x = 1|Vx = P̄ )

(3)

We define the prior probability that a randomly chosen user
is local as q, Using Bayes’ theorem, we have:
εx,d,h × rx,d,h
q
(1 − εx,d,h ) × rx,d,h
=
1−q

denotes that venue Vx is popular and Vx = P̄ denotes that
venue Vx is not popular. Formally, tey is defined as follows:
tey = Pr(Vx = P |CIy,x = 1).
We further define a few relevant conditional probabilities:
Iy and Jy are defined as the probability that Uy visits a venue
Vx given that Vx is popular (or not) respectively. Formally, Iy
and Jy are defined as:

(4)

B. Venue Influence Model
We observe that venues have different influence scopes
that actually affect the inference of a user’s home location.
In particular, we define Infx and P opx to be the influence
scope and popularity of a venue Vx respectively such that
Infx + P opx = 1.
To estimate the popularity of a venue, we define the
following terms: tey is defined as the travel experience
of user Uy , which is the probability that a venue Vx is
popular given that the user visits Vx . Furthermore, Vx = P

In this section, we present our solution Unsupervised Home
Location Inference (UHLI) scheme to infer people’s home
location by exploring the localness of users and influence
scope of venues as we discussed in the previous section.
The UHLI scheme consists of three major components: User
Localness Identification, Venue Influence Inference and Home
Location Estimation, which are shown in Figure 3. We will
explain these three components in detail in the following
subsections.

A. User Localness Identification
In this subsection, we present the user localness identification scheme: Localness-Awareness Expectation Maximization
(LA-EM). The objective of the LA-EM scheme is to identify
local users from non-local ones by using the V U matrix, T
vector and S vector.
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Figure 3. The UHLI Framework

1) The Likelihood Function: Given the terms and variables
we defined in Section III, the likelihood function L =
(Θla ; O, Λ) for LA-EM is as follows:
L(Θla ; O, Λ) = Pr(O, Λ|Θla )
Y 
Y
=
Λ(n, y)×
y=1
X Y
D Y
H
hY

(Mx,d,h )V Ux,y

&& (ty =d) && (sy =h)

× Pr(λy )

i

where Ωx,y,d,h is defined as:
Ωx,y,d,h

Mx,d,h



D X

X



1 −
Mx,d,h


d=1 h=H
=

Nx,d,h




D X

X



Nx,d,h
1 −

V Ux,y = 1, ty = d, sy = h, λy = 1
V Ux,y = 0, ty = d, sy = h, λy = 1
V Ux,y = 1, ty = d, sy = h, λy = 0
V Ux,y = 0, ty = d, sy = h, λy = 0

d=1 h=H

(11)

x=1 d=1 h=1


h
+ Λ(n, y) ×

X Y
D Y
H
Y

(1 −

x=1 d=1 h=1

D
X

X

i
Mx,d,h ) × Pr(λy )

d=1 h=H



+ Λ(n, y)×
X Y
D Y
H
hY

(Nx,d,h )V Ux,y

&& (ty =d) && (sy =h)

i
× Pr(λy )

For the M-step, in order to get the optimal Θ∗ that
maximizes the Q function, we set partial derivatives of
(n)
Q(Θla |Θla ) with respect to Θla to 0. We can get the
optimal estimation of the parameters for the next iteration (i.e.,
(Mx,d,h )(n+1) , (Nx,d,h )(n+1) and (q)(n+1) ) as follows:

x=1 d=1 h=1



+ Λ(n, y) ×

X Y
D Y
H
hY

(1 −

x=1 d=1 h=1

D X
X

∗
Mx,d,h

=

d=1 h=H

(8)
where Θla = (M1,d,h , ..., MX,d,h ; N1,d,h , ..., NX,d,h ; q). O is
the observed data (i.e., Matrix V U , Vector T and S). Λ is
a set of latent variables that indicate whether a user is local
or not. More specially, we define a corresponding variable λy
for each user Uy such that λy = 1 if Uy is local and λy = 0
otherwise. Λ(n, y) and Pr(λy ) are defined as follows:

Λ(n, y), Pr(λy ) =

(n)

Pr(Uy = 1|Oy , Θla ), q
Pr(Uy =

(n)
0|Oy , Θla ),

λy = 1

(1 − q) λy = 0
(9)

2) The LA-EM Scheme: Given the above likelihood function, we can derive E and M steps of the proposed LA-EM
scheme. First, the E-step is derived as follows:
(n)

Q(Θla |Θla ) = EΛ|O,Θ(n) [logL(Θla ; O, Λ)]
la

=

Y
X
y=1

Λ(n, y) ×

X
X

(logΩx,y,d,h + logPr(λy ))

x=1

(10)

(n)
y∈SWx,d,h (1 − Pr(λy = 1|Oy , Θla ))
PY
(n)
y=1 (1 − Pr(λy = 1|Oy , Θla ))
PY
(n)
y=1 Pr(λy = 1|Oy , Θla )

P
∗
Nx,d,h

(

(n)
)
y∈SWx,d,h Pr(λy = 1|Oy , Θ
PY
(n)
y=1 Pr(λy = 1|Oy , Θla )

P
i
Nx,d,h ) × Pr(λy )

=

q∗ =

Y

(12)

where SWx,d,h is the set of users who visit the venue Vx and
their check-in points in a city last for d days and their activity
range is h miles.
We further optimize the inference process by leveraging
both Cramer-Rao lower bounds (CRLB) of estimation results
obtained in the previous subsection and the social connections
between users.
The CRLB is defined as the inverse of Fisher information:
CRLB = J −1 , where J is the Fisher information of the
estimation parameter. The CRLB can be used to obtain approximate confidence bounds of the maximum likelihood estimation [28]. Using the likelihood function from Equation (8)
and the results of estimation parameters from Equation (12),
we can compute CRLB to quantify the accuracy of our solution
using a similar method we developed in [35].
In particular, we can assess the estimation accuracy of
the estimation on λx by computing its confidence bounds.

Formally, the confidence bounds of λx are given as:
q
q
M LE
M LE
LE
ˆ
ˆ M LE ))
ˆ
(λ̂M
−
c
var(
λ
),
λ
+
c
p
x
x
p var(λx
x
(13)
where cp is the standard score of confidence level p.
M LE
var(λˆx
) is the estimation variance on λx , which can be
computed from CRLB based on Equation (4).
Using the computed CRLB, we can compute the confidence
bound cbx on the local attractiveness estimation of each venue.
We further define ACy to represent the estimation accuracy of
a user’s localness. Given the Venue-User matrix V U , ACy can
be computed as:
P
x∈V Uy (cbx )
(14)
ACy =
|V Uy |
where CVy is the set of venues user Uy has check-in points.
We then optimize the inference of a user’s localness as
follows: if a user Uy ’s localness estimation accuracy ACy is
less than a certain threshold (we use 0.5 in our experiment) and
have social connections with others, we compute an optimized
localness of Uy by leveraging its social constraints (i.e., SR
Matrix). In particular, we define the objective function of our
problem as follows:
X X
f=
|Λ∗y − Λ0y | · w(y, y 0 )
(15)
y∈SU y 0 ∈SRy

where SU is the set of users who have social connections,
SRy is the set of users who have social connections with
user Uy . w(y, y 0 ) is the strength of social connection between
user Uy and Uy0 , which is reflected by the number of same
venues the two users visited together. Additionally, Λ∗y is the
optimized inference of localness estimation of user Uy and
Λy0 is the localness estimation of user Uy0 from the SpatialTemporal Modeling component. The goal is to find the Λ∗y for
every user in SU that minimizes the defined objective function.
This optimization problem can be solved in linear time using
weighted median algorithm [4].
B. Venue Influence Inference
In this subsection, we present the venue influence scope inference scheme: Influence-Awareness Expectation Maximization (INA-EM). The objective of the INA-EM scheme is to
infer the influence scope of each venue.
1) The Likelihood Function: Similarly as we derive LAEM algorithm, we first setup the likelihood function to
infer the venue influence scope. The estimation parameter
Θina = (I1 , ..., IY ; J1 , ..., JY ; b), where Iy , Jy and b are
defined in Equation (5). Furthermore, we define a vector of
latent variables Z to indicate the popularity of venues (which is
directly related to the influence scope of a venue). Specifically,
we have a corresponding variable zx for each venue Vx (i.e.,
zx =1 if Vx = P and zx =0 otherwise). S is the observed data

(i.e., CI Matrix). Hence, the likelihood function L(Θina ; S, Z)
for the INA-EM scheme can be written as follows:
L(Θina ; S, Z) = Pr(S, Z|Θina )
Y
Y
=
Pr(zx |Sx , Θina ) ×
δy,x × Pr(zx )
x∈V

(16)

y∈U

where δy,x is define in Table I.
Table I
N OTATIONS FOR INA-EM

δy,x

Pr(zx )

Iy
1 − Iy
Jy
1 − Jy

b
b
1−b
1−b

Z(n, x)
Pr(Vx
Pr(Vx
Pr(Vx
Pr(Vx

=
=
=
=

Constrains
(n)
P |Sx , Θina )
(n)
P |Sx , Θina )
(n)
P̄ |Sx , Θina )
(n)
P̄ |Sx , Θina )

CIx,y
CIx,y
CIx,y
CIx,y

= 1, zx
= 0, zx
= 1, zx
= 0, zx

=1
=1
=0
=0

2) The INA-EM Scheme: Given the above likelihood function, we can derive E and M steps of the proposed INA-EM
scheme. First, the E-step is given as follows:
(n)

Q(Θina |Θina ) = EZ|S,Θ(n) [logL(Θina ; S, Z)]
ina

=

X
X
x=1

Y
X
Z(n, x) ×
(logδy,x + logPr(zx ))

(17)

y=1

where Z(n, x) is defined in Table I and n is the iteration index.
In the M-step, as before, we choose Θ∗ina that maximizes
(n)
(n+1)
the Q(Θina |Θina ) function in each iteration to be the Θina
for the next iteration. The optimal solutions of the parameters
for the next iteration (i.e., (Iy )(n+1) , (Jy )(n+1) and (h)(n+1) )
are as follows:
P
(n)
y∈SI Pr(zx = 1|Sx , Θina )
∗
Iy = PX y
(n) )
x=1 Pr(zx = 1|Sx , Θ
P
(n)
y∈SIy (1 − Pr(zx = 1|Sx , Θina ))
∗
Jy = PX
(n)
x=1 (1 − Pr(zx = 1|Sx , Θina ))
PX
(n)
Pr(zx = 1|Sx , Θina )
(18)
h∗ = x=1
X
where SIy is the set of venues user Uy visits. It turns out our
proposed INA-EM scheme could also provide a quantitative
metric to evaluate exactly how popular a venue would be (i.e.,
(n)
Pr(zx = 1|Sx , Θina )). Based on the definition of influence
scope of a venue (Infx ) in the previous section, we can
(n)
compute it for each venue as Infx = 1−Pr(zx = 1|Sx , Θina ).
C. Home Location Estimation
In this section, we formulate the problem of estimating the
location of users as an optimization problem by incorporating
the outputs of the LA-EM and INA-EM from the previous
subsections. We present a new algorithm called Home Location Estimation (HLE) to solve the home location estimation
problem. The objective of the HLE algorithm is to accurately
estimate the home locations of users.

1) Optimization Model Formulation: We formulate the
home location estimation problem as an optimization problem.
In particular, we can generate a weighted bipartite graph
G = (U, V ; E, W ) based on the Check-in Matrix CI and
estimated influence scope score infx of venues. The U and
V represent the set of users and venues respectively (i.e.,
nodes in G). E and W represent the set of edges in the G
and the influence scope scores of all venues respectively. For
simplicity, we use u and v to represent user Uy and venue Vx
in this subsection. If the element CIx,y in CI matrix is 1, we
have a link between node u and v. All edges that end at venue
node v will be assigned the weight infv . We further define
a distance function dist(u, v) to represent the distance (i.e.,
cosine-haversine formula [29]) between the home location of
user u and venue v. Given the generated bipartite graph G and
the GPS coordinates (i.e., latitude αv and longitude βv ) of all
venues, we define the objective function f of our problem as:

f=

X

X

w(u, v) · dist(u, v)

(19)

u∈U (u,v)∈E

where w(u, v) is the weight of the edge (u, v). The goal is to
find the (αu , βu ) for every user in U that minimizes the defined
objective function. In another word, the estimated user’s home
location is the point that has least weighted distance to all
venues she/he visited.
Note thatPfor each u ∈ U , if we can find (αu , βu ) that
minimizes
(u,v)∈E w(u, v) · dist(u, v), then the objective
function f is minimized. So we only need to focus on
finding (α, β)
Pmof user u that minimizes the objective function
f (α, β) = i=1 wi · dist(α, β, αi , βi ), where i is the index
of neighbors of user u and m is the number of visited venues
of user u.
2) The HLE Scheme: We present the HLE scheme to solve
the above optimization problem. We first define the following
terms:
m

A=

1X
wv
2 v=1

B=

1X
wv sin(αv )
2 v=1

C=

1X
wv cos(αv ) cos(βv )
2 v=1

D=

1X
wv cos(αv ) sin(βv )
2 v=1

m

m

m

(20)

To find the (αu , βu ) that minimizes f (αu , βu ), we first
consider the boundary cases. Let αu = ± π2 , we have
f (± π2 , βu ) = A ∓ B. Let βu = ±π, we have f (αu , ±π) =
A − B sin(αu ) + C cos(αu ). For the regular case, we set
derivatives of f (αu , βu ) with respect to αu and βu to 0 and
we can find the desired (αu , βu ) that minimizes f (αu , βu ).

V. E VALUATION
In this section, we conduct experiments to evaluate the
performance of the UHLI (Unsupervised Home Location Inference) scheme on three real-world data traces collected
from a location-based social network service: Foursquare. We
demonstrate the effectiveness of our proposed scheme on these
data traces and compare the performance of our scheme to the
state-of-the-art baselines.
A. Experimental Setups and Evaluation Metrics
1) Data Trace Statistics: In this paper, we evaluate the
UHLI scheme on three real-world data traces collected from
Foursquare. In Foursquare, users can easily share their location
information (i.e., check-in points) at different venues they
visit in a city. Each check-in point is formatted as: (user ID,
venue ID, timestamp). In the evaluation, we selected the data
traces from three cities in U.S 1 : Washington D.C., Boston
and Chicago. The statistics of these traces are summarized
in Table II. The data traces we collected also contains home
location information of users, which serves as the ground truth
to decide the home location of users in our evaluation. One
should note that such home location information is not globally
available for all users in all cities [31], which is the main
motivation to develop UHLI scheme to infer the home location
of people from their check-in points.
2) Data Pre-Processing: To evaluate our methods in real
world settings, we went through the following data preprocessing steps to generate the inputs for the UHLI scheme:
(i) Venue-User Matrix (V U Matrix) Generation; (ii) Checkin Matrix (CI Matrix) Generation; (iii) Temporal Vector (T
Vector) Generation; (iv) Spatial Vector (S Vector) Generation;
(v) Social Relationship Matrix SR Generation. They are
summarized as follows:
• Venue-User Matrix Generation: We generate the V U
Matrix by associating each venue with the users who
visited this venue (i.e., the users who had check-in points
at the venue). In particular, if user Uy visits venue Vx in
the data trace, we set the element V Ux,y in V U to 1 and
0 otherwise.
• Check-in Matrix Generation: By definition, CI Matrix is
simply the transpose of V U Matrix.
• Temporal Vector Generation: we generate the T vector
by setting the corresponding element as the time length
of the user’s check-in trace in a city. In particular, ty = d
if the difference between the first and last check point of
user Uy in a city is d days.
• Spatial Vector Generation: we generate the S vector by
setting the corresponding element as the user’s activity
range in a city. In particular, sy = h if the activity range
of user Uy in a city is h miles.
• Social Relationship Matrix Generation: We generate the
SR Matrix as follows: if user Uy and user Uy0 have a
social connection, we set the element SRy,y0 in SR to 1
and 0 otherwise.
1 https://archive.org/details/201309

foursquare dataset umn

Table II
DATA T RACES S TATISTICS
Data Trace
Number of Users
Number of Venues
Number of Check-ins

Washington D.C
17,231
1,932
25,722

3) Evaluation Metric: In our evaluation, we define two
metrics to evaluate the performance of the UHLI scheme.
The first metric is Average Error Distance for Top-k% Users
(AED@Top-k%). In particular, we denote lu and lˆu as the user
u’s real and estimated home location respectively. dis(lu , lˆu )
is defined as the distance between lu and lˆu . The Top-k%
users are the top k% users who are ranked by dis(lu , lˆu ). In
our experiments, we evaluate the performance of all schemes
by varying the value of k%. A low AED-Top-k% value
means that the approach can geo-locate users close to their
real home location on average for the Top-k% users. The
second metric is Accuracy within M miles (ACC@M) which
we borrowed from [5]. Particularly, ACC@M is used to
measure the fraction of users who can be accurately geolocated within a certain M miles from her/his real home
location. In our experiment, we evaluate the performance of
different techniques by varying the values of M . A high
ACC@M value means that the approach can geo-locate a
larger fraction of users within a given error bound. The
mathematical definitions of AED-Top-k% and ACC@M are
given in Table III.
Table III
M ETRIC D EFINITIONS
Metric

Definition
dis(lu ,lˆu )|Rank(u)<k%
|U |
{u|u∈U ∧dis(lu ,lˆu )<M }
|U |
P

AED@Top-k%
ACC@M

u∈U

B. Evaluation of Our Scheme
Table IV
E STIMATION ACCURACY ON WASHINGTON D.C. DATA T RACE IN TERMS
OF AED@T OP - K %
Top-k% Accurate Users
Alg

20%

40%

60%

80%

100%

UHLI
HLI
MLP
FM
UDI
FL
OAlgo
Aver

0.66
0.80
0.75
0.75
0.73
0.72
0.79
10.78

0.97
1.37
1.22
1.15
1.14
1.16
1.32
1.22

1.42
2.29
2.28
2.04
2.05
2.13
2.24
2.27

2.43
9.33
15.19
9.69
10.54
14.64
9.29
20.01

21.71
82.97
93.83
84.43
88.93
93.34
82.93
259.86

In this subsection, we evaluate the performance of the
proposed UHLI scheme and compare it to the state-of-the-art
user geo-locating techniques that include:

Boston
12,804
1,478
18,296

Chicago
31,965
2,529
48,605

Table V
E STIMATION ACCURACY ON WASHINGTON D.C. DATA T RACE IN TERMS
OF ACC@M MILES
M (mile)
Alg
UHLI
HLI
MLP
FM
UDI
FL
OAlgo
Aver

1

3

5

7

9

0.206
0.142
0.150
0.160
0.161
0.159
0.147
0.149

0.560
0.455
0.426
0.454
0.451
0.441
0.456
0.430

0.696
0.549
0.539
0.569
0.566
0.555
0.551
0.538

0.765
0.621
0.599
0.632
0.629
0.614
0.623
0.598

0.794
0.655
0.627
0.661
0.658
0.643
0.657
0.625

HLI: it proposes a machine learning approach that locate
people’s home location by integrating the spatial and
temporal features of people’s trajectories [8].
• MLP: it proposes a generative probabilistic approach that
infers a user’s locations by leveraging the home locations
of the user’s online friends [18].
•
FM: it infers a user’s location by utilizing the home
locations of the people that visit similar places as the
user [3].
•
UDI: it proposes a unified framework for profiling
users’ home locations by exploring both social network
between users and influence probabilities of different
locations [19].
• FL: it proposes a network-based approach that leverages
the evidence of social tie strength between users [26].
• OAlgo: it presents a hierarchical ensemble algorithm for
inferring the home location of users by exploring the
tweeting behavior of users [22].
• Aver: it simply computes the home location of a user
by taking the average of the coordinates of all places the
user visited.
UHLI scheme differs from the above schemes in the sense
that it is an unsupervised approach which does not require
any training data on the home locations of the targeting users
or their social connections. Instead, it judiciously leverage
the venue locations visited by the users to infer their home
locations using a principled approach.
1) Evaluation Results: In our evaluation, we evaluate the
performance of above schemes using AED-Top-k% and
ACC@M metrics we introduced. The results of AED-Topk% on Washington D.C. data trace are shown in Table IV.
We observe that the proposed UHLI scheme outperforms all
compared baselines. Specifically, it has the smallest average
error distance on the estimation of users’ home location.
•

In particular, the average estimation error of all users is 4
to 12 times better than the compared baselines. The Aver
heuristic that takes the average coordinates of all venues that
a user visited to estimate the user location failed to provide
an accurate estimation (i.e., average error of users is 259.86
miles).
Furthermore, we also evaluate the estimation performance
of all schemes in terms of ACC@M . The evaluation results
on Washington D.C. data trace are shown in Table V. We
observe that the proposed UHLI scheme also outperforms all
compared baselines over different values of M . In particular,
21% and 56% of users can be geo-located within 1 and 3
miles of their real home locations respectively, which is 5%
and 11% better than the best performed baselines.
We repeated the above experiments on Boston and Chicago
data trace. The results on Boston data trace in terms of AEDTop-k% and ACC@M are shown in Table VI and Table VII
respectively. In those tables, we observe that UHLI continuously outperforms all compared baselines with nontrivial
performance gains. The results on Chicago data trace in terms
of AED-Top-k% and ACC@M are shown in Table VIII
and Table IX respectively. The above evaluation results from
real world data traces demonstrate that the proposed UHLI
scheme can effectively infer the home location of users and
achieved significant performance improvements without using
any training data compared to the state-of-the-art techniques.

Table VIII
E STIMATION ACCURACY ON C HICAGO DATA T RACE IN TERMS OF
AED@T OP - K %
Top-k% Accurate Users
Alg

20%

40%

60%

80%

100%

UHLI
HLI
MLP
FM
UDI
FL
OAlgo
Aver

0.67
0.77
1.10
1.45
1.28
1.42
0.75
1.45

1.11
1.68
2.11
2.39
2.20
2.32
1.61
2.38

1.79
2.98
3.30
3.91
3.42
3.41
2.97
3.50

2.77
5.22
4.79
8.96
8.74
4.67
5.30
4.92

29.59
54.32
64.79
72.14
98.98
53.77
54.42
151.16

Table IX
E STIMATION ACCURACY ON C HICAGO DATA T RACE IN TERMS OF
ACC@Y MILES
M (mile)
Alg
UHLI
HLI
MLP
FM
UDI
FL
OAlgo
Aver

1

3

5

7

9

0.190
0.145
0.083
0.051
0.064
0.052
0.151
0.051

0.482
0.332
0.295
0.276
0.294
0.284
0.336
0.275

0.681
0.494
0.447
0.424
0.451
0.451
0.495
0.437

0.766
0.565
0.606
0.512
0.569
0.624
0.554
0.605

0.808
0.681
0.714
0.577
0.658
0.737
0.674
0.715

VI. C ONCLUSION
Table VI
E STIMATION ACCURACY ON B OSTON DATA T RACE IN TERMS OF
AED@T OP - K %
Top-k% Accurate Geo-locating Users
Alg

20%

40%

60%

80%

100%

UHLI
HLI
MLP
FM
UDI
FL
OAlgo
Aver

0.50
0.63
0.54
0.62
0.67
0.61
0.67
0.56

1.02
1.25
1.05
1.22
1.30
1.19
1.30
1.05

1.52
2.03
1.92
2.89
2.11
2.67
2.09
2.00

2.93
7.66
10.22
38.09
8.22
9.13
7.64
15.83

25.49
79.99
86.89
131.51
80.77
80.81
79.52
224.66

Table VII
E STIMATION ACCURACY ON B OSTON DATA T RACE IN TERMS OF
ACC@Y MILES
M (mile)
Alg
UHLI
HLI
MLP
FM
UDI
FL
OAlgo
Aver

1

3

5

7

9

0.221
0.168
0.202
0.177
0.161
0.181
0.155
0.203

0.557
0.462
0.474
0.425
0.424
0.433
0.459
0.477

0.673
0.583
0.569
0.501
0.579
0.508
0.579
0.559

0.713
0.615
0.602
0.532
0.614
0.540
0.612
0.592

0.743
0.643
0.631
0.558
0.644
0.566
0.640
0.619

This paper proposes an unsupervised approach to infer the
home location of people by using the sparse and noisy data
they share on LBSN. We develop the Unsupervised Home
Location Inference (UHLI) scheme that can accurately infer
users’ home locations by jointly estimating the localness of
people and the influence scope of venues under a rigorous
analytical framework. We evaluate our new approach on three
real-world datasets collected from Foursquare. The results
showed that our approach can accurately infer the home
locations of people in a city and significantly outperform
other state-of-the-art baselines in terms of estimation accuracy.
The results of our paper are important because they can
directly contribute to localized recommendation, targeted ads
and urban planning applications where training data is difficult
or expensive to obtain.
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