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Abstract
Infectious disease spread modeling and forecasting are interesting topics in

healthcare systems that have attracted the attention of researchers during the last few

decades. In particular, the epidemic of the era COVID-19.

The proposed methodology comprises three major models: The Forecasting
Model, the Knowledge Discovery Model, and the Visualization Model. The
Forecasting Model has been achieved by the Random Forest Regressor employed to
forecast the complex and irregular behavior of COVID-19 new infections as well as
human mobility in terms of (driving and walking), the Knowledge Discovery Model
Is used to find the relationship between human mobility and COVID-19 spread
during various periods of time using Pearson’s Correlation. Through the
Visualization Model, the choropleth map is established based on the geographical
locations of the study countries. The choropleth map creation introduces a useful
view through the GIS map. The system is applied to two datasets: the World Health
Organization (WHO) dataset for daily COVID-19 infections for seven countries
(United Arab Emirates, China, South Africa, United Kingdom, Germany, Denmark,
and Brazil), and the Apple Company dataset for daily human mobility for six
countries (United Arab Emirates, South Africa, United Kingdom, Germany,

Denmark, and Brazil).

The Forecasting model is applied to two types of Covid-19 datasets (the
original data and the weighted data), The evaluation of the forecasting model has
been performed depending on two measures of prediction Root Mean Square Error
(RMSE) and Mean Absolute Error (MAE). Furthermore, the forecasting technique
has been compared with other common techniques: Linear Regression (LR), Auto-
Regressive Integrated Moving Average model (ARIMA), and Long-Short Term
Memory (LSTM).



The Knowledge Discovery Model based on inference rules introduced a
reasonable interpretation to the relationship between the disease spread and human
mobility through three periods of time. The Visualization Model has been employed
through two types of choropleth maps: the disease spread and human mobility map;

and predictions of COVID-19 and human mobility map.

The experimental results show that the performance of RF technique
outperforms its comparable ones. In particular, the best RMSE and MAE values for
Covid-19 daily infections of the proposed model have reached (0.004 and 0.002) for
the weighted new cases of South Africa, and (0.009 and 0.007) for human mobility
(driving), and (0.011 and 0.007 ) for human mobility (walking) of United Arab
Emirates. On the other hand, the results of Knowledge Discovery Model indicate a
clear and strong relationship between disease spread and mobility, thus reaching two
types of patterns in accordance to the periods of the study in addition to introducing
a clear explanation for the presence of other factors involved during the periods of
the study that affected the results. The Visualization Model plays a role in the
evaluation process of the whole work through the comparison of the predictions to
the actual values, as well as introducing another view of the relationship patterns

between the human mobility and disease spread.
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Chapter One General Introduction

1.1. Introduction

With Global Positioning System trajectories (GPS), many people have started
recording and sharing their movements within web-based communities. It has
enabled individuals to share their route tracing, travel experiences, sports activity
analysis, lifelogging, etc. These trajectories can produce enormous business
opportunities in geographical navigation and recommendation systems, and in fact,
trajectories of human mobility also play a significant role in numerous research
fields such as epidemic modeling, traffic planning, mobile computing, and disaster

response [1].

A sound understanding of mobility through different economies might be helpful
in the creation of public dynamics to enhance human development in fields such as
modeling the epidemic spread, social sciences, and transportation alternatives. In
recent years, a wide range of studies using different applications have resulted in

various models, like modeling the spread of viruses [2].

The authors of [3] analyzed the relationship between human mobility and
urban socio-economic status in which they presented indices of mobility that are best
associated with socio-economic levels, and they created a model for predicting the

socio-economic level from cell phone traces.

Although exploring human mobility is based on difficult scientific methods,
the collection of data involved tedious manual travel surveys, interviews in space-
time, and diaries. The development of sensors that can detect location has
significantly modified the opportunities for accurate statistics on the movements of
human beings. This has led to the promotion of various methodological advances
that can recognize human movement patterns and their effects on the spread,

persistence, and evolution
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of infectious diseases [4]. Human culture has ever been in combat with infectious
diseases. Diseases such as the Ebola virus, AIDS, influenza, pestilence, plague,
SARS, avian flu, and cholera spread had killed more than tens of thousands of people

in many regions around the world [5].

A majority of studies have acknowledged the impact of mobility on epidemics’
spread [6][7]. Specifically, COVID-19 that first registered at the end of 2019 in
Wuhan, China. The World Health Organization (WHQO) announced it as a “Public
Health Emergency of International Concern™ on January 30, 2020, and declared it a
pandemic on March 11, 2020. The disease has been reported in more than 200
countries and continues to spread around the world. According to WHO, up to March
23, 14,509 people had succumbed to death, with 1,727 new deaths, while 332,930
confirmed cases of Coronavirus contamination, with 40,788 affirmed cases were
reported. This pandemic has demonstrated the interconnected nature of the world
and that no one is safe until everyone is safe. As the number of cases increases,
policymakers and authorities have begun to use mobility restrictions that were, and

still are, the best way to monitor viral transmission.

Due to the rapid and dangerous spread of the pandemic in the USA, the
absence of a centralized policy, and only ‘Stay-at-home’ State Authorities'
Instructions, the author of [8] investigated how the prevalence of new infections in
25 counties in the USA was influenced by social distance. Badr found that the
decreasing COVID-19 case growth rate patterns were strongly correlated with
human mobility for the USA's most affected counties. Searchers of [9] uncovered
the behavioral parameters of change in mobility patterns of major cities in Canada
and the people’s contentment about how infectious the disease is at the level of
compliance with public orders of stay at home, using the concept of an individual’s

activity space (encompassing all the locations that an individual interacts with over
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time). The research discussed how mobility patterns show the effectiveness of
lockdown to control disease transmission. Even under strict restrictions, the degree
of social distancing was inferred as being bound by choice, which is related to

people’s beliefs about the authorities' public order regarding how grim the crisis is.

Thus, enforcing restrictions on gatherings and canceling public events, which
limit human movement in numerous and crowded locations, has the greatest impact
on pandemic containment, in terms of both statistics and levels of effect.
Additionally, school and workplace closures, as well as stay-at-home requirements,
have contributed to a decrease in the occurrence of infections. Closures of public
transport and controls of international travel had also contributed to a decline in new
infections [10].

Apple and Google as global communities have responded to COVID-19 by
cooperating with public health officials through the use of products such as Google

and Apple Maps that could facilitate critical decision-making to combat the disease.

Due to the randomness and irregular nature of the virus, there is greater
instability around the choice of ideal time of disappearance of this illness. In
addition, the increasing number of confirmed cases has led to an increase in the
demand for hospital beds, and in the most severe cases, the demand for Intensive
Care Unit beds[11]. Therefore, for the better management of the economical,
societal, cultural, and public health issues it’s important to get an estimate about
what would be the daily new cases at least short term forecasting for the upcoming
few weeks ultimately also help the healthcare systems and governments to prepare

in advance for the expected number of new cases [12].

Time series forecasting is a relevant task in various fields of science, like

finance, economics, health, engineering, meteorology, and sciences. [13]



Chapter One General Introduction

Recently, several studies that employ machine learning and deep learning techniques
that are capable of forecasting the trends of diseases based on the reported time-
series data to estimate the spread of the viruses. In [14] Auto-Regressive Integrated
Moving Average model was used to forecast the daily new cases of Covid-19 from
April 27, 2020, to May 3, 2020, using South Korean and Japanese data. The
dependent structure of the daily time series of newly confirmed cases was well
captured by the estimated model of the Auto-Regressive Integrated Moving
Average. Other models were introduced to handle forecasting by using Regression
.The authors in [15] used Linear Regression in their analysis study which aims to
track trends related to the expected number of deaths of the coronavirus in India. As
well as Logistic Regression model was used in [16] to estimate the spread size of
Covid-19 in Kuwait, by forecasting the daily cases, total infected cases, and the
expected dates of the start and ending phase of the pandemic, besides that,
simulations of (susceptible-infectious-recovered) stochastic individual contact
model were performed to examine the impact of the simultaneous changes on the

number of the susceptible and infected people.

This study introduces a knowledge Discovery Model to investigate how effective
restrictions of mobility trends could control the transmission of SARS-CoV-2 by
finding the correlation degree of human mobility into the pandemic outbreak and
providing a reasonable interpretation of relationship patterns also using the
chronology of time series and cumulative errors to improve the forecasting accuracy
of the Random Forest model in predicting COVID-19 new infections as well as
human mobility, and produces a comparative study of the performance of three
models with the adopted model , in addition to visualizing the results of those

models.
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1.2. Problem Statement

The whole world has suffered from the consequences of the era pandemic
COVID-19. The disease is spreading rapidly with the inability of authorities and
medical staff to contain or control it, thus finding non-medical interventions has
become a global priority for many scientific researchers that might help in curtailing

the disease's spread and rescuing the globe.

One of the important aspects that play a major role in many studies is
discovering the relationship between human movements and disease transition, thus
helping policy makers to consider that point when they make decisions about locking
down or limiting people's mobility and social isolation. The forecasting field also
took a place in dealing with the pandemic to help governments to make preparations
and gain an indicator of how to handle the upcoming waves or infections by

predicting future cases.

1.3. Aims of Study

1- Discovering the correlation degree between human mobility and the number of
people infected with the epidemic in countries and examining how lockdown
policy measured by the relative change in mobility can affect the rate of
infections.

2- Improving the accuracy of forecasting as much as possible for COVID-19
infections and mobility rates.

3- Constructing Choropleth Maps:

- Disease outbreak map with daily human movements of driving and
walking.

- Forecasting map.
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1.4. Challenges of the Study

1-

Mobility data for Apple company covers most countries around the world since
some countries or cities have no accurate mobility information because the
internet services are not active throughout the year, thus the researcher has
limited information concerning mobility.

Difficulties to search for regular periods where mobility has decreased or
increased regularly to study the influence of human movements on an epidemic’s
spread whereas each country varies from the other in the dates of declaring
closure or urging people's compliance with public orders of safety and social
distancing, as well as take into consideration the most important factor, which is
the commitments of people to those orders.

The spread of the epidemic is not only dependent on mobility; other factors, such
as the disease's incubation time or people's compliance with local authorities'
public commands of mobility restrictions, can also play a role.

The number of newly reported cases may not reflect the true number of
infections, because many infected people don’t do the Polymerase Chain
Reaction (PCR) test.

Covid-19 forecasting is difficult due to the virus's novelty and the indiscriminate
behavior of the virus spread and many countries experienced multiple fluctuation
waves that vary in complexity and pattern with faster acceleration in new cases,

this making accurate prediction is a challenging process.
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1.5. The Study Contribution

1- Proposing a Knowledge Discovery Model to find the relationship between
mobility restrictions and Covid-19 spread.

2- Improving the prediction results for Random Forest regressor by re-weighting
Covid-19 infections as well as introducing mobility predictions that are very
close to the truth.

3- Providing cartographic representations that clearly explain the aforesaid findings.

1.6. Related Work:

This section reviews the most recent prediction studies for COVID-19 time
series forecasting, where some rely on statistical methods and others on machine
learning. But the researcher has noticed that limited studies are using random forest
regressor to predict Covid-19 cases. Also, some studies are introduced about

exploring the relationship between human movement and the disease transition.

Many researchers work in the field of COVID-19 new cases, recovery, or death

forecasting:

1- In [17] compartmental model uses the distribution of the Bayesian non-linear
approach to get a posterior distribution for case trajectory, and a Random-Forest
algorithm trained on COVID-19 data to estimate the daily new infections and
mortality in the U.S. states. The model predicts COVID-19 cases and deaths well
based on the mean absolute error criterion for two weeks, where the MAE
register 0.32 for new cases and 0.40 for deaths.

2- The authors in [18] examined Random-Forest, Linear model, Decision Tree,
Neural Network, and Support Vector Regressor for estimating the confirmed,
death, and recovery cases of COVID-19 in different states of India. The dataset
was taken from the Ministry of Health and Family Welfare of India from 30

January 2020 to the end of May 2020. All five models were evaluated on an

7
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accuracy measure calculated as the percentage deviation of the predicted values
to the actual values. The experimental results show that the Random Forest
regressor outperforms the other five models according to the accuracy of
predictions.

In another study [19], the authors utilized the Machine Learning model in an
attempt to forecast the disease trend in Indonesia within 30 days from April 22,
2020, to May 21, 2020, using a dataset obtained from the Kaggle website
containing the confirmed, recovered and deaths cases, Facebook’s Prophet (FB)
and ARIMA models were introduced to compare their performance. They used
(MSE), (MAE), and (MFE) as un evaluation metrics. The results show that the
Prophet outperforms the ARIMA model.

The Long Short-Term Memory (LSTM) network has been used in [20] to
predict the stopping time of COVID-19 spread based on a Canadian historical
dataset that was taken from Johns Hopkins University and the Canadian Health
authority from the first appearance of the disease in the country till March 31,
2020. They introduced two models, the first LSTM model was trained and tested
on Canadian data with 34.83 RMSE error for short-term predictions and 92.67%
for long-term predictions, the second model is trained on an Italian dataset to
predict cases in Canada. the RMSE for short-term predictions was 51.46, within
those results the authors expected to see exponential growth of new infections
in Canada and they predicted the potential ending of the outbreak will take place
through June 2020. This study was the first study in Canada to predict the gravity
of Covid-19 and model the transmission of the diseases using deep learning
methods.

Authors in [21] present a Linear Regression model to predict daily active cases
of Coronavirus based on daily positive cases in Odisha and India. The data was
collected from WHO daily reports from March 22, 2020, to the end of Jun 2020.

8
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. They first present Correlation research between a dependent variable (active
cases) and independent variables (positive) to find the next active cases number
on the test set they found that every unit of positive cases increases, the active
cases increase by 68% in Odisha and by 57% active cases in the opposite
situation and that indicates a powerful forecasting model. After that, they used
Linear Multiple Regression with more independent variables (Recovered,
deceased) which also served as powerful as linear regression where R-Square

tends to be 0.99 and 1.0 for the first and second model respectively.

Many researchers are focusing on human mobility and the current COVID-19

transmission.

1. Authors of [22] in their modeling study had built a modified susceptible—
exposed—infectious—recovered compartmental transmission model for COVID-
19 to predict the epidemic curve shape of the disease in Shenzen, China by
combining the effect of human mobility with the spread of infection. Data from
mobile phones were obtained from the providers of mobile phone services in
Shenzhen, covering working days (Monday to Friday) from January 10 to March
10, 2019. The daily cases of Coronavirus in the city were obtained from the
Shenzhen Local Government website. The study was distributed through ten
regions of Shenzhen. The policy of mobility restriction leads to a decrease in the
virus transmissibility by 25% to 50%. The model demonstrated the impact of
different types of mobility restrictions in mitigating the outbreaks of the disease.
According to the authors, the model could assist policymakers to determine the
best combinations of human mobility restrictions during the outbreak for
assessing the potential positive impact of mobility restriction on public health in
the light of the potential negative societal and economic impacts. The results were

presented graphically in their study.
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2. In [23], the authors developed a multiple linear regression model to identify the
effect of mobility behaviors in the COVID-19 spread in Italy. The study aimed
to examine the disease transmission in the country and to discuss the influence of
citizen movement on the spread of the epidemic. The daily reports of the positive
cases between February 21 and May 5, 2020, were acquired from the ltalian
Ministry of Health along with the data of the Italian national census relative to
2019, while the COVID-19 mobility data were obtained from the Italian
Transport Ministry. The findings indicated that the number of new infections in
a day was associated with the trips performed three weeks prior. For this case
study, a 21-day threshold is accepted as a kind of positivity detection time
measure. In other words, quarantine for mobility restriction is commonly set at
14 days. Underestimating the policy of containment and slowdown in
implementing restrictive actions can result in more infections and deaths by
COVID-19.

3. The authors of [24] organized a study to investigate the impact of lockdown
during the COVID-19 outbreak on human mobility using the change of spatial
time series over various union territories in the States of India. This study also
figured out the difference before and after the lockdown. Data were collected
from February 15 to April 30, 2020, from Google COVID-19 Mobility Reports,
2020; the reports included various places like groceries and pharmacies, transit
stations, retail and recreation, parks, groceries and pharmacies, residential and
workplaces. During their study, they used conditional formatting techniques such
as color ramps (red, yellow, and green) where the red color indicates a high
percentage of decreased mobility from baseline, while yellow designates a
moderate percentage of decreased mobility and green implies a very low
percentage of mobility decreased from baseline. They have also employed the

interpolation mapping techniques of “spatial inverse distance weighted” to show
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pre- and post-lockdown human mobility trends due to COVID-19. The results
showed that grocery and pharmacy, workplaces, transit stations, retail, and
recreation, as well as visits to parks mobility dropped by -51.2%, -56.7%, -66%,
-73.4%, and -46.3% respectively. As people mostly opted to stay at home during
the lockdown, the residential places mobility visits raised by 23.8%. Hence, the
result of the mobility trends over time can be used in public health strategies to
reduce COVID-19 transmission.

In [25], the author had collected data on SARS-CoV-2 between February 24
and April 5 from the Italian and Spanish Ministries of Health websites. He used
an interrupted time series to evaluate the change in trends of incident diagnosed
cases based on the ICU admissions before and after the two countries’ respective
lockdowns, and analyzed with quasi-Poisson regression using Stata Release 16.
He found that the daily percentage of all the incidence outcomes before the
lockdown had increased and Spain recorded higher percentages (38.5% for
diagnosed cases, 26.5% for ICU admissions, and 59.3% for deaths) compared to
Italy (21.6%, 16.7%, and 32.8% respectively). In Italy during the first lockdown,
the diagnosed cases were reduced by 42.1%, ICU admissions by 77.8%, and
deaths by 58.2%, whereas in Spain, the reduction was even higher; diagnosed
cases had dropped by 69.1%, ICU admissions by 66.8% and deaths by 77.8%.
During the second lockdown, both countries showed a reduction in daily
diagnosed cases, ICU admissions, and deaths.

. The authors in [26], had also analyzed the association of mobility trends with the
number of infected people with Coronavirus for 144 countries. Schengen
countries were coded as 1 and O for otherwise using Negative Binomial
Regression Analysis based on the Poisson-gamma mixture distribution. They
focused on airports number, the Schengen system, and the volume of air travel.

Data on Coronavirus infection were extracted from WHO and mobility data were

11
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obtained from the World Development Indicators. The results showed a positive
correlation between the increasing number of infections was positively correlated
with the magnitude of airline travel. They also found that Schengen countries
which have a higher percentage of elderly people and a higher population density
were reported with higher COVID-19 cases compared to other countries. In
addition to that, countries with a greater number of airports were linked to a

higher number of infections due to the epidemic.

Table 1.1 Summary of the related works concerning forecasting of COVID-19 cases

No | Method Name | Forecasting Data set Country Period Evaluation results
Type measures
1 Bayesian Regression | los Alamos u.S Three months MAE 0.32 for
nonlinear National period new cases
method and Laboratory 0.40 for
Random USA death
Forest
regressor
2 Random Regression | Ministry of India Four months the Random
Forest, linear Health and percentage Forest
model, Family deviation | Qutperfor
decision tree Welfare of of the ms
neural India predicted Other
network, valuesto | models to
support vector the actual | predict
regressor values confirm,
recovered,
and death
3 Facebook’s regression Kaggle Indonesia | 30-day time (MSE), Prophet
Prophet (FB) website period to (MAE) generally
and ARIMA outperfor
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predict two and ms
weeks (MFE) ARIMA
4 Long short- Regression Johns Canada | from the first RMSE the
term memory Hopkins appearance of exponenti
(LSTM) University the disease in al growth
network and the country of new
Canadian till March 31, infections
Health 2020.
authority
5 Linear Regression | WHO daily India Threeanda | R-Square | 0.99 and
Regression reports half months 1.0 for the
model and first and
linear second
multiple model
regression respectivel
y to
predict the
positive
cases
Table 1.2 Summary of related works concerning the effect of mobility on Covid-19 transmission
No. | method Country | Mobility data Covid-19 data result
1 | Modified Shenzen, | providers of mobile | Shenzhen Local | Mobility restriction
susceptible— China phone services in Government decreases virus
exposed— Shenzhen, from website. transmissibility by 25%
infectious— January 10 to to 50%.
recovered March 10, 2019
compartmental
transmission
model
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multiple  linear | Italy mobility data were | Covid-19 new the number of new
regression obtained from the | cases between infections in a day was
Italian Transport February 21 and | associated with the
Ministry May 5, 2020, trips performed three

from the Italian | weeks prior

Ministry of

Health along

with the data of

the Italian

national census

relative to 2019,
the change of | India Google COVID-19 Grocery, pharmacy,
spatial time series Mobility Reports, workplaces, transit
over various 2020 from stations, retail
union territories February 15 to recreation, and visits to
(UTs) and the April 30, 2020 parks, mobility
interpolation dropped by -51.2%, -
mapping 56.7%, -66%, -73.4%, -
techniques of 46.3% respectively.
“spatial  inverse And that reduces
distance COVID-19
weighted” (IDW) transmission during the

lockdown

Poisson Italy and Italian and both countries showed
regression Spain Spanish a reduction in daily

Ministries of diagnosed cases, ICU

Health websites
between
February 24 and
April 5.

admissions, and deaths

during the lockdown.
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negative binomial
regression (NBR)
analysis based on
the Poisson-
gamma  mixture

distribution

Schengen

countries

World
Development

Indicators.

WHO

Schengen countries
were reported with
higher COVID-19
cases compared to
other countries. In
addition to that,
countries with a greater
number of airports
were linked to a higher

number of infections.

1.7. Outlines of the Study

After the general introduction presented in chapter one, the rest of the chapters

of this thesis are organized as follows:

4- Chapter 2: presents a description of the theories and methods of Data Mining

(DM), Atrtificial Intelligent (Al) Forecasting techniques, Knowledge Discovery,

and choropleth Maps Visualization that were utilized in this study.

5- Chapter 3: clarifies the basic steps of designing the study methodology

concerning building a Knowledge Discovery Model to find out the correlation

degree of human mobility into the epidemic spread and Forecasting COVID-19

new infections and mobility as well as the Visualization procedure.

6- Chapter 4: discuss the experimental results conducted through implementing the

methodology on Covid-19 new infections and human mobility in terms of driving

and walking.

7- Chapter 5: list the conclusion reached through this study and give suggestions for

future work.
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2.1. Overview

This chapter presents the concepts and methodologies that were followed in this
study. It shows the theoretical background of DM and Al principles, these principles
are described by providing a brief overview of data preprocessing, forecasting of
Covid-19 new infections as well as mobility prediction, the correlation between

mobility and dieses spread and data visualization.

At the beginning, an overview of the relationship between infectious diseases

spread and human movements are introduced.

2.2. Apple’s Mobility Data of COVID-19
On 13 January 2020 Apple released from Apple Maps a mobility data tool.*

The data covered a large number of countries and cities around the world. The
reports reflected the requests for directions in Apple Maps for daily mobility trends
of walking, driving, and transit. The data are indexed to (100) for each city on
January 13 2020, Apple’s data *Days’ are defined as Midnight to Midnight. There
IS an existing privacy setting; Apple does not have a search history for individual

movements. Figure (2.1) below shows an example of Apple data-.

2.3. World Health Organization COVID-19 dataset

The World Health Organization (WHO) oversees and maintains a wide range
of data sets concerning global health and well-being. Covid-19 data is freely
available on the WHO international database that provides daily data on newly,
confirmed, deaths, and cumulative cases for all countries around the world. The
WHO Covid-19 dataset was explored on January 3, 2020. Figure (2.2) shows an

example of the COVID-19 dataset. 2> China serves as a good example of how they

1 https://www.apple.com/covid19/mobility
2 https://covid19.who.int
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control the diseases transmission through the lockdown. Thus, the disease spreads
decreased as a result of mobility restrictions and reached only one or two new cases

daily, as shown in Figure (2.2) [53].

1
+100% o
| *

|' |‘ ”ﬂ
W“ MM 1" IIW'"W mw" "
il

Baseline

JAN 13 APR JuL ocT JAN APR JuL ocT DEC 25

@ Driving
@ Transi
Figure (2.1) Sample of Apple mobility trends for Brazil
Table (2.1) Sample of WHO COVID_19 Dataset for (Brazil)
Date - Country - | Country | WHO - New - Cumulative - New - Cumulative -
reported code region cases cases deaths deaths
3/11/2020 BR Brazil | AMRO 9 38 0 0
3/12/2020 BR Brazil | AMRO 18 56 0 0
3/13/2020 BR Brazil | AMRO 25 81 0 0
3/14/2020 BR Brazil | AMRO 44 125 0 0
3/15/2020 BR Brazil | AMRO 0 125 0 0
3/16/2020 BR Brazil | AMRO 79 204 0 0
3/17/2020 BR Brazil | AMRO 34 238 0 0
3/18/2020 BR Brazil | AMRO 57 295 1 1
3/19/2020 BR Brazil | AMRO 133 428 3 4
3/20/2020 BR Brazil | AMRO 193 621 0 4
3/21/2020 BR Brazil | AMRO 283 904 7 11
3/22/2020 BR Brazil | AMRO 0 904 0 11
3/23/2020 BR Brazil | AMRO 0 904 0 11
3/24/2020 BR Brazil | AMRO 642 1546 14 25
3/25/2020 BR Brazil | AMRO 655 2201 21 46
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Figure (2.2) The daily trend line of the disease spread in China

2.4. Data Mining
This section introduces the most relevant terms in the DM terminology that

were utilized in the research:

2.4.1. Data Preprocessing

To make data more suitable for DM and Machine Learning methods. Data
preprocessing techniques are required [27]. Data preprocessing consists of data
preparation, which includes data integration, normalization, cleaning, and
transformation, as well as data reduction activities that include discretization, feature
selection, and instance selection. The result of data preparation operations is a final
dataset that may be considered acceptable for future algorithms of DM [28]. Figure
(2.3) shows some forms of data preprocessing. This work needs preprocessing

techniques as described below:
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Figure (2.3) Forms of data pre-processing.

2.4.1.1. Handling Missing Values

Missing values must be handled correctly to perform effective modeling.
There are several methods introduced to handle missing values, such as eliminating
the data, ignoring it during analysis, or estimating it. For numerical values, the most
important type is an estimation, which can be done in two popular methods. The first
one is to replace the missing one with the average of all values of the corresponding
attribute. The second method is the Mode method (replace the missing value with

the more frequent value of an attribute) [28].
2.4.1.2. Data Normalization

In most cases, data is obtained from different sources and then kept in a data
warehouse. If these data are merged for a modeling method, this might cause a lot
of problems. In addition, inconsistency is a problem here. This problem can affect
model efficiency. So, the goal of normalization is to ensure that all attributes have

equal weights. As a result, the smaller numbers have a higher influence on the final
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result. Normalization techniques such as minimum-maximum and z-score
normalization are well-known. The min-max normalization is calculated using
Equation 2.1 [29].

~ v —min . .
U = ——— (new_max — new_min) + new_min (2.1)
max— min

Where:

¥ is the new value of any feature, v is the old value of any feature, Max is the

maximum attribute value, Min is the minimum attribute value.

new_min and new_max are the minima and maximum interval of the values
respectively.

2.4.1.3. Data Aggregation

Row data can’t be processed directly. Sometimes it’s important to extract a
summary of the features from the original dataset and these features shouldn’t be
redundant. This makes further processing easier and avoids the curse of
dimensionality. many types of data aggregation methods such as count, mean,
median, maximum, minimum, range, mode, and sum. This study uses the sum of

data aggregation [29].

2.4.1.4. Data Integration

The data integration process consists of combining data from multiple data
sources. This operation must be done carefully to avoid inconsistencies and
redundancies in the final data set. The most common data integration procedures are
the unification and identification of domains and variables, attribute correlation
analysis, tuples duplication, and the detection of conflicts in data values from several

sources [28].
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2.4.2. Knowledge Discovery of Research Problem

Knowledge Discovery in Database (KDD) is the process of extracting ideal and
useful hidden patterns or models (knowledge) from large datasets [30]. The KDD

process consists of the following five major steps (see also Figure (2.4):

1- selection, creation of a target dataset from the original one.

2- preprocessing, improving the data accuracy by various operations, such as
removal of noise or outlier and handling missing data.

3- transformation, Preparation of the data to be suitable for DM algorithm by
reducing dimensions with techniques such as (feature selection or extraction) and
attributes transformation like (numerical attributes discretization, aggregation,
and functional transformation)

4- DM, extraction of useful patterns by applying a specific DM task such as
(classification, regression, clustering, etc.) with a suitable algorithm to perform
that task, and a proper output representation.

5- evaluation, this step carried out the interpretation of the patterns and extracts

knowledge by patterns or model visualization [31].

Data Interpretation /
( Selectuon (Preprocessmg) (Transformatmn) Mining Evaluation

.\.%\. [ ATl

Preprocessed
Data Data

Target Data

Figure (2.4) Knowledge discovery in database steps
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2.5. Pearson's Correlation Coefficient

The Pearson's correlation coefficient formula is used to measure the
association level of two data points. It defines the strength of the linear correlation
between the two variables. For a size M sample with x and y variables, Pearson's
formula is defined as the covariance of x and y divided by their standard deviation
product. Correlation coefficients can be high or low (magnitude), and positive or
negative (direction). Correlation coefficients vary from -1 to +1: whereas -1 and +1
indicate perfect negative and perfect positive correlation coefficients respectively, a
correlation coefficient of O implies no correlation (zero relationship). Further,
correlation coefficients lower that 0.4 (whether negative or positive *0.4) are said

to be low, between *0.4 and 0.6 are moderate, and above 0.6 are high.[32]

The formula of Pearson's correlation coefficient is defined in Equation
(2.2)[33].

R = M i - i-)
xy -
(M 02 (S iy

(2.2)

Where X and 7y are the means of sample, R is the Pearson‘s correlation
coefficient between x and y, and R € [-1, 1], where —1 means there is a strong
negative correlation, 0 means there is no association between x and y, and +1 reflect

perfect strong correlation.

2.6. Data Mining Categories

The taxonomy of DM methods falls into two categories: predictive
(classification, regression, and time series) and descriptive (clustering, association,
summarization, and visualization) as shown in Figure (2.5). The main popular

techniques are classification, regression, and clustering. The use of these techniques
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depends on the targeted attribute Y. If the value of Y is continuous, the regression
technique may be employed; if the target value of Y is discrete, the classification

technique can be used [34].

Classification

Analysis

Association

descriotive ;
clustering

summarizati

e —
Visualization

Figure (2.5) Data Mining Taxonomy

2.7. The Prediction Techniques

Machine Learning (ML) and Deep Learning (DL) are two of the most
important fields of learning in Al. ML is the use and development of algorithms that
can learn and adapt automatically via experience, and by the use of data, algorithms,

and statistical models to analyze and draw inferences from patterns in data.[35]

Supervised learning algorithms, in particular, build a model from sample data,
referred to as training data, to make predictions or decisions without being explicitly
programmed to do so. Deep learning is a subset of a larger family of learning
methods based on artificial neural networks that employ numerous layers of
processing to extract progressively higher-level features from data. Deep neural
networks, deep belief networks, deep reinforcement learning, recurrent neural
networks, and convolutional neural networks are examples of deep-learning

architectures.
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In recent years, Al technology has sparked a lot of interest in a variety of disciplines,
including medicine, where it may help physicians and authorities with image
inspection, surgery, medical data integration, hospital management, and disease-

assisted diagnosis, to name a few [35]. Table (2.1) shows A summary of prediction

approaches.
Table (2.2) A summary of prediction approaches
Method | Abbreviation | Description
LR Linear Regression
2 MLR Multiple Linear Regression
2 |PR Polynomial Regression
n LOR Logistic Regression
LASSO Least Absolute Shrinkage and Selection Operator
WMA Weighted Moving Average
ES Exponential
. AR Autoregressive process
(<3}
% MA Moving Average
(3}
-E ARMA Auto-Regressive Moving Average
ARIMA Auto-Regressive Integrated Moving Average
B Prophet Modular regression model developed a Facebook
= SVM Support Vector Machine
LS-SVM Least Square Support Vector Machine
MLP Multilayer Perceptron
SVR Support vector regression
NB Naive Bayes
& | EL Ensemble Learning
S | XGB Extreme Gradient Boosting
2 HMM Hidden Markov
O | BL Instance-Based Learning
KNN K-Nearest Neighbor
DT Decision trees
CR Classification via Regression
RF Random Forest
Extra Trees Extremely Randomized Trees
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RVFL Random Vector Functional Link Network
RNNs Recurrent Neural Networks
_ DNNs Deep Neural Networks
£ , | LSTMs Long Short-Term Memory Networks
Z g BiLSTMs Bidirectional Long short-term Memory Networks
S Z [SLSTMs Stacked Long Short-Term Memory Networks
= Z | ConvLSTM Convolutional LSTM
< GRU Gate Recurrent Unit
CNN Convolutional Neural Network
GAN Generative Adversarial Network
VAE Variational Autoencoder

2.7.1. Regression

Regression analysis is a supervised learning technique based on statistical
concepts which allow estimating the relationships between a dependent variable
and one or more independent variables and modeling the future relationship
between them.[35]

2.7.1.1. Linear Regression

Linear regression models try to attempt the relation among two different
parameters by fitting the data in a straight line that is observed between the
dependent parameter and independent parameter. The idea at the base of regression
analysis for forecasting a time series Y is that there is a linear relationship with other
time series X. Y is called forecast or dependent variable, while X the regressors,
predictors, or independent variables. In the simplest case, the forecast variable has a
linear relationship with a single variable Here both parameters have numeric values.
In simple regression analysis, the linear regression is expressed
As in equation (2.3). [36]

Ye = Bo + B X+ ¢ (2.3)
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The equation represents a straight line where, S,is the Y intercept, 5, is the slope
called the regression coefficient (weight of regression), and ¢ is the error term (the
regression residual.) The goal of the prediction is thus to find the values of the

coefficients f; to obtain the best-fit regression line.

2.7.2. Time Series Forecasting

A time series is a sequence of observations listed for a certain period of time
in order. The forecasting of time series is an important task in the machine learning
field and involves estimating future observations based on historical data. Each
record in the dataset that feeds the forecasting model represents a tuple (X, Y), where
X is the attributes and Y is the target of process prediction [34]. analyzing the time
series data is important in a wide range of areas like business, agriculture,
meteorology, and ecology, to forecast, for example, daily stock prices for closing,
hourly speeds of wind, erosion of soil, and the species of an animal, respectively
[37]. four features associated with the time series (horizontal, cyclical, seasonal,
trend pattern), depending on the information design. The horizontal pattern is found
when the change of the data value comes with a constant mean value; a cyclical
pattern exists when the data is subject to economic change such as the business
period, whereas a seasonal design appears if the series data have a repeated pattern
over sequential time periods, the trend pattern appears when the value in the time

series data increasing or decreasing in long-term time cycle.[38]

The task of forecasting usually entails two main stages. The first stage
(learning model stage) is the model building where the employed methodology
trained on the training data, whereas the second stage (Forecasting stage) is to
produce forecasting of the target attribute. The model represents the forecasting

system as it receives input data and analyzes it to produce a predicted value as an
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output. The prediction models are based on a hypothesis about the link between

historical data (inputs) and future values (outputs).[38]
2.7.2.1 ARIMA Model

Auto-Regressive Integrated Moving Average (ARIMA) models have widely

used approaches to time series forecasting, especially for detecting outbreaks of
infectious diseases[39].
An ARIMA model is characterized by 3 terms: p, d, q. Where,’p’ is the order of
the’ Auto-Regressive’ (AR) term; it refers to the number of Y lags which should be
used as predictors. The ’q’ is the order of the "Moving Average’ (MA) term; it refers
to the number of lagged errors in the forecast that should go into the ARIMA model,
d is the number of differencing required to make the time series stationary. the input
time series for an ARIMA model needs to be stationary, i.e., the time series should
have a constant mean, variance, and autocorrelation through time. Therefore, the
stationarity of the data series needs to be identified first. The most common approach
to making a series stationary is to subtract the previous value from the current value.
Sometimes more than one differentiation may be required, depending on the
complexity of the series. Therefore, the value of d is the minimum amount of
differentiation needed to render the sequence stationary, and if the time series is
stationary already, then d = 0. The principal objective of the fitting ARIMA model
Is to correctly recognize the stochastic mechanism of the time series and forecast
future values. Such approaches have also proven useful in other types of scenarios
in which models for discrete-time series and dynamic systems are created [40]. A
seasonal ARIMA can be built for the data series as in Equation (2.4) [41]

0q(B)®,(B*)(1 = B)*(1 = B*)Py, = 6,(B)0o(B*)u, (2.4)
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Where P is the number of seasonal autoregressive parameters, Q is the seasonal
moving average order, s is the period length, and D denotes the number of

differencing passes.

@4 (B) is the regular Auto-Regressive polynomial of order p.
®,,(B?) is the seasonal Auto-Regressive polynomial of order P.
6,(B) is the regular Auto-Regressive polynomial of order p

0o (B?) is the seasonal Moving-Average polynomial of order Q.
u; follows a white noise

B is the operator of backshift, which shift the yt observation (a time series) by one

point in time.

Figure(2.6) shows the procedure of applying the ARIMA model.

The Box-Jenkins Approach

1.Differencing the
series to achieve
stationary

3.Estimate the
i 2.ldentify the model i parameters of the
| model
Diagnostic checkmg
‘ Is the model
adequate?
‘ 4. Use Model for forecasting

Figure (2.6) The procedure of applying ARIMA model
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A partial autocorrelation function (PACF) can be utilized to find the AR parameter
value and the correlogram graphs of the autocorrelation (ACF) functions can be used
to achieve the value of the MA. In order to obtain the most appropriate parameter in
the ARIMA approach, the model performance is usually measured by the Akaike
Information Criteria (AIC) expression, where the model with the lowest AIC
criterion is considered more successful than the others. It can be calculated as in
Equation (2.5)[42] :

AIC = —2InL + 2K (2.5)
Here: L represent the function of likelihood.
K is the number of free parameters (k=p+q).

n is the residuals number that can be calculated for the time series.

2.7.3. Ensemble Methods

Ensemble methods are techniques that combine multiple models to produce
an improved and accurate decision. The set of models (ensembles) also called base
models are more powerful than a single model. Each model is obtained by applying
a machine-learning algorithm to training data such as decision trees, logistic
regression, etc. to produce a prediction. The final prediction is constructed by taking
the vote of each classifier (ensemble) for Classification problems or taking the
average of the ensembles for Regression problems. Figure (2.7) reflects the

ensemble technique idea.
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Ensemble method for Supervised learning
Combining the “consensus” technique

Labelled Data
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Y ) v

Derived Subset Derived Subset Derived Subset
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| Unlabeled |
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Combines the predictions Final
based on majorityvoting 2 Prediction

Figure (2.7) Ensemble technique
2.7.3.1. Bootstrap Aggregating (Bagging)

Bagging is a method for creating classifiers that each one learns from the
other in parallel, independently of each other, by sampling the dataset periodically
with replacement using a uniform probability distribution. The size of each
“bootstrap” sample is the same size as the original dataset. Because the sampling is
done with replacement, some examples (instances) may recur several times in the
same training set, while others may be removed from it. The final predictions are
constructed based on the combination of all predictions. This strategy reduces
variance and aids in preventing overfitting when employed in classification and
regression problems. Bagging is commonly used in decision tree approaches [43].

The bagging process is shown in Figure (2.8).
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Figure (2.8) Bagging process
2.7.3.2. Random Forest

A Random Forest is an ensemble predictor that combines multiple decision
trees that are used for Classification and Regression, for Classification, the
predictions are combined using the scheme of a majority vote, whereas, for
regression, the average prediction of all trees is returned as a result (see Figure
(2.9)). For every tree in the forest, the samples are picked randomly using bootstrap
sampling and trained independently. Then all the decision trees in the forest predict
each sample in the testing set. With a dataset that has M samples, (Equation (2.6)

shows the probability (P) of an example not being chosen :[38]

1
P=1-- (2.6)

Equation (2.7) shows the probability of a sample to be in the testing set

1\M _
P = (1 — ﬁ) exp 1 =0.3673 (2.7)

Each tree has a test set that consists of 63.27% of the data and differs from
other trees. The test set samples are called “out-of-bag” data. every tree has randomly
selected features. The tree selects a subset of features and chooses the best one to

split the node from this set. This process is repeated recursively until a specific error
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rate is reached. To achieve the specified error rate, each tree is grown individually
[38].

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

l

Majority Voting / Averaging

Final Result

Figure (2.9) Random Forest Technique
2.7.4. Long-Short Term Memory

LSTM is an artificial Recurrent Neural Network (RNN) architecture used in
the field of deep learning. It is an efficient algorithm to construct a sequential time
series mode It’s well known that RNN is a class of artificial neural networks where
connections between nodes form a directed graph along a temporal sequence. RNNs
can use their internal state (memory) to process variable-length sequences of inputs.
A RNN can be thought of as multiple copies of the same network, each passing a
message to a successor, they might be able to connect previous information to the
present task. However, as that gap grows, RNNs become unable to learn to connect
the information. The short-term memory problem of RNN is that short-term memory
has a greater impact, but long-term memory has a small impact [44] . LSTM models
are often applied in time series analysis. Within LSTM networks, cells form units,
and units form layers. Each cell has input, output, and forget gate, Equations ( 2.8,

2.9, 2.10 ) show the form of the forward pass of the LSTM unit the input gate i; ,

33



Chapter Two Research Background

the output gate o, , and the forget gate f; . The forget gate decides what can be
propagated from the previous memory units, the input gate which information must
be accepted, the output gate generates the new long-term memory. Given the input

sequence x;and the number h of hidden units, the gates are defined as follows [45]:

forget gate: fi= o(x(Wys + Hi_; Wys + bg) (2.9)
output gate: o= 6(xWy, + Hi—q Wy + by) (2.10)

The heart of a LSTM network is it’s cell or say cell state which provides a bit of
memory to the LSTM so it can remember the past. Equations (2.11), (2.12), (2.13)

show the cell state, candidate cell state and the final output:

intermediate cell state: ¢;=tanh (x{Wg. + Hi_1 W}, + b,) (2.11)
cell state: ¢, = f; ocy_; * 0C; (2.12)
new state: hy = o; otan( ¢;) (2.13)

Where, o is the element-wise multiplication W,; W, Wy, Wy; Wy Wy, are the
weight parameters, and b; bs b, the bias parameters. The sigmoid ¢ and tangent
functions tanh are the activation functions.[35]
2.7.5. Rule-Based Systems

Expert systems have been increasingly popular for commercial applications.
A rule-based system is a special type of expert system. A rule-based system typically
consists of a set of if-then rules, which can serve many purposes such as decision
support or predictive decision making in real applications. One of the main
challenges in this area is the design of such systems which could be based on both
expert knowledge and data. Thus the design techniques can be divided into two
categories: expert-based construction and data-based construction. The former

follows a traditional engineering approach, while the latter follows a machine
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learning approach. For both approaches, the design of rule-based systems could be

used for practical tasks such as classification, regression, and association.

Any rule consists of two parts: the IF part, called the antecedent (premise or

condition) and the THEN part called the consequent (conclusion or action). The

basic syntax of a rule is: IF <antecedence > THEN < consequent > .

In general, a rule can have multiple antecedents joined by the keywords AND
(conjunction), OR (disjunction) or a combination of both. However, it is a good habit
to avoid mixing conjunctions and disjunctions in the same rule. The antecedent of a
rule incorporates two parts: an object (linguistic object) and its value.

As soon as knowledge is provided by a human expert, we can input it into a
computer. We expect the computer to
1- Act as an intelligent assistant in some specific domain of expertise or to solve a

problem that would otherwise have to be solved by an expert.

2- Be able to integrate new knowledge and to show its knowledge in a form that is
easy to read and understand, and to deal with simple sentences in a natural
language rather than an artificial programming language.

3- Explain how it reaches a particular conclusion.

In other words, an expert system is a computer program capable of performing at the

level of a human expert in a narrow problem area. The most popular expert systems

are rule-based systems. A great number have been built and successfully applied in
such areas as business and engineering, medicine and geology, power systems, and

mining.[48]
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2.7.5.1. Rule Coverage Measure

A rule set can consist of multiple rules RS = {R1, R2, ..., Rn} A rule R covers
an instance Ij if the attributes of the instance satisfy the condition of the rule. The

Coverage of a rule is the number of instances that satisfy the antecedent of a rule
Coverage of a rule:

e Count (instances with antecedent) / Count (training set) [49].

2.8. Evaluation Metrics
The essential part of any forecasting technique is model evaluation. After the

model's creation, the basic concept of model accuracy is to compare the original
target with the predicted one to calculate the predicted mistakes. The Root Mean
Square Error (RMSE), the Mean Absolute Error (MAE), the mean square error
(MSE), and R-Squared are the standard metrics used in regression analysis to
compute the model performance. [46]

In this study, the regression model has been applied for prediction, so both the
MAE and RMSE measures are used to evaluate the model accuracy.
2.8.1.1. Root Mean Square Error:

It is a commonly used measure of the model's differences between predicted
and actual values. This metric gives an indicator of the error distribution. The RMSE

can be expressed mathematically as in Equation (2.14) [47]:

RMSE = \/iZ{‘zl(Pi — A2 (2.14)

where n is the number of instances, Piand Ai are the predicted and actual values of
an instance i.
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2.8.1.2. Mean Absolute Error:
MAE is a standard accuracy measure extracted by taking the average value of

the absolute difference for the whole set of regression variables. The MAE can be
explained in Equation (2.15) [47] :
1
MAE = = ¥i-4|Pi — Ay (2.15)

where n is the number of instances, Piand Ai are the predicted and actual values of
an instance i.

2.9. Visualization

Data visualization is a useful and powerful mechanism to aid the user during
both data preprocessing and data mining. Through the visualization of the original
data, the user can browse to acquire a “feel” for the properties of that data. In
particular, visualization may be used for outlier detection, Furthermore, a visual
interface aids the user in selecting the appropriate data. Data visualization strategies
are classified in respect of three aspects. Firstly, their focus, i.e. symbolic versus
geometric; secondly their stimulus (2D versus 3D); and lastly, their display (static
or dynamic), In addition, data in a data repository can be viewed as different levels
of granularity or abstraction, or as different combinations of attributes or
dimensions. The data can be presented in various visual formats, including box plots,
scatter plots, 3D cubes, data distribution charts, curves, volume visualization,
surfaces, graphs, or maps.[50]
2.9.1. A geographic information system (GIS) mapping

GIS combines layers of data about a location to create a sufficient
understanding of that location. GIS is defined in a variety of ways. The United States
Geological Survey (USGS) defines it as a computer system that analyzes and
displays referenced data geographically. it makes use of data that is linked to a

certain location. GIS mapping is the process of creating a map by entering data layers
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into GIS software, and this is the most effective way to display geographical data.
Thus, humans absorb information that is represented visually better than in
numerical form [51]. There are many types of GIS maps like Choropleth maps,
Heatmap, Proportional symbol maps, Dot density maps, and Animated time series
maps. This thesis uses Choropleth maps to present our work visually.
2.9.1.1. Choropleth Maps

The choropleth Maps display geographical regions that are colors, shaded, or
patterns in accordance to a data variable. The data variable represents itself by using
a density of color in each geographical region of the map. either blending between
two colors, progression of a single hue, transparent to opaque, dark to light, or a full-
color spectrum. This type of map is useful to visualize the change of a variable over
defined locations. [52]
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3.1 Introduction

The methodology presented in this chapter began with preprocessing the data
with Sifting, Features Extraction, Aggregation, Handling missing values,
Normalization, and Data Integration. Following that, re-weighting specific data in
order to prepare it for the Forecasting and Evaluation steps. In addition to
Knowledge Discovery about the relationship between disease spread and human
mobility, with an interpretation of the correlation patterns found through that
procedure, the final step is the Visualization step with a dynamic map to show the
spread density of Covid-19 as well as the human movement during the same time

period and to show how close the forecasting was to the actual values.

3.2 The Architecture of the Proposed Methodology

The proposed architecture consists of three main models (Knowledge Discovery
Model, Forecasting Model, and Visualization Model). The Knowledge Discovery
Model involves two stages: The first stage where the two datasets are preprocessed
with Sifting, Extract Features, Aggregation, Handling missing values, integration of
the two datasets, and Normalize them to be prepared for the next stage where the
Correlation Coefficient between human mobility and the spread of Covid-19 new
infections is explored through the Knowledge Discovery Model. On the other hand,
the Forecasting Model involves three main stages (Re-weight the data, Forecasting,
and, Evaluation). The re-weighting step was about assigning weights to the newly
infected cases of Covid-19 in order to add importance to the latest months of the
infection history which the forecasting process basically depends more on them, the
second step represents the Forecasting using Random Forest Regressor to predict the
newly infected cases of the disease as well as prediction of mobility patterns (
Driving and Walking). The last step includes an Evaluation of the results to estimate

the predicted error based on the test data, in addition, to comparing the Random
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Forest prediction results with predictions from (ARIMA, LSTM, and LR)

techniques.

The Visualization Model represents the final model, which depicts the Covid-19
spread and human movements over a period of nearly 13 months for the seven
countries involved in the work on a dynamic map, as well as visualizes the predicted
values for both covid-19 infections and human mobility to demonstrate the accuracy

of the forecasted results. Figure (3.1) shows the methodology diagram in detail.

3.3 Preprocessing Stage

At this stage, the data should be in a form that suits our work, so, a set of
operations are applied to the Covid-19 and human mobility datasets such as (Data
sifting, Feature extraction, Data aggregation, Handling missing values, and
Normalization) to prepare the whole dataset for the next step of finding the

correlation between the disease spread and human mobility.
3.3.1. Preprocessing Steps of the Covid-19 Dataset

The epidemic dataset requires some preprocessing as shown in the following

steps:

1- Sifting the Epidemic Dataset:

The sifting process for the epidemic dataset includes selecting a specific
region of interest from the huge WHO dataset that consists of data for all countries
around the world.

2- Feature Extraction of the Covid-19 dataset:

The epidemic dataset required the exclusion of cumulative new cases, death,

and cumulative deaths. Thus, the study focused on the new infections of the disease

acquired from the World Health Organization (WHO) official website.
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3- Normalization of Covid-19 Dataset:

Due to the large disparity in the values of the epidemic data over the countries
and the huge diversity with the mobility dataset, it was necessary to normalize the
data into a scale between 0 and 1 by using the Min-Max normalization formula to
make the data proportioned to each other in order to deal with them together in the

next stages. Algorithm (3.1) illustrates data normalization steps.

3.3.2. Preprocessing of Mobility Dataset

1. Sifting the Mobility Dataset
The mobility dataset sifting according to this work work includes choosing a
certain focus area from the massive Apple mobility trends dataset, which contains

data for most regions and countries around the world.

2. Feature Extraction of the Human Mobility Dataset

The mobility dataset requires the exclusion of transit. As a result, thus,
concentrated primarily on driving and walking, which have been selected from

Apple's mobility trends reports official website as mentioned before.
3. Aggregation of the Data

The aggregation procedure needed in this work was to aggregate mobility
trend data for all regions within a specific country that was involved in the study to
make it compatible with WHO data that contains countries' data. Algorithm (3.2)

shows the aggregation steps.
4. Handling Missing Values of Mobility Dataset

The little bit gaps within Apple dataset have been processed where the mean

method has been applied to calculate the missing values by taking the average of
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two data around the missing one in order to have full data that explains the daily

trends clearly as illustrated in Algorithm (3.3).

5. Normalization of the mobility dataset

As mentioned before in the Covid-10 dataset pre-processing step, the
normalization needed to make both datasets included in this work proportioned to
each other so, scaling the data in the range of 0 and 1 is the best way to achieve that

purpose. Data normalization steps are illustrated in Algorithm (3.1).

Algorithm (3.1) Normalization
Algorithm name: Normalization
Input: Array X,,, where m: the number of instances, n:the number of features.
Output: Array Z,,, with normalized values.
Definition: Min [jJand Max [j] two arrays that hold the min & max value for any feature

Begin

Step 1: Forj=1ton:

Step 2: Min [j]«— 0, Max [j] «— O; /I Initialization
Step 3: Fori=1tom:

Step 4: If (x;; < Min [j]) then
Step 5: Min [j]l«— x;;

Step 6: end if

Step 7: Else (if x;; > Max [j]) then
Step 8: Max [j]] «— x;j;

Step 9: end if

Step 10: Update Max [j] and Min [j];

Step 11: end for
Stepl1l2: Fori=1tom

. Xji —min [J
Step 13: Zji <—m>iTml[n]m
Step 14:  end for

Step 15: end for

Step 16: Return Z,,,,

END
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Algorithm (3.2) Aggregation Algorithm
Algorithm name: Aggregation
Input: Array X, , represents Apple Mobility Dataset where m: number of
instances, n: number of features.
Output: Array M, , represents the aggregated features where t: number of
instances,2: number of features(Driving & Walking).
Definition:
r: city, C: country
D, : array that aggregate the Driving transportation_type for all cities belong
to specific country on specific day (for each day ),k:the number of days
W, : array that aggregate the Walking transportation_type for all cities belong
to specific country on specific day (for each day ).s: the number of days
P: the first day from 417 days (where each day is a feature).

Begin:

Step 1: For each re Cdo

Step 2: k«—0,S«— O

Step 3: Forj=Pton

Step 4: Fori=1tom //all cities
Step 5: If transportation_type = Driving then
Step 6: Dy +— D+ X;;

Step 7: end if

Step 8: Else

Step 9: If transportation_type = Walking then
Step 10: W, <— Ws +X;;

Step 11: end if

Step 12: end for
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Step 13:

Step 14:
Step 15:
Step 16:

Step 17
Step 18:
Step 19:
Step 20:
Step 21:
Step 22:
End

K++, s++
end for
end for

For i=1tot
Forj=1to 2
Mij« D;j; U Wi,
end for
end for
Return M, ,

Algorithm (3.3) Handling Missing Values

Algorithm name: Handling Missing Values

Input: Array X, ,with some missing values, where m: the number of instances,

n: the number of features.
Output: Array X, ,, after process the missing values.
Definition: sum: summation counter

Begin
Step 1:
Step 2:
Step 3:
Step 4:
Step 5:
Step 6:
Step 7:
Step 8:
Step 9:
Step 10:
Step 11:

End

sum <«— 0
Fork=1ton
Forl=1tom
If v is missing then // v any value in feature |
SUM «— V11 + Vi1l
v =sum/ 2
Xy 1e—— V
end if
end for
end for
return X, »
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3.4. Knowledge Discovery Model

The aim of this part of this work is to discover patterns of the relationship
between human mobility and the spread of COVID-19 by examining the degree of
correlation between them according to time series analysis. The following steps have
been achieving that work: (For complete details, see Algorithm (3.5))

3.4.1. Integration of the Data:

As mentioned before the methodology input comes with two datasets. Since
the data acquisition process was from multiple sources, the two datasets have been
consolidated to create a uniform dataset that could be used as input for the next step
in the Knowledge Discovery Model to find out the patterns of correlation between
the combined features (see Figure (3.2)). this study carried out the integration
process separately for each country involved in the work. Since the data integration
process must be done with caution, both datasets for a specific country have been
examined and their features were integrated according to the date feature. The

integration steps are clarified in Algorithm (3.4).

Covid-19
Dataset

- » Date & II

New Cases l
Integrated
Dataset

Mobility
Dataset

Driving &
Walkin

i
L

Figure (3.2) The Integration procedure
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Algorithm (3.4) Integration

Algorithm name: Integration

Input: Two Arrays X,,, &Y, that represent WHO & mobility datasets, where
m: the number of instances, n: the number of WHO dataset features (date, new
cases),l : the number of mobility dataset features (date, driving, walking).

Output: Array DS,, , represents the integrated dataset with m instances and 4
features (date, new cases, driving, and walking)

Definition: w:WHO features(1:date,2: new cases),z:mobiity features(2: driving,
3:walking)

Begin

Step 1: For i=1tom

Step 2: For j=1to (n+(I-1))

Step 3: DSU<— Xi,W U Yi,Z /lw = 1,2, Z=2,3
Step 4: end for

Step 5: end for

Step 6: Return DS,
End

3.4.2. Interval’s Selection and Correlation Patterns Discovery

The selection of parts of the dataset as the data to be used in the analysis of
the relationship between the epidemic spread and human mobility has to be specific.
This entails determining which part of the data must be used to obtain knowledge.
The data from 11-March-2020 till the end of April — 2021 for each country have
been partitioned into three periods, using mobility values as a partitioning criterion

as follows:

1- The first period has been chosen after seeking low mobility values in proportion
to the entire mobility dataset. For all countries, this type of data converges in the
month of March 2020, the month of announcing the disease as a pandemic, where a

lot of countries' policymakers and authorities around the world declare a lockdown
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by enforcing restrictions on gatherings and limiting human movement in numerous
and crowded locations by closing schools, workplaces, and most of the state's
facilities, in addition to canceling public events and much more. China was the first
country to implement this strategy by establishing a full lockdown on its residents,
restricting their movement, and forcing them to stay at home. This approach was
very effective and they were able to curb the spread of the virus. Thus, many
countries have started to employ the same nonpharmaceutical intervention strategy,
so, countries from all over the world have been chosen to implement kind of closure,
including the United Arab Emirates from Asia and the Middle East, Southern Africa
from Africa, The United Kingdom, Germany, and Denmark from Europe, and Brazil
from Latin America. But the dates of these countries' lockdown weren’t taken as the
starting point of the study to determine the effect of human movements on the
epidemic spread because there wasn’t a clear citizen’s commitment to the stay-at-
home recommendation at the beginning, so instead, a period of time in which there
was a fair commitment to closure through the same March month has been chosen
to clarify the correlation clearly. The number of days that the searcher used in the
process of correlation finding ranged between two weeks to three months according
to the low mobility, and shifting between 1-3 days as an incubation period. The
values of Pearson’s correlation coefficient obtained were positive numbers above
0.5, which indicates a strong correlation between the new infection of the disease

and human mobility as the relation between them is direct when get closed to one.

2- the second period was chosen based on the high mobility rate, which is the
opposite of the closure that appears in the second half of the year 2020 when
Apple mobility trends exceed the base 100 and sometimes more to clarify its
correlation with infectious disease transmission. Many countries' political,

economic, and social systems have deteriorated as a result of the closure, which
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lasted many months. So, decision-makers in those countries moved to lift the
lockdown completely or partially due to the aforementioned reasons, and not due
to the decline of the epidemic or control it. This action comes with bad
consequences where the daily infections increased for the study countries, the
correlation was positive between viral transmission and human movement, in
addition to the correlation coefficient that exceeds 0.5 for those countries. The
number of days used to analyze and find the correlation ranged between one
month and three months in the second half of the year 2020.

The third period of time was the first four months of the year 2021, where the
mobility values oscillated between high and low. Here the recorded values of the
correlation coefficient don’t give any indication of the relationship pattern except
it is a fluctuating relationship where for some countries there was a weak positive
correlation and for other countries, there was a negative correlation or no
correlation. Thus, the actual impact of the mobility on epidemic spread couldn’t

be clarified well in this period.

3.4.3. Inference Rules and Knowledge Extraction

After the analysis and the calculation of the correlation between the spread

of the disease and human movements, patterns for that correlation have been

reached in this study and explained by five rules. The rule of inference takes the

linguistic premises in the form (If-Then) and delivers the output conclusion or

knowledge. The five rules are illustrated as follows:

R1: IF correlation coefficient >= 8; THEN disease spread and human mobility
are strongly related.
R2: IF correlation coefficient < 8, and => 8, THEN disease spread and human

mobility are moderately related.

49



Chapter Three The Proposed Methodology

R3: IF correlation coefficient < 8, and > 8; THEN the disease spread and
human mobility are barely related.
R4: IF correlation coefficient = 85 THEN the disease spread and human
mobility unrelated.
R5: IF correlation coefficient < 85 THEN disease spread and human mobility
negatively related
Where:
0,=0.6,0, =0.4 6; =0

Then the final decision is based on the coverage of each rule as in the following

equations:

Strong correlation = Yieqstrongly related + moderately related

number of countries

Y11 bearlyrelated

Weak correlation = ,
number of countries

Yi-qunrelated

No correlation= .
number of countries

: . ¥ . negativly related
Negative correlation= 2=1"29227

number of countries
Fluctuating correlation =

Yi-junrelated+related+negativly related +moderately related+strongly related

number of countries

Algorithm (3.5) Knowledge discovery model
Algorithm Name: Knowledge discovery

Input: Array X,,,, represent mobility, where m: the number of instances. n: the
number of features.

Array Y,, represent Covid-19 new cases, where m: the number of instances.
Output: Relationship patterns.

Definition: Array r¢ represents the five rules, S1,52,S3: counters, Cy,, -
correlation coefficient array between (Covid19-new cases and driving,
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Covid19 new cases and walking) for 6 countries, where I: the number of
instances (countries), n: the number of features.

Begin

/Icalculate Pearsons correlation coefficient between Covid -19 new cases
and mobility trends

Stepl: Forl=1t06
Step2: Fori=1ton

Step3: Forj=1tom
Step4.: S1=S1+(x;; - ) (y; -7 //X mean of x, y mean ofy
Step5: §2=82+(x;; — x)?
Step6: S3= S3+(y; — y)?
Step7: End For
S1 .
Step8: C; = /] the Pearson correlation formula
52+/53

Step9: End For
Step10: End For

/lInference rules and knowledge extraction

Step 11: 6, = 0.6,6, =0.4 6; =0 //correlation thresholds
Step 12: r[5] «— {0}
Step 13: ForI=11t0 6 /I for the six countries

Stepl4: if ¢, >=6,and ¢, >=6, then

Stepl5: (ry++);

Stepl6: elseif 6, > ¢, >=6, and 8, > ¢, >=6, then
Stepl7: (ry++);

Stepl8: elseifd, > ¢,, > 0and 8, > C, > 0then
Stepl9: (r3++);
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Step20:
Step21.:

Step 22:
Step 23:
Step 24:
Step 25:

Step 26:

else if ¢,;= 0 and ¢, = 0 then
(ra++);
else if ¢,; < 0and ¢, < 0then
(rs++);
end if

end for

end for

/[calculate the coverage for each rule:

Step 27:
Step 28:
Step 29:
Step 30:

Step 31:
Step 32:
Step 33:
Step 34:
Step 35:
Step 36:
Step 37:
Step 38:
Step 39:

End.

Strong «— (r1+r2) / total number of countries;

Weak «— (r3) / total number of countries;

unrelated<«— (r4) / total number of countries;

Fluctuating «— (r1+r2+r3+r4+r5) / total number of countries;

If (Strong > Weak & unrelated & Fluctuating) then

Relation:="strong";

else if( Weak > Strong & unrelated & Fluctuating) then
Relation:="weak"";

else if(unrelated > Strong & Weak &Fluctuating) then
Relation:="unrelated";

else
Relation:=" Fluctuating ";

end if
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3.5. Forecasting Stage:

This stage started by experimenting four different models (ARIMA, LSTM,
LR, and Random Forest regressor). The best one among them has been chosen based
on the applied evaluation criteria, The RandomForest regressor provides close
forecasts to reality. Figure (3.4) and Algorithm (3.6) depict the entire procedure of

the chosen model, and the steps below go through the work in depth.

1- Random Forest Regressor for DSC Time Series Forecasting:

The random forest regressor is an ensemble algorithm based on a decision
tree, where the features in the forest's trees are drawn randomly. At the beginning
the model have ben supplying with the raw data of the outbreak's new daily cases
for the seven countries involved in the study from March 11, 2020, to April 30, 2021.
The data was divided into 80% for training and 20% for testing, and the parameters

initialization of the model were as follows:

e The number of trees in the forest = 200

e The function to measure the quality of a split is “squared error” which is
equal to variance reduction as splitting criterion.

e The minimum number of samples required to split an internal node=2.

e The minimum number of samples required to be at a leaf node =1.

e Controlling the randomness of the bootstrapping of the samples used when

building trees.

After getting a good result, an attempt to enhance them has been introduced,
which was adding weights to the New Cases feature of Covid-19 infections to add
more importance to the recent months which is the feature infections depend
primarily on them, So, after dividing the data into two parts (Training and Testing),

we went through another process to handle the training data in a way that would
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allow us to make very close predictions to the truth. Thus, the New Cases feature of
the training dataset has been split into two subsets, the values of the New Cases of
the disease for the first subset represent (200 days out of 333) being reduced by 80
percent by multiplicating the values of New Cases of Covid-19 with the factor 0.2,
the factor value have been chosen as the best factor that the study reached based on
trial and error, whereas the rest of the data (the second subset) was increased by
double by multiplicate the values of New Cases of Covid-19 with the factor 2, the
factor value have been chosen as the best factor that the study reached based on trial
and error . The idea behind that is to give a greater emphasis for the chronology of
time series. In this way, the New Cases feature has been re-weighted in a way that
shows the importance of the past few months of the infection’s history in forecasting
Covid-19 New Cases for 83 day with RandomForest Regressor. This strategy
decreases errors and provides accurate forecasts even when employs on the other

three forecasting models.
2- Random Forest Regressor for DSM Time Series Forecasting:

The Random Forest regressor was fitted to the Mobility Data to predict the
Driving and Walking as a human transmission mechanism by applying Algorithm
(3.6).

3- Evaluation

This stage involves evaluating the forecasting results, which was done using
MAE and RMSE to compute the error rate between the actual and predicted values
for both Covid-19 new infections and Human Mobility. Also, a comparison between
the evaluation measures for (ARIMA model, LSTM, LR, and the Random Forest

regressor) has been introduced , the study also, presented the actual and predicted
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values for the Covid-19 New Cases and the Mobility trends of all the involved

countries.

Begin
Stepl:
Step 2:

Step 3:
Step 4:

step 5:
Step 6:

Step 7:

Step 8:
Step 9:

End

Step 10:
Step 11:
Step 12:
Step 13:

Algorithm (3.6): Random Forest regressor for time series

Algorithm name: Random Forest regressor for time series

Input: the datasets of Covid-19 raw data and the weighted data as well as the
mobility dataset.

Output: the ensemble of trees {T_b}1"B with less MAE & RMSE as well as the
predicted values of the input data

Until the minimum number of node size (n min) is reached do
B bootstrap samples are taken from the training data each sample has
size n, the same size of other samples.
For b=1 to B:
Grow a random forest tree T, by Repeat recursively on each
resulting node the following steps until a stopping criterion is met
a. from p predictors select m predictors randomly.
b. Using the variance criterion, choose the best split among the
previously chosen variables.
c. Cut in accordance with the chosen split to make a prediction at
new point x
end for
For a new observation (x) apply the regression function

frpe () = 2251 Ty ().
DSCP & predicted values of Covid-19 new cases.
DSCWP <« predicted values of weighted Covid-19 new cases.
DSMP € predicted values of mobility.
Compute MAE and RMSE for all testing variables using equations
(2.14) and (2.15).
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Weighted Covid-19 Mobility data

Raw Covid-19 New
Cases data New Cases data

Data Sampling

Testing Data (20%)

Training Data (80%)

Parameters
Initialization

Generate Trees using
bootstrap Sampling
For each node until a stopping criterion is met

Select Randomly
Variables

Random Forest Regressor

Split into Binary
Tree according to
Splitting Criteria

Final Predictions The Final
(Mean of all — Regression Model
predictors)
\ 4

Compare the model performance
on the raw and weighted cases of
Covid-19

Figure (3.3) Random Forest Forecasting
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3.6. Visualization
The choropleth map used in this study, which is a type of thematic map that

depicts the spatial pattern of a specific subject in a specific geographic area, is a
simple way to see how a variable change over time or to show the degree of
variability within a region. So, how the disease spreads over time and how mobility
affects that action has been clarified with this technique, especially at the beginning
of the announcement of the disease as a pandemic, when some policymakers and
authorities issued recommendations to stay at home and restrict movement, as well
as to visualized predicted Covid-19 infections and the predicted mobility to show
the closeness to the truth on a dynamic worldwide map. The steps of the visualization

procedure are applied as follows: (for more details see Algorithm (3.7)).

1- Visualize the whole Dataset of Covid-19 and Mobility:

a- Integrate the datasets of Covid-19 and mobility for all the six countries together.

b. Add a new feature to represent the country name and (iso_alpha_3) feature to
represent the three-letter country code that states the official code for each
country. The iso_alpha 3 is an important addition that allows the map to
precisely allocate the country position.

c. Visualize the data of Covid-19 and Mobility for all the involved countries on a

dynamic worldwide map according to the chronology of the new infections.

2- Visualize the Predicted Data of Covid-19 and Mobility:
In this part, the above steps have been applied to the predicted dataset of the

covid-19 and human mobility.
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Algorithm (3.7) Visualization
Algorithm name: Visualization
Input: Normalized DSC and DSM resulted from algorithm (3.1) as well as the DSCP
and DSMP resulted from algorithm (3.6).
Output: dynamic worldwide map that visualize all the data.
Definition:
UD < Universal Dataset
PD € Predicted Dataset

Begin

/IVisualize the whole dataset of Covid-19 and mobility:

Step 1: UD € aggregate all countries normalize dataset for DSC and DSM.

Step 2: add country name feature and country code (iso_alpha_3) feature to
the UD.

Step 3: visualize the UD on worldwide dynamic map.

/IVisualize the predicted data of Covid-19 and mobility:

Step 4: PD € aggregate all countries data for DSCP and DSMP.

Step 5: add country name feature and country code (iso_alpha_3) feature to
the PD.

Step 6: visualize the PD on worldwide dynamic map.

End
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4.1 Introduction

This chapter presents the detailed results and discussion of forecasting both
future COVID-19 infections and human movements. It also clarifies the comparative
forecasting results on the original and modified datasets that fitted to four prediction
techniques for seven countries used in this study, in addition to discovering the
relationship between disease spread and human mobility for those countries, Finally,

all of the results were visually represented on a dynamic map.

4.2 System Requirement
1. Hardware: Processor Intel® Core ™ 15, RAM 4 GB,
2. Operation System: Windows 10, 64-bit.
3. Programing Language: Python (3.8)
4. Supported Platform: Visual Studio 2015, and SQL Server 2014 Management
Studio.
4.3 Description of Dataset
Table (4.1) shows a summarization of the data used in this study, all the
participating countries, the source of the data, and the starting and ending dates

of the study period are presented.
4.3.1. Collection of Covid-19 Dataset

The dataset was downloaded as "comma-separated values" (CSV file format) from
WHO official website (WHO, 2020-2021) which is a completely open-access
database that provides daily data on newly confirmed, death, cases for all countries.
Because the start date of Coronavirus disease varies from country to country, the
date when the World Health Organization announced the disease as a worldwide

epidemic has been considered as the start date for this work, thus the data used for
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Covid-19 new cases from March 11, 2020, till the end of March 30, 2021, as shown

in Figure (4.1) for a sample of data.
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Figure (4.1) Covid-19 new infections timeline for the UAE

4.3.2.Collection of Mobility Dataset:

The Mobility data that the study used is provided by Apple Company (Apple,
2020-2021) which consists of daily human movement trends of walking, driving,
and public transportation for many countries. These reports reflect route requests on
Apple Maps. Figure (4.2) and (4.3) shows the mobility timeline for the UAE.
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The Driving Values
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Figure (4.2) Driving mobility timeline for the UAE
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Table (4.1) Summarization of dataset

L partlc_lpated Daily time period Involved datasets
countries
United Arab
Emarat
South Africa o
From 11/3/2020 Covid-19 Dataset from WHO
United &
Kingdom To
Human mobility dataset from
Denmark
Brazil
From 11/3/2020 | Covid-19 Dataset from WHO
China To
30/4/2021

4.4. Steps of Data Preprocessing
This study carried out the Pre-processing steps separately for each country
involved in the study for both Covid-19 and Mobility datasets. The whole pre-

processing has introduced in the steps that follow.

1- Covid-19 Data Preprocessing:

The first step of preprocessing the pandemic dataset revolves around sifting
the data to ensure that it is compliant with the study requirements in the process of
preparing the data for the work. The sifting process of the huge WHO Covid-19
dataset is about eliciting the involved countries among all the countries around the
world that WHO lists. After that, the features that help in the completion of work

have been extracted that is the daily Date feature and the New Cases feature, which
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represent the daily reported new infections of the disease for those countries while

excluding the remaining features of the WHO Covid-19 reports. The followed step

was the Normalization process which aims to organize the data in a consistent
manner within the range of 0 and 1 due to the vast difference in new disease
infections between the research countries. All the steps are illustrated in Figur (4.4)

for a sample of data.

2- Mobility Preprocessing

The process of sifting the mobility dataset includes choosing a specific focus
area from the massive Apple mobility trends dataset that have mobility information
for most regions and countries around the globe. Then extracting the features needed,
which is the Date, Driving, and Walking features while excluding the transit of all
the regions for a specific country. After that, the aggregate process is needed in order
to get the full organized country data. Also, handling the gaps in Driving and
Walking is necessary to get the whole structured country data. The last step is to
normalize the data in the range of 0 and 1. Figure (4.5) shows those preprocessing

steps for a sample of data.
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Date_reported Country_code Country WHO_region Mew_cases Cumulative_cases Mew_deaths Cumulative_deaths
3/11/2020 DE Germany EURO 157 1296 o 2
3/12/2020 DE Germany EURO 271 1567 1 3
3/13/2020 DE Germany EURO 802 2369 2 5
3/14/2020 DE Germany EURO 693 3062 o 5
3/15/2020 DE Germany EURO 733 3795 3 B
3/16/2020 DE Germany EURO 1043 4338 4 12
3/17/2020 DE Germany EURO 1174 6012 1 13
3/18/2020 DE Germany EURO 1144 7156 o 13
3/19/2020 DE Germany EURO 1042 8198 ] 13
3/20/2020 DE Germany EURO 5940 14138 30 43
3/21/2020 DE Germany EURO 4049 18187 2 45
3/22/2020 DE Germany EURO 3276 21463 22 67
3/23/2020 DE Germany EURO 3311 24774 27 94
3/24/2020 DE Germany EURO A438 29212 32 126
3/25/2020 DE Germany EURO 2342 31554 23 149
3/26/2020 DE Germany EURO 4954 36508 49 198
3/27/2020 DE Germany EURO 5780 A2288 55 253
3/28/2020 DE Germany EURO 6294 AB582 72 325
3/29/2020 DE Germany EURO 3965 52547 64 389
3/30/2020 DE Germany EURO 4751 57238 [+1+3 455
3/31/2020 DE Germany EURO 4615 61913 128 583
4/1/2020 DE Germany EURO 5453 67366 149 732
4/2/2020 DE Germany EURO 6156 73522 140 872
4/3/2020 DE Germany EURO 6174 79696 145 1017
Date Mew Cases Date New Cases
3/11/2020 157 3/11/2020 0.0046481
3/12/2020 271 3/12/2020 0.00280232
3/13/2020 802 3/13/2020  0.023744
3/14/2020 693 3/14/2020 0.0205169
3/15/2020 733 3/15/2020 0.0217012
3/16/2020 1043 3/16/2020  0.030879
3/17/2020 1174 3/17/2020 0.0347574
3/18/2020 1144 3/18/2020 0.0338692
3/19/2020 1042 3/19/2020 0.0308494
3/20/2020 5940 Normalization 3/20/2020 0.1758593
3/21/2020 4049 3/21/2020 0.1198745
3/22/2020 3276 3/22/2020 0.0969891
3/23/2020 3311 3/23/2020 0.0980253
3/24/2020 4438 3/24/2020 0.1313912
3/25/2020 2342 3/25/2020 0.0693371
3/26/2020 4954 3/26/2020 0.1466679
3/27/2020 5780 3/27/2020 0.1711224
3/28/2020 6294 3/28/2020 0.1863398
3/29/2020 3965 3/29/2020 0.1173876
3/30/2020 4751 3/30/2020 0.1406578
3/31/2020 4515 3/31/2020 0.1366314
A4/1/2020 5453 4172020 0.1614412
aAf2/2020 6156 4/2/2020 0.1822542
a4/3/2020 6174 4/3/2020 0.1827871

Figure (4.4) Sample of preprocessing WHO dataset for Germany
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Date Driving  Walking Date Driving  Woalking Date Driving Walking
5/1/2020 59.71 58.95 5/1/2020 g 71 Sg.as 3/11/2020 0.476176 0.440826
5/2/z020 63.39 59.64 5/2/2020 53.39 59 64 3/12/2020 0.414835 0.372115
5/3/2020| 6942 7305 5/3/2020  69.42 73.05 3/13/2020 0.388233 0.308462
5/4/2020)  74.47|  72.76 s/4/2020 7447 7276 3/14/2020 0.310696 0.29355
5/5/2020 7593 73 86

5/5/2020 7593 73.86 3/15/2020 0.253971 0.226315
5/6/2020 F7 64 7361 = .
5/6/2020 77.64 73.61 3/16/2020 0.252562 0.182
5/7/2020 BO.23 LR 5/7/2020 8023 777 : :
5/8/2020 83 .32 76.21 5/8/2020 33'32 ?5'21 3/17/2020 0.211564 0.139214
5/9/2020 76.46 71.07 5/9/2020 ?5'45 ?1'0? 3,/18/2020 0.176277 0.097587
After handlin - - izati

5/10/2020 7499 7454 fiviorh Value{i 5/10/2020 7499 Jasa Normalization 3/19/2020 0.138174 0.065971

5/11/2020 g 5/11/2020 T e 3/20/2020 0.105469 0.037517

:‘?;"3323 — S 5/12/2020 81.44 76.82 3/21/2020 o 0

S/13/3020 5358 7787 5/13/2020 8358  77.57 3/22/2020 0.013145  0.0186
14/ - : 5/14,/2020 25.04 79.08 3/23/2020 0.060089 0.031194

=/15/2020 20.38 7852 5/15/2020 90.56 7892 3/24/2020 0.063375 0.027558

5/16/2020 85.19 80.82 5/16/2020 35'19 so-sz . .

5/17/2020 2 23 89 73 : : 3/25/2020 0.07073 0.028376

s5/18/2020 9392 9162 5/17/2020|  88.23 89.73 3/26/2020 0.083718 0.027347

5/19/2020  96.07 9218 ?i?zgzg g:ij g:i; 3/27/2020 0.093029 0.032037

5/20/2020 10393 90.2 19/ : : 3/28/2020 0.057116 0.034356

5/21/2020 96.85 100.06 5/20/2020 103.93 502 3/29/2020 0.02981 0.017915

5/22/2020 99'44 39-59 5/21/2020 96.85 100.06 . -

- - 5/22/2020 oo a4 5060 3/30/2020 0.099601 0.039519

:ﬁiﬁgzg 52-522 :;-E: 5/23/2020| 8928  84.27 3/31/2020 0.118927 0.05538

: : 4/1/2020 0.121274 0.044947

5/25/2020 9991 99 33 5/24/2020 259 32.54 4;:2:;2020 0.12456 o 79

5/26/2020  101.05 98.34 3/25/2020 83.91 89.33 = <045

5/27/2020 103,79 10121 5/26/2020 101.05 98.34 4/3/2020 0.104217 0.034303

5/27/2020| 10379 10121 4742020 0.066974 0.043682

Figure (4.5) Sample of the procedure of preprocessing mobility dataset ( Germany )

4.5. Results of Knowledge Discovery Model

The model started with the integration of Mobility and WHO datasets. Each
of the six countries has gone through the integration process separately. Figure (4.6)
shows the integration procedure for a sample of the data. After that, the trend of the
data has been analyzed for both the Coronavirus spread and human mobility
statistically and attempted to select two periods of the year 2020 where human
movements vary between low values (below 50%) and high values that exceed the
base of the Apple trend (100) and one period of the year 2021 in order to demonstrate
how human mobility affects viral transmission. After the selection of the data as
intervals according to time periods, Pearson's Correlation Coefficient has been
calculated to clarify the relationship between mobility and the epidemic spread

where each directional relationship links two independent variables labeled with a
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value in the range of -1 and 1, and because the virus's incubation period (the time
between initial infection and the onset of symptoms) is usually between 1 and 3 days,
thus, between 1- 3 shifting days have been chosen for the new infections of the
study countries.

The above steps were implemented for all the participating countries. Table
(4.2) describes the Correlation Coefficient of the uniformed dataset for the first
period for those countries in detail where the start and end dates of this period
represent the period when the mobility recorded low values according to Apple data.
The minimum and maximum numbers of mobility were listed to clarify the low trend
of mobility for each country in proportion to the whole data for a specific country.
Thus, the Correlation Coefficient registers positive numbers between 0.60 and 0.80
for Driving and between 0.55 and 0.85 for Walking in all countries. In addition to
Figures from (4.7) to (4.12), which depict the trend of Driving, Walking, and New

Cases of COVID -19 for the same countries during the same period.
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Date
3/11/2020
3/12/2020
3/13/2020
3/14/2020
3/15/2020
3/16/2020
3/17/2020
3/18/2020
3/19/2020
3/20/2020
3/21/2020
3/22/2020
3/23/2020
3/24/2020
3/25/2020
3/26/2020
3/27/2020
3/28/2020
3/29/2020
3/30/2020
3/31/2020

Mew Cases
0
0.0014501
00031706
0.0041046
0.00408
0.0026545
0.0026253
00056899
0.0076562
0.0105073
0.0110726
0.0137148
0.0128177
0.0150912
0.026766
0.0273927
0.0312515
0.0361181
0.037347
0.0327754
0.0332915

Date

3/11/2020
3/12/2020
3/13/2020
3/14/2020
3/15/2020
3/16/2020
3/17/2020
3/18/2020
3/19/2020
a/20/2020
3/21/2020
a/22/2020
3/23/2020
3/24/2020
3/25/2020
3/26/2020
3/27/2020
3/28/2020
3/29/2020
3/30/2020
3/31/2020

Driving

0.74991
0.654826
0.734816

0.73581

0.44107
0.461678
0.366323
0.312003
0.302061
0.324657
0.222252
0.144975
0.182845
0.092733
0.086135

0.08261
0.103489
0.057936

0.01889
0.064443

0.07791

Walking

0.576173
0.491129
0.636151
0.735842
0.2320727
0.342004
0.274007
0.213524
0.206768

0.24768
0.169708

0.10108

0.13814
0.087632
0.095145
0.094829
0.114843
0.081066
0.037381
0.072795
0.095776

Integration
process
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Date

3/11/2020
3f12/2020
3/13/2020
3/14/2020
3/15/2020
3/16/2020
3/17/2020
3f18/2020
3/19/2020
3/20/2020
3/21/2020
3f22/2020
3/23/2020
3/24/2020
3/25/2020
3/26/2020
3/27/2020
3/28/2020
3/29/2020
3/30/2020
3/31/2020

0
0.00145
0.003171
0.004105
0.00408
0.002654
0.003625
0.00569
0.007656
0.010507
0.011073
0.013715
0.012818
0.015091
0.026766
0.,027393
0.031252
0.0361138
0.037347
0.032775
0.033292

0.74991
0.654826
0.734816

0.73581

0.44107
0.461673
0.266323
0.312003
0.202061
0.324657
0.222352
0.144575
0.182845
0.092733
0.086135

0.08261
0.103429
0.057336

0.01889
0.064443

0.07791

Mew Case Driving  Walking

0.576173
0.491129
0.636151
0.735842
0.320727
0.342004
0.274007
0.213524
0.206768

0.24768
0.169708

0.10108

0.13814
0.087632
0.095145
0.094829
0.114843
0.081066
0.037881
0.072735
0.095776

Figure (4.6) Sample of the Integration

Process
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Table (4.2) Person’s correlation coefficient of mobility with COVID-19 new cases according to

Low mobility Rate

The . Maximum Correlation | Correlatio
number | Minimum number number of between | n between
Countries | Start End Date of of mobility mobility New New
Date shifting Cases& Cases&
days _ _ _ _ Driving Walking
Driving | Walking | Driving | Walking
ARE 3/23/2020 | 5/21/2020 | 2 Days | 27.92 27.87 54.14 50.86 0.790 0.713
ZAF 3/27/2020 | 5/25/2020 | 2 Days | 11.32 12.92 59.17 57.78 0.801 0.850
GBR 3/25/2020 | 4/23/2020 | 2 days 25.2 31.47 38.13 51.95 0.60 0.58
DEU 3/20/2020 | 4/2/2020 1 Day 36.2 37.19 52.12 47.7 0.67 0.55
DNK 3/15/2020 | 4/13/2020 sl::?ﬁ 56.52 51.34 91.86 94.20 0.650 0.546
BRA 3/20/2020 | 4/18/2020 | 2 Days | 30.62 20.65 68.34 47.81 0.653 0.659

Table (4.3) listed the start and end dates for the second period for each country,

where Apple registers high rates of mobility reaching a maximum of 343.57 % for

driving and 292.07 % for Walking in UAE. The Correlation Coefficient values were

positive numbers ranging between 0.05 and 0.8 for Driving and Walking in all

countries. See also Figures (4.13) to (4.18). Table (4.4) describes how the infections

increased when Apple recorded high mobility rates. All those experimental results

Iindicate a strong positive relationship between viral transmission and mobility.

Where whenever there is an increasingly obvious movement the spread of the

disease increases and vice versa.
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Figure (4.11) the correlation between Covid-19
New Cases and mobility through low mobility
rate of (Denmark)
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Figure (4.12) the correlation between Covid-19
New Cases and mobility through low mobility
rate of (Brazil)

Table (4.3) Person’s correlation coefficient of mobility with COVID-19 new cases according
to high mobility Rate

The L Maximum Correlation | Correlation

number | Minimum number number of between between
Countries | Start Date | End Date of of mobility mobility New New

shifting Cases& Cases&

ek Driving | Walking | Driving | Walking DRI LT
ARE 8/1/2020 | 10/29/2020 | 2 Days 83.53 61.74 343.57 | 292.07 0.632 0.832
ZAF 10/20/2020 | 12/18/2020 | No shift | 87.71 68.59 170.26 135.1 0.593 0.500
GBR 7/1/2020 8/29/2020 1 Day 83.53 61.74 121.53 160.66 0.800 0.765
DEU 11/15/2020 | 12/14/2020 | 2 Days 66.27 99.73 94.02 128.89 0.500 0.510
DNK 6/25/2020 | 7/24/2020 2 Days 159.79 138.13 213.60 224.59 0.576 0.711
BRA 7/01/2020 | 8/19/2020 2 Days 71.07 44.46 135.21 99.30 0.541 0.578
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Chapter Four

Table (4.4) number of infections through the Second period of the study

The Experimental Results

Number of Number of
countries Start Date New Cases | End Date New Cases
recorded recorded
ARE 8/1/2020 400 10/29/2020 1400
ZAF 10/20/2020 1461 12/18/2020 9126
GBR 7/1/2020 729 8/29/2020 1549
DEU 11/15/2020 10824 12/14/2020 14432
DNK 6/25/2020 47 7/24/2020 51
BRA 7/01/2020 24052 8/19/2020 47784
1.0 > y
0.9 % P’
0.8 S 08
07 -
0.6 E g
0.5 FRos
0.4 ”05 i
03 £ o3
0.2 S0
0.1 é !
0.0 . . r r § R’ ) ) y
8/1/20  8/21/20  9/10/20  9/30/20  10/20/20 = 10/20/20 11/9/20 11/29/20 12/19/20
The Date The Date
New Cases Driving Walking New Cases  Driving = Walking

Figure (4.13) the correlation between Covid-19
New Cases and mobility through high mobility

rate of (United Arab Emarat)

Figure (4.14) the correlation between Covid-19
New Cases and mobility through high mobility
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Figure (4.15) the correlation between Covid-19
New Cases and mobility through high mobility

rate of (United Kingdom)

Normalized Values of Covid-19 and Mobility

0.6

0.5

0.4

0.3

0.2

0.1

0
6/25/2020

7/3/2020 7/11/2020  7/19/2020
The Date

= New Cases ' Driving = Walking

4

Figure (4.17) the correlation between Covid-19
New Cases and mobility through high mobility

rate of (Denmark)
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New Cases and mobility through high mobility
rate of (Germany)
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rate of (Brazil)
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Table (4.5) demonstrates the Correlation Coefficient for the third period which is for
the year 2021. You can see positive and negative values for the Correlation
Coefficient, So, the relationship between mobility and viral transmission is not stable
due to two key factors:

1- Many people gain immunity after healing from the infection.

2- The appearance of the vaccine and many people have been immunized.

From all the above experimental results and conclusions, the knowledge about the
relationship patterns is gained and explained by five rules that are mentioned in
chapter three, where the coverage of each rule is illustrated in Tables (4.6), (4,7),
and (4,8), where in the first and second table can confirm that the relationship pattern
Is strong correlation whereas the third table points to another pattern of the
relationship which is fluctuating correlation.

In the end, the findings reveal an explicit relationship between the movement
of humans and coronavirus spread. So, as a result, as the mobility increases, the

infections do so, and vice versa, and that is improved throughout this research.

Table (4.5) The Correlation Coefficient for all countries from January 2021 to the end of April

2021
Correlation Correlation
Countries Coefficient between Coefficient between
New Cases & Driving | New Cases & Walking
ARE -0.19 0.04
ZAF -0.32 -0.55
GBR -0.66 -0.61
DEU 0.40 0.34
DNK -0.37 -0.34
BRA 0.04 0.01
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Table (4.6) rules coverage for the first period of finding correlation

Strong Week No Negative

correlation | correlation | correlation | correlation
rules R1 | R2 R3 R4 R5
coverage | 0.67 | 0.33 0 0 0

Table (4.7) rules coverage for the second period of finding correlation

Strong Week No Negative

correlation | correlation | correlation | correlation
rules R1| R2 R3 R4 R5
coverage |0.5]| 0.5 0 0 0

Table (4.8) rules coverage for the third period of finding correlation

Strong Week No Negative
correlation | correlation | correlation | correlation
rules Rl1| R2 R3 R4 RS
coverage | O 0 0.17 0.17 0.66

4.6. Results of Forecasting Covid-19 New Cases

As the researcher mentioned before, the Random Forest regressor
introduced the best prediction on the Covid-19 cases that fitted to the four models
after dividing the data into 80% (333 days) for training data and 20% (83 days) for
testing data for all the study countries. After that, the training data of Covid-19 New
Cases are re-weighted to improve the results. Table (4.9) illustrates the Re-weighting
procedure for a sample of the data Table (4.10) shows a comparison between the
adopted model and the other models according to the evaluation criteria used used

in the study; the table also clarifies how the forecasting results improved after re-
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weighting the data. in addition to tables (4.11) and (4.12) show a compression

between the Actual and Random Forest Predictions values for the embedded

countries according to weighted Data and figures from (4.19) to (4.25) which

demonstrate the difference between actual and predicted values in forecasting

Covid-19 Cases with Random Forest Regressor for all countries.

Table (4.9) Sample of the process of re-weighting the data of the United Arab Emirates

country
The Date Original New Cases The Wight Weighted New Cases
3/11/2020 0 0.2 0
3/12/2020 11 0.2 2.2
3/13/2020 0 0.2 0
9/24/2020 1 0.83 0:2 2‘i 7
9/25/2020 1002 0.2 200
9/26/2020 1008 0.2 202
9/27/2020 1078 2156
9/28/2020 851 1702
9/29/2020 626 1252
2/4/2021 3977 2 7954
2/5/2021 3249 2 6498
2/6/2021 3251 2 6502

76




Chapter Four The Experimental Results

Table (4.10) Comparison between the Evaluation Measures for (Covid-19 New Cases and the
Re-Weighted New Cases) for the forecasting models

Forecasting Models for Re-Weighted

Forecasting Models for New Cases
New Cases

Countries

Evaluation
Measures

ARIMA | LSTM LR RF ARIMA LSTM LR RF

RMSE 0.269 0.067 0.038 0.026 0.660 0.058 0.035 0.022
United Arab Emarat

MAE 0.237 0.050 0.025 0.019 0.646 0.030 0.016 0.011

RMSE 0.069 0.031 0.110 0.012 0.159 0.031 0.046 0.011
China

MAE 0.065 0.023 0.048 0.008 0.157 0.020 0.024 0.007

RMSE 0.055 0.015 0.040 0.005 0.099 0.010 0.027 0.004
South Africa

MAE 0.053 0.012 0.025 0.003 0.098 0.006 0.012 0.002

RMSE 0.174 0.016 0.033 0.009 0.204 0.015 0.032 0.006
United Kingdom

MAE 0.168 0.010 0.016 0.005 0.203 0.006 0.014 0.003

RMSE 0.430 0.154 0.088 0.042 0.212 0.069 0.044 0.019

Germany
MAE 0.355 0.108 0.042 0.027 0.174 0.057 0.026 0.014
RMSE 0.055 0.039 0.034 0.013 0.037 0.021 0.026 0.007
Denmark
MAE 0.042 0.024 0.018 0.009 0.032 0.015 0.012 0.005
RMSE 0.331 0.209 0.105 0.062 0.215 0.121 0.067 0.034
Brazil

MAE 0.296 0.156 0.078 0.047 0.177 0.087 0.043 0.026
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Table (4.11) Comparison between the Actual and Random Forest Predictions values for the
embedded countries in (Asia and the Middle East, Africa and Latin America) according to
Weighted Data

ARE CHN ZAF BRA
The Date
Actual | Predicted | Actual | Predicted | Actual | Predicted | Actual | Predicted

2/7/2021 3276 4595 31 57 3184 4849 50872 61345
2/8/2021 3093 3503 44 53 2435 2537 50630 46273
2/9/2021 2798 3011 47 49 1376 2034 26845 42217
2/10/2021 | 3310 3223 45 46 1742 2198 23439 32029
2/11/2021 | 3539 3374 21 30 3159 2832 51486 61103
2/12/2021 | 3525 3445 34 34 2488 2470 59602 62213
2/13/2021 | 3307 3329 33 36 2781 2656 54742 54300
2/14/2021 | 2631 2795 19 26 2382 2363 51546 50947
2/15/2021 | 3167 2932 21 23 1744 1990 44299 44565
2/16/2021 | 3123 3075 25 25 1102 1481 24759 28513
2/17/2021 | 3236 3148 15 20 1210 1452 32197 32326
2/18/2021 | 3452 3292 28 25 2320 2038 55271 54209
2/19/2021 | 3294 3318 20 24 2327 2267 56766 58809
2/20/2021 | 3140 3107 22 21 1911 1978 51879 52214
2/21/2021 | 3158 3005 23 22 1690 1774 51050 49091
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Table (4.12) Comparison between the Actual and Random Forest Predictions values for the
embedded countries in (Europe) according to Weighted Data

GBR DEU DNK
The Date
Actual | Predicted | Actual | Predicted | Actual | Predicted

2/7/2021 15838 22204 8616 12820 403 593
2/8/2021 11946 15129 4535 6777 425 526
2/9/2021 | 11355 12906 3379 4877 384 528
2/10/2021 | 15682 14388 8072 8148 435 491
2/11/2021 | 13792 13881 10237 11357 455 470
2/12/2021 | 13476 13315 9860 10013 445 419
2/13/2021 | 12732 13392 8354 8506 366 355
2/14/2021 | 12145 12002 6114 6192 313 344
2/15/2021 | 8751 9928 4426 5164 331 353
2/16/2021 | 8752 9961 3856 5264 338 378
2/17/2021 | 14241 12032 7556 7531 397 484
2/18/2021 | 12467 13149 10207 9832 513 519
2/19/2021 | 11555 11554 9113 9493 497 523
2/20/2021 | 11391 11379 9164 9121 548 495
2/21/2021 | 10376 10809 7676 7805 457 453
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Figure (4.19) The actual and predicted value of Covid-19 new infection for (United Arab

Emarat)
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Figure (4.20) The actual and predicted value of Covid-19 new infection for (South Africa)
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Figure (4.21) The actual and predicted values of Covid-19 new infection for (China)
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Figure (4.22) The actual and predicted values of Covid-19 new infection for (United
Kingdom)
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Figure (4.23) The actual and predicted values of Covid-19 new infection for (Germany)
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Figure (4.24) The actual and predicted values of Covid-19 new infection for (Denmark)
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Figure (4.25) The actual and predicted values of Covid-19 new infection for (Brazil)
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4.7. Results of Forecasting Mobility of Driving and Walking

The mobility data were fitted to the model that was mentioned earlier,

and it yields predictions close enough to reality, as shown in Table (4.13) where

the random forest regressor outperformed the other forecasting models. Table
(4.14) (4.15) (4.16) (4.17) shows the actual and predicted values of driving and
walking. Lastly, Figures (4.26) (4. 27) (4.28) (4.29) (4.30) (4.31) (4.32) (4.33)
(4.34) (4.35) (4.36) (4.37) reveal that how close the predictions were to the true

values of mobility for all the countries included, with the exception of China,

which had no data in the Apple dataset.
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Table (4.13) Comparison between the Evaluation Measures for (Mobility Trends) for the four
forecasting models.

Forecasting Models for Driving

Forecasting Models for Walking

C wn
o 9
Countries ‘c:'-; 3
= & ARIMA LSTM LR RF ARIMA LSTM LR RF
a 2
. RMSE 0.061 0.026 0.021 0.009 0.053 0.028 0.015 0.011
United Arab
Emarat
MAE 0.050 0.018 0.011 0.007 0.045 0.019 0.011 0.007
RMSE 0.119 0.100 0.063 0.026 0.148 0.105 0.081 0.035
South Africa
MAE 0.080 0.071 0.046 0.017 0.120 0.079 0.061 0.025
United RMSE 0.163 0.078 0.062 0.022 0.147 0.085 0.072 0.024
Kingdom
MAE 0.132 0.060 0.046 0.015 0.114 0.062 0.052 0.017
RMSE 0.129 0.043 0.053 0.018 0.158 0.042 0.033 0.016
Germany
MAE 0.116 0.032 0.037 0.013 0.149 0.031 0.023 0.011
RMSE 0.130 0.041 0.051 0.016 0.139 0.073 0.077 0.025
Denmark
MAE 0.113 0.027 0.032 0.012 0.117 0.053 0.053 0.018
RMSE 0.156 0.140 0.107 0.033 0.337 0.166 0.122 0.037
Brazil
MAE 0.131 0.88 0.077 0.020 0.296 0.120 0.090 0.026
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Table (4.14) Comparison between the Actual and Random Forest Predictions values for the
embedded countries in (Asia and the Middle East, Africa and Latin America) according to

Driving

ARE ZAF BRA
The Date

Actual | Predicted | Actual | Predicted | Actual | Predicted
2/7/2021 325.8 | 331.34 87.93 | 88.88 91.12 96.87
2/8/2021 321.88 | 322.83 92.01 |90.74 108.84 | 107.51
2/9/2021 324.38 | 324.88 94.19 | 93.98 112.74 | 110.65
2/10/2021 | 327.15 | 328.62 96.44 | 98 116.27 | 115.37
2/11/2021 | 355.33 | 351.02 103.06 | 104.09 119.55 | 120.18
2/12/2021 | 355.83 | 352.68 124.74 | 121.85 143.43 | 140.4

2/13/2021 | 348.79 | 348.99 107.08 | 108.17 146.36 | 146.04

2/14/2021 | 333.89 | 333.32 98.79 | 97.12 97.47 97.2

2/15/2021 | 316.48 | 322.79 89.73 | 92.08 103.15 | 104.85
2/16/2021 | 321.53 | 321.8 91.64 |93.54 104.31 | 107.69
2/17/2021 | 325.07 | 326.22 94.68 | 95.66 108.55 | 109.89
2/18/2021 | 344.98 | 340.49 98.92 | 99.76 115.83 | 114.91
2/19/2021 | 338.12 | 340.7 116.62 | 110.98 129.36 | 125.23
2/20/2021 | 338.97 | 336.48 98.17 | 109.29 135.33 | 131.92
2/21/2021 | 323.25 | 327.78 86.77 | 87.76 92.42 105.75
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Table (4.15) Comparison between the Actual and Random Forest Predictions values for the
embedded countries in (Europe) according to Driving Data

GBR DEU DNK
The Date

Actual | Predicted | Actual | Predicted | Actual | Predicted
2/7/2021 |51 54.8 65.86 68.86 89.37 90.29
2/8/2021 | 61.28 | 62.7 73.68 71.99 88.53 90.33
2/9/2021 | 61.57 |61.7 73.47 73.1 90.26 91.89
2/10/2021 | 63.39 | 63.36 71.58 71.45 91.69 92.88
2/11/2021 | 63.59 | 62.76 72.5 71.51 93.91 93.99
2/12/2021 | 71.89 | 70.41 76.37 74.6 94.57 97.35
2/13/2021 | 66.55 | 66.42 70.82 71.7 100.4 99.43
2/14/2021 | 56.11 | 58.43 74.38 73.48 97.33 98.8
2/15/2021 | 67.16 | 65.7 75.07 74.73 99.54 99.1
2/16/2021 | 67.38 | 67.9 77.55 75.84 97.92 100.23
2/17/2021 | 69.64 | 69.11 77.6 75.71 99.68 103.42
2/18/2021 | 69.42 | 68.82 79.3 76.5 105.06 | 105.26
2/19/2021 | 75.26 | 72.27 83.23 81.48 105.4 103.48
2/20/2021 | 70.37 | 72.63 81.2 81.13 107.04 | 100.8
2/21/2021 | 61.03 | 64.42 85.68 84.45 96.96 96.21
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Table (4.16) Comparison between the Actual and Random Forest Predictions values for the
embedded countries in (Asia and the Middle East, Africa and Latin America) according to

Walking Data
ARE ZAF BRA
The Date
Actual | Predicted | Actual | Predicted | Actual | Predicted

2/7/2021 420.95 | 424.31 72.54 | 74.73 69.35 73.25
2/8/2021 411.25 | 412.93 89.92 | 87.29 108.54 | 105.82
2/9/2021 410.5 412.76 92.12 92.21 113.91 112.76
2/10/2021 | 405.14 | 411.03 93.28 | 94.82 115.69 | 114.79
2/11/2021 | 416.61 | 418.22 97.52 | 96.93 112.73 | 113.57

2/12/2021 | 430.49 | 425.88 110.5 | 108.77 123.28 | 121.09

2/13/2021 | 426.74 | 427.53 99.58 | 105.46 119.89 | 118.26

2/14/2021 | 426.8 | 426.65 82.59 | 84.57 82.87 83.65
2/15/2021 | 422.08 | 425.79 87.58 | 86.71 95.01 99.65
2/16/2021 | 413.93 | 409.46 90.33 | 91.49 90.55 95.29
2/17/2021 | 404.29 | 404.89 95.35 |94.54 104 103.71
2/18/2021 | 418.54 | 418.46 92.6 95.15 113.49 | 111.13
2/19/2021 | 418.01 | 419.72 102.03 | 90.52 120.05 | 118.92
2/20/2021 | 428.4 | 426.52 96.72 | 98.48 113.61 | 113.88
2/21/2021 | 423.74 | 425.61 75.03 | 74.93 76.57 81.13
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Table (4.17) Comparison between the Actual and Random Forest Predictions values for the
embedded countries in (Europe) according to Walking Data

GBR DEU DNK

The Date

Actual | Predicted | Actual | Predicted | Actual | Predicted
2/7/2021 56.59 | 63.7 120.42 | 114.54 104.57 | 94.43
2/8/2021 | 71.5 73.26 129.01 | 126.07 88.91 92.01
2/9/2021 | 72.08 | 72.66 127.83 | 125.82 92.16 94.3
2/10/2021 | 74.74 | 73.56 127.55 | 125.56 94.45 98.84
2/11/2021 | 74.09 | 72.96 122.15 | 122.93 98.69 98.1
2/12/2021 | 85.8 80.03 118.71 | 119.35 97.49 105.87
2/13/2021 | 80.71 | 81.44 113.68 | 115.77 110.89 | 114.25
2/14/2021 | 63.11 | 65.59 119.99 | 117.78 114.71 | 112.13
2/15/2021 | 79.59 | 77.54 130.42 | 126.95 112.16 | 111.18
2/16/2021 | 79.27 | 78.86 129.15 | 129.92 103.94 | 112.12
2/17/2021 | 81.44 | 79.47 126.83 | 126.53 108.19 | 111.44
2/18/2021 | 80.87 | 79.09 125.37 | 125.18 111.41 | 112.07
2/19/2021 | 87.26 | 82.54 124.56 | 125.17 112.3 115.64
2/20/2021 | 85.12 | 84.28 122.76 | 124.66 120.4 121.33
2/21/2021 | 68.4 74.91 135.19 | 128.87 116.56 | 115.51

88



Chapter Four The Experimental Results

Driving

Driving

450 590
400 520
350 450
300 380
=
250 T 310
=
200 240
150 170
100 100
2/7/21 2/27/21  3/19/21 4/8/21 4/28/21 2/7/21 2/27/21  3/19/21 4/8/21 4/28/21
The Date The Date
e A\ctual == predicted e ACtUa| === Predicted
Figure (4.26) Driving forecasting (United Arab Figure (4.27) Walking forecasting (United Arab
Emarat) Emarat)
170 146
155 134
140 122
125 2110
=
110 g 98
95 86
80 74
65 6
50 <
2/7/21 2/27/21  3/19/21 4/8/21 4/28/21 2/7/21 227/21 3/19/21 4/8/21 4/28/21
The Date The Date
e A\ctual === Predicted e ACtUa| === Predicte
Figure (4.28) Driving forecasting (South Africa) Figure (4.29) Walking forecasting (South Africa)

89



Chapter Four The Experimental Results
128 155
140
114
125
100 110
g, 86 %0 95
< £
Z = 80
5 72 c;s
65
58
50
44
35
30 20
2/7/21 2/27/21 3/19/21 4/8/21 4/28/21 2/7/21 2/27/21  3/19/21 4/8/21 4/28/21
The Date The Date
e Actual == Predicted e A\ctual == Predicted
Figure (4.30) Driving forecasting (United Figure (4.31) Walking forecasting (United
Kingdom) Kingdom)
110 170
100 160
9% 150
o 2140
S 80 <
pa O
a =130
70
120
60
110
20 100
2/7/21 2/27/21 3/19/21 4/8/21 4/28/21 2/7/21 22721 31921 4/sal  4/28/21
The Date The Date

e Actual === predicted

Figure (4.32) Driving forecasting (Germany)

e A\ctua| === Predicted

Figure (4.33) Walking forecasting (Germany)



Chapter Four The Experimental Results

155 178
166
140
154
125 142
110 £ 130
= =
8 o5 = 118
106
80
94
= 82
50 70
2/7/21 2/27/21 3/19/21 4/8/21 4/28/21 2/7/21 2/27/21 3/19/21 4/8/21 4/28/21
The Date The Date
e ActUa| === Predicted == Actual == rpredicted
Figure (4.34) Driving forecasting (Denmark) Figure (4.35) Walking forecasting (Denmark)
160 140
145 120
130 100
o 115 20
S 100 ao
=
a < 60
85 ©
= 40
70
o5 20
40 0
2/7/21 2/27/21  3/19/21  4/8/21 42821 2/7/21 2/27/21  3/19/21 4/8/21 4/28/2
The Date The Date
= Actual == Predicted e Actual == Predicted
Figure (4.36) Driving forecasting (Brazil) Figure (4.37) Walking forecasting (Brazil)

91



Chapter Four

The Experimental Results

4.8. Evaluating the Forecasting Model

RMSE and MAE measurements were used to evaluate the Random Forest
forecasting model, the result was compared to other three regression predictors
(Autoregressive integrated moving average, long short-term memory and, linear
regression) that were evaluated using the same metrics, All the models are tested
according to the supplied test data and compared in order to check the difference.
Figures from (4.38) to (4.45) show the bar charts of RMSE and MAE for Covid-19

data as well as for the two types of mobility which are driving and walking for all

the study countries.
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Figure (4.38) RMSE for prediction of Covid-19 original data
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4.9. Visualization Phase

The goal of the dynamic choropleth map in this study was to create a map for
surveillance of the spread of coronavirus disease on the ground as well as human
movements by means of driving and walking according to time series, which allows
us to compare the number of cases by region over time. This makes the visualization
more insightful and compelling. This stage has employed the results from the
previous stage (prediction) for COVID-19 cases, driving, and walking) in addition
to visualize the original data. Two types of maps were created at this stage. The first
map comes with a drop list to choose from (Covid-19 cases, driving, or walking), so
you can easily find the correlation between the mobility and COVID-19 spread,
especially with the periods of time that were analyzed earlier in this chapter. The
second map's purpose was to visualize the predicted values. It also comes with a
drop-down list to choose what you want to visualize (Covid-19 new infections,

driving or walking). You can simply find out how close the prediction was to the
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fact by comparing the two maps with the same dates. A world-wide map was

introduced to visualize the seven countries involved in the study clearly. See Figures

from (4.46) to (4.50).
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5.1. Conclusion
Through the design, implementation, and discussion of the results of the system,

the following concluded essential remarks:

1- According to the aggregation process of mobility data for each country involved
in this work, the aggregated mobility dataset provided accurate information about
the daily human mobility that influenced the steps of relationship modeling
between Covid-19 transmission and human mobility, as well as the forecasting
system. This step affected the work positively towards the right direction.

2- According to the experimental results, the knowledge discovery model of the
proposed methodology has effectively modeled the relationship patterns between
new infections of the disease spread and human mobility trends throughout the
lockdown period for the study countries as well as during the lockdown lifting.

3- Our forecasting system has proved the efficiency of daily COVID-19 new cases
and mobility trends of walking and driving prediction for almost three months.

4- The Random Forest regressor demonstrated its ability to present better results for
daily predictions with less error than the ARIMA, LR, and LSTM maodels in
terms of MAE and RMSE.

5- According to the visualization stage, two types of maps are created:

e The disease map of the whole integrated dataset provides a useful and
different view on the daily spread of the disease, and the human
movements after mapping it on a geographical worldwide map. By
creating a map of the disease spread, it is possible to focus on human
mobility as a cause that leads to the epidemic spread.

e Predictions map for COVID-19 new cases and human mobility that can
reflect the closeness of the predictions to the truth thus it serves as a

different view of evaluation.
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5.2 Future Work
The suggestions for future works are as follows:

1- Applying the proposed system on other infectious disease datasets to model
their spread relationship to human mobility.

2- Engaged other information such as population, the individual’s gender, and
their age as well as other factors that influence the disease transmission like
taking into consideration, hand washing, mask use, and the rate of people who
were vaccinated.

3- Studying one of the models that have been compared to the Random Forest
regressor model and trying to minimize the error of prediction, as the errors

of these models are not very bad.
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