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Global Warming and Natural Disasters
to Global Peace Index

Wakako O’Sullivan
Student ID; 17143951

1 Introduction

This document presents as follows: chapter 2. hardware specifications, chapter 3. software
installations, chapter 4. programming for implementation of data collection, preparation and
implementation, and chapter 5. result evaluations.

2 Hardware Specification
Figure 1 presents hardware Specifications.

Windows edition

Windows 10 Pro

il \ )/
© 2019 Microsoft Corporation. All rights reserved. .- WI n d OWS 1 O

System
Manufacturer: Toshiba Client Solutions Co., Ltd. TOSH IBA
Model: Personal Computer
Processor: Intel(R) Core(TM) i7-6500U CPU @ 2.50GHz 2.60 GHz ’\l,ﬁl
Installed memory (RAM):  16.0 GB “mm
System type: 64-bit Operating System, x64-based processor
Pen and Touch: No Pen or Touch Input is available for this Display

Figure 1: Hardware Specifications

3 Software Information and Installation

This section presents the common software and installation part of software which were used
for implementation and result evaluation. The installation of R, RStudio and MySQL are
presented in subsection 3.2 and 3.3.

3.1 Common Software

Microsoft Word was used for writing all documents. Microsoft Excel was used for data
checking, handling data and creation of process flow diagram (Technical report Fig4). And
Tableau used for creating the chart for presentation (Technical report Fig 20 & 21, and Fig 181
to 184).



3.2 R, R studio and Packages

R version 3.5.1 software:

Figure 2 presents the download site of R version 3.5.1.
(-EJ R Download R-3.5.1 for W X l—|— v

e

o (] X

¥ L e

To see favourites here, select ¥= then ¢, and drag to the Favourites Bar folder. Or import from another browser. Import favourite

O @ &)

https://cran.r-project.org/bin/windows/base/old/3.5.1/ T

R-3.5.1 for Windows (32/64 bit)

Download R 3.5.1 for Windows (62 megabytes, 32/64 bit)

Installation and other instructions
New features in this version

If you want to double-check that the package you have downloaded matches the package distributed by CRAN, you can

compare the mdSsum of the .exe to the fingerprint on the master server. You will need a version of mdSsum for windows:
both graphical and command line versions are available.

Figure 2: R version 3.5.1 download site

Figure 3 presents the language settings. English is selected.

Select Setup Language d
Select the language to use during the
installation:
English o
oK Cancel
Figure 3: R 3.5.1 Installation language settings
Figure 4 to 7 present from starting installation until complete.
ﬁ Setup - R for Windows 3.5.1 X ﬁ Setup - R for Windows 3.5.1 X
Information \ Select Destination Location \
Please read the following important information before continuing. R Where should R for Windows 3.5.1 be installed? R
ihenuula=teakjabonippaaiilseiupdeiciNe Setup will install R for Windows 3.5.1 into the following folder.
| GNU GENERAL PUBLIC LICENSE

Version 2, June 1991

To continue, click Next. I you would like to select a different folder, click Browse
Copyright (C) 1989, 1991 Free Software Foundation, Inc.

51 Franklin St, Fifth Floor, Boston, MA 02110-1301 USA
Everyone is permitted to copy and distribute verbatim copies
of this license document, but changing it is not allowed.

Browse...

Preamble

The licenses for most software are designed to take away your
freedom to share and change it. By contrast, the GNU General Public
License is intended to guarantee your freedom to share and change free
software—to make sure the software is free for all its users. This
General Public License applies to most of the Free Software

At least 1.2 MB of free disk space is required.

Figure 4: Stat Installation and set installation path



ﬂ Setup - R for Windows 3.5.1

Select Compenents
Which components should be installed?

R

Select the components you want to install; clear the components you do not want to
install. Click Next when you are ready to continue.

User installation

fy! Setup - R for Windows 3.5.1
Startup options
Do you want to customize the startup options?
Please specify yes or no, then click Mext.

() Yes (customized startup)

Y
Core Files 84.1 MB
32-bit Files 49.5 MB
64-bit Files 51.3 MB
Message translations 7.3 MB
Current selection requires at least 193.0 MB of disk space.
< Back Cancel < Back Cancel
Figure 5: Select component and set default option
5 setup - R for Windows 3.5.1 - X 5 setup - R for Windows 3.5.1 - X

Select Start Menu Folder
Where should Setup place the program's shortcuts?

R

Setup will create the program's shortcuts in the following Start Menu folder.

To continue, click Next. If you would like to select a different folder, click Browse.

B

Browse...

Dgun't create a Start Menu folder

< Back Cancel

Select Additional Tasks
Which additional tasks should be performed?

Select the additional tasks you would like Setup to perform while installing R for
Windows 3.5.1, then click Next.

Additional shortcuts:

D Create a Quick Launch shortcut

Registry entries:

Save version number in registry

Associate R with .RData files

Cancel

Figure 6: Set Start Menu Name and Select additional tasks

ﬂ Setup - R for Windows 3.5.1

Installing
Please wait while Setup installs R for Windows 3.5.1 on your computer.

Extracting files...
C:\Program Files\R\R-3.5.1\doc\manual\R-admin.pdf

Cancel

fy! Setup - R for Windows 3.5.1

Completing the R for Windows
3.5.1 Setup Wizard

Setup has finished installing R for Windows 3.5.1 on your
computer. The application may be launched by selecting the
installed shortcuts.

Click Finish to exit Setup.

Figure 7: Start Installation and Complete




RStudio:

Figure 8 and 9 present download sites of RStudio version 1.3.959.

DOWNLOAD SUPPORT COMMUNITY e

Products v Resources v  Pricing  About v  Blogs v

RStudio IDE 1.3 Released

From spell check to a pro desktop, there is a
lot to love.

DOWNLOAD LEARN MORE

Figure 8: RStudio Download site

RStudio DESktOp 1.3.959 release Notes

l. Install R.  Rstudio requires R3.0.1+.

2 + Download RStudio Desktop‘ Recommended for your system:

mlll DOWNLOAD RSTUDIO FOR WINDOWS
L] 13.959 | 171.41MB

Requires Windows 10/8/7 (64-bit)

Figure 9: Version 1.3.959 Download site

Figure 10 to 13 present installation of RStudio.

' RStudio Setup

X .7 RStudio Setup
R P Choose Install Location
Welcome to RStudio Setup l ' 5y, Choose the folder in which to install RStudio.
-
Setup will guide you through the installation of RStudio. Setup wil install RStudio in the following folder. To install in a different folder, dick Browse

and select another folder. Click Next to continue.

It is recommended that you dose all other applications
before starting Setup. This will make it possible to update
relevant system files without having to reboot your
computer.

Click Next to continue.

Destination Folder

Space required: 995.5 MB
Space avaiable: 5.6 GB

Figure 10: RStudio Start Downloading and Set Installation Path




(' RStudio Setup —

Select the Start Menu folder in which you would like to create the program’s shortcuts. You
can also enter a name to create a new folder.

Choose Start Menu Folder
Choose a Start Menu folder for the RStudio shortcuts.

Eoudd

Amazon Redshift ODBC Driver (64-bit)
Anaconda3 (64-bit)

Java
Java Development Kit

LINE v

[[]Do not create shortcuts

{47 RStudio Setup

Installing
Please wait while RStudio is being installed.

Extract: MathScript.js... 100%

Extract:

Extract:

Extract:
Extract:

MathBold.js... 100%

.Accessibwlir\/ = Extract: MathBoldItalic.js... 100%
Accessories Extract: MathBoldScript.js... 100%
Administrative Tools Extract: Mathitalic.js... 100%

MathOperators.js... 100%

Cisco Spark Extract: MathSS.js... 100%

Dropbox Extract: MathSSBold.js... 100%

DTS, Inc . -
Extract: MathSSltalic.js... 100%

MathSSItalicBold. js... 100%
MathScript.js... 100%

< Back

Figure 11: Set Menu Name and Start Installation

7 RStudio Setup —

Completing RStudio Setup

RStudio has been installed on your computer.

Click Finish to dose Setup.

Figure 12: Installation Complete

About RStudio

RStudio

Version 1.3.959
© 2009-2020 RStudio, PBC

"Middlemist Red" (3a09be39, 2020-05-18) for Windows

Morzilla/5.0 (Windows NT 10.0; Win64; x64) AppleWebKit/537.36 (KHTML, like Gecko) QtWebEngine/5.12.6
Chrome/69.0.3497.128 Safari/537.36

Unless you have received this program directly from RStudio pursuant to the terms of a commercial license
agreement with RStudio, then this program is licensed to you under the terms of version 3 of the GNU Affero |
General Public License.

Open Source Components

oK

Figure 13: Check the version of RStudio

R Packages:
Table 1 presents name of R packages, function names and usage. The package is downloaded

when the necessary function is used, and it is used by calling it in the program.




Package name
tabulizer
dplyr

xml2
rvest
stringr
69+.table
mice
outliers
stats

GGally
caret

el071
ggplot2
rlang
recipes
base

kernlab
randomForest
mboost

klaR

party
PROC

3.3 MySQL

Table 1: Package used in R

Function Usage
extract tables Scrape pdf data from site
rbind_all Bind row data
aggregate Obtain average
read_html Read html
html_nodes Read html node
str_subset Read subset in html
transpose Transpose data frame
mice Random Forest
rm.outlier Set median on the outliers
shapiro.test Shapiro-Wilk Normality Test
Im Fitting Linear Models
step Choose a model by AIC in a Stepwise Algorithm
predict Model predictions
ggpairs generalized pairs plot — Correlation check
createDataPartition ~ Data splitting
train Model prediction over different parameters
confusionMatrix Create a confusion mat
Used with caret package
Graphics
Used by ggplot2
For design metrics
prop.table Express table entries as a percentage of peripheral entries
sapply Missing data check
For Support Vector Machine
For Random Forest
For Boosting
For Naive Bayes
For Conditional Inference Tree
roc ROC curve visualisation

Figure 14 presents MySQL Community Downloads site.

B
&

<= B MySQL z Begin Your Do X | ji§ MySQL = MySQL 8.0 Rel X

mysql workbench can't coni

+ v
O @

https://dev.mysql.com/downloads/file/?id=495322

To see favourites here, select ¥ then 3%, and drag to the Favourites Bar folder. Or import from another browser. Import favourites

® MySQL Community Downloads

To begin your download, please click the Download Now button below.

Download Now »

mysqgl-installer-community-g.0.20.0.msi

MDs5: a69¢77fe737654d8931079b4623b%ela
Size: 420.6M

Signature

(@ =Y-XallW=0 © 2020, Oracle Corporation and/or its affiliates

egal Policies | Your Privacy Rights | Terms of Use | Trademark Policy | Contributor Agreement | Cookie Preferences

Figure 14: MySQL download site



Figure 15 presents, installation start.

MySQL Installer - Community

| Please waitwhile Windows configures MySQL Installer - Community

Cancel

Figure 15: Start Installation pop up

Figure 16 presents Installer closure settings.
MySQL Installer - Community X

The following applications should be closed before continuing the install:

MySQL Motifier

©Automatjcally close applications and attemptto restartthem after setup
is complete.

{_)Do not close applications. (A Reboot may be required.)

Figure 16: Closure Settings

From Figure 17 to 29 present all process of MySQL version 5.7 installation.

[Z] MysQL Installer - X
"\ Insta @®®
Installer

Product Version Architecture  Quick Action Add ...
MySQL Server 5.7.29 X86 Reconfigure Moty
MySQL Workbench 8.0.20 X64 )
MySQL Notifier 118 X86 Upgrade ...
MySQL Shell 8020 X64
Connector/) 5,148 X86 Remove ...
MySQL Documentation I:.v 29 X86
Samples and Examples 729 X86 Reconfigure

Catalog...

Figure 17: Installation of MySQL 5.7



[Z] MysQL Installer - b4

MySQL. Installer Update Catalog

MySQL Intaller can automatically update its product catalog periodically
(Configure in the dashboard options).
This page allows you to update it on demand.
Your product catalog was last checked on 30/09/2017 at 13:58.
Click Execute to begin the process.
Steps
O Connect to the Intemet
O Download new catalog

O Integrate product changes

[ Do not update at this time

| cancel

Figure 18: Installation of MySQL 5.7

[Z] MysaL Installer - X

MySQL. Installer Change History

Using this page you can see updates to the product catalog and what changes were included.

O MostRecent @ All Updates AsText [J

- Samples and Examples 5.6.24 Architecture: X86 Published: 06/04/2015 -
- Samples and Examples 5.6.23 Architecture: X86 Published: 02/02/2015
- Samples and Examples 5.6.22 Architecture: X86 Published: 09/12/2014
- Samples and Examples 5.6.21 Architecture: X86 Published: 23/09/2014
- Samples and Examples 5.6.20 Architecture: X86 Published: 31/07/2014
- Samples and Examples 5.6.19 Architecture: X86 Published: 30/05/2014
- Samples and Examples 5.6.17 Architecture: X86 Published: 27/03/2014
- Samples and Examples 5.6.16 Architecture: X86 Published: 31/01/2014
- Samples and Examples 5.6.15 Architecture: X86 Published: 03/12/2013
- Samples and Examples 5.6.14 Architecture: X86 Published: 20/09/2013
- Samples and Examples 5.6.13 Architecture: X86 Published: 31/07/2013
- Samples and Examples 5.6.12 Architecture: X86 Published: 06/06/2013
- Samples and Examples 5.6.11 Architecture: X86 Published: 18/04/2013
- Samples and Examples 5.6.10 Architecture: X86 Published: 05/02/2013
- Samples and Examples 5.6.9 Architecture: X86 Published: 11/12/2012
- Samples and Examples 5.6.7 Architecture: X86 Published: 09/02/2015
- Samples and Examples 5.6.6 Architecture: X86 Published: 09/02/2015

Click Finish when done reviewing the changes.

< Back Finish |
Figure 19: Installation of MySQL 5.7
[Z] MysQL Installer - X
MySQL.

Product Version Architecture  Quick Action Add ...
MySQL Server 5720 @ X86  Reconfigure o
MySQL Workbench 8.0.20 X64
MySQL Notifier 118 X86 Upgrade ..
MySQL Shell 8.0.20 X64
Connector/) 5148 @ X86 R
MySQL Documentation 57.29 @ X86
Samples and Examples 5729 @ X86 Reconfigure

Catalog...

Figure 20: Installation of MySQL 5.7



[Z] mysaL Installer

MySQL. Installer

Upgrading Community

Select Products To Upgrade

Using this wizard you will be able to update your installed products.

Upgradeable Products
Product Architecture  Installed Upgrade To
X86 5729 5730
%] |Z| Connector/) X86 5148 5149
%} E MySQL Documentation X86 5729 5730
] B Samples and Examples X86 5729 5730
Available Upgrades
Version Published Changes

|

Figure 21: Installation of MySQL 5.7

[Z] MysaL Installer

MySQL. Installer
Upgrading Community

Apply Updates

The following products will be updated.

Upgrade Status Progress  Notes
MySQL Server 5.7.30 (Upgradin... Ready to download
[E=] connector/s 5.1.49 (Upgrading... Ready to download
[=] mysat Documentation 5.7.30 (.. Ready to download
Samples and Examples 5.7.30 (.. Ready to download
Click [Execute] to update the following packages.

Figure 22: Installation of MySQL 5.7

[Z] mysaL Installer

MySQL. Installer

Upgrading Community

Apply Updates

The following products will be updated.

Upgrade

é Connector/) 5.1.49 (Upgradi

MySQL Server 5.7.30 (Upgradin...

[©) E] MySQL Documentation 5.7.30 (...
Samples and Examples 5.7.30 (..
Pl Pl

Status Progress
Downloading... 55%
-

Downloaded

Downloaded

Notes

Show Details >

Figure 23: Installation of MySQL 5.7




[Z] mysaL Installer

MySQL. Installer

Upgrading Community

Apply Updates

Apply Updates

The following products will be updated.

Upgrade Status Progress  Notes
MySQL Server 5.7.30 (Upgradin..  Complete
@. Connector/) 5.1.49 (Upgrading.. Complete
@ (=] mysaL Documentation 5.730 (.. Complete

9 [;—:] Samples and Examples 5.7.30 (...

Complete

Show Details >

Figure 24: Installation of MySQL 5.7

[Z] MysQL Installer

MySQf. Installer

Upgrading Community

- x
Product Configuration
We'll now walk through a configuration wizard for each of the following products.
You can cancel at any point if you wish to leave this wizard without cenfiguring all the
products.
Product Status
MySQL Server 5.7.30 Ready to configure
Samples and Examples 5.730 Ready to configure
< >

Figure 25: Installation of MySQL 5.7

[Z] MysQL Installer

MySQL. Installer
MySQL Server 5.7.30

d Upgrade D

Check and Upgrade Database

To maintain data integrity following a server upgrade, MySQL Installer must check your database
and upgrade its system and data dictionary tables if necessary.

Before performing an upgrade, back up the MySQL database to ensure it can be restored later.

Back up the MySQL database before upgrading its system tables

The check and upgrade process needs to be performed using the MySCL root user account
created when MySQL Server was initially installed. Please enter the current password for this user.

User: root@Iocalhost

Password:

Check

[4] Skip system tables upgrade check and process. (Not recommended)

Figure 26: Installation of MySQL 5.7
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[Z] mysaL installer - X

W\
MySQL. Installer Apply Configuration
MySQL Server 5.7.30 Click [Execute] to apply the changes
Configuration Steps Log

O Writing configuration file
O Starting the server

QO Updating the Start menu link

\ <Back H Execute ]| Cancel

Figure 27: Installation of MySQL 5.7

[Z] MysQL Installer - X

MySQL. Installer Apply Configuration
Samples and Examples Click [Execute] to apply the changes
Configuration Steps Log

O Checking if there are any features installed that need configuration.

O Running Scripts

Figure 28: Installation of MySQL 5.7

[Z] MysQL Installer - X

MySéf. Installer Finished

Upgrading Community
The Upgrade has completed. Please click Finish to close this wizard.

Copy Log to Clipboard

Finished

Figure 29: Installation of MySQL 5.7
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4 Programming Code
This section presents programming code of data collection, data preparation, pre-processing,
and implementation of all five datasets with R and MySQL.

4.1 Data Collection for Data 1, Data 2, and Data 3 by R
4.1.1 Datal: GPI Score
Data 1 was scraped from a PDF in the website. The image of PDF is presented in Figure 30.

Figure 30: Image of source data of GPI Ranking 2019

Figure 31 presents how to scrape the GPI score from the pdf in the site.

# Collect GPI 2019 ranking and scores from 2 pages.

Tibrary(tabulizer)

GPI2019 <- 'http://visionofhumanity.org/app/uploads/2019/07/GPI-2019web.pdf’
GPI2019_countryl <- as.data.frame(extract_tables(GPI2019, pages = 10))
GPI2019_country2 <- as.data.frame(extract_tables(GPI2019, pages = 11))

# set header : to bind the data it requires to set the same header
header <- c("Rank", "Country", "Score")

contryl <- GPI2019_countryl[,c(1:3)]

contry2 <- GPI2019_countryl[,c(5:7)]

Contry3 <- GPI2019_countryl[,c(9:11)]

contry4 <- GPI2019_country2[,c(1:3)]

contry5 <- GPI2019_country2[,c(5:7)]

Contry6 <- GPI2019_country2[,c(9:11)]

colnames(Contryl) = header
colnames(Contry2) = header
colnames(Contry3) = header
colnames(Contry4) = header
colnames(Contry5) = header
colnames(Contry6) = header

Tibrary(dplyr)
GPI2019_country <- rbind_all(list(Contryl, Contry2, Contry3,
Contry4, Contry5, Contry6))

Figure 31: Scrap GPI score data from the site
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The difference of country name was checked against GPI country name in excel file (Technical
report 4.2.1 Data 2). Figure 32 presents the adjustment of country names. (Original Source:

Garrett Grolemund?)

# convert country name (set the same country name as the URL in GPI2019_country)

GPI2019_countryS$Country[GPI2019_countrySCountry
GPI2019_countryS$Country[GPI2019_countrySCountry
GPI2019_countryS$Country[GPI2019_countrySCountry
GPI2019_countrySCountry[GPI2019_countrySCountry
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_country$Country
GPI2019_countrySCountry[GPI2019_country$Country
GPI2019_countrySCountry[GPI2019_country$Country
GPI2019_countrySCountry[GPI2019_countrySCountry
GPI2019_countrySCountry[GPI2019_countrySCountry
GPI2019_countrySCountry[GPI2019_countrySCountry
GPI2019_countryS$Country[GPI2019_countrySCountry
GPI2019_countryS$Country[GPI2019_countrySCountry
GPI2019_countryS$Country[GPI2019_countrySCountry
GPI2019_countrySCountry[GPI2019_countrySCountry
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country
GPI2019_countrySCountry[GPI2019_countrys$Country

"New Zealand"]

"Czech Republic"]
"Costa Rica"]

"United Kingdom"]
"Sierra Leone"]
"United Arab Emirates"]
"The Gambia"]

"North Macedonia"]
"Moldova"]

"Equatorial Guinea"]
"Eswatini"]

"Bosnia & Herzegovina']
"Dominican Republic"]
"Trinidad and Tobago"]
"Kyrgyz Republic™]
"Papua New Guinea"]
"Burkina Faso"]

"Cote d' Ivoire"]

"E1 salvador™]

"Rep of the Congo"]
"South Africa"]

"Saudi Arabia"]

"North Korea"]
"Central African Rep"]
"Sri Lanka"]

"South Korea"]

"South Sudan"]

<=

"New_Zealand”
"Czech_Republic”
"Costa_Rica"
"United_Kingdom"”
"Sierra_Leone"
"United_Arab_Emirates"
"Gambia"

"Macedonia”
"Moldavia"
"Equatorial_Guinea"
"Swaziland"
"Bosnia-Herzegovinia'
"Dominican_Republic”
"Trinidad_and_Tobago'
"Kyrgyzstan”
"Papua_New_Guinea"
"Burkina_Faso"”
"Ivory_Coast”
"E1_Salvador"”
"Congo"
"South_Africa”
"Saudi_Arabia”
"North_Korea"
"Central_African_Rep
"Sri_Lanka"
"South_Korea"
"South_sudan"

"Dem. Rep of the Congo"] <- "Rep_Congo"

Figure 32: Update country names

Figure 33 presents how to remove countries from GPI data which are not in the weather data
site. (If the county does not exist in the search list, program recognize as an error and
programming stops, therefore those countries are removed in advance for the automation and

will be recovered when data 2 and data 3 are joining)

# EXTRACT TARGET COUNTRIES 163
write.csv(GPI2019_countryl63,

# remove no data country

"GPI2019_countryl63.csv")

# (because in the scrape automation, if those counties are in the Tist,

# it returns error message and program stops)

GPI2019_countryS$Country[GPI2019_country$Country == "South_Sudan" |
GPI2019_country$Country == "Palestine” |
GPI2019_country$Country == "Tajwan" |
GPI2019_country$Country == "Kosovo" |
GPI2019_country$Country == "Timor-Leste" |
GPI2019_country$Country == "Serbia" |
GPI2019_country$Country == "Montenegro" |

GPI2019_country$Country =

GPI2019_country <- na.omit(GPI2019_country)

# get 155 country
# EXTRACT TARGET COUNTRIES 155

write.csv(GPI2019_country, "GPI2019_country.csv")

Figure 33: Temporary removed countries

! https://rstudio-education.github.io/hopr/modify.html
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"Rep_Congo"] <- NA


https://rstudio-education.github.io/hopr/modify.html

4.1.2 Data 2: Global Warming Time-Series Weather information
Figure 34 presents the site which has 10 factors and its parameter information in Table 2 below.

B @‘ CRUCY v3.23 x [

& — O n ] https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/

Climatic Research Unit : Data : HRG : CRUTS v3.23 : CRUCY v3.23

CRUCY v3.23

cld

dtr

frs

pet

pre

tmn

tmp

tmx

EP

wet (revised, v3.23.01)

Figure 34: Root site of the weather data

Table 2: Parameter full name in Figure 34

web Parameter name web Parameter name web | Parameter name
cld  Cloud cover pre  Precipitation vap Vapour Pressure
dtr  Diurnal Temperature Range tmn = Minimum Temperature wet Rain Days

frs  Ground Frost Frequency tmp  Mean Temperature

pet  Potential Evapotranspiration tmx = Maximum Temperature

Figure 35 presents a sample from cld at the top of the link in Figure 34 above. This site shows
links of 289 countries. The dada of 163 countries which matches with GPI data need to be

scrapped.

| .—:11 CRUCY v3.23 Country A X o

Sl =210 @ 8 | https;//crudata.uea.acuk/crufdatashrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/cld/

Climatic Research Unit : Data : High-Resolution Datasets : CRU TS 3.23 : CRU CY 3.23 Variables

CRUCY v3.23 Country Averages: CLD

To download a file, right-click on the filename and select "SAVE AS..." or "Save Link As..."

Filename Size (kb)
crucy.v3.23.1901.2014.Actaeon_Group.cld.per 16
crucy.v3.23.1901.2014. Afghanistan.cld.per 16
crucy.v3.23.1901.2014.Albania.cld.per ' 16
crucy.v3.23.1901.2014.Aldabra_Isl.cld.per 16
crucy.v3.23.1901.2014.Aleutians.cld.per 16
pppppppp 22310012014 Algeriacld ner 16

Figure 35: Inside of the site of figure 34 above
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Figure 36 presents a data sample country Afghanistan in Figure 35 above. ANN (annual
average) is the target date to be collected.

‘ﬁi crudata.uea.ac.uk X |+ v
e G T 8 | https//crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/cld/crucy.v3.23.1901.2014.Afghanistan.cld.per

Climatic Research Unit Country File created on Thu 2 Jul 2015 18:16:18 BST, from CRU TS run #1506241137

Country = Afghanistan : Parameter = Cloud Cover : Units = percentage

Period = 1901.2014 : missing value = -999.0 : format = (i5,17f8.1)

YEAR JAN FEB MAR APR MAY JUN JuL AUG SEP ocT NOV DEC MAM JJA SON DJF ANN
1901 50.1 51.2 51.6 47.2 34.8 23.5 23.8 19.8 19.4 29.4 30.6 44.1 44.5 22.1 26.5 56.0 35.4
1902 52.1 53.7 53.0 49.3 31.1 18.2 24.5 20.1 15.2 24.7 30.7 46.9 44.5 20.9 23.5 56.2 34.9
1903 50.8 53.7 57.3 49.8 35.9 22.0 25.0 23.0 20.9 21.1 29.1 44.9 47.7 23.3 23.7 49.7 36.1
1904 50.4 53.8 55.8 52.1 36.6 23.4 22.4 20.3 19.1 23.7 32.7 46.1 48.2 22.1 25.1 50.7 36.4
1905 52.3 53.6 52.4 47.9 36.2 23.2 32.4 26.3 19.1 23.6 31.9 46.3 45.5 27.3 24.9 56.5 37.1
1906 51.6 53.4 51.4 50.0 36.6 26.1 27.8 22.2 20.9 22.1 31.0 46.9 46.9 25.3 24.7 51.3 36.7
1907 52.0 55.8 52.6 49.2 35.6 26.5 34.8 23.7 20.5 28.9 34.6 45.0 45.8 28.3 28.0 50.1 38.2
1908 51.3 54.0 55.9 54.2 40.3 21.2 29.4 23.7 18.2 24.8 29.4 46.4 50.1 24.8 24.1 49.5 37.4
1909 49.3 52.8 53.8 47.7 32.6 20.0 25.6 20.5 18.90 22.5 29.3 44,2 44.7 22.9 23.3 49.3 34.7
1910 50.3 53.4 52.2 46.1 31.5 22.5 22.6 21.3 20.9 24.9 30.5 45.@ 43.2 22.2 25.4 49.8 35.1
1911 51.5 52.9 55.3 48.1 34.9 21.3 24.2 21.7 19.6 24.4 29.3 44.7 46.1 22.4 24.5 49.9 35.7
1912 52.4 52.8 51.9 44.5 32.4 19.8 21.4 21.2 16.4 20.9 27.7 46.3 42.9 20.8 21.4 51.3 33.9
1913 53.2 54.3 51.2 48.9 29.6 20.7 20.6 24.7 16.8 29.0 32.9 46.0 43.2 22.0 26.3 56.5 35.7
1914 50.8 54.5 56.4 46.9 33.7 20.4 22.1 23.3 16.6 23.5 37.2 46.9 43.7 21.9 25.8 49.7 35.5
1915 49.3 53.6 48.9 53.0 31.e 19.8 27.6 20.5 16.7 21.8 26.8 44.5 44.3 22.4 21.8 56.5 34.4
1916 53.0 54.8 54.5 49.9 33.6 25.2 25.2 21.0 19.1 21.3 28.4 44.1 46.0 23.8 22.9 48.4 35.8
1917 49.3 51.7 47.2 34.4 30.3 21.0 24.8 23.9 18.6 24.9 28.7 44.4 37.3 23.2 24.1 49.9 33.3
1918 51.0 54.4 54.1 48.0 31.8 21.3 23.8 20.2 16.5 22.5 30.6 45.4 44.7 21.8 23.2 49.3 35.0
1919 49.6 52.7 52.3 46.5 35.3 22.2 24.6 21.0 18.8 20.2 26.4 46.0 44.7 22.6 21.8 50.7 34.7
1820 B3 A B2 4 E2 A Y- ) 2L & $-3 2 21 R = 2 R a4a R AR 9 24 A ) Ea_7 T

Figure 36: Inside of the site of Figure 35 above

Figure 37 presents the programming how to create a link table for the automation and create
download path.

# create download data 1ink in a frame
data_contents <- c("Cloud cover"”
"Diurnal Temperature Range",
"Ground Frost Frequency",
"Potential Evapotranspiration”,
"Precipitation”,
"Minimum Temperature",
"Mean Temperature",
"Maximum Temperature",
"Vapour Pressure",
"Rain Days")

# Get key URL address

data_link <- c("https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/cld/",
"https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/dtr/",
"https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/frs/",
"https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/pet/",
"https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/pre/",
"https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/tmn/",
"https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/tmp/",
"https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/tmx/",
"https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/vap/",
"https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_3.23/crucy.1506241137.v3.23/countries/wet/"

)

download_1link <- data.frame(data_contents, data_link) # use for output file name
download_count <- download_1ink[,2] # use for counter length

# create download path
dir_path <- "C:/Wakako/NCI/2020_Data_Analytics_MSc/Program/Download_data"
dir.create(file.path("Download_data"), recursive = TRUE)

Figure 37: Programming Code of Creating link table
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Figure 38 to Figure 43 present data scraping automation to obtain URL from 10 sites for 163
countries in for loop. (Original Source: Arvid Kingl?, 2018)

# Download Automation
download_Toop = 1:7length(download_count)
for (i in download_loop) {

# refresh from previous loop

page <- NULL

# GET Full address of target file for downloading.
Tibrary(xml2)
page <- read_html(as.character (download_count[i]))

Tibrary(rvest)
Tibrary(stringr)
zip_url = page %>%
htm1_nodes("a") %>%
html_attr ("href") %>%
str_subset("\\.per")
zip_url

zip_url_frame <- data.frame(zip_url)

zip_url_frame$adress <- download_link[7,2]

full_url <- paste(zip_url_frame$adress, zip_url_frameSzip_url, sep="")
full_url <- data.frame(full_url)

Figure 38: Scraping Automation 1 — to be continued to Automation 2

Figure 39 presents how to pick country name from URL which are matching with GPI country,
and create path which use temporary during the downloading, and clear the data before the next
country information (this is avoiding data duplication)

# pickup target 163 countries from GPI2019 countries

# remove 110 letters from the beginning and 9 Jletters from the end

if(i==10) { # the Tlast one (10th) has different number of character in the http address
full_urlscountry <- str_sub(full_url[,1], start = 114, end = -9)

else {
full_urlscountry <- str_sub(full_url[,1], start = 111, end = -9)
}

# right join to check country and data between GPI2019 and data existance
full_url_merge_R <- right_join(full_url, GPI2019_country, by="Country")
#write.csv(full_url_merge_R, "merge_data.csv")

# eventually we get 155 countries data location URL data
Total_cCountry <- full_url_merge_R[,2:4]
Total_url <- full_url_merge_R[,1]

# Automatically download per fi1eﬂ

# --- remove temp files from previous action

delete_tempfiles <- dir("C:/wakako/NCI/2020_Data_Analytics_MSc/Program/Download_data/DownloadData/DownloadData_per",
recursive=T,full.names=T)

file.remove (delete_tempfiles)

# -—-

tmp_dir = file.path(dir_path, "DownloadData")
per_dir <- file.path(tmp_dir, "DownloadData_per")

dir.create(file.path("Download_data","DownloadData_per"), recursive = TRUE)

Figure 39: Scraping Automation 2 -- to be continued to Automation 3

2 https://www.datacamp.com/community/tutorials/r-web-scraping-rvest
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Figure 40 presents downloading data per URL.

# Pull out each url using a for loop
zip_loop = 1:length(Total_url)
for (j in zip_loop) {

tmp_url = as.character(Total_url1[j]l)

# per_file <- str_sub(tmp_url, start = 111, end = -9) ## get country name
# per_file <- paste("country_", i, ".csv", sep = "")
per_file <- j # file name is number
per_file = file.path(per_dir, per_file) ## per file name as file path
download.file(tmp_url, destfile = per_file) ## download per file
Sys.sleep(l)

}

# read data to join them all

files <- 1ist.files(path = "C:/Wakako/NCI/2020_Data_Analytics_MSc/Program/Download_data/DownloadData/DownloadData_per",

full.names = T)

Figure 40: Scraping Automation 3 -- to be continued to Automation 4

Figure 41 presents scraping country name and rest of data. The data was collected with flat
shape therefore it was transformed to the original shape and jointed the country which are

previously obtained.

all_Country <— NULL
for (k in zip_loop) {
inputdata <- read.delim(files[k], head=F, sep="," ,na.strings = c("", "NA"))
# remove the 1st and the 3rd rows
Year_data <- inputdatalc(-3,-1),]

# get country name
Country_org <- str_sub(vear_data[1,1], start = 11) _
Country_org <- gsub(" ", "", strsplit(Country_org,split=":")[[1]]1[1]) # remove space

# remove 1st row
Year_data <- Year_data[-1,]

# set in data frame
frame_data <- strsplit(as.character(Year_datal[,1]), " +")

# convert to data frame
Counrty_clean <- as.data.frame(frame_data,drop=FALSE)
Counrty_clean_update <- Counrty_clean[-1,]

# back to original form
Tibrary(data.table)
Country_trans <- transpose(Counrty_clean_update)

# set header

header <— c("Vear™, "JAN", “FEB", "MAR", “APR", "MAY", "JUN", "JUL", "AUG", “SEP"
“ocT, TNV, TDECT, MAM® . "31A . SON". DI, TANNT)

colnames (Country_trans) = header

# remove header duplication
Country_trans <- Country_trans[-1,]

# set country name

Country_trans$Country <- Country_org
all_Country <- rbind(all_Country, Country_trans)

Figure 41: Scraping Automation 4 -- to be continued to Automation 5

Figure 42 presents tidying the data sort by country and year and creating output file with factor

name which are in contents name (top in Fig 37). All data was extracted for data checking.

# set file export location
setwd("C: /Wakako/NCI/2020_Data_Analytics_Msc/Program/Output™)

# switch the order of all data.
all_Country <- all_Country[,c(19,1:18)]

# sort data by country year
Sort_all_Country <- all_Countrylorder(all_CountryS$Country, all_CountryS$Year),]

# extract data
file_name <- paste(download_Tlink[i,1], ".","csv", sep="")
file_name

# file export
write.csv(Sort_all_Country, file_name)

Figure 42: Scraping Automation 5 -- to be continued to Automation 6
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Figure 43 presents creating final output. From the scraped data country name, Year and ANN
(annual mean) were extracted and joined for 163 countries.

# set only annual average data --> header = "ANN"
ave_data <- sort_all_country[,c(1,2,19)]

# extract data
file_name_ave <- paste(download_link[i,1], "_","ave",".","csv", sep="")
file_name_ave

# file export
write.csv(ave_data, file_name_ave)

# gather all ave data
# set header from file name
Title_name <- paste(download_link[i,1])

if (G==1){
header_ave <- c("Counrty"”, "vear", Title_name)
colnames (ave_data) = header_ave
GW_ave_all <- NULL
Gw_ave_all <- ave_data

else {
header_ave <- c("Counrtyl"”, "Yearl", Title_name)
colnames (ave_data) = header_ave
GwW_ave_all <- cbind(GW_ave_all, ave_data)
GW_ave_all <- subset(GW_ave_all, select = -c(Counrtyl, Yearl))

}
# go back to original work location
setwd("C: /Wakako/NCI/2020_Data_Analytics_MSc/Program™)

Figure 43: Scraping Automation 6 -- Automation end here

Figure 44 presents to set shorten the name for header.

# --- remove temp files

delete_tempfiles <- dir("C:/wakako/NCI/2020_Data_Analytics_MSc/Program/DownTload_data/DownToadbata/DownloadData_per",
recursive=T,full.names=T)

file.remove(delete_tempfiles)

# —_—

# Set header in the final collected data
Final_header <- c("Country",

Year
"Cld_cv", # "Cloud cover",
"Temp_day", # "Diurnal Temperature Range",
"Gnd_Fr", # "Ground Frost Frequency",
"Pot_Eva", # "Potential Evapotranspiration”,
"Prcp", # "Precipitation”,
"Min_Tmp", # "Minimum Temperature”,
"Mean_Tmp", # "Mean Temperature",
"Max_Tmp", # "Maximum Temperature",
"vap_prs", # "vapour Pressure",

#

"Rn_day") "Rain Days"

colnames(GW_ave_all) = Final_header

dim(Gw_ave_all)
str(Gw_ave_all)

Figure 44: Set short name header
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Figure 45 to 47 present how to obtain the oldest and the newest 10 years average of mean
temperature and its increase rate.

e T T T T #
# Obtain increased mean temperature between the oldest 10 years (1901-1910) and

# the newest 10 years (2005-2014)

# then find increased temperature and increased rate

H m e - #

# obtain country, year and mean temp
temp_check <- Gw_ave_all1[,c(1,2,9)]
temp_checkS$year <- as.numeric(temp_check$year)
dim(temp_check)

str(temp_check)

# remain year between 1901-1910 and 2005-2014.

temp_checkSyear [temp_checkSyear > 1910 & temp_check$Year < 2005 ] <- NA
temp_check <- na.omit(temp_check)

dim(temp_check)

str(temp_check)

# Transpose the data country vs year

Tlibrary(data. table)

setDT(temp_check)

Yearl0 <- dcast(temp_check, Country ~ Year, value.var = "Mean_Tmp")
str(yearl0)

# get mean of oldest and newest 10 years

YearlO_header <- c("Country™, "Y1901", "Y1902", "¥Y1903", "Y1904™, "Y1905",
"y1906", "y1907", "y1908", "Yy1909", "vy1910",
"Y2005", "y2006", "Y2007", "Y2008", "Y2009",
"y2010", "vy2011", "y2012", "vy2013", "Y2014") |

colnames(yYearlQ) = YearlO_header
str(yearl0)
dim(yearl0)

Figure 45: Obtaining the older and the newest 10 years mean temperature

# Set data as numeric type

Yearl0$Y1901 <- as.numeric(Yearl0$Y1901)
Yearl0$Y1902 <- as.numeric(Yearl03yv1902)
Yearl0$Y1903 <- as.numeric(Yearl0$Y1903)
Yearl0$Y1l904 <- as.numeric(Yearl03y1904)
Yearl05Y1905 <- as.numeric(Yearl0$Y1905)
Yearl0$Y1906 <- as.numeric(Yearl0$Y1906)
YearlQ$yY1907 <- as.numeric(yearlQ$yl907)
Yearl0$Y1908 <- as.numeric(Yearl0$Y1908)
Yearl0$Y1909 <- as.numeric(Yearl03$Y1909)
Yearl05Y1910 <- as.numeric(yearl0$y1910)
Yearl0$Y2005 <- as.numeric(Yearl0$Y2005)
Yearl05Y2006 <- as.numeric(yearlQ$y2006)
Yearl0$Y2007 <- as.numeric(Yearl0$Y2007)
Yearl0$Y2008 <- as.numeric(Yearl03$y2008)
Yearl05Y2009 <- as.numeric(Yearl0$y2009)
Yearl0$Y2010 <- as.numeric(Yearl0$Y2010)
Yearl0$Y201ll <- as.numeric(yearlQ$y2011)
Yearl0$Y2012 <- as.numeric(Yearl0$Y2012)
Yearl0$Y2013 <- as.numeric(Yearl03$y2013)
Yearl05Y2014 <- as.numeric(yearl0$y2014)
str(Yearl0)

Yearl0501dl0ave <- (Yearl0$Y190l+Yearl0$Y1902+Yearl0$Y1903+Yearl03Y1904+Yearl03Y1905+
Yearl0SY1906+Yearl0$Y1907+Yearl05Y1908+Yearl05Y1909+Yearl0$Y1910) /10

YearlOSNewlOave <- (YearlO0$Y2005+Yearl0$Y2006+Yearl05Y2007+Yearl03Y2008+Yearl03y2009+
Yearl0SY2010+Yearl0$Y2011l+Yearl03$Y2012+Yearl03Y2013+Year1l0$Y2014) /10

str(Yearl0)

dim(Yearl0)

Figure 46: Calculating average of old and new mean temperature
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# obtain difference between oldest and newest, and increase rates
Temp_Inc <- YearlO[,c(1,22,23)]

Temp_Inc$Tp_diff <- Temp_IncSNewlOave - Temp_Inc3$0ldlOave
Temp_Inc$Tp_IncR <- Temp_Inc3NewlOave/Temp_Inc$0ldlOave

Temp_Inc <- Temp_Inc[,c(1,4,5)]

str(Temp_Inc)

Figure 47: Calculating the increase rate

Figure 48 presents to get average data of all data set by country and joint the dataset from
Figure 47 and complete preparation of data 2.

# Change data type to numeric

GW_ave_al13$Cld_cv <- as.numeric(GwW_ave_al1%Cld_cv)
GW_ave_allSTemp_day <- as.numeric(GW_ave_all$Temp_day)
GW_ave_all13Gnd_Fr <- as.numeric(Gw_ave_alliGnd_Fr)
GW_ave_all%Pot_Eva <- as.numeric(GwW_ave_all$Pot_Eva)
GW_ave_al1S$Prcp <- as.numeric(GW_ave_aTl1%Prcp)
GW_ave_aTl1iMin_Tmp <- as.numeric(Gw_ave_allsMin_Tmp)
GW_ave_allSMean_Tmp <- as.numeric(GW_ave_all$Mean_Tmp)
GW_ave_allSMax_Tmp <- as.numeric(GW_ave_all$Max_Tmp)
GW_ave_allSvap_prs <- as.numeric(GW_ave_all$vap_prs)
GW_ave_all13SRn_day <- as.numeric(GW_ave_all13Rn_day)

# calculate average data by country in the range of 1900 to 2014
GW_agg_ave_all <- aggregate(GwW_ave_all[,c(3:12)], by = Tlist(Gw_ave_allSCountry), FUN = mean)
str(GwW_agg_ave_all)

# update the title
names (GW_agg_ave_all) [names(GW_agg_ave_all)=="Group.1l"] <- "Country"
str(GwW_agg_ave_all)

# join temperature difference and temperature increase rate on GwW_agg_ave_all
GW_agg_ave_allT <- merge(x=GW_agg_ave_all, y=Temp_Inc, by="Country"”, all.x=TRUE)
str(GwW_agg_ave_allT)

write.csv(GwW_agg_ave_allT, "GW_agg_ave_allT.csv")
GW_agg_ave_all <- GW_agg_ave_allT

Figure 48: Data 2 preparation is complete here

4.1.3 Data 3: CO2 Emission data

Figure 49 presents loading fossil CO2 data and select country name and CO2 emission data of
1970 and 2017.

# - —_———— —_——— ————
# Data3 from EU Open Data Portal
# Obtain C02 Emissions rate of 1970, 2017 and increase rate between 1970 and 2017
# = ——=== —=== ——=== === #
# Load data
setwd("C: /wakako/NCI/2020_Data_Analytics_MsSc/Program/Output™)
CO2_EM <- read.csv("fossil_CO2_totals_by_country.csv", header=T,

na.strings=c(""), stringsAsFactors = T)

Il
]
]
=

str(CO2_EM)
dim(CO2_EM)

# Get Country name and 1970 and 2017 data
header <- c("Country", "C02_1970", "C02_2017")
CO2_INC <- CO2_EM[,c(1,2,49)]

colnames (CO2_INC) = header

CO2_INCSCountry <- as.character(CO2_INCS$Country )
str(CO2_INC)

Figure 49: Collection of CO2 Emission data
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The difference of country name was checked against GPI country name in excel file (Technical
report 4.2.1 Data 2). Figure 50 to 53 present correcting country name and dealing with missing

data.

# Set the same country name as the

CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCS$Country[CO2_INCSCountry
CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry
CO2_INCSCountry
CO2_INCSCountry
CO2_INCSCountry
CO2_INCSCountry
CO2_INCSCountry
CO2_INCSCountry
tOZ_INCSCOuntry[c02_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCS$Country[CO2_INCS$Country

GPI data

"Bosnia and Herzegovina']
"Burkina Fasao"]

"Central African Republic"]
"Cczechia"]

"Hong Kong" |

"Macao"]

"Costa Rica"]

"Faroes" |

"Greenland” ]

"Dominican Republic™]

"E1 salvador™]
"Equatorial Guinea"]
"France and Monaco"|
"French Guiana" |
"French Polynesia"” |
"Guadeloupe™ |
"Martinique” |

"New Caledonia” |
"Reunion™ |

"saint Pierre and Miquelon"] <-

"The Gambia"]

"Italy, San Marino and the Holy

<- "Boshia-Herzegovinia"
<- "Burkina_Faso"

<- "Central_African_Rep"
<- "Czech_Republic”

<= "China"

<- "Costa_Rica"

<- "Denmark"

<- "Dominican_Republic”
<- "E1_Salvador"”

<- "Equatorial_Guinea"

"France"
"Gambia"
See"] <- "Italy"

<—

"Israel and Palestine, State of"] <- "Israel"

"Ivory Coast"]

"former Yugoslav Republic of Macedonia, the"] <-

"Moldova"]
"Myanmar /Burma." ]

<- "Ivory_cCoast"”
"Macedonia"
<- "Moldavia"

<- "Myanmar"

Figure 50: Country name adjustment — part 1

CO2_INCS$Country[CO2_INCSCountry

CO2_INCS$Country[CO2_INCSCountry ==

CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCS$Country[CO2_INCSCountry

CO2_INCSCountry[CO2_INCSCountry ==

CO2_INCS$Country[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry
CO2_INCS$Country[CO2_INCSCountry
CO2_INCS$Country[CO2_INCSCountry
CO2_INCS$Country[CO2_INCSCountry
CO2_INCS$Country[CO2_INCSCountry
CO2_INCSCountry[CO2_INCSCountry

CO2_INCSCountry

CO2_INCSCountry

CO2_INCSCountry

CO2_INCSCountry ==

CO2_INCSCountry
CO2_INCSCountry

CO2_INCSCountry ==

Figure

"Curacao"]

"New Zealand"]
"North Korea"]
"Papua New Guinea™]
"Saudi Arabia"]

= "Sierra Leone"]

"south Africa™]
"South Korea"]

= "Spain and Andorra"]

= "Sri Lanka"]

= "Sudan and South Sudan"]

= "Switzerland and Liechtenstein”] <- "Switzerland"

= "Trinidad and Tobago"]

= "United Arab Emirates™]

= "Democratic Republic of the Congo"] <- "Rep_Congo"

= "Serbia and Montenegro"]

= "Bermuda” |

= "British virgin Islands" |

= "Cayman Islands"” |
|

"Falkland IsTlands™
"Gibraltar"” |

<- "Netherlands"
<- "New_Zealand"
<- "North_Korea"
<- "Papua_New_Guinea"
<- "Saudi_Arabia"
<- "Sijerra_Leone"
<- "south_Africa”
<- "South_Korea"
<- "Spain”

<- "Sri_Lanka"

<- "sudan"

<- "Trinidad_and_Tobago"
<- "United_Arab_Emirates"”

<- "Serbia”

"Saint Helena, Ascension and Tristan da Cunha"

"Turks and Caicos IsTlands"”
"United Kingdom™]
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<- "United_Kingdom"

51: Country name adjustment — part 2



CO2_INCSCountry[CO2_INCS$Country == "United States"] <- "UsA"

CO2_INCSCountry[CO2_INCSCountry == "Anguilla” \
CO2_INCS$Country == "Antigua and Barbuda"” \
CO2_INCS$Country == "Aruba" |
CO2_INCSCountry == "Bahamas™
CO2_INCS$Country == "Barbados"
CO2_INCS$Country == "Belize"

CO2_INCS$Country == "Brunei"

CO2_INCSCountry == "Cape Verde"
CO2_INCS$Country == "Comoros"

CO2_INCS$Country == "Cook IsTlands" \
CO2_INCS$Country == "Dominica" |
CO2_INCS$Country == "Fiji"

CO2_INCSCountry == "Grenada" |
CO2_INCS$Country == "Kiribati"
CO2_INCS$Country == "Luxembourg" \
CO2_INCS$Country == "Maldives"
CO2_INCS$Country == "Malta”

CO2_INCSCountry == "Palau"

CO2_INCS$Country == "Puerto Rico" |
CO2_INCSCountry == "saint Kitts and Nevis" |
CO2_INCS$Country == "Saint Lucia" |
CO2_INCS$Country == "Saint vincent and the Grenadines™ |
CO2_INCS$Country == "Samoa" |
CO2_INCS$Country == "Serbia and Montenegro" |
CO2_INCS$Country == "Seychelles" \
CO2_INCSCountry == "Solomon IsTlands" \

Figure 52: Country name adjustment — part 3

At the section of add missing country in Figure 53, data for Montenegro was separated from
Serbia and Montenegro, therefore the same data as Serbia. South Sudan use the same data as
Sudan.

CO2_INC$Country == "Suriname" |
CO2_INCSCountry == "Tonga" |
CO2_INC$Country == "Vanuatu" |
CO2_INCSCountry == "Western Sahara" |
CO2_INCSCountry == "International Aviation" |
CO2_INCSCountry == "International Shipping” |
CO2_INCECountry == "EU28" |
CO2_INCSCountry == "GLOBAL TOTAL"] =- NA

# remove no data rows
C02_INC <- na.omit(COZ2_INC)

# add missing country rows from data 2.

df <- data.frame(
Country = c("Palestine"”, "Kosowvo", "Palestine", "Montenegro”,

"Macedonia", "south_sudan", "Gambia"),

C02_1970 = ¢(0,0,0,0.64,0,1.57,0),
COZTZOI? = ¢(0,0,0,0.93,0,14.65,0),
stringsAsFactors = FALSE

)

df

C02_INC <- rbind(COZ2_INC, df)

dim(CO2_INC)

Figure 53: Country name adjustment — part 4 and deal with missing data
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By adjusting country name inf Fig 50 to 53, it turned out that some countries have a value of
two or more. Based on this, Figure 54 presents adding each data country to fit in 163 countries,
and it joined to the data prepared in data 2.

# Aggregate each country and calculate increasing rate

Tibrary(dplyr)

CO2_Agg <- aggregate(CO2_INC[,c(2:3)], by=Tist(CO2_INCSCountry), FUN=sum)
C02_AggS$Inc_Rate <- round(C02_Agg$C02_2017/C02_Aggs$C02_1970, digits = 5)
dim(C02_Agg)

str(Co2_Agg)

# update column name to "Country"
names (CO2_Agg) [names (CO2_Agg)=="Group.1l"] <- "Country"
write.csv(CO2_Agg, "CO2_Agg.csv'™)

#rm(GW_ALL)

# Global warming final data

# Join increase rate of CO02 emission to the other Global warming data above
GW_ALL <- merge(x=C02_Agg, y=GW_agg_ave_all, by="Country", all.x=TRUE)

# Join GPI ranking score as GPI_Score with numeric data type
GW_ALL <- merge(x=GPI2019_countryl63, y=GW_ALL, by="Country"”, all.x=TRUE)
names (GW_ALL) [names (GW_ALL)=="Score"] <- "GPI_Score"

# set as numeric format

GW_ALLSGPI_Score <- as.numeric(GW_ALLSGPI_Score)
str(GW_ALL)

summary (GW_ALL)

Figure 54: Aggregate data by country and join to data 2

Figure 55 presents removing unused factors. Rank was removed because it is not analytical
data, and there is Mean Temperature therefore Minimum Temperature and Maximum
Temperature were removed.

# Remove Rank, Min_Tmp and Max_Tmp --> Mean_Tmp can tell
GW_ALL%Rank <- NULL

GW_ALLSMin_Tmp <- NULL

GW_ALLSMax_Tmp <- NULL

str(GW_ALL)|

Figure 55: Removing unused data

Figure 56 presents dealing for missing data by random forest. (Origianl Source: NCI ADM
Class Text)

# some country doesn't have full data
# missing data is filled by Random forest
# Random Forest
Tibrary(mice)
# use 4 factors to judge the missing data, (those data no observation missing)
mice_mod <- mice(GW_ALL[, 'names(GW_ALL) %in%
c(2:5)], m = 3, maxit = 3, method ="rf")
mice_output <- complete(mice_mod)

# Replace missing data in GW_ALL main data
GW_ALLSInc_Rate <- mice_output$Inc_Rate
GW_ALLSCld_cv  <- mice_outputsScld_cv
GW_ALLSTemp_day <- mice_outputSTemp_day
GW_ALLSGnhd_Fr <- mice_output$Gnd_Fr
GW_ALLSPot_Eva <- mice_outputfPot_Eva
GW_ALLSPrcp <- mice_outputSPrcp
GW_ALLSMean_Tmp <- mice_outputSMean_Tmp
GW_ALLSVap_prs <- mice_outputivap_prs
GW_ALLSRn_day <- mice_output$Rn_day
GW_ALLSTp_diff <- mice_outputsSTp_diff
GW_ALLSTp_INCR <- mice_output$Tp_IncR

str(GW_ALL)
dim(GW_ALL)
summary (GW_ALL)

Figure 56: Random Forest was conducted for missing data
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Figure 57 presents the final data was sorted and extracted as Global Warming data.
# update data order

GW_ALL <- GW_ALL[,c(1,6:15,3:5,2)]

str(GW_ALL)

summary (GW_ALL)

write.csv(GW_ALL, "GW_ALL.csv'") # Final Global warming data

Figure 57: Global Warming final data compete

4.2 Data Collection for Data 4 and Data 5 by MySQL

The program was created in a text format. The tests were run in the MySQL shell, and final
program was run by batch from the Windows command prompt console which is presented in
figure 58.

Command Prompt — O x

~ 5.7\bin>C
Jata_Analyt

Figure 58: MySQL programming run by batch command

4.2.1 Data 4: Natural Disasters information
On the MySQL shell screen, the program code is hard to see, therefore it is displayed by Syntax
Highlight® site which are shown from Figure 59 to 73.

Figure 59 presents how to create a table for natural disaster and load natural disasters data.

/* remove existing data */
Drop database ND3;

create database ND3;

use ND3;

/* Create table for Natural Disasters data */

create table Natural_Disasters (
Dis_No varchar(13) NOT NULL, Year int NOT NULL, Seq int NOT NULL,
Disaster_Group varchar(7) NOT NULL, Disaster_Subgroup varchar(17) NOT NULL,

Disaster_Type varchar(19) NOT NULL, Disaster_Subtype varchar(32), Disaster_Subsubtype varchar(23),
Event_Name varchar(76), Entry_Criteria varchar(1e), Country varchar(58) NOT NULL, ISO varchar(3),
Region varchar(25), Continent varchar(8), Location varchar(344), Origin varchar(118),
Associated_Dis varchar(29), Associated_Dis2 varchar(29), OFDA_Response varchar(3),

Appeal varchar(3), Declaration varchar(3), Aid_Contribution int, Dis_Mag_Vvalue int,

Dis_Mag_Scale varchar(1@), Latitude varchar(8), Longitude varchar(8), Local_Time int,

River_Basin varchar(320), Start_Year int, Start_Month int, Start_Day int, End_Year int,

End_Month int, End_Day int, No_Deaths int, No_Missing int, Total_Deaths int, No_Injured int,
No_Affected int, No_Homeless int, Total Affected int, Reconstruction_Costs_US int,
Insured_Damages_US int, Total_Damages_US int, CPI float, primary key (Dis_No));

/* Load data */

load data local infile
'C:/Wakako/NCI/2@2@_Data_Analytics_MSc/Program/Output2/emdat_public_2@20_e4_29_query_uid-©ZbMRD.csv'
into table ND3.Natural_Disasters fields terminated by ',' enclosed by '"' ignore 1 lines;

Figure 59: Table creation in MySQL

3 http://www.planetb.ca/syntax-highlight-word
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Figure 60 presents preparation for country name comparison between GPI and weather
information datasets.

/* Need to adjust the country name with GPI 2019 data sheet*/

/* Create table for GPI 2019 Country Ranking sheet */

create table GPI(
ID int NOT NULL auto_increment,
Rank int NOT NULL,
Country varchar(2@) NOT NULL,
score float NOT NULL,
primary key (ID));

load data
local infile 'C:/Wakako/NCI/202@_Data_Analytics_MSc/Program/GPI2019_ countryle3.csv'
into table ND3.GPI fields terminated by ',' enclosed by '"' LINES TERMINATED BY '\r\n' ignore 1 lines;

/* Create country name table from Natural_Disasters to adjust the same name as GPI rank table */

/* create table country_ND(select Country from Natural_disasters group by Country); */

create table country_ ND(
select distinct Country
from Natural_Disasters);

/* find different naming of coutries */
create table country_adji(
select a.Country as ND_C,
b.Country as GPI_C
from country_ND a left join GPI b on a.Country = b.Country);
create table country_adj2(
select a.Country as ND_C,
b.Country as GPI_C
from country ND a right join GPI b on a.Country = b.Country);

Figure 60: Create tables to compare country name

Figure 61 presents exporting the files for double check in excel and pick adjusted name.
/* Export for Data check */

select
select

select

* from country_adji;
* from country_adj2;

* from country_adjl

into outfile 'C:\\Wakako\\NCI\\2020 Data_Analytics_MSc\\Program\\Output2\\country_adjl.csv’
fields terminated by '," enclosed by '"' LINES TERMINATED BY '\n';

select

* from country_adj2

into outfile 'C:\\Wakako\\NCI\\2020_Data_Analytics_MSc\\Program\\Output2\\country_adj2.csv’
fields terminated by '," enclosed by '"' LINES TERMINATED BY '\n';

Figure 61: Export for check

Figure 62 to 65 present setting the adjusted country name were.

/* Update Country name in Natural_Disasters data -- should be the same as the gpi*/
update Natural_Disasters set country = 'Rep_Congo’
where country = 'Conge (the Democratic Republic of the)';
update Natural_Disasters set country = 'Congo' where country = 'Congo (the)';
update Natural_Disasters set country = 'Palestine’ where country = 'Palestine, State of’;
update Natural Disasters set country = 'Taiwan' where country = 'Taiwan (Province of China)';
update Natural_Disasters set country = 'Bolivia' where country = 'Bolivia (Plurinational State of)';
update Natural_Disasters set country = 'Bosnia-Herzegovinia' where country = 'Bosnia and Herzegovina';
update Natural_Disasters set country = 'Burkina_Faso' where country = 'Burkina Faso';
update Natural_Disasters set country = 'Central_African_Rep' where country = 'Central African Republic’;
update Natural_Disasters set country = 'China' where country = 'Macao’;
update Natural Disasters set country = 'Congo’
where country = 'Congo (the Democratic Republic of the)'
or country = 'Congo (the)';
update Natural_Disasters set country = 'Costa_Rica' where country = "Costa Rica';
update Natural Disasters set country = 'Czech_Republic' where country = 'Czech Republic (the)';
update Natural_Disasters set country = 'Dominican_Republic' where country = 'Dominican Republic (the)’
or country = 'Dominica’;
update Natural Disasters set country = 'El_Salvador' where country = 'El Salvador';
update Natural Disasters set country = 'Equatorial_Guinea' where country = 'Equatorial Guinea';

Figure 62: Modifying country names partl — to be continued

25



update

update

update
update
update
update
update
update

update
update

update

update
update
update

update

update
update
update
update

update
update
update
update
update
update
update
update

Natural_Disasters set country = 'France' where country = 'Martinique' or country = 'Guadeloupe’

or country = 'New Caledonia' or country = 'Réunion’

or country = 'French Polynesia' or country = 'Wallis and Futuna’

or country = 'French Guiana' or country = 'Saint Barthélemy'

or country = 'Saint Martin (French Part)';
Natural_Disasters set country = 'Germany' where country = 'Germany Fed Rep'

or country = 'Germany Dem Rep';
Natural_Disasters set country = 'Gambia' where country = 'Gambia (the)’;
Natural_Disasters set country = "Iran' where country = 'Iran (Islamic Republic of)';
Natural_Disasters set country = '"Ivory_Cocast' where country = 'Ivory Coast';
Natural_Disasters set country = 'Slovakia' where country = 'Czechoslovakia';
Natural_Disasters set country = 'Laos' where country like 'Lao %';
Natural_Disasters set country = 'Macedonia’

where country = 'Macedonia (the former Yugoslav Republic of)';
Natural_Disasters set country = 'Moldavia' where country = 'Moldova (the Republic of)';
Natural_Disasters set country = 'Netherlands' where country = 'Netherlands (the)'

or country = 'Netherlands Antilles’

or country = 'Sint Maarten (Dutch part)';
Natural_Disasters set country = 'New_Zealand' where country = 'Tokelau'

or country = 'New Zealand' or country = 'Cook Islands (the)';
Natural_Disasters set country = '"Niger' where country = 'Niger (the)’;
Natural_Disasters set country = 'South_Korea' where country = 'Korea (the Republic of)';
Natural Disasters set country = "North_Korea' where country like 'Korea (%';

Figure 63: Modifying country names part2 — to be continued

Natural_Disasters

set

or country =
or country =
or country =
or country =
or country =
or country =
or country =
or country =
or country =
or country =
or country =
or country =
or country =
or country =
or country =

Natural_Disasters
Natural_Disasters
Natural_Disasters
Natural_Disasters

set
set
set
set

or country =

Natural_Disasters
Natural_Disasters
Natural_Disasters
Natural_Disasters
Natural_Disasters
Natural_Disasters
Natural_Disasters
Natural_Disasters

set
set
set
set
set
set
set
set

country = 'No_data' where country = 'Cabo Verde'

'Saint Vincent and the Grenadines'

'Comoros (the)' or country = 'Hong Kong'

'Puerto Rico' or country = 'Anguilla’

'Bahamas (the)' or country = 'Saint Kitts and Nevis'
'Fiji' or country = 'Belize' or country = 'Solomon Islands'
'Vanuatu' or country = 'Yugoslavia' or country = 'Tonga'
'Antigua and Barbuda' or country = 'Barbados'’

'Niue' or country = 'Saint Lucia' or country = 'Grenada'
'Suriname’ or country = ‘Kiribati' or country = 'Tuvalu'
'Maldives' or country = 'Luxembourg’

'Sao Tome and Principe’

'Micronesia (Federated States of)’

'Marshall Islands (the)' or country = 'Seychelles'
'Brunei Darussalam’

'Northern Mariana Islands (the)' or country = 'Palau’;
country = 'Papua_New Guinea' where country = 'Papua New Guinea';
country = 'Philippines' where country = 'Philippines (the)';
country = 'Portugal’ where country = 'Azores Islands';
country = 'Russia’ where country = 'Soviet Union’

'Russian Federation (the)';

country = 'Saudi_Arabia' where country = 'Saudi Arabia’;
country = 'Sierra_Leone' where country = 'Sierra Leone';
country = 'Saudi_Arabia' where country = 'Saudi Arabia’;
country = 'South_Africa' where country = 'South Africa';
country = 'Spain' where country = 'Canary Is';

country = 'Sri_Lanka' where country = 'Sri Lanka';

country = 'Sudan' where country = 'Sudan (the)';

country = 'South_Sudan' where country = 'South Sudan';

Figure 64: Modifying country names part3 — to be continued
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update Natural_Disasters set country = 'Syria' where country = 'Syrian Arab Republic’;

update Natural Disasters set country = 'Tanzania' where country = 'Tanzania, United Republic of’;
update Natural_Disasters set country = 'Trinidad_and_Tobago' where country = 'Trinidad and Tobago';
update Natural_Disasters set country = 'United_Arab_Emirates’

where country = 'United Arab Emirates (the)';
update Natural_Disasters set country = 'United_Kingdom' where country = 'Montserrat’

or country = 'Bermuda’

or country = 'United Kingdom of Great Britain and Northern Ireland (the)’

or country = 'Turks and Caicos Islands (the)’

or country = 'Virgin Island (British)’

or country = 'Saint Helena, Ascension and Tristan da Cunha'

or country = 'Cayman Islands (the)';
update Natural_Disasters set country = 'USA' where country = 'United States of America (the)’

or country = 'Guam' or country = "Samoa' or country = "American Samoa’

or country = 'Virgin Island (U.S.)';

update Natural_Disasters set country = 'Venezuela' where country = 'Venezuela (Bolivarian Republic of)';
update Natural_Disasters set country = 'vietnam' where country = 'viet Nam';
update Natural_Disasters set country = 'Yemen' where country = 'Yemen Arab Rep'’
or country = 'Yemen P Dem Rep';
update Natural_Disasters set country = 'Serbia' where country = 'Serbia Montenegro';

Figure 65: Modifying country names part4

Figure 66 presents the data of natural disasters is cleaned and exported for checking.

/* Note: missing country should be added
Kosovo

*/
select count(*) from Natural_Disasters;

/* Remove row if the country has NULL */
delete from Natural_Disasters where country = 'No_data';

select count(*) from Natural_Disasters;

/* Check counry name should be 162 -- Kosovo will added later */
select distinct(country) from natural_disasters order by country;
select * from natural_disasters
into outfile 'C:\\Wakako\\NCI\\208208_Data_Analytics_MSc\\Program\\Output2\\ND3_check.csv'

fields terminated by ',' enclosed by '"' LINES TERMINATED BY '\n';
Figure 66: Data of Natural Disasters is cleaned and exported
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4.2.2 Data 5: Covid 19 information
The key purpose in data 5 is to obtain country, total case, and total death (both per million
people) and population on 08/06/2020 which as the latest information at the point of time.

Figure 67 presents how to create Covid19 table and load the data set.

/* create COV19 table */

create table COV19 (
iso_code varchar(3) NOT NULL, country varchar(32) NOT NULL, date date NOT NULL, total_cases int,
new_cases int, total_deaths int, new_deaths int, total_cases_per_million int,
new_cases_per_million int, total_deaths_per _million int, new_deaths_per_million int,
total_tests int, new_tests int, total_tests_per_thousand int, new_tests_per_thousand int,

tests_units varchar(43), population int, population_density int, median_age int, aged_65_older int,
aged_7@_older int, gdp_per_capita int, extreme_poverty int, cvd_death_rate int,

diabetes_prevalence int, female_smokers int, male_smokers int, handwashing_facilities int,
hospital_beds_per_1eek int);

/* import COVID-19 data */
load data local infile 'C:/Wakako/NCI/2820 Data_Analytics_MSc/Program/Output2/owid-covid-data.csv'’
into table ND3.COV19 fields terminated by ',' enclosed by '"' ignore 1 lines;

/* check number of observation */
select count(*) from COV19;

/* keep only latest date information which is 2e2e/e5/17*/
create table COV19_0517 as (
select country,
total_cases_per_million,
total_deaths_per_million,
population
from COV19 where date = '2820/06/88' order by country);

Figure 67: Create table and load the data for Covid 19

Figure 69 presents checking country names and missing country.

/* Set the same country name with GPI data */
/* find different naming of coutries */
create table country_adj3(
select a.Country as COV_C,
b.Country as GPI_C
from COV19_8517 a left join GPI b on a.Country = b.Country);

create table country_adj4(
select a.Country as COV_C,
b.Country as GPI_C
from COV19 0517 a right join GPI b on a.Country = b.Country);

/* export data for contry name and missing country checking */

select 'COV_Country', 'GPI_Country'

union all

select * from country_adj3
into outfile 'C:\\Wakako\\NCI\\2026_Data_aAnalytics_MSc\\Program\\Output2\\Missing_check_GPI.csv'
fields terminated by ',' enclosed by '"' LINES TERMINATED BY '\n';

select 'COV_Country', 'GPI_Country'

union all

select * from country_adj4
into outfile 'C:\\Wakako\\NCI\\202@_Data_Analytics_MSc\\Program\\Output2\\Missing_check_COV.csv'
fields terminated by ',' enclosed by '"' LINES TERMINATED BY '\n';

Figure 68: Country name, missing country check
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Figure 69 and 70 present adjusting the country name, remove countries if those are not in the
GPI list and add dummy country record for known missing country from GPI list.

/* Update Country name in COV19_0517 data -- should be the same country name as the GPI*/

update COV19_0517 set country = 'Bosnia-Herzegovinia' where country = 'Bosnia and Herzegovina';
update COV1S_e517 set country = 'Burkina_Faso' where country = 'Burkina Faso';

update COV19_0517 set country = 'Central_African_Rep' where country = 'Central African Republic’;
update COV19_@517 set country = 'Costa_Rica' where country = 'Costa Rica';

update COV19_0517 set country = 'Czech_Republic' where country = 'Czech Republic’;

update COV1S_©517 set country = 'Dominican_Republic' where country = 'Dominican Republic';
update COV19_©517 set country = 'E1l_Salvador' where country = 'E1l Salvador';
update COV19_0517 set country = 'Equatorial_Guinea' where country = 'Equatorial Guinea';

update COV19_e517 set country = 'Ivory_Coast' where country = 'Ivory Coast';
update COV1S_©517 set country = 'Moldavia' where country = 'Moldova';

update COV19_0517 set country = 'Morocco' where country = 'Western Sahara';

update COV19_@517 set country = 'New_Zealand' where country = 'New Zealand';

update COV19_0517 set country = 'Papua_New_Guinea' where country = 'Papua New Guinea';
update COV19_©517 set country = 'Saudi_Arabia' where country = 'Saudi Arabia’;

update COV19_©517 set country = 'Sierra_Leone' where country = 'Sierra Leone';

update COV19_0517 set country = 'South_Africa' where country = 'South Africa';
update COV19_@517 set country = 'South_Korea' where country = 'South Korea';
update COV1S_0517 set country = 'Sri_Lanka' where country = 'Sri Lanka';
update COV19_0517 set country = 'Rep_Congo' where country = 'Democratic Republic of Congo';
update COV19_@517 set country = 'South_Sudan' where country = 'South Sudan';
update COV19_0517 set country = 'Timor-Leste' where country = 'Timor';
update COV1S_e517 set country = 'Trinidad_and_Tobago' where country = 'Trinidad and Tobago';
update COV19_©517 set country = 'United_Arab_Emirates' where country = 'United Arab Emirates’;
update COV19_0517 set country = 'Denmark' where country = 'Faeroe Islands' or country = 'Greenland';
update COV19_0517 set country = 'France' where country = 'French Polynesia' or country = 'New Caledonia’;
update COV1S_0517 set country = 'Netherlands' where country = 'Bonaire Sint Eustatius and Saba’
or country = 'Sint Maarten (Dutch part)’;
update COV19_0517 set country = 'USA' where country = 'Guam' or country = 'Northern Mariana Islands’
or country = 'United States' or country = 'United States Virgin Islands';

Figure 69: Adjusting country name

update COV19_0517 set country = 'United_Kingdom' where country = 'Anguilla' or country = 'Bermuda’

or country = 'British Vvirgin Islands' or country = 'Cayman Islands'
or country = 'Falkland Islands' or country = 'Gibraltar' or country = 'Guernsey'
or country = 'Isle of Man' or country = 'Jersey' or country = 'Montserrat’
or country = 'Turks and Caicos Islands' or country = 'United Kingdom';
update COV19 0517 set country = 'No_data' where country = 'Andorra' or country = 'Antigua and Barbuda’'
or country = 'Aruba’ or country = 'Bahamas' or country = 'Barbados’
or country = 'Belize' or country = 'Brunei' or country = 'Cape Verde'
or country = 'Comoros' or country = 'Curacao’ or country = 'Dominica’ or country = 'Fiji’
or country = 'Grenada' or country = 'Liechtenstein' or country = 'Luxembourg'
or country = 'Maldives' or country = 'Malta’ or country = 'Monaco’
or country = 'Puerto Rico' or country = 'Saint Kitts and Nevis'
or country = 'Saint Lucia' or country = 'Saint Vincent and the Grenadines'
or country = 'San Marino' or country = 'Sao Tome and Principe' or country = 'Seychelles’
or country = 'Suriname' or country = 'Vatican' or country = 'World';

/* Remove row if the country has NULL */
delete from COV19_0517 where country = 'No_data';

/* Add dummy @ data for North_Korea and Turkmenistan */
insert into COV19_0517 values('North_Korea', @, @, 0);
insert into COV19_0517 values('Turkmenistan', @, @, @);

/* Check country -- should be 163 */
select distinct(country) from COV19_0517 order by country;

Figure 70: Adjusting country name and dealing missing data
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Figure 71 obtaining count of death per million people and insert dummy record for missing
country.

/* Death per million by Natural Disasters
create table ND_DPM as (
select a.Country,
a.Disaster_Type,
round(sum(a.No_Deaths) * 1eeeeee / b.population, 1) as ND_DPM
from natural_disasters as a,
COV19_ @517 as b
where a.Country = b.Country
group by a.Country, a.Disaster_Type);

-- populiration data is in COv19_e517 table */

/* Insert dummy record for Kosovo */
insert into ND_DPM values('Kosovo', 'Storm', @);

Figure 71: Converting to per million and set dummy data for missing

Figure 72 presents transposing data set by disaster type from data 4 and merge with Covid
selected data which are number of new infected cases, number of death and death rate. (Original

source: OMG Ponies?)

/* join COVID case and death per million and number of death by Natural Disasters per million

create table ND_DPM_F as(
select a.Country,

*/

max(case when a.Disaster_Type = 'Animal accident' then a.ND_DPM ELSE @ END) as Animal,
max(case when a.Disaster_Type = 'Drought' then a.ND_DPM ELSE @ END) as Drought,

max(case when a.Disaster_Type = 'Earthquake' then a.ND_DPM ELSE @ END) as EarthQ,

max(case when a.Disaster_Type = 'Epidemic' then a.ND_DPM ELSE © END) as Epidemic,

max(case when a.Disaster_Type = 'Extreme temperature' then a.ND_DPM ELSE @ END) as Ex_temp,
max(case when a.Disaster_Type = 'Flood' then a.ND_DPM ELSE @ END) as Flood,

max(case when a.Disaster_Type = 'Fog' then a.ND_DPM ELSE @ END) as Fog,

max(case when a.Disaster_Type = 'Impact' then a.ND_DPM ELSE @ END) as Impact,

max(case when a.Disaster_Type = 'Insect infestation’' then a.ND_DPM ELSE @ END) as Insect,
max(case when a.Disaster_Type = 'Landslide' then a.ND_DPM ELSE © END) as LandS,

max(case when a.Disaster_Type = 'Mass movement (dry)' then a.ND_DPM ELSE @ END) as Mass_move,
max(case when a.Disaster_Type = 'Storm' then a.ND_DPM ELSE @ END) as Storm,

max(case when a.Disaster_Type = 'Volcanic activity' then a.ND_DPM ELSE @ END) as Volcanic,
max(case when a.Disaster_Type = 'Wildfire' then a.ND_DPM ELSE @ END) as Wildfire,

b.COV_CASE_PM,

b.COV_DEATH_PM,
b.COV_DEATH_PM/b.COV_CASE_PM as

from

ND_DPM a left join COVID_DATA b

group by
a.Country);

COV_Death_Rate

on a.Country = b.Country

Figure 72: Transpose data set

4 https://stackoverflow.com/questions/3392956/sql-how-to-transpose
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In Figure 73, as for the death rate calculation in Figure 72 above, its rate cannot have correct
value when the denominator Covid new cases are 0 value. Therefore, when Covid new cases
is 0, set 0 in death rate at the top of the programming in Figure 73. The total disaster number
per country was counted and join with GPI score to the main data. Set the final headers and
export as the final natural disasters data ND3_ALL.csv. This ends the program of MySQL.

/* set @ in Cov Death rate if Denominator(Cov Case) is © */
update ND_DPM_F set COV_Death_Rate= © where COV_CASE_PM = ©;

/* Join Total disaster count per country in the final data and create as ND_ALL (final data) */
create table total_cnt as(
select Country,
count(Disaster_Type) as Total_Disaster
from Natural_disasters group by Country);

create table ND_TCNT as(
select a.*,
b.Total_Disaster
from ND_DPM_F as a left join total_cnt as b on a.Country = B.Country group by a.Country);

/* Join GPI ranking score from GPI data */
create table ND_ALL as(
select a.*,
b.score
from ND_TCNT as a left join GPI as b on a.Country = B.Country group by a.Country);

/* Extract Natural Disaster final data to CSV with header */
select 'Country', 'Animal’, 'Drought', 'EarthQ', 'Epidemic’, 'Ex_temp', 'Flood’, 'Fog', 'Impact’,
'Insect', 'LandS', 'Mass_move', 'Storm', 'Volcanic', 'Wildfire', 'COV_CASE', 'COV_DEATH',
'COV_D_Rate', 'Total_Disaster', 'GPI_Score’
union all
select * from ND_ALL
into outfile 'C:\\Wakako\\NCI\\202@_Data_Analytics_MSc\\Program\\ND3_All.csv'
fields terminated by ',' enclosed by '"' LINES TERMINATED BY '\n';

Figure 73: Finalize the MySQL programming and export Natural Disasters data

To follow up the missing data, the operation was moved to R from MySQL. Figure 74 presents
the preparation for running the random forest.

# import Natural Disaster
ND_ALL <- read.csv(file="ND3_ALL.csv", head=T, sep=",", na.strings = c("..", "NA"))
str(ND_ALL)

# remove 99% 0 data column (Animal, Fog, Impact and Insect)
ND_ALL <- ND_ALL[,c(-2, -8:-10)]

ND_ALLSCountry <- as.character (ND_ALLSCountry)

ND_ALL <- ND_ALL[,c(1:11,15,12:14,16)]

str (ND_ALL)

summary (ND_ALL)

# Kosovo didn't have Natural Disasters data
# --> predict by Random forest based on Covid and GPI score

# set NA

ND_ALLSDrought[ND_ALLSCountry == "Kosovo" & ND_ALLS$Drought == 0 ] <- NA
ND_ALLSEarthQ[ND_ALLSCountry == "Kosovo" & ND_ALLS$EarthQ == 0 ] <- NA
ND_ALLSEpidemic[ND_ALLSCountry == "Kosovo" & ND_ALL3$Epidemic == 0 ] <- NA
ND_ALLSEX_temp [ND_ALLSCountry == "Kosovo" & ND_ALLSEX_temp == (0 ] <- NA
ND_ALLSFTood[ND_ALLSCountry == "Kosovo" & ND_ALLS$Flood == 0 ] <- NA
ND_ALLSLandS [ND_ALLSCountry == "Kosovo" & ND_ALLS$Lands =0 ] k- NA
ND_ALLS$Mass_move [ND_ALLSCountry == "Kosovo" & ND_ALL$Mass_move == 0 ] <- NA
ND_ALLSStorm[ND_ALLS$Country == "Kosovo" & ND_ALLS$Storm == 0 ] <- NA
ND_ALLSVolcanic[ND_ALLS$Country == "Kosovo" & ND_ALLS$Volcanic == 0 ] <- NA
ND_ALLSWildfire[ND_ALLSCountry == "Kosovo" & ND_ALLS$wildfire == 0 ] <- NA
ND_ALLS$Total_Disaster [ND_ALL$Country == "Kosovo" & ND_ALLSTotal_Disaster == 0 ] <- NA

Figure 74: Natural Disasters data was imported in R and preparing for missing data
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Figure 75 presents conducting random forest to fill up the missing data. The mice function will
predict and fill up if it found NA in dataset. And complete the data preparation for natural

disasters.

# use 4 factors to judge the missing data, (those data no observation missing)
Tibrary(mice)
mice_mod_nd <- mice(ND_ALL[, !names(ND_ALL) %in%

c(12:16)], m = 3, maxit = 3, method ="rf")
mice_output_nd <- complete(mice_mod_nd)

# Replace missing data in GW_ALL main data
ND_ALLS$Drought <- mice_output_nd$Drought
ND_ALL$EarthQ <- mice_output_nd$EarthQ

ND_ALLSEpidemic <- mice_output_nd$Epidemic
ND_ALLSEx_temp <- mice_output_ndSEx_temp

ND_ALL$F1ood <- mice_output_nd$Flood
ND_ALL$Lands <- mice_output_nd$Lands
ND_ALLS$Mass_move <- mice_output_ndiMass_move
ND_ALLSStorm <- mice_output_nd$Storm

ND_ALLS$Volcanic <- mice_output_nd$vVelcanic
ND_ALLSWildfire <- mice_output_nd$wildfire
ND_ALL$Total_Disaster <- mice_output_ndiTotal_Disaster

write.csv(ND_ALL, "ND_ALL.csv") #Final Natural Disaster data
Figure 75: conducting random forest for missing data and complete data preparation

4.3 Data Preparation Programming and Results by R

Figure 76 presents the programming and the results of missing data check. It is confirmed that
there is no missing data in both GW_ALL and ND_ALL data sets. (Original Source: NCI ADM

Class Text)

> # missing data check
> GW_MC <- sapply(GW_ALL, function(x) sum(is.na(x)))

> GW_MC
Country Cld_cv Temp_day Gnd_Fr POt_Eva Prcp Mean_Tmp vap_prs Rn_day
0 0 0 0 0 0 0 0 0
Tp_diff Tp_IncR C02_1970 <C02_2017 1Inc_Rate GPI_Score
0 0 0 0 0 0
> ND_MC <- sapply(ND_ALL, function(x) sum(is.na(x)))
> ND_MC
country Drought EarthQ Epidemic Ex_temp Flood
0 0 0 0 0 0
Lands Mass_move Storm volcanic wildfire Total_Disaster
0 0 0 0 0 0
COV_CASE COV_DEATH COV_D_Rate GPI_Score
0 0 0 0

Figure 76: Missing data check

32



4.3.1 Programming and Results of Data Distribution Check By histogram
Figure 77 presents programming of GW_ALL histogram. 13 graphs were created with blue.

# Global warming data
par (mfrow=c(3,5))

hist(GW_ALLSCTd_cv, main = "Cloud Cover", col = "blue")
hist(GW_ALLSTemp_day, main = "Diurnal Temperature Range', col = "blue")
hist(GW_ALLS$Gnd_Fr, main = "Ground Frost Frequency”, col = "blue™)
hist(GW_ALLSPot_Eva, main = "Potential Evapotranspiration", col = "blue")
hist(GW_ALLSPrcp, main = "Precipitation”, col = "blue™)
hist(GW_ALLS$Mean_Tmp, main = "Mean Temperature”, col = "blue™)
hist(GW_ALLSVap_prs, main = "Vapour Pressure", col = "blue")
hist(GW_ALLSRn_day, main = "Rain Days", col = "blue")
hist(GW_ALLSTp_diff, main = "Temp difference 1910's vs 2000's", col = "blue")
hist(GW_ALLSTp_IncR, main = "Temp Increase rate”, col = "bTlue™)
hist(GW_ALL$C02_1970, main = "C02 Emissions in 1970", col = "bTlue™)
hist(GW_ALL$C02_2017, main = "C02 Emissions in 2017", col = "blue"™)

hist(GW_ALLSInc_Rate, main "C02 Inc Rate 1970/2017", col = "blue™)
Figure 77: Histogram programming of GW_ALL

Figure 78 presents the histogram of global warming factors. Cloud cover, diurnal temperature
range, vapour pressure, rain days, temp difference 1910’s vs 2000’s and temp increase rate are
showing good distribution in the shape. Ground forest frequency, precipitation, CO2 emissions
in 1970, CO2 emissions in 2017 and CO2 increase rate 1970/2017 are positively skewed
distribution. Potential evapotranspiration and mean temperature are negatively skewed
distribution. Potential evapotranspiration, temp increase rate, CO2 emissions in 2017 and CO2
increase rate 1970/2017 are showing positive kurtosis which are showing over 100 in y-axis
scale.
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Figure 78: Histogram of Global Warming data sets
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Figure 79 presents programming of ND_ALL histogram. 14 graphs were created with orange.

# Natural Disaster data
par (mfrow=c(3,5))

"Ccov Death Rate", col
"Total Disaster"”™, col

"Orange")
"Orange")

hist(ND_ALL$COV_D_Rate, main
hist(ND_ALLSTotal_Dis, main

Figure 79: Histogram programming of ND_ALL

hist(ND_ALLSDrought, main = "Drought", col = "Orange")
hist(ND_ALLS$EarthQ, main = "Earthquake"”, col = "Orange")
hist(ND_ALLSEpidemic, main = "Epidemic", col = "Orange")
hist(ND_ALLSEX_temp, main = "Ex_temp", col = "Orange")
hist(ND_ALLSFTood, main = "Flood", col = "Orange")
hist(ND_ALLSLands, main = "Land S1ide"”, col = "Orange")
hist(ND_ALLSMass_move, main = "Mass move", col = "Orange")
hist(ND_ALLSStorm, main = "Storm", col = "Orange")
hist(ND_ALLS$Volcanic, main = "volcanic", col = "Orange")
hist(ND_ALLSWildfire, main = "wildfire”, col = "Orange")
hist(ND_ALLICOV_CASE, main = "COVID CASE", col = "Orange")
hist(ND_ALLSCOV_DEATH, main = "COVID DEATH", col = "Orange')

Figure 80 presents the histogram of natural disasters factors. All data sets are positively
skewed. Apart from Covid death rate and total disaster, data sets are showing positive kurtosis
which are showing over 100 in y-axis scale. The data distribution in this dataset does not seem
very good.
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Figure 80: Histogram of Natural Disasters data sets
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4.3.2 Outlier check

Figure 81 presents Q-Q plot for outlier checking in global warming data set.

# outlier check by Q-Q plot -----------------—-—-—-—

# Global warming data
par(mfrow=c(3,5))

qgnorm(GW_ALLSC1d_cv,
qqline(GW_ALLSCTd_cv,

main = "Cloud Cover'")
col = "blue™)

qagnorm(GW_ALL $Temp_day, main = "Diurnal Temperature Range")
qqline(GW_ALLSTemp_day, col = "blue™)

qgnorm(GW_ALLSGnd_Fr,
qqline(GW_ALLSGnd_Fr,
qgnorm(GW_ALL SPot_Eva,
qqline(GW_ALLSPot_Eva,
qgnorm(GW_ALL SPrcp,
qqline (GW_ALLSPrcp,

main = "Ground Frost Frequency")

col = "blue™)

main = "Potential Evapotranspiration')
col = "bTue™)

main = "Precipitation™)

col = "blue™)

qqnorm(GW_ALL $Mean_Tmp, main = "Mean Temperature")
qqline (GW_ALL SMean_Tmp, col = "blue")

qgnorm(GW_ALL SvVap_prs,
qqline(GW_ALL SvVap_prs,
qgnorm(GW_ALL SRn_day,
qqline(GW_ALLSRn_day,
qgnorm(GW_ALL 5Tp_diff,
qgqline(GW_ALLSTp_diff,
qgnorm(GW_ALL 5Tp_IncR,
qqline (GW_ALLSTp_IncR,

main = "Vvapour Pressure'")

cal = "blue™)

main = "Rain Days")

col = "blue™)
main = "Temp Diff 1910's vs 2000's")
col = "bTue™)
main = "Temp Increase rate')

col = "blue™)

qqgnorm(GW_ALL$C02_1970, main = "C02 Emissions in 1970")
qqline(GW_ALL$C02_1970, col = "blue™)
qgnorm(GW_ALL$C02_2017, main = "C02 Emissions in 2017'")
qqline(GW_ALL$C02_2017, col = "blue™)
qgnorm(GW_ALLSInc_Rate, main = "Increase Rate 1970/2017")
qqline(GW_ALLSInc_Rate, col = "blue™)

Figure 82 presents Q-Q plots of global warming data. cloud cover and diurnal temperature
range, potential evapotranspiration, precipitation, and rain days are good fit in the line and no
outliers. Ground forest frequency, mean temperature, vapour pressure are temp diff 1910’s vs
2000’s are less good fit in the line as it can been seen the plots don’t keep straight line from the
start to the end, otherwise there is no significant outlier. Temp increase rate, CO2 emissions in
1970, CO2 emission in 2017 and Increase rate 1970/2017 are showing that the dots leave the

Figure 81: Programming of Q-Q plot for Global Warming

line very far toward the end, and outlier can be found in each chart.
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Figure 82: Q-Q Plot of Global Warming data set
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Figure 83 presents Q-Q plot for outlier checking in natural disasters data set.

# Natural Disaster data
par (mfrow=c(3,5))

qgnorm(ND_ALL $Drought, main = "Drought")

qqline(ND_ALL $Drought, col = "Orange')
qgnorm(ND_ALL SEarthQq, main = "Earthquake')
qqline(ND_ALLSEarthQq, col = "Orange")
ggnorm(ND_ALL SEpidemic, main = "Epidemic™)
qgline(ND_ALL$Epidemic, col = "Orange")
ggnorm(ND_ALL SEx_temp, main = "Ex_temp")
qgline(ND_ALL SEx_temp, col = "Orange')
qgnorm(ND_ALL 5Flood, main = "Flood™)
qqline(ND_ALLSFlood, col = "Orange')
qgnorm(ND_ALL SLands, main = "Land s1ide")
qqline(ND_ALLSLands, col = "Orange')
ggnorm(ND_ALL $Mass_move, main = "Mass move')
qgline(ND_ALL $Mass_move, col = "Orange")
qgnorm(ND_ALL $Storm, main = "Storm™)
qqline(ND_ALLSStorm, col = "Orange')
ggnorm(ND_ALL$Volcanic, main = "Volcanic™)
qgline(ND_ALLSVolcanic, col = "Orange")
qgnorm(ND_ALLSwildfire, main = "wildfire™)
qqline(ND_ALLSWildfire, col = "Orange")
qgnorm(ND_ALL SCOV_CASE, main = "COVID CASE")
qqline (ND_ALLSCOV_CASE, col = "Orange")
ggnorm(ND_ALL $COV_DEATH, main = "COVID DEATH")
qqline (ND_ALL SCOV_DEATH, col = "Orange")

ggnorm(ND_ALL $COV_D_Rate, main = "COV Death RATE'")
qqline(ND_ALL$COV_D_Rate, col = "Orange')
ggnorm(ND_ALL$Total_Disaster, main = "Total Disaster")
gqgqline(ND_ALLSTotal_Disaster, col = "Orange")

Figure 83 Programming of Q-Q plot for Natural Disasters

Figure 84 presents Q-Q plot of natural disasters data set. Drought, earthquake, epidemic,
extreme temp, flood, land slide, mass move, storm, volcanic and wildfire have similar shape
and plots are almost following straight line up to 2 in x-axis, and each one has one or more
significant outlier(s). Covid case, Covid death, Covid death rate and total disaster have similar
shape which the plots are following the straight line up to 1, and start increasing after 1 until
toward end in x-axis, and those has one are more significant outlier(s).

Theoretical Quantiles

Theoretical Quantiles

Theoretical Quantiles

Theoretical Quantiles

Figure 84: Q-Q Plot of Natural Disasters data set
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Figure 85 presents the programming of replacing outlier with median for global warming data.

# Remove outliers -- median is used instead of mean in outlier replacement.
Tibrary(outliers)

# Median

GW_OUT <- GW_ALL

str(GW_ALL)

GW_oUuTSCTd_cv <- rm.outlier (GW_ALLSCld_cv, fi11 = TRUE, median = TRUE)
GW_OUTSTemp_day <- rm.outTlier (GW_ALLSTemp_day, fill TRUE, median = TRUE)
GW_OUTSGnd_Fr <- rm.outlier (GW_ALLSGnd_Fr, 111 TRUE, median = TRUE)
GW_OUTSPot_Eva <- rm.outlier(GW_ALL$Pot_Eva, fill TRUE, median = TRUE)
GW_OUTSPrcp <- rm.outlier (GW_ALLSPrcp, fil1 TRUE, median = TRUE)
GW_OUTSMean_Tmp <- rm.outlier (GW_ALLS$Mean_Tmp, fi11 TRUE, median = TRUE)
GW_OUTSVap_prs <- rm.outlier (GW_ALLSvap_prs, fi11 TRUE, median = TRUE)
GW_OUTSRn_day <- rm.outlier (GW_ALLSRn_day, 11 TRUE, median = TRUE)
GW_OUTSTp_diff <- rm.outTlier (GW_ALLSTp_diff, fill TRUE, median = TRUE)
GW_OUTSTp_IncR <- rm.outTlier (GW_ALL$Tp_IncrR, fil1 TRUE, median = TRUE)
GW_OUT$C02_1970 <- rm.outlier(GW_ALLS$C02_1970, fil11 TRUE, median = TRUE)
GW_OUTS$C02_2017 <- rm.outTlier (GW_ALL$C02_2017, fill TRUE, median = TRUE)
GW_OUTSInc_Rate <- rm.outlier (GW_ALL$Inc_Rate, fill = TRUE, median = TRUE)

Final_GW_ALL <- GW_OUT # outlier removed
write.csv(Final_GW_ALL, "Final_GW_ALL.csv")

Figure 85: Programming of outlier treatment for Global Warming data set

Figure 86 presents the programming of replacing outlier with median for natural disaster data,

# Median

ND_OQUT <- ND_ALL

str(ND_ALL)

ND_OUTS$Drought <- rm.outTlier (ND_ALLSDrought, fill = TRUE, median = TRUE)
ND_OUTSEarthQ <- rm.outlier (ND_ALL$EarthQ, fill = TRUE, median = TRUE)
ND_OUTSEpidemic <- rm.outlier (ND_ALLSEpidemic, fill = TRUE, median = TRUE)
ND_OUTSEX_temp <- rm.outlier (ND_ALLSEX_temp, fill = TRUE, median = TRUE)
ND_OUTS$F1ood <- rm.outlier (ND_ALL$Flood, fill = TRUE, median = TRUE)
ND_OUTSLands <- rm.outTlier (ND_ALLSLands, fill = TRUE, median = TRUE)
ND_OUTSMass_move <- rm.outlier (ND_ALLSMass_move, fi11l = TRUE, median = TRUE)
ND_OUTSStorm <- rm.outTlier (ND_ALL$Storm, fill = TRUE, median = TRUE)

ND_OUTSVolcanic <- rm.outTlier (ND_ALLSVolcanic, fill
ND_OUTSwildfire <- rm.outlier (ND_ALLSWildfire, fill TRUE, median = TRUE)
ND_OUTS$COV_CASE <- rm.outlier (ND_ALL$COV_CASE, fill TRUE, median = TRUE)
ND_OUTSCOV_DEATH <- rm.outlier (ND_ALL$COV_DEATH, fil11l = TRUE, median = TRUE)
ND_OUTSCOV_D_Rate <- rm.outlier (ND_ALLSCOV_D_Rate, fill = TRUE, median = TRUE)
ND_OUTS$Total_Disaster <- rm.outlier(ND_ALL$Total_Disaster, fill = TRUE, median

TRUE, median = TRUE)

Final_ND_ALL <- ND_OUT # oOutlier removed
write.csv(Final_ND_ALL, "Final_ND_ALL.csv")

Figure 86: Programming of outlier treatment for Natural Disaster data set
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4.3.3 Normality Test
Figure 87 presents programming of Shapiro-Wilk normality test for global warming data.

# Shapiro-wilk works for sample size of 3 to 5000
# Global warming -----

s_Cld_cv <- shapiro.test(GW_OUT$Cld_cv)
S_Temp_day <- shapiro.test(GW_OUTSTemp_day)
S_Gnd_Fr <- shapiro.test(GW_OUT$GNd_Fr)
S_Pot_Eva <- shapiro.test(GW_OUTS$Pot_Eva)
S_Prcp <- shapiro.test(GW_OUTS$Prcp)
S_Mean_Tmp <- shapiro.test(GW_OUTSMean_Tmp)
S_Vap_prs <- shapiro.test(GW_OUTSVap_prs)
S_Rn_day <- shapiro.test(GW_OUTS$Rn_day)
S_Tp_diff <- shapiro.test(GW_OUT$Tp_diff)
S_Tp_IncR <- shapiro.test(GW_OUTSTp_IncR)
S_C02_1970 <- shapiro.test(GW_0OUT$C02_1970)
S_C02_2017 <- shapiro.test(GW_0OUT$C02_2017)
S_Inc_Rate <- shapiro.test(GW_OUTS$Inc_Rate)

Norm_Pvalue <- c(S_Cld_cvSp.value, S_Temp_daySp.value, S_Gnd_FrSp.value,
S_Pot_Eva$p.value, S_PrcpSp.value, S_Mean_Tmp$p.value,
S_Vap_prsSp.value, S_Rn_dayS$p.value,

S_Tp_diff$p.value, S_Tp_IncRS$p.value,
S_C02_1970%p.value, S_C02_2017%p.value, S_Inc_RateSp.value)

Attribute <- c('Cloud Cover', 'Diurnal Temperature Range',
'Ground Frost Frequency', 'Potential Evapotranspiration’,
'Precipitation’, 'Mean Temperature', 'Vapour Pressure’,
'Rain Days', 'Temp Difference', 'Temp Inc Rate’,
'C02 1970", 'C02 2017', 'Increase Rate 1970/2017")

GW_Norm_result <- cbind.data.frame(Attribute,Norm_Pvalue)
GW_Norm_result

Figure 87: Programming for Normality test of Global Warming
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Figure 88 presents programming of Shapiro-Wilk normality test for natural disasters data

# Natural Disaster -----

S_Drought <- shapiro.test(ND_OUTS$Drought)
S_EarthqQ <- shapiro.test(ND_OUTS$EarthQ)
S_Epidemic <- shapiro.test(ND_OUTSEpidemic)
S_Ex_temp  <- shapiro.test(ND_OUTSEX_temp)

S_Flood <- shapiro.test(ND_OUTS$FTood)
S_Lands <- shapiro.test(ND_OUTSLands)
S_Mass_move <- shapiro.test(ND_OUT$Mass_move)
S_storm <- shapiro.test(ND_OUTSStorm)

S_Volcanic <- shapiro.test(ND_OUTS$Volcanic)

S_Wildfire <- shapiro.test(ND_OUTSWildfire)

S_COV_CASE <- shapiro.test(ND_OUTS$COV_CASE)
S_COV_DEATH <- shapiro.test(ND_OUTSCOV_DEATH)
S_COV_D_Rate <- shapiro.test(ND_OUT$COV_D_Rate)
S_Total_Disaster <- shapiro.test(ND_OUTS$Total_Disaster)

# remove Drought, Mass_move and Volcanic ---> 0 input

Norm_Pvalue <- c(S_Drought$p.value, S_EarthQSp.value, S_Epidemic$p.value,
S_Ex_temp$p.value, S_Flood$p.value, S_LandS$p.value,
S_Mass_moves$p.value, S_Storm$p.value, S_Volcanic$p.value,
S_WildfireSp.value, S_COV_CASESp.value, S_COV_DEATHSp.value,
S_COV_D_Rated$p.value, S_Total_DisasterS$p.value)

Attribute <- c('Drought’, 'Earthquake', 'Epidemic’', 'Ex_temp', 'Flood’,
‘Land S1ide', 'Mass_move', 'Storm', 'Volcanic', 'wildfire’,
"Covid Case pm', 'Covid Death pm', 'Cov Death Rate',
'Total Disaster')

ND_Norm_result <- cbind.data.frame(Attribute,Norm_Pvalue)
ND_Norm_result

Figure 88: Programming for Normality test of Natural Disasters

Figure 89 presents the results of Shapiro-Wilk normality test from global warming and natural
disasters. None of them had a P value of 0.05 or more, and the data distribution status was not
shown to be normal in both datasets.

> GW_Norm_result > ND_Norm_result
Attribute Norm_Pvalue Attribute Norm_Pvalue
1 Cloud Cover 1.640013e-03 1 Drought 8.476282e-26
2 Diurnal Temperature Range 1.166132e-02 | |2 Earthquake 1.398374e-26
3 Ground Frost Frequency 4.245524e-15 3 Epidemic 8.843834e-26
4 Potential Evapotranspiration 3.365806e-02 | |4 Ex_temp 1.763095e-27
- . 5 Flood 2.611712e-27
5 Precipitation 5.397832e-07 .
6 Land Slide 9.348602e-28
6 Mean Temperature 1.385559e-09
7 Mass_move 9.699538e-25
7 Vapour Pressure 1.211062e-06 8 Storm 8.895404e-28
8 Rain Days 8.720414e-03 | |q volcanic 1.020312e-26
9 Temp Difference 1.620008e-02 10 wildfire 3.655523e-25
10 Temp Inc Rate 2.061860e-20 11 cCovid Case pm 4.486983e-21
11 C02 1970 1.964711e-23 12 Covid Death pm 9.169961e-23
12 CO2 2017 1.283017e-24 13 Cov Death Rate 3.304107e-13
13 Increase Rate 1970/2017 3.116158e-16 14 Total Disaster 5.322328e-20

Figure 89: Result of Normality Test for Global Warming and Natural Disasters
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4.3.4 Correlation check
Figure 90 presents programming of correlation check.

# Correlation check ----——-——--—-—-

Tibrary(GGally)

# Global warming data

str(Gw_ouT)

dataG <- GW_OUT[,2:14]

ggpairs (dataGg, title="Correlation of Global warming Data")

# Natural Disaster data

str(ND_OUT)

dataN <- ND_OUT[,2:15]

ggpairs(dataN, title="Correlation of Natural Disasters Data")

Figure 90: Program of correlation check for Global Warming and Natural Disasters

In Figure 91, those with a correlation of 60% are indicate in blue and Cld_Cv, Gnd_Fr,
Pot_Eva, Vap_prs, Rn_day were removed in casel.

Correlation of Global Warming Data
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Figure 91: Pair matrix of Global Warming
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In Figure 92, those with a correlation of 60% are indicate in blue and Epidemic, Flood, Lands,

Storm, COV_D_Rate were removed for casel.

Correlation of Natural Disasters Data
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Figure 92: Pair matrix of Natural Disasters

4.3.5 Model selection by AIC

GPI_Score
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Case 1: Figure 93 presents the programming of case 1. (Original Source: R Documentation®)

# —======

# case 1: remove high?y correlated data manually

# --—> remove over 60% corre]at1on Ccld_Cv, Gnd _Fr, Pot_Eva,
GW_update <- GW_OUT[,c(-2,-4,-5,-8,-9)]

str(GW_update)

# --—> remove Epidemic, Flood, LandS, Storm, COV_D_Rate
ND_update <- ND_OUT[,c(-4,-6,-7,-9, 15)]

str(ND_update)

# Multivariate regression (by AIC)
Tibrary(stats) # Lib for AIC

# select factors from Gw

model.1mGl <- Tm(GPI_Score ~., data
summary (model. TmG1)

model. ImG2<-step(model. TmG1)

# select factors from ND

model. TmN1 <- Tm(GPI_Score ~., data
summary (model. TmN1)

model. ImN2<-step(model. TmN1)

# joint selected data
GWl <- GW_update[,c(1,2,4,7)]
ND1 <- ND_update[,c(1,2,6,7,9:11)]

GW_updatel[c(2:9)1)

ND_update[c(2:11)])

Finall <- merge(x=GWl, y=ND1, by="Country", all.x=TRUE)

str(Finall)

model.ImF1 <- Tm(GPI_Score ~., data
summary (model. TmF1)

par (mfrow=c(2,2),oma
plot(model. TmF1,pch=21,bg=

# run final model
modeT.TmF1_2 <- step(model. TmF1)

Figure

c(1,1,2,1),mar
1,col=1,cex=1.0)

Finall[c(2:10)1)

=c(4, 4, 2, 1)

93: Programming of Case 1

® https://stat.ethz.ch/R-manual/R-devel/library/stats/html/step.html
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Figure 94 shows the results of case 1 that R"2 is 0.3018, and Temp_day, Drought, wildfire and
COV_CASE are effective at P-value < 0.05.

> summary (model. TmF1)

call:
Tm(formula = GPI_Score ~ ., data = Finall[c(2:10)1)
Residuals:

Min 10 Median 3Q Max

-0.90819 -0.25939 -0.03848 0.13617 1.64225

Coefficients:
Estimate Std. Error t value Pr(>|t]|)

(Intercept) 1.046e+00 1.929%e-01 5.422 2.24e-07 #***
Temp_day 8.476e-02 1.626e-02 5.212 5.91e-07 *%**
Mean_Tmp 9.068e-03 4.649e-03 1.951 0.0529 .

C02_1970 5.031e-05 2.265e-04 0.222 0.8245

Drought 1.115e-04 4.338e-05 2.571 0.0111 =*

volcanic 2.731e-04 1.702e-04  1.605 0.1105

wildfire -2.372e-02 1.171e-02 -2.026  0.0445 *

COV_CASE -2.865e-05 1.438e-05 -1.992 0.0481 *
COV_DEATH -3.000e-04 3.236e-04 -0.927 0.3553

Signif. codes: 0 “¥%*' (0,001 “**’ (0,01 “*’ 0.05 “.” 0.1 * " 1

Residual standard error: 0.4272 on 154 degrees of freedom
Multiple R-squared: 0.3363, Adjusted R-squared: 0.3018
F-statistic: 9.752 on 8 and 154 DF, p-value: 6.633e-11

Figure 94: Results of Case 1

Regarding the result plot Figure 95, 99,103,115,121 and 125, there are four plots in each figure.
This section explains how to interpret each plot.

Residuals vs Fitted plot tells weather the residuals have a non-linear pattern. If dots are on
these O lines, it means O residual, above this line means positive residuals and below are
negative residuals. The red line shows the pattern of residual movement (Deo, 2016). The ideal
plots would have a symmetrical pattern around the O line with no clear pattern in the data, no
well-defined shape, no clear outliers, and no large residuals. The good indication is non-linear
relationships. (Hagerman, 2017).

Normal Q-Q plot checks if the distribution of residual is normal or not. It is considered as
normally distributes when the dots follow to the line closely (Hagerman, 2017).

Scale-Location plot shows the spread of points over the range of predicted values and
simplifies homoscedasticity analysis, which is one of the regression assumptions. If the graph
shows horizontal line, it is considered as data is homoscedastic and not horizontal it is
considered as data is heteroscedastic (Deo, 2016; Kim, 2015). The ideal plots would be that the
red line is almost horizontal and the plots spread around the red line shouldn’t be vary with the
fitted values (ALEX, 2019).

Residuals vs Leverage plot shows the cases that impact. Cook's distance is a good measure to
consider in terms of how much the prediction score changes when an observation is excluded.
Cook's distance is indicated by the red dotted lines in the graph, and the areas of interest are
the top right and bottom right corners outside the dotted line and excluding points in that area
can affect the model. (Kim, 2015; Deo, 2016).
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Figure 95 presents plotted results of case 1. Residuals vs Fitted plot shows positive residuals
are more than negative residuals, there is not characteristic pattern, relatively shapeless, plot
134 might be considered as an outlier, overall, this can be considered as a good pattern. Normal
Q-Q, up to 1 on the x-axis shows a good straight line but after that plot start leaving the line.
The plot 134 might be a potential issue. Scale-Location plot tells slight horizontal line, plots
are well spread around the line. Residuals vs Leverage shows that there are no dots outside of
Cook’s distance. It might be considered that there is no influential case.

Residuals vs Fitted
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Figure 95: Plotted results of Case 1
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Figure 96 presents the result of AIC = -271.6 and selected model by step function in R.

Step: AIC=-271.6

GPI_Score ~ Temp_day + Mean_Tmp + Drought + Volcanic + wildfire +

COV_CASE

Df sum of 5Sq

<none>
- Volcanic
- wildfire
- Mean_Tmp
- COV_CASE
- Drought

- Temp_day

el

VIiHHEOOO

. 3644
. 7645
.8924
.1153
.7505
. 4688

R55

.265 -271.
.629 -271.
.029 -269.
157 -268.
.380 -267.
.015 -263.
.734 -244.

Figure 96: Result model of Case 1
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Case 2: Figure 97 presents the programming.

N

# case 2: select by model

# select factors from GW

modeT. TmGL_ALL <- Tm(GPI_Score ~., data = GW_OUT[c(2:15)])
summary (model. TmG1_ALL)

modeT. TmG2_ALL <- step(model. ImGL_ALL)

# select factors from ND

modeT. TmNI_ALL <- Tm(GPI_Score ~., data = ND_OUT[c(2:16)])
summary (modeT. TmN1_ALL)

modeT. TmN2_ALL <- step(model. TmN1_ALL)

# joint selected data

# Build Final data --- merge the result from GWw and ND
GW2 <- GW_OUT[,c(1:3,8,12,14)]

ND2 <- ND_OUT[,c(1,2,10,11,13,14,16)]

Final2 <- merge(x=GW2, y=ND2, by="Country", all.x=TRUE)
str(Final2)

model. TmF2 <- Tm(GPI_Score ~., data = Final2[c(2:12)]1)
summary (model. TmF2)

par (mfrow=c(2,2),oma = c(1,1,2,1),mar = c(4, 4, 2, 1))
plot(model. TmF2,pch=21,bg=1,col=1,cex=1.0)

model. ImF2_2 <- step(model.1mF2)

Figure 97: Programming of Case 2

Figure 98 shows the results of case 2 that R"2 is 0.365, and Cld_cv, Temp_day, Vap_prs,
Drought, wildfire and COV_CASE are effective at P-value < 0.05.

> summary(model. TmF2)

call:
Tm(formula = GPI_Score ~ ., data = Final2[c(2:12)]1)

Residuals:
Min 10 Median 3Q Max
-0.70897 -0.25430 -0.06911 0.17762 1.41427

Coefficients:
Estimate std. Error t value Pr(=|t|)

(Intercept) 2.078e+00 3.582e-01 5.801 3.70e-08 #¥*¥*
Ccld cv -1.224e-02 2.994e-03 -4.088 7.02e-0Q5 *¥**
Temp_day 5.311e-02 1.976e-02 2.688 0.0080Q **
Vap_prs 1.271e-02 5.328e-03 2.385 0.0183 *
C02_1970 1.193e-04 2.184e-04 0.546 0.5857
Inc_Rate -8.568e-03 4.956e-03 -1.729 0.0859 .
Drought 9.965e-05 4.157e-05 2.397 0.0177 *
volcanic 2.886e-04 1.635e-04 1.765 0.0796 .
wildfire -2.951e-02 1.132e-02 -2.607 0.0100 *
COV_CASE -3.319e-05 1.390e-05 -2.387 0.0182 *
COV_DEATH -2.064e-04 3.137e-04 -0.658 0.5115
Signif. codes: 0 ‘%%’ (0,001 “**’ 0.01 “*’ 0.05 “.” 0.1 ¢ " 1

Residual standard error: 0.4074 on 152 degrees of freedom
Multiple R-squared: 0.4042, Adjusted R-squared: 0.365
F-statistic: 10.31 on 10 and 152 DF, p-value: 3.704e-13

Figure 98: Result of Case 2
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Figure 99 presents plotted results of case 2. The shape of the plots is very similar to case 1.
Residuals vs Fitted plot shows positive residuals are more than negative residuals, no
characteristic pattern, relatively shapeless, plot 134 might be an outlier, overall, this can be a
good pattern. Normal Q-Q, up to 1 on the x-axis shows a good straight line but after that plot
start leaving the line. The plot 134 might be a potential issue. Scale-Location plot tells slight
horizontal line, plots are well spread around the line. Residuals vs Leverage shows that there
are no dots outside of Cook’s distance. It might be considered that there is no influential case.
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Figure 99: Plotted results of Case 2
Figure 100 presents the result of AIC =-285.37 and selected model by step function in R.

Step: AIC=-285.37
GPI_Score ~ Cld_cv + Temp_day + vap_prs + Inc_Rate + Drought +
volcanic + wildfire + COV_CASE

Df sum of 5q RSS AIC
<none:> 25.344 -285.37
- Volcanic 1 0.47015 25.814 -284.38
- Inc_Rate 1 0.47593 25.820 -284.34
- Vap_prs 1 1.04686 26.391 -280.78
- wildfire 1 1.13221 26.477 -280.25
- Temp_day 1 1.22308 26.567 -279.69
- COV_CASE 1 1.28765 26.632 -279.30
- Drought 1 1.59351 26.938 -277.44
- Cld_cv 1 2.86882 28.213 -269.89

Figure 100: Result model of Case 2
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Case 3: Figure 101 presents the programming.

R

# case 3:

# Join both GW and ND data before AIC run

# total all

GW3 <- GW_OUT[,c(-15)]

ND3 <- ND_OUT

Final3 <- merge(x=GW3, y=ND3, by="Country", all.x=TRUE)
str(Final3)

model.ImF3 <- Tm(GPI_Score ~., data = Final3[c(2:29)]1)
summary (model. TmF3)

par(mfrow=c(2,2),oma = c(1,1,2,1),mar = c(4, 4, 2, 1))
plot(model. TmF3,pch=21,bg=1,col=1,cex=1.0)

model. TmF3_2 <- step(model.TmF3)

Figure 101: Programming of Case 3

Figure 102 presents the results of case 3 that R"2 is 0.3187, and Cld_cv, wildfire and
COV_CASE are effective at P-value < 0.05.

> summary(model. TmF3)

Call:
Im(formula = GPI_Score ~ ., data = Final3[c(2:29)])
Residuals:

Min 10  Median Eln) Max

-0.68173 -0.24201 -0.05649 0.18635 1.43569

Coefficients:
Estimate 5td. Error t value Pr=|t|)

(Intercept) 1.993e+00 6.477e-01 3.078 0.00253 ==
Cld_cv -9.151e-03 4.467e-03 -2.049 0.04243 =
Temp_day 3.844e-02 2.816e-02 1.365 0.17447
Gnd_Fr -1.475e-06 1.952e-03 -0.001 0.99940
Pot_Eva 3.723e-02 7.169e-02 0.519 0.60441
Prcp -7.227e-05 9.789e-05 -0.738 0.46163
Mean_Tmp 4,.342e-04 2.302e-02 0.019 0.98498
vap_prs 1.417e-02 1.521e-02 0.932 0.35322
Rr_day -1.199%e-04 1.444e-03 -0.083 0.93397
Tp_diff 1.040e-01 1.050e-01 0.990 0.32373
Tp_IncR -7.205e-02 1.961e-01 -0.367 0.71383
C02_1970 3.155e-05 3.234e-04 0.098 0.92243
c02_2017 -1.713e-04 1.842e-04 -0.930 0.35398
Inc_Rate -1.035e-02 5.537e-03 -1.869 0.06379 .
Drought 6.051e-05 6.317e-05 0.958 0.33984
EarthQ -6.499e-06 2.143e-05 -0.303 0.76216
Epidemic 3.205e-05 4.112e-05 0.780 0.43705
Ex_temp -1.247e-07 1.811e-06 -0.069 0.94519
Flood -1.040e-04 9.561e-05 -1.087 0.27880
Lands 4.96%9e-04 4 .582e-04 1.085 0.28005
Mass_move 1.185%e-02 2.097e-02 0.565 0.57294
Storm 2.580e-05 2.298e-05 1.122 0.26366
volcanic 3.245e-04 2.844e-04 1.141 0.25577
wildfire -3.107e-02 1.249e-02 -2.487 0.01409 =
Total_Disaster 7.671e-04 4.078e-04 1.881 0.06210 .
COV_CASE -4.195e-05 1.653e-05 -2.537 0.01232 =
COV_DEATH 6.79e-05 5.19%4e-04 0.131 0.89610
COV_D_Rate -1.874e+00 1.706e+00 -1.098 0.27395
Signif. codes: 0 “***" 0,001 *=*=’ 0.01 ‘=’ 0.05 *.7 0.1 * " 1

Residual standard error: 0.422 on 135 degrees of freedom
Multiple R-squared: 0.4323, Adjusted R-squared: 0.3187
F-statistic: 3.807 on 27 and 135 DF, p-value: 1.289%e-07

Figure 102: Result of Case 3
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In Figure 103 Residuals vs Fitted plot shows positive residuals are more than negative
residuals, no characteristic pattern, relatively shapeless, plot 134 might be an outlier, overall,
this can be a good pattern. Normal Q-Q, up to 1 on the x-axis shows a good straight line but
after that plot start leaving the line. The plot 134 might be a potential issue. Scale-Location plot
tells slight horizontal line, plots are well spread around the line. Residuals vs Leverage shows
that there is a dot outside of 1 Cook’s distance on the right but very close to the line. It might
be considered that there is not significant influential case.
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Figure 103: Plotted results of Case 3

Figure 104 presents the result of AIC=-285.37 and selected model by step function in R.

Step: AIC=-285.37
GPI_Score ~ Cld_cv + Temp_day + Vap_prs + Inc_Rate + Drought +
volcanic + wildfire + COV_CASE

Df Sum of Sg RSS AIC
<nones 25.344 -285.37
- volcanic 1  0.47015 25.814 -284.38
- Inc_Rate 1 0.47593 25.820 -284.34
- Vap_prs 1 1.04686 26.391 -280.78
- Wildfire 1 1.13221 26.477 -280.25
- Temp_day 1 1.22308 26.567 -279.69
- COV_CASE 1 1.28765 26.632 -279.30
- Drought 1 1.59351 26.938 -277.44
- Cld_cv 1 2.86882 28.213 -269.89

Figure 104: Result model of Case 3
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Case 4.1: Figure 105 presents the programming of case 4.1 natural logarithm transformation.

F =======

# case 4: Transform data .
ALL <- merge(x=GW_OUT[,c(-15)], y=ND_OUT, by="Country"”, all.x=TRUE)

LOG <- Tog(ALL[,c(2:29)])
Figure 105: Programming of Case 4.1

Figure 106 presents calculation error of case 4.1. This is invalid and no further test.
= L0G <- log(ALL[,c(2:29)]1)
warning messages:

1: In FUNCX[[i]], ...) : NaNs produced
2: In FUNCX[[i]], ...) : NaNs produced
3: In FUNCX[[i]], ...) : NaNs produced

Figure 106: Result of Case 4.1

Case 4.2: Figure 107 presents the programming of natural logarithm 10 transformation.

# case 4.2: Natural Logl0 Transformation

i
r

LOG10 <- 1oglO(ALL[,c(2:29)7)
Figure 107: Programming of Case 4.2

Figure 108 presents calculation error of case 4.2. This is invalid and no further test.

> LOG10 <- ToglOo(aLL[,c(2:29)]1)
warning messages:

1: In Tapply(X = x, FUN = .Generic, ...) : NaNs produced
2: In lapply(X = x, FUN = .Generic, ...) : NaNs produced
3: In lapply(X = x, FUN = .Generic, ...) : NaNs produced

Figure 108: Result of Case 4.2

Case 4.3: Figure 109 presents the programming of square root transformation.

Fi

# case 4.3: square root Transformation

Fia
¥ -

éQRT <- sqri(ALL[,c(2:29)])
Figure 109: Programming of Case 4.3

Figure 110 presents calculation error of case 4.3. This is invalid and no further test.
> SORT <- sqri(ALL[,c(2:29)])
warning messages:

1: In FUNCX[[i11, ...) : NaNs produced
2: In FUNCX[[i]1], ...) : NaNs produced
3: In FUNCX[[i1], ...) : NaNs produced

Figure 110: Result of Case 4.3

Case 4.4: Figure 111 presents the programming of 1/x transformation.

B e e

# case 4.4: Reciprocal Transformation (1/x)

D1 <- 1/ALL[,c(2:29)]
Figure 111: Programming of Case 4.4
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Figure 112 presents the part of appearance of infinity. This is invalid and no further test.
= D1l <- 1/ALL[,c(2:29)]

= D1

Cld_cv  Temp_day Gnd_Fr  Pot_Eva Prcp Mean_Tmp vap_prs
1 0.02715967 0.07039210 8.149377e-03 0.2601552 0.0030899082 0.07905138 0.17506143
2 0.01783814 0.09901850 1.148117e-02 0.4035398 0.0009978031 0.08597933 0.10161333
3 0.02735190 0.06997299 6.702334e-02 0.2123696 0.0112511473 0.04426497 0.10773011
4  0.01586440 0.07418011 5.990541e-01 0.2960270 0.0010171542 0.04621559 0.05774783
5 0.02145438 0.07603041 1.463095e-02 0.2751629 0.0017909435 0.06733609 0.09093810
6 0.01877223 0.08720263 6.091696e-03 0.3828073 0.0017792567 0.14046328 0.16393443
7 0.02771363 0.07250064 9.064885e-02 0.1864878 0.0019452232 0.04631887 0.07686084
8 0.01554765 0.12577229 6.686923e-03 0.5943691 0.0008814824 0.15603613 0.12043102
9 0.01757415 0.09771987 9.734521e-03 0.3485173 0.0023569497 0.08367587 0.10234312
10 0.03042272 0.07607608 8.382353e+00 0.2914483 0.0122328097 0.03693743 0.06206108
11 0.01889482 0.11059371 5.428571e+01 0.3035952 0.0003713307 0.03999018 0.04086607
12 0.01443952 0.12099342 6.567653e-03 0.5903677 0.0015940823 0.15908457 0.11722365
13 0.01401507 0.11738056 1.130414e-07? 0.5571848 0.0012022171 0.10186757 0.09746922
14 0.01442837 0.08445070 Inf [0.2416790 0.0009470436 0.03618818 0.04502903

Figure 112: Result of Case 4.4
Case 4.5: Figure 113 presents the programming of case 4.5.

$y -

model.TmP3 <- Tm(GPI_Score ~., data = data.frame(P3[,c(1:28)]))
summary(model. TmP3)

par(mfrow=c(2,2),oma = c(1,1,2,1),mar = c(4, 4, 2, 1))
plot(model. TmP3,pch=21,bg=1,col=1,cex=1.0)

model. Tmp3_2 <- step(model. TmP3)

Figure 113: Programming of Case 4.5

Figure 114 shows the results of case 4.5 that R"2 is 0.1577, and Temp_day is effective at P-
value < 0.05.

> summary(model. TmP3)

call:
Im(formula = GPI_Score ~ ., data = data.frame(P3[, c(1:28)]1))
Residuals:

Min 1q Median 3Q Max

-13.622 -4.466 -1.712 1.805 31.457

Coefficients:
Estimate Std. Error t value Pr(=|t|)

(Intercept) 1.079e+01 3.383e+00 3.189 0.00177 ==
Cld cv -1.519e-05 8.018e-06 -1.894 0.06030 .
Temp_day 2.478e-03 1.241e-03 1.997 0.04785 =
Gnd_Fr -5.390e-07 4.183e-07 -1.289 0.19973
Pot_Eva 1.097e-02 2.285e-02 0.480 0.63206
Prcp -1.329e-10 1.860e-10 -0.714 0.47634
Mean_Tmp -2.327e-04 2.356e-04 -0.987 0.32525
vap_prs 3.513e-04 2.643e-04 1.329 0.18595
Rn_day -1.511e-07 3.698e-07 -0.409 0.68342
Tp_diff 2.505e-01 4.048e-01 0.819 0.53697
Tp_IncR 2.311e-01 7.456e-01 0.310 0.75706
C02_1970 -1.244e-09 6.093e-09 -0.204 0.83848
C02_2017 -5.110e-10 8.935e-10 -0.572 0.56838
Inc_Rate -8.358e-05 6.593e-05 -1.268 0.20710
Drought 6.811e-11 1.131e-10 0.602 0.54799
EarthQ -4.056e-13 1.118e-12 -0.363 0.71732
Epidemic -9.134e-13 1.285e-11 -0.071 0.94341
Ex_temp 1.052e-16 4.761le-16 0.221 0.82545
Flood -1.962e-10 2.520e-10 -0.778 0.43765
Lands 1.717e-08 2.206e-08 0.778 0.43785
Mass_move -5.300e-04 3.109-03 -0.170 0.86490
Storm 2.768e-12 3.556e-12 0.779 0.43763
Volcanic 3.947e-09 4.676e-09 0.844 0.40010
wildfire -1.105e-03 5.859%e-04 -1.886 0.06143
Total_Disaster 2.205e-08 2.561e-08 0.861 0.39075
COV_CASE -8.391e-13 6.463e-13 -1.298 0.19637
COV_DEATH 1.145e-08 2.278e-08 0.503 0.61600
COV_D_Rate -2.687e+03 2.300e+03 -1.168 0.24470
Signif. codes: 0 *##%%’ 0.001 ***’ 0.01 ‘=" 0.05 *.” 0.1 * " 1

Residual standard error: 8.207 on 135 degrees of freedom
Multiple R-squared: 0.2981) Adjusted R-squared: 0.1577
F-statistic: 2.124 on 27 and 135 DF, p-value: 0.002647

Figure 114: Result of Case 4.5
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In Figure 115 Residuals vs Fitted plot shows positive residuals are more than negative
residuals, there is a pattern as the plots are fitted near red line around 0 to 20 on x-axis and
relatively linear, overall, this can be said as heteroskedasticity. Normal Q-Q, up to 1 on the x-
axis shows a good straight line but after that plot start leaving the line. The plot 134 might be
a potential issue. Scale-Location plot tells the plots spreading up to 20 on x-axis, and the red
line is diagonal. Residuals vs Leverage shows that there are three plots outside of Cook’s
distance on the right middle and 5 plots on the right edge of red line. Those are appearing not
on in the top and bottom of the right corner but there are quite a few plots. It can be considered
that there might be some influential cases.
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Figure 115: Plotted results of Case 4.5

Figure 116 presents the result of AIC= 677.26 and selected model by step function in R.

Step: AIC=677.26
GPI_Score ~ Cld_cv + Temp_day + Gnd_Fr + Drought + wildfire

Df sum of Sq RSS AIC
<none:> 9653.7 677.26
- Ghd_Fr 1 160.41 9814.1 677.95
- wildfire 1 236.84 0890.5 679.21
- Temp_day 1 391.81 10045.5 681.74
- Cld_cv 1 595.79 10249.5 685.02
- Drought 1 657.65 10311.4 686.00

Figure 116: Result model of Case 4.5
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Case 4.6: Figure 117 presents the programming of case 4.6.

; ______________________________________________

+
M
ol
LA
m
=
[#3]
M
ot

=

¥ -

éx <- exp(ALL[,c(2:29)])
Figure 117: Programming of Case 4.6

Figure 118 presents the part of appearance of infinity. This is invalid and no further test.
> ex <— exp(ALL[,c(2:29)])

> ex

Cld_cv Temp_day Gnd_Fr Pot_Eva Prcp Mean_Tmp
1  9.781784e+15 1477911.2789 1.957684e+53 46.705393 3.569043e+140 3.117634e+05
2 2.220221e+24 24321.6653 6.709164e+37 11.918242 Inf |1.124992e+05

Figure 118: Result of Case 4.6

Case 4.7: Figure 119 presents the programming of case 4.7.

. -J e

sin <— sin(ALL[,c(2:29)7)

model. Tmsin <- Tm(GPI_Score ~., data = data.frame(sin[,c(1:28)]1))
summary (model. Tmsin)

par (mfrow=c(2,2),oma = c(1,1,2,1),mar = c(4, 4, 2, 1))
plot(model. Imsin,pch=21,bg=1,col=1,cex=1.0)

model.Imsin_2 <- step(model.Imsin)

Figure 119 : Programming of Case 4.7

Figure 120 shows the results of case 4.7 that R"2 is 0.1318, and Pot_Eva, Tp_diff and LandS
are effective at P-value < 0.05.

> summary (model. Tmsin)

call:
Im(formula = GPI_Score ~ ., data = data.frame(sin[, c(1:28)1))
Residuals:

Min 10 Median 30 Max

-1.07988 -0.09086 0.05214 0.14821 0.52564

Coefficients:
Estimate Std. Error t value Pri=|tl)

(Intercept) 0.965459  0.263382  3.666 0.000354 ===
cld_cv -0.039922  0.037458 -1.066 0.288424
Temp_day 0.011455  0.036780  0.311 0.755940

Gnd _Fr -0.057325 0.050110  -1.1744 (0.254R59

Pot Eva 0.175172  0.040250 4,352 2,6de-05 *%=
Prep 0.058065 0.035507 1.635 0.104309
Mean_Tmp -0.007012 0.036841 -0.190 0.849328
Vap_prs 0.050719  0.038491 1.318 0.189844
Rn_day -0_034A26 0035437 -0_977 0_330250
TpidiFF -0 267848 0101161 -2 648 0 009068 *=
Tp_IncR 0.019653  0.296425 0.066 0.947238
€02_1970 -0.039699 0.039496 -1.005 0.316619
C02_2017 0.023859 0.038091 0.626 0.532123
Inc_Rate -0.032065 0.037408 -0.857 0.392867
Drought -0.104254  0.089592 -1.164 0.246618
Earthg -0.046609  0.055813 -0.835 0.405136
Epidemic -0.019187  0.042622 -0.450 0.653312
Ex_temp -0.084387 0.056823 -1.485 0.139853
Flood -0.021650  0.039602 -0.547 0.585490
Lands 0.114141  0.052422  2.177 0.031192 *
Mass_move -0.078785 0.111501 -0.707 0.481040
storm -0.070606 0.045965 -1.536 0.126859
Volcanic -0.020711 0.118981 -0.174 0.862071
wildfire 0.114431 0.078601 1.456 0.147758
Total_Disaster 0.017128 0.036295 0.472 0.637759
COV_CASE -0.026106 0.036699 -0.711 0.478096
COV_DEATH -0.030622 0.040636 -0.754 0.452430
COV_D_Rate 0.856158  0.830395 1.031 0.304373
Signif. codes: 0 “*#%’ 0,001 ‘*=’ 0.01 **’ 0.05 ‘.’ 0.1 * ' 1

Residual standard error: 0.2996 on 135 degrees of freedom
Multiple R-squared: 0.2762, Adjusted R-squared: 0.1314
F-statistic: 1.908 on 27 and 135 DF, p-value: 0.008/722

Figure 120: Result of Case 4.7
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In Figure 121 Residuals vs Fitted plot shows negative residuals are more than positive
residuals, there is a pattern as the plots are fitted near red line around 0.6 to 1.0 on x-axis and
relatively linear, overall, this can be said as heteroskedasticity. Normal Q-Q shows the plots
start to -1 is away from the line and from 1 to the end on the x-axis shows a good straight line.
The plot 134 might be a potential issue. Scale-Location plot tells the plots gathering 0.5 to 1.0
on x-axis, and the red line is diagonally going down toward 1.0. Residuals vs Leverage shows
that a plot 95 is located outside of 0.5 Cook’s distance on the corner. It can be considered that
95 might be some influential cases.
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Figure 121: Plotted results of Case 4.7
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Figure 122 presents the result of AIC =-394.38 and selected model by step function in R.

GPI_Score ~ Pot_Eva + Prcp + Vap_prs + Tp_diff + LandS + Storm +

Step: AIC=-394.38
wildfire

Df Sum of Sg
<none:=
- Vap_prs 1 0.17320
- Storm 1 0.24379
- Prcp 1 0.24531
- Wildfire 1  0.31405
- Lands 1 0.72367
- Tp_diff 1 0.73704
- Pot_Eva 1 2.30538

13.

13

13.
13.
13.
13.
13.
15.

R55
146
.319
390
391
460
870
883
451

AIC
-394.38
-394.24
-393.38
-393.36
-392.53
-387.64
-387.48
-370.04

Figure 122: Result model of Case 4.7
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Case 4.8: Figure 123 presents the programming of case 4.8.

i

#

abs < abs(ALL[,c(2:29)7)

model. Imabs <- Tm(GPI_Score ~., data = data.frame(abs[,c(1:28)1))
summary (model. Tmabs)

par (mfrowpc(2,2) ,oma c(1,1,2,1),mar c(4, 4, 2, 1))
plot(madel. Tmabs ,pch=21,bg=1,col=1,cex=1.0)

model. Tmabs_2 <- step(model. Imabs)
Figure 123: Programming of Case 4.8

Figure 124 shows the results of case 4.8 that R"2 is 0.3225, and Cld_cv, wildfire and
COV_CASE are effective at P-value < 0.05.

> summary(model. Tmabs)

Call:
Im(formula = GPI_Score ~ ., data = data.frame(abs[, c(1:28)1))
Residuals:
Min 10 Median 3Q Max
-0.68477 -0.23602 -0.05377 0.17903 1.41650

Coefficients:

Estimate Std.

Error t value

Pri>ltl)

(Intercept) 1.936e+00 6.466e-01 2.994 0.00327 ==
Cld_cv -9.206e-03 4.452e-03 -2.068 0.04056 =
Temp_day 3.582e-02 2.807e-02 1.276 0.20402
Gnd_Fr 7.625e-04 1.920e-03 0.397 0.69186
Pot_Eva 2.942e-02 7.168e-02 0.410 0.68218
Prcp -7.866e-05 9.770e-05 -0.805 0.42215
Mean_Tmp 1.016e-02 2.332e-02 0.436 0.66363
vap_prs 1.110e-02 1.553e-02 0.715 0.47602
Rn_day 6.494e-05 1.447e-03 0.045 0.96426
Tp_diff 1.213e-01 1.074e-01 1.129 0.26089
Tp_IncR -1.458e-01 2.245e-01 -0.650 0.51696
C02_1970 1.044e-05 3.237e-04 0.032 0.97433
C02_2017 -1.801e-04 1.839e-04 -0.979 0.32919
Inc_Rate -1.061e-02 5.525e-03 -1.921 0.05684 .
Drought 6.102e-05 6.304e-05 0.968 0.33480
EarthQ -6.399%e-06 2.139e-05 -0.299 0.76524
Epidemic 2.704e-05 4.171e-05 0.648 0.51787
Ex_temp -1.185e-07 1.807e-06 -0.066 0.94782
Flood -1.053e-04 9.537e-05 -1.104 0.27166
Lands 5.064e-04 4.572e-04 1.108 0.26999
Mass_move 1.107e-02 2.094e-02 0.529 0.59801
Storm 2.621e-05 2.292e-05 1.144 0.25481
Volcanic 3.333e-04 2 _83he-04 1.176  0.24182
wildfire -3.051e-02 1.235e-02 -2.470 0.01476 *
Total_Disaster 7.9%5e-04 4.093e-04 1.953 0.05288 .
COV_CASE -4.349e-05 1.656e-05 -2.626 0.00964 ==
COV_DEATH 1.206e-04 5.173e-04 0.233 0.81594
COV_D_Rate -2.037e+00 1.697e+00 -1.201 0.23201
Signif. codes: 0 *##*’ 0.001 “*=’ 0.01 ‘=’ 0.05 “.” 0.1 * * 1

Residual standard

Multiple R-squared:

F-statistic:

error:

0.4347,
3.845 on 27 and 135 DF,

0.4211 on 135 dearees of freedom
Adjusted R-squared:
p-value:

0.3217
1.033e-07

Figure 124: Result of Case 4.8
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In Figurel25 presents similar plots as Figure 105. Residuals vs Fitted plot shows positive
residuals are more than negative residuals, no characteristic pattern, relatively shapeless, plot
134 might be an outlier, overall, this can be a good pattern. Normal Q-Q, up to 1 on the x-axis
shows a good straight line but after that plot start leaving the line. The plot 134 might be a
potential issue. Scale-Location plot tells slight horizontal line, plots are well spread around the
line. Residuals vs Leverage shows that there is a dot outside of Cook’s distance on the right
but very close to the line. It might be considered that there is not significant influential case.
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Figure 125: Plotted results of Case 4.8

Figure 126 presents the result of AIC and selected model by step function in R.

Step: AIC=-285.37
GPI_Score ~ Cld_cv + Temp_day + Vap_prs + Inc_Rate + Drought +
Volcanic + Wildfire + COV_CASE

Df sum of sq RSS AIC
<none: 25.344 -285.37
- Volcanic 1  0.47015 25.814 -284.38
- Inc_Rate 1 0.47593 25.820 -284.34
- Vap_prs 1 1.04686 26.391 -280.78
- Wildfire 1 1.13221 26.477 -280.25
- Temp_day 1 1.22308 26.567 -279.69
- COV_CASE 1 1.28765 26.632 -279.30
- Drought 1  1.59351 26.938 -277.44
- Cld_cv 1 2.B6882 28.213 -269.89

Figure 126: Result model of Case 4.8
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4.3.6 Data Validation
Figure 127 to 140 present programming of linear regression and result plots for 28 explanatory
variables.

str(Final_ALL)
0riginal_OUT <- Final_ALL

# response variable
GPI_Score <- Original_OQUTSGPI_Score

# explanatory variable

Cld_cv <- Original_ouTs$Cld_cv
Temp_day <- Original_OUTS$Temp_day
Gnd_Fr <- Original_OUTS$Gnd_Fr
Pot_Eva <- 0Original_OUT3Pot_Eva
Prcp <- Original_OUTSPrcp

Mean_Tmp  <- Original_OUT3$Mean_Tmp
Vap_prs <- Original_oUT$Vap_prs
Rn_day <- 0Original_OUTSRn_day
Tp_diff <- Original_ouT3$Tp_diff
Tp_IncR <- Original _OUTS$Tp_IncR
C02_1970 <- Original_ouT$C02_1970
C02_2017 <- Original_ouT$C02_2017
Inc_Rate <- Original_OUT$Inc_Rate
Drought <- Original_oUT$Drought
Eartha <- Original_OUTSEarthQ
Epidemic  <- Original_OUTS$Epidemic
Ex_temp <- Original_OUTSEx_temp

Flood <- 0Original_OUT3$Flood
Lands <- Original_ouTSLands
Mass_move <- Original_OUT3$Mass_move
Storm <- Original_ouTS$storm

Volcanic  <- Original_OUTS$Vap_prs

wildfire <- Original_ouTSwildfire
Total_Disaster <- Original_0OUT$Total_Disaster
COV_CASE <- 0Original_OUT$COV_CASE

COV_DEATH <- Original_OUTS$COV_DEATH

COV_D_Rate <- Original_OUT$COV_D_Rate

Figure 127: Programming of Linear Regression and result plot — part 1

At the top of Figure 128 presents 27 graphs are set to appear on one screen. (Original Source:
Celia Rowland®)

i

mode]l_Cld_cv <- Im(GPI_Score ~ Cld_cv)
yfit_Cld_cv =- model_Cld_cvifitted.values
plot(Cld_cv, GPI_Score, main = "Cloud cover")
Tines(Cld_cv, yfit_Cld_cv, col = "blue’)
summary (model_Cld_cv)

i

yfit_Temp_day <- model_Temp_dayifitted.values
plot(Temp_day, GPI_Score, main = "Day time temp")
Tines (Temp_day, yfit_Temp_day, col = "blue’)
summary (model_Temp_day)

Figure 128: Programming of Linear Regression and result plot — part 2

5 https://kenanfellows.org/kfp-cp-sites/cp19/cp19/lesson-1-least-squares-linear-regression-r/index.html
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# _____

model_Gnd_Fr =- Im{GPI_Score ~ Gnd_Fr)
yfit_Gnd_Fr <- model_Gnd_Frifitted.values
plot(Gnd_Fr, GPI_Score, main = "Grand frost")
lines(Gnd_Fr, yfit_Gnd_Fr, col = 'blue’)
summary (model_Gnd_Fr)

B o————

model_Pot_Eva <- Im(GPI_Score ~ Pot_Eva)
yfit_Pot_Eva <- model_Pot_Evaifitted.values
plot(Pot_Eva, GPI_Score, main = "Evaporation™)
Tines(Pot_Eva, yfit_Pot_Eva, col = "blue')
summary (model_Pot_Eva)

Figure 129: Programming of Linear Regression and result plot — part 3

model_Prcp <- Im(GPI_Score ~ Prcp)

yfit_Prcp <- model_Prcpifitted.values
plot(Prcp, GPI_Score, main = "Precipitation™)
Tines(Prcp, yfit_Prcp, col = "blue’)

summary (model_Prcp)

model_Mean_Tmp <- Tm(GPI_Score ~ Mean_Tmp)
yfit_Mean_Tmp <- model_Mean_Tmp3$fitted.values
plot(Mean_Tmp, GPI_Score, main = "Mean Temp")
Tines (Mean_Tmp, yfit_Mean_Tmp, col = 'blue')
summary (mode1_Mean_Tmp)

Figure 130: Programming of Linear Regression and result plot — part 4

¥ oo

model_vap_prs <- Im(GPI_Score ~ Vap_prs)
yfit_vap_prs <- model_vap_prsifitted.values
plot(vap_prs, GPI_Score, main = "Vapour Pre")
Tines(vap_prs, yfit_vap_prs, col = "blue")
summary (model_Vap_prs)

# _____

mode1_Rn_day <- Im(GPI_Score ~ Rn_day)
yvfit_Rn_day <- model_Rn_day3fitted.values
plot(Rn_day, GPI_Score, main = "Rainy days")
Tines(Rn_day, yfit_Rn_day, col = 'blue")
summary (model_Rn_day)

Figure 131: Programming of Linear Regression and result plot — part 5

model_Tp_diff <- Tm(GPI_Score ~ Tp_diff)
yiit_Tp_diff <- model_Tp_diffifitted.values
plot(Tp_diff, GPI_Score, main = "Temp Difference™)
Tines(Tp_diff, yfit_Tp_diff, col = "blue")

summary (model_Tp_diff)

model_Tp_IncR <- Tm(GPI_Score ~ Tp_IncR)
yTit_Tp_IncR <- model_Tp_IncREifitted.values
plot(Tp_IncR, GPI_Score, main = "Temp inc rate™)
Tines(Tp_IncR, yfit_Tp_IncR, col = "blue")
summary (model_Tp_IncR)

Figure 132: Programming of Linear Regression and result plot — part 6
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mode]_C02_1970 <- Im(GPI_Score ~ C02_1970 )
yfit_C02_1970 <- model_C02_19705fitted.values
plot(C02_1970 , GPI_Score, main = "C02 1970™)
Tines (C02_1970 , yfit_C02_1970, col = "hlue’)
summary (model_C02_1970)

mode]_C02_2017 <- Tm(GPI_Score ~ C02_2017)
yfit_C02_2017 <- model_c02_20173%fitted.values
plot(C02_2017, GPI_Score, main = "C02 2017")
Tines(C02_2017, yfit_C02_2017, col = "blue")
summary (model_C02_2017)

Figure 133: Programming of Linear Regression and result plot — part 7

;_It _____

model_Inc_Rate <- Tm(GPI_Score ~ Inc_Rate)
yfit_Inc_Rate <- model_Inc_Rateifitted.values
plot(Inc_Rate, GPI_Score, main = "C02 inc rate")
Tines(Inc_Rate, yfit_Inc_Rate, col = 'blue')
summary (model_Inc_Rate)

-

model_Drought <- Im(GPI_Score ~ Drought)
yfit_Drought <- model_Droughtifitted.values
plot({Drought, GPI_Score, main = "Drought™)
Tines(Drought, yfit_Drought, col = 'purple’)
summary (model_Drought)

Figure 134: Programming of Linear Regression and result plot — part 8

# _____

model_EarthQ <- Im(GPI_Score ~ EarthQ)
yfit_EarthQ <- model_EarthQifitted.values
plot(EarthQ, GPI_Score, main = "Earthquake™)
Tlines (Eartha, yfit_Earthq, col = 'purple’)
summary (model_Earthg)

¥ oo

model_Epidemic <- Tm(GPI_Score ~ Epidemic)
yfit_Epidemic <- model_Epidemicifitted.values
plot(Epidemic, GPI_Score, main = "Epidemic™)
Tines (Epidemic, yfit_Epidemic, col = 'purple’)
summary (model_Epidemic)

Figure 135: Programming of Linear Regression and result plot — part 9

;_It _____

model_Ex_temp <- Im(GPI_Score ~ Ex_temp)
yiit_Ex_temp <- model_Ex_tempifitted.values
plot(Ex_temp, GPI_Score, main = "Extreme Temp')
Tines (Ex_temp, yfit_Ex_temp, col = "purple’)
summary (model_Ex_temp)

model_Flood <- Tm(GPI_Score ~ Flood)
yfit_Flood < model_Flood$fitted.values
plot(Flood, GPI_Score, main = "Flood")
Tines(Flood, yfit_Flood, col = "purple’)
summary (model_Flood)

Figure 136: Programming of Linear Regression and result plot — part 10
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¥ oo
model_LandS <- Tm{GPI_Score ~ Lands)
yfit_Lands <- model_LandS§titted.values
plot(LandS, GPI_Score, main = "Land STide")
Tines(Lands, yfit_LandSs, col = "purple’)
summary (model_Lands)

# _____

model_Mass_move <- Im(GPI_Score ~ Mass_move)
yfit_Mass_move <- model_Mass_move$fitted.values
ploti(Mass_move, GPI_Score, main = "Mass movement')
Tines (Mass_move, yfit_Mass_move, col = 'purple’)
summary (model_Mass_move)

Figure 137: Programming of Linear Regression and result plot — part 11

model_Storm <- Im(GPI_Score ~ Storm)
yfit_Storm <- model_Stormifitted.values
plot(Storm, GPI_Score, main = "Storm™)
Tines(Storm, yfit_Storm, col = 'purple’)
summary (model_Storm)

model_Volcanic <- Tm(GPI_Scaore ~ Volcanic)
yfit_Volcanic <- model_volcanicifitted.values
ploti{volcanic, GPI_Score, main = "Volcanic")
Tines(volcanic, yfit_volcanic, col = 'purple’)
summary(model_Volcanic)

Figure 138: Programming of Linear Regression and result plot — part 12

Foo————
model_Wildfire <- Tm(GPI_Score ~ Wildfire)
yiit_wildfire <- model_wildfireffitted.values
plot(wildfire, GPI_Score, main = "wWildfire™)
Tines(wildfire, yfit_wildfire, col = "purple’)
summary (model_wildfire)

# _____

model_Total_Disaster <- Im(GPI_Score ~ Total_Disaster)
yfit_Total_Disaster <- model_Total_Disasterffitted.values
plot(Total_Disaster, GPI_Score, main = "Total Disaster™)
lines(Total_Disaster, yfit_Total_Disaster, col = "purple’)
summary (model_Total_Disaster)

Figure 139: Programming of Linear Regression and result plot — part 13
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mode]_COV_CASE <- Tm{(GPI_Score ~ COV_CASE)
yfit_COV_CASE <- model_COV_CASESTitted.values
plot(COV_CASE, GPI_Score, main = "Covl9 Case™)
Tines (COv_CASE, yfit_COV_CASE, col = 'purple’)
summary (mode]_COV_CASE)

model_COV_DEATH =- Im(GPI_Score ~ COV_DEATH)
yfit_COV_DEATH <- model_COV_DEATH:Titted.values
plot(COV_DEATH, GPI_Score, main = "Covl9 Death")
Tines (COV_DEATH, yfit_COV_DEATH, col = 'purple’)
summary (model_COV_DEATH)

mode]_COV_D_Rate <- Im(GPI_Score ~ COV_D_Rate)
yfit_COV_D_Rate <- model_COV_D_Rateffitted.values
plot(COV_D_Rate, GPI_Score, main = "Covl9 Death Rate")
Tines(COV_D_Rate, yfit_COv_D_Rate, col = 'purple’)
summary{(model_COV_D_Rate)

Figure 140: Programming of Linear Regression and result plot — part 14

5 Result Evaluations

5.1 Data Preparation for Run Models by R

Figure 141 presents how to set response variable. 1 is set when GPI score is higher than the
mean, and 0 is set when it is lower or equal to the mean.

# #
# STAGE3: Machine Learning -
# Independent variables to use are as follows: =
# GPI_Score ~ Cld_cv + Temp_day + Vap_prs + Inc_Rate + Drought + Volcanic + #
= wildfire + COV_CASE =
= =
# Set Risk_Rank

str(Final_ALL)

SELECTED_LR1 <- Final_ALL[,c(2,3,8,14,15,23,24,26,29 )]

Str(SELECTED_LR1)

# Set if GPI Score is Higher than mean set 1 Chigh risk), else 0 (low risk)
SELECTED_LR1SRisk_Rank[SELECTED_LR1$GPI_Score > mean(SELECTED_LR1SGPI_Score)] <- 1
SELECTED_LR1SRisk_Rank[SELECTED_LR1SGPI_Score <= mean(SELECTED_LR1SGPI_Score)] <- 0
SELECTED_LR1SRisk_Rank <- as.factor(SELECTED_LR1SRisk_Rank)

SELECTED_LR13GPI_Score <- NULL

str(SELECTED_LR1)

Figure 141: Set response variable

Figure 142 presents the variables and data type selected.

> str(SELECTED_LR1)

‘data. frame': 163 obs. of 9 variables:

§ Cld_cv D num 36.8 56.1 36.6 63 46.6 ...

§ Temp_day : num 14.2 10.1 14.3 13.5 13.2 ...

$ vap_prs : num 5.71 9.84 9.28 17.32 11 ..

§ Inc_Rate : num 7.77 1.15 9.31 8.67 2.31 ...

§$ Drought : num 1 001.8 0.2 023.5000 ...

$ Volcanic : nhum 0000000000 ...

§ wildfire : num 0 0 0.7 0 0.7 0 20,900 0 ..

§ COV_CASE : num 523 433 232 3 504 ...

$ Risk_Rank: Factor w/ 2 Tevels "0","1": 2121121122 ...

Figure 142: Test model data
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Figure 143 presents the risk rank split 0 and 1, and percentage of 0 = 57.7% and 1 = 42.3%.

> levels(SELECTED_LR1SRisk_Rank)
[1] IIOII' |r1||

> library(hase)
> percentage <- prop.table(table(SELECTED_LRI1SRisk_Rank)) * 100

> chind(freq=table(SELECTED_LR1%Risk_Rank), percentage=percentage)
freq percentage

0 94 57.66871

1 69 42.33129

Figure 143: Rank Split

Figure 144 presents splitting model 70:30, and check percentage of split (Original Source:
jasminecaur’).

Tibrary(caret)
Tibrary(ggplot2)
Tibrary(rlang)
Tibrary(recipes)

# Set Train 70% and Test data 30%

seed_split <- 13

set.seed(seed_split)
indexes=createDataPartition(SELECTED_LR1%Risk_Rank, p=.7, list = F)

trainl = SELECTED_LR1[indexes, |
testl = SELECTED_LR1[-indexes, |

Figure 144: Split data Train and Test

Figure 145 presents common setting for train function.

# Run algorithms using 10-fold cross validation
control <- trainControl(method="cv", number=10)
metric <- "Accuracy"

-

seed_model <- 7
Figure 145: Train function common settings

5.2 Research of Confusion Matrix and AUC-ROC Curve

Figure 146 presents a confusion matrix which is a table that summarises the results of
classification and its formula for Sensitivity(TPR), Specificity (SPC), Precision (PPV),
Negative Predictive Value (NPV) and Accuracy (Medicine, 2018).

Predicted Class
¢ TN
Positive Negative
i 53 False Negative (FN) BEnELy
2 Positive True Positive (TP) 4 . TP
E: ype rror m
Q
3 e
g ; False Positive (FP) , pecticity
< Negative tvne T B True Negative (TN) TN
ype I Error m
oy Negative Predictive Accuracy
Precision
— Value TP +TN
st ™ (TP +TN + FP + FN)
(TP + FP) S
(TN + FN)

Figure 146: Confusion Matrix (SIRSAT, 2019)

7 https://community.rstudio.com/t/createdatapartition/6780/3
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5.2.1 Sensitivity

It is also called True Positive Rate (TPR) or Recall. It is the percentage that it does not be
missed the problem. The higher the index, the better the model.

5.2.2 Specificity

It is also called SPC or True Negative Rate (TNR). It is an indicator that it does not suspected
that there is no problem unnecessarily. The higher the index, the better the model.

5.2.3 Precision
It is also called Positive Predictive Value (PPV). It shows how many of the positive ones have
problems. Or it can be said that it represents the credibility of the positive judgment.

5.2.4 Accuracy

This is the overall correct answer rate, regardless of the type of wrong answer and used to check
the degree of learning in the middle of learning with machine learning. The formula divides
the number of correct answers (true positive/true negative) by the total number. The higher
numbers indicate better learning.

525 AUC-ROC Curve

AUC-ROC curve is well known evaluation metrics visualisation tool to measure the
performance and check a classification problem. It shows the how much the model can
distinguish between sensitivity and specificity. Figure 147 presents ROC curve. It shows
sensitivity on y-axis and specificity on x-axis. AUC tells the area size of under the curve and it
is considered as the excellent model of AUC is 0.9 to 1, 0.8 to 0.9 is very good, 0.7 to 0.8 is
good, 0.6 to 0.7 is satisfactory, 0.5 to 0.6 is unsatisfactory and under 0.5 can be considered as
failed (Narkhede, 2018). It shows that blue is satisfactory model, yellow is good model, and
red, green, and black are very good model in this chart.

ROC curve

0.8 1.0
|

06

Sensitivity

04
1

2-AUC: 0.65
3-AUC: 0.82

02

5-AUC: 0.89

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

1-specificity

Figure 147: AUC Curve (Chen, et al., 2019)
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5.3 Programming of Result Output and Visualisation
Figure 148 to 159 present programming of machine learning model (Original Source: Model
Selection - Jason Brownlee®)

Figure 148 presents the programming of generalized linear model, confusion matrix.

# 5.2 Generalized Linear Model (GLM)
set.seed(seed_model)
fit.glm <- train(Risk_Rank ~., data=trainl, method="gIm",
metric=metric, trControl=control)
pre_glm <- predict(fit.glm, testl)
cf_glm <- caret::confusionMatrix(pre_glm, testl$Risk_Rank)
cf_glm

Figure 148: Programming of GLM

Figure 149 presents the programming of linear discriminant analysis and confusion matrix.

# 5.3 Linear Discriminant Analysis (LDA)
set.seed(seed_model)
fit.lda <- train(Risk_Rank ~., data=trainl, method="1lda",
metric=metric, trControl=control)
pre_lda <- predict(fit.lda, testl)
cf_lda <- caret::confusionMatrix(pre_lda, testliRisk_Rank)
cf_lda

Figure 149: Programming of LDA

Figure 150 presents the programming of CART and confusion matrix.

# 5.4 Classification And Regression Tree (CART)
set.seed(seed_model)
fit.cart <- train(Risk_Rank~., data=trainl, method="rpart”,
metric=metric, trControl=control)
pre_cart <- predict(fit.cart, testl)
cf_cart <- caret::confusionMatrix(pre_cart, testlfRisk_Rank)
cf_cart

Figure 150: Programming of CART

Figure 151 presents the programming of KNN and confusion matrix.

# 5.5 k-Nearest Neighbors (KNN)
set.seed(seed_model)
fit.knn <- train(Risk_Rank~., data=trainl, method="knn",
metric=metric, trControl=control)
pre_knn <- predict(fit.knn, testl)
cf_knn <- caret::confusionMatrix(pre_knn, testlSRisk_Rank)
cf_knn

Figure 151: Programming of kNN

Figure 152 presents the programming of SVM linear and confusion matrix.

# 5.6 Support Vector Machines (SVM) with Linear Kernel
Tibrary(kernlah)
set.seed(seed_model)
fit.svml <- train(Risk_Rank~., data=trainl, method="svmLinear",
metric=metric, trControl=control)
pre_svml <- predict(fit.svml, testl)
cf_svml <- caret::confusionMatrix(pre_svml, testl%Risk_Rank)
cf_svml

Figure 152: Programming of SVM Linear

8 https://machinelearningmastery.com/machine-learning-in-r-step-by-step/
9 https://machinelearningmastery.com/evaluate-machine-learning-algorithms-with-r/
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Figure 153 presents the programming of SVM RBF and confusion matrix.

# 5.7 Support Vector Machines (SvM) with Radial Basis Function (RBF) Kernel
set.seed(seed_model)
fit.svm <- train(Risk_Rank~., data=trainl, method="svmRadial",
metric=metric, trControl=control)
pre_svm <- predict(fit.svm, testl)
cf_svm <- caret::confusionMatrix(pre_svm, testlfRisk_Rank)
cf_svm

Figure 153: Programming of SVM RBF

Figure 154 presents the programming of random forest and confusion matrix.

# 5.8 Random Forest
Tibrary(randomForest)
set.seed(seed_model)
fit.rf <- train(Risk_Rank~., data=trainl, method="rf",
metric=metric, trControl=control)
pre_rf <- predict(fit.rf, testl)
cf_rf <- caret::confusionMatrix(pre_rf, testl$Risk_Rank)
cf_rf

Figure 154: Programming of Random Forest

Figure 155 presents the programming of Neural Network and confusion matrix.

# 5.9 Neural Network
set.seed(seed_model)
fit.nnet <- train(Risk_Rank~., data=trainl, method="nnet",

metric=metric, trControl=control)
pre_nnet <- predict(fit.nnet, testl)

cf_nnet <- caret::confusionMatrix(pre_nnet, testl$Risk_Rank)

cf_nnet

Figure 155: Programming of Neural Network

Figure 156 presents the programming of Boosting and confusion matrix.

# 5.10 Gradient Boosting with Component-wise Linear Models
Tibrary(mboost)
set.seed(seed_model)
fit.boost <- train(Risk_Rank~., data=trainl, method="gTmboost",
metric=metric, trControl=control)
pre_hoost <- predict(fit.boost, testl)
cf_boost <- caret::confusionMatrix(pre_boost, testl%Risk_Rank)
cf_boost

Figure 156: Programming of Boosting

Figure 157 presents the programming of Bagging and confusion matrix.

# 5.11 Bagging (Bootstrap aggregation) CART
set.seed(seed_model)
fit.bagging <- train(Risk_Rank~., data=trainl, method="treebag",
metric=metric, trControl=control)
pre_bhagging <- predict(fit.bagging, testl)
cf_bagging <- caret::confusionMatrix(pre_bagging, testliRisk_Rank)
cf_bagging

Figure 157: Programming of Bagging

Figure 158 presents the programming of Naive Bayes and confusion matrix.

# 5.12 Naive Bayes
Tibrary(klar)
set.seed(seed_model)
fit.nb <- train(Risk_Rank~., data=trainl, method="nbh",
metric=metric, trControl=control)
pre_nb <- predict(fit.nb, testl)
cf_nb <- caret::confusionMatrix(pre_nb, testlf$Risk_Rank)
cf_nb

Figure 158: Programming of Naive Bayes
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Figure 159 presents the programming of ctree and confusion matrix.

# 5.13 Conditional Inference Tree
set.seed(seed_model)
Tibrary(party)
fit.ctree <- train(Risk_Rank~., data=trainl, method="ctree",
metric=metric, trControl=control)
pre_ctree <- predict(fit.ctree, testl)
cf_ctree <- caret::confusionMatrix(pre_ctree, testl$Risk_Rank)
cf_ctree

Figure 159: Programming of ctree

5.4 Programming of Result Summary
Figure 160 to 165 present collecting data from each model to create comparison bar chart and
line chart of accuracy, AUC, sensitivity, specificity, and precision.

# SET DATA

overall_glm <- data.frame(cf_glm$overall)
Accuracy_glm <- overall_glm[1,]

class_glm <- data.frame(cf_glm$byClass)
AUC_gTm <- class_glm[11,]

TP_glm <- class_qglm[1,]

TN_glm <- class_glm[2,]

Prec_glm <- class_glm[5,]

overall_lda <- data.frame(cf_lda%overall)
Accuracy_lda <- overall_lda[1,]

class_lda <- data.frame(cf_ldathyClass)
AUC_Tda «<- class_lda[11,]

TP_lda <- class_lda[1l,]

TN_Tlda <- class_ldal[2,]

Prec_lda <- class_ldal5,]

Figure 160: Collection of accuracy, AUC, sensitivity, specificity, and precision — part 1

overall_cart <- data.frame(cf_cartfoverall)
Accuracy_cart <- overall_cart[1,]
class_cart <- data.frame(cf_cartibyClass)
AUC_cart <- class_cart[11,]

TP_cart <- class_cart[1,]

TN_cart <- class_cart[2,]

Prec_cart =- class_cart[5,]

overall_knn <- data.frame(cf_knn%overall)
Accuracy_knn <- overall_knn[1,]

class_knn <- data.frame(cf_knnibyClass)
AUC_knn <- class_knn[11,]

TP_knn <- class_knn[1,]

TN_knn <- class_knn[2,]

Prec_knn <- class_knn[5,]

Figure 161: Collection of accuracy, AUC, sensitivity, specificity, and precision — part 2
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overall_swvml <- data.frame(cf_svmlfoverall)
Accuracy_svml <- overall_swml[1,]
class_svml <- data.frame(cf_svmlibyClass)
AUC_svml <- class_swml[11,]

TP_svml <- class_swml[1,]

TN_svm] <- class_swml[2,]

Prec_svml <- class_swvml[5,]

overall_svm <- data.frame(cf_svmfoverall)
Accuracy_svm <- overall_swvm[1,]

class_svm <- data.frame(cf_swvmibyClass)
AUC_svm <- class_swm[11,]

TP_svm <- class_swvm[1, ]

TN_svm <- class_swvm[2, ]

Prec_svm <- class_svm[5,]

Figure 162: Collection of accuracy, AUC, sensitivity, specificity, and precision — part 3

overall_rf <- data.frame(cf_rfioverall)
Accuracy_rf <- overall_rf[1,]

class_rf <- data.frame(cf_rfihyClass)
AUC_rf <- class_rf[11,]

TP_rf <- class_rf[1,]

TN_rf <- class_rf[2,]

Prec_rf =- class_rf[5,]

overall_nnet =- data.frame(cf_nnetfoverall)
Accuracy_nnet <- overall_nnet[1,]
class_nnet =- data.frame(ct_nnetibyClass)
AUC_nnet <- class_nnet[11,]

TP_nnet <- class_nnet[1,]

TN_nnet <- class_nnet[2,]

Prec_nnet <- class_nnet[5,]

Figure 163: Collection of accuracy, AUC, sensitivity, specificity, and precision — part 4

overall_boost <- data.frame(cf_boostfoverall)
Accuracy_boost <- overall_boost[1,]
class_boost <- data.frame(cf_boostibyClass)
AUC_boost <- class_boost[11,]

TP_boost <- class_boost[1,]

TN_boost <- class_boost[2,]

Prec_boost =<- class_boost[5, ]

overall_bagging <- data.frame(cf_baggingSoverall)
Accuracy_bagging <- overall_bagging[1,]
class_bagging <- data.frame(cf_baggingibyClass)
AUC_bagging =- class_bagging[11,]

TP_bagging <- class_bagging[1,]

TN_bagging <- class_bagging[2,]

Prec_bagging <- class_bagging[5,]

Figure 164: Collection of accuracy, AUC, sensitivity, specificity, and precision — part 5
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overall_nb <- data.frame(cf_nbfoverall)
Accuracy_nb <- overall_nb[1,]

class_nb <- data.frame(cf_nb%byClass)
AUC_nb <- class_nb[11, ]

TP_nb <- class_nb[1,]

TN_nb <- class_nb[2,]

Prec_nb =- class_nb[5,]

overall_ctree <- data.frame(cf_ctreefoverall)
Accuracy_ctree <- overall_ctree[l,]
class_ctree <- data.frame(cf_ctreefbyClass)
AUC_ctree <- class_ctree[11,]

TP_ctree <- class_ctree[1,]

TN_ctree <- class_ctree[2,]

Prec_ctree <- class_ctree[5, ]

Figure 165: Collection of accuracy, AUC, sensitivity, specificity, and precision — part 6

Figure 166 presents creating comparison bar chart of accuracy, AUC, sensitivity, specificity,
and precision.

# prep for chart
model <- ¢(1l:12)
model_name <- c("glm™, "1da", "cart", "knn", "svml", "svm", "rf",
"nnet", "boost", "bagging"”, "nb", “ctree™)

Accuracy_results <- c(Accuracy_glm, Accuracy_lda, Accuracy_cart, Accuracy_knn,
Accuracy_svml, Accuracy_svm, Accuracy_rf, Accuracy_nnet,
Accuracy_boost, Accuracy_bagging, Accuracy_nb, Accuracy_ctree)

AUC_results <- c(AUC_gIm, AUC_Tlda, AUC_cart, AUC_knn, AUC_svml, AUC_svm,
AUC_rf, AUC_nnet, AUC_boost, AUC_bagging, AUC_nb, AUC_ctree)

TN_results <- c¢(TN_glm, TN_1da, TN_cart, TN_knn, TN_svml, TN_svm,
TN_rf, TN_nnet, TN_boost, TN_bagging, TN_nhb, TN_ctree)

TP_results <- ¢(TP_glm, TP_1da, TP_cart, TP_knn, TP_svml, TP_svm,
TP_rf, TP_nnet, TP_boost, TP_bagging, TP_nb, TP_ctree)

Prec_results <- c(Prec_glm, Prec_lda, Prec_cart, Prec_knn, Prec_svml, Prec_svm,
Prec_rf, Prec_nnet, Prec_boost, Prec_bagging, Prec_nb, Prec_ctree)

par(mfrow=c(1,5))

barplot(Accuracy_results,names.arg=model, main = "Accuray", col=rainbow(12, alpha=0.5))
barplot(AUC_results,names.arg=model, main = "AUC", col=rainbow(1l2, alpha=0.5))
barplot(TN_results,names.arg=model, main "Sensitivity", col=rainbow(12, alpha=0.5))
barplot(TP_results,names.arg=model, main "Specificity"”, col=rainbow(12, alpha=0.5))
barplot(Prec_results,names.arg=model, main = "Precision”, col=rainbow(1l2, alpha=0.5))

Figure 166: Creating comparison bar chart
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Figure 167 presents creating comparison line chart by ggplot.

# for line chart by ggplot ——1—-—+—--——-—-——————————
Tibrary(ggplot2)
dfl <- data.frame(chind(model, model_name, Accuracy_results))
dfl%type <- "Accuracy"
names (dfl) [names (dfl1)=="Accuracy_results"] <- "Results"

df2 <- data.frame(chind(model, model_name, AUC_results))
df25type <- "AUC"
names (df2) [names (df2)=="AUC_results"] <- "Results"

df3 <- data.frame(chind(model, model_name, TP_results))
df3%type <- "Sensitivity"
names (df3) [names (df3)=="TP_results"] <- "Results"

df4 <- data.frame(chind(model, model_name, TN_results))
dfdStype <- "Specificity”
names (df4) [names (df4)=="TN_results"] <- "Results”

df5 <- data.frame(chbind(model, model_name, Prec_results))
df5%type <- "Precision"
names (df5) [nhames (df5)=="Prec_results"] <- "Results"

df <- rbind(df1, df2, df3, df4, dfs)

str(df) # check data type

df Smodel <- as.numeric(as.character (dffmodel))

dfitype <- as.factor (df$type)

dffResults <- as.numeric(as.character.numeric_version(dfSResults))
str(df) # check data type

ggplot(df, aes(x = model, y = Results, colour = type, group = type)) +
geom_line( size = 1.5 ) +
ggtitle("Comparison of Machine Learning Results in line chart") +
scale_y_continuous (hreaks=seq(0,1.2,0.2)) +
scale_x_continuous (breaks=seq(0,12,1)) +
geom_point(aes(shape=type), size = 3)

Figure 167: Creating comparison line chart

Figure 168 presents the programming of result collection to CSV format

# Result export ——————-—————-——
Result_table <- chind(dfli[,c(1:3)], df2[,3], df3[,3],
df4[,3], dfs[,31)
# set header
seed_no <- paste("Seed", seed_split, sep="")
header <- c(seed_no, "model_name", "Accuracy", "Aauc",
"Sensitivity", "specificity", "Precision™)
colnames(Result_table) = header
Result_table
Result_export <- paste("Resus1t","_",seed_no,".","csv", sep=""")
Result_export

# file export
setwd("C: /Wakako/NCI/2020_Data_aAnalytics_MSc/Program/SS for report/Result_table™)
write.csv(Result_table, Result_export)

setwd("C: /wakako/NCI/2020_Data_analytics_MSc/Program/™)

Figure 168: Result export to csv file
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Figure 169 to 174 presents programming of AUC-ROC Curve confidence interval zone
(original source: ROC Curve - Joseph Rickert?)

# AUC-ROC CUNVe —————— oo oo
Tibrary(prRoC)
# 5.2 Generalized Linear Model (GLM)
par(mfrow=c(2,3))
pROC_obj <- roc(as.numeric(testl$Risk_Rank), as.numeric(pre_gim),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "Generalized Linear Model", col = 'red")
sens.ci <- ci.se(pROC_obhj)
plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))
plot(sens.ci, type="bars")

# 5.3 Linear Discriminant Analysis (LDA)
pROC_obj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_lda),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "Linear Discriminant Analysis", col = "red’)
sens.ci <- ci.se(pROC_obhj)
plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))
plot(sens.ci, type="bars")

Figure 169: Programming of AUC-ROC Curve Partl

# 5.4 Classification And Regression Tree (CART)
pROC_obj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_cart),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "CART", col = 'red")
sens.ci <- ci.se(pROC_obj)
plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))
plot(sens.ci, type="bars")

# 5.5 k-Nearest Neighbors (KNN)
pROC_obj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_knn),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "kNN", col = 'red")
sens.ci <- ci.se(pROC_obj)
plot(sens.ci, type="shape", col=rgbh(0,1,1,0.1))
plot(sens.ci, type="bars")

Figure 170: Programming of AUC-ROC Curve Part2

10 https://rviews.rstudio.com/2019/03/01/some-r-packages-for-roc-curves/
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# 5.6 Support Vector Machines (SVM) with Linear Kernel
pROC_obj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_svml),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "SVM Liner", col = 'red')
sens.ci <- ci.se(pROC_obj)
plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))
plot(sens.ci, type="bars")

# 5.7 Support Vector Machines (SVM) with Radial Basis Function (RBF) Kernel
pROC_obj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_svm),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "SVM Radial", col = 'red')
sens.ci <- ci.se(pROC_ahj)
plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))
plot(sens.ci, type="bars")
mtext ("Comparison of AUC-ROC curve Partl", outer=TRUE, cex=1.2, line=0)

Figure 171: Programming of AUC-ROC Curve Part3

# 5.8 Random Forest

par(mfrow=c(2,3))

pROC_obj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_rf),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "Random Forests", col = 'red")

sens.ci <- ci.se(pROC_obj)

plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))

plot(sens.ci, type="bars")

# 5.9 Neural Network
pROC_obj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_nnet),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "Neural Network", col = 'red")
sens.ci <- ci.se(pROC_ohj)
plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))
plot(sens.ci, type="bars")

Figure 172: Programming of AUC-ROC Curve Part4

# 5.10 Gradient Boosting with Component-wise Linear Models
pROC_obj <- roc(as.numeric(testlfRisk _Rank), as.numeric(pre_hoost),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "Boosting"”, col = 'red')
sens.ci <- ci.se(pROC_obj)
plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))]
plot(sens.ci, type="bars™)

# 5.11 Bagging (Bootstrap aggregation) CART

pROC_obj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_bagging),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "Bagging", col = 'red')

sens.ci <- ci.se(pROC_obj)

plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))

plot(sens.ci, type="bars")

Figure 173: Programming of AUC-ROC Curve Part5
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# 5.12 Naive Bayes
pROC_ohj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_nb),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "Naive Bayes", col = 'red")
sens.ci <- ci.se(pROC_obj)|
plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))

[IRY

plot(sens.ci, type="bars")
# 5.13 Conditional Inference Tree
pROC_obj <- roc(as.numeric(testlfRisk_Rank), as.numeric(pre_ctree),
smoothed = TRUE,
Ci=TRUE, ci.alpha=0.9, stratified=FALSE,
plot=TRUE, auc.polygon=TRUE, max.auc.polygon=TRUE, grid=TRUE,
print.auc=TRUE, show.thres=TRUE,
main = "Ctree", col = 'red')
sens.ci <- ci.se(pROC_obj)
plot(sens.ci, type="shape", col=rgh(0,1,1,0.1))

ny

plot(sens.ci, type="bars")
mtext ("Comparison of AUC-ROC curve Part2", outer=TRUE, cex=1.2, Tine=0)

Figure 174: Programming of AUC-ROC Curve Part6

5.4.1 Comparison by AUC-ROC Curve graph

Figure 175 and 176 present AUC-ROC Curve with confident interval zone of experiment 1 to
12 (programming code are presented in Fig 169 to 174). Each graph presents specificity as x-
axis and sensitivity as y-axis, grey zone as AUC (area under curve), blue areas as 95%
confidence interval zone and the value of AUC and confident interval are written in red. As
GLM, LDA, CART, SVML, SVMR, boosting, Naive Bayes and Ctree are over 70% accuracy
it shows the shapes close to a square. It can be seen kNN and NNet are very unsatisfactory
shapes.
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Figure 175: AUC-ROC Curve Partl
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Compariscn of AUC-ROC curve Part2

Random Forests Neural Network Boosting
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Figure 176: AUC-ROC Curve Part2

6 Tableau Presentation
This section presents the creation of Tableau dashboard and story board. Two csv files were
provided for creating three bar charts and Sankey chart.

6.1 Bar charts

The detail of data collection is presented in the technical report 5.14.5. Those data were
imported and created following three bar charts in three different work sheets in Tableau.
Figure 177 presents proportion of high/low/misclassification in each machine learning model.
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Figure 177: Stacked bar chart in Tableau

Figure 178 presents the majority of high/low/misclassification by machine learning model.
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Figure 179 presents comparison in each rank (high/low/misclassification) by 12 machine
learning models.
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Figure 179: Bar chart in Tableau

Figure 177 to 179 were set to individual dashboard.

6.2 Sankey Chart

From the data sheet created from 6.1, ranking of 1 to 13 are applied to high, low and
misclassification. Table 3 presents the details of the rankings.

Table 3: Ranking of high/low/misclassification

Risk Rank High Low Misclassification
Previous Rank 1 13
Ctree 13 6
CART 9 7
GLM 12
RF 11 3
Bagging 12 4
LDA 9
SVML
SVMR
Boosting
NB

kNN

NN
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Because Sankey chart uses sigmoid function, 49 points (-6 to 6 in 0.25 intervals) were provided
for each observation on the data of Table3 to show the smooth curve in the chart. Figure 180
presents the part of modified data for Sankey chart. This data has 637! rows. The details of
Sankey chart creation were referred the website guidance®?.

Risk Rank | ~ |High - | Low v MisClass | = | T -
Previous Rank 1 1 13 -6
Previous Rank 1 1 13 -5.75
Previous Rank 1 1 13 -5.5
Previous Rank 1 1 13 -5.25
Previous Rank 1 1 13 -5
Previous Rank 1 1 13 -4.75
Previous Rank 1 1 13 -4.5
Previous Rank 1 1 13 -4.25
Previous Rank 1 1 13 -4
Previous Rank 1 1 13 -3.75
Previous Rank 1 1 13 -3.5
Previous Rank 1 1 13 -3.25
Previous Rank 1 1 13 -3
Previous Rank 1 1 13 -2.75
Previous Rank 1 1 13 -2.5
Previous Rank 1 1 13 -2.25
Previous Rank 1 1 13 -2
Previous Rank 1 1 13 -1.75
Previous Rank 1 1 13 -1.5
Previous Rank 1 1 13 -1.25
Previous Rank 1 1 13 -1
Previous Rank 1 1 13 -0.75
Previous Rank 1 1 13 -0.5
Previous Rank 1 1 13 -0.25
Previous Rank 1 1 13 0
Previous Rank 1 1 13 0.25
Previous Rank 1 1 13 0.5
| Previous Rank 1 1 13 0.75

Figure 180: Part of data for Sankey chart

Figure 181 presents the ranking relationship between high and low, and Figure 182 presents
the ranking relationship between low and misclassification. Figure 183 presents a dashboard
which merged Figure 181 and 182.

1637=13*49
12 https://www.dataplusscience.com/RecreationinTableau2.html
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Figure 181: Sankey chart part 1

2/ Tableau - Compare to original - o x
File Data Worksheet Dashboard Story Analysis Map Fgrmat Server Window Help

# € 2> W g 8 - - D EIF £ - fy Standard - HE- T &

& Result Summary (Com. -~ = Rows
& Sankey (Comparetoo..
& o — .

Show Me
Data Analytics

Filte SUM(Color_L_O;
e Sankey L-M (Color_L_0)

0 5.000

Dimensions me -
e Risk Rank 1
ai Measure Names

Marks kNN

bk - NN
n o
Colour | Sae  Label RF
|2~ )
Detail | Tookip  Path Bagging

SVMR

Measures

Color H_L
Color L_O
Curve H_L

.
Curve_ L_O

High )
Low

MisClass.
Sigmoid Function

Size H_L SVML
size L O

i NB
Number of Records
Measure Vales GLM

Ctree

CART

\J

Boosting

LDA

 h & B B b o s on b B A E

Previous Rank

B Data Source 0 Story 1 tacked Bar Chart [ BarChart @ BarChart? @ SankeyChart BarStacked Bar Bar(2) SankeyH-L Sankeyl-M B 8 4
637 marks  1rowby 1ookmn  SUM(T)-0.00 & Wakako - W

Figure 182: Sankey chart part 2
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Figure 183: Sankey chart on the dashboard

All four dashboard which are three bar charts and a Sankey chart, are set a story board in
Tableau and uploaded to Tableau public sever®®, so that all presentation can been seen in one
place. Figure 184 presents the image from the Tableau public sever.
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Figure 184: Image from Tableau public server

13 https://public.tableau.com/profile/wakako#!/vizhome/MasterProjectResultComparison/Story1?publish=yes
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