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The decisions of transportation planners 
and policy makers affect transportation 
systems, which in turn, affect the 
community in terms of wellbeing and 
growth (both economical and commercial) 
(Mihyeon, Amekudzi & Vanegas, 2006; 
Sinha & Labi, 2011). In order to achieve 
educated decisions, policy makers need to 
analyze the needs of the users’ community. 
This is done by analyzing current 
transportation system’s performance (by 
collecting information such as - travel times, 
waiting times, delays, fluctuations, 
congestions, public transport usage, etc.) and 
the customer’s perceived quality – allowing 
location of root dissatisfaction causes (Sinha 
& Labi, 2011). The most common methods 
of gathering such data nowadays are 
questionnaires, focus groups and conducting 
surveys (Richardson, Ampt & Meyburg, 
1995). The bloom of user generated content 
(UGC) in the social media (SM), where 
users express their opinion on every matter, 
suggests that SM may be a source for the 
needed transport related data. Although SM 
(and specifically Twitter) has been used in 
the industry and academia for various data 
collection tasks, for example, using tweets to 
replace election polls (O’Connor et al. 
2010), to detect a large-scale event (such as 
an earthquake or a traffic jam) in real-time 
(Sakaki, Okazaki & Matsuo, 2010) or even 

to predict stock market indicators (Zhang, 
Fuehres, & Gloor, 2010), limited use has 
been made in the transportation related 
domain. 

This work explores the potential of SM as 
a source for transportation related data 
collection. Specifically, we used Twitter that 
in many cases is used for distributing short, 
immediate messages about events happening 
in real-time. We applied supervised machine 
learning techniques for automatic filtering 
and classification of transportation related 
content which included information about 
transportation needs, opinions about 
transportation infrastructure and updates 
about transportation events from private 
users as well as from public authorities. 

With the help of transport domain 
experts, an initial lexicon of transport related 
terms was created and used for initial 
information harvesting. The data collected 
was then annotated by the domain experts 
and then used to train and evaluate 
classifiers that were applied sequentially as a 
pipeline for the task of identifying transport 
related tweets, that were written by 
individuals and express personal opinion 
about different modes of transportation. 
Other identified tweets include tweets that 
report on transportation related events (for 



example congestions and accidents) and 
express a need for transportation (planning 
on reaching a destination or event). We 
evaluated the classifiers using 10-fold cross 
validation (examining precision, recall and 
F1) and in addition, we measured the 
classifiers success using precision@k based 
on the classification confidence (Manning, 
Raghavan, & Schütze, 2008).  

Results of the cross validation for the 
detection of tweets written by private users 
and tweets that contain information related 
to transportation proved to be high (with 
F1=0.905 and F1=0.965 respectively). In 
other cases, where we trained classifiers to 
detect the purpose of the message, we 
achieved moderate success. Specifically, 
classifiers that detect opinions and reports 
on transport related events achieved F1 
performance of 0.735 and 0.618, 
respectively. The results of the classifier 
detecting whether a tweet expresses a need 
for travel showed that this task is more 
challenging (F1=0.558). In general, we find 
the results to be encouraging. We believe 
that using enhanced feature schemes, 
including the representation of entities that 
are mentioned in the tweets, e.g., location 
names, will improve performance 
substantially. Increasing the volume of data 
that is used for training is another direction 
for future work, which can further improve 
the classification results. 

The evaluated performance of the 
classifiers shows the high potential of using 
SM for transportation information elicitation 
for a variety of tasks, where use of 
information extraction, classification and 
sentiment analysis can enrich, supplement 
and in some cases even replace legacy data 
collection techniques, such as surveys. 
Further investigation on the results of 
methodology used in this work show that the 
use of a heuristic grading method, based on 

domain specific lexicon, contributed to our 
results, thus strengthening the notion that 
use of domain ontology can improve 
classification results.  
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