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Abstract- At the present time, social media is not only
used for connecting people in a virtual environment, but
is also considered as a reach source of information for
organizations and public service agencies to facilitate
their policy and decision making processes. As an
example, such crowdsourced data can be considered as
a complementary source for analyzing people choices.
In this study, we attempt to show how social media data
can be used (and utilized) in order to extract travel
mode choice which can be used as complementary
source of information to improve traditional costly
methods such as House Travel Surveys (HTS). The
contents of Twitter data posted in Melbourne
metropolitan areas have been analyzed to determine
travel mode choices information. The results show,
walking and driving modes are the most frequent travel
modes extracted from Twitter data while public mode
of transportations such as bus and taxi are rarely
detected. Future research is required to extend this
approach by considering and validating socio-
demographic metrics of social media users so as to
utilize social media data as complementing source of
information for HTS.

1. INTRODUCTION AND BACKGROUND

Around eighty percent of American use social
media and near two third of the global internet
population visits social networks [1]. Social media
provides a chance to have and share on-time or
recently updated data which makes it more attractive.
Also, the cost for collecting this often freely available
data is much cheaper than traditional data collection
process. So, this has extended the use of social media
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from only connecting people to a rich and massive
data source to study human interactions and behaviour
in different industries such as health care [2-4],
marketing [5-7], food industry [8, 9], emergency
management [10-13] and transportation [14-16] to
facilitate their operation or management.

A social media post and particularly a tweet (a
post in Twitter) typically contains time, date and text
and may has geographical coordinates (geo-tagged).
In the literature, mainly time, date and geographical
coordinates are used for spatial-temporal analyses and
content of tweets has not received attentions as other
components of a post due to the complexity of text
mining and text analyzing techniques.

The main challenge which makes utilizing social
media data complicated is the huge size of available
data which often needs more advanced computing
techniques to collect and store such a massive data
and shorten the processing time.

II. LITERATURE REVIEW

For instance, Fu et al [17] investigated the
feasibility of incident detection using information
from the people posts in Twitter in order to facilitate
the effective management of the emergency situations.
Their research methodology is limited to searching
keywords that possibly are related to the incidents
social media’s users involved or observed. Similarly,
Mai and Hranac [18] proposed social media data can
be used to alert an incident. They compared the
Twitter posts (tweets) near the roads with the real
incident reports by California Highway Patrol and
showed that when the density of tweets increased
most likely an accident has happened. Similar
approach and results obtained by Steur [19] but from
Twitter data in Netherland.

In the past couple of years a growing body of
literature has been devoted to transportation
applications of social media [20]. For example, Gao et
al [21] studied the people behavior by applying
spatial-temporal analyses on check-in data. They then
proposed a location-based recommendation system by
considering consequence of check-ins posted in



Foursquare [22]. It is much easier to deal with check-
in and hash-tag data as they are already associated
with a special event or location. Check-in data can be
used for examination of the destination/origin of the
activity as well as easily detecting purpose of trip.
Likewise, hash-tag (#) posts are linked with an event,
activity, location or a social campaign. Exploring the
text content of tweets are challenging than only using
numerical values of data, time and coordination.
Among very few, Abbasi et al. [14] used geo-tagged
Twitter data of the individuals in Sydney, Australia in
order to detect their movements and activity purposes
by using the land use data and analyzing the content
of the tweets proposing and extended latent Dirichlet
allocation (LDA) technique. They also proposed a
method to distinguish travelers (tourists) and residents
and then compared the movement and activity
purpose of the two groups.

To analyze human mobility patterns, social media
platform which provide check-in data such as
Foursquare or Yelp has been used widely. For
instance Hassan et al. [23] used Foursquare check-in
data to study people weekly activity patterns.
Girardin et al [24] explored the geo-tagged photos
shared on Flicker to study the tourist movement
behavior. Majid et al [25] proposed a method to find
tourists preferable places by analyzing shared geo-
tagged photos on Flicker. Similarly, Sun et al [26]
used geo-tagged photos in Flicker and applied kernel
density estimation method associated with keyword
search to determine tourist preferred accommodations
in Vienna, Austria.

Pozdnoukhov and Kaiser [27] looked at the
contents of Twitter posts to figure out the spatial-
temporal pattern of topics in Ireland. De Choudhury et
al [28] proposed a model to automatically build travel
itineraries  using geo-tagged Flicker photos and
validated their model by comparing their results
against itineraries of bus sightseeing in Barcelona,
London, New York, Paris and San Francisco.
Ichimura and Kamada [29] developed an Android

application to collect tourist subjective data from
visited sightseeing spots and automatically analyzed it
with the Integrated Growing Hierarchical self-
organizing map.

One of the areas which has received very few
attention is how to use social media data to extract
travel mode effectively and use it for travel demand
analysis. This research attempt to fill this gap by
using a sample data of nearly 300,000 tweets collected
for about six month for Melbourne metropolitan areas
to show to what extent social media data (and in
particular Twitter) can help in detecting people travel
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mode and how this can be used as a complementary
source of information for HTS.

III. METHODOLOGY

A. Data Collection and Description

Data for this study has been retrieved from Twitter
between 1 Nov. 2015 and 19 April 2016 (inclusive)
over almost 23 weeks period by requesting the tweets
within Melbourne metropolitan area. Since Twitter
API returns only the most recent data (of the past 8 to
9 days), data gathering has been conducted on a daily
basis. After merging the data and removing the
redundant records, a total of 293,628 geo-tagged
tweets (i.e., tweets with geographical coordinates’
information) have been stored in our dataset for
further analysis. Further analysis revealed 25,463
unique user accounts have been posted these geo-
tagged tweets which almost 10,000 user accounts
have only one geo-tagged tweet. Please note that
although geo-tagged data is not required for extracting
travel mode data but we have used this data which has
been prepared for a separate study [30] to analyze
human mobility patterns. To have more insight about
the collected database, some features of data are
considered deeply.

Figure 1 illustrates the density of posted tweets
across the Melbourne metropolitan areas where can
see respectively from Melbourne CBD (Central
Business District), Geelong and Mornington peninsula
more Twitter activities were observed.

Figure 2 shows the frequency of the geo-tagged
tweets during the data collection period. The vertical
lines separate weeks (starting from Sunday). As can
be seen the frequency of geo-tagged tweets in
Melbourne metropolitan area is between 1500 and
2000 tweets per day on average with four larger
number of posts in weekends of week 2 and 3 of the
Dec 2015 and third weeks of Feb and March 2016.
The figure shows an overall trend for each week with
slight punctuations (a fall at the beginning of the week
and sharp increase towards the weekends).

If we aggregated the tweets in weekly horizon, can
see that there is no big difference between the weekly
slots and with exception of a few weeks the most of
the weeks the total numbers of tweets are about the
same (Figure 3). Now, the daily frequency of tweets
is explored. Figure 4 illustrates the variation of daily
frequency cross the entire period of data collection
and Figure 5 the total number of tweets in each day of
week. By considering the median values can find a
steady increase towards the weekends with a slight
drop for Sundays. Also generally can summarize that
on Saturdays more tweets were posted and on
Mondays and Tuesdays least activities observed.
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Figure 1. The heat map of geo-tagged tweets in Melbourne per week between Nov 2015 and April 2016
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Figure 2. The frequency of the geo-tagged tweets in Melbourne
per day between Nov 2015 and April 2016
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Figure 3. The frequency of the geo-tagged tweets in Melbourne per
week between Nov 2015 and April 2016
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Figure 4. The frequency of the geo-tagged tweets in Melbourne per
day between Nov 2015 and April 2016
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Figure 5. The total number of the geo-tagged tweets in Melbourne
per day between Nov 2015 and April 2016 for each day of week

Finally the frequency of tweets in an hourly
manner is illustrated in Figure 6. The hourly
frequency of geo-tagged tweets for Melbourne, in
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terms of time of the day, reveals people surprisingly
posting tweets (or share their location in the tweets)
more frequently during mid-day and mid-night. The
most popular time for sharing the locations in Twiter
is found to be after mid-night until mid-day which is
surprisingly much higher than the afternoon and
evening which people are most likely outside their
house or work place.

ignored. Then cleaned geo-tagged tweets are used for
content analysis.

Looking for specific keywords in social media
data to extract the desirable information has been used
in the existing studies [18, 31-33]. Likewise, in this
research, we define a set of words and their variations
(summarized in Table 1) to extract the following
modes of transports recorded in Twitter data: Bus;
T A T T T Train; Taxi; Car (private); Bike; and Walk.

IV. RESULTS AND DISCUSSION

To automate the process a code is developed in
MATLAB R2014b and It worth to mention that all the
texts are converted to lowercase because of text
sensitivity concerns and also to catch all matching
tweets. Figure 7 shows the proportion of each mode
extracted from the Twitter data. surprisingly, walking
mode found the most frequent mode of travel in the
data which may related to this fact that the users are
more flexible when walking and can easily share their
though. After walking mode, respectively driving,
train and cycle are most frequent mode of travel while
taxi and bus terms are rarely used in the tweets.

Number of Tweets

Hour

Figure 6. Aggregated frequency of geo-tagged tweets comparing
days of a week and hours of a day

B. Travel Mode Extraction

In order to identify the travel mode of the
tweeter’s users in Melbourne metropolitan area we
have applied a content analysis technique to find
specific words and keywords that most likely were
used to express the travel situations associated with Car
the activity described in the contents of tweets.

Train
Taxi

Walk

Twitter does not allow more than 140 characters in
a post which is even shorter than normal SMS with
160 characters limits. This issue forces the users to
shorten their posts which might cause dropping some
part of information that they supposed to share. If the
transportation mode is not the main point to be shared
then it would be very hard to extract it from the other

Bus

Figure 7:
Proportion of travel models extracted from Twitter data

available source of information included in a tweet.

Figure 8 demonstrates the spatial analysis of all
tweets associated with travel model in a heat map.

TABLE 1: TERMS AND VARIATIONS ASSOCIATED WITH The interesting point is that the frequency of tweets
TRANSPORTATION MODES . -
related to travel modes is not pretty much similar to
Mode of Transport | Term and variations frequency of tweets (Figure 1).
Bus “bus” o ® o
Train “train”, “metro” o © :
- - - - e
Taxi “taxi” O\
4 ¥ \a ¢
TRpT TR PEEmD o : \
Car car”, drive”, driving”, ? N L. J}
“drove”, “parking”, “traffic” -
Go*
Bike “bike”, “cycle” D) O 0
walk “walk” O Q /PO
C
° N

Before applying content analyses, the extracted
Twitter data was cleaned to avoid from missed values
and the tweets with contents rather than English are

1651

Figure 8: Spatial analyses of all travel modes extracted from twitter
data



Figure 9 maps the users’ travel mode choice on
the Melbourne metropolitan area comparing each
mode in sub-figures (a) to (f). The achieved results
can be used as complementing source of information
if being validated and the socio-demographic
parameters of the social media users (e.g., gender,
age, income, level of education, race, martial status,
etc.) are taken into account. We have not reported the
actual numbers and have tried to only present a proof
of concept and summarized the aggregated results
because these values without validation are
questionable. In future works, the obtained results
can be compared with zone aggregated house travel
survey results to check the level of accuracy and
reliability of the available results.

V. CONCLUSION

Crowdsourced databases such as social media
contents can be seriously considered as a rich source
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of information for solving practical problems. In this
paper, we proposed a potential application of social
media in transportation context. We extracted mode of
travel associated with the tweets. To demonstrate the
idea we collected near 300k geo-tagged tweets posted
in metropolitan area during 23 weeks between
December 2015 and April 2016. After initial data pre-
processing and data cleaning, the tweets’ contents are
analyzed to determine the posts with travel mode
choices information. The results show walking and
driving modes are the most frequent travel modes
extracted from Twitter data while public mode of
transportations such as bus and taxi are rarely detected
in the available social media database. These results
can be used as complementing source of information
for House Travel Surveys (HTS) after being validated
by considering socio-demographic metrics of social
media users.
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Figure 9: Spatial analyses of each travel modes extracted from twitter data: (a) bus, (b) train, (c) taxi, (d) car, (e) bike and (f) walk.
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