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Social Networks like Twitter, Facebook and FourSquare have become a part of everyone’s life. The data available from 

Twitter user profiles are used on a large scale in situations like CyberCrime or Crisis management in times of Disasters or emergency. 

Predicting a user's location from his Twitter profile is a bit challenging, because, the user might leave it undisclosed. This paper aims at 

inferring the location of such users, from the location information of his/her friends, through K-mean Clustering. This approach further 

uses the Geocoding technique, an important feature provided by the Twitter application, to accurately find the Latitude and Longitude 

information of the user’s friends. 
 

Index Terms—Twitter Analytics; Location Prediction; Link Prediction; Social Network Analysis; K-Mean Clustering 

 

I. INTRODUCTION  

Mining online social networks provides us with information 
that can be helpful in monitoring real-time events like 
predicting Election, forecasting Epidemics and detecting 
Emergency. Users’ location proves to be essential for various 
kinds of surveillance. As the quantum of spatial information 
increases, the social media user's area becomes one of the most 
vital attributes. Geo-located Social Media information could 
help address critical real-world problems. 

[4] Social Media is a prominent source of Big Data. [55] 
Social media enables people to create, share or exchange 
information. Some of the favorite Social networking websites 
are Facebook, Twitter, FourSquare, LinkedIn, Pinterest and 
GooglePlus.[56] The unique monthly visitors to these 
applications are more than 2 billion. 

II. SOCIAL NETWORK ANALYSIS 

A. What is Social Media? 

Social Media can be considered as a Graph G(V, E), where 
V is the set of all users vi, and E is the set of all edges e(vi, 
vj). All users related to a geographic location li. The 

geographic coordinates (Latitude, longitude) can precisely 
represent any geographic location. This work predicts such 
places which are missing in the Twitter user profile. [68] 
utilized the few labeled nodes of a graph to predict labels of 
the majority unknown nodes. Similarly, let Vk Є V, be the 
users, whose locations are known from their Twitter profile. 
Let Vu Є V, be the users, whose places are unknown, because 
these users chose not to disclose their location information. 
So, Location Prediction can be explained as predicting the 
location lv of every user v Є Vu, such that it is close to the 
original (undisclosed) location. 

B.  Twitter Analytics 

Twitter is a popular social network in the world. Created in 

March 2006, it enables users to send short messages called 

"Tweets." It’s a convenient platform to share one's experience 

and keep in touch with family and friends. It has become an 

arena to showcase world news and also proves to be one of the 

most quantitative and qualitative human information databases. 

Thus, it allows for research in directions of human personality 

analysis, trend prediction, etc.   
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C. Locations in Social Media  

  User locations can be extracted from Social Media 
retrieved in two ways, either by from Computer IP Address or 
from the Mobile Devices.  The first way is not always reliable 
and must be continuously updated. The second way may have 
restrictions on mobile devices. However, many users do not 
mention their geographical location. In this paper, a method 
called Geocoding is used to find out the unknown user 
locations. [1] Social media services like FourSquare and 
Twitter allow users to add location information to their feeds. 
Such information helps social media, in turn, to provide users 
with Location-based services, geospatially enabled services, 
and Location-aware recommendations. Based on the 
geographical proximity of users, obtained through location-
based Social Networks, users can be grouped together and 
localized friend suggestions may be provided 
[10][11][12][13]. Identifying Co-located people can be useful 
in directing support services to affected regions in case of Fire 
or any emergency. 

III.  CHALLENGES IN LOCATION PREDICTION  

Most of the users prefer not to disclose their location. 

Hence, we find out the current position of the user for 

performing election prediction. 

 

[2] In reality, only 14% of Twitter users disclose their 

location. [23] identified that locations of  34% of Twitter users, 

submitted  during registration were false. Even though Twitter 

provides users with the facility of  Geo-tagging with location 

coordinates, nearly half of the users choose not to leak their 

location through GPS function, either  to maintain privacy, to 

prevent bullying and stalking[24] or to save battery power.[2] 

One of the important challenges in Location prediction is the 

disambiguation of Location names(toponym resolution). 

[1]Despite the many uses of geo-tagging and location-based 

serviced, deriving high-quality location inputs remains a 

challenge, because, many users avoid revealing their location 

or either reveal only very general descriptor. One of the 

methods that can tackle this challenge is the network-based 

estimation.  This method derives a user’s location from the 

location of close friends in the social network who are in the 

neighbourhood [14][15]. Some of the challenges of this 

network-based estimation are: 

 Multiple location granularities 

 varying strength (tie) of relationships 

 Conflicting purposes of the various social networks 

 

IV. RELATED WORK  

 

[57,4] studied the research works aimed at predicting 

unknown information about social media users. [4] predicted 

the country of origin of Twitter users based on friends and 

followers. 

[25] used time of the post to predict location. [26][27][28] used 

the content of tweets to predict location. Social network 

relationship [29], user account information [19] [30], Location-

based social Networks [31] [32] [33] are the other techniques 

used to predict location. Machine learning and Probabilistic 

methods , Parts Of Speech Tagging [34],  Named Entity 

Recognition, [35], Gazetteers and Location databases [36] are 

some other techniques used for the purpose. 

[37] estimated the Twitter user’s location by fetching 

their last five geo-tagged tweets that occur within a 15km 

radius. 

[3] [40] modeled home location prediction with Potts model 

[41] [42] to estimate the relation between the probability of 

user living in a city to the distribution of the friendship between 

the user and his/her friends at that location. [70] analyzed that 

besides mutual friendship, two users’ act of mentioning and 

actively chatting with each other also indicate their home 

proximity. [43] proposed Landmark-based home location 

prediction. [44] predicted home location based on multiple 

location profiling. [45] used global inference of location using 

Label Propagation [19] [46] [47] [48]. [49] developed a 

variation called confidence-based iteration. [50][51] study self-

declared locations and time zones. [52] estimated the user's 

workplace as well as home location by using a probabilistic 

model. [53] used real-time inputs from  the user’s followers 

and the user’s history. [54] used tweet location indicators from 

twitter user profiles. [57] proposed a new Classification model 

to classify various attributes of the social media users. [58] 

identified the Nationality of Twitter users from their profiles. 

[59] identified the Twitter user location using only the last 200 

tweets of the user 

               [16] studied the relation between the network and 

geographical location[16]. [17] analyzed how and why users 

share their position. [18] showed that if a person had more 

friends then, they tend to be further away. [19] found a 

Facebook user’s location based on friends’ information.  [14] 

predicted user’s location by choosing the  popular places in 

friends’ information. Another method is the Content-based 

estimation, wherein, the user reveals the location information 

either explicitly or implicitly. [20] predicted if a user lives in a 

location or not. [21] predicted location based on words in 

tweets. [15] tried integrating network and content-based 

estimation. [22] analyzed the posting frequency of geo-located 

tweets, shortlisted co-occurring geo-located tweets and found 

the location of a user was at a particular instant. [11] found the 

reverse, i.e., they found the existence of a tie given a location.  

  [60] used a modified version of k-means clustering to 

create a predictive model of the user’s movements. [61] used a 

hierarchical version of k-means clustering to learn 

automatically about the places the  mobile device visited and to 

report when the device returned there. [62] used modified k-

means clustering to extract significant positions from a trace of 

coordinates. 

 Assuming that users in the same social circle likely 

visit the same area, [6] counted the check-in records within 

each user’s social circle and partitioned the locations based on 

the user’s visiting frequency. [7] assumed that identified 

information of venueless check-ins to enhance user behavior 

pattern detection. 

International Journal of Pure and Applied Mathematics Special Issue

2818



  [8] studied about retrieval of users and tweets relevant 

to specific Locations Of Interest and prediction of the accurate 

location of tweets. [63] identified methods to locate users who 

lived in a particular area and also predicted the location of 

tweets. [64] predicted the location of Twitter users at various 

granularities. 

[65] identified location of Twitter users using Tweet 

content and friends 

 

V. PROBLEM STATEMENT 

[9] found that the relationship between friendship and 

distance between users is inversely proportional. They also 

found that, if two users had common friends between them, the 

chance of them sharing the same geographic location was high. 

They also found that the similarity of content generated by 

users lead the conclusion that the users shared the same 

location. Based on these findings, it can be  inferred that, by 

clustering the places of the friends or followers (who have 

disclosed location), we can find the position of a Twitter user.  

Twitter can augment the gap in Emergency Response 

Systems, by enabling prediction of user locations that require 

immediate attention. Location Prediction and Profiling can be 

used to find the Travelling pattern of a user. Twitter users who 

are Eldersand Patients having Memory Loss can benefit by 

getting guided Travel with applications developed for helping 

them. Predicting the location is also helpful in tracking the 

route of a User. For example, a User’s location can be 

predicted from the Landmark  he is crossing. In the context of 

Espionage, Location Prediction can help identify Terrorist’s 

Location. 

 

VI. METHODOLOGY 

 

The Spatial locations of Twitter users are inferred by using 

the Geocoding technique and K-means Clustering. The 

Geocoding method incorporates two sources of information to 

find out the location of a user, namely, 1. The Twitter 

Authentication to extract the information about the followers of 

user and 2. The Google Maps API to convert the locations into 

latitudes and longitudes. The obtained latitudes and longitudes 

are clustered using K-means clustering and the centers of the 

clusters are found. These centres represent the required latitude 

and longitude of the user. 

 

A. Twitter Authentication:  

Twitter authentication is required to get the access to 

Twitter to retrieve the data of the user. To perform Twitter 

Authentication, we need API key, API secret. Twitter 

Authentication enables retrieval of locations of the user's 

followers are retrieved.  
The steps involved in Twitter Authentication are:  

 

 

 

 

1)  Create an application 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig.1 Flowchart representing activities in Location Prediction 

 

Twitter authentication is the first step. We need to 

create an application and name it on our twitter account. 

Settings -> create app. 

2)   Enable pings to the Twitter API: 

 To access the Twitter API, first, we need to register 

through apps.twitter.com. Once it is done, we get 

CONSUMER KEY (API key) and CONSUMER SECRET ( 

API secret). 

3)  Use the keys in R code: 

 First, install and load the package called twitteR.  

Now use the obtained API credentials in the code. If the keys 

generated are correct, authentication will be done else 

regenerate the keys. 

B.  User Data Extraction: 

During the Twitter authentication, we can extract the 

data about a user or the information about an event from 

Twitter. Here the name of the user, who has not provided his 

location in the Twitter account, is given as input and the 

positions of followers of that particular user are extracted as the 

output. 

C. Organization of extracted User information: 

Once the data of user’s followers’ location are 

extracted, the data has to be organized, because, it is more 

intuitive to deal with data frames when compared to lists. In 

this step, we turn the list of twitter followers into a data frame. 
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D. Geocoding User Location data:  

            [66] A process called GeoCoding is used to convert 

the obtained locations into Latitudes and Longitudes.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 2. Location Prediction of Twitter User based on Followers - System 

Architecture 

 

Now you have the self-reported locations of the account's 

Twitter followers, but you can't yet map them since we don't 

have any supplementary data to tell R where / how to plot an 

entry. Geocoding of locations fixes the problem. 

1) ggmap package in R: 

ggmap package includes the geocode() function that 

allows access the Google Maps API without having to leave R. 

to use this functionality to ping the Google Maps API and 

geocode the locations. It is necessary to remove any instances 

of % since that character doesn’t play well with the API. 

2) Google developers console: 

Create an account in the Google Developers Console. 

Once done, one can acquire an API key via the "Credentials" 

page in  Google Developers Console. If this step is skipped, 

registering you can only use this API 2,500 times per day. 

3) Clean Geocoding results: 

 Cleaning of geocoded results is essential to  

a) remove the improper locations because some users 

load information in the "location" section of their Twitter 

profile that isn’t a location 

b) Removing the ambiguous locations done since it is 

not known precisely which one of these (if any) is the user's 

actual location. 

c)  Remove the misformatted entries (a potential issue 

when simultaneously  dealing with addresses from across the 

world)   

4) Geocode: 

Geocoding is the process of converting the locations 

into latitudes and longitudes to make the locations fit to get 

mapped in the Google Maps using the API key of Google 

Developer Console. The process of converting the latitudes and 

longitudes of a place into the name of the place is  Reverse 

GeoCoding.  

The latitudes and longitudes are subject to a process called K-

means clustering. 

E. K-means Clustering of Followers’ Location: 

             K-means is one of the unsupervised learning  

algorithms that solve the well-known clustering problem. The 

procedure follows a simple and easy means to classify a given 

data set through a certain number of clusters (assume k 

clusters) fixed apriori. Centroids, obtained through this process 

act as the required latitudes and longitudes of the location of 

the user. [67] K-means clustering aims to partition n 

observations into k clusters in which each data belongs to the 

cluster with the nearest mean, serving as a prototype cluster. As 

a result, the data space is partitioned into Voronoi cells. 

 

K-means Clustering of Locations 

Algorithm: 
I/p: k (count of clusters assumed) , n number of user locations 

available as (latitude,longitude) pairs 

O/p: k clusters in which ci is the centroid of tha ith cluster 

1. Assume k locations (x1,y1) … (xk,yk) are the centroid of k 

initial clusters. 

2. For every one of n locations Li(latitiude,longitude): 

a. Find the distance between Li and (x1,y1),….., Li and  (x2,y2) 

b. Allocate the location Li to the cluster which is at minimum 

distance from Li. 

3. Find the new centroids of the k clusters. 

4. Repeat steps 2 through 3 as long as there is reallocation of 

locations among clusters. 

5. Once reallocation of locations over clusters is over, the 

centroids of every clusters represent the label of the cluster. 

 

1) Cluster the Latitudes and Longitudes: 

The latitudes and longitudes obtained in the process of 

geocoding are subjected to k means clustering where we get the 

centers of different clusters. These centers (Latitudes and 

Longitudes) obtained will be the Latitudes and Longitudes of 

the user whose location is unknown.  

2) Plotting Followers’ Location and User’s predicted 

Location on Google Maps: 

             To plot the latitudes and longitudes on Google Maps, 

we need an API key of Google Maps. Now the latitudes and 

longitudes of the user and his followers can be plotted on 

Google Maps. It involves the following steps:  

a) Add points with Latitude/Longitude Coordinates. 

b)  Plot the locations on Google Maps: 

          Followers locations : 

     The Followers locations are plotted on Google 

Maps by obtaining the followers' locations of the User and then 

through Geocoding mechanism converting them to Latitudes 

 Twitter 
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and Longitudes. The Latitudes and Longitudes obtained are 

plotted on Google Maps using Google Maps API. 

User's Location : 

      The Latitude and Longitude obtained as a center 

using K Means Clustering are taken as the required Latitude and 

Longitude of the user and plotted on the Google Maps. 

 

 
Fig. 3. Locations of Followers on Google Maps 

 

Fig. 4. Predicted Location of user on Google Map 

VII. CONCLUSION 

In this work, undisclosed locations of the users were 

found. Some of the applications of this work are in real-world 

problems like Election Prediction. First, Twitter Authentication 

is done to get the information about the users. Next, the 

locations of the user's followers are extracted where the 

obtained locations are converted into latitudes and longitudes 

using a process called Geocoding. The obtained latitudes and 

longitudes are subjected to a process called K-mean Clustering 

to obtain the centers of the clusters. These centers represent the 

latitudes and longitudes of the users. The obtained latitudes and 

longitudes are plotted on Google Maps. 

The two major approaches that were used in literature 

were Network-based estimation and Content-based estimation. 

The limitations of these approaches have been widely dicussed.  

The Network-based estimation has a limitations like varying 

granularities of locations, varying strength of ties and 

conflicting purposes of SN. But such limitations don’t occur 

with the proposed system, because it uses K-mean Clustering 

which is basically grouping items based on similarities. Thus 

the possibility of controversies( in terms of granularities and 

tie-strength) is ruled out from the proposed system. 

Content-based estimation mandates that the user 

disclose his location implicitly or explicitly. But, the proposed 

system overcomes this difficulty by not requiring  the user 

himself to specify his location and predicting from friends’ and 

followers’ information.  

 

VIII. FUTURE WORK 

This work assumes that the k-value for clustering, i.e., 

the number of clusters is known apriori. A better approach 

would be, to estimate the number of clusters at runtime and 

cluster accordingly, increasing the accuracy of the predicted 

location. 

Location Prediction opens up various new areas of 

research namely, Community Crowd Detection. Clustering of 

users based on geographic location enables finding of local 

conversations, which can be analyzed to predict politics[69] 

and social events, logistics management during disasters. 

[38] and [39] discussed the importance of Location prediction 

concerning Logistics Management in times of Disasters, 

Crime, and Emergency.   

  [3] Home location prediction can be made based on 

both Tweet network as well as Tweet Content. Home location 

prediction can be made with Classification whereas Tweet 

prediction. Concerning Tweet posting time, users are time 

distributions whereas tweets are timestamps. Tweet timestamps 

can reveal patterns about users.  

APPENDIX 

Some of the controversies of the Twitter-based 

predictions are: 

1. Predicting the location of Tweeters is accurate only if 

the user is static. If the users move fast, predicting 

their locstion will be wrong. 

2.  Location Prediction is helpful in the aforementioned 

ways, nevertheless, the privacy of Tweeters is at risk. 

Although the Twitter users choose not to disclose 

their location, Twitter API takes the   liberty of 

disclosing the metadata of Twitter users. 

3. Though the potential predictions of Tweeter’s 

behavior are useful in so many tasks like Government 

spying over certain citizens, may not be much 

appealing for the general public, because, it is simply 

Privacy Invasion in another form.  
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