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A B S T R A C T   

Public sentiment provides an important social reference for urban management and planning. The relationship 
between public sentiment and a single type of land use has yielded stable results in previous studies. Hitherto, 
there has been relatively little research on the correlation of the entire urban environment with public sentiment. 
Based on the unit of statistical area in Barcelona city, this research uses Twitter sentiment to represent public 
sentiment and develops a regression model for understanding the interrelationship of four layers: sociodemo
graphic, built-environment, human mobility and socioeconomic activities. The result shows that: 1) The long- 
term spatial difference in public sentiment has correlations with the urban environment, though it is not deci
sive. 2) Regardless of disruptive events that are directly associated with public sentiments, the wealthier areas 
show a more positive correlation with higher public sentiment. 3) The distribution of sentiment tweets (non- 
neutral) has a close relationship with places where there is a high flow of human activities. This study contributes 
to the systematic literature of urban applications of sentiment analysis with new empirical observations and a 
transferable methodology.   

1. Introduction 

As Lewis Mumford pointed out, “the city… is the point of maximum 
concentration for the power and culture of a community” (Mumford, 
1970). In this sense, a city is the product of an intricate relationship 
between the environment and human activities. Such complex re
lationships could be presented as routes of people’s mobility or spatial 
distribution of land uses. They could also be measured by the public 
sentiment and perception of the urban environment, which is constantly 
transformed and disturbed by human activities (Sénécal, 2007). Public 
sentiment refers to a combination of people’s feelings and perceptions, 
that is, “an attitude that is based on their thoughts and feelings”, ac
cording to the Collins English dictionary. It is “often the product of 
repeated place interactions and experience” (Dunlap et al., 2013). 
Therefore, the importance of understanding the relationship between 
public sentiment and the urban environment lies in the fact that it can 
reveal dynamic social contexts from a citizen perspective (Williams & 
Dunn, 2003), which can provide insights into which specific settings of 
the urban environment could promote people’s happiness and well- 
being. Furthermore, this understanding will be beneficial for future 

urban governance and planning. 
Location-based social network (LBSN) data, such as that of Twitter or 

Facebook, can overcome the limitation and provide a tangible vision to 
present “invisible” public sentiments in nearly real-time. The common 
feeling can be observed and aggregated through texts, emoticons and 
specific behaviour (e.g. by giving a “like” or forwarding). Therefore, 
sentiment analysis via location-based social network (LBSN) data has 
been a popular topic in urban studies on subjects such as work stress 
(Wang, Hernandez, et al., 2016), the sentiment of railway passengers 
(Collins et al., 2013) and mapping sentiment (Li et al., 2016). 

Nevertheless, the relationship between public sentiment and the 
urban environment has not yet been fully investigated. Firstly, on a large 
geographical scale, several scholars argued that the density and size of 
cities has negatively contributed to people’s happiness (Morrison, 2011; 
Okulicz-Kozaryn & Mazelis, 2018). However, the variations in spatial 
difference of public sentiment within a city have not been studied. 
Secondly, for a single type of land use or urban factors, previous studies 
have yielded some globally compatible results, such as tourist attrac
tions (Park et al., 2018) or green spaces (Chapman et al., 2018; Schwartz 
et al., 2019). Sociodemographic conditions (e.g. income, gender and 

* Corresponding author. 
E-mail addresses: li.ya.yang@upc.edu (L. Yang), carlos.marmolejo@upc.edu (C. Marmolejo Duarte), pablo.marti@ua.es (P. Martí Ciriquián).  

Contents lists available at ScienceDirect 

Cities 

journal homepage: www.elsevier.com/locate/cities 

https://doi.org/10.1016/j.cities.2022.103977 
Received 19 December 2020; Received in revised form 30 June 2022; Accepted 6 September 2022   

mailto:li.ya.yang@upc.edu
mailto:carlos.marmolejo@upc.edu
mailto:pablo.marti@ua.es
www.sciencedirect.com/science/journal/02642751
https://www.elsevier.com/locate/cities
https://doi.org/10.1016/j.cities.2022.103977
https://doi.org/10.1016/j.cities.2022.103977
https://doi.org/10.1016/j.cities.2022.103977
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cities.2022.103977&domain=pdf
http://creativecommons.org/licenses/by/4.0/


Cities 130 (2022) 103977

2

unemployment) are also positively correlated with public sentiment 
(Ballas, 2013; Mitchell et al., 2013). However, few studies integrate all 
these environmental factors into a whole setting to evaluate the influ
ence of the spatial difference in public sentiment. It is still not known to 
what degree the urban environment could influence public sentiment 
and which layer of the urban environment has a greater influence on 
public sentiment. In addition, most research has been limited to English 
texts or a single language. In fact, immigrants and visitors usually hold 
an important portion in international metropolises. An analysis based on 
a single language is not sufficient to reveal perceptions about the same 
city of people who use other languages. 

Therefore, this research aims to offer an empirical quantitative study 
to provide some insights into the relationship between the urban envi
ronment and the variation in public sentiment at city level. It utilises 
thirty months of Spanish and English tweet data to quantify and classify 
the sentiment orientation of tweets, that is, positive, negative and 
neutral. Public sentiment is measured by two aspects: the spatial dis
tribution of sentiment tweets (that is, tweets with positive and negative 
sentiment) and the spatial variation of sentiment scores. Based on the 
division of the basic statistical area (AEB) of Barcelona, the urban 
environment is conceived as a polymer with four layers: sociodemo
graphic, built environment, human mobility and socioeconomic activ
ities. A multivariate regression model is used to explore the variation in 
Twitter sentiment across AEBs with different urban environment char
acteristics. In addition, we analyse the temporal variation in Twitter 
sentiment to complete the research. 

In summary, this research has unequivocal implications as it analyses 
the interaction between public sentiment and the urban environment 
and enriches urban governance. 

1) From a methodological perspective, our model systematically in
spects the spatial patterns of public sentiment at city level. We also 
measure the sentiment score and the density of sentiment tweets 
separately. The study indicates that the intensity of Twitter activity is 
not inevitably associated with a variation in public sentiment score, 
which has been overlooked by previous studies. In addition, our 
method offers an affordable approach to classify sentiments from 
multi-language texts. It would be beneficial to expand the scale of 
international samples in future urban research.  

2) Theoretically, our results also contribute to empirical observations of 
emotional geography, which inspect the public sentiment in a com
bined urban setting. At city level, it suggests that the influence of 
socioeconomic indicators is stronger than other factors. The spatial 
variation in public sentiment score could be a long-period repre
sentation of socioeconomic condition, that is, wealthier areas show a 
more positive correlation with higher public sentiment. By contrast, 
the influence of the built environment on public sentiment is sensi
tive to the geographical scale of the study. Lastly, although the 
occurrence of disruptive events can disturb public sentiment imme
diately, it does not offset the long-term spatial distribution and 
orientation of public sentiment in Barcelona.  

3) By extracting the key information that Twitter sentiment conveys, a 
further contribution of this paper is that it develops several scenarios 
of universal urban applications for policymakers and urban 
designers. 

The remainder of the paper is organised as follows. Section 2 reviews 
three cornerstones of the research: a) the empirical studies and theo
retical explanations of the relationship between public sentiment and 
urban environment, b) a critical review of Twitter sentiment analysis 
and c) a structured review of urban applications of sentiment analysis. 
Section 3 presents the research framework and calculation details. 
Section 4 reveals how public sentiment varies across the urban space. 
The theoretical and practical implications are discussed in Section 5. 

2. Literature review 

2.1. The relationship between public sentiment and urban environment 

Studies of the relationship between urban environments and public 
sentiment could date back to the 1960s. This is a research field that has 
had a multidisciplinary character from the start (Craik, 1973). From the 
perspective of urban studies, Lynch (1960) introduced the concept of 
“mental map” to represent people’s perceptions of the surrounding built 
environment. The subjective perception of locations and connections 
between places can be considered a kind of neutral sentiment. Based on 
this framework, Kuipers (1978) drew up a theoretical model to state a 
person’s cognitive map (i.e. how people store their spatial surroundings 
in their mind). Such cognitive-centred theories only focus on the ability 
of human beings. They were challenged by interactive theory in the 
1990s, which considered that space is a material that the body engages 
in and works with (Lupton, 1998), rather than something with a mere 
objective existence. Therefore, “emotions can be conceptualised as the 
felt and sensed reaction that arise in the midst of the (inter) corporal 
exchange between self and world” (Davidson et al., 2012). In simple 
words, the environment also influences the emotions of human beings, 
and then such emotions can be conveyed by sentiment expressions. 
Since the 1980s, collective evidence from emotional geography and 
environmental psychology has shown the interrelationship between 
public sentiment and the environment. For example, people are happier 
in the natural environment (MacKerron & Mourato, 2013). Likewise, 
different environmental conditions influence people’s perception of 
public policies. For example, people who live in an area where resources 
are extracted are more likely to support environmental protection (Blake 
& Behavior, 2001). 

Numerous quantitative results regarding such relationships were 
generated until the appearance of social media data (Section 2.2). These 
studies yielded some solid results relating to specific urban places and 
the corresponding public sentiments. Individuals feel happier in scenic 
places in urban areas (Seresinhe et al., 2019). Larger and greener parks 
delivered more happiness to people according to case studies in San 
Francisco (Schwartz et al., 2019), Massachusetts (Cao et al., 2018) and 
New York (Bertrand et al., 2013; Plunz, Zhou, Vintimilla, Mckeown, Yu, 
Uguccioni, & Sutto, 2019). Gallegos et al. (2016) concluded that places 
with more amenities, such as restaurants, gyms and beaches, tended to 
be happier than other places in Los Angeles. Conversely, transportation 
hubs and industrial manufacturing places tended to show negative 
sentiment (Bertrand et al., 2013; Cao et al., 2018). In addition, subjec
tive well-being is negatively correlated with spatial distance to leisure 
places, such as the beach or recreational places, which decrease as the 
distance to the place increases (Brereton et al., 2008). In conclusion, 
leveraging large datasets, specific urban places have a clear impact on 
life satisfaction and positive sentiment, though the impact may not be 
decisive. However, it is not known how a combined urban environ
mental setting can influence public sentiment in the long-term. For 
example, as Mouratidis (2019)stated regarding urban density, there is a 
contrast between subjective well-being in the city centre and in the 
suburban area. However, they failed to provide a complete analysis to 
explain how this contrast occurred. 

Indeed, at large geographic scale, some scholars have found that 
higher neighbourhood environmental quality, in aspects such as safety 
(Hu et al., 2019), cleanness (Mouratidis, 2019) and the degree of 
accessibility to urban facilities (Kyttä et al., 2016), tends to have positive 
influences on the subject’s well-being and happiness. Several studies 
have observed that socioeconomic condition has a statistically stronger 
positive impact on happiness at individual (Wang, Wang, & Society, 
2016), community (Quercia et al., 2012) and city level (Mitchell et al., 
2013) across countries. Despite these achievements, few studies analyse 
the relationship between human sentiment and environment under the 
perspective of an integrated urban environment. Hu et al. (2019) studied 
people’s perceptions of urban neighbourhoods using online reviews and 
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eight indicators of the urban environment. However, all these environ
mental indicators were analysed separately without a comprehensive 
explanation at city level. Hajrasoulih et al. (2018) develop a four- 
dimensional theoretical model to summarise the possible environmental 
elements that impact human mental health: objective environment, 
perceived environment and physical and social environment. However, 
a quantitative model that could decide which urban factors are most 
influential during the accretion of public sentiment at city level is still 
pending. 

To address the research gap, the aim of this paper was to put urban 
indicators of socioeconomic, built environment, and human mobility 
and socioeconomic activities into one model to discuss the relationship 
between the urban environment and sentiments embedded in tweets. It 
was expected to provide a combined perspective to examine the 
spatiotemporal variance in public sentiment quantitatively and 
qualitatively. 

2.2. Twitter sentiment analysis 

2.2.1. The representativeness of Twitter 
The representativeness of Twitter data has been under debate for a 

long time. Demographic characteristics, such as age, gender and race, 
and the use of social media may distort the result of investigations and 
affect their representativeness (Murthy et al., 2016). However, “geo- 
located Twitter data still yields generalizable results when studies are 
restricted to populated metropolitan areas with a high percentage of 
smartphone users” (Plunz, Zhou, Vintimilla, Mckeown, Yu, Uguccioni, & 
Sutto, 2019). Lenormand et al. (2014) compared mobility patterns based 
on three sources: Twitter, census and cell phone data. They concluded 
that the results obtained with the three data sources were comparable, 
despite the representativeness of Twitter being lower than that of the 
other sources. Twitter is a useful source to unveil urban dynamics in an 
aggregated way rather than at individual level (Luo et al., 2019). In 
summary, using Twitter to investigate urban dynamics in a metropolis 
has the potential to generate reliable results when the dataset is large 
enough. 

Undeniably, Twitter sentiment analysis faces more criticisms 
regarding accuracy, representativeness and privacy (Murthy et al., 2016; 
Wyly, 2014). However, the accumulation of studies and applications 
will lead to some solid conclusions, as summarised in the above section. 
Several urban domains have been able to reach high precision, such as 
the prediction of influenza using Twitter (Culotta, 2014; Paul & Dredze, 
2011; Sinnenberg et al., 2017) and disaster management (Horita et al., 
2013; Neppalli et al., 2017). 

2.2.2. Twitter sentiment analysis 
Traditionally, personal questionnaires have been used to understand 

the relationship between places and people’s feelings, such as attitudes 
toward green areas (Balram et al., 2005) or waste disposal facilities 
(Bacot et al., 1994). Such a method is usually limited to the number of 
sampling units and a certain spatiotemporal range. As a widely used 
micro blog platform, the analysis of Twitter sentiments can provide 
enormous and valuable information on social relationships and daily 
life, which were barely detected by traditional statistical data. This in
formation has been applied to the prediction of stock market movements 
(Pagolu et al., 2016), political elections (Paul et al., 2017; Yaqub et al., 
2020), disaster management (Neppalli et al., 2017) and disease sur
veillance (Sinnenberg et al., 2017). The essence of sentiment analysis is 
to investigate the rationale of the expression of sentiments in texts and 
estimate the sentiment orientation (that is, positive, neutral or negative) 
toward the subject of the text (Nasukawa & Yi, 2003). Therefore, the 
framework of sentiment analysis has two main parts: the extraction of 
emotional expressions and the algorithm that quantifies the sentiment 
score of texts based on certain rules. 

Current, corpus-based and lexicon-based approaches are two major 
methods used to conduct sentiment analysis. Corpus-based sentiment 

analysis uses specific corpora as the training data to extract the feature 
of sentiments and classifies the polarity of an input text (Li et al., 2016). 
The feature of a sentence, for example, can be defined as the frequency 
of positive and negative terms. It measures the similarity of the entire 
sentence rather than single words (Candelieri & Archetti, 2015). The 
corpus-based approach can perform well for specialised domains, such 
as medical articles or political speech, because the source of the corpus 
points to that domain. However, it lacks sufficient evaluation of the 
quality of the algorithm and requires model training for each domain. 

The lexicon-based method (Mitchell et al., 2013; Thelwall et al., 
2010) contains a list of words that are predefined in terms of sentiment 
polarity and sentiment strength. It requires high quality of lexical re
sources for good performance. Based on dictionaries, the machine 
sentiment classifier searches for the matched emotion expression in texts 
and assigns sentiment scores to them. For instance, Gilbert and Hutto 
(2014) established a lexicon using three sentiment lexicons, Linguistic 
Inquiry and Word Count (LIWC), Affective Norms for English Words 
(ANEW) and General Inquirer (GI), and supplemented the lexicon with 
commonly used expressions in social media data, such as acronyms, 
slang and emoticons. They applied heavy human inspection in the 
production of the lexicon to improve the quality. Compared with the 
corpus-based method, the algorithm of the lexicon-based method is 
easier to understand and adopt. 

Despite these advantages, the shortfalls are similar to the corpus- 
based method. It is difficult to evaluate which method is better as se
mantic data are complex and heterogeneous, although all approaches 
claim that they are better than the others. In addition, with the increase 
of commercial potential in sentiment analysis, little software with 
excellent performance is free to the public (Kumar & Jaiswal, 2020). 
Therefore, to increase the accuracy and balance the cost, this study tries 
to utilise the intersection of two lexicon-based algorithms to measure the 
sentiment score from Twitter (Section 3.4). 

2.3. Urban applications of sentiment analysis in future urban planning 

Many studies have investigated the role of semantic analysis in 
enhancing future urban planning. However, single analysis studies can 
hardly be connected to a systematic view of the potential of sentiment 
analysis. Therefore, we propose a structured summary (Fig. 1) of the 
potential urban applications of sentiment analysis, which could be 
beneficial to connect the understanding of public sentiment with urban 
practices. 

The unique contribution of sentiment analysis to urban planning and 
policies is twofold: 1) it serves as valuable social-spatial reference data 
to monitor and investigate various human-environment relationships in 
the urban space. The “communal matters of concern” (Nold, 2009) 
expressed by public sentiment could support better decision-making of 
urban policies and deal with urban issues. 2) The indigenous knowledge 
provided by Twitter and other social network data is beneficial for 
disclosing the local daily life and the embedded social and cultural 
contexts that were usually overlooked by authorised official data. For 
example, the spatiotemporal distribution of work stress in a long period 
(Wang, Hernandez, et al., 2016) and real-time public experiences during 
events (Balduini et al., 2013) could be monitored through tweets’ texts 
directly. Therefore, it could be a useful vehicle for the advanced analytic 
framework in future urban planning. 

Specifically, sentiment analysis can make definite contributions to 
theoretical and practical aspects of urban planning and management. 
Firstly, regarding the theoretic framework of urban management, 
sentiment analysis can add a novel social layer to the governance of 
smart cities, which shift from a single government-centric paradigm to a 
data-driven, multi-stakeholder mode (Meijer & Bolívar, 2016). A smart 
city contains a collection of sentient infrastructure based on various 
information and communication technologies (Kandt & Batty, 2021) 
and a system of urban governance in which governments, organisations 
and citizens participate (Gao et al., 2020). Such an intersection of 
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diverse elements (Lim et al., 2018) indicates that the governance of a 
smart city looks like a structure of dynamic collaborations rather than 
regulation (Cattacin & Zimmer, 2016). During the process, public 
sentiment, as a proxy of public well-being (Li et al., 2016), could be 
involved in many smart applications (Lim et al., 2018), such as a smart 
environment, smart health and smart hospitality, among others. 

Secondly, at practical level, it can be an active instrument for urban 
governance in monitoring public response, evaluating urban facilities 
and well-being and promoting smart planning. Twitter is a comparable 
tool to monitor the public response during disasters (Crooks et al., 2013) 
and manage social events intentionally (Hubert et al., 2018). It is also an 
inexpensive method for checking public attitudes toward a specific 
policy or urban intervention (Sutoyo and Almaarif, 2020). For example, 
Marquez et al. (2019) research showed that inter-group communication 
between refugees and non-refugees was helpful to alleviate online 
negative sentiment toward refugees, as the probability of communica
tion was positively correlated with public sentiment. Nik-Bakht and El- 
Diraby (2016) designed an online social media game to detect people’s 
perspectives on the sustainability of urban infrastructure. The mission of 
players is to annotate infrastructure-related tweets using a set of in
dicators of sustainability. The attitude of sustainability is produced 
spontaneously by players when they play the game. 

Furthermore, sentiment analysis can be applied to the assessment of 
the urban environment. For example, Hollander and Shen (2017) 
detected people’s attitudes toward cycling services in Washington DC 
using related tweets. Collins et al. (2013) utilised Twitter to study the 
sentiment of passengers of suburban trains near Chicago city. They 
found that dissatisfaction with incidents can be detected by the variation 
in Twitter sentiment during a 24-hour timeline. LBSN sentiment analysis 
is also valuable for smart planning. Quercia et al. (2014) proposed more 
emotional-route options (beautiful, quiet and happy) for users rather 
than the shortest routes on map services, according to the user’s online 
opinions of places. 

To sum up, sentiment analysis has shown its potential in urban ap
plications, which can stimulate citizens’ participation in urban gover
nance actively or passively. In this sense, our study, as a city-level 
observation, can contribute to comprehensive understanding of a com
plete urban environment (Section 4), and thus it could provide insight 
into the design of master plans and the analytic framework of a city 
(Section 5). 

3. Methods and materials 

3.1. Research design 

A 30-month Twitter dataset was utilised to calculate public senti
ment and several open/official datasets were used to construct in
dicators of the urban environment in Barcelona (Fig. 2). The research 
design followed three main steps:  

(1) The Twitter dataset was processed to reduce data noise. English 
and Spanish Tweets were extracted for further sentiment analysis. 
The representativeness of the dataset in Barcelona is also 
inspected in Section 3.2.  

(2) A hybrid method was introduced to quantify public sentiment 
using two algorithms (Section 3.4), whose effectiveness was 
validated by a sampling test (Appendix B). Furthermore, we used 
the density of sentiment tweets and the sentiment score to 
represent the variation in Twitter sentiment.  

(3) Combined with the urban environment indicators extracted from 
open point of interests (POIs) data, the official transport survey, 
and census data (Section 3.5), regression analysis was conducted 
to explore the relationship between Twitter sentiment and the 
urban environment. 

3.2. Data collection and processing 

The scope of the study was restricted to Barcelona, Spain. Barcelona 
is a typically compact city whose area is 101.9 km2. It supports 1.6 
million residents. The Twitter dataset that we acquired from Twitter 
Streaming API between September 2016 and April 2019, contained 
1,100,244 tweets in total (data source: Martí et al. (2019)). Retweets 
were not included. The speed of retrieving data was 450 requests every 
15 min. The returned data was a representative sample within Barcelona 
from the Twitter server. 

To reduce non-active users and improve the data quality, repeated 
tweets and users who only appeared once in the studied area were 
excluded from the dataset, which accounted for 44.82 % of all 123,437 
Twitter users during the period. Meanwhile, non-individual accounts 
and their tweets, such as weather information, companies, websites, etc. 
were also removed (see Appendix A: Table A.1). Most of the high- 
frequency users were commercial and information accounts and were 
excluded from the dataset. The cleaned Twitter dataset contained 

Fig. 1. Potential applications of Twitter sentiment analysis.  
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707,549 tweets that were generated by 63,178 users. We manually 
checked the remaining users who had 1000 tweets, accounting for 3.5 % 
of all tweets. No dense publishing behaviour in a short period was found. 

3.3. Representativeness of the analysed Twitter dataset 

According to the automatic language detection of Twitter, Spanish, 
English and Catalan tweets accounted for nearly 80 % of the cleaned 
dataset. The high percentage of English tweets was caused by the huge 
volume of visitors. As a world-famous tourist attraction, according to the 
Annual Tourism Sector of Barcelona Report 2017, the total number of 
overnight tourists who stayed in hotel accommodation was nearly nine 
million. Catalan and Spanish are the official languages of Catalonia. The 
initial proposal was to analyse Twitter sentiments in the three lan
guages. However, a human sampling inspection (under 95 % confidence 
level and 4.6 confidence interval) showed that over 50 % of 453 samples 
of Catalan tweets did not contain any valid text except geolocation in
formation. This was largely caused by geolocation that refers to Catalan 
local place names. Firstly, half of these tweets were generated by the 
automatic geolocation of posted pictures or users’ “check-ins”. Secondly, 
text cleaning removed all hashtags, links, unrecognised characters and 
symbols. Therefore, tweets that only contained this type of content 

would be cleaned except for the geo-information. Since Twitter’s algo
rithm of language detection is not publicly available, we could only 
estimate that the machine detected them as Catalan tweets because the 
algorithm considered that hashtags and links could be used by all lan
guage users. 

Therefore, considering the poor quality of Catalan tweets, the 
sentiment analysis only considered English and Spanish tweets. This 
should not greatly affect the effectiveness of the research. According to 
the investigation from the Institute of Statistics of Catalonia in 2018, 
97.5 % of people in Catalonia understood and used Spanish, and 76.1 % 
wrote mobile messages in Spanish or in a combination of Spanish and 
other languages. Only 11.7 % of people only used Catalan to write mo
bile messages. 

The final dataset of Spanish and English tweets contained 429,271 
tweets in total. Fig. 3 shows the weekly distribution of the original 
cleaned dataset, which implies that the temporal distribution was not 
distorted by the cleaning process. Data loss occurred six times due to an 
unexpected technical problem. The overall decreasing trend of geo
tagged tweets is a global phenomenon mainly because of the change in 
the default geotag mode in Twitter and increasing privacy concerns 
(Tasse et al., 2017). 

Fig. 2. Research framework.  

Fig. 3. Comparison of the temporal distribution of datasets. 
Source: own elaboration. 
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3.4. Sentiment analysis 

The process of sentiment analysis includes two steps. Firstly, we 
translated Spanish tweets into English via Google Translate, due to a 
consideration of the quality and consistency of sentiment evaluation. To 
our knowledge, free, open tools of Spanish sentiment analysis have 
seldom been wildly tested and used. Conversely, the availability of 
translated texts has been proved by Balahur and Turchi (2012). They 
concluded that translated Spanish texts could provide comparable re
sults for sentiment analysis. Moreover, since few free open programs 
support sentiment analysis of multi-languages, the consistency of rating 
results is hard to guarantee if we adopt different tools in different 
languages. 

Secondly, the sentiment analysis was conducted by two widely used 
lexicon-based programs (Al-Shabi, 2020; Bonta and Janardhan, 2019): 
Vader that specifically focuses on social media texts (Gilbert & Hutto, 
2014) and SentiStrength that focuses on the estimation of sentiments in 
short informal texts (Thelwall et al., 2010). Both programs can attain 
similarly high accuracy in Twitter texts (Al-Shabi, 2020; Ribeiro et al., 
2016) and informal online comments (Bonta and Janardhan, 2019). 

The intersection of the results of both algorithms is the final classi
fication, that is, a tweet is confirmed as positive only if it is in the pos
itive category of Vader and SentiStrength. The classification of neutral 
and negative tweets follows the same rule. In addition, we extracted a 
sample dataset and manually inspected the effectiveness of our method 
and whether the translation greatly affected the sentiment detection (see 
the details in Appendix B). 

Regarding the result of sentiment classification, Vader rated the 
sentiment of words based on sentiment orientation and the intensity of 
the emotion. The normalised compound score of a sentence, on a scale 
from − 1 (maximum negative) to 1 (maximum positive), is the sum of 
scores of each word. Similarly, SentiStrength uses an integral range from 
− 5 to 5 to indicate the sentiment orientation except for 0. The 1 and − 1 
represent “no positive emotion” and “no negative emotion” separately. 
The binary sentence score is given by the maximum value of the positive 
score and the negative score. The sentiment orientation of a sentence is 
the sum of the two scores. Table 1 lists thresholds of sentiment classi
fication of both algorithms for a given sentence. 

Table 2 shows the result of classification of the entire English and 
Spanish dataset. The rate of agreement of the two algorithms is over 
70 % in both languages. The percentage of neutral tweets accounts for 
the largest proportion in both Spanish and English tweets; negative 
tweets are <5 %. The similar proportion of negative tweets could be 
observed in the sentiment classification of tourist destinations in Chi
cago (Padilla et al., 2018). Considering the pivotal role of tourism in 
Barcelona, this could imply that the percentage of negative tweets is 
lower in tourist places and cities. Moreover, Barcelona city is the core 
city of Barcelona Metropolitan Area, whose average income is higher 
than neighbouring municipalities. As previous studies suggested, this 
may also influence the low proportion of negative tweets that we have 
found. 

3.5. Evaluation of the relationship between urban indicators and Twitter 
sentiment 

Initially, the ideal model was to evaluate the influence of urban in
dicators on Twitter sentiments directly. However, we found that a logit 

model based on a single tweet level failed to generate reliable outcomes. 
The neuron network could measure the correlations between two vari
ables by comparing the performance of the classification. However, it 
could not quantify which indicator is more relevant to the dependent 
variable and its calculation process is unexplainable (Abiodun et al., 
2018). Therefore, we aggregated Twitter data using the unit of Basic 
Statistical Area (AEB) defined by Barcelona’s government and measured 
the relationship by the most commonly used multiple regression. The 
AEB is a territorial unit for statistical purposes in Barcelona city that has 
a homogeneous socioeconomic population within it, which divides 
Barcelona into 233 sectors whose average area is 0.44 km2 (Fig. 4). To 
guarantee the representativeness, AEBs that were introduced into the 
analysis of the relationship should have both positive tweets and nega
tive tweets in both languages. Following the criterion, 200 AEBs were 
entered in the analysis. Thirty-three excluded AEBs were mainly located 
in the peripheral areas of Barcelona. 

Furthermore, as the goal was to explore where sentiment tweets 
would be more distributed, the studied tweets were only restricted to 
positive tweets and negative tweets because neutral tweets do not 
perform sentiment orientation. Moreover, the involvement of neutral 
tweets would twist the average sentiment score to close to the per
centage of the neutral tweets of each AEB. Neutral tweets accounted for 
over 30 % of the entire dataset. However, the score range of neutral 
tweets was between − 0.05 to 0.05. Therefore, the variation in the 
average sentiment score would be similar to the inverse of the per
centage of neutral tweets (see Appendix A Fig. A.1). 

Public sentiment was evaluated by two aspects: the density of 
sentiment tweets and the net sentiment score. The former measures the 
spatial distribution of positive and negative tweets (i.e., the sentiment 
tweets). The latter describes the net variation in Twitter sentiment 
among AEBs. Considering that tweets could be generated at various 
places by residents and visitors, the density of sentiment tweets is given 
by the average density of all positive and negative tweets on each AEB, 
that is: 

Denstity of sentiment tweets =
Sum of postive and negative tweetsi

Area i
(1) 

The logarithmic form is introduced to satisfy the requirement of 
normal distribution of the dependent variable in the regression model. 
Based on the intersecting result of sentiment classification, the senti
ment score of a tweet is solely assigned by the Vader sentiment score 
because the score of SentiStrength does not produce a continuous scale 
(Thelwall et al., 2010). Considering the extremely uneven population of 
positive and negative tweets, the net sentiment score of each AEB is 
calculated by the average score of positive tweets and negative tweets: 

Net Sentimenti =
∑

Vader scoreposneg
∑

Tweetsposneg
(2) 

Fig. 4(a) shows that sentiment tweets are mainly concentrated in the 
city centre that contains most of the famous tourist attractions, such as 
La Sagrada Família, the Ciutat Vella (the medieval neighbourhood), 
Passeig de Gràcia avenue and La Rambla street. Both of these streets are 
major commercial and tourist avenues in Barcelona and contain some of 
the most celebrated architectural works. Compared with the density, the 

Table 1 
Thresholds of sentiment classification.  

Sentiment Vader SentiStrength 

Positive Compound score ≥ 0.05 Senti_sum > 0 
Neutral − 0.05 < Compound score < 0.05 Senti_sum = 0 
Negative Compound score ≤ − 0.05 Senti_sum < 0 

Source: own elaboration. 

Table 2 
Results of sentiment classification.  

Category of 
sentiment 

English 
tweets 

Percentage Spanish 
tweets 

Percentage 

Positive  47,307 22.96 %  68,356 30.62 % 
Negative  6756 3.28 %  11,039 4.94 % 
Neutral  108,160 52.51 %  83,923 37.59 % 
Total agreement 

tweets  
162,223 78.75 %  163,318 73.15 % 

Total tweets  205,997 100.00 %  223,274 100.00 % 

Source: own elaboration. 
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spatial variation of sentiment score (Fig. 4(b)) is dispersed, though the 
central area performs higher positive scores in general. 

The urban environment indicators consist of four layers: socio
demographic, built environment, and human mobility and socioeco
nomic activities (Fig. 5). Sociodemographic variables could reflect the 
wealth of the AEB indirectly. The urban built environment contains 
specific land uses and residents’ perceptions of surrounding environ
mental quality. The most visited places are also introduced into the 
model as categorical variables. Human mobility and socioeconomic 
activities are represented by two data sources. The first is the citizens’ 
activities and socioeconomic indicators that were built by Marmolejo 
and Cerda Troncoso (2017) and Marmolejo-Duarte and Cerda-Troncoso 
(2020) using the origin-destination mobility data from the Metropolitan 
Transport Authority survey. The time density is the number of hours that 
citizens expended in a given transport zone. The diversity is computed 
considering the activities that citizens perform out of their home (e.g., 
working, shopping, visiting friends), and the socioeconomic diversity of 
the people performing the aforementioned activities. Additionally, the 
larger centrality index indicates the larger time density and diversities. 
Secondly, Foursquare POIs are exploited to indicate more detailed 
spatial information and places that people tended to use, whose cate
gories of classification are based on Yang and Durarte (2019). 

All the indicators are involved in the OLS regression model to predict 
the relationship between the urban environment and public sentiment: 

LnDensityi = β0 + γi*Si + δi*Bi + μi*Hi + εi (3)  

where i is an AEB. β0 is the regression constant; Si, Bi, Hi represent the 
variables of socioeconomic, built environment and human activities 
respectively; γ, δ, μ are gradients associated with these three groups of 
variables separately; εi is the error term with the usual properties. 
Correspondingly, we use the same explanatory variables to estimate the 
variation of the net sentiment: 

Net Sentimenti = β0 + γi*Si + δi*Bi + μi*Hi + εi (4)  

4. Results 

4.1. Correlation between urban environment and Twitter sentiment 

Fig. 6 visualises all paired Pearson’s correlation values of indicators 

that do not filter out statistically insignificant variables (p-value < 0.05). 
The first important observation is the weak correlation between the 
density of sentiment tweets and the sentiment score. This indicates that 
the intensity of Twitter activities does not greatly influence the orien
tation of public sentiment. Moreover, the density of sentiment tweets is 
highly correlated with human and socioeconomic activities and less 
associated with sociodemographic indicators. The total centrality index 
(Fig. 7(a)) has a higher positive correlation with the density, which in
dicates that these tweets are concentrated in the central area of Barce
lona. Places that people tend to stay in longer (Fig. 7(c)(d)(e)), such as 
restaurants, outdoor resorts and workplaces, receive more sentiment 
tweets than transport and residential places. By contrast, the relation
ship between net sentiment and human activities is less intense, though 
they are all positively correlated. The variation of sentiment score has 
the weakest correlation with urban environment indicators. 

Regarding sociodemographic indicators, our results not only show a 
similar wealth and happiness tendency as in previous studies (Mitchell 
et al., 2013; Quercia et al., 2012), but they also reflect the details of 
spatial difference between density of tweets and Twitter sentiments. In 
the case of Barcelona, wealthier ABEs have a higher density of sentiment 
tweets and positive sentiments. Areas with a higher percentage of high- 
income positions and highly educated people (Fig. 7(g)(f)) show a 
higher density of tweets and optimism. Conversely, AEBs with a higher 
percentage of lower-income positions (Fig. 7(i)), such as artisans, op
erators and clerks, perform a negative correlation with the density and 
the sentiment score. Professionals related to catering services (Fig. 7(h)), 
personal security and salesman have a positive association with density 
but a negative relationship with positive scores. Remarkably, these 
people do not live in wealthy areas. The density of the population also 
(Fig. 7(b)) appears to have a similar relationship. 

The built environment indicators have a complex, subtle relationship 
with public sentiment due to spatial heterogeneity. Historical areas, the 
density of storefronts and beach areas are positively correlated with the 
density of sentiment tweets and sentiment scores. The percentage of 
railway areas is negatively correlated with the two sentiment variables 
because large empty railway areas only appear in suburban districts 
(Fig. 8(g)). The percentage of urban parks and gardens appears to be 
negatively correlated with public sentiment due to the fact that some 
centrally located AEBs lack such greenery (Fig. 8(h)). Similarly, the 
negative value of the commercial storefront is caused by its uneven 

Fig. 4. Spatial distribution of the density of sentiment tweets and net sentiment. 
Source: own elaboration. 

L. Yang et al.                                                                                                                                                                                                                                    



Cities 130 (2022) 103977

8

Fig. 5. Urban environment indicators. 
Source: own elaboration. 
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spatial distribution. The percentage of commercial storefronts is lower 
in the urban centre because the other activities and person-oriented 
services, such as healthcare and culture services, dominate the central 
landscape. 

Both noise and contamination are positively correlated with public 
sentiment because these two indicators are mainly concentrated in the 
city centre where various services, intense (despite noisy) street activ
ities and amenities are located, except for the industrial zone in the 
southeast of Barcelona (Fig. 8(d), (e)). Thus, these indicators are actually 
proxies for such active environments. The perception of dirtiness is 
negatively correlated with positive sentiment because the opinion of 
dirty areas is greater in the industrial zone of Barcelona and in certain 
tourist-populated areas (Fig. 8(f)). 

The location and characteristics of tourist attractions (Fig. 8(c)) 
affect their correlation with the two sentiment indicators. La Sagrada 
Família and Camp Nou are positively associated with density but 
negatively correlated with the sentiment score. La Sagrada Família is 
surrounded by a higher percentage of residents who might feel bothered 
by tourists. The public sentiment in Camp Nou was probably influenced 
by the results of soccer games. Cosmo Caixa Museum, a famous science 
museum, and Park Güell are far from the city centre. Therefore, they 
show a negative relationship with sentiment tweets comparatively and 
are capacity limited. 

4.2. Regression analysis 

The model of density of sentiment tweets statistically confirms the 
interrelationship discussed previously, whose R2 reaches 0.689 
(Table 3). The density of the population and the density of Foursquare 
POIs are introduced in their logarithmic form for fitting reasons. Spatial 
autocorrelation has a negligible effect on the model, according to the 
result of the Moran I test of spatial correlation in Geoda software (see 
Appendix C). Since urban settings vary in AEBs, the robust model is 
adopted to solve the problem of heteroscedasticity. For example, the 
historical area is a positive indicator in the model. However, several 
AEBs with a higher percentage of historical areas (Fig. 8(b)) contain less 

sentiment tweets because they are in the peripheral districts of the city. 
This is the result of the urban aggregation of Barcelona that absorbed 
formerly independent towns nearby. 

The most influential variable is population density. Functionally, 
indicators are related to leisure activities and are coherently correlated 
with a higher density of sentiment tweets, such as storefronts (Fig. 8(a)), 
urban parks, historical areas and commercial equipment. The density of 
outdoor resorts of Foursquare POIs is the second most dominant indi
cator, which includes famous tourist attractions, resting areas and scenic 
viewing places, among others. The urban parks and gardens become a 
positive indicator in the model because other variables compensate for 
the deficiency of parks and gardens in the central area of Barcelona 
(Fig. 8(h)). From the perspective of a combined urban setting, parks and 
gardens are attractive places for human activities. In addition, a high 
socio-professional index as a positive indicator entered in the model. 
This suggests that high-income AEBs are associated with a higher fre
quency of use of social networking software. 

The model of net sentiment only contains 168 cases due to the OLS 
requirement of normal distribution. Some extreme positive and negative 
deviances were removed (Fig. 4(b)). After the test of heteroscedasticity 
and spatial correlation, the confirmed model (Table 4) shows that the 
urban environment has a lower impact on the variation of sentiment 
scores, as the adjusted R2 is equivalent to 0.272. The regression model 
only confirmed a few statistical interrelationships between the senti
ment score and the environment, which is partly caused by few tweets 
that contain contents that are directly related to the environment 
(Fuentes-Gamboa, 2020). This also implies that the urban environment 
is not the predominant impact factor on public sentiment. 

The density of the population, low-income related professions, and 
the percentage of railway area are negatively correlated with the net 
sentiment score. However, as we stated in the correlation analysis, AEBs 
of dense population are not located in wealthy areas. AEBs with larger 
railway areas also have higher percentages of artisans who belong to the 
lower income class. 

The most positive impact factor is the density of storefronts. The 
storefront consists of places for health services, education, social 

Fig. 6. Pearson correlation between urban indicators and sentiment. 
Source: own elaboration. 
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welfare, businesses, offices and culture, among others. It could be 
considered a proxy of service provision, jobs and bustling zones of the 
city. The commercial storefront became positive in the model because 
several AEBs in north-western areas have been eliminated from the 
model. The AEBs that were removed have a higher percentage of com
mercial storefront in the peripheral areas (Fig. 8(i)) where the net 
sentiment was comparatively low. The rest of the AEBs, with a high 
percentage of commercial storefronts, are mainly close to the city centre. 
Therefore, the commercial area may have a positive impact on the long- 
term public sentiment at a larger scale, though the influence is not very 
strong. Compared with other land uses, it may boost public sentiment 

(Cao et al., 2018). To sum up, in general, a higher socioeconomic con
dition is associated with a higher net sentiment score. This result co
incides with a study by Quercia et al. (2012) that revealed that the 
community’s socioeconomic well-being and the sentiment score are 
highly correlated. 

4.3. Temporal variation of sentiments 

To explore the reason for a variation in sentiment, Fig. 9 visualises 
the temporal variation of public sentiments in the form of a proportion 
over the course of a day and week. On the daily scale, the most volatile 

Fig. 7. Spatial distribution of sociodemographic, human mobility and socioeconomic activities. 
Source: own elaboration. 
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period is at midnight (01:00 am to 6:00 am). This fluctuation is under
standable because users who were still awake and sent tweets at 
midnight probably encountered some disrupting events or issues. The 
nadir of sentiment at midnight was also observed in research by Ber
trand et al. (2013) and Gruebner et al. (2017). On the weekly scale, the 
volume of sentiment tweets remained stable in general. However, 
weekly negative sentiment scores spiked on Thursday. 

This was caused by the Barcelona terrorist attack that happened on 
Thursday 17 August 2017. Fig. 10 depicts the weekly tendency of all 
Spanish and English negative tweets. It clearly shows the negative peak 

of English tweets that appeared on the day. Several weeks did not have 
negative tweets, which were caused by the data loss of the original 
dataset. If we removed those null values, the variation of negative tweets 
did not exceed 0.5 % in general. The negative peak of Spanish tweets 
happened on 1 November 2016 (Tuesday), when an important football 
game of UEFA Champions League was held: Manchester City beat FC 
Barcelona by 3–1. The importance of football in Spain could be reflected 
by the top five Twitter accounts with the largest number of followers – 
all of them are either football clubs or football players. This explains why 
the weekly variation in sentiment scores was lower on Tuesday and 

Fig. 8. Spatial distribution of the built environment. 
Source: own elaboration. 
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Thursday. In summary, the public sentiment can be disclosed from 
Twitter data and the temporal variation is more closely correlated to 
social or personal events. 

5. Conclusions and policy implications 

5.1. Conclusions and discussions 

This research provides a panoramic perspective for examining the 
relationship between public sentiment and the urban environment using 
Twitter data and in terms of the spatial density of sentiment tweets and 
the variation of sentiment scores. Firstly, it reveals that sentiment score 
and the spatial distribution of sentiment tweets are not strongly corre
lated, a fact that has been ignored by previous studies. The higher 
density of sentiment tweets does not imply a higher sentiment score. The 
distribution of sentiment tweets has a closer relationship with human 
mobility and socioeconomic activities, which means that the density of 
Twitter activities can be a proxy variable to observe physical human 
activities. This conclusion has been proved by many investigations 
(Lenormand et al., 2014; Martí et al., 2019). Furthermore, in Barcelona, 
we found that sentiment tweets tend to assemble in places that are part 
of tourist attractions or leisure places, which indicates that some specific 
places could arouse people’s sentiments more easily. 

Regarding the score for Twitter sentiment, the variation in sentiment 
score is mainly influenced by disruptive events, as strongly suggested by 

the analysis of negative sentiment. However, as the correlation and 
regression analysis imply, the long-term spatial difference in public 
sentiment among AEBs still exists and has correlations with the urban 
environment. Such a result can prove that the public sentiment is a 
“product of repeated place interactions and experience” (Dunlap et al., 
2013). 

The socioeconomic indicators could partially explain the variation in 
Twitter sentiment in a macro view. Firstly, the positive relationship 
between wealth and public sentiment has been observed in other 
countries (Mitchell et al., 2013; Quercia et al., 2012; Wang, Wang, & 
Society, 2016), just as the literature review mentioned. Therefore, the 
social and spatial inequality in wealth is always a noticeable issue for 
creating a “happy city” (Ballas, 2013), no matter how many green spaces 
are increased. Secondly, the higher the number of economic activities 
that exist, the more positive the Twitter sentiment. The density of 
storefronts and the percentage of commercial shops have a positive 
impact on sentiment score. Both indicators could be read as the active 
degree of economy and lively streets. The Pearson’s correlation also 
reveals that AEBs with diverse urban activities tend to present a more 
positive sentiment. 

The impact of the built environment on public sentiment is subtle. It 
is sensitive to the study scale, due to the spatial heterogeneity of built 
environment indicators in Barcelona. Such a difference increases the 
difficulty of pattern recognition at city level. For example, the contra
dictory impact of the percentage of commercial shops is presented be
tween the correlation analysis and the model. After reducing the 
variance in the model, our model obtains a similar result to Cao et al. 
(2018). Although the coastal area, urban parks and density of storefronts 
do not appear in the model, they are positively associated with the 
sentiment score in Pearson’s correlation analysis. A similar result has 
been found in many previous studies (Gallegos et al., 2016; Schwartz 
et al., 2019). This indicates that the built environment has a definite but 
limited impact on public sentiment at city level. 

5.2. Policy implications 

This research shows that the sophistication of public sentiment could 
be partially understood by Twitter sentiment analysis. It provides some 
reliable results that could depict some correlation between public 
sentiment and the urban environment. From a macro perspective, the 
correlation between wealth and public sentiment reminds us of the ul
timate vision of smart cities and other future cities. It should highlight 
concerns about social equality and personal happiness rather than just 
the installation of advanced technologies. Under the framework intro
duced in the literature review (Section 3.5), knowledge drawn from our 
analysis could apply to urban applications in three ways. 

Scenario 1 — monitoring social inequality between wealthy and 
poor. The result clearly shows that the orientation of Twitter sentiment 
could be a latent zonal indicator of social disintegration. Compared with 
official statistical data, Twitter sentiment would be a more direct, more 
rapid response to socioeconomic conditions in the pandemic period. 
This could also measure the diversity of general urban facilities and the 
active degree of economic activities. 

Scenario 2 — the public response to an urban environment inter
vention. Our analysis proves that sentiment analysis based on anony
mous Twitter users could provide useful information for sensing the city 
without privacy concerns. Therefore, this could be an economical 
method to evaluate the effect of urban projects at pre- and post- 
completion stages, especially the transformation of public space and 
the increase of urban green areas. 

Scenario 3 — piloting public policy initiatives with understanding of 
special groups. The daily variation in Twitter sentiment (Fig. 9) may 
provide a new perspective to understand urban nightlife by analysing 
places where extreme sentiments aggregated. It would be useful to 
control alcoholic intemperance among young people. 

It is undeniable that some flaws exist in the research. The lack of 

Table 3 
Model summary of the density of sentiment tweets.  

Linear regression Robust Durbin-Watson  1.792 
Number of observations 200 R-squared  0.689 
F(10, 189) 35.070 Root MSE  0.760 
Prob > F 0.000      

Coef. Std. Err. Sig. 

B 

Centrality index  0.112  0.031  0.000 
Historical area (%)  1.110  0.256  0.000 
LnD FS outdoor resort  0.029  0.009  0.001 
LnD total population  0.371  0.089  0.000 
Pg Gracia avenue  1.136  0.399  0.005 
El Born historical area  0.975  0.253  0.000 
Urban park garden  2.402  0.675  0.000 
PC profession high  0.492  0.127  0.000 
Contamination opinion  0.036  0.008  0.000 
Density storefront  12.748  5.019  0.012 
_Constant  − 0.806  1.057  0.447 

Source: own elaboration. 

Table 4 
Model summary of the net sentiments.  

Number of obs.  168 Durbin-Watson  2.008 
F(6, 161)  11.391 R-squared  0.298 
Prob > F  0.000 Adjusted R square  0.272   

Root MSE  0.038    

Coef. Std. Err. Sig. 

B 

Profession artisan  − 0.004  0.0010  0.0000 
% Railway area  − 0.466  0.1550  0.003 
Density population  − 0.448  0.1070  0.000 
Density storefront  0.729  0.230  0.002 
% Commercial_st  0.001  0  0.010 
_Constant  0.496  0.011  0.000 

Source: own elaboration. 
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Twitter demography, such as gender, age and identity (tourist or resi
dents), leads to the result having only scratched the surface of the 
connection between public sentiment and urban environment. Secondly, 
the dataset of Catalan tweets is not available to sentiment analysis, due 
to the poor quality of the data. This affects the representativeness of our 
results. In future research, the separation of tourists from locals will 
improve the accuracy of the analysis of public sentiments. Moreover, 
social and spatial inequalities were observed in our results to some de
gree. Such issues should be investigated further by combining with 
official statistical information. 
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Fig. 9. Variation of percentage in sentiment tweets. 
Source: own elaboration. Note: The average negative score was multiplied by − 1 for the sake of variation clearly. 

Fig. 10. Weekly variation in negative tweets. 
Source: own elaboration. 
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Appendix A  

Table A.1 
Samples of non-individual accounts.  

Types of non-individual accounts Keywords of the filter Examples of non-individual accounts 

Commercial advertising Bar, Restaurant, Shop, Club, Store, Café, Tatto, Barcelona, Pastry, Vintage, etc. ジョルディ - Jordi , Meteo UBFisica, Bistrot Restaurant 
Public information Weather, News, school, jobs, Art, Film, etc. TMJ-NJC Transp. Jobs, Local News, Trendsmap Barcelona, etc. 
Website .es, .com, BRAVASBCN.COM 

Source: own elaboration. 

(a) Percentage of neutral tweets            (b) Distribution of average sentiment score

Fig. A.1. Spatial comparison between neutral tweets and average sentiment score. 
(a) Percentage of neutral tweets, (b) Distribution of average sentiment score. 
Source: own elaboration. 

Appendix B. Human inspection of Spanish-English translation and sentiment classification 

The aims of this inspection should be highlighted: 1) to measure the impact of the translation to the sentiment classification, rather than the quality 
of translation; 2) to verify the improvement in the mixed use of the two programs. Therefore, we measure the impact of translation by comparing the 
results of sentiment classifications between human and machine. Considering the expense of human evaluation, only the texts of tweets that are 
allocated in different categories of sentiments would be further investigated. A native Spanish and Catalan speaker with advanced English level was 
invited to classify the original Spanish tweets into positive, negative and neutral. Under the same statistical standard of the Catalan sample, a sample of 
453 Spanish tweets was extracted from the dataset, which has a similar spatial representation to the total Spanish tweets (Fig. B.1).
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Fig. B.1. Spatial distribution of samples and total Spanish tweets. 
Note: The Aeb_code is the code of each AEB. The percentage is the percentage of tweets of AEB considering the population. 
Source: own elaboration. 

Table B.1 lists all possible combinations of sentiment classifications. The total agreement is defined as the number of tweets that are classified in the 
same category of sentiment using different methods. The agreement level between the human and a single machine classification (Vader or Sen
tiStrength) is about 66 %. The total agreement of the two software programs reaches 75 %. It is worth mentioning that the degree of agreement 
between human evaluations (made by different people) is about 80 % (Ogneva, 2010). The total agreement among human, Vader and SentiStrength is 
55.84 %. However, based on the result of the intersection of Vader and SentiStrength, the agreement increases to 73.76 %. This proves that the quality 
of sentiment classification is improved after intersecting the results. 
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Table B.1 
Results of Spanish sampling sentiment evaluation.  

Method of classification Total number of agreement tweets % agreement Positive % Negative % Neutral % 

Human (original Spanish tweets)  453 –  204 45.03 %  17 3.75 %  230 50.77 % 
Vader  453 –  187 41.28 %  38 8.39 %  228 50.33 % 
SentiStrength  453 –  192 42.38 %  28 6.18 %  233 51.43 % 
Human + Vader  301 66.45 %  127 42.19 %  8 2.66 %  166 55.15 % 
Human + SentiStrength  298 65.78 %  127 42.62 %  8 2.68 %  163 54.70 % 
Vader + SentiStrength  343 75.71 %  145 42.27 %  17 4.96 %  181 52.77 % 
Human + Vader + SentiStrength  253 73.76 %  110 43.48 %  6 2.37 %  137 54.15 % 

Source: own elaboration. 

After investigating the specific texts of these tweets, we concluded that three reasons led to the unmatched classification (Table B.2). The biggest 
difference is between positive and neutral tweets. In the group of Neutral (H)-Positive (VS), 75 % of these tweets belong to commercial advertisements 
that only can be detected by manual examination. The advertising tweets are considered a neutral sentiment. Although the aforementioned cleaning 
process has already removed many commercial accounts, it was hard to identify them when the name of an account does not have any characteristics, 
such as “.com”, “studio” and “shop”. Understanding the texts, including idioms, lack of emotional words, metaphor, satire and jokes, is the biggest 
problem of sentiment classification. In fact, the understanding of texts is the core issue of sentiment analysis, regardless of whether human or software 
methods are used. However, such an issue is beyond the discussion of our research. Translation error is specifically defined as the wrong translation of 
word-to-word or untranslated words. Word translation error is the main cause of the different classification between positive and negative. However, 
the total number in this category was just 1 % of all samples. Hence, word translation does not greatly affect sentiment analysis.  

Table B.2 
Number and reasons for different sentiment classification.  

Difference Number of tweets Reason for differences 

Problem of understanding the meaning of text Commercial advertisement Word translation error 

Neutral (VS) – Positive (H)  43 58.14 % 30.32 % 6.98 % 
Neutral (H) – Positive(VS)  32 18.75 % 75.00 % 6.25 % 
Positive (H) – Negative (VS)  5 60 % 0.00 % 40 % 
Negative (VS) – Neutral (H)  6 100 % 0.00 % 0.00 % 
Positive (VS) – Negative(H)  3 34 % 0.00 % 66 % 
Negative (H) – Neutral (VS)  1 100 % 0.00 % 0.00 % 

Source: own-elaboration. 

Appendix C. Completed table of regression model 

The Moran I test shows that there is no evident spatial dependence in the models (Table C.1), which is based on weighting matrices of the queen- 
contiguity. The spatial lag model still cannot improve the issue of heteroscedasticity (Table C.3). Therefore, we decided to keep results from the robust 
OLS model (Table C.2).  

Table C.1 
Moran I test for spatial dependence.   

MI/DF VALUE PROB 

Ln sentiment tweets model    
Moran’s I (error)  − 0.0011  0.6209  0.53467 
Lagrange Multiplier (lag)  1  4.6768  0.03057 
Robust LM (lag)  1  11.2023  0.00082 
Lagrange Multiplier (error)  1  0.0006  0.98091 
Robust LM (error)  1  6.526  0.01063 
Lagrange Multiplier (SARMA)  2  11.2029  0.00369 

Net sentiment model    
Moran’s I (error)  − 0.0159  0.0714  0.94308 
Lagrange Multiplier (lag)  1  0.8259  0.36345 
Robust LM (lag)  1  9.8088  0.00174 
Lagrange Multiplier (error)  1  0.091  0.76287 
Robust LM (error)  1  9.0739  0.00259 
Lagrange Multiplier (SARMA)  2  9.8998  0.00708 

Source: own elaboration.  

Table C.2 
OLS model summary of sentiment tweets.  

Linear regression Robust Durbin-Watson  1.792 
Number of observations 200 R-squared  0.689 
F(10, 189) 35.07 Root MSE  0.760 
Prob > F 0   

(continued on next page) 
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Table C.2 (continued )    

Coef. Std. Err. T Sig. [95 % Conf. Interval] VIF 

B Lower Upper 

Centrality index  0.112  0.031  3.650  0.000  0.051  0.173  1.950 
Historical area (%)  1.110  0.256  4.350  0.000  0.607  1.615  1.240 
LnD FS outdoor resort  0.029  0.009  3.470  0.001  0.012  0.045  1.130 
LnD total population  0.371  0.089  4.170  0.000  0.195  0.546  1.440 
Pg Gracia avenue  1.136  0.399  2.840  0.005  0.348  1.923  1.360 
El Born historical area  0.975  0.253  3.850  0.000  0.475  1.475  1.190 
Urban park garden  2.402  0.675  3.560  0.000  1.070  3.733  1.430 
PC profession high  0.492  0.127  3.870  0.000  0.241  0.742  1.550 
Contamination opinion  0.036  0.008  4.320  0.000  0.020  0.053  1.240 
Density storefront  12.748  5.019  2.540  0.012  2.847  22.649  2.690 
_Constant  − 0.806  1.057  − 0.760  0.447  − 2.892  1.279  

Source: own elaboration.  

Table C.3 
Spatial-lag model summary of sentiment tweets.  

R-squared 0.699 Log likelihood  − 220.531 
Sq. correlation – Akaike info criterion  465.062 
Sigma-square 0.527 Schwarz criterion  504.642 
S.E of regression 0.726     

Variable Coefficient Std. Error z-Value Probability 

W_Lnd_posneg  0.194  0.081  2.394  0.017 
_Constant  − 1.238  0.852  − 1.453  0.146 
Centrality index  0.094  0.034  2.775  0.006 
Historical area (%)  0.917  0.303  3.029  0.002 
LnD FS outdoor resort  0.026  0.008  3.235  0.001 
LnD total population  0.345  0.070  4.902  0.000 
Pg Gracia avenue  1.126  0.352  3.199  0.001 
El Born historical area  0.759  0.244  3.110  0.002 
Urban park garden  2.248  0.490  4.585  0.000 
PC profession high  0.382  0.117  3.262  0.001 
Contamination opinion  0.029  0.007  4.185  0.000 
Density storefront  10.249  4.985  2.056  0.040   

Diagnostics for heteroscedasticity 

Random coefficients 

Test Df. Value Prob. 

Breusch-Pagan test 10.000 31.615 0.000 

Source: own elaboration.  

Table C.4 
Model summary of the net sentiments.  

Number of obs.  168 Durbin-Watson  2.008 
F(6, 161)  11.391 R-squared  0.298 
Prob > F  0 Adjusted R square  0.272   

Root MSE  0.038    

Coef. Std. Err. T Sig. [95 % Conf. Interval] VIF 

B Lower Upper 

Profession artisan  − 0.004  0.0010  − 4.690  0  − 0.006  − 0.002  1.617 
% Railway area  − 0.466  0.1550  − 3.003  0.003  − 0.773  − 0.160  1.056 
Density population  − 0.448  0.1070  − 4.206  0  − 0.659  − 0.238  1.726 
Density storefront  0.729  0.230  3.170  0.002  0.275  1.183  1.849 
% Commercial_st  0.001  0  2.603  0.010  0  0.001  1.763 
_Constant  0.496  0.011  45.460  0  0.474  0.517  

Source: own elaboration. 
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