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Introduction
Accurately assigning a geolocation to a tweet is useful to

a broad range of applications, such as, disease surveil-

lance through social media [5]. However, only about 1%

of tweets contain accurate location information [2].

Previous methods use machine learning models trained on

the textual content of the tweet and the user’s past tweets

to identify city-level location information. These methods

are heavily dependent on heuristics and the granularity of

the training data; any extension would require intense re-

structuring of the classifiers. They also require access to

the users’ timeline.

In this paper, we examine the reliability and accuracy of

predicting tweet origin locations based on meta-content of

the of the tweet itself. Specifically, the user-supplied loca-

tion and description fields, as well as propose a lightweight

system for identifying the location of a user.

Related Work
Identifying the locations of these trends has been examined

from several different angles [1, 8, 7]. The common focus

is predicting the home location of a Twitter user based on

their past tweets.

These methods require a large amount of operational over-

head, i.e. a very large number of tweets from each user

and other data obtained from the Twitter API, or a com-

plicated prediction mechanism. Also each study adopts a

different approach to error measurement, thereby making

comparison of method performance difficult.
Paper Full Timeline Graph Distance Error Tweets

Compton, et al.[1] Y Y N 25B

Mahmud, et al.[4] Y N N 1.5M

Priedhorsky, et al.[7] N N Y 30k

Zhang, et al.[8] N N N 1k

This work N N Y 326k

Table 1: Summary of techniques used in literature for

tweet distance estimation.

Methods
Our data consists of tweets collected from April 11 to April

19, 2016. The Twitter API was used to identify users in

Oklahoma who supplied location information with their

tweets. 325788 tweets were collected during this period.

A python program sent the unaltered text in the user ‘lo-

cation’ fields to the Mapbox geocoder1. In parallel, two

Scikit-learn [6] SVR regressors were trained on the ‘loca-

tion’ and ‘user description’ fields of the tweets.

Experiments
First, we determined what percentage of users in our data

set reported a location which could be resolved (not nec-

essarily correctly) with the Mapbox API. We found that

approximately 56% of users’ locations could be resolved.

Next, we examine the accuracy of these locations as com-

pared to the actual origin. The location field is geocoded

with the Mapbox geocoder API. If a location is identi-

fied, its coordinates are determined via the API. Finally,

we built two estimators with the Scikit-learn library to es-

timate the origin of the tweet based on the meta data to

predict the latitude and longitude, respectively.

Since both the geocoder and the Twitter API describe users’

locations as bounding boxes, we require an error calcula-

tion method that can describe an average distance, and also

the potential range of that distance to deal with the prob-

lem of overlap.

We model the distance between the actual and predicted

regions as the average distance between any two random

points selected respectively from the two region. We as-

sume that any point within the regions could be the origin

point with an equal probability.

The user’s ‘location’ and ‘user description’ fields were to-

kenized into uni- and bi-grams, and each regressor was

trained independently on the first 90% of the tweet dataset,

leaving the remaining 10% for testing. Therefore, the two

bounding boxes are simply two uniform probability distri-

butions, whose mean distance is simply the distance be-

tween the two centroids: µAB = µcenterA − µcenterB.

To address the problem of overlap and containment, we

propose examining the standard deviation of the mean of

µAB : σAB =

√

σ2A + σ2B, where σ2 is in the latitudinal or

longitudinal direction. If two regions are centered exactly

on the same point, the mean distance will be zero, but this

calculation reveals how much the two regions differ in size.

Left: A bounding box diagram indicating the difference

between predicted origin (pink) and ground-truth origin

(purple). Below, left to right: Overall regression error

frequencies from ML algorithm. Standard Deviation Fre-

quencies. Error when tweets have been slightly filtered to

eliminate noise.

Discussion
This method of error calculation relies on two assump-

tions. First, the tweet could have originated from any point

with uniform probability. Second, both regions are rectan-

gles, whose respective sides are parallel.

We found almost 30% of the tweets with location field data

can be resolved to city-level accuracy by simply geocod-

ing the text with no alterations. Our mean accuracy was

approximately 1941 km.

Hecht et al. [3] reported that approximately 34% of users

had either non geographic information or simply nothing

entered in the ‘location’ field. Our results suggest that au-

tomated techniques could eliminate these from the dataset

and thus improve overall prediction accuracy.

Summary & Future Work
In this work, we made several steps toward location pre-

diction of social media users. We have examined the ac-

curacy and reliability of geocoding users’ location infor-

mation as a way of predicting tweet origin locations. We

have also demonstrated the potential utility of this infor-

mation through machine learning on the textual content.

Finally, we have established a robust and straightforward

method for accuracy measurement in terms of the distance

between the predicted location and the ground-truth loca-

tion of tweets. In the future, we will engineer several tech-

niques to improve accuracy and evaluate the results on a

larger data set.
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