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Configuration Manual

Wei He
Student ID: x18144489

1 Introduction

This configuration manual describes the hardware and software setup and the software
installation steps for this project. The steps are used for the project Using Natural Language
Processing Techniques to Analyze the Impact of Covid-19 on Stock Market. | covered the
below sections: data collect, pre-processsing, implementation and evaluation.

2 Hardware Configuration

This project tasks were run under this HP EliteBook 840 G6 laptop. It has 64bit Windows 10
OS. Please see the detailed specification in Figure 1

Device specifications

HP EliteBook 840 G6

Device name weihe01
Processor ntel(R) Core(TM) i7-8565U CPU @ 1.80GHz 1.99 GHz
Installed RAM 16.0 GB (15.8 GB usable)

Device ID 13ed4ffd-bd23-4ade-ad11-e53d9637ceb2
Product ID 00329-00000-00003-AA813

System type 64-bit operating system, x64-based processor
Pen and touch No pen or touch input is available for this display

Rename this PC

Windows specifications

Edition Windows 10 Enterprise
Version
Installed on

OS build

Figure 1 Computer Specification

3 Software Configuration



The laptop come with Windows 10 Operation System and Microsoft Office suit installed.
There are a number of additional software pack are installed as below

- Python

- Anaconda

- Jupyter notebook

3.1 Python
Python was installed together with Anaconda with version 3.8.8 as Figure 2

se) C:\Users\weihe>python -V

Python 3.8.8

Figure 2 Python version

3.2 Anaconda

Anaconda is the software downloaded from anaconda.com as Figure 3. it is a distribution of
the Python and R programming languages for scientific computing

Download the software from anaconda.com and click the installation file for below Figure 3
to show

Anaconda Individual Edition

Download -

For Windows
Python 3.8 « 64-Bit Graphical Installer » 477 MB

Get Additional Installers

I SIS

Figure 3 Anaconda download

After downloaded the Anaconda, | installed the software with Python package as Figure 4,
Figure 5 and Figure 6.



) Anaconda3 2021.05 (64-bit) Setup — x

Welcome to Anaconda3 2021.05
(64-bit) Setup

Setup wil guide you through the instalation of Anaconda3
2021.05 (64-bit).

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

Click Mext to continue.

) ANACONDA.

Figure 4 Anaconda installation
) Anaconda3 2021.05 (54-bit) Setup — =

Choose Install Location

_) ANACONDA Choose the folder in which to install Anaconda3 2021.05 (64-bit).

Setup will install Anaconda3 2021.05 (64-bit) in the following folder. To install in 3 different
folder, click Browse and select another folder. Click Next to continue.

Destination Folder

| C:\Users\weihe\Anaconda3 Browse...

Space required: 2.9GB
Space available: 32.4GB

Figure 5 Anaconda installation with path selection




) Anaconda3 2021.05 (64-hit) Setup — *

Advanced Installation Options

_) ANACONDA Customize how Anaconda integrates with Windows

Advanced Options

[ Add Anaconda3 to my PATH environment variable

Mot recommended. Instead, open Anaconda3 with the Windows Start
menu and select "Anaconda (64-bit)". This "add to PATH" option rmakes
Anaconda get found before previously installed software, but may
cause problems requiring you to uninstall and reinstall Anaconda.

Register Anaconda3 as my default Python 3.8

This will allow other programs, such as Python Tools for Visual Studio
PyCharm, Wing IDE, PyDev, and MSI binary packages, to automatically
detect Anaconda as the primary Python 3.8 on the system.

< Back Install Cancel

Figure 6 Anaconda Python 3.8 installation

3.3 Jupyter Notebook

Jupyter is a web-based interactive computational environment for creating Jupyter notebook
documents. It is run under the Anaconda Interface

1. Open the Anaconda first as Figure 7



Recently added

Q: IBM SPSS Statistics 26

IBM SPSS Statistics 26 Commuter Lic...
IBM SPSS Statistics 26 License Autho...
Expand v
#
l 7-Zip
A
<
A Access
A Acrobat Reader DC
l Amdocs
- Anaconda3 (64-bit)
Anaconda Navigator (Anaconda3)
Anaconda Powershell Prompt (Ana...
Anaconda Prompt (Anaconda3)
Jupyter Notebook (Anaconda3)

. Reset Spyder Settings (Anaconda3)

A.: Snudar fAnaranAa2)

Figure 7 Open Anaconda

2. Run the jupyter notebook by click the Jupyter Notebook as Figure 8Figure 8

) Anaconda Navigator - o

) ANACONDA NAVIGATOR © vrorsce i

A Home

Applicatons an F— =

@ Environments

o o o
Ay
N Lesrning Q
. CMD.exe Prompt Datalore IBM Watson Studio Cloud
&% Community
o
Run a cmd.exe terminal with your current Online Data Analysis Tool with smart I1BM Watson Studio Cloud provides you the
environment From Navigstor activated coding sssistance by JetBrains. Edit and run tools to analyze and visualize dats, to
your Python notebooks in the cloud and cleanse and shape data, to create and train
share them with your team. machine learning models. Prepare data and

build models, using open source data
science kools or visual medeling.

o o o
o
@ Jupyter
ANACONDA .
JupyterLab Notebook Powershe | Prompt
3014 A3 004
An extensible environment For interactive Web-based, interactive computing Run a Powershell terminal with your
and reproducible computing, based on the netebook environment. Edit and run eurrent envirenment from Navigator
Jupyter Notebook and Architecture. human-readable docs while describing the activated
Discover premium data data analysis.

science content

Documentation

Figure 8 Jupyter notebook
3. Jupyter notebok open browser with http://localhost:8888 as Figure 9


http://localhost:8888/

C @ localhost:3888/tree/Documents/RedditData w B O & B

: Jupyter

Files Running Clusters

Select items to perform actions on them

(J0 ~ W/ Documents /| RedditData
O ..

O backup

& Exploratory.ipynb

& Reddit_collection.ipynb

L]

! Reddit_dataexplore.ipynb

I Reddit_PreProcessing.ipynb

Ll

Reddit_Sentiment_Aggregation.ipynb

L]

Reddit_Sentiment_Analysis.ipynb

L]

Reddit_TopicModeling.ipynb

| Untitied.ipynb

0O0O00OO0O0Oo0oooao
L]

I W

Coronavirus_reddit.csv

Figure 9 Jupyter web interface

3.4 1BM SPSS

Quit

Upload

MName ¥ Last Modified

seconds ago

2 days ago

Running 12 hours ago
8 days ago

8 days ago

8 days ago

8 days ago

8 days ago

8 days ago

7 days ago

10 days ago

Logout

New ~ | &

File size

281 MB

45 kB

222kB

1MB

135kB

126 kKB

1.13 MB

2888

1.52 MB

IBM SPSS was used for data processing, running the regression model. NCI website has
hosted the SPSS installer file for version 26. | download the installer to local computer hard

drive then perform the installation as Figure 10 and Figure 11.

{59 IBM SPSS Statistics 26 - InstallShield Wizard —

Installing IBM SPSS Statistics 26
The program features you selected are being installed.

Please wait while the InstalShield Wizard installs IBM SPSS
Statistics 26. This may take several minutes.

Status:

InstaliShield

[ < Back Mext =

Cancel

Figure 10 SPSS installation

i



Installshield Wizard Completed

The InstallShield Wizard has successfully installed IBM
SPSS Statistics 26. Click Finish to exit the wizard.

Start SPSS Statistics 26 License Authorization
Wizard now

Finish Cancel

Figure 11 SPSS Installation completed

The SPSS authorization run automatically after the product installation as Figure 12, Provide
the authorization code as Figure 13 and authorization completed as Figure 14.

(=) IBM SPSS Statistics 26 Licensing

Product Authorization
Select one of the following:

Authorized user license (| purchased a single copy of the product).
You will be asked to enter the autherization code or license code that you received from IBM corp.

Example codes

Concurrent user license (My organization purchased the product and my administrator gave me a
computer name or [P address.)

Lock Code for this machine is: 4-1FF15

Figure 12 SPSS Product Authorization



@ IBM SPSS Statistics 28 Licensing - x

Enter Codes Overview of Licensing Process

Please enter the authorization code(s) here to license your product. if you have already contacted IBM Corp.
via email or phone, please enter the license code(s) sent back to you by IBM Corp.

Example codes
Enter Code: Enter additional codes

731685c0ecf3f2210c07|

The authorization code(s) will be sent to IBM Corp. over the Internet.

Connect to the internet through a proxy server

[<Bar-k] [uen>] [Qancel]

Figure 13 Provide Authorization Code
(@ IBM SPSS Statistics 26 Licensing — *

Internet Authorization Status
Displaying progress below.

Copy Status

lAuthorization in progress ... (731e85c0ecf3f2210c07)
lAuthorization succeeded
HETXNTQ2LNSXMTBIAQLF4SWPLDTSAMNTWVTSFYM28JYRYDQTX9Z583AY6IMPTGRDQSEMGMIUEDUS

***End Of Transaction. ** *
Successfully processed all codes

- uuu@uuu

Cancel

Figure 14 Authorization Successful

4  Datasets

Social media Dataset was collected by scraping the data from the twitter and reddit. Stock
market Dataset collection was collected from the stock market website.

4.1 Data Creation

Data creation process are described in the below sections.
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4.1.1 Scrape Twitter Data

Hashtag of twitter was searched using the Hastagify tool to find the best suitable hashtag for
investigate this research topic as Figure 15

Mostly
Related Hashtags @l rorvery ) Tweeted By @RI recenv )

\ —
) =

@ndtv ]
ac

@AOC._
a a—

@Pontifex

D a -

#coronavirus
#COVID19

Figure 15 Hashtagify search tool

| created a twitter develop account and get the approval for the Academic Research which
allows download 10 million tweets every 30 days as below Developer Portal in Figure 16

< C' @& developer.twitter.com/en/portal/dashboard w @ C‘n EELQ »»9
Dacs ~  Community ~  Updates ~  Support
Developer
Portal
Dashboard
@ Dashboard
‘gl Academic Research For non-commercial use only @
’o'
Using Natural Language Processing Techniques to Analyze thel... > L’
i I
MONTHLY TWEET CAP USAGE () New endpoints!
We're rebuilding the Twitter APl and
[r— 10% have a new set of Early Access
1,019,869 Tweets pulled of 10,000,000 Fesets on August 19 af 00:00 UTC endpoints.
PROJECT APP
covid19app2021 1 & L

$ Researcher tools

Figure 16 Twitter Developer Portal
| created a develop app under the twitter account as Figure 17.



<« c @ developer.twitter.com/en/portal/projects/1418663079424917504/apps/21491861/settings w @® o C‘u Q‘ sc] H » B
Docs ~  Community
Developer

Updates ~  Support
Portal

R covid19app2021 1

Settings Keys and tokens

6%) Projects & Apps

8= App Details m

AN APP ICON
covid19app2021_1

APP ID

21491861

DESCRIPTION

This app was created to use the Twitter API.

Figure 17 App creation

As the volume of tweets are large, | repeated the script 5 times to fetch the 5-month twitter
data, each json file contains 1 month data. Twarc script is shown as Figure 18. Script logs run
as Figure 19. After script is done, I collect 5-month tweet data in json format as Figure 20.

10
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Bliwarc_project oy £ |EIEOVIB =S

| B test_output.cav (3] Elnew 8

from twarc import Twarc2, expansions

import datetime
import json

f Replacs
client

o

# The search_all msthod
search_results =

name ="

jour bearsr t

Twarc2 (bearer_token

you want replies from
datetime.timszone.utc)
you want Tweets from

datetime.timszone.utc)

ery as discussed in module 5

call the full-archive search endpoint to get Tweests based on

sions.f n to
ns.flatten (page)

f we will
with open(file name,

open the £ile and appen

"at+') as filehandle:
for tweest in result:

filehandle.write('%=\n' % json.dumps(twsst))

main ()

Figure 18 Twarc script

twarc_project

4

m M M M T

m M M M M M

s e = B s i s s B
e e e e s

m
]
=)

eepir

m M M
M M M
s i = iy |
He e
5 5 5
1

m

=

. e e
==

Figure 19 Run Twarc script
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query,

start and end times

client.search_all (query=query, start_time=start_time, end time=snd time, max_results=100)



(base) C:\Use
Volume in d C is
Volume Serial Number

05:30 PM
1:55 PM

Figure 20 Collected Twitter in json format

The academic research shows the ~1.7 million tweets was downloaded for this project as
Figure 21

@ Academic Resea I'Ch For non-commercial use only (i)

Using Natural Language Processing Techniques to Analyze the Impact of Covid-19 >

MONTHLY TWEET CAP USAGE (i)

| 17%
1,743,644 Tweets pulled of 10,000,000

PROJECT APP

covid19app2021 1 & L

Figure 21 Academic Research panel

4.1.2 Formatting Twitter Data

| extracted the useful field and store them in the csv file for all the JSON file collected as
Figure 22.
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In [2]: def json_to_csv(json file, csv_file):
#data_json = open('tweets_covid 2.txt"', mode='r').read() #reads in the JSON file into Python as a string
#data_python = json.loads(data_json) #turns the string into a json Python object
data_python = []
for line in open(json_file, 'r'):
data_python. append(json.loads(line))

csv_out = open(csv_file, mode='w') #opens csv file
writer = csv.writer{csv_out) #create the csv writer object

fields = ['conversation_id','lang’, timestamp”, ‘origin’, ‘author’, 'rt', ‘fav'] #field names
writer.writerow(fields) #writes field

for line in data_python:

#writes a row and gets the fields from the json ebject
#screen_name and followers/friends are found on the second level hence two get methods
writer.writerow([line.get( conversation_id"'),
line.get('lang'),
line.get('created at"),
line.get( 'text').encode( unicede_escape’), #unicode escape te fix emoji issue
line.get('author_id'),
line.get('public_metrics’).get( retweet_count’},
line.get('public_metrics').get( like_count')])

csv_out.close()

Figure 22 Extract fields from JSON and store in CSV

| process all the JSON file and store them in CSV as Figure 23 Load all the CSV and merge
them in one dataframe as Figure 24

In [4]: json_to_csv("tweets covid 1.json”,"tweets covid 1.csv"
json_to_csv("tweets covid 2.json","tweets covid 2.csv"
json_to_csv("tweets covid 3.json","tweets covid 3.csv"
json_to csv("tweets covid 4.json","tweets covid 4.csv"
json_to_csv("tweets_covid_5.json","tweets_covid_5.csv"

T e e e e

Figure 23 Process for all json files

In [6]: tweetl = pd.read csv(“tweets covid 1l.csv™)
tweet2 = pd.read csv{“tweets covid 2.csv"™)
tweet3 = pd.read csv{“tweets covid 3.csv")
tweetd = pd.read csv{“tweets covid 4.csv"™)
tweetS = pd.read csv{“tweets covid 5.csv"™)

In [7]: 1i = []
1i.append(tweetl)
1i.append(tweet2)
1i.append(tweet3)
1i.append(tweetd)
1i.append(tweet5)

In [8]: frame = pd.concat(li, axis=@, ignore_index=True)

In [9]: frame.to_csv(r'C:\UsersiweihelDocuments\TweetData\tweet_aggregated.csv', index =

r

Figure 24 Read in Pandas dataframe

| back up the text field and output the new structure as Figure 25 and Figure 26 .
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In [12]:

# duplicate origin field for processing.

frame["text”] = frame["origin”]

frame.head()

Out[12]:
conversation_id lang timestamp origin author rt fav text
2020-02- b'ltaly b'ltaly
0 1231005111071100929  en 21T23:57-44 000Z WJ0001f1eefUD00 1S 2985110557 2 1 WU0001f1eeWI0001f119
R reports first | reports first |
2020-02- b'#Coronavirus b'#Coronavirus
1 1231005062165458945 en £ quarantine in a Hubu 1202960464549838848 1 2 quarantine in a Hubu
21T23:57:32.0002 . .
Village, 5... Village, S...
2020-02- b'ltaly. | love this country. b'ltaly. | love this country.
2 B ARS, &N 21T23:54:54.000Z #coronavirusital... (2205500 ST £ #coronavirusital...
2020-02 b'@JoannaB36464141 b'@JoannaB36464141
3 1230866203947798530  en 21723:53.24 D;Z![]Z- @nicolamlow 1093695069176000512 0 2 @nicolamlow
e @alexvespi @Ada... @alexvespi @Ada...
2020-02- b'@WHO W\nThis is a b'@WHO WnThis is a
4 1231003954806501376  en 21723:53.08.000Z #pandemic  723319704710844417 0 #pandemic
e \in#CoronavirusO... \\n#CoronavirusO...
Figure 25 backup the text fields
In [13]: print(frame.shape)
print(frame.columns)
(1634867, 8)
Index([ ' conversation_id’, 'lang', 'timestamp', 'origin', 'author', 'rt', ‘fav',

‘text'],
dtype="object”)

Figure 26 Size of the dataframe

Display the data and exam the structure is done as Figure 27, Figure 28, Figure 29, Figure
30, Figure 31Figure 32 before save the it to CSV file as Figure 33

In [14]: #Describe statistics

with

frame.describe(include=["number'])

Out[14]:
conversation_id

author

It

fav

‘number’ for numeric variables

count 1.634067e+06
mean 1.252350e+18
std 1.314828e+16
min 1.837335e+09
25% 1.243971e+18
50% 1.251206e+18
75% 1.260615e+18
max 1.274855e+18

1.634067e+06
3.601813e+17
5.087070e+17
5.090000e+02
1.599892e+08
1.588390e+09
9.171150e+17
1.274780e+18

1.634067e+06
2.594112e+00
1.538563e+02
0.000000e+00
0.000000e+00
0.000000e+00
1.000000e+00
1.404620e+05

1.634067e+06
3.015458e+00
3.182827e+02
0.000000e+00
0.000000e+00
0.000000e+00
2.000000e+00
1.896340e+05

Figure 27 Statistics of dataframe
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In [15]: #Descr

ibe statistics

with

‘object’ for string variables

frame.describe(include=[ "object'])

Out[15]:
lang timestamp origin text
count 1634067 1634067 1634067 1634067
unigue 28 1442803 1603448 1603448
o _~ 2020-06- b'Te fight #COVID-19 we nead to work b'To fight #COVID-19 we need to work
p 10T05:02:52.0002 together ... together ..
freq 1630290 17 1018 1018

Figure 28 Describe string variable

In [16]: |# check is there any missing values in dataframe

frame.isnull()

Out[l6]:

conversation_id lang timestamp origin author rt fav  text

0 False False False False False Falze False False

1 False False False False False Falze False False

2 False False Falze False False False False False

3 False False False False False Falze False False

4 False False False False False Falze False False
1634062 False False Falze False False False False False
1634063 False False False False False Falze False False
1634064 False False False False False False False False
1634065 False False Falze False False False False False
1634066 False False Falze Falze False False Falze False

1634067 rows ¥ 8 columns

In [18]:

Figure 29 Check for Null object

print({frame.dtypes)

conversation_id inted
lang object
timestamp object
origin object
author inted
rt inted
fav inted
text object

dtype: object

Figure 30 Print dateframe type
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In [19]: |# Only keep english tweet
frame = frame[frame["lang”] == 'en’]
frame.shape

Out[19]: (1630290, 8)

Figure 31 Recheck the size of the dataframe

In [21]: # print period of tweets
datemin = frame.timestamp.min()
datemax = frame.timestamp.max()
print( Collected tweets from®, datemin, 'To', datemax)

Collected tweets from 28208-82-84T18:23:21.0007 To 2828-86-21T23:59:59.80687

Figure 32 Data collection range

In [22]:

Figure 33 Store Dataframe

4.1.3 Scrape Reddit Data

frame.to_csv{r 'C:\Users\weihe\Documents\TweetData\tweet_aggregated.csv', index =

= Fa:

I chose the subreddit data by search popular hash tag. I selected the 2 subreddit as shown in

Figure 34, Figure 35 and Figure 36

@ reddit Q search Results v Q) covid @
covid
Search results

Best results Posts Communities and users

SORT BY RELEVANCE »~ POSTS FROM ALL TIME »

COMMUNITIES AND USERS

@ r/COVID NEW FOUND BASE OF r/PraiseYOGA
. r/Coronavirus In December 2019, a novel coronavirus strain (SARS-CoV-2)
2.4m Members emerged in the city uhan, China. This sub t seeks

to monitor th lared a

pandemic by the 0 bre is for high-quality

scussion. Please be civil and empathetic.

Figure 34 Search for popular subreddit
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e reddit @ r/covioie

Q @ r/covib19

Search Reddit

5
COVID-19

heyweil
(R - E

r/COVID19

Posts Wwiki Vaccine FAQ Vaccine Finder Study Recruitment

Create Post

days ago

Weekly Scientific Discussion Thread - August 02, 2021
Award /9 Share E] Save

&

D 506 Comments

Figure 35 COVID19 subreddit

Q) @ r/Coronavirus Search Redc

@

About Community

In December 2019, SARS-CoV-2 emerged in
the city of Wuhan, China. This subreddit
seeks to facilitate scientific discussion of
this potential global public health threat.
We have very strict rules. Please make sure
to read them before posting or
commenting. Moderators may lock or
remove comments or posts at their
discretion.

342k

Members

613

Online

heyweil
e &1

& P O+ (O

Novel Coronavirus (COVID-19) @D

r/Coronavirus

Posts Wiki Discord Vaccine FAQ Vaccine FAQ II & AMA Vaccine Finder
Create Post 8
O Hot £3New g Top v =1

 PINNED BY MODERATORS

&

51 by u/A ator 23

y e ours ago
< Daily Discussion Thread | August 06, 2021
@ Award f) Share m Save +e»

ychem [Fully Vaccinated MD/PhD Student Z (57 2+ days ago

) o casnen

D 894 Comments

by u/love

- .

Figure 36 CoronaVirus subreddit
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Study Recruitment

About Community

In December 2019, a novel coronavirus
strain (SARS-CoV-2) emerged in the city of
Wuhan, China. This subreddit seeks to
monitor the spread of the disease COVID-
19, declared a pandemic by the WHO. This
subreddit is for high-quality posts and
discussion. Please be civil and empathetic.

2.4m 9.4k

Members Online

@ Created May 3, 2013



I used the PSAW wrapper to the scrape the Reddit data, it can use the pushshift.io to search
historic records with data range provided as Figure 37.

Docs » PSAW: Python Pushshift.io APl Wrapper (for comment/submission search)
€) Edit on GitHub

PSAW: Python Pushshift.io API Wrapper (for
comment/submission search)

Installation

pip install psaw

Description

A minimalist wrapper for searching public reddit comments/submissions via the pushshift.io API.

Pushshift is an extremely useful resource, but the API is poorly documented. As such, this API
wrapper is currently designed to make it easy to pass pretty much any search parameter the user
wants to try.

Although it is not necessarily reflective of the current status of the API, you should attempt to

familiarize yourself with the Pushshift APl documentation to better understand what search
arguments are likely to work.

Figure 37 PSAW library to access Pushshift.io API
Reddit account was created to scrape the subreddit as Figure 38
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personal use script

WSbhO8BuUEVRGG5FK6DSe8yRg

personal use for pulling recent data for analysis
secret jBMLgBO2nKNcLS)jR17elpwiATEkLe

name
description
about url
redirect uri
update app

developers * heyweil (that's you!) remove
add developer:

Figure 38 Reddit personal access key

To scrape the reddit, | started by import python library as Figure 39

In [1]:  import
import

pandas as pd
praw

from praw.models import MoreComments

import
import
import
import
import
import

pandas as pd

requests #Pushshift accesses Reddit viag an url so this is needed
json #J50N manipulation

csv #To Convert final table into a csv file to save to your machine
time

datetime

Figure 39 Import library

| used the PRSW library to collect subreddit Figure 40 with function defined in Figure 41 and
function to collect subreddit data in Figure 42.
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In [2]: reddit = praw.Reddit(user_agent="Comment Extraction (by /fu/heyweil)™,
client_id="WSbOBuEVRGG5FK6DSe8yRg", client_secret="jBMLgBO2nKNclLSIjR17elpwfATEK1g")

In [3]: wrl = "https://www.reddit.com/r/Upliftinghews/comments/lemylb/student_who_made_38k_from_gamestop_donates_games/"
submission = reddit.submission(url=url)

In [4]: posts = []
for top_level_ comment in submission.comments[1:]:
if isinstance(top_level_comment, MoreComments):
continue
posts.append(top_level comment.body)
posts = pd.DataFrame(posts,columns=["body"])

In [5]: posts

Out[5]: body
0 why be so cynical? Regardless of his motives,
1 | want to be annoyed by this repost, but | can...
2 | love the positive things that GME “winners” ...

w

As a fellow gamer this guy is who | aspire to ...

Figure 40 Collect Subreddit using PRSW library

In [12]: def getPushshiftData{query, after, before, sub)

#Build URL

url = "https://api.pushshift.io/reddit/search/submission/?title="+str{query)+ &size=1080&after="+st
#Print URL to show user

print(url)

#Request URL

r = requests.get{url)

#load JSON data from webpage into data variable

data = json.loads(r.text)

#return the data element which contains all the submissions data
return data[ 'data’]

Figure 41 Function defined

In [13]: #This function will be used to extract the key data points from each J50N result
def collectSubData(subm):
#subData was created at the start to hold all the data which is then added to our global subStats ¢
subData = list() #list to store data points
title = subm['title']
url = subm['url']
#flairs are not always present so we wrap in try/except
try:
flair = subm['link_flair_text']
except KeyError:
flair = "NaN"
author = subm[ "author']
sub_id = subm["id']
score = subm['score’]
created = datetime.datetime.fromtimestamp(subm[ ' created_utc’]) #1528561788.8
numComms = subm[ ' num_comments" ]
permalink = subm[ ' permalink’]

#Put all data points into a tuple and append to subData
subData.append((sub_id,title,url,author,score,created,numComms, permalink,flair))
#Create a dictionary entry of current submission data and store all data related to it
subStats[sub_id] = subData

Figure 42 Collect subreddit data function

I defined the time period to collect the reddit as Figure 43 and Figure 44
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Conversion results - Epoch to date

Epoch date Human-readable date (GMT)
1579651200 2020-01-22 00:00:00
1592784000 2020-06-22 00:00:00

Figure 43 Convert the time to Epoch time

In [18]: #Create your timestamps and queries for your search URL
#https://www. unixtimestamp. com/index.php > Use this to create your timestamps
after = "1579651208" #Submissions after this timestamp (15796512868 = 22 Jan 2828)
before = "1592784000" #Submissions before this timestamp (1592784868 = 22 Jun 2828)
query = "covid" #Keyword(s) to Look for in submissions
sub = "COVID19" #Which Subreddit to search in

#subCount tracks the no. of total submissions we collect
subCount = 8@
#subStats is the dictionary where we will store our data.
subStats = {}

Figure 44 Define collection time period

In [19]: # We need to run this function outside the loop first to get the updated after variable
data = getPushshiftData(query, after, before, sub)
# Will run until all posts have been gathered i.e. When the lLength of data variable = @
# from the 'after’' date up until before date
while len(data) > @: #The length of data is the number submissions (data[@8], data[l] etc), once it hit:
for submission in data:
collectSubData(submission)
subCount+=1
# Calls getPushshiftData() with the created date of the last submission
print({len(data))
print(str(datetime.datetime.fromtimestamp(data[-1][ created_utc'])))
#update after variable to last created date of submission
after = data[-1][ created_utc']
#data has changed due to the new after variable provided by above code
data = getPushshiftData(gquery, after, before, sub)

print{len(data))
4

https://api.pushshift.io/reddit/search/submission/?title=covid&size=1000&after=1579651208&before=15
92784008&subreddit=COVID19

180

2020-82-25 19:28:17
https://api.pushshift.io/reddit/search/submission/?title=covid&size=1000&after=1582626497&before=15
92784008&subreddit=COVID19

180

Figure 45 Define the get the Pushshift wrapper

I printed the statistics after data collection as Figure 46 before storing it in CSV as Figure 47
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In [28]: print(str(len(subStats)) + " submissions have added to list")
print("lst entry is:")
print(list({subStats.values({))[@][@][1] + " created: " + str{list(subStats.values())}[@8][@]1[5]1))
print("Last entry is:")
print(list(subStats.values())[-1][@][1] + " created: " + str(list(subStats.values())[-1]1[@][5]1))

5326 submissions have added to list

1st entry is:

Found something in "The Lancet™ regarding cytokine storms as a symptom of Covid-19 (Article Date: Feb
ruary @3, 2820) https://www.thelancet.com/journals/lanres/article/PIIS2213-2600(208)380856-4/fulltext ¢
reated: 2828-82-12 83:28:58

Last entry is:

COVID-19 Evidence is lacking for 2 meter distancing created: 2020-26-22 80:82:25

Figure 46 Print stats after the collection

In [21]: def updateSubs_file()
upload_count = @
#location = "\\Reddit Data\\" >> If you're running this outside of a notebook you'll need this to ¢
print("input filename of submission file, please add .csv")
filename = input() #This asks the user what to name the file
file = filename
with open(file, 'w’, newline='", encoding="utf-8') as file:
a = csv.writer(file, delimiter=",")
headers = ["Post ID","Title","Url","Author","Score”,"Publish Date","Total No. of Comments™,"Per
a.writerow(headers)
for sub in subStats:
a.writerow(subStats[sub][@])
upload_count+=1

print(str{upload_count) + " submissions have been uploaded™)
updateSubs_file()

input filename of submission file, please add .cswv
COVID _reddit.csv
5326 submissions have been uploaded

Figure 47 store the COVID_reddit.csv

Same collection procedure was used to collect second subreddit date as Figure 48, Figure 49,
Figure 50 and Figure 51

In [23]: #Create your timestamps and queries for your search URL
#https://www. unixtimestamp. com/index.php > Use this to creagte your timestamps
after = "1579651208" #Submissions after this timestamp (1577836866 = 81 Jan 28)
before = "1592784800" #Submissions before this timestamp (1687848688 = 64 Dec 28)
query = "Corona" #Keyword(s) to loock for in submissions
sub = "Coronavirus" #hhich Subreddit to search in

#subCount tracks the no. of total submissions we collect
subCount = @

#subStats is the dictionary where we will store our data.
subStats = {}

Figure 48 Define collection period
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In [24]:

# We need to run this function outside the loop first to get the updated after variable
data = getPushshiftData(query, after, before, sub)
# Will run until all posts have been gathered i.e. When the lLength of data variable = @
# from the 'after' date up until before date
while len(data) > B: #The Length of data is the number submissions (data[@], data[l] etc), once it hits
for submission in data:
collectSubData(submission)
subCount+=1
# Calls getPushshiftData() with the created date of the last submission
print(len(data))
print(str({datetime.datetime.fromtimestamp(data[-1][" created_utc'])))
#update after variable to last created date of submission
after = data[-1]['created_utc']
#data has changed due to the new after variable provided by above code
data = getPushshiftData(gquery, after, before, sub)

print(len(data))
4 ]

In [25]:

In [26]:

-

https://api.pushshift.io/reddit/search/submission/?title=Corona&size=1800&after=1579651280&before=1
5927840@0&subreddit=Coronavirus

180

2020-81-28 09:32:39
https://api.pushshift.io/reddit/search/submission/?title=Corona&size=1000&after=158020395%&before=1
5927840@0&subreddit=Coronavirus

180

Figure 49 Define function for get the PushShift data

print(str(len(subStats)) + " submissions have added to list")

print("lst entry is:")

print(list({subStats.values())[@][@][1] + " created: " + str(list(subStats.values())[@]1[@]1[5]))
print(“Last entry is:")

print(list{subStats.values())[-1]1[@][1] + " created: " + str(list(subStats.values()})[-11[@][5]))

5326 submissicons have added to list

1st entry is:

Trump will fight against corona virus created: 2020-21-22 26:29:48

Last entry is:

BREAKING MEWS DONALD TRUMP GETS COROMA VIRUS FROM OKLAHOMA RALLY created: 2020-86-21 23:39:54

Figure 50 print statistics

def updateSubs_file()
upload_count = @
#location = "\\Reddit Data\\" >> If you're running this outside of a notebook you'll need this to ¢
print("input filename of submission file, please add .csv"
filename = input() #This asks the user what to name the file
file = filename
with open(file, 'w’, newline='", encoding='utf-8') as file:
a = csv.writer(file, delimiter=",")
headers = ["Post ID","Title","Url","Author"”,"Score”,"Publish Date","Total No. of Comments"”,"Per
a.writerow(headers)
for sub in subStats:
a.writerow(subStats[sub][@])
upload_count+=1
print(str(upload_count) + "
updateSubs_file()

1 ]

submissions have been uploaded™)

input filename of submission file, please add .cswv
Coronavirus_reddit.csv
5326 submissions have been uploaded

Figure 51 Store the data to Coronavirus_reddit.csv file

23



4.1.4 Data

Explore

| used the python to explore the date I collected. | imported library and load data as Figure 52

In [1]:

In [2]:

In [3]:

In [4]:

In [5]:

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

covid = pd.read csv{"COVID reddit.csv")
corona = pd.read_csv("Coronavirus_reddit.csv")

1i = []
1li.append(covid)
1i.append{corona)

frame = pd.concat(li, axis=0, ignore_index=True)

Figure 52 Create dateframe with COVID and Coronavirus subreddit

| checked the data and reorganicse the column as Figure 53, Figure 54 and Figure 55. Data
was described in Figure 56

In [6]: frame.head()

Out[6]:

. Total No.
Pols[: Title url Author  Score Pu%'ih of Permali
A€ Comments
Found
something in 2020-
0 f2kpf6 "The Lancet” https:/iwww.reddit.com/'COVID19/commentsif2kp... ginpanse 1 02-12 0 /WCOVID19/comments/f2kpf6/found_something_in_
regarding 03:26:58
cyto
Any info on
how COVID- 2020-
1 f2m2Zcv 19 affect hitps:/iwww reddit. com/r/COVID19%/comments/f2m2 mhkk001 1 02-12 5 COVID19/commentsifZm2cviany_info_on_how_cor
pets/domestic 05:13:07
Figure 53 Check Data
In [7]: frame["text"] = frame["Title"]
In [9]: frame = frame.drop( Permalink’, 1)
frame = frame.drop('Flair', 1)}
frame = frame.drop( Author', 1)
frame = frame.drop{'Url’, 1)

Figure 54 Organize column
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In [10]: frame.rename(columns
frame.rename{columns
frame.rename(columns
frame.rename{columns

{'Title':'origin"}, inplace = True)

{'Publish Date’:"timestamp’'}, inplace = True)

{'Total No. of Comments':'comments’}, inplace = True)
{'Post ID':'id"}, inplace = True)

In [11]: print{frame.shape)
print{frame.columns)

(10652, 6)
Index(['id", 'origin’', 'Score', 'timestamp’, 'comments', 'text'], dtype='object')

Figure 55 Check the data

In [12]: |#Describe statistics with ‘number' for numeric variables
frame.describe(include=[ "number’])

OQut[12]

Score comments

count 10652.000000 10652.000000
mean 3.36195%8 12.568813
std 41.889694 53.358567

min 0.000000 0.000000
25% 1.000000 0.000000
0% 1.000000 1.000000
T3% 1.000000 4.000000

max  2773.000000 1289.000000

Figure 56 Describe the data

| further checked the data for null check and data range before store in csv file as Figure 57,
Figure 58, Figure 59, Figure 60, Figure 61 and Figure 62
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In [13]: #Describe statistics with 'object’ for string variables
frame.describe(include=[ "ohject’])

Out[13]:
id origin timestamp text
count 10652 10652 10652 10652
unique 10652 10189 10643 10189

top f2kpfé Corona 2020-05-02 02:23:15 Corona
freq 1 14 3 14
Figure 57 describe the object

In [14]: |# check is there any missing values in dataframe
frame.isnull()

OQut[14]

id origin Score timestamp comments text

0 False False False False False False

1 False False False False False False

2 False False False False False False

3 False False False Falss False False

4 False False False False False False
10647 False False False False False False
10648 False False False False False False
10649 False False False False False False
10650 False False False False False False
10651 False False False False False False

10652 rows % 8 columns

Figure 58 Null check

26



In [15]: Frame.isnull().sum()

Qut[15]: id a
origin
Score
timestamp
comments
text
dtype: inted

o @ @

Figure 59 Null check statistics

In [16]: print(frame.dtypes)

id object
origin object
Score int64
timestamp object
comments inted
text object

dtype: object

Figure 60 Check the data types

In [18]: |# print period of tweets
datemin = frame.timestamp.min()
datemax = frame.timestamp.max()
print('Collected tweets from', datemin, 'To’, datemax)

Collected tweets from 2820-91-22 96:29:40 To 2020-96-22 80:02:25

Figure 61 print data range

In [19]: frame.to_csv(r'C:\Users\weihe\DocumentsiRedditData\reddit aggregated.csv’, index = False,

Figure 62 Store the Data

4.2 Pre-processing

4.2.1 Twitter Data

Below steps defined how the twitter data is pre-processed.
| loaded the library and data with some initial exploration of data as Figure 63 Figure 64 .
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In [1]: dimport json
import csv
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
import os
import emoji
import re
import nltk
from nltk.stem import WordNetlLemmatizer

Figure 63 Import library
In [2]: frame = pd.read csv("tweet aggregated.csv")

In [3]: frame.shape

out[3]: (1630290, 8)

In [4]: print{frame.dtypes)

conversation_id inted
lang object
timestamp object
origin object
author inted
rt inte4d
fav inted
text object

dtype: object

Figure 64 Print general information

| installed and loaded the tweet-preprocessor packet for clean the tweets as Figure 65 and
Figure 66

tin
Downloading tweet_prepro y3-none-any.whl (27 kB)

Installing collected pac : twe es50r

Figure 65 Download Python library
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In [5]: import preprocessor as p
p.clean(’'Preprocessor is #awesome ¢y https://github.com/s/preprocessor’)

Out[5]: 'Preprocessor is’

Figure 66 Load Library

In [B]: ### Data cleaning
# 1. with preprocessor Library, designed for clearning tweets
# Loop over 'text' feature to clean
tweets = frame.text
p_processed_text = []
for tweet in tweets:
p_processed_text.append(p.clean(tweet))
frame["text™] = p_processed text
print(frame.head())

conversation_id lang timestamp A\
1231805111871180929 en 2020-02-21T23:57:44.060687
1231805062165458945 en 2020-02-21T23:57:32.8087
1231804398811275264 en 2020-92-21T23:54:54_ 80687
1239866203947798538 en 2020-02-21T23:53:24.8087
123168039548065081376 en 2020-92-21T23:53:08.060087

oLl b = @

origin author r
b'Italy \\U2881flee’\\UBRBLf1fY reports first 1... 2985118557
b'#Coronavirus quarantine in a Hubu Village, 5... 1202960464549338848
b'Italy. I love this country. #coronavirusital... 1221955502340558848
b'@JloannaB36464141 @nicolamlow @alexvespi @Ada... 1893695869176888512
b'@WHO ‘\\nThis is a #pandemic \\n#CorcnavirusO... 7233197@471e844417

ol R @
o I v I T o O R

fav text
1 b'Italy “\UE2@lflee\\UEBB1Ff1f9 reports first 1...
2 b" guarantine in a Hubu Village, Shuangpu Town...
3 b'Italy. I love this country.
2 b" dispersion globallyn\\nAnalysis , travel fr...
8 b' WAnThis is a \\n \in \i\niA\n

FE TSR N v ]

Figure 67 Data Cleaning using preprocessor library

| downloaded the stopword package and remove the stop word as Figure 68, Figure 69 and
Figure 70
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In [7]:

In [8]:

# Download stop word Library

from nltk.corpus import stopwords
import nltk, os, re, string
nltk.download( ' stopwords')

stop = set({stopwords.words({ english'})
list(string.punctuation)
stop.update(punctuation)

punctuation =

[n1tk_data] Downloading package stopwords to

[nltk_data]
[n1ltk _data]

C:\Users‘\weihe\AppData'Roaminginltk_data..

Package stopwords is already up-to-date!

Figure 68 Download the stop word

# Remove Stop word

def remove stopwords(text):
final text = []
for i in text.split():
if i.strip().lower({) not in stop:
final text.append(i.strip())

return

"

".join(final text)

frame[ "text' |=frame[ "text'].apply(remove stopwords)

In [9]: frame.head()

Figure 69 Remove Stop word

conversation_id lang timestamp origin author rt fav text
2020-02- b'ltaly bltaly
0 1231005111071100929 en ET- WJ0001f1eeWU0001£113 2985110557 2 1 WJ0001f1eeWU00011115
21T23:57:44.0002 .
reports first ... reports first ...
2020-02- b#Coronavirus b’ quarantine Hubu
1 1231005062165458945 en BT quarantine in a Hubu 1202960464549838848 1 2 Village, Shuangpu Town,
21T23:57:32.0002 ) )
Village, 5. Xih...
2020-02- b'ltaly. | love this country. -
2 1231004398811275264  en 21T23:54-54 000Z #coronavirusital 1221955502340558848 0 3 b'litaly. love country.
2020-02 b'@JoannaB36464141 b’ dispersion
3 1230866203947798530 en 21T23:53 24 D-UUZ- @nicolamlow 1093695069176000512 0 2 globallyntinAnalysis
e @alexvespi @Ada... travel Wuha...
2020-02- B'@WHO YinThis is a
4 1231003954808501376  en - #pandemic  723319704710844417 0 0 b WnThis Yn Yn Yntin
21T23:53:08.0002 .
\in#CoronavirusQ...

Figure 70 Print the data frame

| used regex to further clean the data as Figure 71 Figure 72 and remove the white space as

Figure 73
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In [18]: def cleanTweet(txt):
txt = re.sub(r’#","",txt)
txt = re.sub(r’RT : ", " ,txt)
txt = re.sub(r’\\n"," ', txt)
# to remove emojis
txt = re.sub(r'{(\s)\\U\w+"', r'\1', txt)

txt =

txt = re.sub(emoji.get emoji_regexp(), r"", txt)
txt = re.sub("[*A-Za-z@-9.:, /21#@"]", " ", txt)
txt = re.sub(r'https?:\/\/[A-Za-z@8-9\.\/]+"," " ,txt)
txt = re.sub(r"https?://\S+|www\ . \S+"," ", txt)

txt = re.sub(r"<.*2>","",txt)

txt = re.sub{r'.’, "', txt, count = 1)
#remove the unicode starting with U@
txt = re.sub(r'[Uu][@][@][0]\w+', "', txt)
#remove all the signs

txt = re.sub(r'[*\w]", ' ", txt)
#remove all numbers

txt = re.sub(” “d+", " ", txt)

txt = re.sub(r'(\s)[sul(\s)", ' ', txt)

return txt

frame["text”] = frame["text"].apply(cleanTweet)

Figure 71 Further data clean

In [11]: frame.head()

re.sub{r’'(\\u[@-9A-Fa-f]{4})"', lambda matchobj: chr(int({matchobj.group(@)}[2:], 16)), txt)

Out[11]:
conversation_id lang timestamp origin author fav text
2020-02 b'ltaly Italy reports first
0 1231005111071100929  en EaA DT WJ0001f1eeWI0001F1f9 2985110557 1 locally transmitted
21T23:57:44.0002
reports first ...
. N tine Hubu
2020-02-  b'#Coronavirus quarantine in Quaran
1 1231005062165458945  en 21T23:57.32 0002 a Hubu Village, S 1202960464549838848 2 Village Shuangpu
Town Xihu...
2020-02- b'ltaly. | love this country.
2 1231004398811275264  en 21T23.54.54.000Z #coronavirusital. . 1221955502340558848 3 ltaly love country
2020-02- b'@JoannaB36464141 dispersion
3 1230866203947798530 en £q- @nicolamlow @alexvespi 1093695069176000512 2 globallyn Analysis
21T23:53:24.0002
@Ada... travel Wuhan ...
2020-02- B'@WHO \nThis is a .
4 1231003954806501376 en 21T23:53.08.000Z #pandemic  723319704710844417 0 This

Wn#CoronavirusO...

Figure 72 Recheck Data

In [12]: #remove lLeading/trailing whitespaces on the text column

frame[ "text'] = frame[ text'].str.strip()

In [13]: nan_walue = float({"HNal"}
frame.replace("”, nan_value, inplace=True)
frame.dropna{subset = ["text"], inplace=True)

Figure 73 Remove white space

| generated the sentiment score as Figure 74 Figure 75
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In [14]:

In [15]:

In [16]:

Out[16]:

from textblob import TextBlob
def sentiment text(text):
sent_sentences=[]

blob =

TextBlob(text)
for sentence in

blob.sentences:

sent_sentences.append(sentence.sentiment.polarity)
return sum{sent sentences)/float{len({sent sentences))

frame["sentiment"] = frame["text"].apply(sentiment text)

frame.head()

Figure 74 Generate the sentiment score

conversation_id lang timestamp origin author rt fav text sentiment
bltaly Italy reports
2020-02- first locally
0 1231005111071100929  en 21T23-57-44.000Z WJ0001f1eetUD001f119 2985110657 2 1 transmitted 0.083333
reports first ... c
quarantine
2020-02 b#Coronavirus V'.;:Ubu
1 1231005062165458945  en e e quarantine in a Hubu 1202560464549838848 1 2 a3 g pooooo
21T23:57:32.0002 5 Shuangpu
Village, 5... J
Town Xihu
D...
b'ltaly. | love this
2 1231004398811275264  en 0o 2020 02 country. 1221955502340558848 0 3 tAWlove 4 5na0p0
e #coronavirusital... oy
dispersion
2020-02- b'@JoannaB36464141 globallyn
3 1230866203947798530 en 21T23:53.24.000Z @nicolamlow  1093695069176000512 0 2 Analysis  0.400000
e @alexvespi @Ada... travel
Wuhan av...
2020-02- b'@WHO WnThis is a .
4 1231003954806501376  en  54153.53.08 0007 #pandemic  723319704710844417 0 0 This  0.000000

\in#CoronavirusO...

Figure 75 Recheck date

| lemmatized text as Figure 76 and rename column in Figure 77, Figure 78, Figure 79, Figure
80 before store the dataframe in Figure 81
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In [17]: tweets = frame[“text"]
tokenized tweet = []
for tweet in tweets:

tokenized tweet.append(nltk.word_tokenize(tweet))

frame[“Tokenized Tweet"] = tokenized_tweet

In [18]: # Lemmatization
wordnet_lemmatizer = WordNetlLemmatizer()
lemmatized text = []

for index, row in frame.iterrows():

lemma_article = []
row = rouw[ ' Tokenized Tweet']
for w in row:
wordl = wordnet_lemmatizer.lemmatize(w, pos = "n")
word2 = wordnet_lemmatizer.lemmatize(wordl, pos = "v")
word3 = wordnet_lemmatizer.lemmatize(word2, pos = ("a"))
lemma_article.append{word3)
lemmatized_text.append(lemma_article)

print(lemmatized_text)
frame[ "lemmatized text'] = lemmatized text

Figure 76 Lemmatize Text

In [21]: frame[["conversation_id","text","Tokenized Tweet"”,”lemmatized_text™]].head()

Out[21]:

conversation_id text Tokenized_Tweet lemmatized_text
0 1231005111071100929 Italy reports first locally transmitted [Iltaly, reports, first, locally, [ltaly, report, first, locally, transmit,
c.. transmitted, .. case..
quarantine Hubu Village Shuangpu [quarantine, Hubu, Village, [quaranting, Hubu, Village,
1 1231005062165458945 Town Xihu D... Shuangpu, Town, Xi... Shuangpu, Town, Xi...
2 1231004398811275264 Italy love country [Italy, love, country] [ltaly, love, country]
dispersion globallyn Analysis travel [dispersion, globallyn, Analysis, [dispersion, globallyn, Analysis,
3 1230866203947798530 Wuhan av.. travel, Wuha. .. travel, Wuha...
4 1231003954806501376 This [This] [This]

In [28]: # Rename column

frame.rename(columns = { ' conversation_id’':"id'}, inplace
frame.rename(columns = { created_at': timestamp'}, inpla

Figure 77 Rename the column name
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In [29]: frame

Out[29]:

id

author

.describe(include=[ "number'])

rt

fav

sentiment

count
mean
std
min
25%
50%
75%

max

In [34]:

1.628414e+06
1.252350e+18
1.315489e+16
1.837335e+09
1.243873e+18
1.251208e+18
1.260616e+18
1.274855e+18

1.628414e+06
3.599463e+17
5.08614%e+17
5.090000e+02
1.594716e+08
1.586448e+09
9.167542e+17
1.274780e+18

1.628414e+06
2.6007702+00
1.541226e+02
0.0000002+00
0.000000=2+00
0.0000002+00
1.000000e+00
1.404620e+05

Figure 78 Recheck Data

1.628414e+06
8.035027e+00
3.188259e+02
0.000000e+00
0.000000e+00
0.000000e+00
2.000000e+00
1.896340e+05

In [32]: print(frame.dtypes)
id inted
lang object
timestamp object
origin object
author int64
rt int64
fav intsd
text object
sentiment floatsd
Tokenized_Tweet object
lemmatized_text object
dtype: object
Figure 79 Recheck Column
In [33]: | print(frame.shape)

(1628414, 11)

Figure 80 Check the dataframe size

Figure 81 Save Dataframe
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1.6284142+06
8.990087e-02
2.442936e-01
-1.000000=+00
0.000000=+00
0.000000=+00
2.000000e-01
1.000000e+00

frame.to_csv{r'C:\Users\weihe\Documents\TweetData\tweet_dataframe_process.csv', index =

False, |



4.2.2 Reddit Data

To pre-process the reddit data, | have performed the similar procedure to as twitter data as

Figure 82 to Figure 96

In [1]: dimpert pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

In [2]: frame = pd.read_csv("reddit aggregated.csv”)

In [3]: frame.head()

Out[3]:

id origin  Score timestamp comments text
0 f2kpfo Found something in "The Lancet” regarding cyto... 1 2020-02-12 03:28:58 0 Found something in "The Lancet” regarding cyto...
1 f2m2ev Any info on how COVID-19 affect pets/domestic ... 1 2020-02-12 05:13:07 5 Any info on how COVID-19 affect pets/domestic ...
2 f2p51b Johns Hopkins Bloomberg school of public healt... 1 2020-02-1210:16:11 0 Johns Hopkins Bloomberg schoaol of public healt...
3 f2ghda Charge for Victory!ll Smash down the COVID vir... 1 2020-02-12 12:28:14 0 Charge for Victory!ll Smash down the COVID vir...
4  f2roo5 China Reports Smallest Number Of New COVID-19 ... 1 2020-02-12 14:04:57 5 China Reports Smallest Number Of New COVID-19 _..

In [4]: frame.shape

Out[4]: (18652, 6)

In [5]:

In [&]:

Figure 82 Load libray and data

import preprocessor as p

### Data cleaning

# 1. with preprocessor Library, deisnged for clearning tweets

# Loop over "text' feature to clean

reddits = frame.text

p_processed text = []

for reddit in reddits:
p_processed_text.append(p.clean(reddit))

frame["text"] = p_processed_text

print{frame.head())

id origin
8 f2kpfé Found something in "The Lancet” regarding cyto...
1 f2m2cv Any info on how COVID-19 affect pets/domestic ...
2 f2p51b Johns Hopkins Bloomberg schoel of public healt...
3 f2ghda Charge for Victory!!! Smash down the COVID wir...
4 {f2roo05 China Reports Smallest Number Of New COVID-19 ...

timestamp comments
@ 2828-82-12 ©3:23:58 a
1 2828-82-12 ©85:13:67 5
2 2828-82-12 18:16:11 a
3 2828-82-12 12:28:14 a
4 2820-82-12 14:84:57 5
text

@ Found something in "The Lancet” regarding cyto...
1 Any info on how COVID-19 affect pets/domestic
2 Johns Hopkins Bloomberg school of public healt...
3 Charge for Victory!!! Smash down the COVID wvir...
4  China Reports Smallest Number Of New COVID-19 ...

Figure 83 Apply the preprocessor library

35

Score

o e e



In [8]:

from nltk.corpus import stopwords
import nltk, os, re, string
nltk.download( ' stopwords')

stop = set(stopwords.words('english’)})
punctuation = list(string.punctuation)
stop.update({punctuation)

[nltk _data] Downloading package stopwords to

[nltk _data] C:\Users\weihe\AppData‘\Roaminginltk data...

[nltk _data] Package stopwords is already up-to-date!

Figure 84 Download stopwords library

def remove stopwords(text):
final text = []
for i in text.split():
if i.strip().lower() not in stop:
final_ text.append(i.strip())
".Jjoin({final_text)

return

frame[ "text' |=frame[ 'text’'].apply{remove stopwords)

Figure 85 Define the remove stopwords procedure

In [9]: frame.head()

Out[9]:

id origin  Score timestamp comments text
0  f2kpf6 Found something in "The Lancet" regarding cyto.. 1 2020-02-12 03:28:58 0 Found something "The Lancet” regarding cytokin...
1 f2m2cv Any info on how COVID-19 affect pets/domestic .. 1 2020-02-12 05:13:07 5 info COVID-19 affect pets/domestic animals?
2 f2p51b Johns Hopkins Bloemberg school of public healt.. 1 2020-02-12 10:16:11 0 Johns Hopkins Bloomberg schoel public health C..
3 f2ghda Charge for Victery!ll Smash down the COVID vir.. 1 2020-02-12 12:28:14 0 Charge Victory!ll Smash COVID virus!ll Wipe ba...
4 f2roe5 China Reports Smallest Number Of New COVID-19 . 1 2020-02-12 14:04:57 5 China Reports Smallest Number New COVID-19 Cas...

Figure 86 Check the data
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In [18]: impert nltk
from nltk.stem import WordNetlLemmatizer
import re
from nltk.corpus import stopwords
nltk.download( punkt')
nltk.download( wordnet')
lemma = WordNetlemmatizer()
def process_text(text):

text = re.sub("(@[A-Za-z08-9 ]+)|(["@-94-Za-z \t])", " ",text.lower())

words = nltk.word_tokenize(text)

words = [lemma.lemmatize(word) for word in words if word not in set(stopwords.words{"english"})]
text = " ".join{words)

return text

frame["text"] = frame["text"].apply(process_text)

[
[
[
[
[
[

nltk_data] Downloading package punkt to

nltk_data] C:\Users\weihe\AppData\Roaming\nltk_data...
nltk_data] Package punkt is already up-to-date!
nltk_data] Downloading package wordnet to

nltk_data] C:\Users\weihe\AppData%Roaminginltk_data...
nltk_data] Package wordnet is already up-to-date!

Figure 87 process the data

In [11]: frame.head()

Qut[11]:

id origin  Score timestamp comments text
0 f2kpfe Found semething in "The Lancet” regarding cyto.. 1 2020-02-12 03:28:58 0 found something lancet regarding cytokine stor.
1 f2m2cv Any info on how COVID-19 affect pets/domestic 1 2020-02-12 05:13:07 5 info covid 19 affect pet domestic animal
2 f2p51b Johns Hopkins Bloomberg school of public healt.. 1 2020-02-12 10:16:11 0 john hopking bloomberg schoel public health co..
3 f2ghda Charge for Victorylll Smash down the COVID vir 1 2020-02-12 12:28:14 0 charge victory smash covid virus wipe bad viru
4 f2roo5 China Reports Smallest Number Of New COVID-19 .. 1 2020-02-12 14:04:57 5 china report smallest number new covid 19 case..

Figure 88 Check Data
In [12]: dimpeort emoji

def cleanReddit(txt):

txt = re.sub(r'#',"",txt)

txt = re.sub(r'RT : ","'",txt)

txt = re.sub(r'\n',"",txt)

# to remove emojis

txt = re.sub(emoji.get _emoji_ regexp(), r"", txt)
txt = re.sub(r'https?:\/\/[A-Za-z@-9%.\/]+"," ", txt)
txt = re.sub(r"https?://\5+ | wuwl . \S5+","", txt)

txt = re.sub(r"<.® 22", "" txt)

return txt

frame["text"] = frame["text"].apply{cleanReddit)

Figure 89 Further clean data
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In [13]: frame.head()

Qut[13]:
id origin  Score timestamp comments text
0 f2kpf6 Found something in "The Lancet” regarding cyto... 1 2020-02-12 03:28:58 0 found something lancet regarding cytokine stor...
1 f2m2ev Any info on how COVID-19 affect pets/domestic ... 1 2020-02-12 05:13:07 5 info covid 19 affect pet domeastic animal
2 f2p51b Johns Hopkins Bloomberg school of public healt... 1 2020-02-12 10:16:11 0  john hopkins bloomberg school public health co...
3 f2qhda Charge for Victery!l! Smash down the COVID vir... 1 2020-02-12 12:28:14 0 charge victory smash covid virus wipe bad viru...
4 f2roo5 China Reports Smallest Number Of New COVID-19 ... 1 2020-02-12 14:04:57 5 china report smallest number new covid 19 case...
Figure 90 Check the data
In [15]: frame[frame[ text’] == ''].index
Qut[15 Int64Index([196, 1708, 4432, 4533, 6777, 6828, 7357, 7435, 9158, 9271, 18352], dtype="int64")
In [16]: nan_value = float("Nal™)
frame.replace(”", nan_value, inplace=True)
frame.dropna(subset = ["text"], inplace=True)
Figure 91 Remove the null data rows
In [17]: from textblob import TextBlob
def sentiment_text(text):
sent_sentences=[]
blob = TextBlob(text)
for sentence in blob.sentences:
sent_sentences.append{sentence.sentiment.polarity)
return sum{sent_sentences)/float(len(sent_sentences))
In [18]: frame["sentiment™] = frame["text”].apply(sentiment_text)

Figure 92 Calculate the sentiment
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In [19]: |reddits = frame["text"]
tokenized reddit = []
for reddit in reddits:
tokenized_reddit.append(nltk.word_tokenize(reddit))
frame["Tokenized_Reddit"] = tokenized_reddit
In [28]: frame.head()
Out[2@
id origin  Score timestamp comments text sentiment Tokenized_Reddit
Found something in "The Lancet” 2020-02-12 found something lancet regarding [found, something, lancet, regarding,
0 f2kpf6 regarding cyto 1 03:28:58 0 cytokine stor 0.000000 cytokine
1 P2mZev Any info on how COVID-19 a!fect 1 2020-.02712 5 info covid 19 affect pet domgstic 0.000000 [info, covid, 19, affect. pet, domgstic.
pets/domestic 05:13:07 animal animal]
Johns Hopkins Bloomberg school of 2020-02-12 john hopkins bloomberg school [iohn, hopkins, bloomberg, school,
2 il public healt... i 10:16:11 Y public health co. L00e000 public, hea...
Charge for Victory!ll Smash down the 2020-02-12 charge victory smash covid virus [charge, victory, smash, covid, virus,
3 fqhda COVID vir 1 12:28:14 0 wipe bad viru_ 0700000 wipe, b
China Reports Smallest Number Of 2020-02-12 china repert smallest number new [china, report, smallest, number,
9 He New COVID-19 ... d 14:04:57 2 covid 19 case. . 0088068 new, covid. ..
Figure 93 Tokenize the text
In [21]: |# Lemmatization
wordnet_lemmatizer = WordNetlemmatizer()
lemmatized text = []
for index, row in frame.iterrows():
lemma_article = []
row = row[ Tekenized_Reddit’]
for w in row:
wordl = wordnet_lemmatizer.lemmatize(w, pos = "n")
word2 = wordnet_lemmatizer.lemmatize(wordl, pos = "v")
word3 = wordnet_lemmatizer.lemmatize(word2, pos = ("a"))
lemma_article.append(word3)
lemmatized_text.append(lemma_article)
print{lemmatized text)
frame[ 'lemmatized_text'] = lemmatized_ text
on', 'covid', "19"], ['covid'], ['update’, 'cowid', '19', ‘outbreak', 'professor’, 'neil', ‘ferguson', ‘dr’, ‘ilaria’, 'dorig =
atti®, 'dr’, "lucy’', 'okell'], ['case', 'index', 'patient', 'cause’, 'tertiary', 'transmission’', ‘coronavirus', 'disease’, 'k
orea’, 'application’, 'lopinavir®, ‘'ritonavir’', ‘treatment’, ‘covid', "19', ‘pneumonia’, 'meniter’, ‘quantitative’, 'rt’, 'pc
r', "korean', ‘academy’, 'medical’, 'science’, ‘publish’, “online’, "feb’, ‘academic’, “report’], [ aspirin’, 'make’, ‘covi
d', "19', "bad’', 'salicylate’, ‘pandemic’, 'influenza', ‘'mortality’, 'pharmacclogy’, 'pathology’', 'historic’, 'evidence”, 'cl
inical', "infectious', 'disease’], ['im', *hard', ’'time', ‘understand', 'u', 'response’, 'time', ‘cowid’, '19', 'threat’, 'pe
rhaps’, ‘help', 'clarify'], ['analysis’, ‘covid', '19', 'north’, ‘korea'], [’analysis’, ‘covid’, "19', "north’, ‘korea’], ['c
irculatory’, ‘appearance’, ‘lung’, ‘infect’, ‘corona’, ‘covid’, "19°, ‘virus'], ['circulatory’, "appearance’, 'lung’, “infec
t', "corona', 'covid', '19", 'wvirus'], ['fact', 'check’, 'request', 'lancet’', 'medical’, 'journal®’, 'publish', 'paper’, 'edit
orial’, 'assert', 'covid', '19', 'show', 'evidence’', 'genetically', 'modify', 'bioweapon’'], ['san®, ‘'diego’, 'lab", 'discowve
r', "covid', '19', ‘"vaccine', ‘hour'], ['china’, ‘cdc', ‘weekly', 'epidemioclogical’, ‘characteristic’, “outbreak', 'novel’,
‘coronavirus’, 'disease’, “covid’, '1%°, ‘china’], ['calculate’, ‘covid’, '19', ‘requirement’, ‘overwhelm', 'u’, "healthcar
e', "system'], ['lancet', "17', '2@', 'pathological’, 'find', 'covid', '19', 'associate’, 'acute’, 'respiratory’, ‘'distress’,
'syndrome'], ['chest’, 'ct', 'image', 'cowvid', '19°, 'lung’, 'involwement', 'year', 'old', ‘huanan', 'seafood’, ‘worker', 'da
y', "symptom’, ‘progression’, ‘die’, ‘'day’, 'late'], ['n95", 'mask’, 'effective’, 'particle’, 'large’, 'small’, ‘covid’, "1
9, '@, "12°, 'micron’, ‘minimum’, ‘effectiveness’'], ['lancet’, '17', '2@°, 'pathological’, 'find', ‘covid’, '19°, 'associat
e', "acute’, 'respiratory’, 'distress', 'syndrome'], ['fatality', 'rate’', 'covid’, '19', 'different’', "age', 'group'], ['fata
lity", 'rate’, 'resolve’, 'case’, 'covid', '19', 'different', ‘age’, 'group'], [“resolve', 'cfr', ‘covid', '19', “different’,
‘age®, ‘'group'], ['pathological’, 'find', “covid®, '19', 'associate’', 'acute’, 'respiratory’, ‘'distress’, ‘syndrome’'], ['aa
a', "cowid®, '19', ‘panel’, ‘include’, 'bill’, 'melinda’, ‘gate’, 'foundation', *discus®, ‘severity’, ‘outbreak', ‘track’', 'v
Gomne ' R 'rhanaa ' Thmnld 'manananadnacc 'eanttla! e TEak] M rhinnea® tovemant ' trandiam' 'rhlanaaninat T
Figure 94 Lemmatize the text
In [22]: frame.head()
Qut[22]:
id origin  Score timestamp comments text sentiment Tokenized_Reddit lemmatized_text
0 ko6 Found something in "The 1 2020-02-12 found something lancet 0.000000 [found. something, lancet, [find, something, lancet,
P Lancet” regarding cyto. 03:28:58 regarding cytokine stor... : regarding, cytokine. .. regard, cytokine, st...
1 Pm2 Any info en how COVID-19 1 2020-02-12 5 info covid 19 affect pat 0.000000 [info, covid, 19, affect, pet, [info, covid, 19, affect, pet,
meev affect pets/demestic 05:13:07 domestic animal : domestic, animal] domestic, animal]
2 o51b Johns Hopkins Bloomberg 1 2020-02-12 0 john hopkins bloomberg 0000000 [john, hopkins, bloomberg,  [john, hopkins, bloomberg,
P school of public healt. 10:16:11 school public health co... school, public, hea.. school, public, hea...
. harge victory smash . .
Charge for Victoryll Smash 2020-02-12 charge v ) [charge, victory. smash, [charge, victory, smash,
3 faghda down the COVID vir. 1 12:28:14 0 covid virus W\p\eli:nfd -0.700000 covid, virus, wipe, b... covid, virus, wipe, b...
China Reports Smallest china report smallest - o
2020-02-12 . [china, report, smallest, [china, report, small,
4 f2roo5 Number Of New COVID-19 1 14:04:57 5 number new cugf;:JQ -0.088068 number, new, covid, .. number, new, covid, 19....
Figure 95 Check the data
In [24]: frame.to_csv(r'C:\Users\weihe\Documents\RedditData\export_reddit_dataset.csv’, index = False,

Figure 96 Store the data
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4.3 Exploration Analysis

Exploration analysis is done using Python to find the patter in the test feature. | analysed the
dataset from Twitter and Reddit.

4.3.1 Tweet Data exploration

| loaded the tweets data and extract the lemmatized_text field as Figure 97 and Figure 98

In [1]: import numpy as np
from PIL import Image
import pandas as pd
from wordcloud import WordCloud, ImageColorGenerator, STOPWORDS
import matplotlib.pyplot as plt

Figure 97 Load library

In [2]: dfl = pd.read csv( tweet dataframe process2.csv")
In [3]: lem = dfl['lemmatized_text'].values.tolist()
In [5]: text = " ".join(review for review in dfl.lemmatized_text.astype(str))

Figure 98 load data and join the lematized text

In [6]: print ("There are {} words in the combination of all cells in column YOUR_COLUMN_MNAME.".format(len{text)))

There are 11837820 words in the combination of all cells in column YOUR_COLUMMN_MAME.

Figure 99 Print statistics

ran the wordcloud model to create the word count as Figure 100

In [7]: stopwords = set(STOPWORDS)

In [11]: WordCloud().generate(text)

Out[11]: <wordcloud.wordcloud.WordCloud at @x2954976c7F0>
In [12]: wordcloud = WordCloud(stopwords=stopwords, background_color="white", width=808, height=408).generate(text)

Figure 100 Compute the model for wordcloud

| printed out the plot generate by wordcloud as Figure 101 and Figure 102
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In [14]: plt.axis("off")

plt.figure( figsize=(48,28))
plt.tight layout(pad=8)
plt.imshow(wordcloud, interpolation='bilinear’)
plt.show()

Figure 101 Design plot the wordcloud model
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Figure 102 Display the model output
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4.3.2 Reddit exploration

I have repeated the same procedure on the Reddit as Figure 103 to Figure 107.
In [1]: dimport numpy as np

from PIL import Image

import pandas as pd

from wordcloud import WordCloud, ImageColorGenerator, STOPWORDS

import matplotlib.pyplot as plt

Figure 103 Load library
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In [6]:

In [7]:

Out[7]:

In [8]:

: dfl = pd.read_csv('export_reddit_dataset.csv')

lem = dfl['lemmatized_text'].wvalues.tolist()

1]: text = " ".join(review for review in dfl.lemmatized_text.astype(str))

print ("There are {} words in the combination of all cells in column YOUR_COLUMN_NAME

There are 952532 words in the combination of all cells in column YOUR_COLUMN_NAME.

Figure 104 Load the data and join the lemmatized text

stopwords = set(STOPWORDS)

WordCloud().generate(text)

<wordcloud.wordcloud.WordCloud at @xlec3e@6ca3@>

=

.".format(len(text)))

wordcloud = WordCloud(stopwords=stopwords, background_color="white", width=808, height=408).generate(text)

Figure 105 Generate the WordCloud

In [9]: plt.axis("off")
plt.figure( figsize=(48,20))
plt.tight layout(pad=8)
plt.imshow(wordcloud, interpolation='bilinear”)

plt.show()

Figure 106 Create the plot for the model
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Figure 107 Dlsplay the model

5 Implementation

I used Jupyter notebook to implement the LDA topic modelling and sentiment analysis

5.1 Topic Modelling

5.1.1 Twitter Data
| started by load the library as Figure 109 extract the lemmatized text as Figure 110.

In [1]: import gensim
import gensim.corpora as corpora
from gensim.corpora import Dictionary
from gensim.models.coherencemodel import CoherenceModel
from gensim.models.ldamodel import LdaModel

from pprint import pprint
import spacy

import pickle

import re

import pylLDAvis

import pyLDAvis.gensim_models

import matplotlib.pyplot as plt
import pandas as pd

C:\Users\weihe\Anaconda3\lib\site-packages\gensim\similarities’_ init_ .py:15: Use
evenshtein package <https://pypi.org/project/python-Levenshtein/> is unavailable.
warnings.warn(msg)

Figure 108 Load library
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In [2]: df = pd.read_csv('tweet_dataframe_process.csv')

df .head()
Out[2]:
id lang timestamp origin author rnt fav text sentiment Tokenized_Tweet
2020-02- biltaly WJ0001f1eeVWU0001f1f9 reports. ltaly reports first locally [Haly’, ‘reports’, first’, ‘locally’
0 1231005111071100928% &n 217235744 0002 first ] 2985110557 2 1 transmitied ¢ 0.083333 s
2020-02- b'#Coronavirus quarantine in a Hubu quarantine Hubu Village [quaranting’, 'Hubu', 'Village'
1 1231005062165458945 en 21T23:57-32 0007 Village. 5 1202960464549838848 1 2 Shuangpu Town Xihu D 0.000000 *Shuangpu’
2020-02- bltaly. | love this country. N P SN P
2 1231004398811275264 en 21T23-54-54 0007 e o] 1221955502340558848 0 3 Italy love country ~ 0.500000 [ltaly’, ‘love’, ‘country’]
2020-02- b'@JoannaB36464141 @nicolamlow dispersion globallyn Analysis ['dispersion’, ‘globallyn’
3 1230866203947798530 en 21723:53-24 000Z @alexvespi @Ada 1093695069176000512 0 2 travel Wuhan av 0.400000 "Analysls’, ‘trave
2020-02- b'@WHO \InThis is a #pandemic . oo
4 1231003954806501376  en 21T23:53.08.0002 \nECoronavius0.. 23319704710844417 0 0 This  0.000000 [This']

Figure 109 Load CSV data

In [3]: lem = df[ lemmatized_text’].values.tolist()

lemmatized_list = []

for lemmatized_item in lem:
print({lemmatized_item)
lemmatized_list.append(eval(lemmatized_item))

print{lemmatized list[:2])

['Italy", 'repert’, 'first', 'locally’, ‘transmit’, ‘case’, 'coronavirus’, 'Iran’', ‘death’, "toll', 'rise’, "four’, 'ABC', 'News', "Australian’', 'Corporat

['quarantine’, 'Hubu', 'Village', 'Shuangpu', 'Town', 'Xihu', 'District’', 'China', 'Chinese', 'authority', 'deploy’', ‘giant', 'fog', 'machine’, 'even', 's

20", 'Onebtcer']

['Italy", 'love’, 'country’]

['dispersion’, 'globallyn', 'Analysis’, ‘travel’, ‘Wuhan', 'available', *Jan', 'travel’, 'China‘, ‘available’, 'Jan', 'ha’, 'Teheran', ‘destination’]

['This']

['warn', 'community', ‘spread’, ‘could’, 'take', 'place’, 'US']

['After', 'thorough', 'investigation', 'time', 'evidence', 'patient', 'expose’, 'visit']

['It", "look’, "like', 'force’, 'removal’, 'isolation’, “quarantine’, 'CCP", 'act’, ‘erratically’]

['CDC', *didn', 't', ‘want', ‘patient’, ‘fly', 'US’, 'it', 'overrule']

['N1g@", 'Disposable’, ‘Respirater’, 'Cool', "Flow’, 'Exhalation’, 'Valve', 'CASE']

['Group’, 'Hongkengers', 'set’, ‘'surgical’', 'face', 'mask', 'factory’, 'overnight', ‘ease', 'supply’', ‘amid’', 'coronavirus', 'scare’]

['M", 'Respirator', 'N95', 'Cool’, 'Flow', 'Valve', 'Pack']

['I", "put', ‘commentator’', 'journalist’, 'hat’, 'best’, 'summary’, ‘interview', 'virologist', 'relate’, 'investigation’, 'inform’, 'comment’', ‘welcome’,

w', ‘include’, 'Warning', ‘intense’]

[ 'Wondering®, *win', 'Fantasy', 'Sports’, 'crush’, ‘competition’, 'Introducing’, 'new', 'ZI', 'Code’, 'Daily’', 'Fantasy’, 'Predictor’]

['Amazon®, 'Virus', 'Killing', 'Device’]

['Feb', 'Director', 'Says’', 'World’, 'Must', 'Act', 'Fast’, 'Contain’, 'Cases', 'Dead']

[ 'BREAKING', 'Italy’, 'report’, 'first®, ‘death’, "Earleir’, 'Italian’, ‘official’, ‘order’, 'mass’, ‘closure’, 'include’, 'public’', 'build’, 'restaurant’~
»

Figure 110 Extract Lemmatized text

| computed for id2word as Figure 111 and build LDA model as Figure 112

In [4]: |# Create the dictionary
id2word = corpora.Dictionary(lemmatized_list)

# Create corpus
texts = lemmatized list

# Term Document Freguency
corpus = [id2word.doc2bow(text) for text in texts]

#View

print{corpus[:1])

[[(a, 1), (1, 1), (2, 1), (3, 1), (4, 1), (5, 1), (6, 1), (7, 1), (8, 1), (9, 1), (18, 1), (11, 1), (12, 1), (13, 1), (14, 1), (15, 1}]]
In [5]: |id2word[@]

Out[5]: *ABC'

Figure 111 Compute id2word and display the first element
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In [7]: #Build Topic model

lda_model = gensim.models.ldamodel.ldaModel{corpus=corpus,
id2word=id2word,
num_topics=4,
random_state=108,
update_every=1,
chunksize=108,
passes=18,
alpha='"auto’,
per_word_topics=True)

Figure 112 Build the LDA model with 4 topics

Model display and coherence score can be found in the Figure 113 Figure 114 Figure 115

In [8]: pprint(lda_model.print_topics())
doc_lda=1lda_model[ corpus]

[(e,
'B.926%"case” + 0.024*"COVID" + @.e17*"Coronavirus" + B.813*"new” + °
'8.812*"update” + ©.011*"come™ + 9.089*"today" + @.089*"social"” + °
'8.008* "number" + ©.888*"US""),
a,
'8.823*"ask™ + ©.822*"sign" + ©.021*"petition” + @.021*"income” + °
'8.820*"basic” + 0.9020*"universal™ + 9.915*"need"” + 8.014*"time" + '
'9.913*"go" + ©.812*"help"'),
{2;
'@.833*"give” + 0.828*"light" + ©.813*"1like"™ + 9.012*"know" + 0.818*"good” + '
'0.010*"one” + 8.009*"close” + 0.909*"think” + ©.008*"would" + ©.0088*"keep"'),
G,
'8.832*"everyone” + 0.821*"people™ + 9.919*"get"” + 0.016%"test” + °
"@.915*"day” + @.015*"The™ + @.0813*"u" + 0.912*"virus™ + @.812%"make"” + °
'9.011%*"say" )]

Figure 113 Display the topic from the model.

In [9]: print('Perplexity: ', lda_model.log_perplexity(corpus))

# Compute Coherence Score

coherence_model lda = CoherenceModel(model=1da_model, texts=lemmatized list, dictionary=id2word, coherence="c_v')
coherence_lda = coherence_model_lda.get_coherence()

print{'Coherence Score: ', coherence_lda)

Perplexity: -8.862477314736944
Coherence Score: ©.203554198397423395

Figure 114 Display Perplexity and Coherence score

In [10]: # Visualise the topic keyword
pyLDAvis.enable_notebook()
vis = pylLDAvis.gensim_models.prepare(lda_model, corpus, id2word)
vis

Figure 115 Display generated model
| checked the intertopic distance for all four topics below. Figure 116 to Figure 119
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Figure 116 Display Topic 1
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Figure 117 Display Topic 2
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Figure 118 Display Topic 3
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Figure 119 Display Topic 4

I loaded the Mallet library to calculate the coherence score and found the most suitable topics

ad Figure 120 to Figure 126
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In [11]: impert os

os.environ.update({ "MALLET _HOME':r'C:/Users/weihe/Documents/TweetData/mallet-2.8.8/mallet-2.6.8"})
mallet_path = r'C:/Users/weihe/Documents/TweetData/mallet-2.8.8/mallet-2.0.8/bin/mallet.bat’

Figure 120 Load Mallet library for LDA

In [12]: def compute_coherence_values(dictionary, corpus, texts, limit, start=2, step=3):
Compute c_v coherence for various number of topics

Parameters:

dictionary : Gensim dictionary
corpus : Gensim corpus

texts : List of input texts
limit : Max num of topics

Returns:

model_list : List of LDA topic models

coherence_values : Coherence values corresponding to the LDA model with respective number of topics

coherence_values = []

model_list = []

for num_topics in range(start, limit, step):
model = gensim.models.wrappers.lLdaMallet(mallet_path, corpus=corpus, num_topics=num_topics, id2word=id2word)
model_list.append({model)
coherencemodel = CoherenceModel (model=model, texts=texts, dictionary=dictionary, coherence="c_v')
coherence_values.append(coherencemodel.get_coherence())

return model_list, coherence_values

Figure 121 Define Function to calculate Coherence Score
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In [14]: # Show graph
limit=48; start=2; step=6;
x = range(start, limit, step)
plt.plot(x, coherence values)
plt.xlabel("Num Topics™)
plt.ylabel("Coherence score")
plt.legend(("coherence values"), loc='hest')
plt.show()
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Figure 122 Display Coherence Score with Topic number

In [15]: # Print the coherence scores
for m, cv in zip(x, coherence_values):
print(“Num Topics =", m, " has Coherence Value of", round(cv, 4))

Mum Topics = 2 has Coherence Value of ©.8921

Mum Topics = 8 has Coherence Value of ©.3892

Mum Topics = 14 has Coherence Value of 8.4197
Mum Topics = 280 has Coherence Value of 8.4245
Mum Topics = 26 has Coherence Value of ©.4487
Mum Topics = 32 has Coherence Value of 8.4313
Mum Topics = 38 has Coherence Value of 8.4385

Figure 123 Output Coherence value with topic number
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In [17]: |# 5Select the model and print the topics ( num Topics = 14)
optimal_model = model_list[2]
model_topics = optimal_model.show_topics({formatted=False)
pprint{optimal_model.print_topics(num_words=18))

[e,
'@.@38% " good” + 9.838%"week" + 9.824%"thing” + @.821%"news" + @.819%"back"” + '
'9.918*%"put" + B0.915*"bad" + @.815*"month" + 9.913*"day" + B8.813*"happen”'),

(1,
'@.924%"share” + @.922%*"update"” + 8.821*"information” + @.828*"follow" + '
'@.920+"COVID" + ©.0816%"late” + ©.815*%"video" + B.815*"fres" + °*
'@.@14% " resource” + 8.813*"learn”"),

L2,
'@.@38%"Coronavirus” + @.@827*"quarantine” + 8.824*"find" + @.822*"Corona” + °
'@.919%"Covid” + 9.817%"Read” + @.814%"person” + 8.9014%"Virus® + °
'9.913*%"News" + @.912%"xald"'},

(3,
'@.286% " case” + @.344% "day" + B.833%"death”™ + @.829%"report” + °
'@.@28% " number” + @.827*"coronavirus" + @.@822%"year™ + @.822%"confirm" + °
'9.918%"Italy” + ©.815%"today"'),

{4,
'@.832%"hand" + @.213*"mask™ + @.818*"face"™ + @.016%"hour” + B.013*"wash" + '
'@.912#%"gvold” + 9.811%*"run” + 9.018*"panic" + @.818*"people" + '
'@.818* " contact"'),

{5,
‘9,042 " peaple” + @.841%"heglth" + 8.840%"pandemic" + 8.833*"crisis" + '
'@.@33%"call” + @.@38%"care” + 9.921%"public” + @.828%"rizk" + °
'@.928* " protect” + 8.0208*"worker™'),

(8,
'@.998% sign” + @.983%"petition” + B.079%"give" + B.857%"1light” + '
'@.354% " basic” + 9.@534*"income" + @.851*"universal” + ©.838%"rent" + '
'@.835%"join” + @.835%"suspend”'),

{7,
'@.947% " people” + @.846%"virus" + 8.848%"world" + 8.827%"1ife” + °
'@.921*"fight" + 9.813*"love"” + 9.813*"hope"” + 9.0813*"make"” + 9.812*"save"” + '
'@.811% " talk™ "),

(8,
'9.968% " test” + 0.054%"COVID" + 9.834%"patient" + 8.829*"March” + '
'@.822%"hospital™ + 8.820*"Coronavirus” + @.@13*"PM" + @.@12%"Health" + *
'@.911*"pm" + 8.818*"result"'),

(3,
'@.928%"cloze” + ©.027%"pusiness” + @.822%"plan” + @.@18%"service” +
'@.917# " due" + 8.018*"shut" + 0.916%*"support” + 8.815*"impact™ + °
'@.914%"order” + 8.813%"school"']},

{1a,
'@.868% " spread” + @.841*"China” + 8.839%"country” + @.831%"coronavirus® + °
'@.927%" putbreak” + B8.822%*"measure” + @.815%"Chineze” + @.@15%"India" + *
'@.912#"citizen" + 8.812*"lockdown""'),

(11,
'@.925* " Trump”™ + 9.823="time” + 9.828%*"show" + @.818*"symptom™ + °
'@.818% " medical” + @.814%"stop” + @.813%"supply” + @.@1ZF"Dr" +
'@.912#"office” + @.812*"treatment”"),

{1z,
'@.@23%"make” + @.9l6%"dizease” + B.9816%"change” + @.815%"read” + '
'@.915% " response” + B.812*"situation” + ©.811%"1long" + A.@1e*"understand” + '
'@.@1e* " article” + @.918%"gt""),

{13,
'B.865% " home™" + @.865%"work” + @.057*"time" + B.843*"stay"” + 8.036%"safe” + '
'@.@27#"stay” + @.926%"distance” + B.826%"social” + 9.02@%"family™ + °
'@.917*"continue™ )]

Figure 124 Display topics for optimal model
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# convert the class of your mallet model inte a LdaModel before pylDAvis

model = gensim.models.wrappers.ldamallet.malletmodel2ldamodel (optimal model)

Figure 125 Convert mallet model to LDA model

vis = pyLDAvis.gensim models.prepare(model, corpus, id2word)

Figure 126 Display the optimal model

In [19]:

In [21]: # Visualise the topic keyword
pyLDAvis.enable_notebook()
vis
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Figure 127 Display the Intertopic Distance Map

I used the below approach to find he dominate topic for each sentence as Figure 128 and

Figure 129
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In [22]: # Finding the dominant topic in each sentence
def format_topics_sentences(ldamodel=1da_model, corpus=corpus, texts=lem):
# Init output
sent_topics_df = pd.DataFrame()

# Get main topic in each document
for i, row in enumerate(ldamodel[corpus]):
row = sorted(row[@], key=lambda x: (x[1]), reverse=True)
# Get the Dominant topic, Perc Contribution and Keywords for each document
for j, (topic_num, prop_topic) in enumerate(row)
if j == @: # => dominant topic
wp = ldamodel.show_topic(topic_num)
topic_keyuords ", ".join([word for word, prop in wp])
sent_topics_df = sent_topics_df.append(pd.Series([int{topic_num), round(prop_topic,4), topic_keywords]), ignore_index=True)
else:
break
sent_topics_df.columns = ['Dominant_Topic', 'Perc_Contributicn', 'Topic_Keywords']

# Add original text to the end of the output

contents = pd.Series(texts)

sent_topics_df = pd.concat([sent_topics_df, contents], axis=1)
return(sent_topics_df)

df_topic_sents_keywords = format_topics_sentences(ldamodel=1da_model, corpus=corpus, texts=lem)

# Format

df_dominant_topic = df_topic_sents_keywords.reset_index()

df_dominant_topic.columns = ['Document_No', 'Dominant_Topic’, 'Topic_Perc_Contrib', 'Keywords', 'Text']

# Show
df_dominant_topic.head(18)

Figure 128 Find the dominant topic in each sentence

Out[22]:

vz Document_ No Dominant Topic Topic_Perc_Contrib Keywords Text
0 0 00 0.3666 case, COVID, Coronavirus, new, update, come, t [ltaly’, ‘report’, 'first’, 'locally’, 'trans
1 1 30 0.3440 everyone, people, get, test, day, The, u, viru... [quarantine’, 'Hubu', 'Village', 'Shuangpy’, ...
2 2 3.0 0.3170 everyone, people, get, test, day. The. u, viru... [taly', love', 'country’]
3 3 30 0.4130 everyone, people, get, test, day, The, u, viru [dispersion’, "globallyn’, "Analysis’, trave
4 4 1.0 0.3680 ask. sign, petition, income, basic, universal,... [This]
5 5 1.0 0.4922 ask, sign. petition, income. basic, universal,... [warn’, 'community’, "spread’, ‘could’, ‘take...
6 6 3.0 0.3969 everyone, people, get, test, day, The, u, viru... [After’, thorough', ‘investigation’, ‘time’,...
7 7 20 04020 give, light, like, know, good, one, close, thi [look’, 'like', 'force’, removal’, 'isolatio
8 8 3.0 0.4125 everyone, people, get, test, day. The. u, viru... [CDC', 'didn’, 'want, ‘patient’, 'fly’, "US"...
9 9 30 0.3039 everyone, people, get, test, day, The, u, viru...  [N100", 'Disposable’, 'Respirator’, "Coal’, "...

Figure 129 Display the dominant topic in each sentence

I ran the below procedure to find he most representative document for each topic as Figure
130 and Figure 131
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In [23]:

Out[23]:

#Find the most representative document for each topic
# Group top 5 sentences under each topic
sent_topics sorteddf mallet = pd.DataFrame()

sent_topics outdf _grpd = df_topic_sents keywords.groupby('Dominant Topic')
for i, grp in sent_topics_outdf_grpd:
sent_topics_sorteddf_mallet = pd.concat([sent_topics_sorteddf_mallet,

grp.sort_values(['Perc_Contribution’], ascending=[@]).head(1)],
axis=8)

# Reset Index
sent_topics_sorteddf_mallet.reset_index(drop=True, inplace=True)

# Format
sent_topics_sorteddf_mallet.columns = ['Topic_MNum', "Topic_Perc_Contrib", "Keywords", "Text"]

# Show
sent_topics_sorteddf_mallet.head()

Figure 130 Find the most representative document for each topic

Topic_Num Topic_Perc_Contrib Keywords Text
0 0.0 0.6557 case, COVID, Coronavirus, new, update, come, t... [Report', 'China', 'New', 'Cases’, 'New', 'De...
1 1.0 0.6664 ask, sign, petition, income, basic, universal,... [We', 'need’, 'plan’, renter, ‘impact, 'Si...
2 2.0 0.6685 give, light, like, know, good, one, close, thi... ['Chinese’, Virus', "Chinese’, "Virus', "Chin...
3 30 0.7904 everyone, people, get, test, day, The, u, viru... [STAY', 'HOME', "STAY", 'HOME', 'STAY", 'HOME...

Figure 131 Display the most representative document for each topic

The below procedure was run to display the most representative document for the topic

In [24]:

#Topic distribution across documents

# Number of Documents for Each Topic
topic_counts = df_topic_sents_keywords[ 'Dominant_Topic'].value_counts()

# Percentage of Documents for Each Topic
topic_contribution = round(topic_counts/topic_counts.sum(), 4)

# Topic Number and Keywords
topic_num_keywords = df_topic_sents_keywords[[ 'Dominant_Topic', 'Topic_Keywords']]

# Concatenate Column wise
df_dominant_topics = pd.concat([topic_num_keywords, topic_counts, topic_contribution], axis=1)

# Change Column names
df_dominant_topics.columns = ['Dominant_Topic’, 'Topic_Keywords®, 'Num_Documents', 'Perc_Documents’]

# Show

df_dominant_topics

Figure 132 Find Topic distribution across documents
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Qut[24]:

Dominant_Tepic Topic_Keywords Num_Documents Perc_Documents

0.0 0.0 case, COVID, Coronavirus, new, update, come, t... 7563.0 0.0757

1.0 30 everyone, people, get, test, day, The, u, viru. . 582210 0.5829

2.0 30 everyone, people, get, test, day, The, u, viru... 16596.0 01662

3.0 30 everyone, people, get, test, day, The, u, viru... 17505.0 01753

4.0 1.0 ask, sign, petition, income, basic, universal,. . NaM MNalN
99380.0 1.0 ask, sign, petition, income, basic, universal.... MNaMN MaM
99881.0 1.0 ask, sign, petition, income, basic, universal.... MNaM MaN
99882.0 20 give, light, like, know, good, one, close, thi. .. NaM MNalN
99833.0 1.0 ask, sign, petition, income, basic, universal.... MNaM MNal
99884.0 30 everyone, people, get, test, day, The, u, viru... MNaMN WE

99885 rows x 4 columns

Figure 133 Display Topic distribution across documents

5.1.2 Reddit Data

The process for Reddit Data is similar to Twitter as Figure 134 to Figure 143

In [1]: impert gensim
impert gensim.corpora as corpora
from gensim.corpora import Dictionary
from gensim.models.coherencemodel import CoherenceModel
from gensim.models.ldamodel import LdaModel

from pprint import pprint
import spacy

import pickle

import re

import pylDAvis

impert pylDAvis.gensim_models

impert matplotlib.pyplot as plt
import pandas as pd

C:\Usersyweihe\Anaconda3\1lib\site-packages'\gensimisimilarities)_ init_ .py:15: UserWarning: The g
evenshtein package <https://pypi.org/project/python-Levenshtein/> is unavailable. Install Levenhs
warnings.warn(msg)

In [2]: impert warnings
warnings.filterwarnings(“ignore", category=DeprecationWarning)

Figure 134 Load library
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In [3]: df = pd.read_csv("export_reddit_dataset.csv")
df = df.drop(‘origin’, 1)
df.head()

C:\Users\weihe\AppData\Local\Temp/ipykernel 29772/1586153113.py:2: FutureWarning: In a future version of pandas all arguments o
f DataFrame.drop except for the argument 'labels’ will be keyword-only
df = df.drop(’origin’, 1)

Qut[3]
id Score timestamp comments text sentiment Tokenized_Reddit lemmatized_text
2020-02-12 found something lancet regarding [found', 'something’, 'lancet, [find’, 'something’, ‘lancet’, ‘regard’,
0 Hgd L 03:28:58 g cytokine stor. geooug ‘regarding’, ... "oyt
1 f2m2cv 1 2020-02-12 5 info covid affect pet domestic animal ~ 0.000000 [info’, "covid .Iaﬁeml' :plet', [info’, covid :aﬂec[ pet,
05:13:07 domestic’,... ‘domestic’,...
2 f2p5ib 1 2020-.02-12 0 john hopkins bloomberg school public 0.000000 [johnr, 'hopkins': 'bIoomperg'. [iohn', ‘hopkins‘_. ‘blounjl?erg'.
10:16:11 health co.. scheol, 'pu... school’, 'pu...
2020-02-12 charge victory smash covid virus wipe [charge’, 'victory', 'smash’, 'covid’,  ['charge’, victory’, 'smash’, "covid’,
3 f2ghda 1 12:28:14 0 bad viru.. -0.700000 "virus... ‘virus...
2020-02-12 china report smallest number new [china’, report. 'smallest, 'number’, [china’, report, 'small’, ‘number’,
S2ioes L 14:04:57 3 covid case 5. 088088 ‘new... ‘new’, ...

Figure 135 Load data

In [4]: lem = df["lemmatized_text'].walues.telist()

lemmatized_list = []
for lemmatized_item in lem
print(lemmatized item)
lemmatized list.append(eval(lemmatized_item))

print{lemmatized_list[:2])

[twe™, data , point , Sinpapore ., ~covid', 'case., 'data ]

['excellent', ‘database’, 'cowid’]

['new', 'england’, 'journal', 'medicine’, 'define', "epidemiology', 'covid', 'study’', 'need']

[ 'excellent', 'database’, 'covwid', 'cowidl9', ‘covid’, 'nowvel’, 'coronavirus’, ‘ncov’, 'ncov’', 'sars’, 'cov’, 'sars2’', 'wuha

n', 'virus®', ‘statistic’, 'statistical’, ‘graph’', "data’, ‘analysis’', "live', ‘spreadsheet’]

['myth’, 'buster’, 'covid']

['field', "brief’, 'diamond', 'princess', 'covid®, 'case']

[ 'longitudinal®, 'ct', 'find', 'covid', 'pneumonia’, ‘'case', 'present’, ‘organize', ‘pneumonia’, 'pattern’, 'case’, "includ

e', 'relapse’, 'successfully', 'resolve’']

[ 'update', 'covid', ‘'outbreak', 'professor’, 'neil’, 'ferguson’', 'dr’, 'erik’, ‘velz']

[ 'novel’, “coronavirus’, “covid’', ‘outbreak’, ‘review', ‘current’, 'literature’]

['live’, 'vr', 'lecture’, 'covid', 'melecular’, “structure’]

['complete”, 'covid', 'multisub’, ‘yet', 'please’, 'let’', ‘'know', 'miss’', ‘anything', ‘want', 'multi’, 'inclusive', "possibl

e’]

['covid', "originate’, ‘wuhan', 'seafood’, 'market’, ‘'say', ‘american’, 'senator’

['coronavirus', 'disease’', 'covid', 'situation’, 'report’]

[ 'police', 'quarantine’, ‘whole', 'community’, 'beijing’', 'confirm’, 'covid', ‘case’]

['covid', "singapore’, 'current’', ‘experience’]

["japan', 'national’, ‘'institute’', 'infectious’, 'disease’, 'field’, 'brief', °diamond’, 'princess’', 'covid®, 'case’]

[ 'coronavirus', 'disease’', 'covid', 'situation’, 'report’]
. 1

Tewedtnm®  rmudd! Vaadbheaabt 1

M Tamrnt!  'Snitiatinn'  'rao!'  'dafactian! ==L

Figure 136 Extract the lemmatized_text feature

In [5]: |# Create the Dictionary (id2word) and Corpus needed for Topic Modeling

# Create the dictionary
id2word = corpora.Dictionary(lemmatized_list)

# Create corpus
texts = lemmatized_list

# Term Document Frequency
corpus = [id2word.docZbow(text) feor text in texts]

#iew
print{corpus[:1])
[[(8, 1), (1, 1), (2, 1), (3, 1), (4, 1), (5, 1), (6, 1), (7, 1), (8, 1), (9, 1), (18, 1)]]

Figure 137 Compute the id2word dictionary
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In [6]: # Pass the id as a key to the dictionary to see which word is associated to the given id
id2word[@]

Out[6]: ‘article’

Figure 138 Display the id2word dictionary
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In [7]: #Build Topic model

#Here we supply the corpus, dictionary, number of topics

#chunksize presents the number of documents used for each traning chunk
#update every presents the frequency that the model should be updated
#passed presents the total number of training passes

lda_model = gensim.models.ldamodel.LldaModel(corpus=corpus,
id2word=id2word,
num_topics=1@,
random_state=108,
update_svery=1,
chunksize=108,
passes=18,
alpha="auto’,
per_word_topics=True)

Figure 139 Build the base model with 10 topics

In [8]: pprint(lda_model.print_topics())
doc_lda=lda_model[corpus]

[(e,
"B.872*"covid” + 9.852%"case” + ©.042*%"death” + 08.833*"country" + '
'8.829*"coronavirus” + B.024*"say"” + 8.024*"spread” + 8.819*"germany"” + '
'0.918*"report” + 8.818*"show™'),

(1,
"9.951*"stay" + @.043*"trump” + ©0.837*"1ink™ + B8.037*"amp” + ©.029%"comment™ '
"+ ©.029*"watch” + 8.92%9*"arcund” + B.828*"guy” + 8.828*"kill" + °
'8.925%"tip" "),

(2,
'B.878*"pandemic” + 8.857*"make” + 0.824*"know" + B8.822*"stop"” + '
'8.822*"please” + @.821*"cure™ + B.821*"create” + 8.817*"research” + '
'8.917*"top" + @.917*"post"'),

(3,
'8.962*"world” + @.945*"1ive” + @.04@*"day” + 2.833*"news” + ©.025%"may” + '
"8.919*"uk" + @.819*%"indian” + 8.818*"call" + @.817*"end"” + 8.815*"warn"'),

(4,
'8.943*"lockdown™ + ©.@35*%"die" 4+ 0.032%"way" + 8.832*"song” + @.031%"1ife" '
"+ 8.839*"number” + 8.825*"safe” + 8.822%"good" + 8.822*"best” + '
'@.921*"year" '),

(5,
'9.966""crisis” + 0.859*"patient” + 8.0824*"see” + 8.819*"situation” +
'8.819*"cause” + 0.018*"even” + 8.817*"much” + 8.015*"write” + @.014*"amid”
"+ 9.014*"blood" "),

(6,
'8.473*"corona” + @.286*"virus" + 8.811*"sweden” + 0.01@*"first™ + '
'8.909*"1ike" + ©.0@3*"hospital” + 9.0@8*"take" + 8.8@06*"name” + '
'8.985*"quarantine” + @.005*"prevent”'),

(7,
'9.948* " new” + ©.041*"update” + ©0.838*"outbreak™ + 0.032*"video™ +
'8.932*"fight" + ©.83@*"china™ + 8.025*"find" + 8.823*"mask™ + ©.020*"use” + '
'8.919*"health" '),

(8,
'9.852*"people” + @.8483*"get" + ©.044*"time" + 8.041%"help" + B.836%"german” '
"+ 9.930%"go" + ©.029*"due” + 0.025*"infect” + 8.021*"could” + @.821%"one™'),

(9,
'8.967*"india" + 9.0@64*"test” 4+ @.041*"vaccine” + 8.027*"think" + °
"8.825*"home" + @.821*"positive” + 0.820%"give" + B.815*"put” + '
"8.813*"start™ + 8.813*"come" ') ]

Figure 140 Display the generated topics
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In [9]: print{'Perplexity: ', lda_model.log perplexity(corpus})

# Compute Coherence Score

coherence_model_lda = CoherenceModel(model=1lda_model, texts=lemmatized_list, dictionary=id2word, coherence='c_v')
coherence_lda = coherence_model_lda.get_coherence()

print('Coherence Score: ', coherence_lda)

Perplexity: -8.794595465589639
Coherence Score: @.37826766431123@93

Figure 141 Compute the Perplexity and Coherence score

In [18]: # Visualise the topic keyword
pyLDAvis.enable_notebook()
vis = pylLDAvis.gensim_models.prepare(lda_model, corpus, id2word)
vis

C:\Users\weihe\Anaconda3\lib\site-packages\pyLDAvis'\_prepare.py:246: Futurellarning
bels' will be keyword-only
default _term_info = default term_info.sort_values(

Figure 142 View the model

out[1e]: ] - ;
utl1e] Selected Toplc:\i” Previous Topic H Next Topic H Clear Topic ‘ Slide to adjust relevance metric:i2) \ | | | | ‘
A=1 0.0 02 04 06 08 1
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Figure 143 Display of the model

5.2 Sentiment Analysis

5.2.1 Twitter Data

I used the TextBlob to calculate the sentiment after preprocessing as Figure 144 to Figure 148

58



In [1]:

In [2]:

Out[2]:

#Sentiment Analysis
import os

import pandas as pd
from textblob import TextBlob
import numpy as np

# For consusion matrix and metrics
from sklearn.metrics import confusion_matrix

from sklearn.metrics import accuracy_score

froem sklearn.metrics impert classification_report

#For statistics
impert statistics
import math

from math import sqrt

from numpy import mean

from scipy.stats import t

# For Visualisation
from matplotlib import pyplot as plt

import seaborn as sns

# For T-test using spicy

from
from
from
from

numpy .random import seed
numpy .random import randn
scipy.stats import ttest_rel
scipy.stats import ttest_ind

Figure 144 Load library

df = pd.read_csv('tweet dataframe_process.csv')
df.head()
id lang timestamp origin author rt fav text sentiment Tokenized_Tweet lemmatized_text
ltaly
2020-02 b'ltaly reports [ltaly', reports’, [ltaly', report’,
0 1231005111071100928  en 21T23:57-44 0;302 WJ0001f1eeWUI0001F13 2985110557 2 1 firstlocally  0.083333 first, "locally’, first', 'locally’,
e reports first | transmitted ‘tran ‘frans
€.
quarantine
. . Hubu . L , .
2020-02- b’ )_?Culronawus Village . I ql{alra_nun g [ guaran tine’,
1 1231005062165458945  en quarantine in a Hubu  1202960464549838848 1 2 0.000000 Hubu', 'Village', Hubu', "Village',
21T23:57:32.000Z vill 5 Shuangpu 'Sh ; 'Sh ;
illage Town Xihu uangpu uangpu’,
D
b'ltaly. | love this T Chored (D Thorred
2020-02- ltaly love [laly’, 'love’, [haly’, ‘love’,
2 1231004398811275264  en 5iraa.04'cy 000z country.  1221955502340558848 0 3 country 0.500000 “country] “country]
#coronavirusital..
dispersion
. loballyn - - [dispersion’,
b'@dJoannaB36454141 g ! ['dispersion’, B .
3 1230866203947798530  en 21T23'53'220423;}0[]2Z- @nicolamlow 1093695059176000512 0 2 A"‘l“‘VS'BI 0400000 "globallyn’ %,'\”bf”\f“.‘
@alexvespi @Ada... rave ‘Analysis’, 'trave... naysis,
Wuhan trave..
av.
2020-02- b'@WHO WWnThis is a
4 1231003954806501376  en 21T23:53.08.0002 #pandemic  723319704710844417 0 0 This  0.000000 [This] [This’]

Win#CoronavirusQ

Figure 145 Load Data

59



sentiment2_class = []

for index, score in df.iterrows():
score = score[ 'sentiment2’]
if score > 6.3:
score_class =
elif score < -8.3:
score_class =
else:
score_class = @
sentiment2 class.append(score class)

1 # positive

-1 # negative

df[ 'sentiment2_class'] = sentiment2_class #create new colume in df with output
sentimentl_class = []

for index, score in df.iterrows():

score = score['sentiment’]
if score > 6.3:

score_class = 1 # positive
elif score <-8.3:

score_class = -1 # negative
else:

score_class = @ # neutral
sentimentl_class.append(score_class)

df['sentimentl class'] = sentimentl class # print values and odd the colume in df

Figure 146 Create Sentiment classification

print('Confusion Matrix : ')

print{confusion_matrix(sentimentl_class, sentiment2_class))

print{'Accuracy Score : ', accuracy_score(sentimentl_class, sentiment2 class))
print(‘'Classification Report : ')

print{classification_report(sentimentl class, sentiment2 class))

Confusion Matrix
[[ 55534 8794 186]
[ 13785 126369  23667]
[ 321 35187 227484]]
Accuracy Score @ 8.9497793558648493
Classification Report

precision recall f1l-score support

-1 a.8@e .86 .83 64434

a a.97 .97 @.97 13811438

1 2.91 .87 9.88 262832

accuracy 2.95 1628414
macro avg 9.89 9.98 a.89 1628414
welghted avg 8.95 8.95 2.95 1628414

Figure 147 Build Confusion matrix
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In [6]: #Count of the occurances of each of the unique values in the columns stated
print{'Count in Sentiment2 class (computed after pre-processing text)')
print{df['sentiment2_class'].value_counts())
print('Counts in Sentimentl class (computed on raw text)')
print{df[ sentimentl class'].value_counts())

Count in Sentiment2 class (computed after pre-processing text)

@ 1387587
1 251177
-1 69640

Name: sentiment2_class, dtype: inté4d
Counts in Sentimentl class (computed on raw text)

@ 13811438
1 262832
-1 64434

Name: sentimentl_class, dtype: intéd

Figure 148 Count for the occurance of each category

| compared the difference before and after pre-processing as Figure 149 to Figure 152
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In [B8]: x1 = df.loc[df.sentimentl_class==1, 'sentiment']
x2 = df.loc[df.sentimentl_class==8, 'sentiment’]
x3 = df.loc[df.sentimentl_class==-1, ‘'sentiment’]

kwargs = dict(alpha=@.5, bins=5, density=True, stacked=True)

plt.hist(x1l, **kwargs, color='g', label='Positive')
plt.hist(x2, **kwargs, color="y ', label='lleutral’)

plt.hist(x3, **kwargs, color='r', label='Negative')

#Normalized Frequency sentimentl

plt.gca().set(title="Tweet Frequency Histogram of Sentimentl Score®, ylabel='Tuweet Frequecy')
plt.xlim(-1,1)

plt.legend()

Out[8]: <matplotlib.legend.legend at @xle613324070>

In [9]:

Out[9]:

Tweet Frequency Histogram of Sentimentl Score

s Positive
4 Neutral

mm Negative
3

Tweet Frequecy
-

—01.00 -0.75 -0.50 -0.25 000 025 0.50 075 100
Figure 149 Display the distribution before pre-processing

¥1 = df.loc[df.sentiment2_class==1, ‘'sentiment2’]
x2 = df.loc[df.sentiment2_class==8, 'sentiment2’]
x3 = df.loc[df.sentiment2_class==-1, 'sentiment2']

kwargs = dict(alpha=8.5, bins=5, density=True, stacked=True)
plt.hist(x1l, **kwargs, color='g', label='Positive’)
plt.hist(x2, **kwargs, color="y', label='Neutral')

plt.hist(x3, **kwargs, color='r’, label='lNegative”)

#Normalized Frequency sentiment2

plt.gca().set(title="Tweet Frequency Histogram of Sentiment2 Score’, ylabel='Tuweet Frequecy')
plt.xlim(-1,1)

plt.legend()

<matplotlib.legend.Legend at ©@xlebl332al8e>

Tweet Frequency Histogram of Sentiment2 Score

BN Positive
Neutral
4 - Negative
o
E 3
T2
=
1 4

0
-100 -075 -050 -025 000 025 050 075 100

Figure 150 Display the distribution after pre-processing
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In [11]: # sentimentl score plotted per class
sns.catplot(x="sentimentl class", y="sentiment”,data=df, jitter='8.4")
plt.title('Sentimentl scores per Class')

Out[11]: Text(@.5, 1.8, 'Sentimentl scores per Class')

Sentimentl scores per Class

100 1
075 4
050

0.25 A

sentiment
=)
[=]
(=]

sentimentl_class

Figure 151 Display the sentiment before pre-processing
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In [12]: |# sentiment2 score plaotted per class
sns.catplot{x="sentiment2_class", y="sentiment2",data=df, jitter='8.4")
plt.title( Sentiment2 scores per Class')

Out[12]: Text(®8.5, 1.8,

100

0.75 4

0.50

0.25

sentiment2
(=]
[=]
=

"Sentiment2 scores per (Class')

Sentiment2 scores per Class

—_—y

T T

-1 0

sentiment2_class

Figure 152 Display the sentiment after pre-processing

I generated the paired T- test to compare the difference in sentiment as Figure 153 and Figure

154
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In [13]: |# Paied t-test with spicy Library
# Generate 2 independent samples
datal = df[’'sentiment’].values.tolist()
data2 = df[’'sentiment2’'].values.tolist()

stat, p = ttest_rel(datal, data2)
print( Statistics=%.3+, p=X.3f" ¥ (stat,p))

Statistics=98.349, p=0.003d

Figure 153 Generate Paired t-test result

In [14]: # Welch's non parameteric t-test
data_tweets = df['sentiment?’].values.tolist()

print({'Variance sentiment2 : ', round(statistics.stdev(data_tweets), 3))

Variance sentiment? : @.245

Figure 154 Generate non parametric t-test result

In [15]: df.to_csv({r 'C:\Users\weihe‘\DocumentsiTweetData\twitter_sentiment.csv', index = False, header = True)
Figure 155 Store the dataset with new sentiment field added

5.2.2 Reddit Data
| have processed the Reddit Data with the same approach as Figure 156 to Figure 1609.
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In [1]:

#S5entiment Analysis
import os

import pandas as pd
from textblob import TextBlob
import numpy as np

# For consusion matrix and metrics

from
from
from

#For

statistics

import statistics
import math
from math import sqrt
from numpy import mean
from scipy.stats import t

# For Visualisation
from matpletlib impert pyplot as plt
import seaborn as sns

# For T-test using spicy

from
from
from
from

numpy . random import seed
numpy . random import randn
scipy.stats import ttest_rel
scipy.stats import ttest_ind

Figure 156 Load library

sklearn.metrics import confusion_matrix
sklearn.metrics import accuracy_score
sklearn.metrics import classification_report

In [2]: df = pd.read_csv( export_reddit_dataset.csv’)
df.head()
Out[2]:
id origin  Score timestamp comments text sentiment Tokenized_Reddit lemmatized_text
Found something in "The 2020-02-12 found something lancet [found’, 'something’.  [find', 'something’, lancet’,
0 i2kpfb Lancet" regarding cyto 1 03:28:58 0 regarding cytokine stor. 0.000000 ‘lancet’, 'regarding’, ‘regard’, ‘cyt
Any info on how COVID-19 2020-02-12 info covid affect pet [info’, "covid', "affect’, 'pet’.  [info’, 'covid', 'affect, 'pet’,
U i affect pets/domestic . U 05:13:07 g domestic animal (i ‘domestic’,... ‘domestic’,...
Johns Hopkins Bloomberg 2020-02-12 john hopkins bloomberg [john’, "hopkins', [john’, "hopkins’,
ZptZnsib school of public healt L 10:16:11 w school public health co DT 'bloomberg’, 'school’, 'pu “‘bloomberg’, 'school’, 'pu
. harge victory smash , - - , . . - .
Charge for Victory!l! Smash 2020-02-12 charge v . ['charge', victary’, 'smash’,  [charge’, 'victory', 'smash’,
3 f2ghda down the COVID vir. 1 12:28:14 0 covid virus W'psiﬁfd -0.700000 “covid', 'virus... ‘covid', "virus...
4 Ti005  Number O row COVID1S g2t 12517 5 numbernen couid tass 00gg0ss  [China' report, smallest,  [ching’, report, smalf,
14:04:57 s ‘number’, 'new... ‘number’, 'new’, ...
Figure 157 Load data
In [3]: df[['sentiment2’, 'subjective’']] = df['lemmatized_text'].apply(lambda lemmatized_text: pd.Series(TextBlob(lemmatized text).sentin

Figure 158 Create Sentiment?2 field
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In [4]:

In [5]:

In [6]:

sentiment2_class = []

for index, score in df.iterrows():
score = score[ 'sentiment2’]
if score > 0.3:
score_class =
elif score < -08.3:
score_class =
else:
score_class = @
sentiment2_class.append(score_class)

1 # positive

-1 # negative

df[sentiment2_class'] = sentiment2_class #create new colume in df with output
sentimentl_class = []

for index, score in df.iterrows():

score = score[ 'sentiment’]
if score > 0.3:

score_class = 1 # positive
elif score <-8.3:

score_class = =1 # negative
else:

score_class = @ # neutral
sentimentl_class.append(score_class)

df[ sentimentl_class'] = sentimentl_class # print values and add the colume in df

Figure 159 Create Sentiment class

print( ' Confusion Matrix : ')

print(confusion_matrix(sentimentl _class, sentiment2_class))

print("Accuracy Score : ', accuracy_score(sentimentl_class, sentiment2_class))
print('Classification Report : ')

print(classification_report(sentimentl_class, sentiment2_class))

Confusion Matrix :
[[ 265 42 a]
[ 98 9173 59]
[ 3 285 8ed]]
Accuracy Score : 0.9625@35241048774
Classification Report

precision recall fl-score support

-1 3.74 9.86 0.8@ 3e7

@ 9.97 9.98 9.98 9322

1 9.93 9.79 @.86 1e12

accuracy @.96 1e641
macro avg 9.88 9.88 @.388 1@641
weighted avg 9.96 9.96 9.9%6 1e64l

Figure 160 Print Confusion Matrix

#Count of the occurances of each of the uniqgue values in the columns stated
print{'Count in Sentiment2 class (computed after pre-processing text)')
print{df[ ' sentiment2_class’'].value counts())

print{ ' Counts in Sentimentl class (computed on raw text)’)

print{df[ ' sentimentl_class’'].value_counts())

Count in Sentiment2 class (computed after pre-processing text)

@ 9420
1 863
-1 358

Name: sentiment2_class, dtype: intB64
Counts in Sentimentl class (computed on raw text)

2] 9322
1 1012
-1 3e7

Name: sentimentl_class, dtype: int&4

Figure 161 Output occurance of each value
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In [7]: df.head()

Out[7]:
id origin  Score timestamp comments text sentiment Tokenized_Reddit lemmatized_text sentiment2 subjective sentiment2_class sent
found
Found q . .
somathing n 2020-02- oy Mo N
0 f2kpf6  "The Lancet’ 1 12 0 '*’g?e‘ 0.000000 S"“’,f'h'"gu 1 5‘?“?‘““":3.‘ 0.000000  0.000000 0
regarding 03:28:58 regarcing g .a"c.m‘ dncets regard,
eyio cytokine regarding’. .. cyt..
the stor..
Any info on . )
how COVID- 2020-02- ‘;';“e;m"e‘i [infa’, "covid [info’, "covid’,
1 f2mZev 19 affect 1 12 5 dome;ic 0.000000 ‘affect’, ‘pet’ ‘affect, ‘pet, 0.000000  0.700000 0
petsidomestic 05:13:07 . "domestic’,.. ‘domestic’,
animal
john
Johns hopkins.
Hopkins 2020-02- bloomberg [john', 'hopkins',  [john', hopkins',
2 f2p51b Bloomberg 1 12 0 school  0.000000 'bloomberg’, ‘bloomberg’, 0.000000  0.066667 0
school of 10:16:11 public ‘school, 'pu.. "schoal’, 'pu...
Figure 162 Display the data
In [8]: x1 = df.loc[df.sentimentl class==1, 'sentiment’]

®2
®3

df.loc[df.sentimentl_class==8, 'sentiment’]
df.loc[df.sentimentl_class==-1, "sentiment’]

kwargs = dict(alpha=@.5, bins=5, density=True, stacked=True)

plt.hist(x1l, **kwargs, color="g', label='Positive')
plt.hist(x2, **kwargs, color="y', label='Neutral')
plt.hist(x3, **kwargs, color="r", label='Negative')

#Normalized Frequency sentimentl

plt.gca().set(title="'Tweet Frequency Histogram of Sentimentl Score’, ylabel='Tweet Fr
plt.xlim(-1,1)

plt.legend()

Out[8]: <matplotlib.legend.legend at ©x25b5dd3c850>
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Figure 163 Display plot for sentiment before pre-processing
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In [9]: x1 = df.loc[df.sentiment2_class==1, 'sentiment2’]
x2 = df.loc[df.sentiment2_class==@8, 'sentiment2’]
x3 = df.loc[df.sentiment2_class==-1, 'sentiment2']

kwargs = dict(alpha=8.5, bins=5, density=True, stacked=True)

plt.hist(x1, **kwargs, color='g', label='Positive')
plt.hist(x2, **kwargs, color='y', label='Neutral')
plt.hist(x3, **kwargs, color='r', label='Negative')

#Normalized Freguency sentiment2

plt.gca().set(title="Tweet Frequency Histogram of Sentiment2 Score’, ylabel='Tweet Frequecy')
plt.xlim(-1,1)

plt.legend()

Out[9]: <matplotlib.legend.legend at 8x25b5dd4fca@>
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Figure 164 Display plot for sentiment after pre-processing
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In [1@]:

# sentimentl score plotted per class
sns.catplot(x="sentimentl_class", y="sentiment"”,data=df, jitter='8.4")

plt.title( 'Sentimentl scores per Class')

Qut[1@]:

100

0.75 4

0.50 1

0.25 4

sentiment

=0.75

Figure 165 Display sentiment score before preprocessing

In [11]:

Text(®.5, 1.0,

0.00 A

=0.50 1

"Sentimentl scores per (Class')

Sentimentl scores per Class

-n..-.-ﬁn
. mmmn
- -ee -—

T

0
sentimentl_class

# sentiment2 score plotted per class
sns.catplot(x="sentiment2_class”, y="sentiment2",data=df, jitter='0.4")

plt.title('Sentiment2 scores per (Class')

Out[11]:
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Figure 166 Display sentiment score after preprocessing
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In [12]: |# Paied t-test with spicy Library

# Generate 2 independent samples
datal = df[ sentiment’].values.tolist()
data2 = df['sentiment2’'].values.tolist()

stat, p = ttest rel{datal, data2)
print{ 'Statistics=%.3f, p=%.3f" % (stat,p))

Statistics=18.599, p=0.009
Figure 167 Output t-test statistics

In [13]: # Welch's non parameteric t-test
data_tweets = df[ "sentiment2’'].values.tolist()

print(‘Variance sentiment2 : °, round(statistics.stdev(data_tweets), 3))
Variance sentiment2 : 9.283
Figure 168 Output Welch' non parametric t-test result
In [15]: df.to_csw{r’'C:\Usersi\weihe\Documents\RedditData\reddit_sentiment.csv’, index = False, header = True)

Figure 169 Store processed data

5.3 Analysis on Stock market impact by Covid-19

In this section, | processed all the market date with sentiment data and store them into 1 CSV
file then applied the SPSS to run the regression model.

5.3.1 Process of the data from stock market with sentiment collect from Twitter and
Reddit

| loaded the library and data, before transformation is done as Figure 172

In [1]: 4impert pandas as pd
import numpy as np

Figure 170 Load library
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In [2]:

twitter =

twitter.head()

—_—

1231005062165458945

1231004398811275264

1230866203947795530

1231003954806501376

#twitter[ 'Date "]

twitter[ 'my_timestamp’] =

twitter['Date’] =
twitter[ 'Time'] =

twitter['Date’] =

# process twitter data
pd.read_csv{“twitter_sentiment.

en

en

en

en

Zvizonr s puUL
2020-02-
21T23:57:32.0002
2020-02-
21T23:54:54.0002

2020-02-
21T23:53:24.0002

2020-02-
21T23:53:08.000Z

csv™)

reports first ...

b#Coronavirus
quarantine in a Hubu
Village, S...

b'ltaly. | love this
country.

#coronavirusital

b'@JoannaB36464141
@nicolamlow
@alexvespi @Ada...

b'@WHO WnThis is a
#pandemic
\in#CoronavirusQ

1202960464549838842

1221955502340558648

1093695069176000512

723319704710844417

Figure 171 Load data

from datetime import datetime, timedelta

transmitted
C

quarantine
Hubu
Village
Shuangpu
Town Xihu
D..

Italy love

country

dispersion
globallyn
Analysis
travel
Wuhan
av...

This

0.000000

0.500000

0.400000

0.000000

‘tran....

['quarantine’,
Hubu', 'Village',
'Shuangpu’, ...

[ltaly', 'love',
"country]

[dispersion’,
‘globallyn’,
‘Analysis’, 'trave...

[This]

‘trans. a

['quarantine

"Hubu’, 'Village

'Shuangpu’, .

[ltaly’ ‘love
‘country

[dispersior
‘globallyr
“Analysis
‘trave.

[This

3

datetime.datetime.strptime(twitter[ 'timestamp '], "XY-Sm-XdTEH: %M: %5 . %fZ")

pd.to_datetime(twitter[ 'Date’'], format='%Y-%m-%d")

Figure 172 Transform the Twitter Date

pd.to_datetime(twitter[ timestamp’], format='XY-%m-ZdTH%H:%M: %S . %Ff7")
[d.date() for d in twitter['my_timestamp']]
[d.time() for d in twitter[ 'my_timestamp']]

| created the average, variance and count for twitter and reddit data as Figure 173 to Figure

179
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In [5]: twitter_grouped = twitter.groupby( Date’).agg(

{
¥

"sentiment2”: ['mean’, ‘var’, ‘count’]

In [6]: twitter_grouped.columns = twitter grouped.columns.droplevel{level=8)

In [7]: twitter_grouped.head()

Qut[7
mean var count
Date
2020-02-04 0.000000 MaM 1
2020-02-05 0136364 MaM 1
20200211 0.052372 0.047294 295
20200212 0042379 0.046027 502
20200213 0046617 0.041157 536
Figure 173 Group the daily statistics for twitter
In [9]: twitter_grouped.dropna(subset = ["var"], inplace=True)
In [18]: twitter_grouped.head()
Out[1le]:

mean var count

Date

2020-02-11 0.052372 0.047294 295
2020-0212 0042375 0.046027 502
20200213 0.046617 0.041157 586
20200214 0.053361 0.051551 648
20200215 00338073 0.037860 536

Figure 174 Remove the null value from twitter
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In [11]: # process reddit data
reddit = pd.read _csv("reddit_sentiment.csv")
reddit[[ 'date’', "time']] = reddit.timestamp.str.split(" ",expand=True,)
reddit[ 'Date’'] = pd.to_datetime(reddit[ "date’'], format="%Y-%m-%d")

In [12]: reddit[['id", 'Date']].head()

Qut[12]:
id Date

=

f2kpfe  2020-02-12
1 2m2cv  2020-02-12
f2p51b  2020-02-12
f2ghda 2020-02-12

= W M

f2roo5 2020-02-12
Figure 175 Load Reddit data and transform the data field

In [14]: reddit _grouped = reddit.groupby( 'Date’).agg(
1

}

"sentiment2": ['mean’', "wvar', 'count’']

Figure 176 Aggregate the reddit records daily

In [15]: reddit_grouped.columns = reddit_grouped.columns.droplevel{level=8)
reddit_grouped.head()

OQut[15]:
mean var count
Date
2020-01-22 0002000 MaM 1
2020-01-23 0002841 0.011396 4
2020-01-24 0100000 0.050000 5

2020-01-25 0.087160 0.041856 17
2020-01-26 0.062637 0.032373 26

Figure 177 Group the reddit records daily
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In [15]:

reddit_grouped.columns = reddit_grouped.columns.droplevel(level=0)
reddit grouped.head()

OQut[15]:
mean var count
Date
2020-01-22 0.000000 MNaM 1
2020-01-23 0002841 0011396 4
202001-24 0100000 0.050000 5
202001-25 0067160 0.041656 17
202001-26 0062637 0.032373 26
Figure 178 Drop the level for the reddit group
In [17]: reddit_grouped.dropna(subset = ["var"], inplace=True)

Figure 179 Drop the row with null entries

| loaded the stock market data for SP500, VIX and FSI, then merged them together as Figure
180 to Figure 186

In [19]:

In [22]:

#load the S&P data
#load VIX data
#load FSI data

sp = pd.read_csv("Download INDEX _US_SP_US _SPX.csv",thousands="," )
vix pd.read_csv(“Download INDEX_US_CBSX VIX.csv")
fsi = pd.read_csv("Download_fsi.csv")

Figure 180 Load the SP500 VIX and FSI stock market dataset

# Add the Date field with correct data format

sp[ 'Date’] = pd.to _datetime(sp[’'Date’'], format="%m/%d/%Y"')
vix['Date’'] = pd.to_datetime(vix['Date'], format="%m/%d/%Y"')
fsi['Date’] = pd.to_datetime(fsi[ 'Date’'], format="%d/%m/%Y"')

Figure 181 Update the Date field with valid format
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In [25]: # Convert the field to float type
sp[ 'Close’] = sp['Close’].astype(float)

Figure 182 Update the Close fields to float type

In [26]: |# merge S&P and VIX data
df = pd.merge(sp[[ 'Date’, Close’']],vix[[ 'Date’, Close’]],on="Date’, how='outer')

Figure 183 Merge SP with VIX based on Date

In [29]: # Merge in the OFR data
mergel = pd.merge(df[[ Date’, Close_x", 'Close_y']],fsi[[ 'Date’, 'OFR FSI']],on='Date’, how='outer')

Figure 184 Merge with the FSI data

In [32]: # update the colume name with meaningful name
mergel=mergel.rename(columns={
"Close_x": "sp_index", "Close_y": "wix_index", "OFR F5I": "fsi"

1))

Figure 185 Rename the column

In [33]: mergel.head()

Out[33]:
Date sp_index vix_index fsi
0 2020-08-22 311786 N7 -0.077
1 2020-06-19  3097.74 3512 -0.005
2 2020-06-18  3115.34 3294 0110
3 2020-06-17 311349 3347 0.040
4 2020-06-16 312474 3367 0123

Figure 186 Show the data
I merged in the Reddit and Twitter data to the stock market data onto the same dataframe.
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In [34]: |# merge with Reddit data
merge2 = pd.merge(mergel,reddit_grouped,on='Date’', how='outer')

In [35]: |# update naming
merge2.rename(columns={
“mean”: "reddit_mean”, "var": “"reddit_wvar", “"count”: "reddit_count”

)
merge2.head()
print('Before:', merge2.columns)
merge2.columns = ['Date’, 'sp_index', 'vix_index', "fsi’, 'reddit_mean', 'reddit_var’, 'reddit_count’]
print('After:', merge2.columns)

Before: Index(['Date’, 'sp_index', 'vix_index', 'fsi', 'mean', 'var', 'count'], dtype='object')
After: Index(['Date', 'sp_index', 'vix_index', 'fsi', 'reddit_mean’', 'reddit_var’,
"reddit_count’],
dtype="object")

Figure 187 Merge with Reddit data

In [38]: # Merge in twitter data
merge3 = pd.merge(merge2,twitter_grouped,on='Date’, how='outer')

In [4@]: # Rename colume
print('Before:', merge3.columns)
merge3.columns = ['Date’, 'sp_index', 'vix_index', 'fsi', 'reddit_mean', 'reddit_wvar', 'reddit_count', 'twitter_mean', '
print('After: ", merge3.columns)

Before: Index(['Date’, "sp_index’, ‘wix_index', 'fsi’, 'reddit_mean’, 'reddit_var’,
'reddit_count’, 'mean’, 'var', ‘count'],
dtype="object’)
After: Index(['Date’, 'sp_index’, 'vix_index', 'fsi', ‘reddit_mean’, 'reddit_var’,
‘reddit_count’, 'twitter_mean’, 'twitter_war', 'twitter_count’],
dtype="object")

Figure 188 Merge in the Twitter data

In [42]: merge3 = merge3.dropna()

In [43]: # Output the csv file for further processing
merge3d.to_csv(r’'pca_dataset.csv’, index = False, header = True)

In [44]: merge3.head()

Out[44]
webael Date sp_index vix_index fsi reddit_mean reddit_var reddit_count twitter_mean twitter_var twitter_count
1 2020-06-19  3097.74 3512 -0.005 0.055193  0.023722 3.0 0.073997  0.058878 3940.0
2 2020-06-18 311534 3284 0110 0.042210  0.039556 34.0 0.082638  0.08222% 9522.0
3 2020-06-17 311349 3347 0.040 0.043471  0.070616 35.0 0.075629  0.056596 9879.0
4 2020-06-16 3124.74 3367 0123 0.050189  0.036591 50.0 0.071805  0.057449 10064.0
5 2020-06-15  3066.59 3440 0.700 0.142083  0.074444 370 0.075545  0.052938 3846.0

Figure 189 Drop the row with null values and output to CSV file

5.3.2 Analyze the stock market data with Covid-19 impact

| used the SPSS to load up the CSV file as Figure 190 to Figure 192
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@ Untitled? [DataSet1] - IBM SP:
FEile  Edit Data Utilities Window

Statistics Data Editor

View Transform  Analyze Graphs Extensions

Help

14 D

%l.‘- e~ BLFE HE

‘V\slh\s: 0 of 0 Variable:

| var | wvar | wvar [ var [ var | wvar | wvar [ wvar [ var [ var [ var [ var [ wvar | wvar | var | w
1 3
2
3 =] Open Data x|
2 Lookin: [ PCA o BB I
B .ipynb_checkpoints @' merge_dataset.csv B’ pca_test.c| |
7 backup @' merge_test.csv B reddit_sen| |
3 & Download_fsi.csv @' merge_test1.csv 8] twitter_ser]
& Download_INDEX_US_CBSX_VIX.csv @' merge_test2.csv 5
9 &) Download_INDEX_US_SP_US_SPX.csvi3| pca_dataset.csv| s
10
11 7 M |
12 File name: |pca_dataset,csv | W ]
13
14 Files of type: |CSV (*.csv) - | E i
= S _ cancel |
Encoding: [Unicode (UTF-6) -J I
= TR
17 |
18
19
20 [ T [ T [ [ T [
21
22
23
24 |
Fa T 1
Figure 190 Load the CSV file
3 “Untitled3 [DataSet2] - IBM SPSS Statistics Data Editor - m] X
File Edit View Data Transform Analyze Graphs Utilies Extensions Window Help
3, (4]
HE W e~ BhLAl A B 40
I |Visible: 10 of 10 Variables
¢4 Date H& spﬁindeﬁ @ vix_inde| & fsi ‘| & reddit_mean ” & reddit_var H reddit_c & twitter_mean ” & twitter_var H twitter_c
X ount ount
1 2020-08-19 3007.74 35.12) -.005 055193059628543490 .023721752980069517 310 073997061622373230 058877670182759335 8940.0
2 2020-06-18 311534 32.94 2110 042210338680926920 1039555592937149820 340 082636244871001810 062228707579443134 95220
3 2020-06-17 3113.49 33.47 040 .049470727685013390 .070616201120463050 350 .075628688757032780 .056596366926639760 9879.0
4 2020-08-16 312474 3367 123 050188744588744590 .036591107733845200 50.0 071804883019280330 057448591809038135 10064.0
5 2020-06-15 3066.59 34.40 700 142082992082992100 074443609127952550 370 075544555048679190 052936128825198600 8646.0
6 2020-06-12 3041.31 36.09 671 .048054070112893640 .025593053775479636 34.0 .091465639646200230 .057540934835585930 9628.0
7 2020-06-11 300210 40.79 633 -.020006184291898575 .041133633303774080 350 .084103055189648450 .055761876928720006 9262.0
8 2020-08-10 3190.14 27.57 -.5697 031967635539064110 .011271837345379690 490 083866757539813140 055049057619016820 8058.0
a 2020-06-09 320718 27.57 -728 080598669623059870 1054082761293296050 410 077042715154270570 056514959488401830 10702.0
10 2020-06-08 3232.39 2561 -.960 .004380477246330898 .028716514183934005 41.0 .076677761472523550 .053245907774501920 8912.0
11 2020-08-05 3193.93 2452 -.748 019768270944741520 .024998725874856152 340 084946728455785630 055184056284794310 8956.0
12 2020-06-04 3112.35 2581 -390 015379759129759123 1027804752404969216 39.0 083558531612020860 055321207490943930 9126.0
13 2020-06-03 312287 2566 -148 020416666666666670 024878739316239316 400 084443949069185510 055563565448687130 8025.0
14 2020-06-02 3080.82 26.84. 243 044748 ) 0 409797764840 320 .076574280234250900 .053378180711317220 8513.0
15 2020-06-01 3055.73 2823 614 044130755608028320 .022802018588865540 220 079691345216572650 056563204860525110 9626.0
16 2020-05-29 304431 2751 638 047261904761904760 1015729515098722415 420 077827105977147010 056936378137275990 13577.0
17 2020-05-28 3020.73 28.59 688 .0582769576890594240 .027674798804121780 55.0 .084933069073744860 .060353858127922210 12353.0
18 2020-05-27 3036.13 2762 778 062938165438165440 .019026861141444480 370 082753886748464100 061445456912931726 13276.0
19 2020-05-26 2991.77 28.01 908 -.003281753707285627 1032020059564614270 47.0 078267884795130600 061494672473174200 15090.0
20 2020-05-22 2955.45 28.16 1.486 -.027861157659544764 1054887026162910450 62.0 078634528631928750 059744838301313230 127410
21 2020-05-21 2948.51 20.53 1.400 .035009718172983470 .016280649687607847 49.0 .083947951220801140 .057925895953323610 14161.0
22 2020-05-20 297161 27.99 1.780 064992944147355900 1037190541854653660 680 081411139272091520 058505305548000560 13402.0
23 2020-05-19 292294 30.53 2.158 0591768201770794366 1055276407127611080 81.0 079594506708693850 056737774532556310 121920 &
r] O]

Figure 191 Display the data
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;E\Ie Edit View Data Transform Analyze

Graphs

Utilities

Extensions  Window Help

SEHE R «« BLFE A BE 194

Name
Date
sp_index
vix_index
5i
reddit_mean
reddit_var
reddit_count
twitter_mean
twitter_var

3o e~ o || |[a )=

twitter_count

S| ER (O =

o

| selected the SP500 index as Dependent Variable and other sentiment data as dependent

Type

Siring

Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric
Numeric

10
7
]
6
2
20
5
20
20
T

Width

Decimals

0
2
2
3

18
18
1
18
18
1

Label

Values
None
None
None
None
None
None
None
None
None
None

Missing
None
None
None
None
None
None
None
None
None
None

Columns
10
8
8
8
23
22
8
22
22
8

Figure 192 Display the data fields

= Right
= Right

Measure
&> Nominal
& Scale
& Scale
& Scale
& Scale
& Scale
& Scale
& Scale
& Scale
& Scale

Role
™ Input
N Input
“ Input
™ Input
N Input
“ Input
™ Input
“ Input
“ Input
“ Input

vaiable and perform the linear regression to get the correlation. Coefficient, model summary,
ANOVA for the entire set of sentiment data as Figure 193 to Figure 197

79



i!'ﬁ Linear Regression

&4 Date

& vir_index
& fsi

& reddit_mean
& reddit_var
g@ reddit_count
& twitter_mean
& twitter var
g@ twitter_count

Dependent:
+ ||f sp_index

Statistics_

r Block 1 of 1

Independent(s):

& twitter_mean

- @ twitter_var
& twitter_count

Method:

Selection Variable:

>/ | Rue
Case Labels:

| |
WLS Weight:

2 | |

(LK J[Baste || Reset || cancel || telp |

i35

Options. ..

trap...

Figure 193 Define the Vs for DV as SP500 index

Correlations

sp_index  reddit_mean  reddit_var = reddii_count twitter_mean  twitter_var  twitter_count
Pearson Correlation  sp_index 1.000 -107 -102 -833 - 651 - 583 -.801
reddit_mean =107 1.000 203 029 .079 .030 134
reddit_var -.102 203 1.000 150 -134 -.168 018
reddit_count -.833 029 150 1.000 233 378 571
twitter_mean -.551 079 -134 233 1.000 724 745
twitter_var -.593 030 -168 375 724 1.000 BEB
twitter_count -.801 134 018 A7 745 il 1.000
Sig. (1-tailed) sp_index 1587 168 000 .0oo 000 000
reddit_mean AT 027 394 .228 380 103
reddit_var 168 027 078 103 056 433
reddit_count .0oo 394 a7s . 013 .0oo 000
twitter_mean .0oo 228 103 013 .0oo .00o0
twitter_var .00o /3490 056 000 .0oo 000

twitter_count .0oo 103 433 .0oo .000 .0oo
I sp_index a1 91 91 91 91 a1 91
reddit_rmean a1 g1 g1 91 g1 a1 91
reddit_var a1 91 91 91 91 a1 91
reddit_count a1 g1 g1 91 g1 a1 91
twitter_mean a1 91 91 91 91 a1 91
twitter_var a1 g1 g1 91 g1 a1 91
twitter_count 91 91 91 91 91 9 91

Figure 194 Correlation with all stock data
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Coefficients”

Standardized
Unstandardized Coefficients Coeflicients 95.0% Confidence Interval for B Correlations Collinearity Statistics

Model B Std. Error Beta t Sig Lower Bound  UpperBound  Zero-order Partial Fart Tolerance WIF
1 (Constant) 3744 539 163.259 22937 000 3418894 40608.257

reddit_mean -263.007 378.413 -.029 -.695 489 -10156.523 489.508 -107 -076 -.028 932 1.073

reddit_var -554.980 762.672 -.03 -728 4689 -2071.637 961.676 -102 -.078 -.029 872 1.147

reddit_count -3.186 291 -589  -10.854 000 -3.764 -2.607 -.833 - 767 -.440 557 1.795

twitter_mean -2471.494 1443668 -126 -1.712 091 -5342.387 399.399 -.551 184 -.064 .298 3.359

twitter_var -3896.837 3314175 -074 1176 243 -10487.438 2693.763 -.583 -127 -.047 A1 2,435

twitter_count -0 .003 -7 -4.088 .0og -016 -.005 -.801 -.407 -164 .268 3733

3. Dependent Variable: sp_index
Figure 195 Coefficients with all stock data
Model Summar‘yh
Change Statistics
Adjusted R Stal. Errar of R Square Sig. F Durkin-
Model R R Sguare Square the Estimate Change F Change afn df2 Change Watson
1 930° 865 .BES 101.83597 .BES 89.329 6 a4 .00o0 1.542
a. Predictors: (Constant), twitter_count, reddit_var, reddit_mean, reddit_count, twitter_var, twitter_mean
h. Dependent Variahle: sp_index
Figure 196 Model summary with all stock data
d
ANOVA
Sum of
Model Squares df Mean Square F Sig.
1 Fegression 5558365.260 ] 926394210 85.3249 .0oo®
Residual B71127.404 a4 10370.564
Total 6429492 664 90

a. Dependent Variahle: sp_index

h. Predictors: (Constant), twitter_count, reddit_var, reddit_mean, reddit_count,

twitter_var, twitter_mean

Figure 197 ANOVA with all stock data

The above result showed that the not all the IVs are significant. | selected with SP_index and

control the Redit_count, Twitter_mean, Twitter_var, Twitter _count as independent variable

as Figure 198 to Figure 203

| removed the Reddit_mean and Reddit_var from the independent variable, re-run the model

and it show all remaining 4 1Vs are significant. Adjusted R Square has reduced from 0.904 to
0.902 which still maintained at very high level, which indicates the validity of the model.

The Coefficients shows the significant predictors of the variable of Reddit_count and
Twitter_count are under 0.05 which indicates these 2 variables contribute more to the model

to predict the S&P500 movement. Pearson correlation results support the result from the
linear regression.
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Correlations

sp_index  reddit_count  twitter_mean  twitter_var  twitter_count

Fearson Correlation  sp_index 1.000 -.833 -.551 -.5493 -8
reddit_count -.833 1.000 233 375 AT
twitter_mean -.651 233 1.000 724 745
twitter_var -.A03 ATa 724 1.000 ilili]
twitter_count -.801 AT 745 GEG 1.000

Sig. (1-tailed) sp_index . .aoa .0on .aoa .aoa
reddit_count .aon . 013 .aoa .aoa
twitter_mean 000 M3 . 000 000
twitter_var .aon .aoa .0on . .aoa
twitter_count .aoa .aoa .0on .aoa

[+ sp_index 1 91 91 91 91
reddit_count 81 91 a1 91 91
twitter_mean 1 91 91 91 91
twitter_var a1 91 51 91 91
twitter_count 1 91 91 91 91

Figure 198 Correlation with new set of variables

Model Summarf

Change Statistics

Adjusted R Stal. Error of R Square Sig. F Durhin-
Maodel R R Square Square the Estimate Change F Change Il f2 Change Watson
1 9297 BG62 856 101.40237 862 1341822 4 a6 000 1.6818

a. Predictors: (Constant), twitter_count, reddit_count, twitter_var, twitter_mean

b, Dependent Variable: sp_index

Figure 199 Model summary with new set of variables

Coefficients”

Standardized
UInstandardized Coefficients Coefficients 95.0% Confidence Interval for B Correlations Collinearity Statistics
Model E Std. Error Eeta t Sig. Lower Bound  UpperBound  Zerc-order Partial Fart Tolerance VIF
1 (Constant) 3677.580 148.493 24.766 000 3382.386 3972774
reddit_count -3.202 286 -.592 -11.206 000 -3.770 -2.634 -B33 -770 -.448 572 1.748
twitter_mean -2381.969 1434.347 -121 -1.661 00 -5233.356 469.418 -.551 -A76 -.066 209 3344
twitter_var -3297.938 3242.367 -.062 -1.017 A2 -0743.599 3147.624 -.583 -109 -.041 425 2351
twitter_count -.011 .003 -3 -4.338 .0oo -016 -.006 -.801 -424 -173 275 3638

a. Dependent Variable: sp_index

Figure 200 Coefficients with new set of variables

I ran the linear regression again with the VIX as dependent variable, | got statistics result as
Figure 201 to Figure 205
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i@ Linear Regression

Statistics...

Dependent:
&4 Date | s | & vix_index
& sp_index ~Block 1 of 1
& fsi
& reddit_mean Preyious
& reddit_var Independent(s):

Options...

& reddit_count
& twitter_mean

& reddit_count

1)

& twitter_mean Bootstrap
& twitter_var & twitter var
& twitter_count
Method: |Enter =
Selection Variable:
) | (e
Case Labels:
> |
WLS Weight:
2 |
|0k || Baste || Reset || cancel || Help |
Figure 201 Define the Vs for DV as VIX index
Correlations
vix_index  reddit_mean  reddii_var = reddit_count twitter_mean  twitter_var twitter_count
Pearson Correlation  wvix_index 1.000 056 145 .8e4d 374 454 B33
reddit_mean 056 1.000 203 .024 074 .030 134
reddit_var 148 203 1.000 150 -134 -168 018
recdit_count .Ba4 024 150 1.000 233 375 AT
twitter_mean a7d 074 -134 233 1.000 724 7458
twitter_var 454 .030 - 168 375 724 1.000 666
twitter_count 633 134 018 571 7458 GBA 1.000
Sig. (1-tailed) vix_index 298 080 000 oo .0oo 000
reddit_mean .208 027 .394 228 .390 103
reddit_var 080 027 o7a 103 056 433
reddit_count .000 .394 078 013 .000 000
twitter_mean 000 228 103 013 000 000
twitter_var .00o 390 056 .00o 000 000
twitter_count 000 103 433 000 000 000
[ vix_index 51 91 51 91 51 51 59
reddit_mean a1 91 a1 91 a1 a1 91
recldit_var 51 91 51 91 51 51 59
reddit_count a1 91 a1 91 a1 a1 91
twitter_mean a1 91 a1 91 a1 a1 91
twitter_var 91 91 91 91 91 91 91
twitter_count a1 91 a1 91 a1 a1 91

Figure 202 Correlation with all stock data
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Coefficients”

Unstandardized Coefficients 95.0% Confidence Interval for B Correlations Collinearity Statistics
Model E St Error Beta t Sig. Lower Bound  Upper Bound  Zero-order Partial Part Tolerance VIF
1 (Constant) -1.426 10.937 -130 897 -23176 20323
reddit_mean 2345 26,351 00% 02 827 -48.068 52,757 056 010 .004 932 1.073
reddit_var 49.360 51.093 049 986 .337 -52.243 150.964 144 105 045 872 1.147
reddit_count .248 019 802 12737 .000 209 287 684 812 .598 557 1.795
twitter_mean 143170 96.714 127 1.480 143 -48.156 335.497 374 158 070 .298 3.359
twitter_var 90.815 222023 030 4049 654 -350.701 532.331 454 045 0149 411 2435
twitter_count .000 0oo 059 649 .b818 0oo 0oo 633 071 031 268 3733

a. Dependent Variable: vix_index

Figure 203 Coefficients with all variables

Model Summaryh

Change Statistics

Adjusted R Stol. Error of R Square Sig. F Durbin-
Model R R Square Square the Estimate Change F Change df1 df2 Change Watson
1 a03® 815 801 6.82217 B15 £1.501 B 84 .0oo 1.181

a. Predictors: (Constant), twitter_count, reddit_var, reddit_mean, reddit_count, twitter_var, twitter_mean

b. Dependent Variable: vix_index

Figure 204 Model summary with all variables

ANOVA®
sum of
Model Squares df Mean Square F Sig.
1 Regression 17174411 i 2862.402 G1.501 .0oo®
Residual 39049.532 84 46.542
Total 21083.944 40

a. DependentVariable: vik_index

b. Predictors: (Constant), twitter_count, reddit_var, reddit_mean, reddit_count,
twitter_var, twitter_mean

Figure 205 ANOVA with all variables

| removed the Reddit_mean and reddit_var from the independent variable, re-run the model
and it show all remaining 4 1Vs are significant. The rerun result is shown in Figure 206 to
Figure 209. Adjusted R Square has reduced from 0.904 to 0.902 which still maintained at
very high level, which indicates the validity of the model. The Coefficients shows the
significant predictors of the variable of twitter_count is under 0.05 which indicates this
variable contribute more to the model to predict the VIX movement. Pearson correlation
results also support the result from the linear regression.
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Correlations

vii_index  reddit_count  twitter_mean  twitter_var  twitter_count

FPearson Correlation  wix_index 1.000 .BB4 374 A54 B33
reddit_count 884 1.000 233 a75 A71
twitter_mean 374 233 1.000 24 45
twitter_var 454 i 724 1.000 Rilili
twitter_count B33 AT T45 BEB 1.000

Sig. (1-tailed) vid_index . .0oo .0on .0on .0on
reddit_count .00o0 . 013 .0oo .0oo
twitter_mean 0on 013 . 000 000
twitter_var .00o0 .00o .0oo . .0oo
twitter_count .0on .0oo .0on .0on

[+ Vix_index 91 91 91 91 91
reddit_count 91 a1 91 91 91
twitter_mean 91 91 91 91 91
twitter_var 91 51 91 91 91
twitter_count 91 91 91 91 91

Figure 206 Correlation with subset of 1Vs

Model Summaryh

Change Statistics

Adjusted R Std. Error of F Square Sig. F Durhin-
Model R R Sguare Square the Estimate Change F Change df dr2 Change Watson
1 9017 812 804 6.78318 812 93.058 4 a6 .oon 1477

a. Predictors: (Constant), twitter_count, reddit_count, twitter_var, twitter_mean

b. Dependent Variable: vix_index

Figure 207 Model Summary with subset of 1Vs

Coefficients”

Standardized
Unstandardized Coefficients Coefficients 95 0% Confidence Interval for B Correlations Collinearity Statistics
Model B Std. Error Beta t Sig. Lower Bound  UpperBound  Zero-order  Partial Part Tolerance WIF
1 (Constant) 3041 94933 308 TGO -16.706 22.787
reddit_count 251 018 810 13111 oo 213 289 .Bad 816 612 572 1.748
twitter_mean 136.684 950949 22 1.425 158 -54.056 327.424 374 152 067 .289 3.344
bwitter_var 49107 216.894 018 228 a1 -382.064 480.278 454 .024 on 425 2.351
bwitter_count oo oo 068 ) 438 .0oo .0oo B33 084 038 278 3.638

a. DependentYariable: vix_index

Figure 208 Coefficients with subset of 1Vs

I ran the linear regression again with the FSI as dependent variable, I got statistics result as
Figure 210 to Figure 213
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i@ Linear Regression
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Figure 209 Define the Vs for DV as FSI index

Correlations

fsi reddit_mean  reddit_var = reddit_count twitter_mean  twitter_var  twitter_count
Pearson Correlation  fsi 1.000 126 10 B 607 618 855
reddit_mean 126 1.000 203 029 07a 030 134
reddit_var 10 203 1.000 50 -134 - 168 018
reddit_count 81 029 BRI 1.000 233 375 AT
twitter_mean B0V 0ve -.134 233 1.000 724 745
twitter_var B18 030 -.168 375 724 1.000 GEE
twitter_count 855 134 018 AT 745 666 1.000
Sig. (1-tailad) fsi . AT A0 .oon 0oo .oon .0oo
reddit_mean AT oz7 394 228 3490 103
reddit_var 180 027 .ova 103 056 433
reddit_count 000 394 .o7a . 013 .ooo .0oo
twitter_mean 000 228 103 013 .ooo .0oo
twitter_var 000 390 056 .ooo 000 000

twitter_count 000 103 433 .ooo 000 .ooo
i fsi g1 g1 g1 g1 91 a1 91
reddit_mean 91 91 91 91 91 91 91
reddit_var 91 91 91 91 91 91 91
reddit_count 91 91 91 91 9 a1 91
twitter_mean 91 91 91 91 e 9 91
twitter_var 9 9 91 91 N 9 9
twitter_count 9 9 9 9 N =N 9

Figure 210 Correlation with all stock data
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Coefficients”

Standardized
Unstandardized Coefficients Coeflicients 95.0% Confidence Interval for B Correlations Collinearity Statistics
Maodel E Std. Error Beta t Sig. Lower Bound  UpperBound  Zero-order Fartial Part Tolerance WIF
1 (Constant) -8.729 1.854 -4.709 0oo -12.414 -5.043
reddit_mean 4.433 4.296 035 1.032 305 -4111 12.976 126 12 034 932 1.073
reddit_var 11.018 8.659 045 1.272 207 -6.201 2B.237 110 138 042 a7z 1.147
reddit_count .040 003 532 12128 ooo 033 047 B 798 387 857 1.795
twitter_mean 42310 16.390 155 2.581 012 9.718 74.904 60T .M .084 298 3.350
twitter_var 34925 37627 047 4928 356 -39.900 108.751 618 A0 .030 A1 2.435
twitter_count .ooo .ooo 389 6.309 oo .0oo 000 .B55 56T 206 268 k]
a. DependentVariable: fsi
Figure 211 Coefficient with all stock data
Model Summaryh
Change Statistics
Adjusted R Std. Error of R Square Sig. F Durbin-
Maodel R R Square Sguare the Estimate Change F Change dft df2 Change Watson
1 9547 .g10 04 1186177 910 141.641 & a4 .00o 1.553

a. Predictors: (Constant), twitter_count, reddit_var, reddit_mean, reddit_count, twitter_var, twitter_mean

b. Dependent Variable: fsi

Figure 212 Model Summary with all stock data

ANOVA?
Sum of
Model Squares df Mean Square F Sig.
1 Fegression 1136.032 f 1858.3308 141 641 ooo®
Residual 112.287 84 1.337
Total 1248.319 a0

a. DependentVariahle: fsi

h. Predictors: (Constant), twitter_count, reddit_var, reddit_mean, reddit_count,
twitter_var, twitter_mean

Figure 213 ANOVA with all stock data

Remove the Reddit_mean and Reddit_var from the independent variable, re-run the model

and it show all remaining 4 1Vs are significant. The result of new run is as Figure 214 to

Figure 216. Adjusted R Square has reduced from 0.904 to 0.902 which still maintain
very high level, which indicates the validity of the model. The Coefficients shows th

ed at
e

significant predictors of the variable of Reddit_count, Twitter_mean and Twitter_count were

under 0.05 which indicates these 3 variables contribute more to the model. Pearson
correlation results support the result from the linear regression.
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Correlations

fsi reddit_count  twitter_mean  twitter_var  twitter_count
Pearson Correlation  fsi 1.000 .821 607 618 .855
reddit_count 821 1.000 233 375 A7
twitter_mean BO7 233 1.000 724 745
twitter_var 618 375 724 1.000 .GEB
twitter_caunt 855 A7 745 .GEA 1.000
Sig. (1-tailed) fsi . .0oo 000 .0oo .0oo
reddit_count 000 . 013 .0o0 .0o0
twitter_mean .00o0 013 . .ooo .ooo
twitter_var 000 .0o0 .0oo . .0o0
twitter_count 000 .0oo 000 .0oo
I fsi 51 91 51 91 91
reddit_count 91 91 91 91 91
twitter_mean 91 91 91 91 91
twitter_var 51 91 51 91 91
twitter_count 91 91 91 91 91

Figure 214 Correlations with subset of 1Vs

Model Summarf

Change Statistics

Adjusted R Std. Error of R Square Sig. F Dwrhin-
Model R R Square Square the Estimate Change F Change df f2 Change Watson
1 9528 806 802 1.165231 806 208.345 4 a6 000 1.4449

a. Predictors: (Constant), twitter_count, reddit_count, twitter_var, twitter_mean

b. Dependent Variable: fsi

Figure 215 Model summary with subset of 1Vs

Coefficients®

Standardized

Unstandardized Coefficients Coefficients 95.0% Confidence Interval for B Correlations Collinearity Statistics
Model E Std. Error Eeta t Sig LowerBound  UpperBound  Zerc-order Fartial Part Tolerance VIF
1 (Constant) -7.454 1.706 -4.368 oo -10.846 -4.062
reddit_count 040 .003 A37 12.307 oo .034 .047 B 788 406 572 1.748
twitter_mean 40.588 16.482 148 2.463 016 7.822 73354 607 257 081 298 3344
twitter_var 23.470 37.259 032 630 530 -50.598 §7.537 618 068 021 425 2.351
twitter_count aoo .0oo 417 6.623 aoo .0oo .0oo .BaS 581 218 275 3638

a. Dependent Variable: fsi

Figure 216 Coefficients with subset of Vs
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