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Abstract: The management of the COVID-19 pandemic has been shown to be critical for reducing
its dramatic effects. Social sensing can analyse user-contributed data posted daily in social-media
services, where participants are seen as Social Sensors. Individually, social sensors may provide noisy
information. However, collectively, such opinion holders constitute a large critical mass dispersed
everywhere and with an immediate capacity for information transfer. The main goal of this article is
to present a novel methodological tool based on social sensing, called COVIDSensing. In particular,
this application serves to provide actionable information in real time for the management of the socio-
economic and health crisis caused by COVID-19. This tool dynamically identifies socio-economic
problems of general interest through the analysis of people’s opinions on social networks. Moreover,
it tracks and predicts the evolution of the COVID-19 pandemic based on epidemiological figures
together with the social perceptions towards the disease. This article presents the case study of Spain
to illustrate the tool.

Keywords: social sensing; COVID-19; Natural Language Processing; Machine Learning; data analysis

1. Introduction

Social-streaming services, such as Twitter, enable citizens to express their opinions
about events around the world in real time. In this way, citizens become social sensors [1].
The information extracted from social-media postings can be collected and analysed in
real time thanks to the disciplines of big data and the Internet of Things. In this context,
the COVID-19 (Coronavirus disease 2019) pandemic that is ravaging the world is a serious
event about which we can express our opinions on social media. The analysis of such
information can help make thoughtful decisions to improve the public health of citizens.
This pandemic is the greatest global challenge in our recent history, which is putting the
welfare state of today’s societies at risk. Governments have taken drastic measures to
reduce its spread, such as social distancing, contact tracing, perimeter closures, and even
quarantines [2]. Recently, with the introduction of vaccines and new treatments, there seem
to be high hopes of beating this pandemic. However, the socio-economic effects of these
measures have a dramatic impact on all sectors of the population. The early discovery and
understanding of social concerns can enable authorities to take actions to prevent possible
scenarios that could increase the toll of the COVID-19 pandemic.

Social media has always been a useful source of information for the management of nat-
ural disasters and crises, such as earthquakes [3], floods [4], pandemic Zika and Ebola [5,6]
or terrorist attacks [7,8], to name a few. Traditional hard sensors only offer quantitative in-
formation that is not valid in many scenarios where human-interactions are still mandatory.
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Additional sources of information may provide valid knowledge to manage the COVID-19
crisis [9]. A new paradigm, called social sensing, emerged in the last decade to address
a variety of problems by leveraging information from online social media. Indeed, social
sensing is considered to be the new information age. This paradigm encompasses the set
of elements that enable data sensing, where data are collected from humans or devices
on their behalf [10]. Social sensing has resulted in new research lines aimed at analysing
and interpreting the tremendous amount of information published daily in social-media
tools [1]. These tools, which provide ubiquitous real-time information, have become a
global phenomenon, where users post content to report facts or show situations of interest.
Thus, social sensing considers these users as “social sensors” (a.k.a., soft sensors), that
is, people that provide on-the-spot information about a particular fact through online social
media such as social networks. Individually, social sensors generate “noise”, as citizens may
misinterpret a certain situation through their subjective perspective of reality. However,
collectively, such opinion holders constitute a large critical mass dispersed everywhere and
with an immediate capacity for information transfer.

In this article, we introduce COVIDSensing (https://covidsensing.com, last accessed
17 February 2021), a novel methodological tool based on social sensing that provides action-
able information to deal with the crisis caused by COVID-19. This application constructs a
systemic understanding of social welfare during the COVID-19 pandemic by combining
different sources of information, including the real-time data obtained from different social
networks and media sources. This information is processed using Natural Language Pro-
cessing (NLP) techniques to identify real-time socio-economic issues. Moreover, clinical
and epidemiological variables are also considered to predict the evolution of the COVID-19
pandemic through Machine Learning (ML) methods. We validate COVIDSensing for the
particular case of Spain, which is one of the most affected countries in the world in terms
of both socio-economic and health impacts. The results obtained by COVIDSensing show
that the application serves to identify some critical issues that coincide with the timing of
the main events of the COVID-19 pandemic.

The tool proposes a new methodology that goes beyond COVID-19 incidence data
and news related to deaths. Indeed, this methodology has been devised to provide a
comprehensive view of any problem that may be directly or indirectly related to the
COVID-19 pandemic. The tool not only allows performing a global analysis of any socio-
economic or health problem but can also be used for early warnings, thus supporting short-
term decisions to address the given problem. Moreover, unlike other tools, it is intended not
only to predict the evolution of COVID-19 cases and deaths but also to detect COVID-19-
related problems long before they develop into serious problems, whose solutions are more
costly both humanly and economically. Therefore, the main contributions of this study are
as follows:

• Developing an AI-driven analytics framework capable of collecting and analysing any
relevant social, economic or health information related to the COVID-19 pandemic; in
this way, COVIDSensing can be regarded as an early warning system for detecting
COVID-19 pandemic issues;

• Analysing the information according to its typology through novel NLP techniques;
• Integrating ML techniques to make the evolution of the events or situations detected

correlate with the evolution of the pandemic;
• Designing the integration and combination of analyses from various perspectives, for

example, figuring out how social inequalities unfold during the pandemic;
• Offering a simple and intuitive tool for public use, capable of being a source of reliable

information for citizens;
• Implementing an application that can warn of the risks and dangers related to COVID-19,

so that citizens and emergency responders can increase situational awareness.

The remainder of this article is organised as follows. In Section 2, some related work
on social sensing and COVID-19 applications is discussed. In Section 3, the main building
blocks of the COVIDSensing tool are briefly introduced. In Section 4, we provide a detailed

https://covidsensing.com
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account of the Spanish socio-economic context as a case study to be analysed. Finally,
Section 5 graphically shows the main results achieved by COVIDSensing for the early
identification of social-risk situations in the transmission of SARS-COV-2.

2. Background

Throughout the COVID-19 pandemic, new lines of research have emerged with the
aim of analysing the predictions and relationships of the SARS-CoV-2 virus around the
world. These emergent research lines have been based on adapting new living condi-
tions to the pandemic, for example, by trying to improve processes in the industry [11],
monitoring patients’ health [12,13], adapting work and workplaces [14,15], and so forth.
Many researchers have focused on developing mathematical and ML models to predict the
evolution of the pandemic, the rise and fall of detected cases as well as mortality [16–19]
using official data and conducting individual city or country studies.

AI and ML techniques have been extensively used for fighting against COVID-19 in
many different areas. For example, the authors of [20] showed that the distance learning
applied in the COVID-19 confinement changed not only teaching strategies but also stu-
dents’ strategies when learning autonomously. In [21], the authors applied ML to analyse
the spread of COVID-19 cases in the USA, obtaining highly accurate models focused on
two different regimes, that is, lockdown and reopen, modelling each regime separately.

A different approach was proposed by [22] to evaluate the reliability of the factors
that influenced the condition of COVID-19 patients. Their methodology is based on the
calculation of the structure function as the classification task, using the approach of the
classifier induction for building the structure function. In [23], the authors presented a
screening support system that can accurately identify the patients that do not carry the
disease, based also on the generation of classifiers.

Despite this increasing number of studies, very few of them have proposed the use of
the social-sensing paradigm to analyse and/or evaluate the coronavirus pandemic. In [24],
the authors proposed the implementation of an interactive visualisation through an applica-
tion of human mobility using a low-cost passive Wi-Fi community tracking infrastructure.
The network deployed proved to be appropriate to collect relevant information related to
people’s mobility during the COVID-19 outbreak and to show changes in mobility patterns
in the Madeira Islands (Portugal), where the authors conducted their particular case study.
In [25], a social-sensing detection methodology based on images of social indicators was
proposed. The methodology uses information from social networks that is processed
with ML techniques and crowdsourcing to discover and validate observations of social
behaviour. Then, such observations are aggregated to estimate statistical indicators of
social behaviour that are useful for policymakers. The methodology is grounded on a
semi-automated social-detection pipeline that combines automatic image classification
techniques with crowd-based validation techniques, enabling the reliable estimation of
social indicators. A sentiment-analysis model of the COVID-19 pandemic using social sens-
ing was presented in [26]. This model has two stages. In the first stage, the unsupervised
Bidirectional Encoder Representations from Transformers model (BERT) is used to classify
categories of sentiment. In the second stage, a term frequency-inverse document frequency
model is used to determine trends, summarise posts, and analyse topics to identify the
features of negative sentiment. The model was applied to a case study in China using
posts from the social network Weibo. A review of different risk warning systems based
on social sensing was presented in [27], which collected and studied social data to infer
the evolution of the spread of COVID-19. This review described different models and
stand-alone applications that had been used for other similar problems and focused on
the way they could be applied to COVID-19. To the best of our knowledge, there is no
application similar to COVIDSensing, which tracks and alerts about socio-economic issues
related to the COVID-19 pandemic in real time from a social-sensing approach.
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3. The COVIDSensing Tool

COVIDSensing is a tool that serves to provide a global perception of the evolution of
the different socio-economic and health problems that are affecting our society due to the
COVID-19 pandemic.

Figure 1 shows the main stages of the methodology of COVIDSensing. The first
stage consists in defining the problem to be addressed. Then, the data-acquisition stage
crawls information from different data sources, mainly from social networks and official
sources. In the next stage, data are processed in several steps. On the one hand, data are
geolocated. On the other hand, the NLP module analyses and categorises the micro-texts
obtained from social networks. Moreover, the ML module analyses the official data about
the COVID-19 pandemic to predict the evolution of different variables, such as the number
of active cases or deaths. Finally, the outcomes are visualised, and conclusions can be
drawn from them, for which we can even combine different problems by either joining or
intersecting the data.

Figure 1. Description of the phases of the intrinsic methodology of the COVIDSensing tool.

Figure 2 shows the internal implementation details of COVIDSensing. The execution
flow starts on the left-hand side of this figure, at the front end of the application. Based on
Google’s Firebase, it communicates with the web API, where different micro-services are
available. The Apache Kafka cluster, which is a distributed streaming platform not only to
publish and subscribe to streams of records but also to store and process these streams in
real time, distributes the information received from social-media sources. In this regard,
there are three main streams of records in our application: the first two are generated by the
Twitter and Telegram crawlers, and the latter by the RSS crawler. The data derived from
these crawlers are sent to the NLP module that is explained below. Finally, the information
is persisted in an Elastic Search database.

It should be noted that, in the last phase, the tool allows you to go either to the first
phase to define a new problem or to the analysis phase to re-model the data in combination
with other problems. This will be discussed further below.

3.1. Definition

The definition of the problem begins by describing semantic spaces that help us in
the search for information. COVIDSensing was designed to identify a range of problems
related to the pandemic domain in general, and to COVID-19 in particular. Therefore,
the first task is to define several pandemic-related topic categories (e.g., QUARANTINE
and VACCINE, among many others) in the form of semantic spaces, which must be con-
structed before text processing. Constructing the semantic space of a given topic category
involves a three-step process. First, the user decides seed terms that are characteristic
of the semantic space, typically the name of the category itself, for example, cuarentena
[quarantine]. Second, the user is automatically presented with the meanings associated to
each seed term and selects those meanings that are semantically related to the topic cate-
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gory. Third, the system lexically expands the seed terms based on the choice of meanings
and suggests a set of additional topical words and phrases semantically related to these
seed terms, where named names (e.g., people, places or organisations) are not considered.
Therefore, every topic category is associated with a set of topical words, where every
topical word is represented as an object with attributes such as the part of speech (POS),
that is, noun, verb or adjective, and the sentiment (i.e., 1, −1 or 0 for positive, negative or
neutral, respectively).

Figure 2. COVIDSensing software architecture.

3.2. Data Acquisition

After defining the semantic spaces, the tool starts the data-acquisition process. Many
governments rely on public health surveillance for COVID-19 based on main principles
provided by the World Health Organization (WHO) [28]. These systems are based on
clinical and epidemiological criteria such as the definition of confirmed, suspected and
probable cases. This information is usually provided by governments on a daily basis. Each
government sets different strategies for communicating and using this information [29].
In the case of Spain, the information is provided by regional governments, reporting daily
(except on weekends and holidays) to the Spanish Ministry of Health, which ultimately
develops a report about the current situation of the pandemic in Spain [30]. It is important
to note that the information is updated backwards when new notifications arrive from
previous days, mainly due to delays, error detection, and so forth. COVIDSensing obtains
clinical and epidemiological information from this official source, updating historical
information when necessary.

Public health surveillance systems miss a large number of positive cases due to
multiple reasons, for example, the existence of asymptomatic cases and limited access to
diagnostic tests. Spain has developed up to four serological surveys to assess the extent
of the epidemic, reported on July and December, respectively. This population-based
study, developed in Spain and other countries, aims to determine the seroprevalence
of SARS-CoV-2 infection at the national level [31]. The last serological study estimated
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that approximately 4.7 million people have been affected by COVID-19 (approximately
9.9% of the Spanish population), against the 1,762,212 cases officially confirmed on that
date. The identification of undetected cases and even the early detection of potentially
risky social attitudes that could increase the number of infections would shed light on the
magnitude and characteristics of the outbreak and reduce subsequent transmission [32].
In this regard, NLP and ML techniques applied to open data from news, social networks
or web searches have been extensively used to provide epidemiological insights, being
integrated into the formal surveillance strategies [33,34]. Some of them even claimed
to have detected the first cases of the disease for COVID-19, before the WHO released
a statement on the outbreak [35]. Indeed, there are different ways to create a direct
communication channel with the population. Crowdsourcing is one of these alternatives,
where the population can send their opinions off-line. This approach, however, requires a
public awareness campaign through a citizen science project that gives you enough critical
mass for decision-making. Another alternative is to access online social networks, where
people freely and continuously express their opinions. COVIDSensing relies on the latter
approach because the COVID-19 pandemic is a popular topic nowadays, so there is a large
number of people expressing their opinions in these channels. Therefore, COVIDSensing
crawls a collection of micro-texts from different Spanish social networks, including Twitter,
Telegram, and Really Simple Syndication (RSS) feeds.

3.3. Data Processing

Once the data have been collected, they need to be processed to geolocate where the
information comes from and to analyse the information to gain insights into the pandemic
situation. The sub-processes involved in this stage are described below.

3.3.1. Geolocation and Categorisation

The geolocation and data-categorisation stages are made up of various tasks to identify
the origin of the message and to categorise the content of the message using NLP techniques.
The categorisation of information involves not only topic classification and sentiment
analysis but also metrics that aim to make a first approximation to the detection of fake
news. Such categorisation is grounded on a knowledge-based approach. In this regard,
apart from the Spanish WordNet [36], from which we leveraged knowledge about semantic
relations occurring between words, COVIDSensing employs several other resources that
were constructed in [37], for example, the polarity lexicon and the lexicon of valence shifters.
On the one hand, the polarity lexicon includes positively- and negatively-marked words
in terms of sentiment analysis. On the other hand, the lexicon of valence shifters includes
words and phrases that can neutralize the values of the topic and sentiment attributes (e.g.,
no, sin [without]), or increase or decrease the value of the sentiment attribute (e.g., bastante
[enough] or poco [little], respectively).

The first task of this stage is processing natural language. In this task, COVIDSensing
proceeds as follows. Each micro-text is divided into different phrases, which are in turn
divided into tokens. Each token is represented as an object with different attributes, for
example, the lexeme, the POS, the position in the micro-text, the topic, and the sentiment,
where the default values of these last two attributes are zero. After obtaining the tokens,
the second task is finding out words related to the topic. In this task, COVIDSensing
identifies significant words and phrases in the micro-text that are related to each topic
category. In particular, the value 1 is set to the topic attribute of every word or phrase in
the micro-text that is found in the inventory of topical words and phrases for a given topic
category, which were semi-automatically defined in the first task. In this case, the POS is
also taken into consideration. Then, it proceeds with finding out words related to sentiment.
This task consists in detecting significant words and phrases in the micro-text with respect
to the sentiment. In particular, the values 1 or −1 can be assigned to the sentiment attribute
of every word or phrase in the micro-text according to our polarity lexicon or, in the
case that the topic attribute is 1, to the sentiment attribute of the corresponding topical
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word. The next task consists in handling valence-shifters. This task is aimed at modifying
the values of the topic and sentiment attributes of the words according to our lexicon of
valence shifters. In this regard, determining the direction and length of the scope of the
valence shifters is a critical factor. Finally, COVIDSensing applies a technique for detecting
problems. For this task, we devised a metric to determine if a problem about a given topic
category is likely to happen. This can also be used to set alerts in the system (e.g., minor,
moderate or critical) and as an initial process of detecting fake news. A problem-relatedness
perception index (PPI) defined in [37] is used for this purpose. The PPI calculation is based
on three main steps. On the one hand, cosine similarity is used to assess the degree of
relatedness between topic categories and micro-texts. Therefore, a micro-text is related to a
given topic category if the similarity score is greater than zero. Regarding the sentiment
score, on the other hand, it is worth mentioning that we are only concerned with problem
detection. Therefore, only negative words and phrases are taken into consideration, which
are assigned a negative value by the sentiment-relatedness function. Positive words
and phrases are set to zero. Finally, the PPI is computed as the geometric mean of the
topic and sentiment relatedness scores, so that a proportional compromise between topic
categorisation and sentiment analysis can be reached.

Therefore, any micro-text is classified as a problem only if the PPI is a positive value.
Accordingly, alerts can be set based on the PPI metrics. Indeed, it is very likely that
there is a potential problem when the system discovers a sufficiently large number of
messages (N) whose PPI is very close to 1. This means that there is a high number of people
reporting a certain situation or demanding a certain action. In this way, the administrator
can automatically inform via email about any risk or situation of interest. This can be
addressed automatically by setting a PPI threshold limit and a number of messages above
which a potential problem about a given topic is reported. For example, if five messages
about a given topic have a PPI of 0.75, the administrator could be alerted to the occurrence
of a potential problem. Both the number of messages and the PPI threshold is configurable
by the administrator.

Once the information has been geolocated and categorised, it is analysed in the next
stage. It should be noted that, although this article focuses on the processing of micro-texts
in Spanish, COVIDSensing has already been expanded to deal with English. Since the
construction of the semantic spaces associated with topic categories is based on WordNet
synsets, each one representing a set of synonymous words in a variety of languages,
adapting this tool to other languages only requires a few further resources. In particular,
COVIDSensing makes use of two types of language-dependent resources, that is, text-
processing resources (e.g., POS tagger) and lexical resources (e.g., polarity lexicon, lexicon
of valence shifters). In this regard, since the former are readily available for many European
languages, the main effort should only be placed on the latter.

3.3.2. Data Analysis

Focusing only on the clinical and epidemiological variables, most of the predicting
models in the COVID-19 scenario have failed to predict new outcomes or even short-term
evolution. The problem is that models are just a simplification of a messy, complex reality
to help us understand what might happen in a given situation. Two main sets of models
to predict the evolution of COVID-19 have been proposed in the literature. On the one
hand, epidemiological compartmental models distribute the population into different
compartments; for example, simple SIR models have three compartments: Susceptible,
Infectious, and Recovered. These models can predict the dynamics and evolution of an
infectious disease. In these models, the prediction is severely affected by small differences
in the fitting parameters, limiting the reliability of the forecast [38]. On the other hand,
statistical-based models, for example, time series analysis and forecasting, only use data
from the past to predict the immediate future. Among these models, we may highlight the
AutoRegressive Integrated Moving Average (ARIMA) model [39] and the Long Short-Term
Memory Network (LSTM) model [40,41].
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On the one hand, the ARIMA model is derived from the ARMA model, which com-
bines the autoregressive (AR) model and a moving average (MA) model. The ARMA model
is only considered for a univariate stationary times series. If the series is not stationary,
as in the COVID-19 series, we need to differentiate it to make it stationary (i.e., the inte-
grated part of the ARIMA model). An ARIMA model has three main parameters (p, d, q).
These parameters correspond to the order of the autoregressive model (p), the degree of
differentiation (d), and the order of the moving average model (q).

On the other hand, the LSTM model, which is a type of recurrent neural network
(RNN), solves the difficulties of RNNs when learning long-range dependencies. LSTMs
have a chain-like structure, where the replay module has four layers that interact with each
other, instead of having a single layer. LSTMs are deep-learning networks that perform
satisfactorily in time series problems.

These two models use data from the above processes to predict the evolution of the
pandemic. The tool calculates both models and displays the one with the smaller mean
squared error based on the available data. The predictions model active cases, confirmed
cases on a single day, deaths, and recovered patients. Currently, the models can predict
the upward or downward trend of the pandemic. As shown in the case study, the system
clearly visualises not only the waves that Spain has suffered but also how the fourth wave
is beginning to rebound.

3.4. Data Visualisation

At the visualisation stage, the tool offers trend graphs that can be customised by date
or by the default options of month, week, day or hour. Current active data come from
Twitter, Telegram, and RSS. Figure 3 shows an example of a search on the problem of
“Coronavirus in Spain” between the dates from 30 December 2020 and 6 January 2021.
As can be seen, most of the messages came from the social network, while no information
was obtained from Telegram.

The bottom graph in Figure 3 analyses the messages using sentiment analysis, ranging
from very negative through neutral to very positive. In the legend of the sentiment types,
we can activate or deactivate the different items, and the graph is dynamically updated.
The messages influx graph represents the total number of tweets, RSS posts and Telegram
messages by date. This date will depend on the previously selected filter, for example, hour,
day, week, month, etc. The graph focuses on representing the differences in information in a
qualitative way from various information sources. In Figure 4, a bar chart showing only posi-
tive or very positive sentiments is displayed. As can be seen by comparing Figures 3 and 4,
positive sentiments with the term coronavirus are much lower than negative ones.

In addition, Figure 4 shows a map where the messages obtained were geolocated,
as well as a graph displaying the most frequent words in the messages according to their
size. This form of visualisation and use of the tool allows for flexibility and adaptability to
any type of public, so that information can reach everyone from various perspectives.

One of the last features of data visualisation in COVIDSensing is the possibility for
the tool to combine information, so that users can find out how a given problem can affect
or be detected from other problems by joining or intersecting information. When the
selected option is “union”, all messages from the selected topics are displayed with their
corresponding analysis. When the selected option is “intersection”, an attempt is made to
find out whether one topic is related to the other or whether they are independent topics.
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Figure 3. Example of visualisation considering the dates from 30 December 2020 to 6 January 2021.

Figure 4. Example of geolocation visualisation considering the dates from 30 December 2020 to 6 January 2021.
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In the example shown in Figure 5, we wanted to make an intersection between
coronavirus in Spain, racial inequality, and education. In this regard, when users want
to perform both the intersection and the merging of topics, the tool moves back from the
visualisation stage to the data-processing stage to obtain the results from which we can
derive useful information.

Figure 5. Combination of topics from CovidSensing.com to obtain information from different problems.

4. Case Study: The COVID-19 Pandemic in Spain

Spain has been one of the most affected countries by the COVID-19 pandemic. The
Lancet published an editorial [42] highlighting the already fragile situation of the four main
pillars of the Spanish health system (i.e., financing, delivery, governance, and workforce)
after a decade of austerity. Despite the efforts made during the pandemic [43], at the time
of writing this article (end of March 2021), Spain is the ninth country in terms of COVID-
19 incidence worldwide, with 3,300,965 diagnosed cases, and the tenth according to the
number of deaths, with up to 75,698 deaths. The number of cases increased significantly
in the fall despite restrictions in the summer, such as nationwide shutdown of nightclubs
and bars. Thus, the Spanish government declared a new state of emergency on 26 October
2020, for six months. This state of emergency was decentralised, that is, each regional
government decided, in consensus with the central government, the measures to control the
incidence of the pandemic. These measures were based on the early action plan, developed
by the Spanish Ministry of Health, which specified metrics based on the evolution of the
pandemic such as cumulative incidence, positive rate or hospital occupancy levels.

According to the latest reports from the Ministry of Health, the main cause of the
spread of COVID-19 in Spain is social gatherings. Indeed, the cases of COVID-19 associated
with family and social outbreaks (e.g., meetings with friends) have increased by 54% in
the last seven days. As a matter of fact, the number of social events increases dramatically
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during vacation periods. Since the first Spanish wave ended on 20 July 2020, Spanish
society has had different vacation periods (see Figure 6). The longest one was the summer,
particularly in August, when mobility was fully allowed to promote tourism and not
to harm the economy. It is worth mentioning that the tourism sector represents 12.4%
of Spanish GDP. This social relaxation resulted in a steep increase of 185 in the 14-day
cumulative incidence (i.e., CI(14 days))—July 20’s CI(14 days) was 27.387 and September
1’s CI(14 days) was 212. This second wave started to gradually decrease on 23 September
until 9 October, when the CI started to increase again. There were two vacation periods
since 9 October at the national level, from 9–12 October and from 5–8 December. During the
previous vacation period, there was a steep increase in the 14-day CI that ended with
the declaration of a state of emergency on 26 October by the Spanish government. These
measures managed to reduce the curve until 11 December when the drop in CI slowed
down and began to grow again. The third wave appeared in mid-December and grew
rapidly during late 2020 and early 2021. The relaxation of restrictions at Christmas resulted
in a large number of infections and deaths compared to the second wave.

Figure 6. 14-day cumulative incidence (CI) in Spain. Holidays and the declaration of the emergency state are highlighted.

In this context, the last projections developed by the OECD (Organisation for Economic
Co-operation and Development) reduced the growth of the Spanish economy in 2021 (5%)
and 2022 (4%) after the steep decline in 2020. Therefore, the recovery phase will be slower
than expected, and the level of GDP will remain below pre-crisis levels at the end of
2022 [44]. The following section analyses several particular cases in Spain, starting in
October 2020, when the second wave began to increase. In addition, we discuss how
pandemic-related problems can be identified and show how ML algorithms can predict
changes in the spread of the infection.

5. Results and Discussion

Early action plans to deal with the evolution of the COVID-19 pandemic are based
on the identification of positive (or confirmed) cases. However, these figures provide an
ex-post view of what is happening in society. In fact, they are at least 7–10 days late, that
is, the incubation period of the COVID-19 disease. Figure 6 shows that it took seven days
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from the declaration of the state of emergency on 26 October until the curve began to
bend on 3 November. Therefore, the main question of this research is whether the analysis
of people’s opinions on social networks can anticipate this scenario, identifying reckless
behaviours that may lead to future infections. Eventually, the increase in the number of
cases occurs because social relations are intensified and prevention measures are relaxed.
Thus, the initial hypothesis with COVIDSensing is that this social relaxation is transferred
to social networks. When people are aware of the loosening of social distancing and
prevention measures, they tend to express their concerns and complaints on social media.

Figure 7 reflects an example of this situation, showing the number of positive mes-
sages on social media (i.e., Twitter, Telegram, and RSS) during October in the semantic
space "Coronavirus in Spain". This semantic space is composed of the following words:
coronavirus, covid-19, sars, pandemia [pandemic], sars-cov-2, epidemia [epidemic], contagio [con-
tagion], infección [infection], cuarentena [quarentine], and incubación [incubation]. Indeed,
these are the main keywords typed by users when posting messages about the COVID-19
pandemic. The number of posts about this semantic space decreased significantly only
during the vacation period in October (10–12 October). After that period, a lower number
of posts compared to the days before holidays was reported. Therefore, social interactions
usually increase during holiday periods, reducing the number of social network messages
about the coronavirus; when people have fun, they forget about the pandemic. Moreover,
security measures against the coronavirus are relaxed (e.g., the use of masks, social distanc-
ing, etc.), which means that there is a post-vacation period where these measures continue
to be relaxed. The announcement of the state of emergency on October 25 increased once
again the number of messages about Coronavirus on social networks.

Figure 7. The number of messages on social networks (i.e., Twitter, RSS, and Telegram) about Coronavirus in Spain during
the vacation period in October 2020.

Comparing Figures 6 and 7 with respect to the evolution of the pandemic, the cases of
COVID-19 in Spain were decreasing at the beginning of October. This scenario changed
suddenly from 12 October onwards, when again the number of people infected started to
increase, even at a higher rate from October 16. Several days after the declaration of the state
of emergency (5 November), Spain drastically reduced the 14-day cumulative incidence.

Similar conclusions can be drawn from the analysis of social media in December
(see Figure 8). During the first vacation period in this month (5–8 December), social
relaxation was identified. This pattern occurred again the next weekend (12–13 December).
On 17 December, the region of Valencia reinforced the measures against the coronavirus
already planned for Christmas, preventing family members and friends from entering that
region to meet their relatives. This again had repercussions on social networks at a national
level by increasing the number of posts about Coronavirus.
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Figure 8. The number of messages on social networks (i.e., Twitter, RSS, and Telegram) about Coronavirus in Spain during
the vacation period in December 2020.

In addition to the analysis performed on the evolution of the pandemic through social
sensing, the methodology employed in this work also allows for the analysis of socio-
economic problems. An example is shown in Figure 9, which reflects whether poverty and
the coronavirus are problems that occur together, aggravating each other. This figure shows
the evolution of the messages as well as the sentiment analysis of the messages in the
Christmas period from 27 December 2020 to 6 January 2021. In this example, the hypothesis
is that poverty is a cross-cutting problem for the coronavirus and it has a negative influence
on its perception. Figure 9 shows the results of this intersection, indicating that it is a hot
issue at Christmas. It is also observed that most of the information received is negative or
very negative; this information increased on the days around the Epiphany (6 January),
as the inequalities of gifts and the poverty of children are often commented on. This
analysis of the data confirms our hypothesis.

Figure 9. Combining problems through the intersection of Coronavirus and poverty with a focus on Spain.
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To conclude this section of experiments, Figure 10 represents the predictions made
by the ARIMA and LSTM techniques integrated into the tool and executed in the data-
processing methodology phase. After running both techniques, the coefficient of deter-
mination (R2) and root mean square error (RMSE) metrics are calculated, the predictions
for the best values are jointly selected, and they are finally displayed to the user. We refer
the reader to [45] for insights on the evaluation of these procedures. Fitting the ARIMA
model is not straightforward, as the best combination of parameters has to be found to
minimise the RMSE. From our analysis of the cases in Spain, we obtain an ARIMA(6,1,2)
model. Nevertheless, these models can only predict short-time behaviour since the con-
fidence interval grows extremely fast as time elapses [38]. For the LSTM model, the best
parameters indicate a set of 50 input neurons and training between 1000 and 1500 epochs.
The techniques obtain a fit between 80% and 90%, as indicated by the value of R2.

Figure 10. Prediction of confirmed cases in Spain since the beginning of the pandemic.

Figure 10 shows that confirmed cases stand out in the three waves that took place in
Spain: the first wave from mid-March 2020 to May 2020, the second wave from August
2020 to the end of November 2020, and the third wave from the end of December 2020
to early March 2021. Focusing on the end of March, it can be seen that a new upswing
is beginning, leading to the fourth wave that epidemiologists have already announced.
Therefore, the proposed techniques are quite reliable in predicting trends in the increase of
confirmed cases.

6. Conclusions and Future Work

This article presented COVIDSensing, a novel methodological application based on
social detection for the socio-economic monitoring of the COVID-19 pandemic through
people’s opinions on social media. This application follows a working methodology that
makes it extensible and adaptable to any problem related to the pandemic and allows the
alerting of citizens and the helping of policymakers to make decisions. It is also a free tool
available through its website to anyone who wants to be informed about current affairs
and the problems related to the pandemic.

This article provided a detailed account of the stages involved in the methodology
for developing COVIDSensing, from problem definition through data acquisition and
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processing, to data visualisation. In this methodology, the data-processing stage proves
crucial, where data are geolocated, categorised and analysed using ML models and NLP
techniques. To evaluate our approach, we analysed several social networks in the two
periods (or waves) in which a change in the spread trend was identified. Taking into
consideration the incubation period of the disease, these periods coincided with two
holiday periods in Spain (October and December), when a reduction in the number of
social-media posts about the coronavirus in Spain was identified. Several days after both
periods, the Spanish government took restrictive measures to reduce the infection curve,
which also led to an increase in the number of posts on social media. Thus, it can be
concluded that both the periods of COVID-19 spread risk and the measures issued by the
Spanish government had an impact on people’s opinions on social networks.

In addition, we evaluated the tool showing an example of a cross-cutting problem
during the pandemic, that is, poverty, which was easily noticeable over the Christmas
period. The intersection of poverty and COVID-19 demonstrated that both issues are
closely connected—a situation that becomes further accentuated in the days leading up to
the Epiphany.

Finally, we showed the predictions from the beginning of the pandemic until the end
of March 2021 made by the ARIMA and LSTM models of the tool. In this manner, we
could verify how the predictive models can correct the trend of unsuspected COVID-19
cases. Therefore, the results confirm that the perception of the problem on social media
correlates perfectly with the evolution of the COVID-19 pandemic. This information can
help government authorities and emergency managers in their decision-making processes
to prevent major infection scenarios at an early stage.

Regarding the limitations of this work, it should be noted that the tool is based on
opinions collected from different social-media sources, which cannot be considered a
representative sample of the whole of Spanish society. However, as several authors argue
(see for example [46]), data obtained from social media undoubtedly contribute to situation
awareness. In this manner, our tool could be used to detect user-generated content that
serves to raise situational awareness regarding COVID-19 related social problems. On the
other hand, in this work we did not take into consideration any other factors apart from
COVID-19 that could affect the perception of social problems. As future work, it would be
possible to introduce new factors (e.g., political factors) into the tool to compare whether
there are significant changes in the trends detected above.

Other future improvements involve the implementation of a more complex algorithm
to detect fake news and the refinement of the predictions made by the models to achieve not
only the prediction of trends but also greater accuracy when predicting confirmed cases.
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