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Detection of Depression among Nigerians using
Machine Learning Techniques

ADEDEJI ADEGOKE

X18174582

1 Introduction

This research project adopts classification, which was used to develop depression detection
models for classifying depressive and non-depressive tweets. This document explains the
hardware and software configuration which was used for the implementation and execution
of the research project. The extraction process of acquiring depressive tweets, exploratory
data analysis, pre-processing stages of the datasets which was not fully reported in the
technical report and codes used for the process were shown in Chapter 2 while Chapter 3
shows code used for the feature extraction and implementation process used in implementing
the models, Chapter 4 shows the results of the implemented models and how the models were
evaluated with adopted evaluation metrics from the literature and comparison of the existing
work with developed models.

2 Environment

2.1 Hardware Configuration

A Hewlett Packard computer was used for the implementation of this research project and
properties are shown in figure 1 below.

Windows edition
Wirindows 10 Home

= 2018 Microsoft Corporation. All riahts reserved.

Systerm

Processor: Intel{(R) Core{(ThD) I5-82500U CPU & 1.60CH=z 1.80 GH=z

Installed memory (RAND: 8.00 GB (7.89 GB usable)

System tywpe: a4 -bhit Operating System, x64-based processor

Pen and Touch: Mo Pen or Touch Input is available for this Display
Computer name, domain and workagroup settings

Computer name: ADEGOKE-PC

Full computer name: ADEGOKE-PC

Computer description:

Wiorkgroup: WVORKGROUPR

Wrindows activation
Wiindows is activated Read the Microsoft Software Licence Terms

Product 1ID: 00325-95800-00000-2A20ERM

Figure 1. Personal computer (PC) configuration.



2.2 Software

Authentication keys for extraction of tweets were acquired from Twitter developer account
and the process are as follow:

Step 1: Open a twitter account

Welcome to Twitter.

Connect with your friends — and other fascinating
people. Get in-the-moment updates on the things

that interest you. And watch events unfold, in real

time, from every angle.

Sign up for Twitter

o
Niie mnrmnnim Encdbh b minkd cindas n lfdicnnne

Step 2: Use the twitter account to sign into twitter developer account.

000 (> O @ developer.twitter.com ¢ i a ¥

" Developer Usecases Products Docs More Apply Q (Signln)

Please apply for a Twitter developer account

You may continue managing your existing apps but if you would like to create new apps

Get started with Twitter APIs and tools or use Twitter premium APIs, please apply for a developer account,
As a developer platform, our frst responsibilityis to our users: to provide a place that
supports the health of conversation on Twitter, To continue to prevent misuse of our

Ap p Iy fo r a ccess 2 platform, we have introduced a few new requirements for developers.

Al new developers must apply for a developer account to access
Twitter APls. Once approved, you can begin to use our standard APls
and our new premium APls.

Apply for a developer account >

Step3: Create an application for the project in order to acquire the authentication keys for
extraction.
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€3 What

Create a Twitter application

Aftar your developer account has been approved. you nead ta register yaur spplication with
Create a Twitter application Twitter ta get kays. These keys allow you to access your Twitter ssunt from your Pythan
program using the Twitter AFI [Application Programming Interface].

e Go to developertwitter.com, select Apps fram the menu, and click on the Create an app
button.

Create your first app

o Completa the appécation details form. You must enter an app name, description, website
[this can be hitosdaww raspbemyplongif you don't heve onel, snd some informaton
about how the app will b= usaed. You can leave the other fields blank. Then click Create.

T e —— n .
Wt 1 o s
e an ape s | e
- [0
et e e e i
e Aspire diacrges v3. s

Step 4: Obtain the authentication keys for extraction.

YW Developer Usecases Products Docs More  labs

Keys and tokens

Consumer API keys
Qil2hQdDpkeSyqlYyyOHghgOW
AL8IE53cQKAHGHTcK3SAalowfBlzBLBLOIEULO2jzULHOHoTx

( Regenerate )

Access token & access token secret
173085529-cYh]WiobyLDAogywHavTnHhVERGURGTIHLRLObXh
s91bQuqTONSLnaiGyzS7T0HUWgmD6JTpEZvUuZMIjE38IV

Read and write

( Revoke )( Regenerate )




Implementation are done in R studio and Google colaboratory using python ! using various
libraries.

About RStudio

@ RStudio

Version 1.1.463 — © 2009-2018 R5tudio, Inc.
Mozillay/s.0 (Windows NT 6.2; WOWe4d) applewebKity/538.1 (KHTML, like Gecko) rstudio Safari/338.1 Ot/5.4.1
Unless you have received this program directly from RStudio pursuant to the terms of a commercial license

agreement with RStudio, then this program is licensed to you under the terms of version 3 of the GNU Affero
General Public License.

RStudio includes other open source software components. The following -~
is a list of these components (full copies of the license agreements
used by these components are included below):

- @t (LGPL w2.1)

- QtSingleapplication

- Ace (LGPL w2.1)

- Stan Ace Mode (LGPL 2.1)
- Boost

- Rapidxm]

- JSON_Spirit

- Google web Toolkit

- Guice o
- GIM

- A0P Alliance

Figure 2. R Studio version used for the implementation

In order to access python on colaboratory, a google account was acquired to log into the
colaboratory interface. Figure 3 shows the python notebook on colaboratory.

& Depression Tweets
File Edit View Insert Runtime Tools Help Lastedited on November 26

+ Code + Text

[]

import os

import pandas as pd

import tweepy

import re

import string

from textblob import TextBlob

import preprocessor as p

from nltk.corpus import stopwords

from nltk.tokenize import word_tokenize
import numpy as np

[> Requirement already satisfied: tweepy in /usr/local/lib/python3.6/dist-packages (3.6.@)
Requirement already satisfied: six»>=1.10.@ in /usr/local/lib/python3.6/dist-packages (from tweepy) (1.12.8)
Requirement already satisfied: requests-oauthlib>=e.7.e in /usr/local/lib/python3.6/dist-packages (from tweepy) (1.3.@)
Requirement already satisfied: requests>=2.11.1 in /usr/local/lib/python3.6/dist-packages (from tweepy) (2.21.9)
Requirement already satisfied: PySocks»=1.5.7 in /usr/local/lib/python3.6/dist-packages (from tweepy) (1.7.1)
Requirement already satisfied: oauthlib>=3.e.8 in /usr/local/lib/python3.6/dist-packages (from requests-oauthlib>=0.7.@->tweepy) (3.1.0)
Requirement already satisfied: idna<2.9,>=2.5 in /usr/local/lib/python3.6/dist-packages (from requests>=2.11.1->tweepy) (2.8)
Requirement already satisfied: urllib3<1.25,>=1.21.1 in /usr/local/lib/python3.6/dist-packages (from requests>=2.11.1->tweepy) (1.24.3)
Requirement already satisfied: chardet<3.1.0,>=3.0.2 in /usr/local/lib/python3.6/dist-packages (from requests>=2.11.1->tweepy) (3.0.4)
Requirement already satisfied: certifi»>=2017.4.17 in /usr/local/lib/python3.6/dist-packages (from requests>=2.11.1->tweepy) (2019.9.11)

consumer_key = "0iI2hQdDpkesyqlyyyeHqbgow"

consumer_secret = "AL8IES3cQKAHGTVTcK3SAalowfBlzBLBLOSEULO2jZULHOHOTX"
access_key = "173085529-cYhIWio6yLDAoqywHavTnHhVERGURQTIHLRLObXh"
access_secret = "s9IbQuqTOnSLnaiGyzS7@HUWGmMD6I7pEZvUUZM]jE381V"

Figure 3. Google colaboratory interface for python

1 https://colab.research.google.com/drive/1JzH1hnTpvbOuwUunUVJFqQDNI58peGVciscrollTo=L9K1LTIgVIMm
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https://colab.research.google.com/drive/1JzH1hnTpvbOuwUunUVJFqQDNI58peGVc#scrollTo=L9K1LTlqVfMm

The extracted tweets were extracted into excel as a comma delimited csv file. Figure 4 shows
the extracted tweets in csv format.

File Home Insert Page Layout Formulas Data Review View Help
& cut Calibri i A A === BwaepTea General y [ @ E’/ &= =X -
Paste EB G - A o, «0 .00 Conditional Formatas Cell Insert Delete Format il
~ <Fromatpanter | B 1 Y~ M B = Merge & Center ~ | BB~ 96 3 | B0 38 | 1ol abiev silesv v v v & Clef
Clipboard N Font N Alignment ~ Number N Styles Cells
Al - S| id
A | B | ¢ D | E | F | e | H | v | 3| x| L | M | N | O P | a | rR |
1 _id lcreatedia source original_te clean_text sentiment polarity  subjectivit lang favorite_c retweet_c original_at possibly_s hashtags user_ment place place_coord_boundaries
27 1.19E+18 Sat Nov 0z <a href="h RT @Boun Live game| Sentimenti 0.268182 0.5 en o 1 TheREALBI FALSE TheOuterV Bounty_V Lagos, Nigeria
3 | 1.19E+18 Sat Nov 0z <a href="h For the lov For love St Sentiment| 0.5 0.6 en 0 0 Billy_Wyat NA WarVeterans, PTSD, F Enugu, Nigeria
4 | 1.19E+18 Sat Nov 0Z<a hr Healing be Sentiment 0 0 en 0 7 MENDFam NA narcisisstic ScapegoatHelp
5 | 1.19E+18 Sat Nov 0Z<a hri 1 'm going | Sentimenti -0.4 0.4 en 0 93 CamusProj NA MentalHe: Respectls\ Quetta, Pakistan
6_ 1.19E+18 Sat Nov 0z <a href="h Survivors ¢ Survivors c Sentiment| -0.2 0.5 en o 0 _breakthr¢  FALSE Voi, Kenya
7 | 1.19E+18 Sat Nov 0Z<a hrs every ming every minc Sentiment| 0 0 en 0 0 JANNNNEI FALSE channelkindness, Mer Kano, Nigeria
8 | 1.19E+18 Sat Nov 0Z<a hri RT Some peoj Sentiment| 0.018182 0.35 en 0 28 monarcho NA autistic  soundcube Ondo, Nigeria
9_ 1.19E+18 Sat Nov 0z <a href="h RT If strugglin Sentiment: 0.285714 0.535714 en o 11 messvika NA OtterlyHoy Edinburgh, Scotland
10 | 1.19E+18 Sat Nov 0Z<a hr Little Little Anim Sentiment  -0.1875 0.5 en 0 0 TickieArt FALSE  anime, chibi, animatic Wales, United Kingdom
11| 1.19E+18 Sat Nov 0z <a hr RT 1 'm going | Sentimenti -0.4 0.4 en 0 93 TonyPaxtc NA MentalHe: Respectls\ Anambra, Nigeria
12_ 1.19E+18 Sat Nov 0z <a href="h RT A Panic AtlSentiment o 0 en o 27 PennilessS FALSE  MentalHe: Mialis79 Nasarawa, Nigeria
13 | 1.19E+18 Sat Nov 0Z<a hr Online #M Online The Sentiment| 0 0 en 0 0 SkypeTher FALSE Mindfulness, Meditati Punjab, Pakistan
14 | 1.19E+18 Sat Nov 0z <a hr RT @girl_r Sending lo'Sentiment.  0.1375 0.6375 en 0 1 FootiePoe NA PTSD girl_merc Lagos, Nigeria
15_ 1.19E+18 Sat Nov 0z <a href="h Sending lo' Sending lo' Sentiment| 0.016667 0.683333 en 5 1 girl_merc NA PTSD Michigan, USA
16 | 1.19E+18 Sat Nov 0Z<a hr RT @Sams Remembei Sentiment| 0 0 en 0 4 kingston_v NA PTSD SamsFarnk Aberdeen, Scotland
177 1.19E+18 Sat Nov 0z <a hri Rumor of | Rumor SuiSentiment -0.5 1en 2 1 ZZilleHusse FALSE  RabiPeerz: Rabipirzad Ebonyi, Nigeria
'IS_ 1.19E+18 Sat Nov 0z <a href="h RT @Inc: | In honor 'r Sentiment 0.5 0.5 en o 163 valeriy360 NA WorldMen Inc Detroit, MI
19 | 1.19E+18 Sat Nov 0Z<a hr Thereis  There goo: Sentimenti 0.7 0.6 en 0 0 configyour FALSE Rivers, Nigeria
20 | 1.19E+18 Sat Nov 0z <a hr: RT @Jaive It €™ tim: Sentiment| 0 0en 0 7 RajanDeol NA JaiveerKar Lisbon, Portugal
2'\_ 1.19E+18 Sat Nov 0z <a href="h Online #M Online The Sentiment o 0 en o 0 SkypeTher FALSE Mindfulness, Meditati Aberdeen, Scotland
22 | 1.19E+18 Sat Nov 0Z<a hre Pretty Pretty dan Sentiment 0.525 1en 0 0 Becker_L  FALSE nanowrimo2019, writ Imo, Nigeria
23 | 1.19E+18 Sat Nov 0z <a hr: Organizers Organizers Sentiment| 0 0en 0 0 SuiDoc FALSE Texas, USA
24 | 1.19E+18 Sat Nov 0Z <a href="h Listening t: Listening N Sentiment 0 0 en 0 0 Shaillavaic FALSE  PTSD, Brail huwwillian Paris, France
25 | 1.19E+18 Sat Nov 0Z<a hre RT @Wouil §€ce Some Sentiment -0.15 0.55 en 0 7 Karrasame NA ‘WoundedE Nairobi, Kenya
26 | 1.19E+18 Sat Nov 0z <a hr: RT @Lowe When 're r Sentiment| 0 0en 0 3 terroones NA depressed LowerDep Berlin, Deutschland
27 | 1.19E+18 Sat Nov 0Z <a href="h @ScottM Yep happy Sentiment 0.8 1en 0 0 frma_com FALSE auspol, de| ScottMorr Imo, Nigeria
LocationDepr @ <

Figure 4. Excel csv format of the extracted tweets.

The visualization of the results to the practitioners and comparison of the results were done
using tableau. Figure 5 shows version of tableau used for this research work.

About Tableau

2019.1.0 (20191.19.0213.2333) 64-bit

Tableau Desktop

Professional Edition

eqau

Figure 5. Tableau desktop version
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3 Implementation
The implementation stage consists of the extraction of tweets, the exploratory data analysis,

the pre-processing of the datasets, the merging the of the datasets, the extraction of features,
the development of the models.

3.1 Data Extraction

The tweet extraction was done in python using google colaboratory and partial pre-processing
was conducted on the extracted tweet in order to have clean text to generate the sentiment and
calculate the polarity score of each tweet using the “NLP” package in python,

Step 1. All libraries in the “NLP”* package were loaded as shown in figure 6

[ 1 !pip install tweet-preprocessor

[ Reguirement already satisfied: tweet-preprocessor in /usr/local/lib/python3.6/dist-packages (©.5.8)

[ 1 !pip install tweepy

import os

import pandas as pd

import tweepy

import re

import string

from textblob import TextBleb

import preprocessor as p

from nltk.corpus import stopwords

from nltk.tokenize import word_tokenize
import numpy as np

Figure 6. Installation of the libraries

Step 2. The acquired authentication keys were parsed to the integrated development
environment (IDE) in order to connect python to twitter database as shown in figure 7.

consumer_key = "0iI2hQdDpke5yqlYyy@HgbgOW™

consumer_secret = "AL81E53cQKAHGTVTcK3SAalowfBlzBLBLO9EULO2 jzULHOHOTX"
access_key = "173885529-cYhJWiobyLDAcqywHavTnHhVERGURGTIJHLRLObXh™
access_secret = "s9IbQvqTOnSLnaiGyzS70HUWGMD6I7pEZvUUZM]JE381V"

#pass twitter credentials to tweepy

auth = tweepy.OAuthHandler(consumer_ key, consumer_secret)
auth.set_access_token(access _key, access secret)

apl = tweepy.API(auth)

Figure 7. Integration of twitter authentication keys to python



Step 3. Columns were created for the tweets in order in which it will pulled into a csv format
as shown in figure 8.

#columns of the csv file

CoLs = ['id", 'created at’, 'source’, ‘original text','clean text', 'sentiment’,’polarity’,’'subjectivity’, 'lang’,
‘favorite_count’, ‘retweet_count’, ‘original_author', 'possibly sensitive®, 'hashtags’,
‘user_mentions', 'place’, ‘place_coord_boundaries’]

#set two date variables for date range
start_date = '2019-1@-30'
end date = '2819-11-85"

# Happy Emoticons
emoticons happy = set([

RO RFERED RPRSD PR L) PR AT E PR LS AT ST RPRR ) PR RPRRE S
“:Ay', ':-p', ':D', '8-D', '8D', 'x-D', 'xD', 'X-D', 'XD', '=-D', '=D',
':—B‘J ':3', 'I—))', "2'—]", "2')", ':*', ':"‘*'J ‘)IP', ':—P'J ':P", 'X—P',
IX’p‘J prl: IXPI: ‘:’P'J I:pls I=pls I:’bl) I:bl) > ) ] >;)‘, > ’) ]
%3

D

# Sad Emoticons

emoticons sad = set([
L, T/, anft, Sty [t @Y, (0, Y :
.:_|:‘J I:_<‘) ‘:\\I) I:/I) I>:(.J .:(.) .)'<‘J ":‘_("J ":‘(") ‘:\\I’ I:_C‘J
ety e, T\, S

#Emoji patterns

emoji_pattern = re.compile("[
u"\Ueeelreee-\UeeelFeAF” # emoticons
u"\U@ea1r3ee-\Ueee1FSFF" # symbols & pictographs
u"\Ueee1F68@-\UGRO1F6FF" # transport & map symbols

Figure 8. The set column, date range and emoji pattern of the tweets

Step 4. The location and origination of the tweets were acquired so as to know the origin of
the tweets and the coordinates as shown in figure 9.

#get location of the tweet
try:

location = status['user']['location’]
except TypeError:

location = *'
new_entry.append(location)

try:

coordinates = [coord for loc in status['place’]['bounding_box']['coordinates’] for coord in loc]
except TypeError:

coordinates = hone
new_entry.append(coordinates)

single tweet df = pd.DataFrame([new_entry], columns=COLS)
df = df.append(single_tweet_df, ignore_index=True)
csvFile = open(file, 'a' ,encoding="utf-8")
df .to_csv(csvFile, mode="a", columns=COLS, index=False, encoding="utf-8")

Figure 9. The location of each tweets.




Step 5. In order to generate the sentiment and polarity of each tweets, libraries for natural

language processing were used and partial pre-processing stages as shown in figure 10.

[ ]

[ 1 # clean tweets()

1mpor‘t nltk def clean_tweets(tweet):
o T stop_words = set(stopwords.words( english’))
nltk'download( StOpL‘JOPdS ) word_tokens = word_tokenize(tweet)
. . #Tweepy preprocessing the column, removing mentions
nltk.download( pUnkt ) #or RT sign in the beginning of the tweet
tweet re.sub(r:", "', tweet)

tweet = re.sub(r’,A9", "', tweet)
#replace consecutive non-ASCII characters with a space

tweet = re.sub(r’'[~\xe0-\x7F]+'," ', tweet)

#remove emojis from tweet
tweet = emoji_pattern.sub(r'’', tweet)

#filter using NLTK library append it to a string
filtered tweet = [w for w in word_tokens if not w in stop words]
filtered_tweet [1

#looping through conditions
for w in word_tokens:
#check tokens against stop words , emoticons and punctuations

filtered_tweet.append(w)
return ' '.join(filtered_tweet)
#print(word_tokens)
#print(filtered_sentence)

if w not in stop words and w not in emoticons and w not in string.punctuation:

Figure 10. Partial pre-processing for clean text.

Step 6. The sentiment, subjectivity and polarity of each text were calculated using library
“textblob” in python as shown in figure 11.

#pass textBlob method for sentiment calculations
blob = TextBlob(filtered tweet)
Sentiment = blob.sentiment

#tseperate polarity and subjectivity in to two variables
polarity = Sentiment.polarity
subjectivity = Sentiment.subjectivity

#new entry append

new_entry += [status['id'], status['created at'],
status[ 'source'], status['text'],filtered tweet, Sentiment,polarity,subjectivity, status['lang'],
status['favorite count'], status['retweet count’]]

#to append original author of the tweet
new_entry.append(status[ 'user'][ 'screen_name'])

try:

is_sensitive = status[ 'possibly sensitive']
except KeyError:

is_sensitive = None
new_entry.append(is_sensitive)

# hashtags and mentions are saved using comma separted

hashtags = ", ".join([hashtag_item['text'] for hashtag_item in status['entities']['hashtags']])
new_entry.append(hashtags)

mentions = ", ".join([mention['screen name'] for mention in status['entities']['user_mentions']])
new_entry.append(mentions)

Figure 11. Sentiment, subjectivity and polarity calculation of each tweets




Step 7. The tweets were harvested using hashtags relating to depression then saved out of the

google colaboratory in a csv format as shown in figure 12.

depresion hastags

[ ] depressed = "LocationDep.csv”

"#depression OR #anxiety
= "#suicideawareness OR

o Home Insert Pagelayout Formulas Data Review View

Help

== E

Insert Delete Format

= A
il
Ok

#depresion_keywords

write tweets(depresion keywords, depressed)

[ ] from google.colab import files

[ ] files.download("LocationDep.csv")

Figure 12. Hashtags and saving process.

The downloaded data set was transferred to R-studio for remaining process such as
exploratory data analysis, data pre-processing, data merging and model implementation.

3.2 Exploratory Data Analysis

The data was visualized in its original format in order to what it contains and its relevance,
and explanatory data analysis was performed to understand the countries where the tweets
originated from as shown in the figure 13.

MNumber of tweets from each country

Country Frequ
5000 <fetr> <int>
1 Nigeria 15234
2 Pakistan 1513
3 Kenya 779
4 Scotland 1185
5 United Kingdom 803
- 6 USA 4662
7 MI 365
8 Portugal 408
9 France 357
10 Deutschland 390
11 CA 1522
12 ME 388
000 13 Denmark 406
14 South Africa 804
15 NV 359
16 UK 1130
17 England 1140
18 Brazil 387
J | AN B ® 4
v o« e AT Y 8 Eeooca . R . 21 Zimbabwe 762
NS ERE SRR 528" - 2 Maryland 381
= E 4% 9y 2 %a c z i
z i o£°¢ E6N : “ 23 Ontario 354
5 3 N z E 24 Japan 373
5 o 2 NY 383

Figure 13. Visualization of the origination of tweet
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The dataset was converted into a corpus in order to do more EDA especially word cloud and
frequency of words in the tweet which has been reported in the technical report as well as
class imbalance in the tweet which prompted an introduction of new dataset called sentiment
140 which positive tweet was extracted from it to balance the negative tweets from the
extracted dataset instead of a synthetic minority oversampling technique (SMOTE). Figure 14
shows the class imbalance in the extracted tweets and the balanced one with positive tweets
from sentiment 140 dataset.

Number of Tweets

6000 10000

2000

8]

Emotions in Tweets Positive and depressive tweets

10000
1

Number of Tweets
6000

2000

8]
L

Negative Positive

Figure 14. Class imbalance and balancing of the tweets

3.3 Data Pre-Processing

After having a balanced dataset, proper pre-processing was conducted on the dataset which
involves the following process as presented in Figure 15.

Converting the text into a corpus
Converting all text to lower case
Removing URLSs in the text
Removing punctuation

Removing stop words

Removing whitespace

Conversion to document term matrix

10



Preprocessing proper

i)
Tibrary(tm)

TweetsTablepre <- str_replace_all(string=TweetsTable$Tweets, pattern= "[&ACA--Al4.CA"A A¥A A.a.. A A. ArmA.A.]
replacement= "")

# build a corpus

TweetsTableCorpus <- Corpus(Vectorsource(TweetsTablepre))

# convert to lower case

TweetsTableCorpus <- tm_map(TweetsTableCorpus, content_transformer(tolower))

# remove URLs

removeURL <- function(x) gsub("http[A[:space:]1]*", "", x)

TweetsTableCorpus <- tm_map(TweetsTableCorpus, content_transformer(removeURL))
# remove anything other than English letters or space

removeNumPunct <- function(x) gsub("[A[:alpha:][:space:]]*", "", x)
TweetsTableCorpus <- tm_map(TweetsTableCorpus, content_transformer(removeNumPunct))
# remove stopwords

myStopwords <- c(setdiff(stopwords('english'), c("r", "big")),

"use", "see", "used", "via", "amp")

TweetsTableCorpus <- tm_map(TweetsTableCorpus, removeWords, myStopwords)

# remove extra whitespace

TweetsTableCorpus <- tm_map(TweetsTableCorpus, stripWhitespace)

# converting corpus to data frame

TweetsTablepos = data.frame(Tweets = sapply(TweetsTableCorpus, as.character), stringsAsFactors = FALSE)
TweetsTablepos = as.data.frame(cbind(TweetsTableSpolarity, TweetsTablepos$Tweets))

TweetsTablepos$ID <- seq.int(nrow(TweetsTablepos))

TweetsTablepost = as.data.frame(TweetsTablepos)

colnames (TweetsTablepost) = c("Polarity”,"Tweets","ID")

TweetsTablepost$Tweets = as.character(TweetsTablepost$Tweets)

Figure 15. Pre-processing of the dataset

3.4 Modelling

The DTM contain sparse data i.e words that appeared 0.5% of the whole documents which
were removed and sparsed data were splitted in 80:20 ratio of the train data and test data
which were use to train and test seven algorithm as presented in figure 16.

#get the data as a corpus
dataTweetsTable = Corpus(VectorSource(TweetsTablepostiTweets))

#a document term matrix
dataTweetsTabledtm <- DocumentTermMatrix(dataTweetsTable)

#fremove sparse data
sparsebData <- removeSparseTerms (dataTweetsTabledtm, sparse=0.995)

# Convert to data frame
sparsedf <- as.data.frame(as.matrix(sparsebData))

#add the dependent wvariable
sparsedfiPolarity = TweetsTablepostiPolarity

colnames (sparsedf) <- make.names (colnames (sparsedf))

#=plit the dataset

split =- sample.split(sparsedfiPolarity, sSplitRatio = 0.8)
trainsparse <- subset(sparsedf, split==TRUE)

testSparse <- subset(sparsedf, split==FALSE)

Figure 16. Sparsity and Split ratio
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The algorithm used on the sparse data are linear discriminant analysis (LDA), random forest
(RF), classification and regression tree (CART), extreme gradient boosting (XGboost),
adaptive boosting (AdaBoost), regularized generalized linear model (GLMNET and ¢5.0
decision tree (C50) as presented in Figure 17.

#build models
control <- trainControl(method="cv', number=4)
metric <- 'Accuracy'

#CART
set.seed(101)
tweet.cart <- train(Polarity~., data= trainsparse, method='rpart',trControl=control, metric=metric)

# LDA

set.seed(101)

tweet.lda <- train(Polarity ~ ., data=trainSparse, method="1da’,
trControl=control, metric=metric)

# RF

set.seed(101)

tweet.rf <- train(Polarity~., data=trainsSparse, method='ranger’,
trControl=control, metric=metric)

#C5.0

tweet.C50 <- train(Polarity~., data=trainsparse, method='C5.0",
trControl=control, metric=metric)

#xgboost

tweet.xgboost <- train(Polarity~., data=trainSparse, method="xgbhTree",
trControl=control, metric=metric)

#adaboost

tweet.adaboost <- train(Polarity~., data=trainSparse, method='AdaBag"’,
trControl=control, metric=metric)

#glm_net
tweet.glmnet <- train(Polarity~., data=trainSparse, method="glmnet",
trControl=control, metric=metric)

tweet.results <- resamples(list(lda=tweet.lda, Xgboost=tweet.xgboost, cart=tweet.cart, rf=tweet.rf,AdaBag
=tweet.adaboost,gimnet =tweet.glmnet, c50=tweet.C50))

summary (tweet.results)

Figure 17. Seven algorithms used on sparse data

The DTM was tokenized to further extract features such as term frequency-inverse document
frequency, n-grams and hash which were used to train regularized generalized linear model.
Figure 18 shows how the tweets were tokenized.

Tokenization

T {r}
#Tokenization
Tibrary({text2wvec)
Tibrary({glmnet)
Tibrary((tidyverse)

tok_fun = word_tokenizer

it_train = 1itoken(tweets_trainfiTweets,
tokenizer = tok_fun,
progressbar = TRUE)

it_test = dtoken(tweets_testiTweets,
tokenizer = tok_fun,
progressbar = TRUE)

Figure 18. Tokenization
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Term frequency inverse document frequency was extracted from the tokenized tweets and
was used to train a glmnet as presented in Figure 19 and 20

Vocab and DM

S

#Vocab and DM

library(text2vec)

tweetsvocab = create_vocabulary(it_train)
tweetsvectorizer = vocab_vectorizer(tweetsvocab)
tweets_traindtm = create_dtm(it_train, tweetsvectorizer)

#fit the TF-IDF to the train data

tfidf <- TfIdfinew()

# fit the model to the train data and transform it with the fitted model

tweets_traintfidf <- fit_transform(tweets_traindtm, tfidf)

# apply pre-trained tf-idf transformation to test data

tweets_testtfidf < create_dtm(it_test, tweetsvectorizer) %%
transform(tfidf)

Figure 19. Term frequency-inverse document frequency

Train classifier GLM_NET with TF_IDF
- {r}

#Train classifier

#cross validation

n_folds = 10

glmnet_classifier = glmnet::cv.glmnet(
X = tweets_traintfidf,
y = tweets_train[["Polarity”]],
# set binary classification
family = 'binomial’,
# L1 penalty
alpha = 1,
# interested in the area under ROC curve
type.measure = "auc”,
# 4-fold cross-validation
nfolds = n_folds,
# high value is less accurate, but has faster training
thresh = le-3,
# again lower number of iterations for faster training
maxit = le3
)
print(paste("max AUC(Area under the curve) =", round(max(glmnet_classifiericvm),4)))
library(caret)
#install.packages ("pROC")
Tibrary(pROC)

#predict the test set
glmpred <- predict(glmnet_classifier, tweets_testtfidf, type = 'response')[ ,1]
auc(as.numeric(tweets_testfPolarity), glmpred)

#predict using class labels
class_labels = predict(glmnet_classifier,tweets_testtfidf , type = 'class') %%
as.factor()

Figure 20. Glmnet classifier with Term frequency-inverse document frequency
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N-gram was extracted from the tokenized tweets and was used to train a glmnet as presented
in Figure 21 and 22.

GLM_NET with NGRAMS

S

vocabNgrams = create_vocabulary(it_train, ngram = c(1L, 2L))

vocabNgrams = prune_vocabulary(vocabNgrams, term_count_min = 10,doc_proportion_max = 0.5)

bigram_vectorizer = vocab_vectorizer(vocabNgrams)

Ngrams_train = create_dtm(it_train, bigram_vectorizer)

Figure 21. Vocabulary n-gram

Nglmnet_classifier = cv.glmnet(x = Ngrams_train, y = tweets_train[["Polarity"]l],

family = 'binomial’,
alpha = 1,
type.measure = "auc",

nfolds = n_folds,
thresh = le-3,
maxit = le3)

print(paste("max AUC =", round(max(Nglmnet_classifier$cvm),4)))

#Test dataset
Ngrams_test = create_dtm(it_test, bigram_vectorizer)

#predict using class labels
Nclass_labels = predict(Nglmnet_classifier,Ngrams_test , type = 'class') %%
as.factor()

Figure 22. Glmnet classifier with vocabulary n-gram

Hash was extracted from the tokenized tweets and was used to train a gimnet as presented in
Figure 23 and 24.

GLM_NET with HSL
{r}

HSLvectorizer = hash_vectorizerChash_size = 2 A 14, ngram = c(1L, 2L))

HSL_train = create_dtm(it_train, HSLvectorizer)

Figure 23. Hash feature
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Hglmnet_classifier = cv.glmnet(x = HSL_train, y = tweets_train[["Polarity"]1],
family = 'binomial’,
alpha = 1,
type.measure = "auc",
nfolds = n_folds,
thresh le-3,
maxit = le3)
print(paste("max AUC =", round(max(Hglmnet_classifier$cvm),4)))

#Test dataset .
HSL_test = create_dtm(it_test, HSLvectorizer)

#predict using class labels
Hclass_Tlabels = predict(Hglmnet_classifier,HSL_test , type = 'class') %%
as. factor()

Figure 24. Glmnet classifier with hash

The tokenized dataset was then normalized in order to increase the precision, recall and f-
measure of the model, Figure 25 presents the normalization process.

GLM_Net with Normalization of DTM_train and test
S

TFIDFNorm_train = normalize(tweets_traintfidf, "11")
NgramsNorm_train = normalize(Ngrams_train,"11")
HSLNorm_train = normalize(HSL_train,”11")

Figure 25. Normalization of the tokenized tweets

Glmnet with all the feature were then trained on the normalized-tokenized tweets as shown in
figure 26, 27 and 28.

#HSL
NHglmnet_classifier = cv.glmnet(x = HSLNorm_train, y = tweets_train[["Polarity™]],
family = 'binomial"’,
alpha = 1,
type.measure = "auc"”,
nfolds = n_folds,
thresh le-3,
maxit = le3)
print(paste("max AUC =", round(max(NHglmnet_classifier$cvm),4)))

#predict using class labels
NHclass_labels = predict(NHgImnet_classifier,HSL_test , type = 'class') %=%
as.factor()

Figure 26. Glmnet classifier with hash on normalized-tokenized tweets
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#Ngrams
NNgImnet_classifier = cv.glmnet(x = NgramsNorm_train, y = tweets_train[["Polarity"]],

family = 'binomial"’,
alpha = 1,
type.measure = "auc”,

nfolds = n_folds,
thresh = 1le-3,
maxit = le3)

print(paste("max AUC =", round(max(NNglmnet_classifierfcvm),4)))

#predict using class labels
NNclass_labels = predict(NNglmnet_classifier,Ngrams_test , type = 'class') %%
as.factor()

Figure 27. Glmnet classifier with n-gram on normalized-tokenized tweets

#TFIDF
NTFglmnet_classifier = glmnet::cv.glmnet(
X = TFIDFNorm_train,
y = tweets_train[["Polarity"]],
family = "binomial’,
alpha = 1,
type.measure = “auc”,
nfolds = n_folds,
thresh = 1e-3,
maxit = le3
)
print(paste("max AUC(Area under the curve) =", round(max(NTFglmnet_classifier$cvm),4)))

#predict using class labels
NTFclass_labels = predict(NTFglmnet_classifier,tweets_testtfidf , type = 'class') %%
as.factor()

Figure 28. Glmnet classifier with n-gram on normalized-tokenized tweets

The above implementation further gave results which are evaluated and validated by the
evaluation metrics adopted from the literature. The next chapter shows the results from the
implementation.
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4 Results

The result of the implementation of the seven algorithms on sparse data and regularised
generalized linear model on tokenized and normalized tweets using precision, recall and f-
measure utilizing library “caret” in R-studio for the confusion matrix and 10 fold cross
validation was used to validate the result so that the result are not by chance.#

4.1 Results on Sparse Tweet

Classification and Regression Tree (CART)

The result of the implementation of Classification and Regression Tree (CART) and its best
tune parameter is presented in figure 29.

Confusion Matrix and Statistics

Reference
Prediction 1 2
1 469 27
2 2150 2592

Accuracy : 0.5844
95% CI : (0.5709, 0.5978)

No Information Rate : 0.5
P-value [Acc = NIR] : < 2.2e-106

Kappa : 0.1688

Mcnemar's Test P-Value : < 2.2e-16
Precision : 0.94556
Recall : 0.17908
F1 - 0.30112
Prevalence : 0.50000
Detection Rate : 0.0895%4
Detection Prewvalence : (0.09469
Balanced Accuracy : 0.58438
"Positive' Class 1
“ trials model winnow
1 1 tree FALSE

Figure 29. Classification and Regression Tree and its best tune parameter
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Linear Discriminant Analysis (LDA)

The result of the implementation of Linear Discriminant Analysis (LDA) and its best tune
parameter is presented in figure 30.

Confusion Matrix and Statistics

Reference
Prediction 1 2

1 2262 728

2 357 1891

Accuracy : 0.7929
95% CI : (0.7816, 0.8038)

No Information Rate : 0.5
P-value [Acc = NIR] : < 2.2e-16

Kappa : 0.5857

Mcnemar's Test P-Value : < 2.2e-16
Precision : 0.7565
Recall : 0.8637
F1 : 0.8066
Prevalence : 0.5000
Detection Rate : 0.4318
Detection Prevalence : 0.5708
Balanced Accuracy : 0.7929

'"Positive’ Class : 1

©  parameter

1 none

Figure 30. Linear Discriminant Analysis Tree and its best tune parameter
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Random Forest (RF)

The result of the implementation of Random Forest (RF) and its best tune parameter is
presented in figure 31.

Confusion Matrix and Statistics

Reference
Prediction 1 2
1 2310 615
2 309 2004

Accuracy : 0.8236
95% Cc1 : (0.813, 0.8338)
No Information Rate : 0.5
P-Value [Acc » NIR] : < 2.2e-16

Kappa : 0.6472

Mcnemar's Test P-Value : < 2.2e-16

Precision : 0.7897
Recall : 0.8820
F1 : 0.8333
Prevalence : 0.5000
Detection Rate : 0.4410
Detection Prevalence : 0.5584
Balanced Accuracy : 0.82306
"Positive’ Class : 1
© mtry splitrule min.node.size

4 113 extratrees 1

Figure 31. Random Forest and its best tune parameter
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C5.0 Decision Tree (c50)

The result of the implementation of C5.0 Decision Tree (c50)and its best tune parameter is
presented in figure 32.

Confusion Matrix and Statistics

Reference
Prediction 1 2
1 2301 753
2 318 1866

Accuracy : 0.7955
95% CI : (0.7844, 0.8064)
No Information Rate : 0.5
P-value [Acc > NIR] : < 2.2e-16

Kappa : 0.5911

Mchnemar's Test P-Value : < 2.2e-16

Precision : 0.7534

Recall : 0.8786

F1 : 0.8112

Prevalence : 0.5000

Detection Rate : 0.4393
Detection Prevalence : 0.5830
Balanced Accuracy : 0.7955

'"Positive’ Class : 1

“ trials model winnow

11 tree FALSE

Figure 32. C5.0 Decision Tree and its best tune parameter
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Regularized Generalized Linear Model (GLMNET)

The result of the implementation of Regularized Generalized Linear Model and its best tune
parameter is presented in figure 33.

Confusion Matrix and Statistics

Reference
Prediction 1 2
1 2256 739

2 363 1880

Accuracy : 0.7896
95% Cc1 : (0.7783, 0.8006)

No Information Rate : 0.5
P-vValue [Acc > NIR] : < 2.2e-16

Kappa : 0.5792

Mcnemar's Test P-vValue : < Z2.Ze-16
Precision : 0.7533
Recall : 0.8614
F1 : 0.8037
Prevalence : 0.5000
Detection Rate : 0.4307
Detection Prevalence : 0.5/718
Balanced Accuracy : 0.7896

"Positive' Class : 1

~ alpha lambda

2 01 0.00199113

Figure 33. Regularized Generalized Linear Model and its best tune parameter
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Adaptive Boosting (AdaBoost)

The result of the implementation of Adaptive Boosting (AdaBoost) and its best tune
parameter is presented in figure 34.

Confusion Matrix and Statistics

Reference
Prediction 1 2
1 468 25
2 2151 2594

Accuracy : 0.5846
95% CI : (0.5711, 0.598)
No Information Rate : 0.5
P-Value [Acc > NIR] : < 2.2e-16

Kappa : 0.1691

Mcnemar's Test P-value : < 2.2e-16

Precision : 0.94929

Recall : 0.17869

F1 : 0.30077

Prevalence : 0.50000

Detection Rate : 0.08935
Detection Prevalence : 0.09412
Balanced Accuracy : 0.58457

"Positive’ Class @ 1

“  mfinal maxdepth

9 130 3

Figure 34. Adaptive Boosting and its best tune parameter
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Extreme Gradient Boosting (XGBoost)

The result of the implementation of Extreme Gradient Boosting (XGBoost) and its best tune
parameter is presented in figure 35.

Confusion Matrix and Statistics

Reference
Prediction 1 2
1 2315 753

2 304 1866

Accuracy : 0.7982
95% cI : (0.7871, 0.809)

No Information Rate : 0.5
P-vValue [Acc > NIR] : < 2.2e-16

Kappa : 0.5964

Mcnemar's Test P-Value : < 2.2e-16
Precision : 0.7546
Recall : 0.8839
F1 : 0.8141
Prevalence : 0.5000
Detection Rate : 0.4420
Detection Prevalence : 0.5857
Balanced Accuracy : 0./7982

'"Positive’ Class : 1

“ nrounds max_depth eta gamma colsample_bytree min_child_weight subsample

108 130 3 0.4 0 0.8 1 1

Figure 35. Extreme Gradient Boosting and its best tune parameter
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4.2 Results on Tokenized and Normalized Tweets

The result of the implementation of Regularized Generalized Linear Model (GLMNET) on
tokenized tweets and normalized tweets with extraction of term frequency-inverse document
frequency (tfidf), vocabulary n-gram (n-gram), hashing (hsl).

GLMNET with tokenized tweet using tfidf

The result of is GLMNET with tokenized tweet using tfidf presented in figure 36.
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Confusion Matrix and Statistics

Reference
Prediction 1 2
1 2310 255
2 308 2363
Accuracy : 0.8925
95% CI :
Mo Information Rate :
P-Value [Acc = NIR] : <

2e-16

Kappa : 0.785
Mcnemar's Test P-Value : 02841
Precision : 9006
Recall : 8824
F1 8914

Prevalence :

Detection Rate :
Detection Prevalence :
Balanced Accuracy :
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w
o
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"Positive’ Class :

(0.8838, 0.9007)
0.5

Figure 36. Result of GLMNET with tokenized tweet using tfidf

GLMNET with tokenized and normalized tweet using tfidf

The result of is GLMNET with tokenized and normalized tweet using tfidf presented in figure

37.
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Reference
Prediction 1 2
1 2364 332
2 254 2286

Accuracy :

95% CI :

No Information Rate :
P-value [Acc > NIR] :

Kappa :
Mcnemar's Test P-wvalue :

Precision :

Recall :

F1
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Detection Rate :
Detection Prevalence :
Balanced Accuracy :

"Positive' Class :
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Figure 37. Result of GLMNET with tokenized and normalized tweet using tfidf
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GLMNET with tokenized tweet using n-gram

The result of is GLMNET with tokenized tweet using n-gram presented in figure 38.
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0 | ,
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® " 2 399 2342
(@] ; ¥
(0] % Accuracy : 0.8711
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g H K .
~ : No Information Rate : 0.5
o . P-value [Acc = NIR] < 2.2e-16
. Kappa : 0.7422
g . Mcnemar's Test P-vValue : 2.656e-06
Precision : 0.8894
: Recall : 0.8476
! ! ! ! F1 : 0.8680
10 8 6 4 Prevalence : 0.5000
Detection Rate : 0.4238
Detection Prevalence : 0.4765
log(Lambda) Balanced Accuracy : 0.8711
Figure 38. Result of GLMNET with tokenized tweet using n-gram
GLMNET with tokenized and normalized tweet using n-gram
The result of is GLMNET with tokenized tweet using n-gram presented in figure 39.
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'.. 2 306 2277
© '.- Accuracy : 0.8764
o . 95% CI : (0.8672, 0.8852)
' No Information Rate : 0.5
8 X P-value [Acc > NIR] <2e-16
L~ '.
o Kappa : 0.7529
) Mcrnemar''s Test P-Vvalue : 0.1813
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g Precision : 0.8715
T Recall : 0.8831
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g I T T I Detection Rate : 0.4416
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Figure 39. Result of GLMNET with tokenized and normalized tweet using n-gram
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GLMNET with tokenized tweet using hsl

The result of is GLMNET with tokenized tweet using n-gram presented in figure 40.
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Figure 40. Result of GLMNET with tokenized tweet using hsl
GLMNET with tokenized and normalized tweet using hsl
The result of is GLMNET with tokenized tweet using n-gram presented in figure 40.
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Figure 41. Result of GLMNET with tokenized and normalized tweet using hsl




4.3 Comparison of the Results with Existing Results

The best performing results from the implemented model were compared to the existing
literature results and Table 1 and 2 shows the comparison.

Table 1. Existing results from Literature

Tsugawa et.al (2015) 209 Twitter Recall = 0.69
Islam et.al (2018) 7145 Facebook Recall =0.98
De Choudhryet.al (2013) 476 Twitter Recall = 0.72

Table 2. Best model results from the implementation

Glmnet_TFIDF 15,234 Recall = 0.89

Glmnet_TFIDF_Norm 15,234 Recall =0.91

Glmnet Ngram Norm 15,234 Recall =0.89
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