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Configuration Manual

Anne Guilcher
x16132068

1 Introduction

This configuration manual is a support document for the following research paper: “Using
artificial intelligence techniques to analyse social media content on COVID-19 children
vaccination programs”. This document gives an overview of the computational
environment used to implement this project as well as highlight key parts of the code and
some of the graphs and outputs generated while researching, developing and comparing
various artificial intelligence techniques to analyse sentiment attached to tweets related

to the vaccination of children against the COVID-19 virus.

2 Specifications

Specifications and requirements to develop and run files developed for this research
project are listed in the following sub-sections.

2.1 Hardware specifications

The hardware specifications of the computer used to implement this research project can

be seen in table 1 and figure 1.

Hardware Configuration
System ASUSTek COMPUTER INC.
Processor Intel® Core™ i7-1065G7 CPU @ 1.30GHz, 1498

Mhz, 4 Cores, 8 Logical Processors

Operating System

Microsoft Windows 10 Home (64 bit)

Installed Physical Memory (RAM)

16 GB

Total Physical Memory 15.7 GB
Available Physical Memory 4.79 GB
Total Virtual Memory 46.7 GB
Available Virtual Memory 30.8GB
Hard Drive 952 GB

Graphic Card

Intel® Iris® Plus Graphics

Table 1 — Hardware Specifications




OS Name

Version

Other OS Description
OS Manufacturer
System Name

System Manufacturer
System Model

System Type

System SKU

Processor

BIOS Version/Date
SMBIOS Version
Embedded Controller Version
BIOS Mode

BaseBoard Manufacturer
BaseBoard Product
BaseBoard Version
Platform Role

Secure Boot State

PCR7 Configuration
Windows Directory
System Directory

Boot Device

Locale

Hardware Abstraction Layer
Username

Time Zone

Installed Physical Memory (RAM)

Total Physical Memory
Available Physical Memory
Total Virtual Memory
Available Virtual Memory
Page File Space

Fig. 1 — Device specifications

Microsoft Windows 10 Home

10.0.19044 Build 19044

Not Available

Microsoft Corporation
LAPTOP-T35D2GUB
ASUSTeK COMPUTER INC.
ZenBook UX393JA_UX393JA
x64-based PC

Intel(R) Core(TM) i7-1065G7

CPU @ 1.30GHz, 1498 Mhz, 4 Core(s), 8 Logical Processor(s)

American Megatrends Inc. UX393JA.304, 28/01/2021

3.2

255.255

UEFI

ASUSTeK COMPUTER INC.
UX393JA

1.0

Mobile

On

Elevation Required to View
CA\WINDOWS
CAWINDOWS\system32
\Device\HarddiskVolume1
United Kingdom

Version = "10.0.19041.1806"
LAPTOP-T35D2GUB\aggui
GMT Summer Time

16.0 GB

15.7 GB

479 GB

46.7 GB

30.8 GB

31.0GB

2.2 Software required

The list of software used while developing the application can be seen in table 2.

Software Details

IDE PyCharm 2020.2.3, Jupyter Notebook 6.0.3,
Google Colab Pro

Language Python 3.8.10

SPSS SPSS 27

Table 2 — Software used

2.3 Creation of an academic research account on Twitter developer portal

This project required the creation of an academic research account on Twitter to scrape
over one million tweets from this social media platform, see figure 2.
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Fig. 2 — Academic Research Account -Twitter
2.4 Python libraries
The list of libraries used in this project can be seen in table 3.
Name Description
Twarc Scrape tweets
numpy
panda Data structure and analysis
Pyplot (matplotlib)
contractions To expand words contractions
spacy NLP library
string
pandas
vaderSentiment Sentiment analysis
stopwords
time
seaborn
nltk Natural language processing
sklearn
torch Deep learning
collections Tokenization
gensim Tokenization
transformers For models such as BERT, DistilBERT
random Seed for reproducibility
yellowbrick Visualisation
pickle Store python objects
xgboost Machine learning
re Regular expressions
imblearn Resampling
glob2




math

mathplotlib Data analysis and numerical plotting

0s

numpy Scientific computing

wordcloud

wordninja Natural language processing

spellchecker

random

plotly

keras

termcolor

gensim Topic and vector space modelling, document
indexing and similarity retrieval

pyLDAvis Interactive topic model visualisation

Table 3 — Libraries

2.5 GitHub repository

The tweets and covid metrics data sets were extensively manipulated to analyse and
predict sentiment attached to the vaccination of children against the COVID-19 virus. The
various csv files can be found in GitHub (Guilcher, 2022).

3 Python Files

3.1 TweetsScraper.py file

This file was used to scrape over a million tweets. Tweets were extracted a month at a
time, from February 2020 to June 2022. Monthly extracts were saved in a JSON format.
Some code extract from this Python file can be seen in figure 3.



etime

json

client = Twarc2(

main():

start_time = datetime.datetime(

datetime.timezone

end_time = datetime.datetime( datetime.timezone.utc)

query =

search_results = client.search_all( =query =start_time =end_time

page search_results:

result = expansions.flatten

tweet result:

(
f.write(json.dump

Fig. 3 - ode extract - TweetsScraper.py

3.2 JsonToCsvTransformer.py file

JSON files were transformed into csv files using this Python file. This file was run for
each of the monthly extract. An extract from this Python file can be seen in figure 4.

data_repo =
jsonFileName =
csvFileName =

pandas pd

df = pd.read_json(data_repo+jsonFileName
(df.head())

twarc_csv CSVConverter

( )

(data_repo+jsonFileName infile:

(data_repo+csvFileName outfile:

converter = CSVConverter(infile, outfile)
converter.process()

Fig. 4 — Code extract - JsonToCsvTransformer.py



3.3 parseCaseData.py file

This Python file was written to manipulate the csv file downloaded from *Our World in
Data’ website (Our World in Data, 2022). Data was filtered as the analysis focused on
worldwide data, not per country. Irrelevant columns were dropped. This resulted in the
creation of a new csv file which was used while carrying out a regression analysis (see
section 3.17). A code extract from this Python file can be seen in figure 5.

pandas pd

data_root =

fileName =
fileNameFilteredData =
fileNameFilteredMergedData =

f_filterlorldData():
df = pd.read_csv(data_root+fileName)

filter = df[

df2 = df[filter]

nan_value = t )]
nan_value
df2.replace( nan_value

df2.replace(
df2.dropna( =
(df2)
df2[ ] = pd.to_datetime(df2[
(af2[ D)
df2 = df2.sort_values(by=
(df2.columns)
(df2.shape)
(df2.info())

df2.to_csv(data_root+fileNameFilteredData)

retrieveWorldData():
pd. r*ead,csv(data,r*oot#iler-lameFiLteretlDataJ

variables = f.readlines()

var_list = [d.split( )[1].split( J[e] variables]
data_repo = var_list[0]

csvCleanedDataset =

df_tweets = pd.read_csv(data_repo+csvCleanedDataset)

(df_tweets.columns)

(df_tweets.shape)

(df_tweets.info())
world_data = retrieveWorldData()
df_tweets[ ] = pd.to_datetime(df_tweets[
df_tweets = df_tweets.merge(world_data =

(df_tweets.columns)
(df_tweets.shape)
(df_tweets.info())

df_tweets = df_tweets.drop([
df_tweets df_tweets.drop([

df_tweets.to_csv(data_root+fileNameFilteredMergedData)

Fig. 5 — Code extract - parseCaseData.py




3.4 filesConcatenator.py file

This Python file was used to concatenate the monthly csv files into a global one for the
period February 2020 to June 2022. An extract from this Python file can be seen in figure
6.

globh2
0s

pandas pd

extension =
all_filenames = [i i glob2.gloh( .format(extension))]

combined_csv = pd.concat([pd.read_csv(f) all_filenames_])

combined_

Fig. 6 — Code extract - filesConcatenator.py
3.5 KidsVaxUtilities.py file

This Python file holds multiple utility functions such as the ones shown in figure 7.
_modelPreparation(df):
text_counts = countVector(df)

le = preprocessing.LabelEncoder()
df[ 1 = le.fit_transform(df[ 1)

x_train, x_test, y_train, y_test = train_test_split(text_counts, df[

(
cnb = ComplementNB()
cnb.fit(x_train, y_train)
( .format(cnb.score(x_train, y_train) *
( .format(cnb.score(x_test, y_test) *
y_pred = cnb.predi x_test)
cf_matrix = confusionMatrix(y_test,y_pred)
(cf_matrix)

plt.show()
( )
(accuracy_score(y_test, y_pred))
( )

plot_confusion_matrix(cnb, x_test, y_test)

plt.show()
(

classes = [



source_df ] ].value_counts().to_frame().reset_index().rename(

})[:15]

display(source_df.head(10))

fig = go.Figure(go.Bar(
=source_df[ 1 =source_df[

=1 : source_df[ ]

=source_df[

))
fig.update_layout(

fig.show()

df[ ] = df[ ].fillna( )
df = df[ ].value_counts().to_frame()

total 1.sum()

df[ * df[

field =

percent_limit =

otherdata = df[df[ ] < percent_Tlimit]
= otherdatal 1.sum()

maindata = df[df[ ] >= percent_limit]

df = maindata
other_label = + (percent_1imit) +
df.loc[other_label] = pd.Series({field: otherdatal ].sum()})




data = pd.read_csv(data_repo+csvCleanedDataset)

(data[ 1.value_counts())
(GERET ].value_counts())

fig = plt.figure( =( ))

datal 1.value_counts().sort_index().plot.bar()
plt.xlabel(

plt.ylabel(

plt.xticks(

plt.yticks(

plt.title(

plt.show()

plt.tight_layout()

df = data.sample(
¢ (df.describe(),2))
(df.info())
( )
(df[ ].value_counts())
(df[ ].value_counts())

fig = plt.figure( =i(C ))

df[ ].value_counts().sort_index().plot.bhar()
plt.xLlabel(

plt.ylabel(

plt.xticks(

plt.yticks(

plt.title(

plt.show()

Fig. 7 — Code extract - KidsVaxUtilities.py

3.6 balancedDatasetCreator.py file

This Python file was written to clean and transform the tweets csv file. This was a crucial
step prior to carrying out the sentiment analysis. Contractions and slang words were
transformed. Mentions, hashtags, retweets, hyperlinks, punctuation, stop words, single
characters, emojis were removed. Words tokens were created from tweets text-content
and added into a new column. The date (created_at column) was transformed as the
analysis focused on the date, not the time the tweet was posted at. Negative, neutral,
positive and compound scores were computed and added into new columns. Polarity and
subjectivity were calculated as well and added into new columns. The dataset was
resampled. Multiple csv files were created with this transformed data to facilitate the
sentiment analysis. Figure 8 is an amalgamation of multiple extracts from this Python
file.
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action

normalization(text):

punct

word

.join([word wor t plit()

.join([w [ text.split()

remove_empty_rows_dataset(df):
df.dropna( =

df.to_csv(data_repo+csvFilelWithoutEmptyRowsName

11



_resample(_df, column):

sentimen
_df = _ gn ( df.sentiment.apply( ) ntiments.ind
f.head
olumn].unique

df [_df[column]

1ape[@] > bi

]

(df[

df_majorit

df_minorit
(df_majori
(df_minc
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vader_scores(

etDF.apply(
DF.apply(
eetDF.a|

.to_dateti

o_dateti

clean_tweet_text(text):

sub ( \w

ean_slang(t

\b
\b
\b
\b

a
T
t
t
t
t
t
t
i
t
t
t
T
t
t
t
t
t
t
t
t
t
t
t
t
i3
T
T
t

re.sub(
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remove_emoji(text):
emoji_pattern = re.compile("[

1 =pe.UNICODE)
emoji_pattern.sub( text)
cleanDataSet(df):

(df)
(df.columns)
(df.shape)

(df.info())

df = df.drop_duplicates(
(df.shape)
df [ ].transform(clean_tweet_text)

(df.head())
].transform(clean_slang)

(df.head())

].transform(remove_emoji)

(df.head())

length = df[ ].apply( X: ( ( split()))

( length)

df[ 1.transform(expand_contraction)

df.to_csv(

df

Fig. 8 — Code extract - balancedDatasetCreator.py

3.7 mergeDataset.py file

This Python file was used to merge data scraped from Twitter with the data extracted
from *Our World in Data’” website (Our World in Data, 2022). Figure 9 is an
amalgamation of multiple extracts from this Python file.

14



data_root =
(
variables = f.readlines()

var_list = [d.split( J[1].split( )[0] ] variables]
data_repo = var_list[0]

fileNameWorldFiltered

tweetsFileName =

fileNameFilteredMergedData =
fileNameFilteredMergedDroppedColsData =
fileNameDroppedFurtherCasesColsData =

csvCleanedTweetsCols =

df_tweets = pd.read_csv(data_repo+tweetsFileName

world_data = pd.read_csv(data_root+fileNameWorldFilteredData)

world_datal ] = pd.to_datetime(world_datal ] =
world_datal 1 = pd.to_datetime(world_datal 1).dt.date
world_data = world_data.sort_values(by= )

df_tweets[ pd.to_datetime(df_tweets| ] ]
df_tweets[ pd.to_datetime(df_tweets[ 1) .dt.date

df_tweets = df_tweets.merge(world_data

df_tweets.to_csv(data_repo+fileNameFilteredMergedData)

(df.columns)
(df.shape)
(df.info())

.drop(

.drop(

.drap(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drop(

.drap(

.drop(

.drop(

.drop(

F.drap(
.drop(

.drop(

15



.drop(
.drop(

.drop(

.drop(
.drop(
.drop(
.drop(
.drop(
.drop(
.drop(
F.drop(
F.drop(
.drop(
.drop(
f.drop(
.drop(
.drop(
df

Fig. 9 — Code extract - mergeDataset.py

3.8 tweetsLocationAnalyser.py file

This Python file was written to analyse locations attached to tweets. Figure 10 is an
extract from this Python file and figure 11 a chart output while running the code. The
results of this analysis were one of the factors which drove the decision to focus this
research on worldwide data.

tweetLocation(df) :

= dfl ].value_counts().to_frame().reset_index().rename(
-t . . 1 .
= b . . I)[ ]

display(location_df.head(10))

location_df

fig = go.Figure(go.Bar(
=location_df[ ] =location_df[
={ : location_df[ ]
1
J
=location_df[

))
fig.update_layout(

fig.show()
df[ 1 = dafl ].fillna(
df = df[ ].value_counts().to_frame()
total = df[ 1.sum()

( total)
df[ = * df[ ] / total
field =
percent_limit =
otherdata = df[df[ ] < percent_limit]

= otherdatal 1.sum()

16



= otherdatal ].sum()
maindata = df[df[ 1 >= percent_limit]
df = maindata
other_label = - (percent_limit) +
df.loc[other_label] = pd.Series({field: otherdatal 1.sum()})
labels = df.index.tolist()
datavals = df[field].tolist()
trace = go.Pie( =labels

layout = go.Layout(

fig = go.Figure( =[trace] =layout)

iplot(fig)

df = pd.read (data_repo+fileName
(df.info
(df.d ibe())
tweetLocation(df)

Fig. 10 — Code extract - tweetsLocationAnalyser.py

Others(<0.5% each)
location unknown
United States

EEEN

Washington, DC
USA

New York, NY
B india

Canada

United Kingdom

O.SGQ%JJ
0.504%

Fig. 11 — Tweets per location

3.9 covidVaccineEDAWIthAIlYears.py file

This Python file was written to run an exploratory data analysis on the tweets dataset.
Figure 12 is an extract from this Python file and figures 13, 14, 15 and 16 are snapshots

17



of outputs displayed while running the code. Sizes of the initial and random extract
dataframes have been highlighted.

count_by_month = df|[ ].groupby(df.created_at.dt.to_period( )) .agq(
ax = count_by_month.plot(

ax.set_xlabel( )
ax.set_ylabel(
ax.set_title(
plt.tight_layout()

plt.show(ﬂ

count_by_hashtag = df[ ].value_counts().sort_index()
ax = count_by_hashtag.plot( )

ax.set_xlabel( )

ax.set_ylabel(

ax.set_title(

plt.tight_layout()

plt.show()

Fig. 12 — Code extract - covidVaccineEDA.py

Tweet Count by Month
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Fig. 13 — Tweets count per month
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in entire Da

Non-Null Count

non-null inté4
non-null inté4

sation_id 5 non-null inté4

author_id 53¢€ non-null inté4
non-null
non-null
non-null
non-null
non-null inté4 |
non-null inté4
non inté4
non-null
non-null je

6 non-null object

object

intéd

- N 0 1 b
Fig. 14 — covidVaccineEDA - size of entire tweets dataframe - output 1

RangeIndex:| 153096 entries, @ to 153095

30
Data columns (total 48 columns):

# Column Non-Null Count Dtype

Unnamed: © 8 non-null inté4
id 3 non-null inté4
conversation_id Z non-null inté4
author_id non-null inté4
created_at 1 non-null object
text non-null object
source ] non-null object
public_metrics.like_count 3096 non-null inté4
public_metrics.quote_count 6 non-null inté4

public_metr reply_count 1 76 non-null inté4

Fig. 15 — covidVaccineEDA.py - size of tweets random extract- output 2
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: author.verified, dtype: inté4

Unnamed: “es sentiment_score author.created_at

1

Unnamed: ©

153091

153094 43641 1542289169¢ 21

Fig. 16 — covidVaccineEDA.py — output 3

3.10 covidKidsVaxModelsAllYears.py file

Multiple classical models have been implemented in this Python file. After resampling
(fig. 17), an analysis of tweets - volume (fig. 18), objectivity/subjectivity (fig. 19 & 20)
and N-gram analysis (fig. 21, 22, 23, 24) over the period was carried out.

Sentiment Distribution in df_basemodel after resampling

50000
40000
€
3 30000
O
pet
[
g
= 20000
10000
0 neutral 514248
g E 2 . R
2 E & negative 514248
g 2 8 -
g qe oy
Sentiment Label positive 514248

Fig. 17 — Sentiment distribution after resampling
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Fig. 18 — Tweets volume
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Fig. 19 — Tweets objectivity/subjectivity output
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Fig. 20 — Tweets objectivity/subjectivity
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Fig. 23 — N-gram analysis -3
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Fig. 24 — N-gram analysis -4

The number of tweets per year in the sample can be seen in fig. 25 and the average
number of words in tweetsin fig. 26.
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Fig. 25 — Number of t

weets per year
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Fig. 26 - Number of words in tweets

Figure 27 is an amalgamation of multiple snapshots of code in this Python file where
tweets from official news outlets are analysed and classical models are implemented
(logistic regression, random forest, extreme gradient boost, K-Neighbours, SVM,
Decision Tree).

df_nytimestweets = df_basemodel[df_basemodell[

(df_nytimestweets[ ].value_counts())
df_cnnbreaktweets = df_basemodel[df_basemodell

( df_cnnbreaktweets[ ].value_counts())
df_cnntweets = df_basemodel[df_basemodell[ == ]

( df_cnntweets| ].value_counts())
df_usnewstweets = df_basemodel[df_basemodell[ 1 ==

( df_usnewstweets|[ 1.value_counts())
df_timetweets = df_basemodel[df_basemodell[ 1 ==

( Ldf_timetweets[ 1.value_counts())
df_breakingnewstweets = df_basemodel[df_basemodel[

( Ldf_breakingnewstweets[ 1.value_counts())
df_bbcbreakingtweets = df_basemodel[df_basemodel[ Il ==

( df_bbcbreakingtweets|[ ].value_counts())
df_whitehousetweets = df_basemodel[df_basemodell[ ] ==

( df_whitehousetweets[ .value_counts())
df_newsweektweets = df_basemodel[df_basemodell ]

( df_newsweektweets[ ].value_counts())
df_huffingtonposttweets = df_hasemodel[df_basemodel[ ==

]
( df_huffingtonposttweets[ .value_counts())

]
]

df_newscientisttweets df_basemodel[df_basemodel[ ==

( df_newscientisttweets[ 1.value_counts())
df_theeconomisttweets = df_basemodel[df_basemodel[ 1 ==

( df_theeconomisttweets[ 1.value_counts())
df_reuterstweets = df_basemodel[df_basemodell[ == ]

( df_reuterstweets[ ].value_counts())
df_washingtonposttweets = df_basemodel[df_basemodell[ 1] ==

( df_washingtonposttweets[ ].value_counts())
df_politicotweets = df_basemodel[df_basemodel[

( df politicotweets
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=
vec = CountVectorizenr( =(n, n)).fit(corpus)
bag_of_words = vec.transform(corpus)
sum_words = bag_of_words.sum( =0)
words_freq [ (word, sum_words]| idx])
word, idx vec.vocabulary_.items()]
words_freq (words_freq = x: x[1]
words_freq[:10]

most[:40]:

X.append(word)

y.append(count)
top_n_bigrams = _get_top_ngram(tweet, n)[:
X, Y = ( (*top_n_bigrams))

sns.barplot(x=y =x)

nltk.stem WordNetLemmatizer
lemmatizer = WordNetLemmatizer()
lemmatized_output = []

listy processed
lemmed = .join([lemmatizer.lemmatize ( listyl)
lemmatized_output.append(lemmed)

Data = { :lemmatized_output ;target}
tweet_lemmantized = pd.DataFrame(Data)
train_tweets = df_basemodel.sample( == )
df_basemodel.drop(train_tweets.index)
(train_tweets.shape)
(test_tweets.shape)

from sklearn.model_selection StratifiedShuffleSplit
sss = StratifiedShuffleSplit( = = =3
s.get_n_splits(tweet_lemmantized.text, tweet_lemmantized.sentiment_score)

train_ind, test_ind s.split(tweet_lemmantized.text, tweet_lemmantized.sentiment_score):
train_ind.shape test_ind.shape}')
sklearn.feature_extraction.text TfidfVectorizer

vectorizer = TfidfVectorizer( = = 50)
X_train = vectorizer.fit_transform(tweet_lemmantized.text[train_ind].reset_index(

y_train = tweet_lemmantized.sentiment_score[train_ind].reset_index( =

X_test = v orizer.transform(tweet_lemmantized. t[test_ind].reset_index

y_test = tweet_lemmantized.sentiment_score[test_ind].reset_index(

model_perf = {}_
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xghboost XGBClassifier

sklearn.ensemble RandomForestClassifier
sklearn. tree DecisionTreeClassifier
sklearn.neighbors KNeighborsClassifier
sklearn.svm SvC

sklearn.linear_model LogisticRegression
sklearn.model_selection GridSearchCV

params = {'C': [ 1}
model = LogisticRegression( =

clf = GridSearchCV(model _=_params
clf.fit(X_train, y_train)

(clf.cv_results_)

(X_train.todense())

ml
1r = LogisticRegression()
model = lr.fit(X_train, y_train)
1r_predict = 1lr.predict(X_test)
lr_predictl = lﬁ‘phedict(x,trainﬂ
1r_conf_matrix = confusion_matrix(y_test, 1lr_predict)
1r_conf_matrixl = confusion_matrix(y_train, lr_predictl)
1r_acc_score = accuracy_score(y_test, lr_predict)
1r_acc_scorel = accuracy_score(y_train, lr_predictl)

( )

(lr_conf_matrix)

(lr_conf_matrix1)

( )

(  lr_acc_scorex

( LJr_acc_scorel* )
(classification_report(y_test,lr_predict))
(classification_report(y_train,lr_predict1))

ml
rf = RandomForestClassifier(
rf.fit(X_train,y_train)
rf_predicted = rf.predict(X_test)
rf_predictedl = rf.predict(X_train)
rf_conf_matrix = confusion_matrix(y_test, rf_predicted)
rf_conf_matrixl = confusion_matrix(y_train, rf_predictedl)
rf_acc_score = accuracy_score(y_test, rf_predicted)
rf_acc_scorel = accuracy_score(y_train, rf_predictedl)
( )
(rf_conf_matrix)
(rf_conf_matrix1)
( )
Lrf_acc_scorex
( rf_acc_scorelx
(classification_report(y_test, rf_predicted))

(classification_report(y_train, rf_predictedl))

m2 =
xgb = XGBClassifier(

xgb.fit(X_train, y_train)

xgb_predicted

sklearn.metrics confusion_matrix, accuracy_score,

.Classification_report




xgb_predictedl = xgb.predict(X_train)
xgb_conf_matrix = confusion_matrix(y_test, xgb_predicted)
xgb_conf_matrixl = confusion_matrix(y_train, xgb_predictedl)
Xxgh_acc_score = accuracy_score(y_test, xgb_predicted)
xgbh_acc_scorel = accuracy_score(y_train, xgb_predictedl)
( )
(xgb_conf_matrix)
(xgb_conf_matrix1)
( )
( Xgb_acc_scorex
( .Xgb_acc_scorelx
(classification_report(y_test,xgb_predicted))
(classification_report(y_train, xgb_predictedl))

m3 =

knn = KNeighborsClassifier(

knn.fit(X_train, y_train)

knn_predicted = knn.predict(X_test)

knn_predictedl = knn.predict(X_train)

knn_conf_matrix = confusion_matrix(y_test, knn_predicted)
knn_conf_matrixl = confusion_matrix(y_train, knn_predictedl)
knn_acc_score = accuracy_score(y_test, knn_predicted)

knn_acc_scorel = accuracy_score(y_train, knn_predicted1)|
( )

(knn_conf_matrix)

(knn_conf_matrix1)

( )

( Lknn_acc_scorex

( Lknn_acc_scorelx
(classification_report(y_test,knn_predicted))
(classification_report(y_train, knn_predictedl))
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m4a =
dt = DecisionTreeClassifier(
dt.fit(X_train, y_train)
dt_predicted = dt.predict(X_test)
dt_predictedl = dt.predict(X_train)
dt_conf_matrix = confusion_matrix(y_test, dt_predicted)
dt_conf_matrixl = confusion_matrix(y_train, dt_predictedl)
dt_acc_score = accuracy_score(y_test, dt_predicted)
dt_acc_scorel = accuracy_score(y_train, dt_predictedl)
( )
(dt_conf_matrix)
(dt_conf_matrix1)
( )
( ,dt_acc_scorex
( Ldt_acc_scorelx
(classification_report(y_test,dt_predicted))
(classification_report(y_train dt_predictedl))

m5 =
sve =__SVC( =
svc.fit(X_train, y_train)
svc_predicted = svc.predict(X_test)
svc_predictedl = svc.predict(X_train)
svc_conf_matrix = confusion_matrix(y_test, svc_predicted)
svc_conf_matrixl = confusion_matrix(y_train, svc_predictedl)
svc_acc_score = accuracy_score(y_test, svc_predicted)
svc_acc_scorel = accuracy_score(y_train, svc_predictedl)
( )
(svc_conf_matrix)
(svc_conf_matrix1)

)

Lsvc_acc_scorex

LSvc_acc_scorels
(classification_report(y_test,svc_predicted))
(classification_report(y_train svc_predicted1))

model_ev = pd.DataFrame({
] : [lr_acc_score*

L Xgb_acc_scorex100,knn_acc_score* Ldt_acc_scorex ,svc_acc_scorex

xgh_acc_scorel*100, knn_acc_scorelx1@0,dt_acc_scorelx LSvc_acc_scorelx
(model_ev)

model_ev.plot.bar()
plt.show()




modelPreparation(df):
tex countVector(df)

le = preprocess .LabelEncoder()

df[ = le.fit_transform(df[

x_train, x_test 38 in % = train_te ts

cnb ComplementNB()
cnb.fit(x_train, y_train)
.format(cnb.score(x_train, y_train) x

.format( > y_test)

pred) )

x_test, y_test)

= RandomForestClassifier(
.fit(x_train, y_train)
( .format(clf.score(x_train, y_train) = ))
( .format(clf.score(x_test, y_test) =* ))
y_pred = clf.predict(x_test)
( )
(accuracy_score(y_test, y_pred))
( )
plot_confusion_matrix(clf, x_test, y_test)
plt.show()
(
classes = [ y
visualizer = ClassificationReport(clf =classes
visvalizer.fit(x_train, y_train)
visualizer.score(x_test, y_test)
visuvalizer.show()

( )

( )

svmclf = svm.SVC()

svmclf.fit(x_train, y_train)
( .format(svmclf.score(x_train, y_train) =* ))
( .format(svmclf.score(x_test, y_test) * ))

y_pred = svmclf.predict(x_test)
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confusionMatrix(y_test, y_pred)
¢ )
(accuracy_score(y_test, y_pred))
¢ )
plot_confusion_matrix(svmclf, x_test, y_test)
plt.show()
t(

classes =

visuvalizer = ClassificationReport(svmclf =classes

visvalizer.fit(x_train, y_train)
visuvalizer.score(x_test, y_test)
visualizer.show()

sklearn.linear_model LogisticRegression
LR_model = LogisticRegression( =
LR_model.fit(x_train, y_train)
y_predict_1r = LR_model.predict(x_test)

¢ )

(accuracy_score(y_test, y_predict_1r))

score = LR_model.score(x_test, y_test)
(score)
cm = metrics.confusion_matrix(y_test, y_predict_1r)
(cm)
plt.figure( ))
sns.heatmap(cm
plt.ylabel( )] |
plt.xlabel( )] |
all_sample_title = .format(score)
plt.title(all_sample_title =
plt.show()

Yi

sklearn.tree DecisionTreeRegressor

sklearn.metrics mean_squared_error
regressor = DecisionTreeRegressor( =0)
regressor.fit(x_train, y_train)
score = regressor.score(x_train, y_train)

( score)

y_pred = regressor.predict(x_test)
mse = mean_squared_error(y_test, y_pred)
mse)
mse **x (1 / ))

(len(y_test))
.plot(x_ax, y_test
.plot(x_ax, y_pred
.title(

.xlabel(
.ylabel(
.legend(
.grid(
.show()

Fig. 27 — Code snapshots — CovidKidsVaxModelsAllYears.py




Outputs from models implemented in this file can be seen in the next screenshots (fig.
28, 29, 30, 31, 32, 33). Figure 34 is an overview and comparison of the models results.

[[7103 3274 2381]
[2378 8705 1675]
[4269 4572 3917]]

[[21494 9547 7233]

[ 7049 26343 4882]

[

13034 13729 11511]]

Accuracy of Logistic Regression: 51.5362909546951

Accuracy of Logistic Regression: 51.68695894514988

precision recall fl-score support

0.52 0.56 0.54 12758
0.53 0.68 0.59 12758
0.49 0.31 0.38 12758

accuracy 0.52 38274
macro avg 0.51 0.52 0.50 38274
weighted avg 0.51 0.52 0.50 38274

precision recall fl-score support

0.52 0.56 0.54 38274
0.53 0.69 0.60 38274
0.49 0.30 0.37 38274

accuracy .52 114822
macro avg 0. 0. 0.50 114822
weighted avg . 0. 0.50 114822

Fig. 28 — Logistic Regression results & Confusion Matrix

1367]
1458]
[ 2914 6951]1]

[[33339 1010]
[ 2363 1241]
[ 2996 30134]1]
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Accuracy of Random Forest Test: 85.47403807632683

precision recall
0.70 0.77
0.69 0.79

0.71 0.54

accuracy

macro avg 0.70 0.70
weighted avg 0.70 .70

precision recall

0.86 0.87
0.79 0.91
0.93 0.79

accuracy
macro avg
weighted avg

Fig. 29 — Random Forest results & Confusion Matrix

fl-score

0.73
0.73
0.62

0.70
0.69
0.69

fl-score

33

0.87
0.85
0.85

0.85
0.85
0.85

support

12758
12758
12758

38274
38274
38274

support

38274
38274
38274

114822
114822
114822




[[8158 2920 1680]
[2233 9052 1473]
[4196 3930 4632]]

[[25872 8475 3927]
[ 6223 28576 3475]
[11137 11067 16070]]

Accuracy of Extreme Gradient Boost Test: 57.067460939541206

Accuracy of Extreme Gradient Boost Train: 61.41505983173956

precision recall fl-score support

0.56 0.64 0.60 12758
0.57 0.71 0.63 12758
0.59 0.36 0.45 12758

accuracy 0.57 38274

macro avg 0.57 0.57 0.56 38274
weighted avg 0.57 0.57 0.56 38274
Accuracy of Extreme Gradient Boost Test: 57.067460939541206

Accuracy of Extreme Gradient Boost Train: 61.41505983173956
precision recall fl-score support
@.56 0.64 0.60 12758
@.57 0.71 0.63 12758
0.59 0.36 0.45 12758
accuracy 0.57 38274

macro avg 0.57 0. 0.56 38274
weighted avg 0.57 0. 0.56 38274

precision support

0.60 0. 38274
0.59 0. 38274
0.68 0. 38274

accuracy . 114822
macro avg . 114822

weighted avg . 114822
Fig. 30 — Extreme Gradient Boost results & Confusion Matrix
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[[8175 2567 2016]
[2403 8737 1618]
[4231 3957 4570]]

[[27290 6337 4647]
[ 6222 28369 3683]

[10860 10560 16854]]
Accuracy of K-NeighborsClassifier Test: 56.12687464074829

Accuracy of K-NeighborsClassifier Train: 63.15253174478759

precision recall fl-score support

0.55 0.64 0.59 12758
0.57 0.68 0.62 12758
0.56 0.36 0.44 12758

accuracy 0.56 38274
macro avg 0.56 0. 0.55 38274
weighted avg 0.56 0. @.55 38274

precision support

0.62 0. 38274
0.63 0. 38274
0.67 : 38274

accuracy 0. 114822
macro avg 0. 114822
weighted avg 0. 114822

Fig. 31 — K-Neighbours results & Confusion Matrix
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[[9945 1681 1132]

[1709 9880 1169]

[3570 3257 5931]]

[[33419 3813 1042]

[ 3596 33685 993]

[ 5414 5516 27344]]

Accuracy of DecisionTreeClassifier Test: 67.29372419919528

Accuracy of DecisionTreeClassifier Train: 82.2560136559196

precision recall fl-score support

0.65 0.78 0.71 12758
0.67 0.77 0.72 12758
0.72 0.46 0.57 12758

accuracy 0.67 38274
macro avg 0.68 0.67 0.66 38274
weighted avg 0.68 0.67 0.66 38274

precision recall fl-score support

0.79 0.87 0.83 38274
0.78 0.88 0.83 38274
0.93 0.71 0.81 38274

accuracy 0.82 114822
macro avg 0. . 0.82 114822
weighted avg . . 0.82 114822

Fig. 32 — Decision Tree results & Confusion Matrix

[[8288 2430 2040]
[2236 8861 1661]
[3973 3511 5274]]

[[27205 6613 4456]
[ 5691 28618 3965]
[ 9879 9365 19030]]
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Accuracy o

Accuracy of Support Vector Classifier Train: 65.19046872550557

precision recall fl-score support

0.57 0.65 0.61 12758
0.60 0.69 0.64 12758
0.59 0.41 0.49 12758

accuracy : 38274
macro avg 0.59 0. 0. 38274
weighted avg 0.59 0. 0. 38274

precision recall fl-score support

0.64 0. 0.67 38274
0.64 0.7 0.69 38274
.69 0. <98 38274

accuracy 205 114822
macro avg 0. 0. 0.65 114822
weighted avg 0. 0. 0.65 114822

Fig. 33 — SVM results & Confusion Matrix

Model Test_Accuracy Train_Accuracyl
Logistic Regression 51.536291 51.686959
Random Forest 69.877724 85.474038

Extreme Gradient Boost 57.067461 61.415060
K-Nearest Neighbour 56.126875 650152552

Decision Tree 67.293724 82.256014
Fig. 34 — Overall models results & comparison

3.11 TweetsSentimentAnalysisAllYears.py file

A sentiment analysis was implemented in this file. Polarity, subjectivity and objectivity
are further analysed with multiple graphs produced. Multiple word clouds are generated
as well (Dua, 2021). Furthermore, sentiment attached to specific vaccines has been
explored as well.

Figure 35 is an amalgamation of some code extract from this Python file.
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vader_scores(feedba

df[

df [
plt.title(

ow()

plt.ylabel(
plt.xticks(
plt.yti

= plt.figure(

df[ 1.h

plt.xlabel(

plt.ytick

plt.title(
plt.sho

11.head(

1) .dt.date

38

t_index(




(df.sort_values(by= 1].reset_index(

= ) .head(n=

(df.sort_values(by= 1]1.reset_index(

= ).head(n=10))

(df.sort_values(by= 1]1.reset_index(

= ) .head(n=108))

timeline = df.groupby([ 1) .count().reset_index()
timeline[ ] = timeline[ ]

timeline = timeline[[ 1]

fig = px.bar(timeline

fig.show()

criteria = [df[ 1.between(- ) 1.between(- ].between(
values = [ ]
df[ ] = np.select(criteria, values

= plt.figure( — )
].value_counts().sort_index().plot.bar()

xlabel(
ylabel(
xticks(
yticks(

title(

show()
tight_layout()

= plt.figure( =( ))
].value_counts().sort_index().plot.bar()

xLlabel(

ylabel(

xticks(

yticks(

title(

show()

tight_layout()

( )
(df.info())
(df.columns)
(df.shape)




px.bar(timeline
w ()

pfizy_timeline = filter
_timeline 3

rna_timeline filter

= filter_t

wordcloud_df = df
wordcloud_df[ ] = wordcloud_df.text.apply(
get_smart_clouds(wordcloud_df).savefig(

( (pfizy_df) > 0):
wordcloud_df = pfizy_df

wordcloud_df[ ] = wordcloud_df.text.apply(
get_smart_clouds(wordcloud_df).savefig(
(€ (moderna_df) > 0):
wordcloud_df = moderna_df
wordcloud_df[ ] = wordcloud_df.text.apply(
get_smart_clouds(wordcloud_df).savefig(
(len(covaxin_df) > 0):
wordcloud_df = covaxin_df
wordcloud_df[ ] = wordcloud_df.text.apply(
get_smart_clouds(wordcloud_df).savefig(
@ (johnson_df) > 0):

(johnson_df)
wordcloud_df = johnson_df
wordcloud_df[ ] = wordcloud_df.text.apply(

get_smart_clouds(wordcloud_df).savefig(
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re.findall(r'\w

.findall(

.findall(

.findall(

.findall(




generate_word_clouds(neg_doc, neu_doc, pos_doc):

plt.subplots(

) .generate( .join(neg_doc))

=red_color_func

.join(neu_doc

=yellow_color_func )

ecolor( =green_color_func
)

plt.tight_layout()

Fig. 35 —Code snapshots - TweetsSentimentAnalysisAllYears.py
Figures 36 to 46 depict multiple graphs generated while running the code.

The 5 most common sources

40000 1
30000 A
20000 1
10000 A
o Hl
o

Twitter Web App
TweetDeck

Twitter for iPhone
Twitter for Android
Twitter for iPa

Fig. 36 — Tweets most common sources
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Verified authors

120000 A

100000 A

80000 4

60000 1

40000

20000 4
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@
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Fig. 37 — Verified authors
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Fig. 38 — Tweets volume
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Fig. 39 — Tweets coﬁnt by polarity
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Tweets on vaccine by average subjectivity score

subjectivity
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Fig. 40 — Tweets count by subjectivity
Tweels on Pfizer vaccine by average polarity score
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Fig. 41 — Tweets on Pfizer count by polarity
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Tweets on moderna vaccine by average polarity score
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Fig. 42 — Tweets on Moderna count by polarity
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Fig. 43 - Sentiment word cloud - Covaxin
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Fig. 45 - Sentiment word cloud — Moderna
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f BNT162b2

U)
u Of{er Plgsilllelmlmb 85
Year =@ et
}_AssouatedmRNAOO e
Slittle: =% ms:u
HEffectlveness O

Positive Words
Pflzer

S YSA'gQS . hea] E?rd . Jhedetyacciner R ]

ciayAea R, emicef fective
% anESCOVIDH >' StUdyage ‘ s-ho‘t‘jﬂ
5t YOUNESRE ik T new QI SNkid

Fig. 46 - Sentiment word cloud — Pfizer

3.12 TweetsSentimentPredictionsAllYears.py file

Multiple deep learning models have been implemented in this file (SimpleRNN, single
LSTM (Justin, 2020), Bidirectional LSTM, 1D Convolutional).

Figure 47 is an amalgamation of some code extract from this Python file.
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generateModels():

vential()
.Embedding
SimpleR
.Dense(
model@.compile(
checkpoint@ =

=[checkpoin

accuracy = histor history[
accuracy = history@.hist
istory®.history[
history®

score = mod

(

(

(

(

modell = Sequential()
modell.add(layers.Embedding(max_words
modell. .LSTM( =
modell. (L .Dense(

modell.compile(
checkpointl = ModelCheckpoint(
historyl = modell.fit(X_train, y_train
curacy = historyl.history[ ]
historyl.history[

storyl.history[ 1
historyl.history[

uracy)

val_lo

re = modell.evaluate(X_te y_test)
re[0]
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model2 = Sequential()

model2.add(layers.Embedding(max_words =max_len))
model2.add(layers.Bidirectional(layers.LSTM( )))
model2.add(layers.Dense(

model2.compile( =

checkpoint2 = ModelCheckpoint(

history2 = model2.fit(X_train, y_train N =(X_test, y_test), =[checkpoint2])
accuracy = history2.history[ ]

val_accuracy = history2.history[

loss = history2.history[ |

val_loss = history2.history[

(

(

( accuracy)

( val_accuracy)
(
(

loss)
val_loss)

score = model2.evaluate(X_test, y_test)

( % (score[0] * ))

( % (score[1] * ))

matplotlib.pyplot plt

epochs = ( (accuracy))
plt.plot(epochs, accuracy
plt.title(
plt.figure()

regularizers

model3 = Sequential()

model3.add(layers.Embedding(max_words =max_len))

model3.add(layers.ConvlD( = . =regularizers.11_12(
=regularizers.12( 1))

model3.add(layers.MaxPooling1D(5))

model3.add(layers.Conv1D( = 0 =regularizers.11_12(
=regularizers.

model3.add(layers.GlobalMaxPoolinglD())

model3.add(layers.Dense(3, =

model3.compile( =

checkpoint3 = ModelCheckpoint(

history3 = model3.fit(X_train, y_train o =(X_test, y_test), =[checkpoint3])
accuracy = history3.history[ ]

val_accuracy = history3.history[

loss = history3.history[ ]

val_loss = history3.history|

(

accuracy)
val_accuracy)
loss)
val_loss)
score = model3.evaluate(X_test, y_test)
% (score[8] = ))
% (score[1] * ))

)
Fig. 47 — Code extract -TweetsSentimentPredictionsAllYears.py

Figure 48 depicts multiple snapshots of code output. Figure 49 is a representation of the
best performing model in this particular set of models (Bi-directional LSTM).




created_at Compound_Score sentiment_score
p-02-12 0.1526
20-02-09 0.0000

9515

P PR R PR RPRRRRRRPRRR

1542744
['neutral' 'negative' 'positive']
text sentiment
A kid asked me why I trust snopes when I don't... neutral
I'm telling my kids that the vaccine for the c... neutral
@ABC7Chicago Do people realize that the flu ki... neutral
@neiltyson They would refuse the vaccine and t... neutral
@neiltyson They would refuse the vaccine and t... neutral

y improved from -inf t
val_l

accuracy: 900

best_model®.hdf5

16

Epoc 0 0.9 i L _model@.hdf5

159 8 / 4 - accura

accuracy: 0.90
did not

did not

- 1o .38 racy: 0.9875
did not improve f
ms/step
s - lo g accuracy: 0.9
accuracy: 0.9 val_accu
improve fro

1560

ETA:
did not imp from 0.91691
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embedding 2 nput | mput: | [(None, 200)]

InputLayer output: | [(None, 200)]
embedding 2 | input: (None, 200)

Embedding | output: | (None. 200, 40)

'

bidirectional(lstm_1) | wmput: | (None, 200, 40)
Bidirectiona(LSTM) | output: (None, 40)

'

dense 2 | iput: | (None, 40)

Denge | output: | (None, 3)

Fig. 49 — Best performing model - Bi-directional LSTM

Bidirectional LSTM model constantly outperformed the others, with best accuracy at 71% and epoch 85 as
shown in figures 50 to 54.

3/3 - 1s - loss: 0.8646 - accuracy: 0.6706 - 660ms/epoch - 220ms/step
Best model accuracy: 0.6705882549285889
- 1s 13ms/step

calculate the AUC for model
0.7382221545334552
Model: "sequential_2"

embedding_2 (Embedding) (None, 200, 200000

bidirectional (Bidirectiona (None, 40) 9760

1)
Fig. 50 - Bidirectional LSTM - Epoch 70

Test Accuracy: 62.35%

3/3 - 1s - loss: 0.9061 - accuracy: 0.6471 - 656ms/epoch - 219ms/step
Best model accuracy: 0.6470588445663452
- 1s 13ms/step
calculate the AUC for model
0.7291857041323992

Model: "sequential_2"

Fig. 51 - Bidirectional LSTM - Epoch 200
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Best model accuracy: 0.7058823704719543
- 1s 15ms/step

calculate the AUC for model
0.7533167495854064
Model: "sequential_2"

200000

bidirectional (Bidirectiona (None, 40) 9760
1)

Fig. 52 - Bidirectional LSTM - Epoch 80

Best model accuracy: 0.6941176652908325

S == - 1s 15ms/step
calculate the AUC for model

0.7670237249128506

Model: "sequential_2"

Layer (type) Output Shape

embedding_2 (Embedding) (None, 200, 40) 200000

bidirectional (Bidirectiona (None, 40) 9760

Fig. 53 - Bidirectional LSTM - Epoch 90

Best model accuracy: 0.7858823704719543
- 1s 12ms/step
calculate the AUC for model
0.7173711939170362
Model: "sequential_2"

200000

bidirectional (Bidirectiona (None, 40) 9760
1)
Fig. 54 - Bidirectional LSTM - Epoch 85

3.13 LDATopicsExtraction.py file

Topics were extracted and graphed in this Python file. Figure 55 is an amalgamation of
some snapshots from the code while figure 56 is a graph generated with this file. The
NCR lexicon was used to associate words with emotions (figure 57).
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get_topics(edited, n_topics, n_words):
eds = edited.values
vec = TfidfVectorizer( =

document_term_matrix = vec.fit_transform(eds)

model = LatentDirichletAllocation( =n_topics)

topic_matrix = model.fit_transform(document_term_matrix)

keys = get_keys(topic_matrix)
categories, counts = keys_to_counts(keys)
top_n_words = get_top_n_words(n_words, n_topics, keys, document_term_matrix, vec)

topics = [ .format(i + 1) + top_n_words[i] 1 categories]
data = []

i, topic te(topics):

tmp =[]

tmp.append(topic)

tmp.append(counts[i])

data.append(tmp)

df_emo df_emo[ ] + df_emo[ 1 + df_emo[ + df_emo[

df_emo ] = df_emo[ 1.apply( XX >0

[

df_emo[ df_emo[ 1 + df_emo[ ] + df_emo[ ] + df_emo[
[
[

df_emo ] = df_emo[ ].apply( X3 X > 8)
props = df_emol[ ].value_counts( ) .unstack()
(props)

dfl = df_emo[emotions].apply( x:(_x.sum()/x.count())*
(df1.head())

df_ =dfl1.T
(df_.reset_index())

fig, ax = plt.subplots(
ax.set_title( =
df_.plot(

.xlabel(

.ylabel(

xticks(

.tight_layout()

.savefig( )

Fig. 55 — Code snapshots — LDATopicsExtraction.py
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Fig. 56 — Emotion-related words

ab

ELENT[]

abdominal;0;0;

uction;®;1

aberrant;0;1

Fig. 57 — NCR-lexicon.csv snapshot

3.14 TopicModellingLDA.py file

A dynamic graph was generated in this file to display topics. Figure 58 is an
amalgamation of some snapshots from the code while figures 59 to 67 depict graphs
generated with this file.
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lda = LdaModel( =bow =dictionary
coherence_model = CoherenceModel( =1lda

=doc_list =dictionary
coherence_score

= np.round(coherence_model.get_coherence()
coherence_score > best_score:

best_num = i

best_score = coherence_score

best_score best_num

lda_model = gensim.models.ldamodel.LdaModel( =how

=dictionary

topic lda_model.print_topics():
(topic)

topic_dist = 1lda_model[bow]

pyLDAvis

import pyLDAvis.gensim_models gensim_models

pyLDAvis.enable_notebook()

gensim_models.prepare(lda_model =dictionary

Fig. 58 — Code snapshots — TopicModelingLDA.py
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ee Sievert & Shirley (2014)
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Fig. 59 — Topic 1
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5% 1 =
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10%

Fig. 60 — Topic 2
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Selected Topicls H Previous Topic H Next Topic H Clear Topic ‘
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Fig. 61 — Topic 3

Selected Topic|4 H Previous Topic || Next Topic H Clear Topic I
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Fig. 62 — Topic 4
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2. relevancel(erm v | lopic 1 = h * gl | 1)* (1= 1) * ol ) see Slevert & Shirley (2014)
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I Estimated term frequency wilhin the selected topic

1. saligncy(term w) = frequency(w) * [sum 1 p(t| w) " loalp(t] w)/p()] for topics |: see Chuang et. al (2012)
2. relevance(term w | topic )= A * plw | 1)+ (1- A)* plw | {ipiw); see Sievert & Shirley (2014)
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I Estimated term frequency within the selected topic

1. sali w)= “[sum tp(t|w)* log(p(t | w)p(t))] for topies t: see Chuang et. al (2012)
2. relevance(term w | topic t) = A* plw | 1) + (1 - A * p(w | t)/p(w); see Sievert & Shirley (2014)
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Fig. 65 — Topic 7
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Fig. 66 — Topic 8
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2. relevance(term w | topic 1) = " plw | 1)+ (1-X) * plw | Dip(w), see Siever! & Shidey (2014)
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Selected Topic|9 Previous Topic || Next Topic || Clear Tapic |

Intertopic Distance Map (via multidimensional scaling)

Pc2

Marginal topic distribution

10%

Fig. 67 — Topic9

3.15 BERT.py file

0

Slide to adjust relevance metric:(2) ] | ]

A=1 0.0 0.2 0.4 08 08

Top-30 Most Relevant Terms for Topic 9 (2.7% of tokens)

0 20,000 80,000

sare [N
old [
year [l

40,000 60,000 100,000 120,000

symptom [l
vulnerable [l
important [l

chicken_pox
preventing

causing

happened
immunisation

worse

seen
watch

double
christmas
mis_¢
figure

page
criminal
account
announcement
correct

link

jevi
visit

total

kid

cure

Overall term frequency
I Estimated term frequency within the selected topic
1. saliencyiterm w) = f
2 W | topic 1) = A* p(w | 1)+ (1= A) piw | 1pIw); see Sievert & Shirley (2014)

140,000

BERT model was implemented with max_len set to 128, batch_size 32, hidden size 768,
hidden size classifier 50, number of labels 5 and BERT model instantiation: bert-base-
uncased, (Classify Text with BERT, 2022). Figure 68 is an amalgamation of code extracts

from this file.
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df [ ].values

= df[ ].values
(_train, X_test, y_train, y_test = train_test_split(X, y =seed_value)

X_train, X_valid, y_train, y_valid = train_test_split(X_train, y_train

=seed_value)

ros = RandomOverSampler()

X_train_os, y_train_os = ros.fit_resample(np.array(X_train).reshape(- )Vnp‘awray(v_train).Peshape[f ))

X_train_os = X_train_os.flatten()
y_train_os = y_train_os.flatten()

(unique, counts) = np.unique(y_train_os

(np.asarray((unique, counts)).T)

tokenizer = BertTokenizer.from_pretrain

bert_tokenizer(data):
input_ids = []
attention_masks = []
sent data:
encoded_sent = tokenizer.encode_plus(
=sent

=MAX_LEN

)
input_ids.append(encoded_sent.get(
attention_masks.append(encoded_sent.get(

input_ids = torch.tensor(input_ids)

attention_masks = torch.tensor(attention,masksﬂ

input_ids, attention_masks

encoded_tweets = [tokenizer.encode(sent I S=Th for sent in X_train]

max_len ([ (sent) sent encoded_tweets])

( max_len)

MAX_LEN
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MAX_LEN =

train_inputs, train_masks = bert_tokenizer(X_train_os)
val_inputs, val_masks = bert_tokenizer(X_valid)
test_inputs, test_masks = bert_tokenizer(X_test)

train_labels = torch.from_numpy(y_train_os)
val_labels = torch.from_numpy(y_valid)
test_labels = torch.from_numpy(y_test)

batch_size

train_data = TensorDataset(train_inputs, train_masks, train_labels)
train_sampler = RandomSampler(train_data)
train_dataloader = Dataloader(train_data =train_sampler =batch_size)

val_data = TensorDataset(val_inputs, val_masks, val_labels)
val_sampler = SequentialSampler(val_data)

val_dataloader = DatalLoader(val_data =val_sampler =batch_size)

test_data = TensorDataset(test_inputs, test_masks, test_labhels)
test_sampler = SequentialSampler(test_data)

test_dataloader = DatalLoader(test_data =test_sampler =batch_size)

( freeze_bhert=
(Bert_Classifier ).

n_input =
n_hidden
n_output

.bert = BertModel.from_pretrained(

.classifier = nn.Sequential(
nn.Linear(n_input, n_hidden)
nn.ReLU()

nn.Linear(n_hidden, n_output)

freeze_bert:
param .bert.parameters():

param.requires_grad = |

- _forward(self, input_ids, attention_mask):

outputs = .bert( =input_ids
=attention_mask)

last_hidden_state_cls = outputs[0][:

logits = .classifier(last_hidden_state_cls)
logits




bert_train(model, train_dataloader, val_dataloader= epochs=
( )

epoch_i (epochs):

.format(epoch_i + 1))

t0_epoch, t@_batch = time.time(), time.time()

total_loss, batch_loss, batch_counts =

model.train()

step, batch te(train_dataloader):
batch_counts +=

b_input_ids, b_attn_mask, b_labels = (t.to(device) batch)
model.zero_grad()
logits = model(b_input_ids, b_attn_mask)

bert_preds = bert_pr fier, test dataloader)|

classification_report(y_test, bert_preds =sentiments))

]‘110c[ ])
(tokenized_column[10])

keys =

values [1]
key, value vocabulary[:
keys.append(key)
values.append(value)

plt.figure( =( ))
= sns.barplot(keys, values

plt.title('[op |

ax.bar_label(ax.containers[0])

plt.ylabel( )
plt.show()

Fig. 68 — Code extract - BERT.py

The BERT model was ran with epoch set to 2 and produced an accuracy of 90.3% as
depicted in figure 69.
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049314
.775140
.645697
.558958
.510986
. 461327
.430039
.411655
. 401362

VAL ACCURACY (%) | ELAPSED (s)

.296424
. 312465
.295645
.283081
.270717
.274128
.247663
.242964
.248143

VAL ACCURACY (%) | ELAPSED (s)

Fig. 69 - BERT model with epoch set 2

Further analysis was carried out in this file as depicted in figure 70.
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Top 20 most common words
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Fig. 70 — Top 20 most common words
3.16 DistilBERT.py file

A DistilBertModel (Ghisleni, 2022) was implemented using distilbert-base-uncased. Some
code extract can be seen in figure 71.

5 _Bert_Classifier(nn.Module):
( freeze_berts=
(Bert_Classifier ) ¢

n_input =
n_hidden =

n_output =

.bert = DistilBertModel.from_pretrained(

.classifier = nn.Sequential(
nn.Linear(n_input, n_hidden)
nn.ReLU()

nn.Linear(n_hidden, n_output)

freeze_bert:
param .bert.parameters():
param.requires_grad =

forward( input_ids, attention_mask):

outputs = .bert( =input_ids

=attention_mask)
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initialize_model(epochs=4):

bert_classifier.to(device)

optimizer = AdamW(bert_classifier.parameters()

total_steps = (train_dataloader) * epochs

scheduler = get_linear_schedule_with_warmup(optimizer

=total_steps)
bert_classifier, optimizer, scheduler

tes

classification_report(y_test, bert_preds
=sentiments))

conf_matrix(y_test, bert_preds sentiments)

Fig. 71 — Code extract - DistilBERT.py

DistilBERT was ran with epoch set to 2 and produced an accuracy of 89.84 % as shown
in figure 72.

Start training...

.040781

.744533

.616437

.529280

.505124

.461116 2244.63

. 448365 437 .95

.428590 1010.52
565.01

AVG TRAIN LOSS | VAL LOSS | VAL ACCURACY (%) | ELAPSED (s)
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Fig. 72 — DistilBERT ran with epoch set to 2

3.17 CovidKidsVaxWithCasesinfoModelsAllYears.py file

This Python file combines a sentiment analysis and prediction with the number of cases,
total boosters and new vaccinations. SPSS was used to investigate correlations. The
overall analysis reveals very weak correlations as shown in fig. 73.

Correlations

sentiment_sc reproduction_  total_vaccinati ~ people_vacci people_fully_ total_booster new_vaccinati
ore total_cases new_cases total_deaths new_deaths rate ons nated vaccinated H ons

sentimant_scora Pearson Correlation 1 016" 008™ 003 ~007” 000 006" -.001 005 024" T

Sig. (2ailed) .000 03 214 008 870 019 .807 044 000 .000

N 153096 152482 162482 152482 152482 152023 144681 144681 143384 142875 143104

total_cases Pearson Correlation 016" 1 388" 883" .57 006" 907" 813" 861" 958" -279"

Sig. (2ailed) 000 000 .000 000 000 000 .000 000 000 .000

N 152482 152482 162482 152482 152482 152023 144681 144681 143384 142875 143104

new_cases Pearson Correlation 008” 388" 1 3507 180" 223" 401" 3437 3017 401" 035"

Sig. (2ailed) 003 .000 .000 000 000 000 .000 000 000 .000

N 152482 152482 162482 152482 152482 152023 144681 144681 143384 142875 143104

total_deaths Pearson Correlation 003 883" 350" 1 -394 028" 980" 974" 963" 736" 097"

Sig. (2ailed) 214 .000 000 000 000 000 .000 000 000 .000

N 152482 152482 162482 152482 152482 152023 144681 144681 143384 142875 143104

new_deaths Pearson Correlation -007" .51 180" -394 1 -198” 658" 637" 6347 -577" 231"

Sig. (2ailed) 008 .000 000 .000 000 000 .000 000 000 .000

N 152482 152482 162482 152482 152482 152023 144681 144681 143384 142875 143104

reproduction_rate Pearson Correlation 000 086" 223" -028" -198” 1 143" 157" 155" -o11” 285"

Sig. (2ailed) 870 .000 000 .000 000 000 .000 000 000 .000

N 152023 152023 152023 152023 152023 152023 144222 144222 143525 142416 143104

total_vaccinations Pearson Correlation 006" 907" 401" 980" -659" 143" 1 978" agg” 781" —017"

Sig. (2ailed) 019 .000 000 .000 000 000 .000 000 000 .000

N 144681 144681 144681 144681 144881 144222 144681 144681 143384 142875 142996

people_vaccinated Pearson Correlation 001 813" 343" 974" -6ar” 157" a7s” 1 ag” 637" 1017

Sig. (2ailed) 807 .000 000 .000 000 000 000 000 000 .000

N 144681 144681 144681 144681 144881 144222 144681 144681 143384 142875 142996

people_fully_vaccinated  Pearson Correlation 005" 261" 391" 963" -634" 155" ags” am” 1 727" -053"

Sig. (2ailed) 044 .000 000 .000 000 000 000 .000 000 .000

N 143984 143984 143984 143984 143984 143525 143984 143984 143984 142875 142298

total_boosters Pearson Correlation 024" 959" 401" 736" 577" -o11” 781" 637" 727" 1 -ag4”

Sig. (2ailed) 000 .000 000 .000 000 000 000 .000 000 .000

N 142875 142875 142875 142875 142875 142416 142875 142875 142875 142875 141190

new_vaccinations Pearson Correlation -016" -279" 035" 097" 231" 285" -0t 1017 -053" -484” 1
Sig. (2ailed) 000 .000 000 .000 000 000 000 .000 000 000

N 143104 143104 143104 143104 143104 143104 142996 142856 142299 141190 143104

** Correlation is significant atthe 0.01 level (2-tailed)
* Correlation is significant at the 0.05 level (2-tailed).

Fig. 73— Correlation in SPSS
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The following models were implemented with the target set to sentiment_score and
predictors to

new_vaccinations, total_boosters, total_cases: logistic regression, random forest,
extreme gradient boost, K-Neighbors classifier, decision tree, support vector machine
and Naive Bayes. The model with the highest accuracy is Random Forest with 41.63% as
shown in figure 74.

Model Test_Accuracy Train_Accuracyl

Logistic Regression 33.236447 33.194258
Random Forest 41.629654 42.729188

Extreme Gradient Boost 41.345526 42.239296

K-Nearest Neighbour 38.354017 39.168490
Decision Tree 41.577400 .778177
Support Vector Machine 35.447420 « 7187614

Fig.74 — Models results with predictors set to new_vaccinations, total_boosters, total_cases

Another set of tests were run with the target being set to sentiment_score and
predictors being total_cases and total_deaths. The model with the highest accuracy was
Extreme Gradient Boost with 41.74% as shown in figure 75.

Model Test_Accuracy Train_Accuracyl

Logistic Regression 34.265186 33.986250
Random Forest 41.629654 42.729188

Extreme Gradient Boost 41.747224 42.609981
K-Nearest Neighbour 37.864141 38.534080
Decision Tree 41.5774060 42.778177

Support Vector Machine 35.499673 35.250171

Fig. 75— Models results with predictors set to total_cases and total_deaths

Another set of tests were run with the target being set to sentiment_score and predictor
set to reproduction_rate. The model with the highest accuracy was Extreme Gradient
Boost with 36.73% (figure 76).

Model Test_Accuracy Train_Accuracyl

Logistic Regression 33.892880 34.190372
Random Forest 36.685173 37.093798

Extreme Gradient Boost 36.727629 37.077468

K-Nearest Neighbour 34.784455 34.889284
Decision Tree 36.708034 37.097064
Support Vector Machine 34.595036 34.782325

Fig. 76 — Models results with predictors set to reproduction _rate

Some code snippets from this file can be seen in figure 77.
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model_ev pd.DataFrame ({

subset]

n_test_split(data, target

df_basemodel_copy.drop(

df_basemodel_copy.drop(
df_basemodel_copy.drop(
df_basemodel_copy.drop(
df_basemodel_copy.drop(
df_basemodel_copy.drop(
df_basemodel_copy.drop(
df_basemodel_copy.drop(
df_basemodel_copy.drop(

modelPreparation(df_basemodel_copy)

Fig. 77 — Code extract — CovidKidsVaxWithCasesinfoModelsAllYears.py
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