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Abstract

Background
COVID-19 outbreak was first reported in Wuhan, China and has spread to more than 50 countries.
WHO declared COVID-19 as a Public Health Emergency of International Concern (PHEIC) on 30
January 2020. Naturally, a rising infectious disease involves fast spreading, endangering the health
of large numbers of people, and thus requires immediate actions to prevent the disease at the
community level. Therefore, CoronaTracker was born as the online platform that provides latest
and reliable news development, as well as statistics and analysis on COVID-19. This paper is done
by the research team in the CoronaTracker community and aims to predict and forecast COVID-
19 cases, deaths, and recoveries through predictive modelling. The model helps to interpret patterns
of public sentiment on disseminating related health information, and assess political and economic
influence of the spread of the virus.

Methods:
Real-time data query is done and visualized in our website, then the queried data is used for
Susceptible-Exposed-Infectious-Recovered (SEIR) predictive modelling. We utilize SEIR
modelling to forecast COVID-19 outbreak within and outside of China based on daily observations.
We also analyze the queried news, and classify the news into negative and positive sentiments, to
understand the influence of the news to people’s behavior both politically and economically.

Findings:

At the time of writing this paper, the number of confirmed cases is expected to exceed 76000 cases,



and reach the peak of this outbreak before 20 February 2020. The average Infected-Suspected ratio
was found to be 2.399 which we used to initialize the number of Exposed individuals as a product
of the number of Infected individuals on 20 Jan 2020. This outbreak is assumed to reach its peak
in late May 2020 and will start to drop around early July 2020. Based on the news queried in our
system, we found that there are more negative articles than positive articles, and displayed similar
words for both negative and positive sentiments. The top five positive articles are about
collaboration and strength of individuals in facing this epidemic, and the top five negative articles
are related to uncertainty and poor outcome of the disease such as deaths.
Conclusions:

COVID-19 is still an unclear infectious disease, which means we can only obtain an accurate SEIR
prediction after the outbreak ends. The outbreak spreads are largely influenced by each country’s
policy and social responsibility. As data transparency is crucial inside the government, it is also
our responsibility not to spread unverified news and to remain calm in this situation. The
CoronaTracker project has shown the importance of information dissemination that can help in
improving response time, and help planning in advance to help reduce risk. Further studies need to
be done to help contain the outbreak as soon as possible.
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1. Introduction
On 31 December 2019, the first reported case in the COVID-19 outbreak was reported in
Wuhan, China. The first case outside of China was reported in Thailand on 13 January 2020 [1].
Since then, this ongoing outbreak has now spread to more than 50 other countries [2]. WHO
declares COVID-19 outbreak as a Public Health Emergency of International Concern (PHEIC) by

WHO on 30 January 2020 [3]. There are over 76,000 cases of confirmed COVID-19 worldwide as



of 20 February [2].

An infectious disease outbreak is the occurrence of a disease that is not usually expected
in a particular community, geographical region, or time period [4]. Typically, a rising infectious
disease involves fast spreading, endangering the health of large numbers of people, and thus
requires immediate action to prevent the disease at the community level [S5]. COVID-19 is caused
by a new type of coronavirus which was previously named 2019-nCoV by the World Health
Organization (WHO). It is the seventh member of the coronavirus family, together with MERS-
nCoV and SARS-nCoV, that can spread to humans [1]. The symptoms of the infection include
fever, cough, shortness of breath, and diarrhea. In more severe cases, COVID-19 can cause
pneumonia and even death [6]. The incubation period of COVID-19 can last for 2 weeks or longer
[7]. During the period of latent infection, the disease may still be infectious. The virus can spread
from person to person through respiratory droplets and close contact [8].

An ‘infodemic’ has accompanied the COVID-19 outbreak which is essentially an over-
abundance of information regarding the outbreak. As some of the information available to the
public may not be accurate, it becomes hard for people to find reliable sources and trustworthy
guidance when they need it [9]. Because of the high demand for appropriate and trustworthy
information about 2019-nCoV, WHO technical risk communication and social media teams have
been working closely to track and respond to myths and rumors via its headquarters in Geneva, its
six regional offices and its partners. The organization is working continuously to identify the most
widespread rumors that can possibly harm the public’s health, such as inaccurate prevention
measures or claims of cures. These myths are then rebutted with evidence-based information. WHO
is making public health information and advice on the COVID-19, including myth busters,
accessible on its social media channels (including Weibo, Twitter, Facebook, Instagram, LinkedIn,

Pinterest) and on their website [10].



Communication during emerging pandemics presents a distinctive public health
education task. Health consumers must be informed about an impending health threat [11].
However, there may be difficulties in providing accurate information regarding the outbreak in the
initial stage. This is mainly related to the high degree of uncertainty about the exact route of
transmission, treatment of the infections, and prospects of recovery in an outbreak. All countries
need to prepare existing public health communication networks, media and community
engagement staff for a possible case in their country, as well as for the appropriate response if it
happens. The governments should coordinate communications with other response organizations
and include the community in response operations. WHO stands ready to coordinate with partners
to support countries in their communication and response to community engagement.

To ensure a people-centered response to COVID-19, an expanding group of global
response organizations such as the United Nations Children’s Fund (UNICEF) and the International
Federation of Red Cross and Red Crescent Societies (IFRC) are coordinating efforts with WHO to
apply biomedical recommendations at the community level. These organizations are active at the
global, regional and country level to ensure that affected populations have a voice and are part of
the response. Ensuring that global recommendations and communication are tested and adapted to
local contexts will help countries to gain better control over the COVID-19 outbreak [10].

Peoples’ response to the news about a spreading contagious disease is likely to lead to
increased anxiety and amplification of risk perceptions [11]. Social media networks have
functioned as channels for firsthand information from which the public can acquire disease-related
information during infectious disease outbreaks. These platforms also enable simple and quick
sharing of information with family, friends, and neighbors in real time [12]. For example, the
Ministry of Health in Malaysia have been uploading posts related to COVID-19 to educate the

public since 19 January [13] and their Director General of Health is also active on his own



Facebook page to clear confusion and doubts for the public [14]. This is important when traditional
forms of media are unable to provide relevant and timely information to the public. Social media
now serves as a major, immediate information source but while the focus of latest information has
been on the role of social media during infectious disease outbreaks, the question that should be
brought to light is still, how the use of social media may trigger the public’s emotional or
noncognitive response, affect perception of risk, and preventive behaviors [10].

Therefore, CoronaTracker [15] was born as the online platform that provides the latest
and verified news development, statistics and analysis on COVID-19. This platform is a
community-based project initiated on 25" February out of concerns on the outbreak that halted
Mainland Chinese of Lunar New Year’s celebration. The CoronaTracker website was launched on
27" January 2020, after two days working relentlessly, and has gathered more than 1300 volunteers
across the globe. This paper is a part of a work by the research team of CoronaTracker community.
The main objective of this paper is to predict and forecast COVID-19 cases, deaths, and recoveries
through predictive modelling, and to decipher patterns on public sentiment related to health
information dissemination. At the same time, assess the political and economic impact of the virus
spread.

We propose a comprehensive framework to manage health information data as a tool for
public health practitioners in managing epidemics and crafting public health response and policy.
This study focuses on the role of audiences in the process of disseminating health risk information
and examines behaviors that contribute to information amplification upon hearing the news.

The structure of this paper is as follows; Section 1 introduces COVID-19 and
CoronaTracker community, as well as explains the significance of this research. Section 2 describes
on related works in predictive modelling of the paper and news-based sentiment analysis for this

research on psychological, politics and economics aspects. Section 3 explains our study design and



methodologies. Section 4 presents our findings in current trends, predictive modelling and
sentiment analysis of the outbreak. Our findings are discussed in Section 5 and this paper is
concluded in Section 6.

2. Related Works

SEIR refers to Susceptible, Exposed, Infectious, and Removed or Recovered, respectively.
It is based on the SIR model but adds the Exposed compartment as a variable. Susceptible refers
to individuals who can catch the infection and may become hosts if exposed, Exposed are
individuals who are already infected but are asymptomatic, Infectious are individuals who are
showing signs of infection and can transmit the virus, Removed or Recovered are individuals who
are previously infected but are no longer infectious and already immune to the virus [16].

Once the compartments of SIR or SEIR models are determined, modelling can be done
using a variety of methods. In [17], a Conditional Autoregressive (CAR) was used to account for
epidemics with a spatial or transportation-related vector and modelled with MCMC. In [16],
demographic effects such as birth and death rates were added to the SEIR to model equilibria with
vital dynamics.

Sentiment analysis is a supervised machine learning problem. There are different types
of sentiment analysis including fine-grained sentiment analysis, emotion detection, aspect-based
sentiment analysis and multilingual sentiment analysis. In binary sentiment classification, the
possible categories are positive and negative. In fine-grained sentiment classification, there are five
groups (very negative, negative, neutral, positive, and very positive). Sentiment analysis is one of
the most popular tasks in natural language processing, and there has been a lot of research and
progress in solving this task accurately [18].

Deep neural networks are widely used in sentiment polarity classification; however, it

often requires huge numbers of training data, and the size of training data varies quite significantly



among domains. In [19], it was found that a dual-module approach is the best method that
encourages the learning of models with promising generalization abilities. Bidirectional Encoder
Representations from Transformers (BERT) is an embedding layer designed to train deep
bidirectional representations from unlabeled texts by jointly conditioning on both left and right
context in all layers. It is pretrained from a large unsupervised text corpus such as Wikipedia or
BookCorpus. There are 15% of the words in the input sequence are masked out which is one of the
objectives of BERT. Then, a deep bidirectional Transformer encoder is fed by the entire sequences
so that the model learns to predict the masked words.

Moreover, this small model has been trained on SST-2 dataset which is a common dataset
for sentiment-analysis [20]. However, there are few disadvantages in this method as it is based on
SST-2 dataset which is for movie reviews and our dataset is about coronavirus news. It is a similar
task which is for sentiment analysis but it does not perform that well because sentiment for movies
and news might be different. However, it is the fastest way to get results and act as a benchmark or
starter for further research. It can also be easily improved by adding more dataset for our domain
(coronavirus news). Last but not least, it can do prediction instantly compared to previous methods
that need bigger computer resources.

3. Methods
3.1 Data Source

Data is extracted from verified sources such as John Hopkins University [21], WHO and
DingXiangYuan, a website authorized by the Chinese government. The sites reported confirmed
COVID-19 cases, as well as recovered and deaths for affected countries and regions. Details on
how our team fetched the data is in Section 3.2.

3.2 Data Visualization

The data collected in CoronaTracker is available on data lakes platform. Both the



platform and dashboard are hosted in Amazon Web Services (AWS). We provisioned AWS
Relational Database Service (RDS) to host the data in MySQL table form. All the data collected
and ingested using Python program running in AWS Elastic Compute Cloud (EC2) and was
scheduled to automatically update every 15 minutes. The size of the database is relatively around

30GB.
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Fig. 1 High level diagram ingestion for CoronaTracker
We developed our own micro-services and scraper in Python to fetch the data and news
from the sources. Python has been the best open source platform to use because of the less level of
complexity, readily libraries and easy to deploy in production environment (EC2). The code snippet

for our data fetcher is shown as in Fig. 2.

Input: A json fetcher from API url from John Hopkin University data API
Output: A structured data in SQL table (arcgis table) which will be auto-
fetched data every 15 minutes

u = "JHU data API url'

r=requests.get(u)

e=sa.create_engine('mysql://dsn')

x=json.loads(r.content)

d=dd[['attributes.Province_State', 'attributes.Country_Region',
'attributes.LlLast_Update',

'attributes.Lat', 'attributes.lLong_', 'attributes.Confirmed',
'attributes.Deaths', 'attributes.Recovered' 1]

Fig. 2 Code snippet for data fetcher



The fetched data will be stored in relational database, MySQL. The micro-services will
crawl the data every 15 minutes and store it in table form. The data mostly will be stored in raw
format before being aggregated for visualization. Aggregate functions are built using SQL

statement like below snippet. Aggregation is important to show latest of the sum values for every

country in the table.

SELECT
CAST(SUM(confirmed) AS UNSIGNED) AS confirmed,
CAST(SUM(deaths) AS UNSIGNED) AS deaths,
CAST(SUM(recovered) AS UNSIGNED) AS recovered,
MAX(posted_date) as created

FROM
arcgis

WHERE

posted_date = (SELECT MAX(posted_date) FROM arcgis)
LIMIT 1

Fig. 3 SQL statement and AGG (aggregate) functions
Example of the data in the databases is shown in Fig. 4. We also geo-coded the location

for easier mapping during visualization.



123 agg_confirmed V1| 123agg_death V| 123agg_recover Vi| &) agg_date 71
21 60,441 1,370 6,280 2020-02-13
g 64,541 1,384 7.1 2020-02-14
E 67,178 1,527 8,578 2020-02-15
I 69,337 1,669 9,624 2020-02-16
E 72,338 (5775 11,396 2020-02-17
E 73,773 1,875 13,124 2020-02-18
—F 75,905 2.012 15,084 2020-02-19
E 76,389 2,130 16,882 2020-02-20
29 | 77,424 2,248 18,864  2020-02-21
3T 78,560 2,362 21,259 2020-02-22
? 79,568 2,466 23,386 2020-02-23
37 80,826 2,699 27,683 2020-02-25
33 | 81,922 2,770 30,311 2020-02-26
; 83,226 2,810 33,252 2020-02-27
g 84,540 2,867 36,686 2020-02-28
36 | 86,361 2,933 39,761  2020-02-29
F 88,123 2,990 42,670 2020-03-01
E‘ 89,948 3,050 45,394 2020-03-02
g 93,005 3,134 48,192 2020-03-03
H 94,955 3,216 51,041 2020-03-04
? 96,887 3,305 53,638 2020-03-05
H 100,312 3,408 55,690 2020-03-06

Fig. 4 Result from AGG query

For every 15 min, the cumulative case counts will be updated for all provinces and other
affected countries. In the beginning, we found that WHO and JHU data are relatively slow
compared to other sources, thus we implement manual update to our system after verifications to
allow more real-time data.

3.3 Predictive Modelling — SEIR Model

Here we will briefly discuss the properties of basic Susceptible-Exposed-Infected-
Removed (SEIR) system that will be used to describe the recent outbreak of COVID-19 in China
[22]. We considered a simple SEIR epidemic model for the simulation of the infectious-disease
spread. Individuals were each assigned to one of the following disease states; Susceptible (S),
Exposed (E), Infections (I) and Removed (R) which refers to segment not yet infected and disease-
free, individuals that are experiencing incubation duration, the confirmed (isolated) cases,

recovered individuals, respectively. The SEIR diagram in Fig. 5 shows how individuals move


































































