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Abstract

Public opinion is nowadays a valuable data source for many sectors. Regarding the transportation
and mobility sector, it is possible to collect information on real-time with reduced costs compared
to other methods of information extraction.

In this dissertation, we defined a methodology to extract knowledge from messages collected
from Twitter to analyse urban mobility. The methodology was structured according three main
modules: system configuration, data analytics and visualization. The messages used for the
demonstration of the proposed methodology were extracted during two months for three differ-
ent cities: New York, London and Melbourne.

The text extraction from social media and its analysis are very time-consuming tasks due to
the volume of the messages produced. Each message extracted from Twitter is, normally, short,
informal and with a lot of slang or misspellings. To deal with that matter, by using NLTK (Natural
Language Toolkit) tool, NLP (Natural Language Processing) techniques were applied so the text
could be cleared and understandable by the algorithm.

For the classification of travel related messages, a BERT (Bidirectional Transformers for Lan-
guage Understanding) embedding model was used. The model is pre-trained, unsupervised and
was released in 2018. In order to understand if a simple model could have good performance, an
unigram approach was used. Three lists of travel-related words were used: (i) a small list with 10
traveled-related words, (ii) a medium list with 35 traveled-related words and (iii) a big list with
344 traveled-related words. The results show a high model performance with precision and accu-
racy higher than 0.80 and 0.90, respectively. Popular words are train, walk, street, car, station,
street and avenue. Consistent results were obtained for all the three cities assessed.

To evaluate the public opinion, the messages related to transportation and mobility were classi-
fied according to its sentiment. Then, to evaluate the polarity of the messages (positive, neutral or
negative), VADER (Valence Aware Dictionary and sEntiment Reasone) sentiment tool was used.
VADER is an easy tool to use and has great compatibility with social media messages and infor-
mal texts. It is a lexicon and rule based tool that calculates the compound value of text emotion
according to its words. The developed methodology attained good performance results for the
sentiment analysis where the average value of precision scored 0.77 while recall, accuracy and
F1-score attained around 0.78. A specific analysis was made regarding a car crash event on New
York on May 18, 2017. This analysis demonstrates that the methodology is capable of recognizing
spacial changes and mobility flows directing to the potential causes of its origin.

The developed work allows the conclusion that the proposed methodology can be very helpful
to transport engineers, urban planners, researchers and policymakers in getting insight into public
opinions regarding urban mobility.
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Resumo

Atualmente, as redes sociais constituem uma fonte de dados valiosa para vérios setores de activi-
dade. No sector da mobilidade, as redes sociais online permitem obter informacdo em tempo-real
a um baixo custo, quando comparado com outros métodos de recolha de informacao.

Nesta dissertacdo definiu-se uma metodologia para extrair conhecimento de mensagens ex-
traidas do Twitter para analisar a mobilidade urbana. Esta metodologia foi estruturada em trés
mddulos principais: configuracio do sistema, anélise de dados e visualizacdo. As mensagens us-
adas para a demonstracao da metodologia proposta foram recolhidas ao longo de dois meses para
trés cidades distintas: Nova lorque, Londres e Melbourne.

A extracdo de textos das redes socias e a posterior andlise sao tarefas muito demoradas devido
ao alto volume de dados produzido. Cada mensagem extraida do Twitter é, normalmente, curta,
informal e com muita giria ou erros gramaticais associados. Para tratar estas questdes, recorrendo
a ferramenta NLTK (Natural Language Toolkit), técnicas de NLP (Natural Language Processing)
foram aplicadas para que o texto fosse limpo, adequado e compreendido pelo algoritmo.

Para a classificagdo das mensagens relacionadas com transportes, utilizou-se o0 modelo BERT
(Bidirectional Transformers for Language Understanding) embedding. Trata-se de um modelo
nao-supervisionado pré-treinado langado em 2018. No intuito de perceber se um modelo simples
pode ter uma boa performance, utilizou-se uma abordagem unigram. Trés listas de palavras rela-
cionadas com transportes foram usadas: (i) uma lista pequena de 10 palavras, (ii) uma lista média
com 35 palavras, e (iii) uma lista grande com 344 palavras. Os resultados da aplicacdo deste
modelo monstram que este apresenta uma performance elevada, com a precisdo e exatiddo a reg-
istar valores superiores a 0.80 e 0.90, respetivamente. As palavras mais populares sdo train, walk,
street, car, station, street e avenue. Os resultados obtidos sao consistentes para as trés cidades.

Para a avaliacdo da percecdo da opinido publica, as mensagens relacionadas com trdfego foram
classificadas quanto ao seu sentimento. Para avaliar a polaridade das mensagens (positivo, neutro
ou negativo), utilizou-se a ferramenta VADER (Valence Aware Dictionary and sEntiment Rea-
sone) sentiment. O VADER ¢é uma ferramenta de fécil utilizacdo e com boa compatibilidade com
mensagens de redes sociais e textos informais. E baseada em campos lexicais e regras para calcu-
lar o valor composto do sentimento de um texto de acordo com as palavras usadas. A metodologia
desenvolvida obteve bons resultados de performance na andlise de sentimentos. O valor médio da
precisdo atingiu 0.77 e a exatiddo atingiu 0.78. Foi feita uma andlise a um evento especifico que
envolveu um acidente de carro em Nova lorque no dia 18 de maio de 2017. A andlise efetuada,
em particular a este dia demonstra que a metodologia é capaz de identificar alteragdes espaciais e
de fluxos de mobilidade indicando quais as potenciais causas da sua origem.

O trabalho desenvolvido permitiu concluir que a metodologia proposta pode ser bastante ttil
para auxiliar gestores de trafego, planeadores urbanos, investigadores e formuladores de politicas
a obter informagdes sobre as opinides publicas sobre mobilidade urbana.
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Chapter 1

Introduction

This introductory section presents the theme contextualization 1.1 where the need of mobility
and the present methods of evaluating the quality of the transport services are introduced. In the
motivation section 1.2, the reason to explore a new approach, in this case, the Social Media (SM)
knowledge extraction is explained. At last, the goals section 1.3 describes the main targets of this

thesis and section 1.4 refers to how the document is structured.

1.1 Context

In 2018, 55% of the world’s population is residing in urban areas, and by 2050, 68% of the world’s
population is projected to be urban [4]. With the general growth of cities, the need of mobility
increases. As result, the levels of traffic congestion have been raising dramatically worldwide.
Passenger traffic is projected to increase, with respect to 2005, by around 34% in 2030 and 51%
by 2050 [5].

Congestion costs Europe about 1% of gross domestic product (GDP) each year [6]. According
to the White Paper on transport (2011) the congestion costs will increase by about 50% by 2050.
As consequence, the social costs of accidents and noise would continue to increase. This doc-
ument shows that more resource-efficient vehicles and cleaner fuels are not the only solution to
the problem of congestion as they need to be accompanied by an efficient core network for multi-
modal intercity travel and transport. Therefore, a long-term strategy related to the transformation
of the transportation system in Europe is needed in order to have a competitive and sustainable
transportation system.

Infrastructures and transportation systems are usually projected by using origin-destination
matrix defined using traffic surveys [7]. This is a time consuming method and rather limited as is
supported by a reduced sample.

Other method are the automatic traffic counters usually available in cities. A traffic count is a
count of traffic along a particular road, either done electronically or by people counting by the side

of the road [8]. This method relies on a device which requires installation in a specific location.
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Although the great temporal details, there are some limitations such as a spacial limitation is
present in traffic counters method.

In an era of technology, the use of Social Media (SM) is quickly raising. This new technology
allows any citizen to share information about any subject in a real-time which means that SM
emerge as a potential source of traffic information. Using information from the SM, it would be
possible to have a more spatial-time detailed approach regarding the traffic by reporting in real-
time the actual needs of users based on emotion and sentiment analysis.

Public transport operators and city planners have been using SM not only to provide but also
to collect information from their travellers. The information collected in this way can be used to
assess the quality of the services provided. However, due the nature of the information (mainly

based on personal opinions), such data has not been used properly.

1.2 Motivation

Mobile devices and SM are the main agitators of big data statistics analysis. A staggering amount
of data is produced daily by billions of users and thousands of businesses interactions. Therefore,
to process all the data a great designed data mining and business intelligence are needed [9].

As previously mentioned on section 1.1, SM are rising very fast. Nearly 60% of the world’s
population (3.8 billions people) is already online, and the latest trends suggest that more than half
of the world’s total population is using SM [10]. Moreover, about half of the 3.7 hours that people
spend using mobile phones each day is spent using social and communications apps [10]. So,
people have easy access to a lot of information in real-time.

A staggering amount of data is produced daily by in SM by billions of users. The information
available in SM covers lots of sector like health, sports, politics, and education. As result, SM are
the main agitators of big data statistics analysis. Therefore, to process all the data a great designed
data mining and business intelligence are needed [9].

In this dissertation, the mobility and transportation sector will be approached. The work will
focus on how the information extracted from the SM may be a good way to get a city’s traffic

information.

1.3 Aims and Goals

The main objective of this project is to develop a methodology that allows to easily identify opera-
tional problems, like regular traffic congestion or delays in public transport, based on the opinions

provided in social networks. The specific goals of this work are:

1. To define a methodology to evaluate the transports using the information provided through

social media;

2. To evaluate if a simple methodology (unigram approach for text classification) is able to

monitor urban mobility;
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3. To demonstrate the applicability of such methodology on three case-studies: New York City,

London, and Melbourne.

To achieve these goals, the project will use data mining tools as well as the definition of indi-

cators, to understand the variability (in time and in space) of the quality of the transport services.

1.4 Document Structure
The remaining part of this document is structured as follows:

* Chapter 2 begins with a contextualization on transportation systems domains and explains a

collection of related works using social media to extract knowledge;

* Chapter 3 presents the proposed architecture for extracting transportation knowledge from

Twitter;
* Chapter 4 is where the main results are presented and explained;

* Chapter 5 is the last chapter of the document where conclusions and future work are ex-

posed.
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Chapter 2

Literature review

Intelligent Transportation Systems (ITS) were initially developed for the recognition of commu-
nications and computing’s impact in the transportation field, exclusively in highway traffic [11].
Nowadays, ITS is a much wider concept that deals with information, not only from highway traffic,
but also from public transportation such as trains, buses, or flights arrivals or even their routes [12].

The data produced in ITS is clearly measureless due to the great deployment over Global
Positioning Systems (GPS), Connected and Autonomous Vehicles (CAVs), and other sensors and
sources [11]. This amount of data allows deep knowledge regarding transportation systems, so
methods of Smart Mobility ' can improve, or even be created.

In addition, nowadays the Internet of Things (IoT) and Artificial Intelligence (Al) are upgrad-
ing the ITS concept in different transport modes including air, rail and sea, and are trying to mini-
mize the main issues regarding this matter such as traffic jams or delays [14]. Once crowdsensing
is increasing with the raise of Social Media, it is possible to arrange new, modern, and hopefully
better methods to study and analyse what people feel and have to say about transportation issues.

In this chapter some essential and helpful concepts to understand how Social Media can be
explored towards the main goal of improving the quality of transports will be analysed. First, the
Artificial Intelligence (Al) field is explained (section 2.1), focusing on Natural Language Process-
ing (NLP) and Machine Learning (ML). Next, different learning approaches for the extraction and
analysis of Social Media data are presented (section 2.2). Although texts can be ambiguous and
unorganized, after a pre-processing stage they can be evaluated according to emotions. To this
end, Text Analysis (section 2.3) techniques applied to Social Media are analysed. In this section
the analysis is focused on Text Classification (sub-section 2.3.1) analysis and Sentiment Analysis

(sub-section 2.3.2) techniques applied to a transport context.

2.1 Artificial Intelligence

Last decade, Artificial Intelligence (Al) systems has achieved great performances in many tasks

that were previously considered as unattainable. The rise of available information and hardware

ISmart Mobility is a concept related to how people get around in a clearer, safer, and more efficient way [13].
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improvements combined with new and optimized algorithms provided advances in the field. These
advances can be attributed to high-quality open-source libraries that allowed researchers and de-

velopers to code and test models [15].

Al is a representation of human-like intelligence by a machine that mimics the capabilities of
the human mind. A process of learning is required from examples, experiences, language under-
standing and responding, making decisions, among others. With this process, a machine may be
capable of performing functions a human might perform [16]. However, Al is nowadays called as
weak Al once it is designed to perform special tasks, as the previously mentioned, outperforming

humans. If a general Al was designed, it would outperform humans at almost every task [17].

Two of the subfields within artificial intelligence are Natural Language Processing (NLP) and
Machine Learning (ML).

NLP involves extraction and analysis of written language [18, 19]. It supports text analytics
by facilitating the understanding of sentence structure and meaning through statistical and ML
methods. In other words, NLP is a way for computers to analyze and understand the meaning of
human language in a smart and useful way [17]. Syntactic and semantic analysis are the main
NLP tasks that analyse words interactions and the structure of the sentences. Both tasks have
subtasks essential to the NLP algorithm such as tokenization, part-of-speech tagging, stemming
and stopword removal, text classification, and sentiment analysis. There are many sources of
unstructured data in the form of text and SM are one of them. Extracting insights form text can
be a hard and time-consuming task due to its unstructured nature and sometimes ambiguous, but

NLP techniques can help to automatically structure and analyse it quickly [20].

ML is present in information technology, statistics, probability, Al, psychology, neurobiology
and many other disciplines. ML models are good representations of specific datasets and are used
to solve several problems. It has become an advanced area by teaching the computers to simulate
the human brain [21]. ML uses several sets of statistical techniques for problem solving. The
algorithms used allow computers to learn how to perform some tasks from pre-processed data
which is different of the common explicit programming. The ability of learning is one of the most
important features of ML and is one of the most important steps of empowering the machines in
order to help peoples’ functions. The progress made in the field of ML is very important to NLP

once makes it easier and quicker to preform [18, 22].

2.2 Word Embedding

Word Embedding is a representation model of vocabulary/words and is capable of capturing con-
text of a word in documents, semantic and syntactic similarities, allowing words with similar
meanings to have similar representations. In other words, word embeddings are vector repre-
sentations of a particular word. So, they play an important role in NLP challenges and prob-
lems [23, 24, 25].
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To represent a word-vector for a corpus data, a training process is required to the word embed-
ding model using a large amount of data. For this purpose, ML has Supervised Learning methods

and Unsupervised Learning methods that are frequently discussed together.

Supervised Learning consists on a ML task of learning a function that maps an input to an
output based on labelled training data [26]. Each set of labelled training data is a group (or a
vector) of pairs of input objects and desired output values. A Supervised Learning algorithm
produces an inferred function based on the training data analysis, which serves the purpose of
correctly mapping new data. The best scenario is that the inferred function is able to correctly
determine the class labels for unseen instances [27]. A large number of Supervised Learning
algorithms have been introduced last years [21], such as, Support-Vector Machine (SVM), Linear
Regression (LR), Naive Bayes (NB), Decision Trees (DT) or Random Forest (RF).

Unlike Supervised Learning algorithms, Unsupervised Learning doesn’t need labeled data to
either predict future outcomes or assign values to specific categories. Although Supervised Learn-
ing tends to be more accurate, it requires upfront human intervention to label the data [28]. In-
stead, Unsupervised Learning algorithms work on their own to find patterns and information that
was previously not detected on unlabelled datasets. Therefore, Unsupervised Learning performs

more complex processing tasks without the need of human intervention [29].

For word embeddings, there are several models such as as word2vec, doc2vec, GloVe [30]
and BERT (Bidirectional Transformers for Language Understanding) [31]. The training process
of word embeddings might be supervised with a neural network model, such as document classi-
fication, or unsupervised through statistics related to a document [23]. However, there are some
limitations related to word embedding models, i.e., small amounts of data are not likeable to have
good results by using a model with high dimensionality (which is the case of word embeddings),
so this technology is great at dealing with Big Data and many researchers use it in a great variety
of fields like industry, health, and transportation. In addition, sentiment information is neglected

in word embeddings [30].

The unsupervised pre-trained BERT model was released in 2018. The developers of BERT
define the model as capable of pre-training deep bidirectional representations from unlabelled
text [1]. This model has been used in several NLP applications. The model is able to extract high
quality language features from text, but the model can also be used fine-tuned on specific tasks,

such as, entity recognition or question answering [32].

BERT embeddings have been used for information retrieval, keyword expansion and semantic
search. These embeddings generate word and sentence embedding vectors which are high-quality
feature inputs to downstream models. The translation of text to numerical representations is re-
quired by NLP models, which have been represented as indexed values (one-hot encoding) in the
past for models like Word2Vec or Fasttext. The advantage over these models that BERT offers is
that it produces dynamic word representations that depend on the context (nearby words) [33].
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2.3 Text Analysis

Text Analysis is a ML technique that allows to automatically understand text data, such as tweets,
emails, support tickets, product reviews, and survey responses, and can be used to extract specific
information from thousands of unstructured datasets, or categorize by sentiment and topic. By
delivering qualitative results, Text Analysis identifies important information within the text which
is a challenge due to the ambiguity of human language [34].

There are some Text Analysis techniques, like Text Classification, Text Extraction, Word Fre-
quency, or Clustering, each used for different purposes. There are some tasks within each tech-
nique that are useful to break down and understand text as a human would such as Sentiment
Analysis tasks within Text Classification. These methodologies are widely used and have been
used in several researches regarding transportation [12, 20].

Text classification is a process that assigns categories or tags to texts considering its content.
Text classifiers are used to categorize, organize and structure almost any kind of text form turning
it into a specific format value. This value can be expressed as numbers (sentiment analysis tasks),
labels (multi-labelling tasks) or classes (binary or multi-class tasks) playing an important role in
NLP.

Sentiment Analysis is a process used to detect negative or positive sentiment in texts. It is
applied in many domains, such as, businesses, researches, governments, and organizations [35]
to detect sentiment in social data and understand customers since they express their thoughts and
feelings openly. The analysis can focus on polarity (positive, negative, neutral), feelings and emo-
tions (angry, happy, sad), urgency (urgent, not urgent) or intentions (interested, not interested). It
presents some benefits such as sorting data at scale, real-time analysis and consistent criteria [36].

In order to understand how Text Classification and Sentiment Analysis algorithms have been
applied for extracting information of transport from SM, a literature review was conducted. Table

2.1 show a synthesis of that review.



2.3 Text Analysis

[Uny SISATeUB-JUWNUS/S /g /APa- oI sdmmm//:dny » $I0SIAPY LI, SOWI], JIOX MIN q *Sepmme aAanisod sajedrpur anjea 1aysiy,,

TennayN g ‘QAne3oN :N ‘“9ANIsod :d :Arejod

‘sSurppaquig jo Seq :gog ‘SpIop Jo Seq :pog :uondunsse uoneoyrsse[)

*1S910] Wopuey ;Y ‘UONBIO[[Y IS[UOLI(] JUSle] V(] ‘UOISSAITY onsIS0T YT ‘Sokeg dAIeN (N 91T, UOISIoa( ;L ‘QuIyorA J0309A 1oddng :INAS :yoeoidde uonesyisse[)
SIYIO O IO Y TONIM, i1 ‘(I9[MBID qam) SIS SUI[QARI) 1Y ‘arenbsino :0) ‘Smau A\ ©[00Qqade] : ‘Weidesuf ;] ‘SJUaWdUNOUUE [y :S30IN0S

sqni Jisuen Jofern 12213p - - - - - val - - - ATOL uopuo | [8p]
pue mop ysuen d1qnd asA[euy
Surjeaen ojeg »[-0 | IONPIOMDUSS - 008 - MO 9591014 - - - AVMAL PHOM | [Ly]
S901AI0S UonelIodsuer) uo ) :oEw:hM> ) o . mok Kuno)
uorurdo orgnd o) Sunenyeag »1-0 juswnusg 000C L 4N Ld NAS | Y0 81/L10C I L Speq-TwRIy [9r]
.. : : ageroAy o
IN8'81 Olfoue( 9p oIy
q09 + mog N8'6 o[ned oes
SANID) MBWIS 0] SISK[eue ONURWIdg - - 000¢C 0l “qog ‘Mog J4 YTNAS | N80 L10T | sypuowt ¢ L suwmnoqpRN | [z1]
NS'8 JHIOA MON
N9'S uopuo|
uondoorad 1asn pue 19qN) Jnoqe soyoeoidde LONEOLISSElD
$109M] JO QWIN[OA A} sadUanpuI | g ‘N '‘d paseq - I mog ‘Mﬁwh.o Q:_ - - skep ¢ 1 reSmiod | [sp]
JUSAD UB MOV JO JUIWISSISSY -UOJIX| past s
QOIAIAS JO Ajifenb jnoqe
uorurdo 1apLr ysuen N'd JUUNUISY - SI mod Va1 304 L10T doom 1 L | A ayeTies | [prl
JO JUOWISSASS Y
SQOIAI0S J10dsuen L_qu mw“ww/wwwm\m
SUIUO JO uonorjsnes Nd | 9N 'Ld ‘NAS %L oy - 4N ‘Ld ‘NAS 8l 910¢ | syuow g L — efedoy] [ev]
JOUIOISNO JO JUSWISSISS Y e uo.ch/x
uoneyodsuen Jo . ATIOAIYE ) 99AZO0P . sipok . uopuo
samnjeay pue so1doy sajeIousn d'Nd CUOOIXYT] 00$ “9oA7PIOM val 81/910¢ [4 2q0 4L “SIOX MON [o€]
JUSWISSISSE 3510YD [OPOUN [9ABIL, - - - €l - - A €6¢ 91/ST0T | S¥oom €7 L suwmnoqpRN | [zl
Ay o]
$I9SN $Nq JO UONOBISIES JO [0AY] | HN'd | [Suangnuog - 811 - vat | 3OIT | 9102/¥10C steak ¢ L owww:mm [1r]
"001AI0s Jo Ayienb oyp ajeneay | g N d INAS ceel 08~ - INAS ASY €10¢T s1eak g L UeIA | [0v]
yisuen oriqnd jnoqe Loo1xe Surure9| swuow .
suorurdo s1osn aenyeag pHOIXIT aurgoepy Y9 | ¥102/010T | SWy 14 L s'n | [6€]
UOTBWIIOJUT OLe) JO SUISuas own-Teay] - - 000¥ - Surddensjoog WAS | N90 010T | syuow g 1 reSmiod | [8€]
uoyeyodsuen dqnd N ‘d NAS Jeaury - (014 mod INAS AT - - L eisouopu] | [Lg]
K310 JO SN JO JUQWISSASSY : :
Parpqel
£
furejog POYRIA | A[enuew m_..”%\_\.,ze_ uonduwnssy yoeoaddy N Jedx poLg
eleq ’ .
208 urely SISA[euy JUIWINUIS uonedIYISse) IXI, eje(q 324n08 %01 PY

‘uonjeyodsuel], jo urewro(q 9y ur parjddy S9IpnIS SISATRUY JUSWINUSS PUB UOIIBOYISSED) IXAL, JO MAIAY INJeINIT 1] 9[qeL




10 Literature review

2.3.1 Text Classification

Several text mining classification studies related with transportation have been conducted in the
United States [39], particularly in New York [12, 30] and Miami [46]. Other cities worldwide,
such as London [12, 30], Sdo Paulo [12], Rio de Janeiro [12], Milan [40], Melbourne [12, 42], and

Santiago do Chile [41] have explored data from the social media.

Twitter is the most popular data source used to conduct transport related studies (Table 2.1).
A few contributions have focused on the analysis in this domain using data from other social
networks, such as Facebook [30, 47], Foursquare [48], Instagram [48], and Flicker [48]. Some
of the studies using SM data are focused only on geo-referenced messages. However, as in some
social media as Twitter, the geo-referencing of tweets is not a default option. Thus, keywords
associated with the name of transport system, codes of the bus stops or the number of the bus

services have been used to better identify transport services [12].

Several lists of travel-related terms have been used in the literature for text mining classifica-
tion. The number of words used in these studies is quite distinct from each study, ranging from
1 [45] to 500 [30, 47]. Qi et al. [46] define a list of 72 keywords for seven different transportation
modes. The most popular travel-related terms in these studies are associated with the identifica-
tion of transport mode (e.g., bike, bus, car, taxi, train) [42, 44, 46], and some of these lists were
validated with transportation experts. In the domain of public transport, Haghighi et al., [44] and
Anastasia et al., [43] use a list of 15 and 40 keywords respectively for public transit riders’ sat-
isfaction. Collins et al. [49] collected tweets containing keywords of train names in the city of
Chicago. Effendy et al. [37] use a list of 40 Indonesian words by type of public transport. To
infer the user satisfaction of public transport Mendéz et al. [41] defined a list of keywords for
assessing topics related to the use of stops (frequency, app, information, stop, out of order, driver,
overcrowding, social cleaniness, and regularity) and topics related to the use of buses (frequency,

stop, information, out of order, App, and social).

In the domain of transport, supervised and unsupervised machine learning techniques have
been used for text mining classification (Table 2.1). Text classification uses keyword search to
extract transit-related messages. Popular machine learning supervised techniques are Support-
Vector Machines (SVM) [12, 37, 38, 40, 43, 46], Decision Trees (DT) [43, 46], Naive Bayes
(NB) [43, 46], Latent Dirichlet Allocation (LDA) [30, 41, 44, 48], Logistic Regression (LR) [12]
and Random Forest (RF) [12]. When it comes to the assumptions, the most common are Bag-of-
Words (BoW) [12, 37, 44, 45] and Bag-of-Embeddings (BoE) [44, 45], with very few incidence
on unsupervised techniques (word2vec and doc2vec [30]).

To compute LDA, the “topicmodels” package in R [44] and the Language Toolkit (MAL-
LET) LDA are popular options. Steiger et al. [48] used an LDA model and then applied density-
based spatial clustering (DBSCAN) to find clusters with points closely packed together. Farman
et al. [30] propose an ontology, and LDA-based topic modelling called topic2vec, that extracts
the most appropriate topics and features of document and neglects irrelevant words to enhance

the document representation. Such ontology represents semantic knowledge that enriches an LDA
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model to extract more accurate features from transportation texts [30].

2.3.2 Sentiment analysis

The Sentiment Analysis of Twitter data has gained much attention as a topic of research [50]. The
ability to obtain information about a public opinion by analyzing Twitter data and automatically
classifying their sentiment polarity has attracted researchers because of the concise language used
in tweets [50].In the domain of urban planning and transportation by Mohammed Abdul-Rahman
et al. (2021) built a framework to pre-process location-based social media big data [51].

Messages can be analyzed using ML methods [37, 40, 43] and lexicon-based methods [30, 45].
Examples of ML are the support vector machine (SVM) [37, 40, 43], Naive Bayes (NB) [43],
decision trees [43]. While ML methods need a training dataset to learn the model from corpus
data, and a testing dataset to verify the model built, lexicon based method is based on a dictionary
of words and phrases with a classification value (eg. positive and negative).

In the domain of transport, some studies labelling text as Positive or Negative [37, 43, 44],
Positive, Negative or Neutral [40, 41, 42, 45], and zero or one [46, 47]. The approach of using
supervised learning techniques to evaluate the sentiment on text is not as detailed and high perfor-
mance as a lexicon and rule based technique. There are some Sentiment Analysis works [30, 41,
44, 45, 47] that are better at results.

In the field of sentiment analysis, the most widely used lexicon is SentiWordNet [37, 30].
However, when we have different senses of words, this approach may not obtain good results [30].

Currently, many tools, such as Linguistic Inquiry and Word Count (LIWC), used by Kahn et
al. [52], offer the means of extracting advanced features from texts. However, most of these tools
require some major programming knowledge and are difficult to interpret. There are some recent
Sentiment Analysis tools are the Valence Aware Dictionary and sEntiment Reasoner (VADER) [53],
TextBlob [53], and Afinn [54].

VADER can be used to determine the polarity of tweets and to classify them according to mul-
ticlass sentiment analysis. This tool is simple to use requiring simple programming code. VADER
is a lexicon and rule-based sentiment analysis tool that is specifically attuned to sentiments ex-
pressed in social media once it works well with slang [53].

TextBlob performs more tasks than Sentiment Analysis once it is a Python library for process-
ing textual data. It provides a simple API for diving into common NLP tasks such as part-of-speech
tagging, noun phrase extraction or translation [53]. Regarding Sentiment Analysis, TextBlob is
used to assign both polarity and subjectivity scores to the data [54] and performs strongly with
more formal language usage.

Afinn is a lexicon that works on python and contains a dictionary with 3,300 words and their
respective sentiment scores [54]. It is one of the simplest and most popular lexicons for Sentiment
Analyisis. Although the ease of use and the good average results in previous studies, it might be a
little outdated comparing to VADER and TextBlob [55].
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Chapter 3

Methodology

In this chapter the adopted methodology is described along with its details and specificities. First,
the architecture is explained which is the set of different modules to be performed (section 3.1).
Then, the data used for the analysis is described (section 3.2). Some technologies and tools for data
storage and data visualizations are explained (section 3.3), and the NLP techniques are explained
on the pre-processing section once data needs some cleaning for further analysis (section 3.4). The
classification technique of travel related messages and its emotion is mentioned (section 3.5). It
is important to understand how the analytic methods work and how different conditions influence

the performance.

3.1 Architecture

The proposed methodology was created to analyse social media messages related to transportation
and includes three main modules: 1. System Configuration, 2. Data Analytics, and 3. Visualiza-

tion.

1. The system configuration includes the extraction of social media data, in this case, from
Twitter, and its storage on a local database. Configurations also include a set of pre-
processing text operations to prepare the messages for the analysis by removing everything
that is valueless, and the target filtering. The pre-processing is performed by NLTK (Natural
Language Toolkit) which is an NLP tool.

2. Data analytics represent all the text classification procedures from the methodology. The
text classification procedures include the pre-trained word embedding model (BERT base
model (uncased)) that is implemented to filter only the messages related to transportation
based on pre-defined lists of target words. Then, some manual classification of samples is
included so the system’s performance can be evaluated. The sentiment analysis is the last
procedure of the data analytics module. It is important to analyse the opinions and emotions
present in the messages. For that, VADER sentiment was used. Manual classification of

samples was also made for the sentiment analysis to evaluate its performance.
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3. The third module consists on the aggregation and plotting of the results so they can be read
and interpreted. The plotting was performed with Matplotlib python library and Microsoft
Excel software. This module allow the user to visualize the knowledge extracted from social

media messages using charts and maps.

Figure 3.1 shows an overview of the methodology followed.
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Figure 3.1: Global architecture overview.
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3.2 Data

The data used were extracted from Twitter API. Twitter is a microblogging platform that allows
users to share and access messages within a group of followers. A tweet is a message of up to 140
characters, images and links to other content. Tweets are classified in original tweets, replies, and
retweets, and are in JSON format where each one is composed by several indicators. The most
relevant are text content, geographic information and date and time.

Pereira [12] performed the process of extracting messages from Twitter. The messages col-
lected are from the 16'" of May of 2017 to the 6" of July of 2017. Data from New York, London
and Melbourne were used in this study. All messages have a geographical reference: ones had
specific coordinates associated and others had a bounding-box associated.

Among the three analysed cities, New York is the smallest one, in area, but has the highest
number of residents. London has a population similar to New York, but has twice the area. Both
in New York and in London the main transport is the metropolitan. On the other hand, Melbourne
has about half of population of the other two analysed cities, and tram, train and bus are the popular
means of transport. The main language used in the three cities is the English. Table 3.1 shows an

overview of the main characteristics of the three cities analysed.

Table 3.1: Characteristics of cities analysed.

H New York London Melbourne H
Area (km?) 784 1572 9990
Number of residents 8.6 M 8.1 M 44 M
Main Transports M, B, taxi MT,C,B T,C,B
Climate Humid subtropical | Temperate Oceanic | Temperate oceanic
Language EN EN EN
N° of messages extracted 9151 579 5815757 835737

Main transports: M: Metropolitan; T: tram; C: train; B: bus.

3.3 Technologies and tools

The system implemented follows the general platform proposed in [45]. Instead of a cradle, the
Twitter Streaming API were used to extract the messages. The extracted data from Twitter is in
the JSON format. Each message contains content, date and location. To read JSON files, json*
Enconder and Decoder was used.

MongoDB5 , @ NoSQL database (also known as non-relational database), was used to store
the data collected, as well as the processed data. This database system was selected because it is
compatible with the use of JSON files collected from Twitter. MongoDB is also compatible with

Python programming language. In this dissertation, the database was design in a simple way where

4https ://docs.python.org/3/1library/json.html
5https 2/ /www.mongodb.com/
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some main collections were defined, such as, Total Data Collection, Pre-Processed Collection and
Travel-Related Collection. Some intermediate collections were used to improve the programming
performance.

One of the most time consuming tasks of this methodology is the illustration of the results.
Visualization of information collected from Twitter needs to be simple and objective so there are
some data collection processes before the graphical plotting. For each city and each list of target
words (Tables 3.2, 3.3 and 3.4), some analysis were made, such as, counting the travel related
terms, counting the amount of travel related messages written on each hour of the day and on each
day of the week, calculating the average amount of tweets on each day of the week or assemble the
locations of each tweet. In order to plot the total number of tweets per hour of the day and per day
of the week, CSV files were created and exported to Mircrosoft Excel and posteriorly plotted as
bar charts. For the rest of the data, the plotting was made by using the Python library Matplotlib®.
Matplotlib is a low level graph plotting library in Python that serves as a visualization utility. It is

open source and can be used freely.

3.4 Pre-processing

Texts are represented by values stored in vectors and can be associated to very large lengths which
may generate a problem. In order to avoid it, some adjustments may be made, such as, only con-
sidering words that appear at least a pre-defined number of times and ignoring some grammatical
conjunctions [38].

The main objective of data pre-processing is to prepare the messages for text classification.
For that, python’s NLTK? (Natural Language Toolkit) is a good and easy to use NLP tool that
was applied in this work. NLTK has incorporated most of the tasks like tokenization, stemming,
lemmatization, punctuation, character count, and word count. Therefore, for each message a small

and basic group of pre-processing operations were conducted, particularly:

* Replace: substitute integer occurrences for textual representations and contractions (e.g.,

‘it’s’ is replace by ‘it is’);

* Cleaning: removing hashtags, URLs, user mentions, non-ASCII characters (e.g. emoji’s),
retweets (RT), punctuation, and stopwords since these words do not add value to the text

(e.g. in, a, an, the);
* Lower-casing: every word was converted into lowercase;

* Lemmatization: grouping together the inflected forms of a word (only performed for the

verbs).

The BERT model is related to the WordPiece token vocabulary [56], so the stemming was not

performed because it changes the root form of some words. For example, the word happier after

6https ://matplotlib.org/
2http://www.nltk.org/
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the stemming is changed to happi instead of happy. This event conflicts with BERT tokenization

and embeddings.

3.5 Analytic methods

3.5.1 Text classification

An unsupervised pre-trained BERT model (Bidirectional Encoder Representations from Trans-
formers) released in 2018 was used. The developers of BERT define the model as capable of
pre-training deep bidirectional representations from unlabelled text [1]. This model has been used
in several NLP applications. We used the model to extract high quality language features from
text, but the model can also be used fine-tuned on specific tasks, such as, entity recognition or

question answering [32].

BERT embeddings have been used for information retrieval, keyword expansion and semantic
search. These embeddings generate word and sentence embedding vectors which are high-quality
feature inputs to downstream models. The translation of text to numerical representations is re-
quired by NLP models, which have been represented as indexed values (one-hot encoding) in the
past for models like Word2Vec or Fasttext. The advantage over these models that BERT offers
is that it produces dynamic word representations that depend on the context (nearby words) [33].
The model was tested with three different lists of target words to evaluate its performance: a
list with 10 travel-related words (Table 3.2), other with 35 travel-related words (Table 3.3) and a
bigger one with 344 travel-related words (Table 3.4), based on Gal-Tzur et al. [3] that created a

semi-automatically constructed transport lexicon.

The BERT architecture was built on top of Transformer with some variants. In this thesis,
BERT Base (uncased) model is used. Such model is composed by 12 encoder layers, 12 attention
heads and 110 million parameters. Every input embedding is formed by 3 different embeddings,
as shown in the Figure 3.2: Position Embeddings (expresses the position of words in a sentence);
Segment Embeddings (sentence pairs); Token Embeddings (specific token embeddings from the
WordPiece token vocabulary) [57].

o [ ] (omy |goa ] is ][ cte ] s ] e ][ e | tay ][ eeing ][ e |

Token

Embeddings ‘ E[[:lﬁ] Err,- || E.’mg | is Er..ra E[‘»H’: H Ehe | Ehk“ play | E::.-:g | E:H #] |
g L b L b L L L b L -

Segment

emsangs | Ea | [ Ea || Ba || Ea ][ B || Ea |[ B || B |[Eo || Eo || B |
L L L L L -+ - - o L *-

Pasition

Emoedangs | Eo |[ By || B || By |[ B |[ € || & || & || & || B |||

Figure 3.2: BERT input representation [1].



18 Methodology

For the input text, BERT expects a tokenization including two special tokens: one that cor-
responds to the beginning of the sentence ([CLS]) and other that corresponds to the end of the
sentence or the separation between two sentences ([SEP]). So, the tokenized text must have this
format: “[CLS]” + tokenized text + “[SEP]”.

In the fields of computational linguistics, n-gram is a sequence of n items from a given sample
of text. The items can be characters, sequence of characters (e.g., words) or sequence of words.
The length of the samples defines the 7 in the n-gram. In this work, each item corresponds to a
word so an unigram approach were used.

In order to assess how the model performance is affected , three different list of traveled-related

words were used:

 asmall list with 10 traveled-related words focused on the name of the main urban transport
modes (Table 3.2);

¢ a medium list with 35 traveled-related words (Table 3.3);

* a big list with 344 traveled-related words defined based on [3] (Table 3.4).

Table 3.2: Small list of target words related with transportation.

train
walk

bus
cab

subway
taxi

bicycle
bike

car
metro

Table 3.3: Medium list of target words related with transportation.

accident | boulevard | driver motorcycles | taxi uber

avenue | bus drivers road taxis | underground
bicycle | buses highway station traffic | van

bicycles | cab metro street train | vans

bike car moto streets truck | walk

bikes cars motorcycle | subway trucks
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3.5.2 Sentiment analysis

Sentiment analysis techniques are growing and gaining a lot of importance when it comes to SM
analysis. In this work, messages were extracted from Twitter which is a great source of information
about public opinion and emotion [43]. The sentiment analysis was performed by using a lexicon
and rule-based tool called VADER? (Valence Aware Dictionary and sEntiment Reasone) [53] that
is optimized for SM data. This tool is very simple to use, with easy programming code in Python,
and is based on a list of lexical features which have a sentiment value assigned. Then, according
to their semantic orientation, VADER calculates the text sentiment [58].

VADER sentiment returns the probability of an input text to be positive, negative or neutral.
The sum of the three probabilities must be equal to 1. The compound score is also returned by
VADER sentiment and it consists in a metric that calculates the sum of all the lexicon ratings which
have been normalized between -1 and +1 (where the maximum value means the most positive
sentiment). So, in order to label a message as positive, neutral or negative, it is important to

analyse the compound value:

* a positive sentiment represents a compound value equal or higher than 0.05;
* anegative sentiment represents a compound value equal or lower than -0.05;

* aneutral sentiment represents a compound value between -0.05 and 0.05.

3.6 Performance

The performance of the classifier was defined by how well the result agrees with human judgement.
The evaluation of the classifier was performed to text classification, as well as for the sentiment
analysis results where, for each city and each list of target words, 1000 tweets were selected:
500 travel-related tweets and 500 non-related for the text classification performance; 500 positive
tweets and 500 negative tweets for the sentiment analysis performance. In the case of sentiment
analysis, neutral tweets were excluded from the performance evaluation as they are considered
non-labelled because of the compound value calculated by VADER sentiment (between -0.05 and
0.05 where the compound value range is between -1 and 1). The selection was completely random
and was set so it could find tweets created at different times. This set of messages were manually
labelled in order to confirm whether they were travel-related or not, and with positive sentiment or
not. Two human annotators performed this classification. No specific training has been provided
to the human “labellers” since the manual labelling process was subjective.

Accuracy [37, 43, 46, 47], precision [12, 43, 46, 47, 38], and recall [12, 43, 46, 47, 38] are the
most popular performance measures. However, the F1-score [12, 46], the Root Mean Square Error
(MSE) [47], and Mean Average Error (MAE) [47] have been also measures commonly applied.

Chaturvedi et al., [59] validate the results obtained using national and local newspapers. In our

3https ://pypi.org/project/vaderSentiment/
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study the performance of the classifier was done using accuracy 3.1 and a group of three per-class

metrics: precision 3.2, recall 3.3, and the F1-score 3.4.

tp+tn

Accuracy = 3.1
Y tp+tn+ fp+ fn 3.

.. Ip
Precision = (3.2)

tp+fp

Ip
Recall = 3.3
tp+ fn (3-3)
Fl—score — Precision x Recall (3.4)

Precision+ Recall

In formulas 3.1, 3.2 and 3.3, #p (true positive) and tn (true negative) are the number of the mes-
sages that have been correctly labelled as belonging to the positive and negative classes, respec-
tively. On the other hand, fp (false positive) and f (false negative) are the number of messages that
have not been labelled as belonging to the negative and positive classes, respectively, but should
have been. Accuracy is the proportion of correct labelled messages in the entire sample. Precision
is the proportion of positive classifications that are actually correct and recall is the proportion of
actual positives that are classified correctly. F1 is the harmonic mean of precision and recall [46].

The closer the F1-score is to 1, the better the performance of the model. If the performance is
not acceptable, the sample size should be increased or a new method by using bigrams should be

developed, for instance.
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Chapter 4

Results and discussion

The main goal of this chapter is to present the results and analysis taking into consideration the
three different collected datasets (London, Melbourne and New York). This work is based on real
events from tweet messages so this analysis is important to get knowledge of its characteristics.

Next sections present the results of the model starting with the pre-processed data characteri-
zation where the messages are cleaned and rebuilt in order to be interpreted (4.1). Then, the two
major sections are Text classification (4.2) and Sentiment Analysis (4.3).

Text classification analysis consists on understanding the performance results for each city
considering the three sets of target words (small list (Table 3.2), medium list (Table 3.3), and
big list (Table 3.4)). Then, messages are analysed according to temporal evolution and spatial
distribution.

Sentiment analysis consists on collecting the emotions expressed on each message and analyse
its evolution according to time and space. A specific analysis was made regarding a specific event

on New York city.

4.1 Pre-processing

Table 4.1 presents an overview of the number of tweets collected, the number of tweets after the
pre-processing phase, and a characterization of the metadata. Similar results were obtained among
the three analysed cities. On average, 0.9% of the data was discarded after the pre-processing

phase.

Table 4.1: Data characterization.

H ‘ New York ‘ London ‘ Melbourne H
Total number of tweets 9151579 5815757 835 737
Total number of tweets after pre-processing | 9 077 494 (99.2%) | 5 762 023 (99.1%) | 828 360 (99.1%)

Tweets with Hashtags (#) Total (%) | 2361 811 (25.8%) | 1631577 (28.1%) | 257 755 (30.8%)
Tweets with User Mentions (@) | Total (%) | 2 845121 (31.1%) | 2 652 870 (45.6%) | 369 077 (44.2%)
Tweets with URLs Total (%) | 4775704 (52.2%) | 3 054 889 (52.5%) | 418 988 (50.1%)
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About 30% of the tweets has hashtags and about 50% contain URL. The number of tweets
with these special characters are similar among the three cities analysed. However, the number
of tweets with user mentions are higher in London (45,6%) and Melbourne (44,2%), than in New

York (31,1%), which denotes a different culture and environment.

4.2 Text classification

This section presents the performance of text classification model (section 4.2.1). Then, a tempo-
ral analysis of travel-related terms is first assessed (section 4.2.2), and then a spatial analysis is

performed (section 4.2.3).

4.2.1 Performance

Table 4.2 presents the results of the performance of the BERT embeddings model for text clas-
sification using an unigram approach. As shown in Table 4.2, we obtained in general a high
performance of results for the three assessed cities with the medium list 3.3. The average value of
precision is 0.80, while accuracy and F1-score are both 0.90. The average value of Recall is the

best achieved with an average value of 0.99. The results are consistent for the three cities assessed.

Table 4.2: Performance results of text classification model using three lists of travel-related terms
for New York, London and Melbourne.

H Performance measures \ New York \ London \ Melbourne \ Average H

H Small list of travel related words H

Precision 0.692 0.666 0.640 0.666
Recall 0.906 0.920 0.882 0.902
Accuracy 0.810 0.804 0.777 0.797
F1-score 0.785 0.773 0.742 0.766

| Medium list of travel related words |
Precision 0.824 0.816 0.788 0.809
Recall 0.990 0.988 0.992 0.990
Accuracy 0.908 0.903 0.891 0.901
F1-score 0.900 0.894 0.878 0.891

H Big list of travel related words H
Precision 0.634 0.578 0.604 0.605
Recall 0.984 0.986 0.993 0.988
Accuracy 0.812 0.785 0.800 0.799
F1-score 0.771 0.729 0.751 0.751

For the other lists 3.2 and 3.4, the performance results were similar and, in general, worse than
the medium list. This happened because the small list is too short and incomplete, so BERT model

is not able to label a great amount messages as travel related and the number of fi (false negatives)
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messages is high. The big list has a big amount of ambiguous words that make the number of fp
(false positives) messages increase comparing to the medium list.

Text classification systems for social media face a lot of challenges. The main challenge
is certainly dealing with large vocabularies once the lexical variation caused by informal text is
significant and the messages have small sizes. This aspect requires some dexterity to manage and
control the problem by getting a solution in the pre-processing stage outlining the lexical variation.

The performance evaluation of the model was good, despite some false positive and negative
labels. Due to using an unigram approach, some words listed on Table 3.3 were wrongly associated
with mobility, such as train, station and underground. Beside the ambiguity of some terms also
used in other domains, the performance was generally good.

Some words such as street, walk, train and car are the most common words in travel-related
tweets in the three cities. There are some other words with non-significant number of references,
such as mororcycle and highway. Therefore, this suggests that for further studies, namely real-time
analysis, these words could be discarded.

A benchmark analysis shows that the results obtained are in agreement with the ones obtained
in the literature 2. With the BERT embeddings model better results were obtained than the ones
yielded with supervised machine learning techniques for classification, such as support vector

machines, logistic regression, and random forest, namely using BoW [12].

4.2.2 Temporal analysis

Table 4.3 shows an overview of a set of indicators for each analysed city. Among the three analysed
cities, New York is the one that has the highest average number of daily messages (approximately
93 000 daily tweets). The average period with the most messages exchanged is in the evening

(20-21h); however, no pattern related to the day of the week was identified.

Table 4.3: Indicators.

H Characteristics New York | London | Melbourne H
File size (Gb) 28.4 18.60 2.6
Average number of daily tweets 92304 60 187 8 237
Popular days of the week Thursday | Wednesday Sunday
Popular hour of the day 21 21 20
Percentage of travel related tweets 4.82% 3.21% 3.20%

Regarding traffic-related messages collected with the medium list, we found 440.877 tweets
(5%) in New York, 186.251 tweets (3%) in London, and 26.744 tweets (3%) in Melbourne match-
ing the terms selected in Table 3.3. While in London and Melbourne the most popular words
analysed were train, walk, and street, in New York, the most popular words were street, avenue
and station. Figure 4.1 shows the number of messages with travel-related terms for the three cities.

The number of travel related messages is in accordance with other studies (e.g., [12]).
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LONDON TARGET WORD MELBOURNE TARGET NEW YORK TARGET
COUNTING WORD COUNTING WORD COUNTING
train 35226 rain 4178 street  mmmmm———=: ;o 143003
walk 28177 walk 3726 aVEnUE T 101182
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underground mmm 3688 truck - 505 driver mm 11829
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highway | 317 motorcycle | 49 motorcycle | 642
boulevard | 95 boulevard | 24 bicycle | 596
0 10000 20000 30000 40000 0 1000 2000 3000 4000 5000 o 50000 100000 150000 200000
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Figure 4.1: Number of messages with travel-related terms from the medium list 3.3 for London
(a), Melbourne (b) and New York (c).

The analysis of the distribution of travel-related messages along the day shows similar patterns
among the analysed cities. The percentage of traffic-related messages sent during the typical
working hours of the day is around 5-6%. Over this period of the day, the percentage of messages
does not change significantly. The maximum number of messages is reached at 4PM in New
York (6.0%), and at SPM in London (6.5%) and at 6PM in Melbourne (7.6%). According to the
TomTom traffic congestion index, these values are coincident with the afternoon peak hour or are
one hour after the peak hour [5] (Figure A.3). Figure 4.2 shows the percentage of travel-related

messages along the day for the three cities analysed.

Figure 4.3 and Figure 4.4 show the average number of tweets per hour of the day and day of
the week respectively, for each list of travel-related terms (small, medium and big) and city (New
York, London and Melbourne).

It is possible to recognize a pattern in the Figures 4.2 and 4.3 where the common working
hours are the ones when the flow of twitter messages is higher. For each city and each list of target
words, the pattern is consistent. For the bigger list, the pattern is slightly better marked. Figure 4.3
shows a hourly deviation of around 35% of the mean value. The maximum standard deviation is
observed during the afternoon peak-hour.

Regarding the days of the week, there were no significant patterns recognized, so it may not be
a great influence on travel related messages on Twitter. However, it shows that on weekend days
the number of travel related tweets is slightly lower than on the other week days. Figure 4.4 shows

the total number of travel related tweets per day of the week.

The patterns recognized in this analysis are consistent with the patterns identified in TomTom

index (Figure A.3). The peak hours are from 5 a.m. to 9 a.m. and from 3 p.m. to 8 p.m. in the
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New York (c, f, i) related to the small list 3.2 (a, b, ¢), medium list 3.3 (d, e, f) and big list 3.4 (g,
h, 1).

three cities. Figure A.4 shows the evolution of hourly average traffic congestion on 2019, 2020
and along the week of September 14, 2021, and it shows that the patterns remain the same, even

in more recent years
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4.2.3 Spatial analysis

In order to apply a spatial analysis to the data, coordinates should be analysed. Some tweets, in-
stead of having specific coordinates assigned, are associated to bounding-boxes. Then, an approx-
imated coordinate was assigned to those tweets by calculating the middle point of the bounding-
boxes.

Figure 4.5 represents the geographical distributions of total and travel related tweets from
London, Melbourne and New York, according to the medium list of target words 3.3, which is
the list with best performance results. There is a sharp difference between the total tweets plots
and travel related tweets plots. The travel related plots show less density than total tweets plots
because of the BERT model filtering performed. Although the performance results where high,
the difference would be sharper if the performance was perfect.

The geographical plot is important to detect the most affluent zones in each city. It is clear that
the centres of each city are the zones with the most number of tweets and it corresponds to the
zones with more population density. For example, in the city centre of London, the closer it gets
to the river, the more dense the plot gets, once it is one of the most populated zones in London.

According to [60], around 9 million people go by London city center daily.
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Figure 4.5: Geographical distributions of tweets for London (a), Melbourne (c) and New York (e)
and geographical distributions of travel related tweets for London (b), Melbourne (d) and New
York (f) according to the medium list of target words 3.3.
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4.3 Sentiment analysis

This section presents the performance of text classification model (section 4.3.1). Then, a tempo-
ral analysis of travel-related terms is first assessed (section 4.3.2), and then a spatial analysis is

performed (section 4.3.3).

4.3.1 Performance

Table 4.4 shows the performance results of VADER sentiment model for the medium list of tar-
get words (Table 3.3) which obtained the best performance results for the BERT model. The
performance shows good results for the three assessed cities where London got the best ratings
with recall, accuracy and F1-score reaching values over 0.80. The average value of precision
scored 0.77 while recall, accuracy and F1-score attained around 0.78. The results demonstrate

consistency along the three assessed cities.

Table 4.4: Performance results of sentiment analysis using the medium list of travel-related
terms 3.3 for London, Melbourne and New York.

H Performance measures \ London \ Melbourne \ New York \ Average H

Precision 0.720 0.790 0.800 0.770
Recall 0.758 0.849 0.741 0.780
Accuracy 0.745 0.825 0.760 0.777
F1-score 0.738 0.819 0.769 0.775

4.3.2 Temporal analysis

Figure 4.6 and Figure show the average number of traveled-related tweets per hour of the day
and day of the week respectively. The data are considering the sentiment (positive, negative and
neutral) for London, Melbourne, and New York, according to the medium list of target words 3.3.

As can be observed, the number of positive and neutral traveled-related tweets are almost equal
in London and Melbourne. However, in New York the number of neutral traveled-related tweets is
higher than the number of positive traveled-related tweets. In the three cities analysed the number
of negative traveled-related tweets is around 50% of the number of positive traveled-related tweets.

Regarding the hourly variation of travel-related tweets, Figure 4.6 shows the average number
of traveled-related tweets per hour of the day considering the sentiment (positive, negative and
neutral) for London, Melbourne, and New York. The variations are consistent for each hour of the
day and represent around 80% of the mean value. The patterns recognized on Figure 4.3 are also
confirmed in this analysis.

Along the week, Wednesday and Thursday are the most popular weekdays. The number of
positive and negative travel-related tweets hits, during these days, the maximum values of the

week in all the three cities analysed (Figure 4.7). This might suggest that these days are crowded



4.3 Sentiment analysis 33

and have a lot of traffic. In fact, figure A.3 shows that Thursday is one of the most congested day
of the week, according to TomTom index.

Weekends are in general the periods of the week with less number of traveled-related tweets.
This trends is clear observed in the biggest cities of London and New York, but not in Melbourne,
which can be related with the low number of traveled-related tweets recorded daily in this city,
around 100 tweets positives and around 50 tweets negative. With exception of London, the stan-
dard deviation of the positive travel-related tweets is higher during weekend. However, this pattern

is not observed for the negative travel-related tweets.

London
120 2 o o 3 Positive
°© > 1 = [ Neutral
= Negative
100
8 o
o i o o i
80 o o o
o° o o
o ] o

L] e

I L

0 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour of the day

Average number of travel-related tweets

()
j2]
2 Melbourne
g i [ Positive
=20 o o [ Neutral
hel o o o =3 Negative
9 o o o o o
o o o o o ]
o o o o 00 000 © (o] o
15 o o o o o oo o
6 o o o o o o o
> o [ o oo o
E o o oo © o o o o
= o o] 00 o o]
w10 o [lo [lo |[|o [fe o ool o oo o |lo
o o [lo ||o ||o o ] olo o o
a o o o o o o e} o
8 e ) o
E o o o o
S 5410 o o o {*]
c © © o0 o0 oo |00
° o o
& b 00h 0 ole deo b
S =R
5 0
é 0 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour of the day

New York
o o [ Positive
350 o =3 Neutral
1 4 = Negative
o
300 o o
o
o o
o 1 ! 8
250 o o (e] o
° o
(2] o
200 L ° 8 o T
8 o

Mithdc LM AR AR

G0 0L 02 03 04 0 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour of the day

(©)

@
3

B0
| —m—o0000

Average number of travel-related tweets

Figure 4.6: Average number of tweets per hour of the day considering the sentiment for London
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4.3.3 Spatial analysis

To analyse the distributions of travel-related tweets, maps of positive and negative tweets were
produced for the city of New York, for May 17 (Thursday) from 2017 (plots with the neutral
messages are on the Figures A.1 and A.2). Figure 4.8 plots that distribution from 6 a.m. to 12
a.m.. These maps were computed for the results of the model obtained using the medium list of
target words (Table 3.3), as this list was the one with the best model performance.

As can be observed, the distribution of travel-related terms change along the day. The density
of messages grows along the day. It is possible to see that in the morning (6 a.m. to 12 p.m.), there
are fewer messages identified than for the rest of the day. As it gets closer to 9 p.m., the density of
tweets grows considerably until it gets lighter from 9 p.m. to 12 a.m..

Regarding the sentiment, as the density of the messages grows, the more negative messages
appear overtaking the number of positives. From 6 a.m. until 12 p.m., the number of positive
messages is greater or equal to the number of negatives. Once the affluence to the streets gets
higher, the number of negative messages is bigger than the number of positives, as it is seen in

Figure 4.8 from 12 p.m. to 9 p.m..
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In order to go further in the spatial analysis of the model, a day with a crash in the city of New
York was analysed. According with [2] at 11:53 EDT of May 18, 2017, a car was crashed in Times
Square, New York City, United States. One person was killed and 20 were injured. To analyse
this occurrence, the model was plotted over Manhattan in the hour before and two hours after of
the accident occur. Figure 4.9 shows the location of the accident, while Figure 4.10 presents the
spatial distribution of positive and negative travel-related terms over Manhattan (New York) in the

previous hour of the accident and the next two hour.
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Figure 4.9: 2017 Times Square car crash (Manhattan, New York) [2].

During the hour before the crash, the flow of messages was low and mostly with positive senti-
ment, as it is on Figure 4.10a. Right after the hour of the crash, the density of messages grows with
a low number of positive messages and a clear advantage for the negative. On Figures 4.10b, 4.10c
and 4.10d, a red stain is all over Manhattan which can be related to the crash related on [2]. More-
over, three hours after the accident the number of negative messages increases even more, which
suggest that a general increase of traffic congestion happens in the city caused by the occurred

accident.
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Figure 4.10: Density and sentiment evolution of the messages one hour before and three hours
after a car was crashed in Times Square, New York City, United States, at 11:53 EDT of May 18,
2017.

Figure 4.11 represents the number of travel related terms from the medium list 3.3 in New York
for one hour before the accident and three hours after. The word accident needs to be highlighted
because from 11 a.m. to 12 p.m. it was used 6 times, but after the crash, from 12 p.m. to 13 p.m., it
was the most used word with 74 appearances. Some terms related to the accident are also present
in the group of the most used words after the crash, such as, driver, car and street. Relating to

the sentiment, one word that appeared mostly after the crash and has a negative impact (beside the
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word accident) is the word traffic.
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Chapter 5

Conclusions and future work

In this chapter, the main conclusions are mentioned (section 5.1) as well as the publications (sec-

tions 5.2) and the suggestions for future work (section 5.3).

5.1 Conclusions

In this work, we extracted knowledge from social media to evaluate urban transport. For this pur-
pose, we used BERT embeddings with an unigram approach and VADER sentiment to assess the
transportation sector in three major worldwide cities: New York, London and Melbourne. For this
purpose, a methodology structured into three main modules was defined: system configuration,
data analytics, and visualization.

To demonstrate the methodology proposed, first, the data extraction and its pre-processing
were developed with NLP techniques (using NLTK tool). Pre-processing is a very important stage
of this work once texts extracted from Twitter are full of informal words, slang and misspellings.

Then, the classification with BERT embeddings was implemented and analysed. For that,
three lists of target words were defined small list 3.2, medium list 3.3 and big list 3.4). A higher
performance of the model was consistently obtained for the three cities studied. The performance
results were good and consistent with the benchmark analysis in the literature 2. The medium list
of travel related target words showed the best performance results because is the less ambiguous
and the more balanced out of the three lists. The results show that the methodology used is able
to identify trends and therefore can be potentially used to support the analysis of traffic-related
events.

Sentiment analysis is considered a good way to assess about public satisfaction regarding
transportation and mobility. It is important to recognize public needs and to satisfy them. In this
work, the sentiment analysis was performed by using a lexicon and rule-based tool called VADER.
VADER sentiment attained good results for the three assessed cities according to the medium list
of travel related words. Some satisfaction analysis was made for the days of the week and for the
hours of the day. The results show that, beside there is a greater number of positive messages,

the average number of negative messages is significant. A random working day of the week was
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chosen to measure public satisfaction on transportation in New York. It is possible to infer that as
the affluence to the streets grow, the dissatisfaction grows along. A similar analysis was made for
a specific event on May 18, 2017 in New York when a car crash happened in Manhattan around
mid day. During the hour before the crash, traffic satisfaction was moderate, but as soon as the
crash happened, the dissatisfaction increased drastically during the three hours after.

With the general growth of cities, the need for mobility increases. As a result, the levels
of traffic congestion have been raising dramatically worldwide. Passenger transit is projected to
increase, with respect to 2005, by around 34% in 2030 and 51% by 2050 [5]. In Europe, congestion
costs are about 1% of gross domestic product (GDP) each year [6]. According to the White Paper
on transport (2011), the congestion costs will increase by about 50% by 2050. As a consequence,
the social costs of accidents, noise, and pollution will continue to raise.

According to this, crowd sensing will be more and more important to reduce costs, time, and
also to complement traditional surveying methods. Although both present some evident differ-
ences, they also offer compatible and complementary characteristics. Although Twitter users are
younger, more affluent, and more educated than the general population as a whole, the method-
ology here presented is a good complement to urban planning measures and to traffic control
statistics, at least for large cities with large populations where the amount of data is big enough to
get results. Therefore, the work developed demonstrate that the methodology defined can be used
in a tool to assist transport engineers, urban planners, researchers, and policymakers in getting

insight into public opinions regarding urban mobility.

5.2 Publications

During the developing of this dissertation, one scientific paper was presented in a workshop at
the IEEE International Smart Cities Conference 2021 in order to share the methodology and its

results:

* Francisco Murcos, Téania Fontes, Rosaldo Rossetti. Are BERT embeddings able to infer
travel patterns from Twitter efficiently using a unigram approach? In IEEE International
Smart Cities Conference (IEEE ISC2), 2021. To appear.

Another scientific paper about this dissertation is being prepared with the most recent results

and the addition of sentiment analysis.

5.3 Future work

The dissertation proposed an innovative methodology that leads to further research work. The
methodology proposed has great potential and proves how people are increasingly connecting

more and more to each other and to every kind sector, in this case, to transportation and mobility
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sector. Taking into considerations some suggestions might develop the area of artificial intelli-
gence in transportation and mobility and improve the knowledge extracted from social media.

Here are some suggestions that come in sequence of this work:

» Using pre-trained BERT large model (uncased) could lead to better and more reliable per-
formance results. The BERT large model is an embedding model with twice the embedding
layers compared to BERT base model. It is an extensive time consuming task but could lead

to new information;

* Fine-tuning a BERT model would be another option to explore BERT embeddings and get

more results regarding transportation and mobility;

* In this work, an unigram approach was used which means that each token for the embedding
was a single word. Another option would be to rebuild the proposed lists of target words
and use an n-gram approach higher than unigram. It would capture even better the context

of the expressions;

* It would be interesting to apply this methodology to a language different than English. There
are more large cities with large populations around the world where the spoken language is
not English. Figueiredo [12] applied his methodology to two Brazilian cities, Rio de Janeiro
and Sao Paulo, and it would be interesting to apply BERT embeddings to these cities and do

some comparison research;

* Regarding the sentiment analysis, fine-tuning VADER sentiment model and improving its

lexicon could lead to more reliable sentiment results;

* An interesting study would be to analyse the sensibility of VADER, TextBlob and Affin
sentiment analysis models by comparing its performances’ results in the mobility and trans-

portation sector;

* Nowadays, information is at the distance of a click. Considering it, an approach that could
be able to analyse Twitter texts’ emotion on transportation and mobility on real-time would

be a welcome addition to the methodology.
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Appendix A

A.1 Plots with the neutral messages for New York on May 17, 2017
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Figure A.1: Messages distributions for New York on May 17 from 2017 (thursday) considering
the sentiment (neutral) from 6 a.m. to 12 p.m., according to the medium list of target words (Table

3.3).
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A.2 Statistical data regarding transportation on London, Melbourne

and New York from TomTom index
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Figure A.3: Average traffic congestion in 2017 for London (a), Melbourne (b) and New York (c)
according TomTom index.
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bourne (b) and New York (c) according TomTom index.
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