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Abstract. The emergence of the Covid-19 pandemic brought the world irre-
versible damage both from the perspectives of human lives and the social economy.
Conversely, big data technology facilitated the disease’s monitoring and measure-
ment. Therefore, this paper investigated the approaches utilized from big data for
pandemic monitoring and control, particularly within the Liverpool city council,
from three stages: data processing and storage, data modelling and evaluation, and
data visualization for decision making.
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1 Introduction

Covid-19 pandemic, the 21 century’s most serious public health event [1], massively
damaged the worldwide economy and human lives with the development of transporta-
tion facilities [2]. As the result, the 2020’s global GDP was decreased by the pandemic
about 1% [3]. With its huge influence, the World Health Organization (WHO) classified
the coronavirus into the level of “goal pandemic” (see Table 1 for the global pandemic’s
characteristics), which is the highest pandemic rating that happens suddenly and leads
to high threats and uncertainty to the society [4].

On the other side, big data plays an important role in the pandemic’s measurement
and control in the era of internet. With the rapid growth in enormous data volume [5, 6],
the idea of big data was developed as an effective approach to solving complicated and
diverse problems, as well as predicting future trends among different areas [7].

From this perspective, the worldwide government should gather and evaluate data
rapidly through a big data approach to optimize the decision making under coronavirus
pandemic [8]. However, the contemporary society has no structured guidance about how
big data could be used to deal with public health issue. Hence, this essay will fill this
gap by exploring the approach that Liverpool City Council met during utilizing big data
to control Covid-19’s transmission.

2 Background

TheCoronavirus Infection-19, a viral respiratory disease, is initially discovered at the end
of 2019 in Wuhan, which damages human beings’ respiratory systems and pneumonias
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Table 1. Global Pandemic Characteristics (WHO, 2020)

Characteristics Explanation

Sudden The event may abruptly and unexpectedly occur.

Uncertainty Knowledge about viruses may also be limited.

Unpredictability The effect and durability of the events cannot be foreseen immediately
and precisely.

Highly hazardous Damage to the health and property of humans.

High social attention Achieve broad and in-depth public interest.

Chain reaction The event happened outside of its administrative territory, hence
broadening its reach.

Time disposability Governments react promptly with stringent regulations.

Preventive actions Minimize pandemic losses so that the pandemic may be progressively
contained; restore work and production based on the establishment of
stringent avoidance and preventive practises.

[9] through the features of high propagation power and easy spread [2, 10]. With the
globalization of the pandemic, Liverpool was hit by the pandemic in March 2020 and
experienced national lockdown [11].

The Liverpool government: Liverpool City Council, together with NHS system [12,
13], support citizens and afford information about vulnerable people, coronavirus vac-
cination, and test centers [14–16]. Free tests are also provided for students and frontline
workers [17].

However, the virus has highly unpredictable outbreak feature, which requires the
government to gather and evaluate information more effectively than before, to avoid
larger range of transmission [18, 19]. From this view, big data perform well, especially
in infections screening and movement tracking. The government should prevent citizens
from disease by proceeding with efficient big data analysis, to monitor the virus through
online data shadow.

3 Data Processing and Storage

Three characteristics distinguish big data from conventional data: volume, velocity, and
diversity. In 2025, the global data volume is expected to reach 160 Zettabyte, which itself
is 160 times the amount in 2016 [20]. In fact, a number of applications demonstrate that
the diversity and velocity of data production in real-time or close to it is more important
than its amount [21]. The next section will suggest data collection routes and storage
methods for Liverpool City Council based on the aforementioned parameters.

3.1 Data Sources

The sources might be data that you generate or give out; data that others make about
you and inferred data. Jia et al. [8] provide a summary of the following massive data
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Fig. 1. Big Data Resources [8]

source (See Fig. 1), which might prevent and control the spread of illness. They will be
explained in sequence below.

IoT (Internet of Things) Data. The internet of things investigates the relationship
between physical items using embedded technology such as sensors to facilitate the
flow of data across many devices in the network [22]. IoT might automatically detect,
position, track, monitor, and manage items via the real-time transmission of a massive
quantity of dynamic and static data through devices [23, 24]. By analyzing its comments,
individual, real-time status, and location data, the situationmight bemonitored andman-
aged throughout the coronavirus pandemic. By capturing facial recognition information
and accurate infrared thermal imaging filtering [25], for instance, IoT might assist in
determining if residents are wearing face masks and their temperature [25] in order to
provide a community-wide warning in advance. The community may also watch and
assess customer behavior based on evaluation results fromautonomous supermarkets and
contactless commerce enabled by IoT methods. In the medical treatment environment,
RFID (radio frequency identification) technology can be used to determine the position
of equipment and consumables and to handle recovery components in the hospital [26].
This technique can also be used to transfer positioning data and provide early warning.
In addition, IoT approaches may give real-time status data to assist in managing medical
staffs and patients’ physical condition and minimizing risk of contamination through
portable medical devices, RFID microchip, and health management systems [22].

Mobile Devices Data. With data frommobile devices, the government may follow res-
idents’ activities and learn more about the transmission of illnesses. In accordance with
the privacy regulations, the GPS coordinates obtained from these devices allow experts
to track the contact histories of infected individuals. It prevents purposeful concealment
or self-ignorance during disease prevention and encourages detection, isolation, and
treatment of potentially infected populations. In addition to displaying the status of an
epidemic [27], these data assist the forecast of viral propagation and the assessment of
the most effective actions for the future. By combining IoT andmobile data, Sareen et al.
[28] assisted the government combat Zika virus. Thompson et al. [29] found a correlation
between Kenyan mobile phone CDRs (Call Data Records) and rubella. Nonetheless, the
assessment n of mobile internet should be paired with the situation in a particular region;
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not all mobile data convey the same messages. The analysis of data frommobile devices
has an overall favorable impact on the management and surveillance of disease spread.

Social Media Platform Data. Social networking has already become an integral part
of people’s life [30]; the information obtained from these numerous platforms enables
new types of disease regulation and monitoring [31]. For instance, analysts discovered
that Twitter data might better anticipate the seasonal influenza trend in the U. S. [32].
The Twitter-based model might reduce mistakes by 30 percent in comparison to the
previous model [33]. Specifically, this model could provide forecasts at least 14 days in
ahead of the timetable, given the accuracy level. In addition, the ‘pandemic inspection’
applet is made available on WeChat, which aids in preventing the spread of COVID-19
within China. This applet has a Quick Response (QR) code that stores an individual’s
health state plus travel record [31]. The coding would be green when everything is
in order; if not, it will become red, and mobility will be restricted [31]. Alternatively,
according to Salathe and Khandelwal’s [34] semantic analysis, data from different social
media platformsmay also be used to determine the psychological state of the population.
Through real-time text assessment [35–38], the government may comprehend citizens’
true understanding of the epidemic and direct appropriate departments to actively steer
people’s emotions.

Navigation and Search Engine Data. Search engines and navigation are, like social
media platforms, important data sources for disease monitoring and management.
Although these facts may not be directly related to illness treatment, the information
underlying them may represent the spread of present disease and people’s attitudes
about it. One of the flu prediction technologies titled GFT (Google Flu Trends) [39]
that was developed by Google in 2008 and accurately predicted the 2009 epidemic of
H1N1 might be used as an example here. In addition, Hickmann et al. [40] created a
weekly influenza prediction algorithm using Wikipedia and influenza data. In addition,
since the introduction of coronavirus, the publications reports have exploded. More than
a million articles and reports will be published on Google Scholar by August 16, 2020
[8]. However, it is better to prevent big data arrogance and acknowledge the algorithm’s
dynamic nature. Consistently, people’s behaviors change swiftly these days, therefore
the results of the past may not be appropriate for the audience of today. Therefore,
prediction products must continue to develop and adapt to the new dynamic.

Large Scale Genetic Data. From a medical standpoint, the genome sequencing tech-
nique might capture a large amount of data that plays an essential part in the diagnostic
techniques and identification of disease hosts [41]. However, many scenarios, such as
tardy sample collection and uncooperativeness, may result in data collection disrup-
tion [41]. Numerous medical organizations have developed cloud computing systems
such as Nextstrain [42] to address this problem. It enables professionals to monitor and
exchange genomic sequences in real time, providing viral analysis with sources in real
time. This technology enabled the visualization of the coronavirus phylogenetic tree,
hence accelerating illness assessment.
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3.2 Data Storage

According to Brewer’s [43] CAP (Consistency, Availability, and Partition Tolerance)
theorem, the government should choose a database both with partition and consistency
tolerance. NoSQL is the best database type for Liverpool City Council because it is
more adaptable, object-oriented, semi-structured, scalable, and consistent. Among all
Database systems, the graph database is recommended in this paper because it facil-
itates content-based filtering and relationship discovery among diverse data [44]. The
government is advised to select Neo4j or Titan.

4 Data Modelling and Evaluation

4.1 Epidemic Prediction Model

Through the creation of a predictive model [45], big data assessment may assist forecast
the virus’ evolutionary phases and the 2nd and 3rd probable pandemic waves in advance.
After the first phase of possession and storage, it is crucial to develop an accurate model
to predict the pandemic curve and disease’s spread. Based on the observation of the
curve of positive cases in Wuhan [46], the pandemic of this virus does not follow a
conventional exponential function [45]. On the basis of the successful model building in
the Italian scenario [45], the sigmoid, Persona correlation index, and linear regression
are suggested for evaluating the similarity of a contagion, determining the number of
cumulatively positive cases, and selecting the correlation that best fits the data. The
positive case data from Liverpool and London might be utilized to evaluate the Pearson
correlation test (See algorithm).

correl_index(x, y) = �(x − x)(y − y)√
�(x − x)2�(y − y)2

We expected that a significant Pearson correlation existed between Liverpool and
the London text file. This file allows for the prediction of the potential function for pos-
itive cases in the Liverpool area. The second stage involves locating the optimal main
growth segment of the logistic curve. Based on the findings of Tosi and Campi [45],
the power-law curve generated by y = m * xb is the most appropriate. The subsequent
steps include computing the coefficients m and b of the aforementioned treatment; the
specifics will not be discussed in this article. Beginning with the data set accessible on
March 2, 2020, it was feasible to discover a 0.9944 Pearson correlation between data set
pertaining to Italy and the dataframe pertaining to Wuhan [45]. Tosi and Campi’s [45]
model predicted (18 days in advance) that the highest in the amount of daily new cases
would occur on March 21, 2020, with a number of 42,000 positive cases compared to
the official data of 53,500 positive cases. The approach greatly exceeded prior forecasts
based on exponential models, which predicted over 180 thousand positive occurrences.
Consequently, an exceptional prediction model can anticipate the disease’s progression
and peak many weeks ahead of time [45]. It is interesting, however, that the plateau
just shows a modest increase in positive cases and does not mean that its virus has
been eradicated. In addition, big data may supply resources for training these models
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and improving their prediction accuracy throughout model iteration. By analyzing Twit-
ter data and using the Markov chain system, Grover and Aujla [47] propose that its
machine learning techniques may offer a training environment and continually update
the epidemic spread model.

4.2 Host Discovery Model

On the other hand, identifying the disease’s natural, intermediate, and ultimate hosts is
essential for controlling the virus. By employing a deep learning model, a new approach
of machine learning, epidemiologists could examine a vast array of the bacteria’s genetic
data and determine pathogenicity. Deep learning comprises CNN (Convolutional Neu-
ral), DBN (Deep Belief), and SAN (Stacked Auto-encoder) networks for supervised
language and picture recognition and evaluation purposes [48]. The CNN model is a
widely deployed method for disease monitoring and management. Zhu et al. [1] iden-
tified COVID-19’s host and constructed the VHP (Virus Host Prediction) framework
using a two-way CNN, which indicates that a dataset with the same structure as the
CNN input was retrieved. This technique reflects the fact that the bat coronavirus has a
more recognizable pattern than those of other vertebrates [1]. According to the preceding
models, professionals can locate hosts more quickly than in the past. They are detectable
even during an epidemic, which saves a great deal of time during therapy.

4.3 Latent Dirichlet Allocation Model

LDA (Latent Dirichlet Allocation) model, which is one of the most powerful techniques
in semantic assessment, is commonly utilized for theme extract and disordered text min-
ing of material in such social media sites [49]. It might aid the government in keeping
tabs on the public’s mood and avoiding the pandemic’s exaggerated alarm. The LDA is
an uncontrolled machine learning approach that uses bag-of-words to categorize criti-
cal details in corpora or document sets using the low dimension casting concept [50].
The process flow can be seen in Fig. 2. The government may advance with more accu-
rate textual cognition by combining LDA and deep learning technologies. LDA might
have a helpful function in tracking patients, informing hot areas, warning, and pushing
information throughout COVID-19monitoring andmanagement. Scientists use the term
“embedding” to describe unstructured text data, such as the Ebola and Zika infection
warnings. In the case of limited domain-specific input corpuses, the Twitter corpus out-
performs other techniques such as GloVe and Word2Vec [51]. This method introduces
a new version of important influential components discovery, allowing for the creation
of a more complete monitoring system [52, 53]. Each day, the BlueDot gathers almost
100,000 papers to track the spread of infectious diseases [54]. During the epidemic, both
Facebook and Toutiao in China opened a rumors review and trail system to protect social
stability during this stressful period [55].
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Fig. 2. LDA Process [56]

5 Visualization for Decision Making

From the analytical pyramid, visualization changes from the previously possessed facts
and information, and provides the audience with profoundly valuable insights and sug-
gestions. Visualization tools demonstrate connections across several data sets, allowing
data analytics to reach greater intuitive cognition among numerous aspects and dis-
cover deeper causes for certain occurrences, thereby assisting decision-making. The
Liverpool government and other decision-makers might utilize this visual technique to
monitor medical sources, filter close relationships, and continue with epidemic mon-
itoring to make smarter judgments. To visualize pandemic data, a GIS (Geographical
Information System) is recommended, which provides features for collecting, process-
ing, and presenting geographical information to increase executive efficiency [57]. By
interacting with large data, it may provide the organization a greater understanding of
geographical patterns. The origins of acceptable big data assistance are not restricted to
traditional ways such as measurements made and satellites satellite imagery; the multi-
sources mentioned earlier are also accessible. Batch processing methods and distributed
system architecture like as Hadoop and MapReduce are often used to analyze and ana-
lyze data collections before translating them into GIS-ready formats [57]. Meanwhile,
the topological link between vector data and spatial data is constructed freely to repair
spatial data flaws [58].
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6 Conclusion

This article is designed to provide precise framework about how Liverpool City Council
use the big data to administer COVID-19 effectively. Several technical recommendations
are made during the process regarding the data analysis lifecycle. This article offers five
data sources before recommending the government’s use of a graph database. Three
models are proposed to anticipate the illness, identify its hosts, and manage public
sentiment. Also suggested as a visualisation method is the GIS methodology.

With the normalization of Covid-19 pandemic, it is critical to trace and monitor
the disease’s development effectively. The development of technology, especially big
data, could match this requirement efficiently. For the future researchers, the continuing
research should be investigated into the area about how specific model could collect and
analyze data accurately. Topics like other countries’ pandemicmonitoring and prediction
approach should also be learnt to improve the awareness.
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