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Abstract
More and more geo-tagged social media data is generated, nowadays, from the geo-tagged tweets, geotagged photos to check-ins. Analyzing this flourish data enables the possibility for us to discover users
daily mobility patterns, profiles and preferences. As a result, based on the analyzed results, new types
of location-based services emerge. In this article, we first introduce the recent advances in locationbased user preferences modeling, which includes: 1) inferring users demographics, 2) identifying users
novelty-seeking characteristics and 3) discovering users shopping impulsiveness. After that, we present
a comprehensive summary on the state-of-arts of the location-based services, which take advantage of
the geo-social media, including: 1) location-based recommendations, 2) location-based predication.

1

Introduction

With the advances in GPS-embedded devices, like smart phones and tablets, and the popularity of online social
networking services, like Facebook, Flickers, and Foursquare, billions of geo-tagged social media data are
generated from geo-tagged tweets, photos and check-ins from location-based social networking services (i.e.,
LBSN). Users’ geo-tagged social media not only records the locations the user has been, but also reflects her
habits and preferences. The geo-tagged social media data serves as a bridge between users’ online and offline
lives, and is drawing significant attentions in many different commerce areas, such as user profiling [27], partner
marketing [2] and recommendations [4].
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Figure 1: An Overview of LBSN
Figure 1 gives an overview a typical location-based social networks, in which the addition of locations
creates new relations and correlations. The geo-social media data analysis focuses on mining the relationships
among the following three types of graphs:

• Location-location graph. In the location-location graph, a node is a location and a directed edge represents the relation between two locations. This relations can be explained in many possible ways. For
example, it can indicate the physical distances between the locations, or the similarities between the locations. Also, it can be connected by the user activities.
• User-location graph. In the user-location graph, there are two types of nodes, users and locations. An
edge starting from a user and ending at a location can indicate that the user’s travel histories.
• User-user graph. In the user-user graph (shown in the top-right of Figure 1), a node is a user and an edge
between two nodes represents the relations between users, as: a) the physical distances, b) the friendship
relations; and c) the other relation derived from the users’ location histories.
With these heterogeneous graphs, semantic meanings of the locations and their temporal orders, many analysis can be done on geo-social media analysis. In this article, we briefly discuss some recent techniques that
analyze users’ geo-tagged media data to build accurate profiles and provide personalized services.

2

Location-based User Modeling

The users’ profile/model information has a great value on providing the personalized services. The geo-tagged
social media is also a very informative source to determine the user’s demographics and some psychological
characteristics.

2.1

Location to User Profile

User profiling is crucial to many online services. Several recent studies suggest that demographic attributes are
predictable from different online behavioral data. In [27], we investigate the predictive power of location checkins for inferring users’ demographics and propose a simple yet general location to profile (L2P) framework.
More specifically, we extract rich semantics of users’ check-ins in terms of spatiality, temporality, and location knowledge, where the location knowledge is enriched with semantics mined from heterogeneous domains
including both online customer review sites and social networks.
Spatiality. To capture the spatial distributions of users’ check-ins, we segment a city into disjointed regions.
Each check-in of a user is assigned to the region that the check-in occurs in. Nevertheless, instead of using a
uniform segmentation (grids) for a city, we adopt a morphological segmentation of urban spaces [23], where the
regions are segmented using high level roads in a road network. Since transportation in urban areas is usually
restricted by networks, such segmentation preserves the semantics of users’ movements and the topology of road
networks. Figures 2(a) and Figure 2(b) visualize the segmentation results of Beijing and Shanghai, where the
segmented regions are indicated with different colors.
Temporality. Human mobility is imbued with ample temporal patterns at different granularities, e.g., day of the
week and time of day. For example, office staff commute from home to their company every weekday morning.
It’s common to see a retired person shopping in the supermarket on a weekday afternoon and a taxi driver
working at midnight during holidays. Recent studies have also found that human mobility follows a high degree
of regularity [9]. Here, we split a week into two parts: weekdays and weekends. For both of them, we split a day
into hourly time bins. Thus, we have a total of 24 × 2 time bins for the expression of temporal patterns. Similar
to spatiality, we discretize the timestamps and assign the corresponding time bins for each check-in of a user.
Location Knowledge. Human mobility strongly correlates to the functionality of locations which motivates
people to travel between different places. Apt instances are: students go to school because they acquire knowledge there; businessmen go to a city’s central business district because they conduct commercial affairs there;
people go to restaurant districts because they have lunch or dinner there. A check-in is typically associated
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Figure 2: Region segmentation for spatiality
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Figure 3: Dynamic choice novelty of individuals w.r.t an example of DCN matrix
with a Point of Interest (POI), which belongs to a certain category, e.g., teaching building or shopping mall.
Furthermore, the semantics of a location sometimes contain far more information than just the category, e.g., the
atmosphere and price range of a restaurant, or the quality of a college. These semantics can be enriched with
“human knowledge” which are revealed from customer review sites (such as Yelp and Dianping) and online
social networks (when users mention these locations).

2.2
2.2.1

Location to User Characteristic
Novelty-Seeking

Novelty-seeking is one of very important user characteristics, which can be used in recommendations and promotions. In previous research [19] looks into the measurement of novelty-seeking trait, using the survey-based
approaches, which are vulnerable to memory error. Based on the geo-tagged data on social media, we can explore individual novelty-seeking trait in a complete data-driven way. Such an approach can analyze data at a
much larger scale than questionnaire-based methods. For example, if we observe a person prefers to explore
new places on Foursquare, we probably would conclude that she is a novelty-lover.
In this work [24], we use a user’s check-in sequence on social media to infer her novelty-seeking trait. We
present a matrix, which is termed as dynamic choice novelty (DCN), to calculate each place’s novelty degree at
each time, where the each row measures the partial order of the places for a particular check-in behavior. As
shown in Figure 3(a), given user1 faces three places for choice at last check-in, the vector corresponding to the
last row in Figure 3(b) indicates, at this moment, which place is more novel for her. At each time in a user’s
check-in sequence, we define her novelty-seeking level. For example, in Figure 3(a), if user1 choose place o3
at the last time, it is more likely she has a high novelty-seeking propensity at that moment and wants to explore
something new. Then, we define novelty-seeking trait as a real number, which is represented as the mean of a
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Figure 4: Check-in/social post density distribution of Qing-Feng Steamed Dumpling Shop
multinomial distribution, where each element refers to the probability of having a specific novelty-seeking level.
The larger the novelty-seeking trait, the greater the novelty-seeking propensity the individual possesses and vice
versa.
2.2.2

Shopping Impulsivity

Consumer impulsivity is another important user feature that is very useful for the consumer behavior study
and recommendation. It is reported that more than 70% of all the supermarket-buying decisions are unplanned
or impulse purchases [11]. Over decades, researchers have developed numerous scales to measure consumer
impulsivity, e.g., [18], using interviews and surveys. However, their work is also vulnerable to memory and
large-scale population.
In this work [25], by connecting visible posts on social media with consumer’s physical consumption behavior reflected by geo-tagged activity, we propose a new method to explore consumer impulsivity in a completely
data-driven way. For example, Figure 4 shows after the Chinese president visited a shop, there was a surge in
both social media exposure of this shop and check-in frequency at this shop. The strong association between
social media exposure and check-in frequency implies some consumers are impulsive triggered by stimuli from
social media.
The intuition is that the check-ins of a consumer contain abundant information of her in-store consumption
in daily life, e.g., POI indicates the geo-location and shop category where she consumes, while the timestamp
reveals the chronological order. Note that some check-ins are not related to consumption activity. Thus, we only
focus on check-ins related to consumption activity, e.g. check-ins in the restaurant, shopping or entertainment.
On the other hand, a wealth of information embodied in the published posts on social media might provide
incentive for consumption behavior as illustrated in Figure 4. Thus, we consider the posts published by a user’s
friends as the source of stimuli for impulsive physical consumption behavior.
Given different shop’s stimuli strength, we apply a graphical model to calculate a user’s consumer impulsivity. The basic principle of the model is that, when a consumer is at a higher impulsivity level, she is more likely
to be primed for accepting a shop with a larger stimuli intensity, and the usual shop preference is more likely to
be neglected in this case; however, when she is at a lower impulsivity level, in this situation, she is more likely
to choose a shop according to her usual preference.

3

Location-based Services

With the users’ massive location histories, many new types of location-based services also emerge as the result
of the analytic results.
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Figure 5: Main Idea Illustrations of Popular Location-based Recommendation Techniques

3.1

Location-based Recommendation

Location-based recommendations emerge from two lines of services: 1) location-based services and 2) recommendation services. The traditional location-based services answer spatial queries. However, in many cases, the
results with the closest spatial distances do not satisfy a user’s preferences. On the other side, the conventional
recommendation services are very successful in providing the suggestions for the users with generic items, like
books, movies and products. With the rapid development in GPS-embedded phones, more users are looking for
recommendations related with their locations, e.g., suggestions for travel, news, and activities.
The earliest attempts, e.g., [17, 20] in location-based recommendation uses content-based filtering techniques to suggest venues to a user by match the similar terms between the user and venue profiles. The following work, e.g., [26] includes the crowd wisdom to improve the quality of the recommendation, by mining the
user trajectory patterns. The most recent research, e.g., [3], further extend the previous work and making the
recommendations more personalized.
Most recently, with the popularity of geo-tagged media data, the location-based recommendations are not
limited to recommend the stand-alone venues to the user. Many different types of applications are proposed and
developed to recommend various items using users current and historical locations, including: 1) travel routes,
2) users, 3) activities, and 4) social media. More detailed survey can be found in [4].
There are mainly three types of methodologies used by location-based recommendations, as being based on:
1) content, 2) link analysis, or 3) collaborative filtering.
Content-based Recommendations, such as [17], match user preferences (e.g., income, gender, and race),
with features extracted from locations, such as tags, price ranges and categories, to make recommendations. In
this approach, the predication score is calculated based on the similarity measures of the matching contents, as
well as the spatial distances.
Link Analysis-based Recommendations, e.g., PageRank [16] and Hypertext Induced Topic Search
(HITS) [10], extract high quality nodes and nodes closeness by analyzing the network structure. In locationbased recommendation scenario, [21] extends a random walk-based link analysis algorithm to provide location
recommendation. [26] extends the HITS algorithm, which is a reinforcement iterations between the user experiences and venue popularities, to recommend experienced users and interesting locations, as demonstrated in
Figure 5(b).
Collaborative Filtering-based Recommendations, or (CF) is one of the most widely used models in conventional recommendation systems. The intuition to extend the CF model for location-based recommendation
is that a user is more likely to visit a location if it is preferred by similar users. As shown in Figure 5(a), the CF
approach used by location-based recommendation systems consists of three processes: 1) candidate selection,
2) similarity inference, and 3) recommendation score predication.

3.2

Location-based Predication

Location prediction, which infers the places a user would be in a near future, as illustrated in Fig 6. This service
plays important parts in urban planning, traffic forecasting, advertising and recommendations.
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Figure 6: A typical scenario for next check-in location prediction
The traditional approach applies Markov models directly, which estimate the transition probability between
locations, e.g., [22, 1]. However, when being applied for mobility trajectories from location-based social networks, due to the data sparsity and the missing-value issues, such models suffer from the over-fitting problems.
Thus, a variety of improved models have been suggested and validated, such as Markov model with smoothing
techniques [12], hierarchical bayesian language model [8]. The basic idea of these models is to recursively integrate high-order Markov model with low-order one [5], so that when lacking sufficient data, lower-order Markov
models could play a more important role. As the higher-order Markov model limits location predictability with
limited number of mobility data, non-parametric methods have been used for estimating the limit of predictability [14], which first apply non-parametric entropy measures, i.e., LZ estimators, to get the extent of the repetition
of mobility patterns, and then based on Fano’s inequality [7], transform the estimated entropy into the limit of
predictability. The predictability on cell tower traces can achieve up to 93% but only 40% on check-in traces
from location-based social networks.
To incorporate the geographical information of locations, much work focuses on geographical modeling
of human mobility data. For example, periodic mobility model (PMM) based on a two-component Gaussian
Mixture model has been proposed to take into account the temporally and spatially periodic behavior [6]. Since
two-component mixture models are often impractical, two-dimensional kernel density estimation has been proposed for this goal [12]. In order to take into account the implicit-feedback characteristics of mobility data [13],
an optimization-based density estimation has been suggested for geographical modeling and achieves a superior
predicting performance.
To further address the issue, when a user comes to an unfamiliar area, many other information in the social media has been leveraged, e.g., 1) social relationships [8, 6], where they find that social relationships can
explain about 10% to 30% of all human movement; and 2) similar users, as studied in [12], typically, collaborative knowledge is not only from online friends, but also from users sharing similar mobility patterns, social
backgrounds, interests, or social statuses.
We have already observed the advantage of collaborative prediction models, but their two different perspectives show the distinct superiority in performance. For example, collaborative filtering models usually works
well when users deviate from routines. This imposes another challenge to collaborative prediction models, that
is to determine in which case social conformity should take effect. This is challenging since these collaborative
models don’t take into account the context information, such as time, activity and accompanies. Therefore, an
exploration prediction algorithm has been studied in [12, 15] and applied for improving collaborative prediction
algorithms.

4

Conclusion

In this article, we discussed many case scenarios on analyzing users’ geo-social media data, from discovering
users’ profile and characteristics to personalized location-based services, like recommendation and predication.
We show that there is a great potential in mining and analyzing the geo-social data. We also believe that with the
more generated geo-tagged social media and other context information, like weather and mood, more interesting
and useful scenarios can be served.
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