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Abstract: The Covid-19 pandemic has resulted in cities around the world implementing
lockdown measures, causing unprecedented disruption to urban life often extending over
several months. With the spread of Covid-19 now being relatively contained, many cities
have started to ease their lockdown restrictions by phases, aiming to return to normal or
to enter a new normal. Following the phased recovery strategy proposed by the UK government following the first national lockdown, this paper utilises Greater London as its
case study, selecting three main reopening measures (i.e., schools, shops and hospitality
reopening). This paper applies sentiment analysis and topic modelling to explore public
opinions expressed via Twitter. Our findings reveal that public attention towards the reopening measures reached a peak before the date of policy implementation. The attitudes
expressed in discussing reopening measures changed from negative to positive. Regarding the discussed topics related to reopening measures, we find that citizens are more
sensitive to early-stage reopening than later ones. This study provides a time-sensitive
approach for local authorities and city managers to rapidly sense public opinion. Governments and policymakers can make use of the tool presented herein and utilise it in
leading their post-lockdown cities into an adaptive, inclusive and smart recovery.
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1 Introduction
Cities and other urban centres are where 56.2% of the world population lives (UN-Habitat,
2020). Yet due to unprecedented restrictions on social gathering and movement, cities
have been undoubtedly become the front lines in fighting the pandemic. After several
months of lockdown, many UK cities are starting to ease their restrictions and move
towards an early recovery. However, compared with the relatively blunt and straightforward measures taken to implement the lockdown, reopening cities is a more complex
challenge. Policy makers must take into account the timing of the recovery process, the
sectors to prioritise, the needs from different local communities, and, most importantly,
the uncertainty of further outbreaks. Given these circumstances, governments tend to
implement more adaptive measures, enabling them to gradually recover urban life by
phases. For instance, in the UK, the recovery strategy published by the government
emphasises that the process must proceed with ‘the utmost care in the next phase’ and
highlights the requisite flexibility of the planned timeline for lifting restrictions (Cabinet
Office, 2020). In the UK capital, the London Transition Board and Recovery Board have
been established to manage the complex process of opening up. It aims to reverse the
social and economic loss, support communities, reduce inequalities and deliver a greener
London, emphasising public engagement, involvement and inclusion during the recovery
(GLA, 2020a).
In this process of slowly reopening cities, public opinion plays a vital role. On the one
hand, the public response directly reflects inhabitant perceptions and expectations with
regards to reopening measures, which in reality can be regarded as a form of collective
behaviour (Blumer, 1948; Wlezien, 2017). On the other hand, it can be a valuable source
of information which policymakers can utilise to adapt current measures and policies for
the next phase. In the era of big data, social media has emerged as a major data source by
which to sense public opinion, thus providing unique opportunities for supporting urban
management from the bottom-up (Feezell, 2018; Hochtl, Parycek & Schollhammer, 2016).
This research aims to discover and ascertain public opinion towards the Covid-19 pandemic, the post-Covid-19 reopening measures and phases within a global health crisis
context; resultantly, this paper provides critical and timely insights by which to understand and facilitate the post-pandemic recovery in London. The paper is organised as
follows. Section 2 analyses a concise literature review on urban big data, social media
and the Covid-19 pandemic. Section 3 explains the methodology employed herein, including data collection, data processing, sentiment analysis and topic modelling. Section
4 presents the results. Section 5 further discusses results, contributions, limitations and
further directions. Section 6 summarises the key findings and concludes the paper.
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2 Literature Review
Smart city approaches play essential roles in enhancing prevention and control of the
pandemic (Sonn & Lee, 2020; Yang & Chong, 2021). In this study, the term smart city
refers to a city that uses innovations to connect and integrate urban systems/services in
urban management, with objectives to improve key dimensions of the urban space, such
as people, governance, economy, mobility, environment and living (Anthopoulos, Janssen,
& Weerakkody, 2019; MASKED FOR REVIEW; Yang & Chong, 2021). As hosts of a
plethora of digital infrastructure, terabytes of data from different sources are generated in
smart cities every day, allowing smart cities to employ big data analytics to monitor and
manage the crisis. In these smart cities, concurrent with the development of digital technologies and location-based services, crowdsourced data such as social media has become
a vital data source in urban analytics, providing comprehensive and real-time information
generated by urban citizens and inhabitants. For example, Twitter users generate around
500 million tweets per day and around 200 billion tweets every year around the world
(Internet Live Stats, 2020). This ubiquitous data records human activities in cities with
time, location, tags, texts, images and other profile information, allowing researchers to
explore many aspects of urban analytics (MASKED FOR REVIEW). Main applications
of social media in urban studies include human mobility (Rashidi at al., 2017), urban
activities and structures (Huang & Wong, 2016; Jiang & Miao, 2015), social networks
(Gibbons, Nara & Appleyard, 2018), as well as event and emergency detection (Xu et
al., 2020).
In managing the Coivd-19 global health crisis, big data has been utilised to recognise
crises, track patients, predict risks, visual cases, nowcast/forecast impacts, as well as a
range of other useful applications (Bragazzi et al., 2020; Desjardins, Hohl & Delmelle,
2020; Ienca & Vayena, 2020). Social media has played and continues to play an informationcentric role during the outbreak, since it provides real-time information about Covid-19
as a communication channel between citizens and governments (Abd-Alrazaq et al., 2020;
MASKED FOR REVIEW). In managing emergencies such as Covid-19, social media becomes a new surveillance tool to support traditional surveillance methods and is one
of the fastest way to sense public attention, sentiment and preference (Ahmed, Rabin,
& Chowdhury 2020; MASKED FOR REVIEW; Shen et al., 2020). Using social media data, researchers have analysed information/ knowledge dissemination (Chan et al.,
2020), effective communication and misinformation (Cinelli et al., 2020; Gottlieb & Dyer,
2020), pandemic trends (Lu & Zhang, 2020), general public concerns (Abd-Alrazaq et al.,
2020), and the characteristics of different groups such as the elderly (Jimenez-Sotomayor,
Gomez-Moreno & Soto-Perez-de-Celis, 2020) and patients (Huang et al., 2020), as well
as governance issues such as the discussion relating to lockdown and reopening strategies during different stages of Covid-19 (Ahmed et al., 2020; Samuel et al., 2020). Tsao
et al. (2021) summarised the usage of social media in Covid-19 studies according to
five themes: 1) cases detection/prediction; 2) government responses; 3) information epidemics; 4) mental health; and, 5) public attitudes. In this study, we intend to ascertain
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and understand both government responses and public attitudes from social media data.
The main methods in mining and analysing textual data from social media include sentiment analysis and topic modelling (Bach et al. 2019; Tsao et al., 2021). Sentiment
analysis can reveal the positive, negative or neutral tones of textual user-generated content (Nielsen, 2011). In order to explore public opinion towards specific issues/policies,
researchers such as MASKED FOR REVIEW and Vayansky, Kumar and Li (2019) conduct sentiment analyses to extract sentiment polarity of the public. Apart from sentiment analysis, topic modelling is another widely utilised approach in further investigating preeminent topics in public discussions (Abd-Alrazaq et al., 2020). Topic modelling
comprises a family of algorithms, aiming to extract main themes from unstructured documents (Isoaho, Gritsenko & Makela, 2021). For example, Zhou, Tao, Rahman and Zhang
(2017) use topic models to identify hidden communities of tweets. Jiang, Qiang and Lin
(2016) assessed major concerns regarding a controversial infrastructure project through
a topic modelling algorithm. Given their established methodology and proven validity,
these two main methods to extract meaningful insights from social media data are applied
in this study.
In the current stage at the time of writing (i.e., recovery/reopen stage), many countries
have begun to ease lockdown restrictions and are gradually reopening; thus, reopening
strategies and discussions are the new focus in urban governance. Covid-19 has had a huge
economic impact, resulting in many job losses; accordingly, many people want to return
to work and are asking the government to reopen (Samuel et al., 2020). On the contrary,
as lockdown is an effective approach to reduce new cases and prevent dissemination of
the virus, some people have criticised attempts reopening made during early June 2020
as risky and dangerous (O’Dowd, 2020). Faced with conflicting debates on reopening the
country, it is necessary to explore and identify what the dominant sentiment is towards
current or planned reopening strategies and whether the public is satisfied with these
measures. Presently, comprehensive analyses of recovery strategies and phases are rare
before and during the implementation of reopening policies, with less than 60 studies
(published prior to July 2020) found on Web of Science. Among the small number
of studies on reopening, researchers limit their analysis to reopening/recovery policies in
different cases (predominantly in the US) with specific contextual focuses, such as schools
and healthcare services (Brandenburg et al., 2020; Preskorn, 2020; Samuel et al., 2020;
Sheikh, Sheikh, Sheikh & Dhami, 2020). In response to the limitations of the literature,
this study seeks to understand up-to-date public discussion and sentiment via-a-vis three
stages of reopening (i.e., schools, shops, and hospitality reopening) in Greater London.
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3 Research Design
3.1 Case Study
Greater London initiated its lockdown officially on 23rd March 2020, being one of the
worst affected regions in the UK. Initially, in March 2020, London was hardly hit by
the coronavirus relative to other international cities; the daily confirmed cases increased
sharply in March but gradually decreased in the following months after the city entered
its lockdown phase (see Figure 1). The effects of prolonged lockdown have during the
past few months become more apparent, with people suffering from mental and physical
health crises and with palpable anxiety in facing an increasingly uncertain world. When
and how to recover the city naturally emerged as a hot debate for both government and
the public, both on traditional media and social media. Many Twitter users in London
have posted a great number of tweets discussing the pandemic, the reopening measures
and other topics on a daily basis; this results in a vast and valuable dataset that contains
insights regarding underlying public opinions. Concerning its relevant to policy, the
Mayor of London and the Greater London Authority stated that public opinion should
be valued, and all Londoners should be engaged in reimagining the new normal in the
post-Covid-19 world, that is, during the recovery process (GLA, 2020b). Greater London
is thus selected as the subject of analytical focus in this case study.
The lifting of lockdown restrictions in Greater London follows the recovery strategy published by the UK government. According to the so-called reopening roadmap, restrictions
would be lifted step by step, depending on the spread and distribution of the virus. By
the end of July 2020, the government announced a series of reopening measures to ease
the first lockdown (see Figure 1). As stated in the Covid-19 restriction summary offered
by GLA1 , the key reopening policies are:
• From 1st June, schools start to open for more children;2
• From 15th June, non-essential retail stores are allowed to open;3
• From 4th July, more non-essential business and services such as personal care, hospitality, public places and leisure facilities are allowed to open.4

1

https://data.london.gov.uk/dataset/covid-19-restrictions-timeseries.
https://www.gov.uk/government/news/pm-confirms-schools-colleges-and-nurseries-on-track-tobegin-phased-reopening.
3
https://www.gov.uk/government/speeches/business-secretarys-statement-on-coronavirus-covid-199-june-2020.
4
https://www.gov.uk/government/news/pm-announces-easing-of-lockdown-restrictions-23-june2020.
2
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The news/announcements of reopening measures were released around 20 days before
the actual changes were to be implemented. On 10th May, the government stated that
1st June would be the earliest possible date for reopening schools. On 25th May, the
date when non-essential shops could reopen was declared. Then on 23rd June, a set of
lockdown-easing measures (to come into effect from 4th July) were reported on the news.
These reopening measures essentially delineate the road to the recovery in the UK, including London. In this research, we define three chronological phases, namely the schools
reopening, shops reopening, and hospitality reopening phases. We then investigate the three phases of recovery in London using the three measures above.

Figure 1: Daily trends of Covid-19 confirmed cases and implementation of reopening
measures in London (Data Source: Public Health England).

3.2 Twitter Data Collection
The social media data analysed in this investigation were collected through Twitter’s developer API (https://developer.twitter.com/en/docs), using R package rtweet (Kearney,
2020). With the parameters of the case study set, we collected relevant tweets posted in
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Greater London from 1st March 2020 to 15th July 2020. We conducted a geo search by
setting the given radius at 20 miles, with the point of origin set as the central coordinates of London, enabling us to cover the administrative boundary of Greater London.
The geo searches first find all tweets which are located within the geocode and then filter these tweets (geotagged tweets and non-geotagged tweets) created by users located
within the defined search area. English was also set to limit the Twitter feed languages.
The collected tweets include geotagged and non-geotagged posts. The first group contains random tweets in London, where keywords have not been pre-determined during
the data collection process. The second group are Covid-19 related tweets, with keywords
‘covid19 OR coronavirus∗ OR covid’.
For each group, we first manually removed tweets published by bot accounts and news
accounts (which could be identified based on the high frequency of posts and self-declared
account descriptions). We calculated the dominant users who tweeted posts frequently
and further analysed the top 50 users’ accounts by frequency. By reviewing the users’
descriptions and other profile information (e.g., username and profile image), we removed
bot accounts and news accounts from the dataset. Having finished the user screening,
we extract the reopen-related tweets from all Covid-19 tweets by filtering the keyword
‘reopen∗ ’. In order to analyse three phases of reopening, three groups of reopening tweets
were subset from the reopen dataset. We applied the keyword ‘school∗ ’ to filter school
reopen tweets. For the second phase, keywords of ‘shop∗ ’ and ‘store∗ ’ are used to filter
the dataset. The key discussions on London’s reopening on 4th July 2020 were bars, pubs,
restaurants, hairdressers, and business; accordingly, keywords of ‘pub∗ ’, ‘restaurant∗ ’,
‘hairdresser∗ ’, ‘bar∗ ’, ‘business∗ ’, ‘café∗ ’, ‘barbershop∗ ’ were set to filter and collate
the relevant tweets. The numbers of tweets in each data group are presented in Table 1.
We further cleaned unstructured tweets by removing URLs, mentions, noisy words (i.e.,
Re-Tweets), newlines and extra whitespaces. Then, stop words such as ‘the’, ‘that’, and
‘on’ were removed using Python package NLTK, a natural language toolkit to remove
useless words (see Loper & Bird, 2002). Finally, WordNet Lemmatizer from the package
NLTK was utilised to covert the words into their base forms.
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Table 1: Total number of tweets used in the study.
Month

Number
of random
tweets

March
2020

Number
of Covid19 tweets

Number
of
reopening
tweets

Number
of school
reopening
tweets

Number
of shop
reopening
tweets

Number
of
hospitality
reopening
tweets

1,480,297 -

-

-

-

-

April 2020

1,209,415 3,726,928

12,422

2,325

2,359

1,372

May 2020

1,243,531 3,649,066

31,258

10,476

4,881

3,563

June 2020

1,153,457 2,168,863

15,914

2,911

1,720

5,375

July 2020∗

-

84

2

4

54

10,003

∗ Until 15th July, inclusive.

3.3 Sentiment Analysis
Sentiment analysis is a popular approach by which to explore insights from social media
data. After cleaning all the collected tweets, we conducted sentiment analysis through
via the Python package AFINN 0.1 (Nielsen, 2011). This is one of the fastest and most
commonly used sentiment analysis tools and has been broadly applied. For instance,
previous urban studies applied this method in exploring public sentiment towards urban phenomenon and urban planning measures (MASKED FOR REVIEW; Hollander
& Renski, 2017). AFINN sentiment analysis is a lexicon-based method to score each
word by comparing it to scores of an existing English word list (Al-Shabi, 2020). After
scoring each word in the tweets, the result of a post sums up all scores in a sentence.
Each word has a score between -5 to 5. A negative score denotes a negative emotion
while a positive result denotes a positive sentiment, with zero denoting neutral sentiment
(Nielsen, 2011). After generating the scores for all tweets, public attitudes and emotions
can be revealed. For all groups (see Table 1), we calculated the means of everyday tweets
to provide daily sentiment trends. The daily means of random tweets show the general
sentiment in London per day during the analysed period. The sentiment results in the
Covid-19 group and reopening group thus reveal public feelings, emotions and sentiment
towards the pandemic lockdown and related reopening measures.
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3.4 Topic Modelling
Topic modelling is one of the most powerful text mining tools for exploring semantic
structure from a collection of texts. Latent Dirichlet Allocation (LDA), as a generative
probabilistic model, is commonly employed to extract topics from a collection of documents (Capela & Ramirez-Marquez, 2019; Taecharungroj & Mathayomchan, 2020). In
the LDA topic model, the collection of documents is referred as the corpus; items within
the corpus are referred to as the document, with specific words in documents called terms.
The LDA model assumes that a document is generated according to the following process: 1) decide the number of words N that the document will include prior to randomly
choosing a distribution over topics; 2) generate each word in the document. In step two,
the model probabilistically draws one of the K topics according to the distribution over
topics sampled above, and probabilistically draws one of words according to the topic’s
multinomial distribution. Based on this generative model, the LDA model backtracks
from the documents (as defined herein) to discover the topics that are likely to have
produced the corpus. In essence, the assumption of the LDA topic model is that each
document in the corpus is a mixtures of K topics that are characterised by terms with
certain probabilities. Each latent topic is characterised by a distribution over a fixed
vocabulary. The details of LDA can be found in Blei, Ng & Jordan (2003).
In this study, LDA topic modelling is utilised so as to reveal the latent topics inherent
to the data, with probabilities of terms from the documents, which are tweets discussing
the reopening measures. To further explore topics embedded within captured social
media discussions, we subset the reopening tweets for each measure by setting the time
range to commence from the initial announcement (10th May, 25th May, 23rd June 2020,
respectively) to the week after the measure was implemented (see time range in Table 2).
This is because the discussions normally start from the release of government reopening
measures and continued after their actual implementation. Thereafter, we conduct topic
modelling separately for each reopening measure corpus with the LDA model by using
the Python package Gensim (Rehurek & Sojka, 2010). In the process of training the
LDA model, we first created a dictionary representation for all tweets. Additionally, we
removed rare terms and common terms based on their term-document frequency.
Then, we transformed the tweets into a vectorised form with the bag-of-words representation. These vectorised tweets were input for LDA training. The output was a list of topics
with probabilities ascribed to each topic. We computed the LDA model for different values of k, ranging from 2 to 10. This is because we intend to extract at least two topics
while concurrently limiting the number of topics so as to avoid generating too many similar topics. For each reopening measure corpus, we compared inter-topic distance maps
for different values of k in the LDA model and selected the optimal k which returns
only distinct topics (i.e., less overlapping of topics on the inter-topic distance map). We
operate this process by utilising pyLDAvis, a Python library developed by Sievert and
Shirley (2014), to compute the inter-topic distances based on Jensen-Shannon divergence
9

and to visualise the inter-topic differences into interactive maps.

Table 2: Reopening measure corpora for topic modelling.
Corpora

Time Range

Number of
Tweets

Number
of Terms

Corpus(School reopening)

10 May 2020 – 07 June 2020

18,842

3,636

Corpus(Shop reopening)

25 May 2020 – 09 June

17,459

4,500

Corpus(Hospitality reopening)

25 June 2020 – 11 July

3,350

1,700

4 Results
We conducted descriptive analysis, sentiment analysis, and topic modelling according to
the processes explained in Section 3, in order to ascertain and explore public attention,
sentiment and main discussions evidenced by the collected data. The results of overall
attention towards the coronavirus, the reopening measures and three different phases
are presented first. The daily means of sentiment scores of random tweets, Covid-19
discussions, and recovery measures are introduced. Narrowing our focus to the three
different opening up phases, we demonstrate the topic modelling results of discussions on
the recovery measures in a specific timeframe in detail.

4.1 Public Attention
London exhibits a particularly active Twitter community, which have posted a substantial
number of tweets (see Figure 2). In April, Londoners posted around 155,000 tweets
related to Covid-19 per day, while the average number of posts per day in May was about
120,000. The following months witnessed a sharp decline in Covid-19 discussions. The
daily frequency of tweets was 72,000 in June and less than 700 in July. Public attention
towards the pandemic appears to be decreasing as time goes by. This phenomenon could
be explained by the fact that the situation in London was improving, since the number
of daily confirmed cases continued to decrease over time. It might also be explained by
the topic becoming less popular as people gradually got used to the coronavirus and thus
10

became less interested in discussing it. Other social-political events have attracted more
attention from Londoners. For example, the death of George Floyd and the Black Lives
Matter protests became new and emergent hot topics on Twitter since the end of May.
During the lockdown period, the daily discussion on Covid-19 was more than 100,000,
being one of the most recurring trending topics during the past four months (March to
July 2020).

Figure 2: Daily trends of Covid-19 tweets in London (Data source: Twitter Streaming
API).

For Twitter discussions related to reopening the city, we focus our investigation on three
distinct phases, as explained in Section 3.1. For each phase, we identify the date that
the government released the related announcement and the actual reopening date (see
the labels in Figure 3). Generally, the topic of reopening/recovery comprised less than
5% of posts in all Covid-19 related tweets, as illustrated in Figure 3. The daily frequency
of reopening posts was 670 before London’s re-opening on 4th July 2020. Following the
government’s announcement of the news, people increasingly discussed the reopening
measures. However, when it comes to the actual date of implementation, discussions
focused on the relevant topics did not reach another peak.
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Figure 3: The proportion of reopening discussions under Covid-19 discussions in London (Data source: Twitter Streaming API).

We further investigate the tweets related to different phases of reopening the city. In
the first phase, the government announced that the earliest date for reopening schools
(for some students only) was 1st June 2020. The number of schools reopen discussions is
illustrated by the blue line in Figure 4. Both the date when the government released the
news, and the reopening data itself, did not witness many discussions. The 1st June date
did not exhibit a spike in debate, probably because only a small proportion of students
were affected. In terms of the announcement date on 10th May, less than 0.05% of Covid19 related tweets mentioned schools reopening. This may be because people in London
had a lower awareness of the government’s guidelines; in support of this view, according
to a survey conducted by the ONS, Londoners stated that they do not have enough
information about the UK’s plan (ONS, 2020). The week following the announcement
saw a growing number of tweets. The Twitter discussion reached its peak on 16th May,
a week after the announcement. Debate intensified, especially regarding government
guidance of reopening schools and what to do if a child shows any symptoms. The Mayor
of Liverpool stated that Liverpool’s schools would ignore the government’s requirement
of reopening on 1st June. Although this issue occurred in Liverpool, Londoners were
evidently impressed by the news and expressed their worries and concerns about the
school reopening, illustrated by the rise in tweet volumes.
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During the second and third phases, the discussion reached its high point on the dates
that the news (of reopening measures) was released (see orange and red lines in Figure 4).
Similar to the school reopening context, the actual date of non-essential shops reopening
(15th June) and restaurants/pubs/businesses reopening (4th July) did not attract much
public attention on the social media platform.

Figure 4: Daily trends of three reopening measures related tweets in London (Data
source: Twitter Streaming API).Note: blue line – schools reopening, orange line –
shops reopening, red line – hospitality reopening.

4.2 Public Sentiment
In general, random tweets posted by Londoners are predominantly neutral and slightly
positive from March to June 2020, ranging between 0.30 and 1.33 (illustrated by the black
line in Figure 5). The daily means of random topics remain stable, with the standard
deviation in the range of 2.31 to 3.22. The average sentiment of discussions on Twitter
did not change dramatically during the lockdown or the respective recovery stages.
The public sentiment towards Covid-19 related topics was negative and consistently below the general sentiment in the city, as illustrated by the blue line in Figure 5. The
13

highest daily mean of Covid-19 posts was -0.12 on 1st July, while the worst mean was
-3.9 on 14th June. The emotions of people when discussing Covid-19 related topics are
evidentially more variable, indicated by the higher standard deviation (2.95 to 5.54) in
sentiment results. We observe that public sentiment fluctuated significantly when expressing negative ideas. The lowest mean and the highest standard deviation occurred
on the same day, when people were complaining that the UK had the worst coronavirus
death rate in Europe and expressed concerns about the outbreak risks and anti-lockdown
protests.
The daily average sentiment scores of reopening issues (illustrated by the red line in
Figure 5) were mostly between the scores of the general sentiment and Covid-19 related
sentiment, that is to say, somewhat negative. When discussing the reopening measures,
such as timelines, preparations, and risks, the data reveals that people were predominantly worried in April and May; however, sentiment scores rose moderately during June
and July. The increasing sentiment results indicates that Londoners are becoming more
positive an optimistic towards the recovery process. The increasing trend in sentiment
may be due to the much-welcomed news that confirmed cases were decreasing; concomitantly, people were more comfortable to venture out, being tired of staying at home. Very
positive sentiment could be identified on the 4th of July, with a very limited number of
tweets collected on that day. The most negative sentiment is evident on 2nd May, when
people were clearly upset by news such as the arrest of a suspect accused of murdering
an NHS worker, Italy’s struggle to recover, and questioning of the fraudulent inflation of
Covid-19 statistics.
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Figure 5: Overview of the sentiment of tweets in London (Data source: Twitter
Streaming API).Note: blue line – COVID_19 tweets, red line –reopening tweets, black
line – random tweets.

In order to understand public opinion towards different reopening measures, we assess
the temporal sentiment of discussions towards schools reopening, shops reopening, and
hospitality reopening, respectively (Figure 6). Opinions regarding schools reopening was
slightly negative than the other reopening issues. The sentiment scores of tweets discussing schools reopening ranged between -5.71 and 4.10. Londoners tweeted about their
concerns about students’ safety if they need to attend schools, concerns which often took
a negative tone. Positive sentiment can be observed when the government announced
extra support in reopening the schools.
The sentiment towards reopening non-essential shops fluctuates around 0, varying between -2.82 and 5.00. The discussion on reopening pubs, restaurants and other such
businesses on 4th July exhibits slightly more stable emotions than on reopening schools
and shops, with average means ranging between -3.30 and 3.00.
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Figure 6: Daily trends of discussions on three reopening measures in London (Data
source: Twitter Streaming API). Note: blue line – schools reopening, orange line –
shops reopening, red line – hospitality reopening.

4.3 Main Topics for Reopening Discussions
To explore more detailed insights in reopening discussions, we further investigate the
latent topics across three reopening measures with the results from the LDA model and
its illustrative web-based visualisation tool (pyLDAvis). In the figures below, circles
refer to the topics extracted from the set of tweets and the size of circles indicates the
proportions of the topics in the corpus (i.e., the importance of the topic over the whole
corpus). The right-hand side panel lists the most relevant terms with the overall term
frequency. As mentioned in Section 3.4, we choose the optimal number of topics for each
corpus by comparing the inter-topics distance maps with different number of topics.

Schools Reopening
According to Figure 7, there are four separated topics identified in school reopening
tweets. Topic 4 covers the statement from the government, including the public talk
regarding the possibility of reopening schools by Michael Gove (the UK Minister for
the Cabinet Office) on TV and the official statement by Prime Minister Boris Johnson.
16

The remaining topics essentially echo what we found in sentiment polarity for school
reopening in the previous section, which is an overall negative attitude on the school
reopening. Topic 1 refers to instances of negative feedback regarding school reopening
measures, with terms such as ‘push’ and ‘wrongheaded’. Moreover, this topic focuses on
the group affected by this policy by mentioning terms such as ‘primary school’, ‘youngest’,
and ‘children’ and so on. Topic 2 is related to warnings and concerns expressed by the
Scientific Advisory Group for Emergencies (SAGE) with terms such as ‘SAGE’, ‘scientist’,
‘David’ (the Chair of SAGE), ‘warns’ and ‘early’. Topic 3 reveals the opposition inside
the UK government, such as the concern made by Liverpool Mayor Joe Anderson and
opposition expressed by the shadow cabinet.

Figure 7: Four topics and terms frequency for school reopening discussion found in
tweets. On the left panel, each circle refers to a topic; circle sizes denote the importance of the topic over the corpus (i.e., the larger the circle, the more pertinent the
discussion). The distance between circles indicates the similarity between topics. On
the right panel, a horizontal bar chart lists the top 30 most relevant terms with the
overall term frequency.
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Table 3: Terms within topics extracted from school reopening discussion.
Topic

Topic 1

Topic 2

Topic 3

Topic 4

Push, keep, show,
guidance,
year,
closed,
alone,
door, symptom,
backtoschool,
room,
picked,
youngest,
oldsthe,
wrongheaded,
child,
primary, govt,
UK,
isolate,
COVID,
story,
made, flat, right,
children,
fall,
association

SAGE, warns,
independent,
week,
trace,
place, England,
test,
system,
safe, first, sir,
chaired, David,
functioning, king,
need, early, June,
next,
isolate,
government,
rate,
another,
set,
advice,
change,
exclusive, information,
headteachers

Agree,
say,
COVID, Liverpool, pupil,
government,
Monday,
u,
open, please,
least, tell, last,
sept,
question, sec, ed,
death,
lab,
none, shadow,
leader,
day,
must,
Joe,
mayor

Coronavirus,
lockdown, June,
risk,
return,
scientist, case,
new, infection,
Michael, Gove,
live,
warn,
Johnson, England, spreading,
help,
stage,
minister, fight,
Boris,
step,
nursery,
plan,
people,
many,
weve,
reduce,
substantially,
series
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Shops Reopening
As shown in Table 4, Topic 1 gathers a group of terms regarding the announcement
of reopening shops, especially highlighting the thousands of High Street shops and the
opening of city centres. Similarly, Topic 5 also relates to the release of the measure,
discussing the change in the government slogan from ‘Stay at home’ to ‘Stay alert’. Topic
2 reflects the feedback from the market and the projected confidence in providing people
protection, indicated by terms such as ‘providing’, ‘able’, and ‘secure’. In Topic 3, a series
of positive terms such as ‘great’, ‘happy’ and ‘wow’ were expressed in public discussion,
indicating the public welcomes the reopening of non-essential shops. However, Topic 4
contains terms such as ‘chaos’, ‘social distancing’ and ‘safety’, which is illustrative of
concerns regarding shops reopening, especially with regards to obeying social distancing
rules inside shops.
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Figure 8: Five topics and terms frequency for shop reopening discussion found in
tweets. On the left panel, each circle refers to a topic; circle size denotes the importance of the topic over the corpus. The distance between circles indicates the similarity
between topics. On the right panel, a horizontal bar chart lists the top 30 most relevant terms with the overall term frequency.
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Table 4: Terms within topics extracted from shop reopening discussions.
Topic

Topic 1

Topic 2

Topic 3

Topic 4

Topic 5

Mr, store,
reopen,
Johnson,
next,
set,
month,
shop,
COVID,
England,
thousand, high,
street,
shopping,
secure, centre, across,
department,
announced,
attention

COVID,
secure,
able,
reopen,
shop,
store,
market, car,
outdoor,
showroom,
June, extended,
providing, new,
week, case,
guideline,
open, like

June,
England,
nonessential, reopen,
shop,
retail,
say,
coronavirus,
pm, great,
happy,
map, route,
wow, Boris
Johnson,
news

Reopen,
shop, coronavirus,
plan, rule,
Ireland, social, June,
distancing,
lockdown,
England,
chaos,
eased, travel,
republic,
nonessential,
measure,
John, Lewis,
safety

Shop,
meet,
stayalert,
nonessential,
lockdown,
government,
guideline,
coronavirus, reopening, next,
week, retail,
reopen,
ease,
start,
news,
street,
given,
announcement,
green

Policy
2
Corpus

Hospitality Reopening
As illustrated in Figure 9, three topics are extracted from the hospitality reopening
tweets. Topic 1 is associated with reopening measures that apply to different business and
services. The terms ‘restaurant’, ‘pub’ and ‘hairdresser’ were widely discussed, while other
services such as ‘cinema’ and ‘hotel’ were less talked about (see Table 5). Topic 2, with
terms such as ‘business’ and ‘economy’ and ‘back’ reflects the connection among the public
about how the new reopening measure is expected to lead to economic recovery. Negative
discussions regarding hospitality reopening measures were fewer than the previous two,
although Topic 3 specifically captures the ‘boycott Wetherspoon’s event, which occurred
during the reopening of pubs.
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Figure 9: Three topics and terms frequency for hospitality reopening discussion found
in tweets. On the left panel, each circle refers to a topic; circle size denotes the importance of the topic over the corpus. The distance between circles indicates the similarity
between topics. On the right panel, a horizontal bar chart lists the top 30 most relevant terms with the overall term frequency.
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Table 5: Terms within topics extracted from hospitality reopening discussion.
Topic

Topic 1

Topic 2

Topic 3

Reopen, restaurant, July,
pub, hairdresser, announced, today, COVID,
pm, secure, England, coronavirus, barber, twometre, rule, light, green,
reduced, given, covidsecure, able, provided,
following, guidelinesstayalert,
Johnson,
Boris,
cinema, plan, hotel

Business, reopen,
bar, COVID, lockdown, new, case,
coronavirus, measure, government,
pub,
guidance,
back, safely, read,
many, make, spike,
economy,
safety,
safe, day, sure, see,
reopened, guideline,
remain, thing, expected, ordered

Reopen, pub, people,
British,
Wetherspoons,
finally,
promising,
furious,
boycott, weekend,
go, Ireland, spend,
Briton,
republic,
expected, ready, England, get, help, know,
good, key, register,
link, preparing, businessshow,
webinars,
open

Policy
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5 Discussion
5.1 Validation of Results
To validate our results, we compared our findings with an official survey - the London
Covid-19 online diary.5 The opinion research team at GLA organised a Covid-19 online
diary to capture the opinion of 20 citizens in London during the Covid-19 pandemic. The
online survey started in mid-May 2020 and ended in mid-July 2020, which overlaps with
the time period of this present study.
Londoners experienced wide-ranging emotions during the lockdown, as evidenced in the
report (GLA Opinion Research, 2020b). The sentiment scores relate to Covid-19 Twitter
discussions analysed herein also show a wide range of sentiment (between -0.12 and -3.9),
with a high standard deviation (from 2.95 to 5.54) in sentiment results. Moreover, the
report states that the main emotions Londoners felt were that of being fearful, anxious,
and frustrated (GLA Opinion Research, 2020b). The sentiment results concur with these
findings, with this study also indicative of similarly negative emotions.
5

https://data.london.gov.uk/dataset/covid-19-online-diary
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Regarding reopening policies, the summary of the official survey echoes our results in
Sections 4.2 and 4.3. Respondents mention perceived risk and education attainment
when discussing schools reopening (GLA Opinion Research, 2020a). Topic 1 and 2, in
discussions of schools reopening, reveals concerns about associated health risks (see Table
3). For reopening non-essential shops, Londoners showed ‘general support for re-opening
non-essential shops’ (GLA Opinion Research, 2020b). The relatively positive sentiment
towards reopening shops relative to reopening schools, along with Topic 3 in discussing
shops reopening, both suggest a general groundswell of support for shops reopening (see
Table 4). When discussing hospitality reopening, Londoners were more prone to question
‘how the government have handled it’ (GLA Opinion Research, 2020b). Similarly, our
findings reveal that the public questioned how hospitality reopening could lead to an
economic recovery (see Topic 2 in Table 5). Overall, our results are concordant with the
findings from the London Covid-19 online diary, supporting the validity of our findings.

5.2 Contributions, Limitations and Implications
Academic Contributions
This paper has addressed the following objectives and filled in the related research gaps.
First, we further illustrate methods of mining social media data so as to ascertain and
understand government responses and public attitudes, within the main themes of applying social media analytics to Covid-19 related issues (Tsao et al., 2021). Previous
studies that explored government responses towards the pandemic predominantly comprised descriptive analyses and content analysis by which main messages conveyed by
official accounts in the US were identified (e.g. Rufai & Bunce, 2020; Sutton, Renshaw
& Butts, 2020). This study advances analytical methods by utilising sentiment analysis
and topic modelling in understanding government responses to reopening measures. For
sensing public attitudes through social media during the pandemic, only one out of 81
studies has considered the recovery stage (Tsao et al., 2021). Further, only Samuel et
al. (2020) has analysed public sentiment towards reopening the US economy. However,
they did not investigate sentiment towards the actual governmental measures. This study
investigates public opinion in the recovery stage, specifically vis-à-vis the three specific
reopening measures in London.
Secondly, we support existing understandings of reopening the cities by generating insights from a new data source and conducting a new, up-to-date empirical study. Existing
studies on reopening policies have rarely utilised social media data. Only Samuel et al.
(2020) mined social media data in the US. We contribute to the existing body of academic literature on reopening policies by sensing UK public sentiment and concerns as
expressed via social media. Additionally, most of the studies related to reopening considered the regions/cities in the US (e.g. Brandenburg et al., 2020; Kaufman et al., 2020;
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Preskorn, 2020; Vest, Blackburn & Yeager, 2021). To provide knowledge of reopening UK
cities, we conducted an empirical study encompassing Greater London, which has hitherto not been investigated. Moreover, instead of focusing solely on sentiments towards
reopening schools or industry, our research analysed public opinions towards all three
reopening stages in London. This study thus contributes to the existing understanding
of the reopening/recovery stage following the shock of Covid-19.

Policy/Practical Implications
Distinct from this paper’s academic contributions, this novel research also generates practical implications on urban policy making. In London, the announcements and news
items covering reopening measures attracted attention from the public. This attention –
and subsequent online discussion – enables the government to sense collective sentiment
prior to the actual implementation of measures. For sentiment-sensitive measures such as
reopening schools, public opinion can be monitored in quasi-real-time, whereby government can redesign or redirect measures according to public reactions towards the policy.
If there should be a third lockdown and subsequent reopening measures put in place,
governments can track public attitudes in real-time through social media, and thereby
ascertain the public’s main concerns.
Future studies can explore public attitudes towards the latter lockdown and reopening
measures following the resurgence of Covid-19 cases which commenced shortly after the
reopening of cities. London and many other UK cities have been put into second or
third lockdown. These practical implications can provide insights to support or alert
governments prior to the actual implementation of policies, thus minimising the risk of
exacerbating public dissatisfaction. This allows governments to make responsive urban
policies during periods of extreme uncertainty. In addition to reopening measures, further
investigations can extend our application to other government actions, such as economic
recovery plans and vaccine measures. Moreover, researchers can conduct comparative
studies into public opinion towards the Covid-19 pandemic and related government responses in different areas/cases, so as to illustrate the heterogeneity (or lack thereof) of
public reactions worldwide.
In addition to understanding issues related to Covid-19, the approach we employ in this
study can be easily transferred to other cases/cities and other issues, such as future crises
involving extreme weather, earthquakes, disease pandemics, and economic fluctuations.
The text-mining method employed in this study can extract insights from social media data, newspaper comments, and other documents and thereby reveal predominant
or prevalent emotions, topics, and preferences towards specific issues, which can help
researchers and policymakers to comprehensively understand critical matters and make
better decisions.
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Limitations and Further Directions
This research is not without its limitations. Primarily, limitations can be identified in
data sources and methods. In terms of data sources, social media data have been criticised
due to its representativeness problem (see Martin, Julian & Cos-Gayon, 2019; MASKED
FOR REVIEW). For instance, at the global level, there are only 1% of Twitter users
that contribute to geotagged Tweets, and only 1% of all Tweets can be accessed via
Twitter Streaming API (Morstatter, Pfeffer, Liu & Carley, 2013). On top of this, social
media users significantly under-represent certain groups, such as the elderly and ethnic
minorities; for instance, Longley, Adnan, and Lansley (2015) found that Twitter users in
London are predominantly white British people and young males.
Population bias has also been identified in other cases, such as the US Twitter users (Malik, Lamba, Nakos & Pfeffer, 2015) and Chinese Weibo users (Yuan, Wei & Lu, 2018).
The implication is that public opinion obtained from social media data, although in near
real-time, are likely to be over-represented by certain groups in London (e.g., the young
and males). The topics and attitudes regarding the reopening policy might be biased
in relation to the Tweeting population in London. However, considering the cost- and
time-efficiency advantages of social media data and the near real-time response from the
aggregate dataset, this type of data source still retains substantial potential in sensing
public opinion and in supporting policy making. To transcend the above-mentioned limitations of social media data, future studies can identify the socio-demographic (e.g.,
gender, age and ethnicity) make-up of social media users prior to data mining processes
involving sentiment analysis and topic extraction. By revealing the composition of the
data contributors, the results obtained from social media data can be more targeted, providing a more robust analysis for specific groups, thereby mitigating over-representations
of populations.
Regarding limitations in the method, the techniques for sentiment analysis and topic
modelling have potential to be upgraded in further studies, utilising more advanced algorithms. Both AFINN analysis and the LDA model are widely used and provide relatively
accurate results. However, more nuanced emotions (such as anger, depression and joy)
underlying the textual content of each tweet cannot be comprehensively identified through
the AFINN method. To conduct more comprehensive sentiment analysis, further studies
are recommended to add emotion detection capabilities. By further analysing the main
topics and terms of tweets that express a specific emotion (e.g. anger), we can understand
the underlying reasons that precipitate or catalyse a particular public attitude, which can
further assist in developing a more dynamic and responsive mode of urban governance.
In addition, the LDA model may be computationally resource-intensive when processing
a large amount of corpus (Bhat, Kundroo, Tarray & Agarwal, 2020). Future studies
can make use of more efficient topic modelling, such as deep learning enhanced topic
modelling techniques, and thereby reduce the processing time.
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6 Conclusion
This study focuses on public opinion and sentiment during the road to recovery from
Covid-19 lockdown restrictions by analysing Covid-19 Twitter discussions regarding the
reopening measures in Greater London utilising text mining approaches. Our findings
reveal that public attention towards Covid-19 related discussions was high, but that
public attention was decreasing as time went by, especially within the last four months.
Among the Covid-19 discussions, tweets that were relevant to reopening measures were in
a small proportion (less than 5% ). We find that reopening-related discussions reached a
peak when the government announced its provisional reopening timeline and plans, which
is to say that interest peaked prior to implementations. The sentiment results indicate
that Covid-19 related posts were negative and consistently lower than general sentiment
across the city. In terms of reopening debates, the sentiment scores were also negative,
but relatively more positive than Covid-19 related discussion.
The topic modelling results further provide detailed insights into public opinion towards
different reopening measures. We observed that people are more sensitive to the earlier reopening measure. For the reopening of schools, as identified in the previous section, Londoners worried about a rushed reopening implemented by government, with
discussion highlighting the warnings from SAGE and the shadow cabinet. Regarding the
non-essential shops reopening, the main discussions covered the topics related to being
welcome to visit these shops, the confidence of the retail industry, as well as concerns
about the practices of social distancing restrictions. When it comes to the reopening of
hospitality, the social-economic recovery brought by this measure was discussed intensively. These results are cross-validated by the official opinion survey regarding Covid-19,
confirming the robustness of this study.
We see potential of our findings and methodology. First, our study can contribute to the
existing scientific understanding of Covid-19 and post-crisis recovery. Advanced methods
are used to mine new data sources - social media data – and thereby facilitate understanding of government responses and public attitudes towards the pandemic. Second,
the key findings herein have the potential to assist the recovery process in Greater London
by enhancing public engagement and listening to the voice of the public. Text-mining
results reveal the main focuses, concerns, and preferences prevalent during the reopening
processes. Regional and national recovery strategies and timelines can be adapted to the
main attitudes and concerns of the public. Third, big data analytics and the potential
of social media data are discussed both in the literature review and throughout our empirical study. Social media data provides a larger data sample and diverse perspectives
in terms of reopening measures during the pandemic crisis and in the aftermath. The
dataset and advanced analytical tools (such as sentiment analysis and topic modelling)
allow researchers, policymakers and governors to gain valuable, real-time insights. A
more adaptive, flexible, and inclusive urban governance could then be built for a wide
range of cities, tailored to their road to recovery.
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