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Abstract
In data management, uncertainty and lack of information are commonly considered as hurdles to overcome. But when it comes to management of geosocial data, where data can be used to associate people
with geographic locations they visited, uncertainty is frequently not just an obstacle but also a desired
feature. Uncertainty and lack of information—such as knowing only approximate locations of users or
knowing only some of the locations users visited—may reduce the accuracy of data analysis. They, however, may be desired, or even required, for keeping user privacy, and for using data that otherwise would
not have been collected and used. Due to the heterogeneity of geosocial data, uncertainty is prevalent
in geosocial applications, and should not be overlooked. In this paper, we discuss some of the causes of
uncertainty in geosocial data management. We elaborate on some of the advantages and disadvantages
of using inaccurate or incomplete geosocial data, and we illustrate some of the methods to cope with
uncertainty in geosocial applications.

1

Introduction

In the last decade, GPS-enabled devices have become ubiquitous, and millions of people started using them
to create geotagged content. In geotagged content, social-media items, such as photos or textual messages, are
associated with a tag specifying a location—usually the coordinates of the place where the item was created, e.g.,
associating a photo with the place where it was taken. Alongside, online social networks have become a popular
mean of sharing and disseminating personal and general information among groups of people. Facebook, which
as of today is the largest online social networking site, has over 1.71 billion monthly active users, with 1.57
billion mobile active users. Facebook users generate about 4.5 billion “likes” per day (based on Facebook’s
statistics for June 2016). Instagram has about 500 million monthly active users, and Twitter has about 300
million monthly active users, who produce around 500 million tweets per day. Part of this massive contentsharing activity is the creation and the sharing of geotagged content. In addition, online geosocial networks like
Foursquare (https://foursquare.com/) provide users with the ability to check-in at a place, yielding
a record which contains the location, time and venue information of the action. Foursquare has more than 50
million active users, and the overall number of check-ins it collected is estimated to be between 7 and 10 billions.
Although only a small percentage of the content in Facebook, Instagram and Twitter is geotagged, geosocial
datasets comprising of geotagged items and check-in records are generated nowadays in an unprecedented pace,
and they are becoming a valuable source of geospatial information. Check-in records and geotagged items
are produced as part of the daily activity of users, thus, they constitute a rich source of information about the
mutual influence of the location on user behavior and on social relationships among users. For example, such
information reveals that social relationships have a greater influence on long travels than on short travels of
people [15], or that users have a greater tendency to interact with social websites like Facebook when they are
in a familiar place, like their home, than in places that are unfamiliar to them [33].
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Figure 1: Popular jogging areas

Figure 2: Popular places to watch the sunset

The advent of geosocial data has provided researchers with an opportunity to access a valuable source of
information about people and places. The research community has studied miscellaneous ways to utilize geosocial data, and many prototypes of geosocial applications were developed. This includes studies of the use
of large geosocial datasets for location recommendation [3, 42], combining social networks and spatial networks [18], route recommendation [19, 37], detecting unusual social activities [35], predicting spread of diseases [34, 49], detecting natural disasters like earthquakes and depicting realtime geospatial information during
the event [2,7,38,51], detection of local events in a city [60], and so forth. For example, Fig. 1 and Fig. 2 present
popular jogging places and popular locations to view the sunset, in or near Manhattan, based on geotagged posts
(depicted by red squares and purple polygons). The areas were discovered using the search tool of Pat et al. [43],
by finding locations that are associated with the search terms, e.g., places in which a large percentage of the posts
mention the search terms. Such a search, which is based on geotagged posts of real users, is different from traditional geographic search that is mainly based on names and categories of geographical entities. The interest in
geosocial data is, however, not limited to the scientific community. For instance journalists use geotagged data
to measure popularity of locations, e.g., The Huffington Post relied on geotagged data to evaluate and rank the
popularity of museums around the world.1
When collecting geosocial data, frequently there are two conflicting goals. On the one hand, there is a
tendency to collect as many data items as possible. On the other hand, there is a desire to collect data that are
accurate, reliable and complete. In many applications it is essential to use a large volume of data. For example,
places that are only seldom visited may not be represented in a small dataset, so in location recommendation
or in geographic search, such places may never appear in the result if the dataset is too small. In data analysis,
clearly the amount of data over which the analysis is conducted can affect the accuracy of the result. So, while an
analysis using a small dataset can lead to inaccurate or uncertain results, methods to increase the dataset often add
data that is imprecise, incomplete or without a clear semantics, as will be elaborated hereafter. Using a dataset
that was enlarged this way requires coping with uncertainty regarding location, time and other attributes. In this
paper, we examine some of the causes of uncertainty in geosocial data management and geosocial applications,
and we discuss advantages and disadvantages and of using incomplete or inaccurate geosocial data.

2

Causes of Uncertainty and Lack of Information

We elaborate now on uncertainty in geosocial data. A geosocial dataset is a collection of items posted by users
of an online geosocial network. In a complete dataset, each item has a location, given as a pair of longitude and
1
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latitude coordinates, and additional optional attributes such as time, content, and so forth. Each item is associated
with the user who posted it. Users are connected to one another in the social network, by friendship or other
types of social relationships. Datasets can be homogeneous, where all the items are similar to one another, e.g.,
a dataset of textual tweets or a dataset of geotagged Flickr photos. Other datasets may have multifarious content,
with a mixture of textual items, photos, videos, check-in records, and so on. In particular, geosocial datasets
that are collected from diverse social-media sources may consist of posts of many different people, hence, such
datasets are frequently heterogeneous, inaccurate or incomplete. To process and use either homogeneous or
heterogeneous geosocial datasets, the following obstructions should be taken into account.
Inaccuracy. The location of an item is frequently measured using the global positioning system (GPS),
which has a limited accuracy. According to the GPS performance standards2 , well designed GPS receivers have
been achieving horizontal accuracy of 3 meters or better and vertical accuracy of 5 meters or better 95% of the
time. This is, however, affected by atmospheric conditions, sky blockage, and the receiver quality. Such accuracy
is insufficient for determining with certainty the building in which a user checked-in or an item was geotagged.
For a GPS device on a moving car, the accuracy of the geolocating process is insufficient for determining the
lane, so there is some uncertainty in the matching of the GPS measurements to the road on which the car
traveled. The problem of matching a sequence of GPS points (trajectory) to the road network is known as “map
matching”, and it received a lot of attention in the literature [47].
The time attribute of a check-in record or of a geotagged post can be inaccurate as well, because devices
may relate to different time zones, may not be updated to reflect daylight saving times, etc. Also other attributes
may have accuracy errors. Applications that use these attributes must take the possibility of inaccuracy into
account. For example, in an application that aims to find pairs of users who were at the same place at the same
time, relying on items that were sent from nearby places at near times needs to take into account uncertainty due
to inaccuracy in the recorded locations and times. In geosocial datasets, inaccuracy of the location or of other
attributes can also be due to privacy considerations, aiming not to reveal the exact location of users [44].
Lack of spatio-temporal attributes. Only a small percentage of the content in online social networks is
geotagged [45]. There are estimations that less than 2 percent of the tweets in Twitter3 and 15 to 25 percent
of the post in Instagram4 are geotagged. Several studies showed how to increase the size of the dataset by
geolocating untagged posts. This is not an easy task because there is only a partial correlation between textual
content and locations, in geosocial datasets [28]. For example, a posts in New York that mentions “Kinky
Boots” can be mapped, with high certainty, to the location of the theater where the Broadway show by this
name is presented [12], but many posts do not contain any phrase that can be mapped to a specific location with
certainty. Different methods were developed to cope with this problem. Using merely geographic names and
personal attributes of users can provide an effective but inaccurate method for geolocating tweets, e.g., Schulz et
al. [52] mapped 92% of their test dataset with an error of up to 30 kilometers. It has been shown how to compute
language models of areas based on geotagged posts, and based on that, find the location of untagged posts [32]. It
has been suggested to use relationships among users in the process, however, this is not an accurate method, e.g.,
the median error of such a method, in the study of Compton et al. [16], was greater than 6 kilometers. More
accurate methods rely of the use of Gaussian Mixture Model (GMM) and Maximum Likelihood Estimation
(MLE) [13, 22, 45], but they can be applied only on some of the content, e.g., Flatow et al. [22] mapped about
80% of the Instagram posts in their dataset, with an error of less than 1 kilometer. The geolocating process can
frequently increase the size of the dataset, but it is limited, because there is a tradeoff between the accuracy (the
percentage of mappings in which the item is mapped to the correct location), the precision (the distance between
the assigned location and the real location, in a correct matching) and the coverage (percentage of posts that are
2
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mapped to a location). Hence, coping with datasets that were extended by geolocating untagged items needs to
take into account the underlying uncertainty in the location of posts, and the incompleteness of the process.
Anonymous or false data. Users are not always associated with the content they create. In many cases this
is due to privacy concerns [23, 46, 58]. However, there are other reasons for that, e.g., forwarding may cause
users to share geotagged content they have not created, users may share content while using the device and
the account of a friend, etc. In addition, there are cases where users intentionally report a false location. For
instance, in online geosocial networks that reward people who have many check-ins at a particular location, users
may create false check-ins to receive the reward [10, 11]. Hence, a geosocial dataset that associates people with
visited locations is expected to include some incorrect associations, which leads to uncertainty in the matching
of people with the places they visited.

3

Coping with Uncertain and Incomplete Data

The problem of coping with uncertain and incomplete geospatial data received a lot of attention, but only some
of the proposed solutions are suitable for applications over geosocial data. In many studies, a probabilistic data
model is defined, to represent uncertainty regarding the relevance or the correctness of geospatial objects [17,31,
40,50], or to represent an object location as a spatial distribution [54]. In such a solution, each object is assigned
a probability, and query evaluation takes the probabilities of the involved objects into account, e.g., returning
only answers with a high probability of being correct, or associating a confidence value to query answers [14].
It has also been shown how to use interactivity to cope with uncertainty in route planning, where users provide
feedback regarding the relevance of visited objects, and the route is recomputed accordingly [25,30]. It has been
suggested to integrate data from two or more uncertain sources, to decrease the overall uncertainty [61], although
in some cases, integration of geospatial data sources leads to uncertainty in the correctness of the association of
the objects of the different sources [6]. Several papers studied uncertainty in moving objects [53, 55, 57]—they
proposed methods to bound the area in which the object may reside and apply computations accordingly [56,62].
It has also been shown how to index objects with an uncertain location [20].
Different methods, including topological [29, 36] and probabilistic [8] methods, were suggested for coping
with the map matching problem, i.e., mapping GPS points of trajectories of moving objects to the underlying
road network. In map matching it is frequently required to deal with sparse data, e.g., when applying dilution
(simplification) to reduce storage space and transmission costs [9, 26], or with partial knowledge about the
map [59]. A common technique to cope with inaccurate or sparse trajectories in map matching is by constructing
a Hidden Markov Model (HMM) over the trajectory points and the road network, and applying Viterbi algorithm
to compute the matching [27, 39]. Emrich et al. [21] and Niedermayer et al. [41] showed how to represent
trajectories as stochastic processes.
Many of the methods that were proposed for coping with uncertainty in geospatial applications only provide
a limited solution for uncertainty in geosocial applications. First, often methods to geolocate untagged items
have an accuracy of several kilometers, and can only be applied on part of the available items. So, methods
that bound the error or rely on having a small error in the location of items may not be effective. Secondly,
methods to cope with moving objects often rely on the knowledge that the sequence of points in the trajectory
is a continuous travel along roads of the road network, and this helps reducing the uncertainty. This is not
always possible with sporadic check-ins or isolated geotagged items. Thirdly, due to privacy restrictions, it is
often desired to keep locations inaccurate (obfuscated) or concealed. Due to regulations and the desire to protect
user privacy, companies often do not try to reveal the location of any particular user, and deliberately apply
computations over data in which locations or associations between users and locations are concealed.
There were studies on how to use information such as the social relationships of users or other personal
attributes of users to cope with uncertainty regarding the location of users and their posts [1, 48, 52], but this
approach has a very limited accuracy in comparison to GPS. First, the online social relationships of a person are
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not necessarily with people who live nearby. Also other personal attributes cannot always indicate how often
the person travels and to where. Even if a good estimation of the area in which a user is active can be achieved
based on the locations of the geotagged items and check-ins of that person, these may not always be available
or may be too dispersed. Location information from other sources, such as call detail records (CDRs), could
have improved the accuracy of a location estimation [5, 24], but such data are proprietary and are inaccessible
to most of the analysts. In addition, CDRs are associated with a cell tower rather than with an exact location, so
the locations they provide are sparse and coarse. Hence, the question of how to analyze the locations of masses
of people based on available geotagged data, and gain accurate and reliable results, is still an open question.

4

Discussion

Online geosocial networks provide up-to-date information that can be used for analyzing relationships between
user activities and locations. The content that users share in such networks can be utilized by various applications, but this needs to be done with care because geosocial datasets are often heterogeneous, incomplete and
inaccurate. In particular, many items are not associated with a location or are associated with an inaccurate
location. Yet, there are many benefits to using such data and cope with the entailed uncertainty. Such datasets
allow researchers to analyze large volumes of data of real users. But, because the data are of real users, they
should be handled with care. It is imperative to avoid causing a privacy breach. It is also essential to prevent
a statistical bias when removing inaccurate or incomplete data. For example, the awareness of location privacy
is affected by age, where teenagers are less aware of privacy risks than adults [4], so the age distribution of the
users, in an analysis of geotagged content, may be different from the age distribution of users of online social
networks, and different from the age distribution of the entire population. Analytic methods should take this into
account and should be applied in a way that mitigates such biases.
By adapting algorithms and applications to use incomplete and inaccurate geosocial data, and cope with
the uncertainty that occurs when using such data, it would be possible to use larger datasets, to increase the
accuracy of data analysis, while not forcing users to give up their privacy. Using large diverse data sources is
essential for achieving fairness in applications like recommendation systems, by alleviating the “rich get richer”
phenomenon, that is, a case where a system limits its recommendation to a small set of entities, which due to
the recommendations receive more visits and by that increase their chances to be recommended further.
There are many open research questions in this domain, such as how to build recommendation systems that
take uncertainty (e.g., inaccuracy and incompleteness) into account; how to detect events and spatial trends based
on social media data, while taking into account that many items are untagged or have an inaccurate geotag; and
how to apply correctly analysis over inaccurate and incomplete geosocial content.
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