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ABSTRACT



My dissertation reflects my work conducted at the Election Commission of India
Headquarters, New Delhi as the Statistical Expert for Lok Sabha Elections 2019.

This dissertation explores the first election to use big data analytics. The focus is to establish
an understanding of the impact of analytics and machine learning algorithms amongst both voters
and candidates alike. In the progressing general decisions 2019 in India, innovation hosts made it
simpler for political gatherings to measure the temperament of the voters and put their best message
forward. Ideological groups are utilizing huge information examination to assemble bits of
knowledge into voter inclinations dependent on their financial status, rank, nearby issues, and
different parameters. In light of the voter conclusion and fragments, modified decision crusades
with the most significant messages and recordings are being made and pitched to the particular
target gatherings. When the crusade is propelled, information is assembled to dissect its viability

and change it further as indicated by the reaction it creates.
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The Election Commission of India is a self-sufficient sacred specialist in charge of controlling race
forms in India. The body manages decisions to the Lok Sabha, Rajya Sabha, state Legislative
Assemblies, state administrative Councils, and the workplaces of the President and Vice President
of the nation.

Over the decades, the result of the political elections was analyzed and predicted by pundits
and political analysts. These predictions were often biased as they were produced using the
person’s personal experiences and had traces of mere intuitions. Keeping the effect of personal
biases in mind nowadays, the trends have shifted to more of scientific approaches. The election
results, voter turnout percentages and party performances are now predicted statistically using a
poll. Sample of voter data is collected to develop test cases and from that the result of the elections

are extrapolated.

Political races are known to be hard to anticipate, because of their results being the result
of an assortment of components. Just in this present decade have purported "surveyors" or analysts
picked up the capacity to precisely foresee Lok Sabha decisions. Given the limit of Al to learn
associations between components, we apply a combination of Al strategies to the errand of
envisioning race results from money related and factual data. All the more explicitly, we attempt
to foresee and clarify the outcomes from the Lok Sabha 1951-2014 decisions, and to assess the

impact of different factors on their results.

From this information, we extract different statistic and financial highlights, for example,
PC Number name, PC Type, Candidate Name, Candidate Sex, Candidate Category, Candidate Age,
Party Abbreviation, Total Votes Polled and Position. In spite of the fact that the information we
wish to utilize as of now exists, it is spread crosswise over numerous documents and arrangements.
We in this manner perform critical preprocessing and solidification arranges so as to acquire our

last informational index.

This report incorporates work accomplished for the Lok Sabha races led by ECI crosswise
over 17 Lok Sabha Elections from 1951-2019. The data used was scraped from approved interior

sources, converted to a database reasonable for long run. Enormous information and investigation



additionally helped drive the battle's advertisement purchasing choices, which brought about
obtaining promotions amid offbeat programming and schedule vacancies. Here again the group
depended on big data analytics, enormous information examination instead of on outside media
specialists and specialists to choose where and when advertisements should run. At last, this data-
driven approach demonstrated fruitful in getting the messages out to the focused-on watchers and
driving the turnout in states.

The expression "Big Data" came into spotlight when conventional database devices like
"RDBMS" become unable to deal with huge, unstructured information which is described by high
volume, speed, and assortment. Separating needful data from this huge information is one of the
primary difficulties for the two experts and database. Consistently around 2.5 quintillion bytes of
information are made. With this bounty of information, we can without much of a stretch create
some meaningful data by applying reasonable strategies to the informational index. Decisions are
held all through the world covering practically all the whole countries. The decision is a procedure
by which general public can pick their delegate by throwing their votes. Each country has various
terms and standards for the election procedure. Social Media is an online application stage which
encourages interaction, joint effort, and sharing of substance. Both open, just as political pioneers,
utilize internet-based life like Twitter, Facebook, and Google+ and so on for the battle, discourse,
forecast, and investigation of the race. These web based life particularly Twitter and Facebook
create a tremendous measure of crude information which is extremely helpful for both ideological
groups and overall population especially amid race times. Consequently, ideological groups utilize
web-based life since Politicians with higher online life commitment got moderately more votes
inside most ideological groups and furthermore it builds their battle since fan base of driving
political pioneers expanded with the beginning of their advanced crusade during the decisions. So
Political gatherings, even in creating nations, try cognizant endeavors to oversee internet-based life
appropriately amid their crusading stage. Significance of web-based life comes into the spotlight
when Barrack Obama won 2008 Presidential decision of America by utilizing web-based life

(Twitter) in his battling.

DATA COLLECTION

10



A critical component to great research is the precise and effective gathering and readiness
of data for analysis. Scholastic specialists have to spend exorbitant time cleaning data and training
data models preventing inclusion of garbage data and recording mistakes. The execution of
straightforward rules dependent on procedures utilized by expert information supervisory groups
will spare analysts time and cash and result in an informational collection more qualified to address
investigate questions. Since Microsoft Excel is regularly utilized by analysts to gather information,

explicit methods that can be actualized in Excel are exhibited.

For our dataset, we utilize an assortment of socio-economic information acquired from

data.gov.in, www .nic.in, http://eci.gov.in, https://eci.gov.in/statistical-report/statistical-reports and

http://www indiavotes.com joined with the area wide decision results from the 1951 to 2019 races.
So as to make the information as updated as could be allowed, we use information from the internal
sources of Election Commission of India. (any dissemination, use, review, distribution, printing or
copying of the information contained in this report and/or attachments to it are strictly prohibited.).
These reviews are performed yearly from a smaller bunch of regions and incorporate an abundance
of data, as opposed to the national statistics which is played out at regular intervals and just gathers
populace numbers. This choice empowers us to prepare on various information for the 1951-2019

elections.

We presently examine the source of our data inside and out. To acquire our information,
we utilize an information gathering highlight to crawl and scrape data and APIs, which enables the
access of different datasets without a moment's delay and their downloading as a bundle. Through
this strategy, we downloaded the crude information for the 1951-2014 years. All the more
explicitly, we download informational indexes relating to the significant subjective classes of

public sentiments.

In the wake of acquiring the crude informational collections as our basic raw datasets, we
start the way toward cleaning and consolidating them. To do as such, we previously changed over
the informational collections to csv documents. Afterwards, we make a technique that joins

numerous different csv records into a solitary Pandas data frame. Following this, we use Pandas to

11



expel numerous repetitive sections, which compare to highlights, for example, deface gins of

mistake, definitions of passages in substitute units or rates, and segments containing generally or

every unfilled passage. Following this, we join the records and match the information passages

with their relating region level outcomes. We treat missing qualities as NaNs in Pandas for the

motivations behind our analysis.
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Figure 2.1: Source of data extraction
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In [1): impore os
Asport re
import wrllid
from hashlib import shalSe
from luml.bhtal isport parse

In [2): def get{url):
*“*Retrioves a URL as an lxml tree, cached where possibie**"
filensme = '.coche.’ + shbalS6(url).hexdigest()
it not om.path.existeifilename);
htal » grilib. urlretriove(url, fileanass)
retura parse(filenase)

Iin [3]1 def comstituencies{url):
"**Yields dicts with state., state_code, constituency. coastituency code."”"
teee = get(url)
statecode = re.findall('st.valoe *we s\ [(["\')0) oTHdnF1d(|"\')*)",
tree.findall(',.//ecript')[0] . text, re.S)
statecode ~ {state:code for code, state im statecode)

# Comstitoancy coden are In Mdden input flelcds. Format ie:
# ocode,constituency; code,constituency; ...
for el im tree.findall(',//inpat[#id]'):
id = el.get('id’', '').strip{)
At \d.startavith{ sdarid'):
state = id.replace| Udarid', ')
for row in el.get| 'valoe') . mplit| ;')s
row = row.strip()
it row
cells » row.spliv(’',’)
yiela {
"state':z state,
'atatecode’:t statecode.get(state),
‘constituency’': cells[!]),

‘constituencycode’s cells{o)

In [4): @ef resulta(url):
"*"For a cosstitvancy URL, ylelds dicts with candidate, party, votes.”"*

tree = gatjurl)

# Rexuits are inside a table io a <div 19*"divi">
for row im tree.findall{'.//*(¥id="divi*)//tc'
cells = row.findall('td’)
42 lani{cells) >~ i:
yleld {
‘condidate’: cells|0).text.ntrip(),
‘party’r cells]l].text.strip(),
‘votes’'t cells]2)].text.strip(),

In [7): cdataset = ||
for place 1= constituencina('htep://eciranults. nic, In/ConstitunacywisnS265) . hen' ):

url = "ntep://eciresclts.nle.in/Constitueacywise{ ) {:n) hemPacn(:a}" . format (
place( 'statecode’ |, place] ‘coastituencycode’'], place['constituencycode’])

# print 'Dedug: scraping', place[ ‘state’), place| ‘constituency”]

for result im results(url):
rasult. update(place)
dotaset  append(resule)

with cpon('2013-result.txt’, ‘wb') as out:
fields = ['state’', 'comstitumncy’, ‘votes’, ‘candidate’, 'party’)
out.vrite('\t' . join(fields) « "\n")
tor row is dataset:
out.write| '\t  Join{row[f) for f in fields).encode{ 'utf-8") » "\n")

SAMPLE RESULT FROM DATA SCRAPPER
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zmpoct os

from grillb impors urlogen, urlrstrieve
from urlpanse rmpart urljoin

from bemd himl sopoet parse

from as.path import exists

from subprocess tmpoet call

FDF TO TEXT = ‘fusoRinke’sops/apdlpdilotexl cxe

base ~ Biipoeci.nsc ovect mam LV EkebonSlalistics. aspa’
tree = pame{uriopensbase))

files = see()
def downlond|year, lmk):

pdf_Gle = os.path join('raw’, year + '.pdf)
it not exists(pdt filc)
urdretrievelustjoim(base, link), pdf_file)
ext flie = pdl’ file replace!’ . pdf’, "Axt')
if not exists{text_file):
GIFDF TO TEXT, “ayoul', pdf fiie, &
files.add(year + "txt')

for td in tree findali’/*{@id="c"}tahle] | J/sd")
il bext is Nome:
cantevne
year = td. text.stmip().wplie(” 0]
downloadlyear, sd. findd' /') geot"hret'))

ENpoeT ¢
empoct logging

fieldlist = |
195111 I'NAME', PARTY", 'VUTES,
1957t 'NAME', PARTY", VOTES", ,.’]
1962.1x0" 'NAME', 'SEX', TARTY", 'VOTES', %],
1967.&xt'; 'INAME', SEX', PARTY, 'VOTES', %]
197111 'NAME', 'SEX', PARTY", 'VOTES, :]
1977.txts TNAME', 'SEX, PARTY’, 'VOTES, %47,
"1980.txt": 'NAME', SEX', PARTY", 'VOTES, :]
1984 txr; 'NAME', 'SEX', PARTY", 'VOTES, ",
1985.1xt": NAME', SEX', PARTY", 'VOTES', "%,
1989t 'NAME', 'SEX!, PARTY’, 'VOIES, "%,
1991 txt”: 'NAME', SEX, PARTY”, 'VOTES', 247,
1992.1x1”; 'NAME', SEX', PARTY", 'VOIES, %)
1996.txt"; [NAME', 'SEX', PARTY", 'VOTES, \]
1998111 'NAME', SEX', TARTY", 'VOTES', %5,
1999 txt": INAME', 'SEX’, PARTY", VOTES, “.w]
2004.1x1% 'NAME', SEX', 'AGE’, 'C \lL‘_rORY 'PARTY', 'GENERAL VOTES', 'POSTAL VOTES', 'VOTEY'],
2000 txt’; T2, NAME, 'SEX, 'AGE', 'CATEGORY", PARTY", 'GENERAL VOTES', POSTAL VOTES', VOTES', "4 BLECTORS', % VOTES"),

20141 .'\A.‘AL' SEX', 'AGE', 'CATEGORY", 'PARTY", 'GENERAL VOTES', 'POSTAL VOTES, 'VOTES"],

2019t [NAME', 'SEX", 'AGE', 'CATEGORY", PARTY", 'GENERAL VOTES', POSTAL VOTES', VOTES'),

\
i




def old_text parse(filename):

re_state = re.compile(r'” {25,}[A-Za-z].*")

re_electors = re.compile(r'ELECTORS *: *(\d+)")
else:

re_state = re.compile(r'"[A-Z][A-Za-z& ]+§")

re_electors = re.compile(r'Total Electors *(\d+)(.*)")

re_constituency = re.compile(r'Constituency *:? *(\d+) *\.7 *(.*)', re IGNORECASE)
re_name = re.compile(r'M\d+ *\. *')

results, electors =[], {}
state, constituency = None, None
for In, line in enumerate{open(filename)):
match = re_constituency.match(line)
if match:
constituency = match.group(2).split(" ')[0].upper()

continue

match = re_state.match(line)
if match:
state = line.strip().upper()
continue

match = re_electors.match(line)

if match:
electors|state, constituency] = match.group(1)
continue

parts = re.split(r' +', line.strip())
if len(parts) == len(fields):
row = dict(zip(fields, parts))
elif len(parts) 1:
row[NAME'] = row['NAME'] + "' + line.strip()
continue
else:
logging warn("%s:%d: %d parts, not %d: %s',

continue

row['STATE'] = state

row['PC'] = constituency

row['NAME'] = re name.sub(", row['NAME'])
results.append(row)




results = pd DataFrame{rusulls).set index(['STATE'
resufte{ "YEAR'] = filename.spin™.")[0)
resulis{"ELECTORS'] = pd.
if %' in resules

de] results[%%']
retuem resuftsrcset mdex()

piog bedicConligcvel=toggng INFO)

results < |
for filename in sorted(fieldist)
resulls apper

results « pd.coccu(results, ignore mdux=True)["YEAR STATE PC NAME SEX PARTY AGE CATEGORY VOTES ELECTORS' splil(' ")}

renzme = pd.oread o’ ORS¢ st index(] Freld', "Source'] ) Target!
for col = remame mdex. get Jeved values(0) unisquet)

resultsfeol | replace(rename ix[eol] to dict), nplsce=True)

resu VOTES'! = e

results[''] = resclts groaphy( [ YEAR', 'STATE 5 in', ascending~False)

regults 1Al E,'PC, VOTES Y ¢, Falsc), inpiacc~'Truc)
results 508
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Figure 2.3: Result of candidate data scraped
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PDF - EXCEL: PYTHON CODE

import requests

files = {'f": fileData}
apiKey = "1782VaKz29001"

fileExt = "csy

postUri=https://pdftables.com/api?key={0}&format={1}".format(apiKey, fileExt)

response = requests.post(postUri, files=files)

response.raise_for_status()

f.write(response.content)

19



DATABASE IN ANACONDA
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Figure 2.6: Result of the final database PC-wise created in Anaconda for analysis
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Figure 2.5: Result of the final database state-wise created in Anaconda for analysis
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TABLEAU

Data Visualization is a craft of showing the information in a way that even a non-analyst
can get it. An ideal mix of tasteful components like hues, measurements, marks can make visual
gems, henceforth uncovering astonishing business bits of knowledge which thusly causes
organizations to settle on educated choices.

Tableau is one of the fastest evolving Business Intelligence (BI) and data visualization

tool.

DATA EXTRACTION
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Figure 3.1: Result of data extraction in Tableau

21



220 Pee e -

"o
s B SO0 ST e - A SOOI TOF e OAAT TR DLILTOM  TOR Ao s
Y on L) s M . e LEARC BN o
LT 11 00 i LR . i M s s
[y un " ' e ' SRLEIN ML Lem
R ] o ) s o0 L) IRLIN WLy Lm
LT T 1N “ ’ £5. 0008 7 1LY BLR L
ANy an wi J e ’ Lhoa ) AN L
Ly oW ' N wey P LS s LY
o shw antry o v i N ’ L12L) M ORIENNN -
Ak o o ol L Mo . LLLE ) MM L
Naroramy oan L o) s TN ’ 1RILETY LMY LYe
Lo in 0 ' T ] 1 nnn Gl Les
M g [E) wn ’ raree . I n Lew
Werewads o wa AATHEA PR . sTAe . uf..u WA LN
Toursds o L) AnDedn PRADIS i R e ] - o s el s
Cuwia n wy ANTHIA PRAOL ' e i Laswwn L
L oun i MATHILA FRAO . ARY, s LA
L Cin Wl MR DR PRAOUSH ) 1) 0.0 < 1255w
Cowmws n wa ARTHRA AL . L Aktiee " LM
e feey = w0 ARTHEA PR s it s wna ) 1,184 50
Tramm “« wa ANTARA PRADM ] 0 e 3 7
(SR un i AT AT ' 1 vhoane .
faqwypn o » ANTHEA PR ’ i 2 ce 11 RE L
Cudnan Cn I ANDANA PRADSH ) 2 A7 M 13 LI
e n W ' o~ [ . LA
tewrtapw oan " ’ " worse ’ 12350
baves o <0 I x 7400 [ Lijan
LT n w, ' ar Loce v LM
Mo g rin L 0 5 b o 3 IRTEN. )
Vahaba b we on “ ¥ & (IR $ 123151
Hoyde bl an ~ ' L rhilea e IRTLAREY
Seewndesabed o w) L] " 85 5] Less YT
So%om o« v i L LD . LSSASHE 1T ILvn
Ve s o wq ‘. ' o) Pane . (FFIN ) [TEE RN
W ramahadt (2L L o) s » ssaies ) 11351 TN LYe
A tibae in “ ' n 2.7 7 LR LS Les
Prddiein “ we ’ -~ Shwes . IR LA A L
Mg o wa t r A2 8z e 124801y TR L
Tunardords i wn ) " P ? LIS O0ls Lrs

Figure 3.2: Result of data extraction PC-wise in Tableau
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DISTRIBUTION OF CANDIDATES ACROSS THE CONSITUENCIES
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Graph 3.2: Detailed Graphical representation of State-wise candidates standing across seats in the year 1951

Voter Turnout State-Wise (1- seat and 2-seat)
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Graph 3.3: Detailed Graphical representation of State-wise electors registered across seats in the year 1951
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WORSEN PARTICIPATION
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ANALYSIS OF ELECTOR REGISTRATION AND VOTER TURNOUT

WITH PYTHON /R

ELECTORS REGISTERED V/S VOTER TURNOUT 1951
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ELECTORS REGISTERED V/S VOTER TURNOUT 1962
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Graph 3.6: Detailed Graphical representation of State-wise elector registered and voter turnout in the year 1962
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Graph 3.8: Detailed Graphical representation of State-wise elector registered and voter turnout (Seat 1) in the year

1957
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Graph 3.9: Detailed Graphical representation of State-wise elector registered and voter turnout (Seat 2) in the year
1957

28



Electors Registered State-Wise (1-Soat and 2-Seat)
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Graph 3.10: Graphical representation of State-wise elector registered on Seat 1 and Seat 2: 1951
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ELECTORS REGISTERED STATE-WISE
1962
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Graph 3.12: Graphical representation of State-wise elector registered 1962
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Graph 3.13: Graphical representation of State-wise elector registered 1967
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ANALYSIS OF POLITICAL PARTIES’ PERFORMANCE OVER
YEARS 1951-2019 USING TABLEAU

PERFORMANCE OF ALL THE PARTIES

NDEPENDENTE : NATIONAL PARTIES : STATE PARTIES

Contestac Vion FD Contasted ! Contested

Graph 3.14: Graphical comparison of candidates 1951
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PERFORMANCE OF NATIONAL PARTIES VIA-A-VIS OTHERS
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PERFORMANCE OF POLITICAL PARTIES
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ANALYSIS OF VOTER TURNOUT OVER YEARS 1951-2019
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VOTER TURNOUT STATE-WISE
1962
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Graph 3.24: Detailed Graphical representation of voter turnout state-wise 1962
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VOTER TURNOUT FORECAST PREDICTION V/S ACTUAL

FIGURES
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Graph 3.26: Detailed Graphical comparison of forecast line and actual figure of voter turn-out in 2019 in Andhra
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MAP GENERATED USING TABLEAU FOR WINNING MARGIN
ANALYSIS ACROSS THE COUNTRY
YEAR: 2014

INDIA

PC Wise Winning Margin
(2014)

38



ANALYSIS OF WOMEN EMPOWERMENT OVER YEARS 1951-
2019

WOMEN PARTICIPATION
1971
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Gap in voter turnout over
the previous 12 LS polis
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Graph 3.30: Graphical comparison of men and women for vote casting across the years
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Graph 3.31: Depiction of women empowerment reflecting in the voting behaviour
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Graph 3.32: Graphical representation of share in voting percentage (Men v/s Women)
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ANALYSIS OF POLLING STATIONS IN THE ELECTORAL

BATTLE
POLLING STATIONS STATE-WISE
1971
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Graph 3.33: Depiction of polling stations across states 1971
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POLITICAL PARTY VOTE BANK
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Graph 3.34: Comparison of party wise voter-bank prevailing since 1951
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POLITICAL PARTY VOTE BANK
1962
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Graph 3.36: Comparison of party wise voter-bank clearly widening the gap as years change
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PERFORMANCE OF POLITICAL PARTIES
1951
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PERFORMANCE OF NATIONAL PARTIFS VIA-A-VIS OTHERS
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ANALYSIS OF VOTES PERCENTAGE ACROSS YEARS 1951-

2019 USING TABLEAU

Percentage of vates polled 19531
Graph 3.40: Detailed Graphical representation of percentage of votes polled across states in 1951
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Graph 3.41: Detailed Graphical representation of percentage of votes polled across states in 1957
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Graph 3.42: Detailed Graphical representation of percentage of votes polled across states in 1962

£

PERCEMIAGE CF WCTES POLLED
1967

QU

ey,

,».

Siinar
[ELEYEY

Vet
Nosa

ek vl dy
v gerh

'
=eteliveton
fo b g 1)
e Wt
At braivh
vt

Uadte= shaya nv
.

CARA LA e

!

for O ) Bwvadarasd oe buas o sz Meen o ahibansds she =0

-

weomloes

St
[ oesnapeavh

W oo

B Rnse

| JIEITE IO Py

e

WA brassst

. Med e

Wb

By (T3

Wi

W iron

. | gl
Rejav=sn

| RIE)

L WTRTREEAT J

W e 4

e

Ci'rd
ok

L O
Vg

Wit Voot
e e

SN CERES TR T S I BAT) IRV SR O |

B s

| O T Y P
B oA oap ~rer

| oren

Bourer

- et pen
Wuico Cboge faan
| [N

WG e
Baowvy

W nasars

| TRTPTEPRIENTeS
B asim oot w
LTI
| IR
Bt Pracmey
Bracne
-i-'n'. Lot
.V-('l.'r
-h-A' -
Wi
W et v
| LRI
-kqulhn
|
Bt val
WMo~

L

A

(A=Y

1"2=al
rr b

wy

Panvevermy
Kasailan

A

1r e

PR TR I ’ o

Graph 3.43: Detailed Graphical representation of percentage of votes polled across states in 1967

47

CE P P R

PR

AR



POLL PERCENTAGE STATE-WISE
1971
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IMPLEMENTATION OF DEEP LEARNING ALGORITHMS

RANDOM FOREST ALGORITHM:

Random Forest is an adaptable, simple to utilize Al calculation that produces, even without
hyper-parameter tuning, an incredible outcome more often than not. It is likewise a standout
amongst the most utilized calculations, since it's straightforwardness and the way that it tends to
be utilized for both order and relapse undertakings. In this post, you will realize, how the arbitrary

backwoods calculation works and a few other significant things about it.

Random Forest is a directed learning calculation. Like you would already be able to see
from its name, it makes backwoods and makes it some way or another irregular. The ,.forest" it
manufactures, is a group of Decision Trees, more often than not prepared with the "sacking"
strategy. The general thought of the packing technique is that a blend of learning models builds the
general result. Random Forest has almost a similar hyperparameters as a choice tree or a stowing
classifier. Luckily, you don't need to consolidate a choice tree with a packing classifier and can just
effectively utilize the classifier-class of Random Forest. Like I previously stated, with Random

Forest, you can likewise manage Regression assignments by utilizing the Random Forest regressor.

Random Forest adds extra arbitrariness to the model, while developing the trees. Rather
than hunting down the most significant element while part a hub, it looks for the best element
among an arbitrary subset of highlights. This outcomes in a wide decent variety that for the most

part results in a superior model.
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Figure 4.1: Flowchart to depict the working of random forest classifier in the electoral tweet analysis

e

Subsequently, in Random Forest, just any random subset of the highlights is mulled over
by the calculation for part a hub. You can even make trees increasingly arbitrary, by moreover
utilizing irregular edges for each component as opposed to hunting down the most ideal edges (like

a typical choice tree does).
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BAGGING OF DATA

Decision tree application

import numpy as np

from sklearn.feature_ extraction.text import CountVectorizer, TfidfVectorizer
from sklearn.feature extraction.text import TfidfTransformer

from sklearn import metrics

from sklearn.ensemble import RandomForestClassifier, ExtraTreesClassifier
from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import BaggingClassifier

import os

import pandas as pd

import utils as ul

from sklearn.pipeline import Pipeline
import matplotlib
matplotlib.use('TkAgq')

import matplotlib.pyplot as mplt

import inspect
fileDir = os.path.dirname(os.path.abspath(inspect.getfile(inspect.currentframe()))) # script directory
filePath = fileDir.rsplit('/', 1)[0]

import numpy as np
import matplotlib.pyplot as pilt
from itertools import cycle

tfidf vect, tfidf vect ngram, tfidf vect ngram chars, vectorizer = ul.get vectorize ngrams()

def plot precision recall (precision, recall, fl score, text, figname):
num classes = 8
colors = ['blue', 'green', 'red', 'cyan', 'magenta', 'yellow', 'black', 'gray']
full label = []
labels = ['anger', 'arousal', 'dominance', 'faith', 'fear', 'joy', 'neutral', 'sadness']
plt.figure(figsize=(7, 8))
lines = []
count = 0
for f score in fl score:
x = np.linspace(0.01, 1)
y = £ score * x / (2 * x ~ £ _score)
1, = plt.plot(x[y >= 0], y[y >= 0], color=colors[count], alpha=0.2)
full label.append(labels[count] + ', £1={0:0.1£},".format(f score) + 'p={0:0.1f},'.format(precision[count]) +
'r={0:0.1£}'.format(recall[count]),)
count = count + 1
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for 1 in range(num classes):
1, = plt.plot(recall[i], precision[i], color=colors[i], lw=2)
plt.legend([1], [full label(i] ], loc=(0.6, .7), prop=dict(size=8))
lines.append(l)

fig = plt.gef()

fig.subplots_adjust(bottom=0.25)

plt.xlin([0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel( 'Recall’)

plt.ylabel('Precision')

plt.title('Precision-Recall Curve for' + text, fontsize =6)

plt.legend(lines, full label, loc=(0.8, .7), prop=dict(size=8))
mplt.savefig(filePath + "/figs/congress/bagging/"+ figname + ".png") #save the figs

def apply rf bagging(training set x, training set y, test set x, test set y, party name):

X = vectorizer.fit transform(training set x).toarray()
tfidf_vect ngram.fit(training set x)

xtrain tfidf = tfidf vect ngram,transform(training set x)
xvalid tfidf = tfidf vect ngramtransform(test set x)

clf = RandomForestClassifier(n estimators=500,
max_features=0.25,
criterion="entropy",
class_weight="balanced")
clf.fit(X, training set y)

pred = clf.predict (vectorizer,transform(test set x).toarray())

pscore_1 = metrics.accuracy score(test set y, pred)

print("RandomForest Accuracy' , pscore 1)

precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)

print("RandomForest Precision =", precisions)

print("RandomForest Recall =", recall)

print("RandomForest F1 score =", f1 score)

plot precision recall (precisions, recall, fl score,
, 'rf-cv')

+ party name + ' :CountVector with RandomForestClassifier'

clf = RandomForestClassifier(n estimators=500,
max_features=0.25,
criterion="entropy",
class_weight="balanced")
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clf.fit(xtrain tfidf, training set y)

pred = clf.predict (xvalid tfidf)

pscore 2 = metrics.accuracy score(test set y, pred)

print("RandomForest Accuracy" , pscore 2)

precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)

print("RandomPorest Precision =", precisions)

print("RandomForest Recall =", recall)

print("RandomForest F1 score =", fl_score)

plot_precision recall(precisions, recall, f1 score,
tdidf')

+ party name + ' :TfIdf with RandomForestClassifier', 'rf-

text clf = Pipeline([('vect', vectorizer), ('tfidf', TfidfTransformer()), ('rf', RandomForestClassifier(n estimato
rs=500,
max_features=0.25,
criterion="entropy",
class weight="balanced"))])
text clf.fit(training set x, training set y)
pred = text_clf.predict(test set x)
pscore 3 = metrics.accuracy score(test set y, pred)
print("RandomForest Accuracy" , pscore 3)
precisions, recall, f1 score, _ = metrics.precision recall fscore support(test set y, pred)
print ("RandomForest Precision =", precisions)
print("RandonForest Recall =", recall)
print("RandomForest F1 score ="', fl_score)
plot precision recall(precisions, recall, fl1 score, ' ' + party name + ' :CountVector & TfIdf with RandomForest(la
ssifier', 'rf-pip’)

def apply extratree bagging(training set x, training set y, test set x, test set y, party name):

X = vectorizer.fit transform(training set x).toarray()
tfidf vect ngram.fit(training set x)

xtrain tfidf = tfidf vect ngram,transform(training set x)
xvalid tfidf = tfidf vect ngram.transform(test set x)

clf = ExtraTreesClassifier(criterion="gini",
max_depth=None,
nin_samples split=2,
nin_samples leaf=1,
max_features=0,25)



clf.fit(X, training set y)

pred = clf.predict(vectorizer.transform(test_set x).toarray())

print("ExtraTrees-count vector" + str(pred))

pscore 1 = metrics.accuracy score(test set y, pred)

print("ExtraTrees Accuracy” , pscore 1)

precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)

print("ExtraTrees Precision =", precisions)

print("ExtraTrees Recall =", recall)

print("ExtraTrees F1 score =", fl score)

plot_precision recall(precisions, recall, fl_score,
'et-cv')

+ party name + ' :CountVector with ExtraTreesClassifier',

clf = ExtraTreesClassifier(criterion="gini",
max_depth=None,
min_samples split=2,
min_samples leaf=l,
max_features=0.25)
clf.fit(xtrain tfidf, training set y)
pred = clf.predict(xvalid_tfidf)
print("ExtraTrees - tfidf" + str(pred))
pscore 2 = metrics.accuracy score(test set y, pred)
print("ExtraTrees Accuracy" , pscore 2)
precisions, recall, f1 score, _ = metrics.precision recall fscore support(test set y, pred)
print("ExtraTrees Precision =", precisions)
print("ExtraTrees Recall =", recall)
print("ExtraTrees F1 score =", fl score)
plot precision recall(precisions, recall, fl score, ' ' + party name + ' :TfIdf with ExtraTreesClassifier', 'et-td
if')

text clf = Pipeline([('vect', vectorizer), ('tfidf', TfidfTransformer()), ('eb', ExtraTreesClassifier(criterion="g
ini",
max_depth=None,
min_samples split=2,
min_samples leaf=1,
max_features=0.25))])
text clf.fit(training set x, training set y)
pred = text clf.predict(test set x)
pscore 3 = metrics.accuracy score(test set y, pred)
print("ExtraTrees Accuracy" , pscore_3)
precisions, recall, f1 score, _ = metrics.precision recall fscore support(test set y, pred)
print("ExtraTrees Precision =", precisions)
print("ExtraTrees Recall =", recall)
print("ExtraTrees F1 score =", fl score)
plot precision recall(precisions, recall, fl score, ' ' + party name + ' :CountVector & TfIdf with ExtraTreesClass
ifier', 'et-pip')
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def apply decisiontree bagging(training set x, training set y, test set x, test set y, party name):

X = vectorizer.fit transform(training set x).toarray()
tfidf vect ngram.fit(training set x)

xtrain tfidf = tfidf_vect ngram.transform(training set x)
xvalid tfidf = tfidf vect ngram.transform(test set x)

clf = DecisionTreeClassifier()

clf.fit(X, training set y)

pred = clf.predict(vectorizer.transform(test set x).toarray())

pscore_1 = metrics.accuracy score(test set y, pred)

print("DecisionTrees Accuracy" , pscore 1)

precisions, recall, f1 score, _ = metrics.precision recall fscore support(test set y, pred)

print("DecisionTrees Precision =", precisions)

print("DecisionTrees Recall =", recall)

print("DecisionTrees F1 score =", f1 score)

plot_precision recall(precisions, recall, fl score,
, dt-cv')

(A% T

+ party name + ' :CountVector with DecisionTreeClassifier'

clf = DecisionTreeClassifier()

clf.fit(xtrain tfidf, training set y)

pred = clf.predict(xvalid tfidf)

pscore 2 = metrics.accuracy score(test set y, pred)

print("DecisionTrees Accuracy" , pscore 2)

precisions, recall, fl score, = metrics.precision recall fscore support(test set y, pred)

print("DecisionTrees Precision =", precisions)

print("DecisionTrees Recall =", recall)

print("DecisionTrees F1 score =", f1 score)

plot_precision recall(precisions, recall, fl score,
tdif')

+ party name + ' :TfIdf with DecisionTreeClassifier', 'dt-

text_clf = Pipeline([('vect', vectorizer), ('tfidf', TfidfTransformer()), ('eb', DecisionTreeClassifier())])

text clf.fit(training set x, training set y)

pred = text_clf.predict(test set x)

pscore 3 = metrics.accuracy score(test set y, pred)

print("DecisionTrees Accuracy' , pscore 3)

precisions, recall, f1 score, = metrics.precision recall fscore support(test set y, pred)

print("DecisionTrees Precision =", precisions)

print("DecisionTrees Recall =", recall)

print("DecisionTrees F1 score =", f1 score)

plot precision recall(precisions, recall, fl score,
ssifier', 'dt-pip')

+ party name + ' :CountVector & TfIdf with DecisionTreeCla
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def apply clf bagging(training set x, training set y, test set x, test set y, party name):

X = vectorizer.fit transform(training set x).toarray()
tfidf vect ngram.fit(training set x)

xtrain tfidf = tfidf vect ngram.transform(training set x)
xvalid tfidf = tfidf vect ngram.transform(test set x)

clf = BaggingClassifier(n estimators =23,
max_features=0.25)

clf fit(X, training set y)

pred = clf predict (vectorizer.transforn(test set x).toarray())

pscore 1 = metrics.accuracy score(test set y, pred)

print("Bagging Accuracy" , pscore 1)

precisions, recall, fl score, = metrics.precision recall fscore support(test set y, pred)

print("Bagging Precision =", precisions)

print('Bagging Recall =", recall)

print("Bagging F1 score =", f1 _score)

plot precision recall(precisions, recall, fl score,
-cv')

(|

+ party name + ' :CountVector with BaggingClassifier', 'bg

clf = BaggingClassifier(n estimators =25,
max_features=0,25)
clf fit(xtrain tfidf, training set y)
pred = clf.predict (xvalid tfidf)
pscore 2 = metrics.accuracy score(test set y, pred)
print("Bagging Accuracy' , pscore 2)
precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)
print("Bagging Precision =", precisions)
print('Bagging Recall =", recall)
print("Bagging F1 score =", f1 score)

(|

plot precision recall(precisions, recall, f1 score, ' ' + party name + ' :TfIdf with BaggingClassifier', 'bg-tdif'

text clf = Pipeline([('vect', vectorizer), ('tfidf', TfidfTransformer()), ('pipbg', BaggingClassifier(n estimators
=25,
max_features=0.25))])
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text clf.fit(training set x, training set y)

pred = text_clf.predict(test set x)

pscore 3 = metrics.accuracy score(test set y, pred)

print("Bagging Accuracy" , pscore 3)

precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)

print("Bagging Precision =", precisions)

print("Bagging Recall =", recall)

print("Bagging F1 score =", f1 score)

plot precision recall(precisions, recall, f1 score,
er on RandomForest', 'bg-pip')

L]

+ party name + ' :CountVector & TfIdf with BaggingClassifi

def apply clf rf bagging(training set x, training set y, test set x, test set y, party name):

rf = RandomForestClassifier(n_estimators=500,
max_features=0.25,
criterion="entropy",
class_weight="balanced")

X = vectorizer.fit transform(training set x).toarray()
tfidf vect ngram.fit(training set x)

xtrain tfidf = tfidf vect ngram.transform(training set x)
xvalid tfidf = tfidf vect ngram.transform(test set x)

clf = BaggingClassifier(base estimator = rf, n_estimators =25,
max_features=0.25)

clf.fit(X, training set y)

pred = clf.predict(vectorizer.transform(test _set x).toarray())

pscore 1 = metrics.accuracy score(test set y, pred)

print("Bagging Accuracy" , pscore 1)

precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)

print("Bagging Precision =", precisions)

print("Bagging Recall =", recall)

print("Bagging F1 score =", f1 score)

plot precision recall(precisions, recall, fl score,
ndonForest', 'bg-rf-cv')

L | 1

+ party name + ' :CountVector with BaggingClassifier on Ra

clf = BaggingClassifier(base estimator = rf, n estimators =25,
max_features=0.25)
clf.fit(xtrain tfidf, training set y)
pred = clf.predict(xvalid tfidf)
pscore 2 = metrics.accuracy score(test set y, pred)
print("Bagging Accuracy" , pscore_2)
precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)
print("Bagging Precision =", precisions)
print("Bagging Recall =", recall)
print("Bagging F1 score =", f1 score)
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LI}

plot precision recall(precisions, recall, f1 score,
rest', 'bg-rf-tdif')

+ party name + ' :TfIdf with BaggingClassifier on RandomFo

text clf = Pipeline([('vect', vectorizer), ('tfidf', TfidfTransformer()), ('pipbg', BaggingClassifier(n _estimators
=25,
max_features=0.25))])

text_clf.fit(training set x, training set y)

pred = text clf.predict(test set x)

pscore 3 = metrics.accuracy score(test set y, pred)

print("Bagging Accuracy" , pscore 3)

precisions, recall, fl1 score, _ = metrics.precision recall fscore support(test set y, pred)

print("Bagging Precision =", precisions)

print("Bagging Recall =", recall)

print("Bagging F1 score =", f1 score)

plot precision recall(precisions, recall, fl score,
ier on RandomForest', 'bg-rf-pip')

+ party name + ' :Count Vector & TfIdf with BaggingClassif

U |

if _name == ' main ':

tain path = filePath + "/train/sentiments/train-dataset/"

test path = filePath + "/train/sentiments/test-dataset/"

train file names = os.listdir(tain path)

test file names = os.listdir(test path)

party names = ['Bjp', 'Congress', 'Bjp-Congress', 'Neutral']

for i in range(0, len(train file names)):
train = pd.read csv(tain path+ train file names[i]).dropna()
test = pd.read csv(test patht test file names[i]).dropna()

print("Processing file,." + train file names[i])

training set x = train['tweet'].values
training set y = ul.label encode(train( 'mood'])
test set x = test['tweet'].values
test set y = ul.label encode(test['mood'])
apply rf bagging(training set x, training set y, test set x, test set y, party names[i])
apply clf bagging(training set x, training set y, test set x, test_set y, party names[i])
apply extratree bagging(training set x, training set y, test set x, test set y, party names[i])
apply decisiontree bagging(training set x, training set y, test set x, test set y, party names[i])
apply clf rf bagging(training set x, training set y, test set x,
test set y, party names[i])
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Bagging Classifier : BJP Sentiment prediction
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Figure 3.2: Precision recall curve for BJP: Count Vector with bagging classifier
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Figure 3.3: Precision recall curve for BJP: Random forest with bagging classifier
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Bagging Classifier : Congress Sentiment prediction
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Figure 3.5: Precision recall curve for Congress: Count Vector with bagging classifier
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Figure 3.6: Precision recall curve for Congress: Random forest with bagging classifier
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BOOSTING OF DATA

lmport numpy as np

from sklearn.f{eature_extraction.text import CountVectorizer, TfidiVectorizer
from sklearn,feature extraction,text import TfidfTransformer

trom skiearn import metrics

from sklearn.ensesble import (radientBoostingClassifier

from sklearn.ensemble import AdaBoostClassifier

from xgboost import XGBClaxsifier

from sklearn.model selection import RandomizedSearchCV, GridSearchCV
from sklearn.metrics import roc_aue score

from sklearn.model selection import StratifiedKFold

import datetime

from sklearn.preprocessing import label binarize

from catboost import CatDoostClassifier

import matplotlib

matplotlib.use( 'TkAgg')

import matplotlib.pyplot as pit

import pandas as pd

import utils as ul

import os
from sklearn.pipeline import Pipeline
import lightgbm as lgb

import inspect
fileDir = os.path.dirname(os.path.abspath{inspect.getfile(inspact.currentframe()))) # script directory
filePath = fileDir.rsplit|'/', 1)[0]

tfidf vect, tfidf vect ngram, tfidf vect nqram chars, vectorizer « ul.get vectorize ngrama)

def plot precision recall{precision, recall, fl score, text, figname):
num _classes = §
colors = ['blue', 'green', 'red', 'cyan', 'magenta’, 'yellow', 'black', 'gray'|
full label = []
labels = ['anger', 'arousal', 'dominance', 'faith', ‘fear', 'joy', 'neutral'; 'sadness’|
plt.fiqure(figsize={7, £))
lines = [}
count = 0
for £ score in f1 score:
X = np.linspace(0.01, 1)
y = £ 8core * % / (2 % %~ £ score)
1, = plt.plot(x[y >~ 0], y[y >~ 0], colorscolora[ecount], alpha~0.2)
full label.append(labels{count] + ', f1%{0:0.1f),' .format(f score) ¢+ 'p={0:0.1f},".format(precision[count]) ¢
'va{0:0.1f)' . format (recallfcount]),)
count = count + 1
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for i in range(num classes):
1, = plt.plot(recall[i], precision[i], color=colors[i], lw=2)
plt.legend((1], [full label[i] ], loc=(0.6, .7), prop=dict(size=8))
lines.append(1)

fig = plt.gcf()

fig.subplots adjust(bottom=0.25)

plt.xlim([0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel( 'Recall’)

plt.ylabel( 'Precision')

plt.title('Precision-Recall Curve for ' + text, fontsize =6)
plt.legend(lines, full label, loc=(0.6, .7), prop=dict(size=8))
plt.savefig(filePath + "/figs/bjp/boosting/"+ figname + ".png")

def timer(start time=None):

if not start time:
start time = datetime.datetime.now()
return start time

elif start time:
thour, temp sec = divmod((datetime.datetime.now() - start time).total seconds(), 3600)
tmin, tsec = divmod(temp _sec, 60)
print('\n Time taken: ii hours %i minutes and %s seconds.' % (thour, tmin, round(tsec, 2)))

def apply gradient boosting(training set x, training set y, test set x, test set y, party name):

X = vectorizer.fit transform(training set x).toarray()
tfidf vect ngram.fit(training set x)

xtrain_tfidf = tfidf vect ngram.transform(training set x)
xvalid tfidf = tfidf vect ngram.transform(test set x)

clf = GradientBoostingClassifier(n estimators =100, learning rate =0.1, max depth=6, min samples leaf =1, max_feat
ures=1.0)

clf.fit(X, training set_y)

pred = clf.predict(vectorizer.transform(test set x).toarray())

pscore = metrics.accuracy score(test set y, pred)

precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)

print("GradientBoosting Precision =", precisions)

print("GradientBoosting Recall =", recall)

print("GradientBoosting F1 score =", f1 score)

print("Gradient Boosting Accuracy=", pscore)

plot_precision recall(precisions, recall, fl_score,

' ' + party name + ' :CountVector with GradientBoostClassifier', 'gb-count')

clf = GradientBoostingClassifier(n_estimators =100, learning rate =0.1, max_depth=6, min samples leaf =1, max_feat

ures=1.0)
clf.fit(xtrain tfidf, training set y)
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text clf = Pipeline([('vect', CountVectorizer()), ('tfidf', TfidfTransformer()), ('gb', GradientBoostingClassifier
(n_estimators =100, learning rate =0.1, max depth=6, min samples leaf =1, max features=1.0))])

text clf.fit(training set x, training set y)

pred = text clf.predict(test set x)

pscore = metrics.accuracy score(test set y, pred)

precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)

print("GradientBoosting Precision =", precisions)

print("GradientBoosting Recall =", recall)

print("GradientBoosting F1 score =", f1 score)

print("Gradient Boosting Accuracy=", pscore)

plot_precision recall(precisions, recall, fl score,

' '+ party name + ' :CountVector & TfIdf with GradientBoostClassifier', 'gb-pip')

def apply lightgbm boosting(training set x, training set y, test set x, test set y, party name):
X = vectorizer.fit transform(training set x).toarray()
tfidf vect ngram.fit(training set x)
xtrain tfidf = tfidf vect ngram.transform(training set x)
xvalid tfidf = tfidf vect ngram.transform(test set x)

clf = 1gb.LGBMClassifier (boosting type= 'gbdt',
objective = 'multi-class’,
n_jobs = 3,
silent = True,
max_depth = 4,colsample bytree=0.66, subsample = 0.75, num leaves =1f)

clf.fit(X, training set y)
pred = clf.predict(vectorizer.transform(test set x).toarray())
pscore = metrics.accuracy score(test set y, pred)
precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)
print("Light GBM Precision =", precisions)
print("Light GBM Recall =", recall)
print("Light GBM F1 score =", f1 score)
print("Light GBM Accuracy=", pscore)
plot precision recall(precisions, recall, f1 score,
' ' + party name + ' :CountVector with LightGBMClassifier', 'lgb-count')

clf = lgb.LGBMClassifier (boosting type='gbdt',
objective='multi-class',
n_jobs=3,
silent=True,
max_depth=4, colsample bytree=0.66, subsample=0.75, num_leaves=16)
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clf.fit(xtrain tfidf, training set y)
pred = clf.predict(xvalid tfidf)
pscore = metrics.accuracy score(test set y, pred)
precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)
print("Light GBM Precision =", precisions)
print("Light GBM Recall =", recall)
print("Light GBM F1 score =", £l score)
print("Light GBM Boosting Accuracy=", pscore)
plot precision recall(precisions, recall, fl score,
' '+ party name + ' :TfIdf with LightGBMClassifier', 'lgb-tfidf')

text clf = Pipeline([('vect', CountVectorizer()), ('tfidf', TfidfTransformer()), ('lgb', lgb.LGBMClassifier(boosti
ng_type='gbdt',

objective='multi-class',

n_jobs=3,

silent=True,max_depth = 4,colsample bytree=0,66, subsample = 0.75, num leaves =1f))])
text_clf.fit(training set x, training set y)
pred = text_clf.predict(test set x)
pscore = metrics.accuracy score(test set y, pred)
precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)
print("Light GBM Precision =", precisions)
print("Light GBM Recall =", recall)
print("Light GBM F1 score =", £l score)
print("Light GBM Accuracy=", pscore)
plot_precision recall(precisions, recall, f1_score,

' '+ party name + ' :CountVector & TfIdf with LightGBMClassifier', 'lgb-pip')

def apply xg boosting(training set x, training set y, test set x, test set y, party name):
X = vectorizer.fit transform(training set x).toarray()
tfidf vect ngram.fit(training set x)
xtrain_tfidf = tfidf vect ngram.transform(training set x)
xvalid tfidf = tfidf vect ngram.transform(test set x)

xgb = XGBClassifier(max depth=2, learning rate=0.l,
n_estimators=100, silent=True,
booster="gbtree')

xgb.fit(X, training set y)

pred = xgb.predict(vectorizer.transform(test set x).toarray())

pscore = metrics.accuracy score(test set y, pred)

precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)
print("XgBoost Precision =", precisions)

print("XgBoost Recall =", recall)

print("XgBoost F1 score =", fl score)

print("XgBoost Accuracy=", pscore)
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xgb.fit(xtrain tfidf, training set y)
pred = xgb.predict(xvalid tfidf)
pscore = metrics.accuracy score(test set y, pred)
precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)
print("XgBoost Precision =", precisions)
print("XgBoost Recall =", recall)
print("XgBoost F1 score =", fl score)
print("XgBoost Accuracy=", pscore)
plot_precision recall(precisions, recall, fl score,
' ' + party name + ' :TfIdf with XgBoostClassifier', 'xgb-tfidf')

text clf = Pipeline([('vect', CountVectorizer()), ('tfidf', TfidfTransformer()), ('xgb', XGBClassifier(max depth=2
, learning rate=0.1,

n_estimators=100, silent=True,

booster='gbtree'))])
text clf.fit(training set x, training set y)
pred = text clf.predict(test_set x)
pscore = metrics.accuracy score(test set y, pred)
precisions, recall, fl score, _ = metrics.precision recall fscore support(test set y, pred)
print("XgBoost Precision =", precisions)
print("XgBoost Recall =", recall)
print("XgBoost F1 score =", fl score)
print("XgBoost Boosting Accuracy=", pscore)
plot precision recall(precisions, recall, fl score,

" '+ party name + ' :CountVector & TfIdf with XgBoostClassifier', 'xgb-pip')

def apply ada boosting(training set x, training set y, test set x, test set y, party name):

X = vectorizer.fit transform(training set x).toarray()
tfidf vect ngram.fit(training set x)

xtrain tfidf = tfidf vect ngram.transform(training set x)
xvalid tfidf = tfidf vect ngram.transform(test set x)

clf = AdaBoostClassifier()
clf.fit(X, training set y)
pred = clf.predict(vectorizer.transform(test set x).toarray())
pscore = metrics.accuracy score(test set y, pred)
precisions, recall, f1 score, _ = metrics.precision recall fscore support(test set y, pred)
print("AdaBoosting Precision =", precisions)
print("AdaBoosting Recall =", recall)
print("AdaBoosting F1 score =", f1_score)
print("AdaBoosting Accuracy=", pscore)
plot precision recall(precisions, recall, fl score,
' '+ party name + ' :CountVector with AdaBoostClassifier', 'ab-cv')

clf = AdaBoostClassifier()

clf.fit(xtrain tfidf, training set y)
pred = clf.predict(xvalid tfidf)

66



text clf = Pipeline([('vect', CountVectorizer()), ('tfidf', TfidfTransformer()), ('ab', AdaBoostClassifier())])
text clf.fit(training set x, training set y)
pred = text_clf.predict(test set x)
pscore = metrics.accuracy score(test set y, pred)
print("AdaBoost - pipeline count vector + tdiff" + str(pred))
print (pscore)
precisions, recall, f1 score, _ = metrics.precision recall fscore support(test set y, pred)
print("AdaBoosting Precision =", precisions)
print("AdaBoosting Recall =", recall)
print('AdaBoosting F1 score =", f1 score)
print("AdaBoosting Accuracy=", pscore)
plot precision recall(precisions, recall, fl score,
' '+ party name + ' :CountVector & TfIdf with AdaBoostClassifier', 'ab-pip')

| I

if name ==' main_":

tain path = filePath + "/train/sentiments/train-dataset/"

test path = filePath + "/train/sentiments/test-dataset/"

train file names = os.listdir(tain path)

test file names = os.listdir(test path)

party names = ['Bjp', 'Congress', 'Bjp-Congress', 'Neutral']

for i in range(0, len(train file names)):
train = pd.read csv(tain patht train file names(i}]).dropna()
test = pd.read csv(test path+ test file names[i]).dropna()

print("Processing file.." + train file names[i])

training set x = train['tweet'].values

training set y = ul.label encode(train['mood'])

test_set x = test['tweet'].values

test set y = ul.label encode(test| 'mood'])

apply xq boosting(training set x, training set y, test set x, test set y, party names[i])

apply gradient boosting(training set x, training set y, test set x, test set y, party names[i])
apply ada boosting(training set x, training set y, test set x, test set y, party names[i])
apply lightgbm boosting(training set x, training set y, test set x, test set y, party names[i))
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Result for BJP
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Figure 4.1: Precision recall curve for BJP: Decision tree classifier
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Figure 4.2: Precision recall curve for BJP: Tfldf with Decision tree classifier and countVector
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Figure 4.3: Precision recall curve for BJP: Tfldf with Decision tree classifier
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Figure 4.4: Precision recall curve for Congress: Decision tree classifier
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MULTI-CLASS TEXT CLASSIFICATION WITH LSTM

Automatic text classification or report arrangement should be possible from multiple points

of view in Al as we have seen previously.

In this it is shown how a Recurrent Neural Network (RNN) utilizing the Long Short Term

Memory (LSTM) design can be executed utilizing Keras.

In

{731t

i

df = pd.read csv{'/Users/ritika/Downloads/train/sentiments/LokShobaELe2019BTP-moods.cev')

df.info()

<class 'pandas.core.frame.DataFrame'>

Rangelndex:

Data colunns (total 23 columns):

id

prediction
polarity
subjectivity
compound

neg

neu

pos

mood

tweet
created at
favourites count
statuses count
followers count
retweeted
retweet count
retweeted text
lecation
hashtags

user mentions
symbols

urls

amo3i

15442
15442
15442
15442
154942
15442
15442
154942
15442
15442
154942
154942
15442
15442
154942
15442
15332
15442
15442
15442
15442
15442

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non~null
non-null
non-npull
nen-null
non-null
non-null
non-null
non-null
non-null
non-null

15442 entries, 0 to 15441

inté64
int64
£loatéd
floated
floatéd
floatéd
floatéd
floated
ocbject
object
object
int64
intéd
intéd
bool
int64
object
object
inté64
intéd
intéd
ints4

1156 non-null object
dtypes: bool{l), floatéd(b), int6d(1lD), object(b)
remory usage: 2.6+ MD
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LABEL CONSOLIDATION

In [76]: df.mood.value counts()

Out[76]: dominance 6969
joy 2876
arousal 1677

sadness 1196
anger 999
neutral 827
fear 453
faith 445
Name: mood, dtype: inté64

Table 5.1: Value of occurrence of moods (BJP)

o 1810 df) "eid’ )uvalog cotntgd § et _valucsiascendlngeratoe) iplotiiads "Lar , Mities susbcr of posple shewing scallrxat',
titimw Sactimants adcob garty ')

Sentiments ahous party
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fzriterem L el ceirmon LM raoiel fanr fodih

Graph 5.1: Sentiment of public towards BJP
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In [91]:

In [89]:

In [92]:

In [93]:

In [95]:

In [96]:

LSTM MODELING

Vectorize tweet content, by transforming every content into either an arrangement of
numbers or into a vector.
Point of confinement the informational collection to the best 5,0000 words.

Set the maximum number of words in each tweet at 250.

def print plot(index):
example = df[df.index == index][['tweet', 'mood']].values[0]
if len(example) > 0:
print(example[0])
print('mood:', example[1])
print plot(1l)

opposition statehood delhi confession lied elections
mood: anger

print plot(106)

president amit shah party’s election incharge piyush goyal visit today
mood: dominance

# The maximum number of words to be used. (most frequent)

MAX NB WORDS = 50000

# Max number of words in each complaint.

MAX SEQUENCE_LENGTH = 250

# This is fixed.

EMBEDDING DIM = 100

tokenizer = Tokenizer(num words=MAX NB WORDS, filters='!"#8%&()*+,~./:;<=>28[\]" “{|}~', lower=True)
tokenizer.fit on texts(df['tweet'].values)

word index = tokenizer.word index

print('Found %s unique tokens.' % len(word index))

Found 16272 unique tokens.
X = tokenizer.texts to sequences(df['tweet'].values)

X = pad_sequences (X, maxlen=MAX SEQUENCE LENGTH)
print('Shape of data tensor:', X.shape)

Shape of data tensor: (15442, 250)

Y = pd.get dummies(df[ 'mood']).values

print('Shape of label tensor:', Y.shape)

Shape of label tensor: (15442, 8)

X train, X test, Y train, Y test = train test split(X,Y, test size = 0.10, random state = 42)

print(X train.shape,Y train.shape)
print(X test.shape,Y test.shape)
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TRAIN TEST SPLIT

In [96]: X train, X test, Y train, Y test = train test split(X,Y, test_size = 0.10, random state = 42)
print(X_train.shape,Y train.shape)
print(X test.shape,Y test.shape)

(13897, 250) (13897, 8)
(1545, 250) (1545, 8)

n [101]: import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
from keras.preprocessing.text import Tokenizer
from keras.preprocessing.sequence import pad sequences
from keras.models import Sequential
from keras.layers import Dense, Embedding, LSTM, SpatialDropoutlD
from sklearn.model_selection import train test split
from keras.utils.np utils import to categorical
from keras.callbacks import EarlyStopping
from keras.layers import Dropout
import re
from nltk.corpus import stopwords
from nltk import word tokenize
STOPWORDS = set(stopwords.words('english'))
from bs4 import BeautifulSoup
import plotly.graph objs as go
import plotly.plotly as py
import cufflinks
from IPython.core.interactiveshell import InteractiveShell
import plotly.figure factory as ff
InteractiveShell.ast node interactivity = 'all’
from plotly.offline import iplot
cufflinks.go offline()
cufflinks.set config file(world readable=True, theme='pearl')

[n [105]: model = Sequential()
model.add(Embedding(MAX NB WORDS, EMBEDDING DIM, input length=X.shape[l]))
model.add(SpatialDropoutlD(0.2))
model.add(LSTM(100, dropout=0.2, recurrent dropout=0.2))
model.add(Dense(8, activation='softmax'))
model.compile(loss='categorical crossentropy', optimizer='adam', metrics=['accuracy'])
print(model.summary())
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Layer (type) Output Shape Param #

embedding 19 (Embedding) (None, 250, 100) 5000000
spatial dropoutld 2 (Spatial (None, 250, 100) 0

lstm 12 (LSTM) (None, 100) 80400
dense 14 (Dense) (None, 8) 808

Total params: 5,081,208
Trainable params: 5,081,208
Non-trainable params: 0

None

The primary layer is the inserted layer that utilizes 100 length vectors to speak to each word.

e SpatialDropoutlD performs variational dropout in NLP models.

o The following layer is the LSTM layer with 100 memory units.

o The output layer must make 8 yield qualities, one for each class.

e Actuation work is SoftMax for multi-class characterization.

e Since it is a multi-class order issue, categorical_crossentropy is utilized as the misfortune

work.
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Table 6.1: Training model for epochs value 6

The primary layer is the Embedded layer that utilizes 32 length vectors to speak to each
word. The following layer is the LSTM layer with 100 memory units (smart neurons). At long last,
since this is a grouping issue we utilize a Dense yield layer with a solitary neuron and a sigmoid

enactment capacity to make O or 1 expectations for the two classes (great and terrible) in the issue.

Since it is a binary classification issue, log loss is utilized as the loss function
(binary_crossentropy in Keras). The proficient ADAM optimization algorithm enhancement
calculation is utilized. The model rapidly overfits the issue. A huge cluster size of 64 surveys is

utilized to space out weight refreshes.

We can see dropout having the ideal effect on preparing with a marginally slower pattern
in combination and for this situation a lower last precision. The model could most likely utilize a

couple of more ages of preparing and may accomplish a higher ability (attempt it a see).

On the other hand, dropout can be connected to the info and intermittent associations of the

memory units with the LSTM definitely and independently.

Keras gives this capacity parameters on the LSTM layer, the dropout for designing the info
dropout and recurrent_dropout for arranging the repetitive dropout. For instance, we can alter the

primary guide to add dropout to the info and intermittent associations as pursues:
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In [107]:

In [108]:

accr = model.evaluate(X test,Y test)
print('Test set\n Loss: {:0.3f}\n Accuracy: {:0.3f}'
.format(accr[0],accr[1]))

1545/1545 [==============================] - {5 3ms/step
Test set

Loss: 1.115

Accuracy: 0.738

MAPPING OF ACCURACY AND DATA LOSS

plt.title('Loss')

plt.plot(history.history['loss']}, label='train')
plt.plot(history.history['val loss'], label='test')
plt.legend()

plt.show();

Loss

16 1 - {rain

14 1 — test

12 -
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Figure 6.1: Loss depiction on training v/s testing model
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In [109]: plt.title('Accuracy’)
plt.plot(history.history['acc’'], label='train')
plt.plot(history.history['val acc'], label='test')
plt.legend()
plt.show();

Accuracy

L) L L

0.0 05 10 15 2.'0 25 3.'0 3,'5 40

Figure 6.2: Accuracy depiction on training v/s testing model

The plots propose that the model has a little over fitting issue, more information may help, yet more

epochs won't with the present data.
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TEST WITH A NEW COMPLAINT

In [132}: new _complaint = ['cancalled meetings personally worked army justice running promotions’,
‘'walceming tours foraign leaders difference. ']
g8y ~ tokenizer.texts to sequences{new complaint)

In |133): puadded = pad sequences|{seq, maxlen-MAX SEQUENCE LENGTH)
pred = nodel.predict(padded)

In |134}; labels = [ dominance,ioy,arcusal,sadness,anger,neutral, fear faith']

In (1351 printipred)

[[2.3835369%9~-06 3.7573222e~C06 9.999791de~01 9.8280691e~-07 2.0092470e-07
1.1066293c-05 1.5910436c-07 2.26195770-08|

[1.5723685a-04 9.81715050e-01 1.72403€60-02 3.91931100-06 7.58461830-04
4.5815536e-06 5.0033163a8-05 £.9850043a-05])

The model works fine for new tested results.

Prediction and keywords generated correctly.

In [120]: new _positive tweets = pd.Series(["nda achieved sustained growth low inflation"
,"healthy india making”
,"president exudes confidence together win seats"])

df counts_pos = tc.transform(new positive tweets)
df clean pos = ct.transform(new positive tweets)
df model pos = df counts_pos

df model pos['clean text'] = df_clean_pos

best_model.predict(df_model pos).tolist()

out[120): ['joy', 'joy', 'joy'l]
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REGRESSION ALGORITHMS

RIDGE REGRESSION

_. 0e *lin_reg.py - [Users/ritika/Downloads/lin_reg.py {3.7.0)*

Apars nunpy o= np
inpors pondas as pd
inpors notplotliib.pyplot 4o plt

from sklearn, Linear_nodel (nport LinearRegression, Ridge
frem sklearn. matreics (nprct mean_squared_error, ri_score

2 ganercte rardowm data-set
#np.randan. seed(@)

£x = np.random.rand(18Q,2)

2y = 2 + 3*x 4 np.randon.rond(102,2)
fprint{x)

df = pd.recd_csv( C:\\Users\\ADMIN\\Deskzop\\ect _data_1951 2819\\voter.csv')

Vtype(df! "Electors'])

% = np.reshopeldé ' Electors ') . values,(len(df), 1))
y = np.reshape(df['Voters ') velues, {lenldf), 1))

? sckit-1earn inplementation

print(x)

2 Madel initialization

Fregression_nedel « LinearRegression()

#regression_ncdel - LinearRegression{)

regression_model = Ricge(alpha=18.5)

#Fit the dotaltrain the model)

regression _model.fit{x, y)

0 Predict

y.predicted = regression.model.predict(x)

? model evoluotion
rHSe = mean_squared_error(y, y_predicted)
r2 w r2_score(y, y_prodicted)

2 printing values

print(*Slope:' ,regression_model.coef )
print('Intercept:’, regression_nmcdel.intercept )
print( 'Root mean sguared arror: ', rase)
print('R2 score: *, r2)

? plotting values

¢ doto points
ple.scatter(x, y, s«18)
plt.xlabel("x')
ple.ylabel('y")

2 predictac values

plt. plot(x, y_predicted, colors'r')
plt.show()
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Figure 7.1: Ridge regression on unclean data
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Figure 7.2: Ridge regression on clean data
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SIMPLE LINEAR REGRESSION MODEL AND LASSO
REGRESSION

We presently depict the procedure through which we directed regression on our data. We
outline the regression issue as an endeavor to utilize the previously mentioned statistic information
to anticipate the portion of voters who pick candidates by region. We perceive promptly that we
have couple of precedents relative to the quantity of highlights in our model. For the 2014 race, we
have 820 precedents and 897 highlights. Utilizing the information cleaning strategy portrayed in
segment 2, we can decrease the quantity of highlights in our model from 897 to 188. We speculate
that utilizing LASSO relapse would suit our concern well, the same number of the highlights are
probably going to be futile or excess. LASSO regularization regularizes utilizing the L1 standard,

and seeks to optimize the loss function.

L= (wi— =82+ A |15
)=1

=1

All in all, we see that LASSO relapse boundlessly beats Ridge relapse on the uncleaned
information. After manually cleaning the data, we find that Ridge regression and LASSO
regression perform similarly, with Ridge relapse giving more consistent outcomes which are
correspondingly less touchy to changes in the esteem A. This recommends a little measure of
highlights from our unique informational collection are sufficient to describe our model to define

decision expectations giving election predictions.

All the more by and large, our outcomes here likewise recommend that when the
information is too intricate to even consider being physically cleaned and just restricted information
are accessible, LASSO regression can possibly be a valuable apparatus for distinguishing

superfluous or repetitive highlights.
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CLASSIFICATION ALGORITHMS

We currently outline our undertaking as classification problem. All the more explicitly, we
utilize similar data to prepare and test our models, characterizing a positive guide to be one where
more prominent than the greater part of the voters pick an INC candidate, and a negative guide to
be one where not exactly 50% of the voters pick a BJP competitor. To tackle the characterization
issue, we utilize calculated logistic regression (with both L1 and L2 regularization), a delicate edge
SVM classifier, and decision trees. We play out these methods on both the cleaned and uncleaned
variants of our information to determine the nearness of analysis like what we saw in segment 3.1.
Here, we save 720 precedents for preparing and 100 case for testing. On account of calculated
regression and the SVM, we utilize 120 of the 720 preparing precedents as an approval set, to pick
A (regularization coefficient) and C (punishment on blunder term) separately. To create our
outcomes, we pick regularization quality for strategic relapse and SVM by tuning regularization
parameters (A and C respectively) through matrix look, measuring our exhibition on the approval
set. In Tab. 1 and Tab. 2, we show the characterization exactnesses we accomplish on the uncleaned

and cleaned information, separately.

Election Classification Accuracy on Uncleaned Data

Method | Training | Validation | Test
LR. |10 077 |08
Ll-reg

LR, [ 1.0 [0.71 [0.74
L2-reg

SVM [ 0.98 [0.77 [0.73
Decision | 1.0 [ N7/A 081

Ill'l'\

Table 8.1: Characterization exactnesses: uncleaned data
Table: Order exactness or Classification accuracy on uncleaned information of PCs casting a ballot

GOP utilizing calculated logistic regression, SVM classifiers, and decision trees. We utilized a

matrix inquiry and execution on a held-out approval set to discover ideal hyperparameters
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Election Classification Accuracy on Cleaned Data |

‘Method | Training | Validation | Test
LR, 0.85 {).85 0.79
[1-reg

LR, [ 0.86 .80 0.8
[.2-reg

SVM 0.8 | 0.82 0.81
Decision (.99 N/A ().88
Trees

Table 8.2: Characterization exactnesses: cleaned data

Table: Characterization precision of Classification accuracy on cleaned information of areas
casting a ballot GOP utilizing strategic logistic regression, SVM classifiers, and choice trees. We
utilized a matrix pursuit and execution on a held-out approval set to discover ideal

hyperparameters.

Our work with classification arrangement yields a few interesting results. Outstandingly,
we can acquire a 0.88 grouping exactness on inconspicuous test information with generally
equivalent extents of positive and negative examples. Plainly, we can separate well between PCs
that vote GOP, and regions that don't, founded exclusively on statistic data. Further, we see that
while the two regularization procedures produce comparative results on the cleaned information,
L1 regularization immeasurably beats L2 regularization on the un-cleaned informational indexes.
This outcome again proposes that a large portion of the information we expelled in cleaning was
immaterial, just prompting a pointlessly unpredictable model. As L1 regularization drives singular
parameters to O not at all like L2 regularization, L1 regularization adequately pruned good for
nothing highlights when preparing. Besides, we see that decision trees yield the best test precision
of the order techniques tried. The decision trees result in an inadequate arrangement, which can be
checked by just a couple of highlights having high "significant" in our model. The XGBoost (Chen
and Guestrin, 2016) "significance score" is a proportion of the data increase of a specific
component arrived at the midpoint of over the trees in a helped model. Rotating on just a couple of
unmistakable highlights with high data gain allowed our supported decision trees to perceive the

most significant highlights and sum up well.
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CLUSTERING

To check whether our information contained any normal segmentation that could be
learned, we test a Gaussian Mixture Model on our data. We utilize the sci-kit (Pedregosa et al.,
2011) learn package and used the EM algorithm to fit k clusters to our data. This segment will talk

about how these outcomes coordinated different strategies.

We first train exclusively on 2014 statistic data. Utilizing our cleaned dataset, for instance
information that does not utilize numerous sections, and so forth, we can accomplish combination
utilizing k = 2 to k = 8 groups. Since our information contains a couple of exceptions as far as
populace, pay, or different variables, we regularly watch a couple of groups that catch these few

points.

There are some significant insights for our bunches utilizing a couple of various number of

groups. Outcomes are plotted along the two most significant highlights.

Presently we might want to break down the consequences of our simplest and most robust
clustering, that is k = 3. It is exceptionally obvious to see that our clusters are for the most part
isolated along populace lines. There are a lot of rustic regions that have exceptionally low populace
and differing ages. These districts will in general vote BJP generally 70% of the time, which

matches with regular instinct that country territories are republican inclining.

This plot likewise confirms our instinct that substantial urban focuses vote only BJP. The
little cluster relating to these extensive provinces have no INC casting a ballot region. Our fair
measured group, which relates to rural regions with marginally higher salary all things considered
than the other two, likewise will in general vote democrat however not only. With generally 10%
of these areas casting a ballot BJP, this matches with our instinct and our outcomes from different

strategies.
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Clustering could be utilized to produce a decision outcome. To do this, we could
characterize a generative procedure that utilizes our blended Gaussian Model. Accepting delicate

cluster assignments characterized by:

v plLriy = -ll')l_ I =
Ply =tz

\"_ 'vn'.,- Yy = ll"ll =1

- ) -

where Z speaks to the normalization constant steady, 7 describes the likelihood of being in each
cluster. Presently given another PC, we might want to foresee whether a district cast a BJP or INC
vote. First register the soft cluster assignments for another region, and after that utilization a
binomial procedure for each cluster to appoint BJP or INC. We document this utilizing V to speak

to the clear-cut categorical vote variable, with R for Independent candidates
PV = R|x) }_:,'.:I\' Ry = i.z)eply — ix)

This generative procedure could be utilized to anticipate a future election given current statistic

information.
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ADVANCEMENT OF AI IN POLITICS

The greatest choice the triumphant political party made was to move far from the customary
way to deal with voters; which is to send only one communicated message to the entire nation,
covering everybody, paying little mind to age, sexual orientation, area or some other key
differentiator. Utilizing Big Data, the winning candidate had the option to draw nearer to the
intended interest group, improving commitment and discussing the definite things that was

imperative to the voter.

A smarter methodology is to send messages that is significant to individuals, instead of
worn-out updates that do nothing as well as simply report the campaigners. Big Data analytics
enables the ideological groups to become more acquainted with their voters on an individual
dimension. Prevalent innovation and complex instruments help find and comprehend their
necessities and the various ways the voters can be drawn nearer. This is a colossal arrangement for

the universe of political issues.

ENGAGING VOTERS

Generally, ideological political parties’ groups depended on that minority that bolstered
them wholeheartedly and relied upon them to voice their adoration on social stages to construct
more mindfulness. Presently, with Big Data, a noteworthy number of voters who truly 'don't have
the foggiest idea' can be focused on. Give us a chance to call these don't-knows, gliding voters.
Machine-based learning can help with more astute focusing of such coasting voters. These voters
can likewise be isolated into numerous different classifications, for example, the segment that can
be influenced into settling on a choice, another segment that is uncertain and numerous others. In
this way, changing over gliding voters can get in votes that generally were never conceivable to

get.
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Graph 10.1: Heatmap for voting percentage across Phase 1 states: 1951 - 2019

Information investigation instruments can help comprehend which segments are bound to
pick and bolster a gathering. Rather than utilizing area as a parameter, Big Data analytics can
produce a ton of details, for example, paper inclinations, age, and instruction foundation and look

into watchwords in Facebook and Twitter channels too.

VARIOUS CHANNELS TO REACH THE VOTERS

With Big Data, Al and information mining, political parties have an edge over other people
who keep concentrating just on conventional models for their battles. This edge is basically
interfacing with voters by means of web-based life, a significant channel. Information mining from
web-based life stages, for example, Facebook and Twitter enables gatherings to comprehend the
worries, issues and feelings voters host towards their get-together and how it could be various

inside the various areas of the nation.
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It was such data that was utilized by India's political parties to fabricate their system,
successfully target voters, enroll volunteers and improve their various channels to achieve the voter
at the doorstep to customizing messages via web-based networking media accounts. Before we go

there, how about we comprehend what data mining is in any case.

Data Mining is "Filtering through exceptionally a lot of information for helpful data. It uses
artificial intelligence techniques, neural systems, and progressed factual apparatuses, (for example,
bunch data) to uncover patterns, examples, and connections, which may somehow or another have
stayed undetected. Rather than a specialist framework (which draws inferences from the given
information based on a lot of principles) information mining endeavors to find concealed guidelines
fundamental the information. Additionally, called data surfing, it empowers clients to find

examples and bits of knowledge from enormous scale archives.

IDEOLOGICAL POLITICAL GROUPS MOVING AWAY FROM
TRADITIONAL MODELS

Being enlivened by effective battles of Obama's Big Data in decisions, even ideological
groups in the UK have gradually moved far from the customary models as of late. Both the work
and the traditionalist gatherings have put intensely into their computerized mediums; they've

likewise procured the equivalent advanced counselors who were a piece of the Obama group!

Data can be utilized research indeed, yet breaking down information from open responses
to ideological groups, their crusades, strategies and even reactions in basic circumstances should
be done in continuously. Information examination assumes a significant job in changing the final
product of any crusade. It is no big surprise that India's own one of a kind Narendra Modi is viewed
as a standout amongst the most innovation and online life sagacious government officials on the
planet! PM Modi has no under 10k adherents on Twitter, 32 million likes on Facebook and 440

million perspectives on Google+

92



Modi has a place with the BJP party which won the 2014 races in India with the assistance
of open-source computerized devices that put them legitimately in contact with their voters. The
majority of the measurements to do that were accomplished utilizing information mining and
information investigation to dive into the plenty of web-based life exercises. Indeed, even versatile
clients were thought about. Be that as it may, there is no precluding a noteworthy number from
claiming voters must be achieved the conventional way - direct human contact.
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Graph 10.2: Area Chart for voting comparison of polarity and subjectivity between BJP and

Congress public opinion

In any case, BJP made brilliant moves to connect with their potential voters utilizing a mix
of advanced and conventional channels to enroll volunteers - both on the web and disconnected.
Albeit broad communications were the committed channel for the voters certain about voting in
favor of BJP, to achieve the gliding voters and even negative voters, correspondence connected at
the smaller scale levels on the Internet, portable and web-based life - separated from the

conventional road battles.
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ELECTION DATA ANALYSIS

Skoric et. al. [25] in their paper considered the decisions information amid the Singapore
General Elections. They discovered that however the prescient intensity of Twitter for decisions
cannot be professed to be on a par with in the Germany races by Tumasjan et. al. [26], however it
is still superior to risk. Their mean outright mistake was higher than that of past investigations and
reasoned that Twitter is characteristic of the popular feeling. Gayo-Avello [11] in his paper
considered the US Presidential Elections 2008 and indicates how examination of twitter
information neglected to foresee Obama's success even in Texas. He guaranteed that the twitter
information is one-sided and cannot be utilized as an agent test. He likewise tested the assumption

examination utilized in the before papers.
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Graph 11.1: Tweet count for one day broken down from yearly database

94



To the extent India General Elections 2019 were concerned, twitter information was
likewise examined by Sim-plify360.1 They prepared both short summary as well as a detailed
report on the elections data. They arranged a Simplify360 Social Index (SSI) to figure the ubiquity
of the legislators. Mindfulness, spread, conspicuousness and positivity were 4 parameters they
utilized for the figuring of their file. The investigation by the NEXT Center at the National
University of Singapore was a week by week analysis.2 They would discover the insights about
the three noteworthy gatherings AAP, BJP and Congress from the week by week information and
furthermore report the political occasions that occurred that week. Their last segment had some
political audits about the three principle competitors. Kno.e.sis, an examination bunch at Wright
State University additionally broke down India General Elections 2014 with the assistance of
Twitris+, a semantic social web application.3 The entry demonstrated the cheerfulness for the three
noteworthy gatherings. The confidence was determined taking the quantity of notices and slants of
the tweets as parameters. Aside from this, there were a few entryways by news media houses that
demonstrated some bit about the sort of exercises going on Online Social Media (OSM), for e.g.,

the pages by IBN and TOI

We broke down the total dataset to discover intriguing examples with regards to it and
furthermore to check if the trifling things were likewise obvious in the information gathered. We
found that the movement on Twitter topped amid significant occasions identified with races. It was
clear from our information that the political conduct of the legislators influenced their adherents
check and accordingly prominence on Twitter. One more point of our work was to locate a
proficient method to arrange the political direction of the clients on Twitter. To achieve this
undertaking, we utilized four distinct procedures: two depended on the substance of the tweets
made by the client, one on the client-based highlights and another dependent on network
recognition calculation on the retweet and client notice systems. We found that the network
location calculation worked best with a proficiency of over 80%. It was likewise observed that the

substance-based strategies did not admission well in the arrangement results.
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Graph 11.2: Time series analysis of tweet occurrences

With an expect to screen the day by day approaching information, we manufactured an
entryway to demonstrate the examination of the tweets of the most recent 24 hours. This entrance
broke down the tweets to locate the most drifting themes, hashtags, the sort of slants gotten by the
gatherings, area of the tweets and furthermore observed the ubiquity of different political pioneers
and their gatherings' records on Twitter. As far as we could possibly know, this is the primary
scholarly interest to investigate the races information and arrange the clients in the India General

Elections 2019.

96



GRAPH DEPICTING THE COMPLEXITY AND VASTNESS

OF DATA FROM TWITTER FOR MERELY 10 DAYS
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POLITICAL ORIENTATION PREDICTION

Despite the fact that forecast of decision results with Twitter has been a beaten issue,
relatively few atentices have been made at the order of the political introduction of the clients.
Conoveret. al. [9] examined the 2010 U.S. midterm races information and anticipated the
introduction of the twitter clients with an effectiveness of 95%. They utilized the dormant semantic
investigation for ordering the substance of the clients' tweets and discovered high connection

esteems between the substance and the political arrangement of the clients.

Golbeck et.al. [12] attempted to locate the political inclinations of the devotees of famous
news media's records on Twitter. They determined a political inclination score (P Score) for every
one of the clients dependent on the records they were following. It was proposed that dependent
on the count of the groups of onlookers' inclinations, the inclining of the particular media houses
can likewise be discovered. Cohen et. al. [8] in their work tested crafted by Conover et. al. [9].
They said that the classifier created by them would not work on the off chance that it was utilized
for a lot of clients who were not in all respects politically dynamic on Twitter. They partitioned the
arrangement of clients into political figures, politically dynamic and moderate clients and
contrasted it and the Conover et. al. informational index and found the effectiveness of the classifier
to be lower for their situation.

In this segment we will look at the prevalence of the two heads, Arvind Kejriwal (AAP)
and Narendra Modi (BJP). We are not taking Rahul Gandhi for the examination since he doesn't
have a checked record and the record @BeWithRG is additionally not asserted by him. To think
about the prominence, we have taken two estimates that are utilized in computation of the Klout
score too, for example the quantity of supporters and the quantity of retweets of the tweets made
by their record. We determined the Pearson's relationship factor of every one of these two
parameters with the Klout score. We found the estimation of Pearson's connection between the
Klout score and number of devotees to be 0.956, though it was 0.463 just between the Klout score
and the normal number of retweets. So we can say that the quantity of devotees is a superior

proportion of ubiquity.
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We were following the records of these pioneers since long and endeavoured to see their
number of adherents for every day. The record of Narendra Modi, screen name @narendramodi
has been on Twitter since January 2009, while Arvind Kejriwal's record @ArvindKejriwal has
been since November 2011. Diagrams appearing number of adherents for both these pioneers are
appeared in Figure 4.8. We can see that the quantity of devotees for Kejriwal in the start of the
chart is about 0.4 million, while it is more than 1.9 million for Modi. There have been steep ascent
in the chart for Kejriwal around the dates eighth Dec (when he won Delhi gathering races), 29th
Dec (when he made vow as the Delhi CM), twentieth Jan (when he organized dissent against Delhi
police) and the lofty ascent to some degree standardized after 28th Jan. Anyway there was no fall
in the bend around fourteenth Feb (when he quit as Delhi CM) similar to the hypothesis in the
media. When we take a gander at Modi's diagram, we don't locate any precarious ascent or fall
even after his presentation as PM applicant on thirteenth Sept, the bend has been always expanding
with the exception of a couple of glitches on 23rd Nov (which could be because of ascend in

prevalence of AAP).

To think about the two diagrams on an equivalent scale, we looked at the rate change in the
quantity of supporters for every day for both these pioneers. The diagram in Figure 4.9
demonstrates the correlation. We can see that the adjustment in Kejriwal's supporters was
constantly higher than Modi's, which never topped. If it's not too much trouble note that the drop
in this diagram does not demonstrate a drop in number it just demonstrates that the ascent in the
quantity of supporters was not as high as the earlier day. The change was never negative. The
normal of progress in level of supporters for Kejriwal and Modi were observed to be 0.49% and
0.25% separately. The normal number of supporters every day for Kejriwal was 1,372, though it
was 2,020 for Modi. So in the event that we take a gander at it with this angle, Modi has more

devotees and along these lines progressively well known.

We would now take a gander at the retweet check of the tweets made by Kejriwal and Modi.
For this we took last 1,000 tweets made by both these pioneers and recovered the retweet tally from
the of followers, JSON object and plotted it on a diagram against the course of events. This chart

can be found in the Figure 4.10. Despite the fact that Modi has the most extreme retweet tally of
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5,000 on a tweet, the retweet mean Kejriwal's retweets are commonly higher. This can likewise be
set up by looking at the normal retweet mean their last 1,000 tweets, which is 887 for Arvind
Kejriwal, though 612 for Modi. So with this viewpoint, Kejriwal is more well-known than Modi.
In any case, since we asserted that the quantity of supporters is a somewhat higher connected
parameter to the Klout score, we can presume that Modi would be advised to prominence than

Kejriwal.

Since we were following the records of different gatherings and government officials, one
thing that grabbed our eye was the quantity of tweets made by the record of BJP, named
@BJP4India. The tweet check of this record went from 2538 on Feb 01 to 96,462 on Apr 30. They
made more than 20,000 on Apr 07 and over 100% ascent in tweets on a few events. This
unmistakably demonstrates the way BJP was proactively advancing itself and its PM competitor

on twitter, which could be a conceivable explanation behind their lead in practically all charts.

We additionally endeavoured to take a gander at the likelihood of the records being bot
accounts. For this reason, we utilized an instrument by Indiana University.1 This apparatus took
the screen names of the records as information and the dissected the record for being a bot or not.
The end was made based on system investigation, the tweets made and some different variables.
We utilized this instrument to break down somewhere in the range of 50 odd profiles from our
dataset. What's more, we discovered that practically every one of the profiles were not bots. The
conceivable explanation behind this could be that since we had hand-picked these profiles, the odds
of them being bots was less. Aside from this we additionally checked for a couple of profiles which
were tweeting about decisions and discovered that profiles like Tips4DayTrader were observed to

be bots.
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Table 12.1: Sample database retrieved from Twitter for BJP
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Graph 12.1: Tweet Favourite count v/s Follower count v/s Retweet count for BJP database
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POLARITY TOWARDS BJP
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Graph 12.2: Polarity and prediction for BJP tweets — sentiment wise
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WORDCLOUD FOR BJP
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104



'RE
Crm | T e e e
PR T et i AT e

e b e R e b il SR B
25 WSROI NP I RN AT ) WMOSTIT  MECAAE T TS, A AN W T N Tty
AT LA 150 AT | IMBOAEE 3 AW NEC T DI R T IO 0V W DN (WSS T UV A TN A 1T Y T
B L T e e T L L N DL i o 1
U RN P s il et
AT AN SRR N AW T e L W A N ST AR D N T R LI TN e
A LA e L A N sl s s o e AN e NI NI T s sl s AT
T TT- PEE L e o I B L T T T
CUIVIX UGN gm0 o X amnd T a3 el Y ks Nl T el sevrm, wal v
LU A el o Wl Oere s o s o Do e T v omdasd v ad s e L
ENENWA IR AN T AN e A M e W e Towmmb o med aremm wn b Tl s aome Yo
AEMY VI B el v s e R T ol e B b e E e g G e,
WA T R e TR T wn ks g A b e s T e, s e
B e 1 S LT e e T S W SR S L S oL
COTVMOEWAEN AT W TN N i Gch e Gy e 3T P e L o e R e
T T L e R e R I e R e e N N R
CEVECIINAMN T S G ke ol v e N gl ) v ) BT e D oy g A U el
L I e e e L e I Ty T e
R R L i Ml L e o T e L L P R L
RAE A Tr TR UL R
UL M s gt e e ol e hondan, b rernan b B umen o T A0 e Sy e e s b
ANV MU T el Nabm boar N e e e e et

Table 12.2: Sample database retrieved from Twitter for Congress
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POLARITY TOWARDS CONGRESS
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Table 12.3: Sample database retrieved from Twitter for general elections
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SENTIMENT ANALYSIS

We broke down the total dataset to discover fascinating examples with regards to it and
furthermore to confirm if the paltry things were likewise obvious in the data gathered. We found
that the movement on Twitter crested amid significant occasions identified with races. It was
apparent from our data that the political conduct of the lawmakers influenced their devotees check
and in this manner ubiquity on Twitter. One more point of our work was to locate an effective
method to arrange the political introduction of the clients on Twitter. To achieve this assignment,
we utilized four distinct systems: two depended on the substance of the tweets made by the client,
one on the client-based highlights and another dependent on network discovery calculation on the
retweet and client notice systems. We found that the network discovery calculation worked best
with a proficiency of over 80%. It was likewise observed that the substance-based techniques did
not toll well in the arrangement results. With a mean to screen the everyday approaching
information, we fabricated an entryway to demonstrate the investigation of the tweets of the most
recent 24 hours. This gateway broke down the tweets to locate the most slanting points, hashtags,
the sort of notions gotten by the gatherings, area of the tweets and furthermore checked the ubiquity
of different political pioneers and their gatherings' records on Twitter. As far as we could possibly
know, this is the primary scholastic interest to break down the races information and arrange the
clients in the India General Elections 2019.

Sentiment analysis is the computational investigation of suppositions, assumptions,
assessments, mentalities, perspectives and feelings communicated in content. It alludes to a
characterization issue where the primary center is to foresee the extremity of words and after that
order them into positive or negative slant. Assumption examination over Twitter offers individuals
a quick and powerful approach to gauge the open's emotions towards their gathering and
government officials. The essential issue in past conclusion examination strategies is the assurance
of the most fitting classifier for a given order issue. On the off chance that one classifier is browsed
the accessible classifiers, at that point there is no surety in the best execution on inconspicuous
information. So, to decrease the danger of choosing an improper classifier, we are joining the yields
of a lot of classifiers. In this way in this paper, we utilize a methodology that consequently arranges
the conclusion of tweets by joining Al classifiers with vocabulary-based classifier. The new mix

of classifiers are SentiWordNet classifier, innocent Bayes classifier and shrouded Markov model
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classifier. Here inspiration or antagonism of each tweet is controlled by utilizing the lion's share
casting a ballot guideline on the aftereffect of these three classifiers. In this manner we were utilized
this slant classifier for finding political opinion from constant tweets. In this way we have an
improved exactness in conclusion examination utilizing classifier troupe Approach. Our strategy
likewise utilizes refutation dealing with and word sense disambiguation to accomplish high

precision.
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ELECTIONS AND SOCIAL MEDIA

There was a noteworthy change in the General Elections 2014 from the General Elections
2009; this was the adjustment in the pretended by the web-based social networking amid the races.
It has been watched worldwide that the majority rules systems have been taking part in discoursed
with the general population over the online networking [16]. According to Internet and Mobile
Association of India (IAMALI) the Internet clients in India are relied upon to be 243 million by June
2014, denoting a 28% development from June 2013 .4 There are an assortment of online life stages
available, e.g., Facebook, Twitter, Pinterest, Instagram, Tumblr, Flickr, Google+, LinkedIn to give
some examples. The general population are progressively utilizing these stages to express their
perspectives on various points. India has been at the cutting edge of the development stories in the
quantity of clients of these online life stages. The Facebook being the most well-known has 114.8
million Indian users.5 Twitter positions second in the quantity of clients with 33 million clients

from India.

Consider it an impact of the US Presidential Elections or not, yet the web-based life stages
were utilized by the gatherings for their crusades. Practically all the significant gatherings made
their essence felt on the internet-based life with the official records and checked pages of their
pioneers and the gatherings. According to the media reports, proficient assistance was taken by the
gatherings to improve the picture of their gathering and pioneers on the interpersonal interaction
locales. According to an investigation of IAMALI, there were around 160 odd voting public out of
543 that were probably going to be impacted by these new media and furthermore influence 3 —
4% of votes.6 Some gatherings like the BJP and Congress utilized Google+ Hangout to lead
gatherings with people.7 Candidates utilized the vehicle of broadcast meets on Facebook and
WhatsApp informing administration to associate with a great many urban voters. Crusade
recordings were transferred on YouTube by a few gatherings. A great deal of battling promotions
was seen on Facebook amid the races, while every one of the photos of Rahul Gandhi's energizes
were transferred on an Instagram account. Google did its bit by acquainting the Google Election

center point with engage voters and by giving more data about the races and the candidates.
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DATA GATHERED

There are 50 million Twitter clients in the United States and utilize English as their medium
to communicate on Twitter.10 But in India, the scenario is different with as many as 1,616 parties
and almost 8,000 competitors. The populace in India utilizing Twitter is minutely little when
contrasted with the genuine casting a ballot populace. With individuals discussing such a large
number of gatherings and applicants and that also in transliterated messages, the issue of
recognizing their political tendency ends up more extensive and intriguing. Every one of these
variables alongside sheer measure of information inspired us to investigate the information and
find intriguing examples with regards to it and on the off chance that it was in a state of harmony
with the continuous occasions as they were going on.

So we can broadly specify the aims of our work as follows :

1. To dissect and draw important derivations from the gathering of tweets gathered over the whole

term of races

2. To check the achievability of improvement of an arrangement model to distinguish the political

introduction of the twitter clients dependent on the tweet content and other client based highlights.

3.To build up a framework to break down and screen the race related tweets on regular routine.
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TRAINING THE DATASET USING MACHINE LEARNING

Ia |1): Aispert os
izport pandas as péd
import satplotliih
ixpart numpy as np
from sklearn,preprocessing laspore LabelZncodar
matplotlib.usel 'Tkagy')
lzport satplotiib. pyplet as mple
izpert seabors a5 =30
Eng.set|styla~"darigrid¢™)
onn.set | font _scale~1,.})
izport nltk
froe nltk.tokenise import *

In [10)r import imspect
filedir = oa.path.dirnane|ca.path.abapath|inspect getfila(inspect. currentframa())))
filePath = "/Usara/ritiza/Downloads/publicsentinents/"

In [11]r files = os.listdir(filePath)

In [12): @etf label ancode|mood) |
label encodar « LabelEncoder()
integer eocooded = label encoder,fit transform{mood)
le name mapping « dict{zip{label escoder.classes , label encoder.transforn(label ancodes.clasgses }))
return integer encoded

In (14): labels = ['BJP°, 'Congress', "BJFP-Congrems’, ‘Neutral®]
ticles = ['Parts of Speech [Adjsctives/Adverbs/Proper Nouns) Tagging for AP,
'Parts of Speech [Adjectiven/Adverbs/Proper Souns) Tegging for Congress',
'Parts of Speech (Adjectives/Adverbs/Proper Mouns) Tegging foar BIP asd Comgreas’,
'Parts of Spesah [(Adjectiven/Adverna/Froper Nouns) Tagaing far Other Parties')

In [3i7]1 ioport tweepy
Lepore sys
tmport hashiib
Lmpoce cav
Amport ison
L

+ prepr 2 p

any

In [18): API_EEY « "XICOAAZ6IYANQSaT yEeObIwu"
API_SECRET = “cEWFMDOGTqQluZGHslOibbEXLOXX: fHcHMRLGEIsLOCLSDONTAE"

auth = tweepy.ApphuthBandler {API_KEY, API_SECRET|

apl « tvaepy.API(auth, walt on rate Iisite .
woit_on_rate limit notify~Trwe)

In |1%]1 search_congress = |‘congress’, ‘gondhi’, “sonia'l
search bips ['sedi’, "B)p', 'narendrasodl’ |
search _both~ ['congresn', "bip']
gearch antl = |[“rahulvaredi', “cengresavabdip')
search countries = |'maldiven’', ‘Japan', “sfrica', ‘usa’, 'cansda', 'mustralia’, ‘vancouver',
‘sigeria’, “philipines’', "finlasd', “odee d'ivolirs')

retwaet diet « {)

In [20]1 cavPile €O « cpen|’'/Users/ritika/Devaloads/train/zav/LokShoba¥le2018lcag.cav’, "a’)
cevFile BJ = open{’'/Usern/ritika/Dowmloada/train/rav/LokshobaElo20198JF . cv', 'n')
csvFile BO « cpan('/Usera/ritika/Dewsloads/tyaln/sav/Lokshoba®le20198cth . cav”, "a’)
cezvFile XEU = ppen|'/Uoers/ritika/Dovnloads/srain/raw/LokEhobaklol 01 9Neatral .osv', 'a')

In {21]: csvCoogMriter = csv.writer(csvFile CO)
cavBipNriter®) « cgv.vriter{cayFile BY)
cevBothMriterBo = csv.writer|cavFile BO)
caviziterNoctral « cav.writer|cavPile NEU)
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in

In

In

in

in

122):

123]:

[35]:

[3€]:

1

131

hastags = [ doongresswins ')

it (not api)
prist ("Can't AutBanticete”)
sym.exit(~1)

Ampoct sys
import jsoapickle
Amport o

searchQoary « |'FELECYION2019')

maxTwoets « 100000000 # Sooe arbitrary large susber
tveetsPerQry = 130 # this Lo the max the AP pormics
fhang « 'twesta.txe'

alnceld = "2014-01-01"

twaetlount « 0
print(*Downlosding max (0) tweetsn”,format(maxTweets))

def writeTeCEVResulta(jseaData, result koth, result antl,
result_comg, result bip, cloas_text, clean retweet text):
Yotueetad text » cloan_ratwest text
i1£( 'location’ in jsonDatal‘user'] and len(jsonData] ‘wser']['locetion'}) > 0}
locatica « jaonlataf 'user'||location'|.zeplace(’,', “'|
elan
location « 'Unknows'

1f (result both or resule astl):

cuvBoth¥rites8o. writerow(| jyonDuta| 'id wtr' ), clean text,

jsonData] ‘created at'|, jsonData| 'usez')['favourites count'],

jzonCata] ‘user']| 'statuses couat ],

Jsanfataf ‘user']| 'tollowers count'],

jsenbata] “retueatad'], jsonlata] ratwnet_count'),

rrbwaRtad_tadt.,
location, Iwa(isonlatel sntities' || Thashtacs' |), len(jscobasa| ‘mocities’ |

| "user mentions'|),

len|jsonData[ ‘entities']f syzbolz')), len{jsonDatal'entities']['arls']i])

elif (result cong):

cavlangWr tear wrltarou( [ jronDatal ' (d_ate'), elean_teaxt,

jeonbatal ‘creatsd wt' |, jsonDuts| 'awes' ][’ Favourites count'|,
Jeonbatal] ‘user’ || ‘statusos count |,
jeorbata| 'user' || 'followerz count'],
jsonData] ‘retweeted'), jconlata] retweet count'],
retwocted text,
Incation, lan(japnData|'antitias J['hashtags')),

Lan | juonDeta( ‘antitias' ) neer meetioon '],

iec{jsonDatu| ‘entities’ || “syzbols J), len{jsonDstu|'entities’ |[‘urle'])]))

elif (result bipls

asVBIpAriLerB] .uritaraw] [Jsentataf ‘1d_str'],claan_text,
Jaasbaka| ‘craatad_ak' |, jaonData['vses' (' Favoorites esont'],
Jeanlatal ‘user' || ‘'wtatusms count |,
jeonbatal ‘user' || 'followers count'),
jsonbata] ‘zetweeted'], jsonData] retweet count'],
retwected text,
location, len{jsonDataf'entities )
[“hashtaga ]}, len{jzcabData[ antitias’|['vsar_wantioes’]),
lan(jeanbata| ‘wntizing’ | [ 'aynkals' ||, Tan(jaanbata] entitina’ || urls’|)])
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elas
cauNriturfeutral .vritorom| | jsonDatal 'Ld uer' |, clean taxt,

jsonPataj ‘crasted at'], jsonDotal'user’' [ 'favourites vount'j,
jsonbata] 'uaar' || ‘'statuses_count'),
JsonPataj 'vser' )| 'followers_count'),
Jsonbata] ‘retweated’ |, joonData( 'tetwaet ocaunt” |,
retweeted text,
locaction, len|joonbatal'entities')| ' haahtage')),
len{jsonDataf ‘entities || 'aser mentions’]), len{jsonDatal ‘entities’]{'symbol=’]},
len|jsonData( 'entities || urla’])})

Dowzloading wax 100000000 tweets

I pax_id = -1
with cpen|fNass, ‘w') an f:
for i am range{l, len(searchQuery)|:
prist|“Downloading hastag”™ + searehQuery(li])
while tweetlount - maxTweeta:
try:
Af max_id <= 0)3
Lf (net sinceld):
new_tweets = apl,soarchi{g mearchQuery[i}, count~tweetsFerQry,lang="en”,tveet node~ extended )
elsa:
new_tweets = api.searchi{gq-searchQuery[i], ocount~tweetsPerQry,lang="en”,tweet node~ extended’,
silnce='2018-02-08", until«'2019-02-25")
eiso:
if (net sinceld):
nev_tweets = api.sesrch{gqemearchQuery[i}, count~tweetsPerQry,lang=‘en”,tweet node~ sxtended’.
max idesrr|sax id - 1))
elso;
nev_tweets « apl.search{qedsescchQuury(l|, countebtwaatslerQry,lang«"en”,tveet node- axtesded”
wax_id=str{max_id - 1),
since ldesinceld)

print(*Clean Full text “ + clean_text + * " v tweet.full _text ¢+ mrrix))
result enties = any|[re.search(w, =wwet.full text. lower()] for w L= gearch ecountriaes))
result _oong = any{ire.ssarch{w, tweet.full text.lower{}) for v in search_coogress])
fesult bip « any((re.searchi{w, tweet.full text. lower{)) for w in search bip))
result_both = nil{{re.search{w, tweet.full text.lower|}) for w in sesrch_both]|

result _antl « all{{re.search|w, tweet.full text.lower|)) for v in search unti]))
iti{result cnties »~ Falwe):

twvestHash = (hashlib.mdS|tweet.tull text,encodel'ust-N'})). hexdigest()
JeonData « jsan.loads() pickle. et t, json, unpicklablesralse))

Af (tweetlash not in retweet dict.keys{)}):
f.wTite(jsonpickle.encode (Sveet . json, unpicklable~Faise) =«
Aty
clean_retweet text = '’

if ('retwoetec _nptatun’' im jsonPatali
retveeted taxt « jaonlataf'retveaeted status' |['fell _kext')
clean_retweet _toxt = p.cleaniretweeted text)

¥riteToCEVResultoa( joonData, result both, result _anti,
renult _cong, zesult bip, clean text, clean retweat taxt)
retveet _dict|tweetEash] = tweet,retweet ccunt

twuetlount +« len(sde tweats)
print|“twaet count® ¢+ atr{tweetCoant))
priny( "Dewnloaded (0) twuets”, forsat({twestCount))
nax_id = new Stweets[-1].id
axcept Lwoapy.TwaepError a8 e:
# Just exic Iif any error
prins(“scme azzor : * ¢ atria})
Broak

print (*Downloeded (0} tweets, Saved to (i)".format(tweetCount, fXame))
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= |47: data df « pd.CataPrase data)

In (50 data df.noad )

Ost[a]:
Ve oalr Il leal |_al ocum ot ol oot Lroard ¢ Ll
ePumioma N
Q@ IMIFIGTI N Sesianal  )oanin 1way 1T an Fxo o (X il
Casckbiy 't hek
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e
S5 Op pOsiin 12 24
3 IMVSATANAS.  evntend Te sl 1130A) " e st Fates o rak Lbreroam
24Teds. W00l
e
_— i .'Inl';i‘ [aﬂ.z,:v New
4 INRWIIMIGHR I BaTMRAM  pug 114 =2 a0 raes L2 Ty et
1A% Dvd of  ATh cobaazins of o
| 1000 i
np e Ara Lozl .
Tr [611 @ata_df = data_df.drepna; |
— - .
UpYIEr Sentement analysist (s Chacipeint Lam Morday st 1226504 (utosyand) Pl Lt
-
R = Vom naed oo Ko VEdgoin Koo ot & Ptron2 O
B+ MU0 ¢ 3 N B SR s ? m
ST -~
$ CHRTAMMIITAA  duerod b Deld 112090 w T nsy rase n M Lrbrarat
PO (00
e
ar .ﬁnrg flastDagiat, o
N - Wnsanublerarihee - VWl
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. —mmnmu Lodtiezte..

In [8% data df = data df.dropoai |

In [Y31  # Guuwral Cuxeription nf cdata_af

dete df.duscribuy |

SESNS o rer caure _eaum coum covark wive ue avrhol urix
court 7RO Iewe TRAIO0OMN ™A Io0Om T 000m FLR0002CN° 1EAE00 TRt TAIN TEA OO0
mean TSN a4 18 PO S R L P [ QY- P2 b N4 TR N wiskyrs

nd 5003410 TRETR BITCRI TEON BIOTET 122601 2e0mT WA 1A%k LTl cn Nireea
min UMM Y [(=<aiTi] LEStiil] (ISl TONAO 20N RTTLEH ST TEe<i LT 1]
€N ATITENE 00000 1138 1o 18 200000 1023X0  10X500 RRLLLL S0 0I00000
MR LNl Rl EalS<diiil TR Cou LD e dd 20230 T <n uioun

DL TEEOG 0000 30661 E00000 B T0000 1000X0 20050 200000 n 0o
max  TURNIAIGe+1d SISTIRLICOONND  RSONVLLOCINNDL  MVMSEAICININ 2540000X0 100000 TG <o Aot

in |25 Anfo = pd.pivot_Sablaidata_df,ircawn| "ftal)_texs'|l,vaiyesr]  “avouriten_aowmt', ‘ratwes _ocoont ],
enluyne=[ ], agg*craw[np. oy, =p.raan], fril_valoss )
into.hund} i)
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ZJupyter Sentiment analysis! L Ghecspoit: Last Mondny st 1225 P4 {sutosaved)

Fin B Vuw ] Cut Wamel Widgets Hup

B ¢ A0 ¢ Ham B C W G o=

In [16): leport matplotlib.pyplot as plt
ylabel = data_df{ favourites_count®|
plet.ylabal{ " favourites count”)
plt.xlabel( “retwset count®)
xlabel « data_df| "retwoet count”)
plt.soatter xiabel, ylabsl, alpha~i.s;
ple.show();

:

L
0 ‘s .

® 0 N nw 0¥ 2
‘—_G“ﬁ

In [147s isport watplotlib.pyplet as plt
ylabel = data_df{ ‘favourites_count®]
ple.ylabel( "favaurites count”)
plt.xlabel{ " followers count')
xlabal « data_df “followers_count”|
plt.scatter|xlabel, ylabel, alpha=1)
ple.show()
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APPLICATION OF MACHINE LEARNING TO PRESENT
SENTIMENT PLOTS OF THE LIVE STREAMING DATA

In [40):

In [41):

In [46]):

In [47):

BJP MOOD ANALYSIS

from pprint import pprint
import 05

import pandas as pd

inport matplotlib

import numpy as np

inport hashlib

from wordeloud import WordCloud
matplotlib,use( TkAgg')

import matplotlib.pyplot as mplt
import seaborn as sns
sns.set(style="darkgrid")
ung.set | font_scale=l.d)

inport inspect
fileDir = os.path.dirname(os.path.abspath(inspect.getfile(inspect.currentfrane())))
filePath = ‘/Users/ritika/Downloads/publicsentiments/"

plot_path = '/Users/ritike/Downloads/train/sentiments/’'
vord disb_path = '/Users/ritika/Downloads/train//wordstats/1-gram/'

uni_granm £iles » ['LokShobaEle2019BJP~freqdist-und.caov', 'LokShebeEle201%Cong-freqdist-uni.cav',
'LoksShobaElc2019Both-fraqdist-uni,cay’, "LokShobaElc2(19Neutral-freqdist-uni.csv']

bi_gram files = ['LokShobakle20198JP-freqdist-bi.cav', 'lokShobakle2019Cong-freqdist-bi.cay’,
'LokShebaBle2015Both~Ereqdist-bi.csv', 'LokShobaBle2019Neutral-freqdist-bi.csv’]

tri gram files = ['LokShobaElc20198JP-freqdist-tri.cav', 'LokShobaEle201%Cong-freqdist-tri,cay',
'lokShobakle201980th-freqdiat-tri.csv’, 'lokShobakle2(l9Neutral-freqdist-tri.csy’ |

quad_gram files = [‘LokShobaBle2019BJP-freqdist-qued.csv', 'LokShobaBle2019Cong-freqdist-quad.csy',

'LokshobaElc2019Both-freqdist-quad.csv', 'LokShobaElc2019Neutral-freqdist-quad.csv']
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plot_path_train = “/Usars/vitika/Downloads//train/sentiments/train-datasat/’
‘plot_path_tast = '/Dsers/ritika/Downlioads//train/sentinents/test-dataset/’

In [48]: full astatspath = '/Dsers/ritika/Downloads/train/raw/’

£iles = os.listdic(plot path)
stavs flles « o8, listdir(full suvatapath)

In (4911 files = ['.DS Gtera’, 'TokShebaBle2015BTP-noods.cay’', "LokShobaFle20]19Cong-moods.oav’,
; | tokshobazlc201980th-noods.csv', ‘LokshobaEle2019¥eutral-noods.csy' |
labels = |'832', 'Congress', 'SJP-Congrz=ss’, 'Newtzal')

In [*]: for i im range(len(stats files)):
fnane = filesficl]
prins(tnama)

i2(foare.startsvith{’.' )= Palse and faane,endswith('.csv') == True):
list_full data = )
df rav = pd.read csv(full statepath + atats files(i]).dropral)

sny.set[font_scale=l.¥)

df DJP = pd.read csv(plot path + files[irl])

df Cong = pd.read cav(plot path + files[i+2])
df_BJP Cong = pd.read_caviplot_path + filesfi+3]}
fields = ['tweet’, 'mood’)

location df = df BIP['locabion'|.value counts{)
filtar_loe = location df[location_df > 35]

for i in range(len(stats_files))s
frare « files|i+]|
print{fname)

if{tname startavith( . ') False sad fnane,endswith{'.cev') == Trem}:
1ist full data = ()
df_rav = pd.read_csv(full_statspath + stats files[1]).dropaa()

ans.get{foat scale«d.f)

df_BJP = pd.read _csv(plot_path + files[i*1})

df Cong « pd.read caviplot path + files|[i+1])
df_BJ?P _Cong = pd.read osv(plot_path » filesji+1]]|
fields « |"tweet’, "mood’)

location df « df BIP['location’|.valoe counts()
filter_loc = locationm df[location df > 13]

location_dt = df BIP[ location’ |.valwe counts()
[ilker loc « lecatlos dfflocation df > 13
patches, texts, autotexts = splt.pie(
filter loe,
labela~filter loc.index,valwes,
abadowerales,
startangle=30,
petdistance«d,?, labeldistances:. !5,
# with the pervenc listed as a fraction
autapete W1 1084,
)
mplt.axin| equal’)
nplt,tight layout{)
mple. adow();

LokShebaBle2019BIP-reods . cav
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Graph 12.1: OUTPUT FOR BJP GEOGRAPHIC MAPPING
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APPLICATION OF LOGISTIC REGRESSION AND
MULTINOMIAL NAIVE BAYES

This included cleaning the content information, evacuating stop words and stemming. To deduce
the tweets' feeling I utilized two classifiers: calculated regression and multinomial naive Bayes. I
tuned the hyperparameters of the two classifiers with network search.

There are three class names that would be included in this section : negative, impartial or positive.

Code:

In [1]: import numpy as np
inport pandas as pd
pd.set_option( display.max colwidth', -1)
from tine import time
inport re
ingort string
inport os
import emoji
from pprint import pprint
import collections

In [2]+ Aimport matplotlib.pyplot as plt
inport scakorn as sns
sns.set(style="darkgrid")
808,96t (font_scalesl.))
from sklearn.base import HaseEstimator, TransformerMixin
from sklearn,feature extraction,text lmport CountVectorizer
from sklearn, festure extraction.text import TiidfVectorizer
trom sklearn.model selection import GridSearchCV
from sklearn.model selecticn import train test split
from sklearn.pipeline import Pipeline, FeaturelUnion
trom sklearn.metrics import classification report
from sklearn.naive bayes import Nultiromial¥D
from sklearn.linear model import LogisticRegression
from sklearn.externals import joblib

In |3}t import gensim
from nltk.corpus import stopwords
from nltk.sten import PorterStemmer
trom nltk.tokenize import word tokenize
inport varnings
varnings.filtervarnings( ignore’)
np.random. sead| 37
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In [5]1 df = pd.raad_cav(' /Dsers/ritika/Downlaads/Leain/aant inents /ZakShobaRlc2D1ARIP-noods a5V )
df = df.rainéex | np.randor.parnutation (8. indug) |
In [6]1 df = df{['tweat’', 'mocd’])
TIn [7): df
que|7):
Wit mood
203 cxnnpdatn repan csedt | Essmad 15058 SUnata P feint pa o somicel 3ie MASEAETER o
11596 fwrel 2ot ly makes senze Incka mowess twest shares norease $0ids  cominance
a5 ORaied sk 0 ek TR ain Sae 25
8200 w5 15t Ca50 VeTus nend e Ipence powsr Ziuzticn  cominance
10481 Whts chaneress cangrslidss Al
320 hepz medireman o cominance
6568 hiswede caszision mod goan | acaremizaly UpDer tis apnrres union  comimnce
10268 ndan news chonnels undomaing memal restiezzness bty amuzal
N freonss woted AOgreng Inaret e Afeng s coreancs
T0& amE sha anncuncing alance tomemew 2oat sharng ay conimed oy
=l RN o ba: meps ek Bt Wrbsrs perons o lwastd coeama Ingontance moch musl idane; prsads g ety
09805 dom reskale dort ketad aasets moray farckon countrics famiy kose Qom bda Ls gem anvgal
12913 adhdreess raly boan pert Gamzeign hok rdhes wheed seclom cumimnce
6235 mod 500 aorss kst time @octicn  caminance
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RESULT FOR BOTH PARTIES COMBINED
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Graph 12.8: Graphical representation of moods for election data

PREDICTIVE ANALYTICS

The impulse to see Predictive Analytics as the magnet to draw voters can be very strong,
given how various parties profit by it. Companies like Amazon utilize Big Data, information
mining and Al to foresee what the client would purchase straightaway, and keep the stock inside
delivery areas fully expecting the potential purchase. It can help basic leadership, expanding

income and even procedure or item advancement.
Be that as it may, Big Data is anything but an enchantment issue solver for everything. For
an organization to utilize analytics to foresee and envision patterns, must approach data in huge

scale. This can be influenced by human conduct can be effectively influenced by the climate or by
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connections. A model that worked in the past may not work again on account of progress in human
conduct. An intensive understanding, refined instruments and backing from upper dimension the
executives is critical to the accomplishment of any system that chooses to utilize innovation for

Big Data Analytics.
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THE FUTURE OF DATA ANALYTICS IN ELECTIONS

The battle to get voters through innovation has the upside of two crucial patterns - ascent
of the youthful populace and the advances in innovation. In India alone, over a 100 million new
voters were added to the blend in 2014. A sizeable segment of this populace will connect with the
web by and large and web based life intensely, making information that will be amazingly helpful

for information examiners.

The youthful India is tied in with being urban, taught and hopeful and is equipped with the
most recent advanced cells and rapid Internet network. This will prompt a monstrous information
burst. It's solitary a matter of changing over such information into valuable and canny data to

change the course of any business, or for this situation, constituent results.

Another sunrise has happened upon the manner in which races are battled. Amid the 2014
Indian races, the consumption on promoting efforts shot from the 2009 figure of $83 million to
$300 million, with advanced showcasing being one reason. Experienced legislators who utilized
their guts and senses to decide, will presently move towards innovation to settle on actuality based
choices. Instructed specialists, software engineers and information researchers will enter
constituent scenes, and gainfully in this way, what with the necessity for gifted experts talented in

information examination!

Utilizing predictive analytics isn't just about exploiting to win the constituent fights. It's
more than that. It's tied in with centering political endeavours to plan and manufacture their
methodologies dependent on genuine open opinions. Legislators can now truly be a piece of
individuals' lives each day. Advances in innovation can deliver the issues that truly matter to the
general population. Along these lines Big Data and prescient examination can take races past

political crusades to bring genuine change and win-win circumstances for entire countries.
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PREDICTING SENTIMENT WITH TEXT FEATURES

e DATA LOADING

The reindexing method is applied to get a permutation of the original values

(65): df = pd.read_csv(|'/Users/ritika/lownloads/train/sentinents/LokShobaklcl]98IP-monds.csv' )
df df.reindex np.random.permatation{df. index) )

[67}: df

df{['twaat’', "'mood’']]

e ANALYSIS OF THE TEXTS IN THE DATA TO BE USED

To break down the content variable we make a class TextCounts. In this class we
figure some fundamental measurements on the content variable. This class can be utilized
later in a Pipeline, also.

1. count_words : number of words in the tweet

2. count_mentions : referrals to other Twitter accounts, which are preceded by a @

3. count_hashtags : number of tag words, preceded by a #

4. count_capital_words : number of uppercase words, could be used to "shout" and express

(negative) emotions

5. count_excl_quest_marks : number of question or exclamation marks
6. count_urls : number of links in the tweet, preceded by http(s)

7. count_emojis : number of emoji, which might be a good indication of the sentiment
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I [77): class TextCounts|BaseEstimator, TransformerMixing:

In [(78):

def count regex{self, pattern, tweet):

returs len(re,findall{pattarn, tweet))

dof fit{oelf, X, y"Sone, *~fit_parans):
returs self

def tranafors(self, X, srtransform params):
count_words = X.apply(lamdda xr self.count_regex|r ‘w¢', x})
count mentions » X.apply(lembda x: self.count regex(r'Viwt', X))
count_hashtags = X.opply(iambda x: self.count_regex(r'#\wt', x))
count_capital words = X.apply(lasbde x: self.count regex(r'\b[A-2]42,)\b", x))
count_excl_guest marks = X.apply{lsabds xi self,count_regex(r 1|\7', x))
count_urls « X.apply(lesbds x: sell.count regex{s'Ribp.2://|"\se)+[\u)?", x})
count_emojis = X.applyi{lanbds xi: emoji.denolize{x)).apply{ianbds x; self,count regex(r'(la-z_&)*:', x))

df = pd,DataFrame{{'count words 1 comnt_words

“coust sastions’: coant santlons
‘opunt_hashtage': count_bhashtags

‘count capital vords': count capital words
‘ogunt_wexcl _quest macks's count_excl quest _macks

‘oount_emojin's count_emojis

}

seturs 4f

pelacide;

.
L}
'
L
¢ ‘edust uris': count urls
L}
)

In [V90

In [B2):

In [¥3IDr

14705 doxlsance
174 joy
11454 anger

te » TextCounts(|
df_eda = to.fit_transform{df.tweet)

df ednal'mood’ | = df.mocd

dot show_dipt(df, col):

print( 'Deseriptive stets for ()'.format(col))

print('~'*{1en(ool}+22))

print(df. groupby| 'mood’ j[cal | .daacriba())
biny = np.arange{df{col).min(), df[col).max() + 1)
9 « ans.FacetCrid({df, col«'meod', siza<3, hue«'scod', palette«"Pubala &%)
3§ = g.mop(sns.distplot, col, Xde"Palse, norm_hist=True, bina~bins)

pli.akiv|);

show_diat(d!f eda, “count wozds')
Descriptive stats for count words

count raan atd min
nood
asger 999.0 9.063063 5.109525 1I.D
arousal 1877.0  9.011926  4.966340 1.0
dosinance €369.0 10.412972 5.208228 1.0
faith 45,0 10,215720 5.744031 1.0
fear 433.0 8.07064C¢ 4.BE6YS1 LI.D
joy 876,60 9,202364  9.44647¢ 1,0
neutral $27.0 3.603386 2.717959% 1.0
sadness 1196,0  9,448B161  9.01460% 1.0
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Output

Descriptive stats for count words

mood
anger
arousal

dominance

faith
fear
joy
neutral
sadness

0.20

0.15

0.10

0.05

0.00

999.0
1677.0
6969.0
445.0
453.0
2876.0
827.0
1196.0

10

mood = arousal

15 20
count_words

mean

9.063063
9.011926
10.412972
10.215730
8.070640
9.202364
3.603386
9.448161

std

5.109525
4.966340
5.208228
5.744031
4.866751
5.446474
2.717959
5.014605
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L T = S Sy =
- - 9 . =0
cooocoocoo

5

25%

N UTUTPoONOY U0
- L
o o O OO0 O oo

10

O W o - o —~ oCc o

50%  75%
0 12.0
0 12,0
0.0 14.0
0 13.0
.0 10.0
0 13.0
.0 5.0
0 12.0

15 20
count_words

mood = dominance
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mood = faith mood = anger

0 5 10 15 20 25 30 35 0 5 10 15 20 25 30
count_words count_words

mood = fear mood = sadness

5 10 15 20 25 3 3B 0 5 10 15 20 25 30
count_words count_words
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mood = joy

0 5 10 15 20
count_words

In [84]:

25 30

show_dist(df_eda,

Descriptive stats

mood
anger
arousal
dominance
faith
fear

joy
neutral
sadness

999.0
1677.0
6969.0
445.0
453.0
2876.0
827.0
1196.0

35

'count_mentions’)

10

mood = neutral

for count mentions

(== I B e B e B e B o N
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In [85]:

In [86]:

show_dist(df_eda, 'count hashtags')

Descriptive stats for count hashtags

mood
anger 999.0 0.0 0.0 0.0
arousal 1677.0 0.0 0.0 0.0
dominance 6969.0 0.0 0.0 0.0
faith 445.0 0.0 0.0 0.0
fear 453.0 0.0 0.0 0.0
joy 2876.0 0.0 0.0 0.0
neutral 827.0 0.0 0.0 0.0
sadness 1196.0 0.0 0.0 0.0
show dist(df eda, 'count capital words')
Descriptive stats for count capital words
count mean std min
mood
anger 999.0 0.000000 0.000000 0.0
arousal 1677.0 0.001193 0.034524 0.0
dominance 6969.0 0.001004 0.031679 0.0
faith 445.0 0.000000 0.000000 0.0
fear 453.0 0.000000 0.000000 0.0
joy 2876.0 0.000695 0.026366 0.0
neutral 827.0 0.000000 0.000000 0.0
sadness 1196.0 0.000836 0.028916 0.0
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In [87]:

In [88]:

show dist(df_eda, 'count excl quest marks')

Descriptive stats for count_excl quest marks

count mean
mood
anger 999.0 0.003003
arousal 1677.0 0.010137
dominance 6969.0 0.004161
faith 445.0 0.011236
fear 453.0 0.013245
joy 2876.0 0.002782
neutral 827.0 0.002418
sadness 1196.0 0.000836

show dist(df eda,

Descriptive stats

count
mood
anger 999.0
arousal 1677.0
dominance 6969.0
faith 445.0
fear 453.0
joy 2876.0
neutral 827.0
sadness 1196.0

cCoocococooo

.054745
.139953
.074697
.141929
.148149
.058911
.049147
.028916

'count_urls')

for count urls
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In [89]: show dist(df_eda, 'count emojis')

Descriptive stats for count emojis

count mean std min 25% 50% 75%
mood
anger 999.0 0.026026 0.239663 0.0 0.0 0.0 0.0
arousal 1677.0 0.020274 0.184919 0.0 0.0 0.0 0.0
dominance 6969.0 0.018367 0.178352 0.0 0.0 0.0 0.0
faith 445.0 0.040449 0.247837 0.0 0.0 0.0 0.0
fear 453.0 0.048565 0.361081 0.0 0.0 0.0 0.0
joy 2876.0 0.034423 0.278875 0.0 0.0 0.0 0.0
neutral 827.0 0.068924 0.696820 0.0 0.0 0.0 0.0
sadness 1196.0 0.021739 0.237552 0.0 0.0 0.0 0.0

CONCLUSION FROM THIS STAGE:

The quantity of words utilized in the tweets is rater low. Greatest number of words is 37
and there are even tweets with just 1 word. So, we'll must be cautious amid information cleaning
not to evacuate such a large number of words. Then again, the content handling will be quicker.

Negative tweets contain a bigger number of words than impartial or positive tweets.

All tweets have in any event one notice. Most likely this is the consequence of separating
the tweets dependent on notices in the Twitter information. There is by all accounts no distinction

in number of notices as to the opinion.

The majority of the tweets don't contain hash labels. So likely this variable won't be held
amid model preparing. Once more, no distinction in number of hash labels as to the conclusion.
A large portion of the tweets don't contain uppercase words and we don't see a distinction in
appropriation between the feelings. The positive tweets appear to utilize more outcry or question
marks.
Most tweets don't contain a URL.

Most tweets don't utilize emoticons.
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e TEXT CLEANING

Before we begin utilizing the tweets' content we clean it. We'll do the this in the class CleanText:

1. evacuate the mention, as we need to make the model generalisable to tweets of other parties for

candidature as well.

2. expel the hash label sign (#) yet not the genuine tag as this may contain data

3. set all words to lowercase

4. evacuate all accentuations, including the inquiry and shout marks

5. evacuate the URLSs as they don't contain valuable data and we didn't see a qualification in the

quantity of URLs utilized between the assessment classes

6. ensure the changed over emoticons are kept as single word.

7. expel digits

8. expel stop words

9. apply the PorterStemmer to keep the stem of the words
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In [34]: class Cloan®ext|BaseEstimator, TronsformerMixin)(

det repove mentiooa{melf, input text):
return Ye.sub(e'B\w+', ', Llaput taxt)

def remove Utls|uwelf, Llnput text):
return re.sob(r'hetp, Pe/f1 " \s141\s)1?', ', input_text)

dot evojl_onewordieslf, input_text):
return luput text.replace|' ",'')

dof rumove penctuation(eslf, input text):
punct = string.punctuation
trastab « pre osketrang(punct, les{puncti*’ ')
FetsTn input text.transiate(trantab)

det repove _digitsioelt, input textj:
return re.gub('\d+’, ', laput kext)

def to Lower(self, inpot text):
ratsrn input_text, lower()

def recove stopwords|self, input text)d
stopuozds liat « stopworde.words( unglish')
whitelist = [*n't", “not®, *m0"}
words & Lnpat text.eplity)
clean_words = [word for word in words if (word net in stopwords_list or word im whiteliot) and len(wozd) > 1]
return " ", jJoln{clean worda)

def stemming(self, input text):
porter = PorterStemmer()
words = Lnput text.split()
steoned words = [porter.sten(word) for word im words)
feturn " ", joln|stenmad words)

def flt(aelf, X, y-mose, **[it paravs):
retsrn walf

def transformipselr, X, **transforn _parsss)s
clean X « X.apply(sulf.rescve suntiond).apply{self vesove urla) apply{self. eso)l soeword).apply|self.renove pu

netuation) ., mly(uu rerove_digites).apply{selt.to lower). mlyuelt renave_stopwords).apply{self.stemming)

In 7SE]:

feturn cloan X

izpoct =itk
nltk. download) 'swsupeords’ |
fros nlth iaport u |

awwanao.mdal ehgliak' }

cuLise]:

In (99):=

IHTL AR

[nit<_dazal wimding paakace atopwords to
[nit<_da=n] dCasrrSritiea/mlth_datn. ..
[nite_da=a] U=z pping sarparaiasapwnrde. xip.

047

oy .
‘ryaml £t
',

“oar' :
‘waza',
o.uul-.mn v

ez = Cleaztuxsi|
2: cleas « ct.fit tresafosm|di.twest)
2z cleas.sarglels)

234 get clearane 1 oplaud gupport cap hon woud leazn sth
13424 lic wost wosk

12332 wail.

K3 bl taks boll dlp

4 Agre zzaxce or posl alliane shiv soza winist

Ranty Tweeb, dtyper objeot
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One negative impact of content cleaning is that a few lines don't have any words left in their content.
For the CountTheVectorizer and TfldfUniqueVectorizer this does not so much represent an issue.
Be that as it may, for the Word2Vec calculation this causes a mistake. There are various procedures
that you could apply to manage these missing qualities.

1. Evacuate the total line, however in a generation situation this isn't generally alluring.

2. Ascribe the missing an incentive with some placeholder content like [no text]

3. Word2Vec: utilize the normal all things considered

4. Here we will ascribe with a placeholder content.

In [100]: empty clean = 5r_clean ==
print{ () records have no words left after text cleaning'.format[sr clean[enpty clean].count{)))
sr_clean.loc[empty clean] = "[no_text]'

] records have no words left after text cleaning
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e FINDING THE FREQUENCY OF WORDS UPON DATA CLEANING

In [101]: cv = CountVectorizer()
Bow = ¢v.iit tranaform(sr clean)
vord freq - dict(zip(ev.get feature names(), np.asarray(bow.sum{axis=d)).ravel{)))
vword counter =« collections,Counter(vord freg)
word counter df = pd.DataFrame{wcrd counter.most common(2C), columns = [ wora', 'freq 1)

fig, ax = plt,.subplota(figaeize~{1z, 10))
par freg word = sns.barplot(x="word", y='freq', datasvord counter df, palette~"PubuGn d°, ax=ax)

plt.show(};
2500
2000
1500
o
B
1000
0
medi om nd@ j o odecl wle peopl govt seal parligovernyear lime  win rationwanl work need oome minist

word
Graph 12.9: Graphical representation of frequency of keyword occurrence after cleaning
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CREATING TEST DATA

To assess the prepared models, it is required a test set. Assessing on the train information

would not be right on the grounds that the models are prepared to limit their cost capacity.

Firs it is necessary to consolidate the TextCounts factors with the CleanText variable.

NOTE: Initially, I committed the error to do execute TextCounts and CleanText in the
GridSearchCV underneath. This took excessively long as it applies these capacities each keep

running of the GridSearch. It gets the job done to run them just once.

In [102]: df model = df eda
df model[’'clean text'] = sr_clean
df model.columns.tolist()

Outf[102]: ['count words',
'count_mentions',
'count_hashtags',
'count_capital words',
'count_excl quest marks',
'count_urls’,
'count_emojis’,

'mood’,
'clean text']

In [103]: class ColumnExtractor(TransformerMixin, BaseEstimator):
def init (self, cols):
self.cols = cols

def transform(self, X, **transform params):
return X[self.cols]

def fit(self, X, y=None, **fit params):
return self

So df_model now contains a few factors. Be that as it may, our vectorizers will just need
the clean_text variable. The TextCounts factors can be included all things considered. To
explicitly choose sections, I composed the class ColumnExtractor underneath. This can be

utilized in the Pipeline subsequently.
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In [104): X train, X test, y train, y test = train test split({df ncdel.drop('nocd’, axie=l),
df nedel.nmood, test _size=C.1, random state=17|

e HYPERPARAMETER TUNING AND CROSS-VALIDATION

The vectorizers and classifiers all have configurable parameters. So as to picked the best
parameters, we have to assess on a different approval set that was not utilized amid the
preparation. Nonetheless, utilizing just a single approval set may not deliver solid approval
results. Because of chance you may have a decent model presentation on the approval set. In
the event that you would part the information else, you may finish up with different outcomes.

To get a progressively precise estimation, we perform cross-approval.

With cross-approval the information is part into a train and approval set on numerous
occasions. The assessment metric is then arrived at the midpoint of over the various folds.

Fortunately, GridSearchCV applies cross-approval out-of-the-crate.

To locate the best parameters for both a vectorizer and classifier, we make a Pipeline. This is
put into a capacity for usability. As a matter of course GridSearchCV utilizes the default scorer
to figure the best score. For both the MultiNomialNb and LogisticRegression this default

scoring metric is the exactness.

In our capacity grid_vect we moreover create the classification_report on the test information.
This gives some fascinating measurements per target class, which may be increasingly suitable
here. These measurements are the accuracy, recal and F1 score.

Accuracy: Of all columns we anticipated to be a sure class, what number of did we accurately
foresee?

Review: Of all lines of a specific class, what number of did we effectively anticipate?

F1 score: Harmonic mean of Precision and Recall
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In [106): def grid wect(clf, paramcters clf, X _train, X test, paramcters_text-None, vect-None, iz _wiv-False):

textcountzcols = | 'count capital words','count eppjis','count_excl quest packs','count hashtags'
, ‘coant_mantions’, ‘count_urls','count words')

Af iz wiwe
wiveols = [|
tor i im range|SIEE)
vivenls, appand(l)
fmatures = PestursUnion]|('texteounts', ColunnExtractor(coly=textcountscols))
¢ ('w2v', ColumnExtractor(cols=w2vcols))}
y N_Jobas=-1)
elset
faaturas = Faatoralinion|[('texteounts', ColumnExtractor(eslsstaxtoountscals))
, ('pipe’, Pipeline(|{ cleantext', ColumnExtractor(cols="clean text')), { vect', vect
1111
¢ 0 _joba=-1)

pigelioe = Pipeline!|
[ ‘teatures’, features)
[ elE . clE)

)

# Join the paraneters dictionaries together

pararaeters = dict(}

Lf pararstars text:
parancters.update|parancters text)

paramatars.updatalparanatars elr)

# Maka sure you have scikict-learn version 0.15 or higher to use sultiple scoring merrics
orid search = GridSearch{Vipipaline, paramscers, n_ jobe=-i, verboses=l, cv=s|]

print{ ‘Parforming grid ssarch...”)

print('pipeline:”, |name tor nane,  in pipeline.steps]|
print{ ‘parancters:")

pprint (paraswtecs)

00 = timal)

grid _search.fit|X train, ¥ train)
print{‘dore tn V\0.3fz" % (time{) - =0))
print()

print ‘Bast OV goova: A0.3£" \ grid saarch.base scoras )
print( "Best parameters set:')
best_paraneters = grid_search.best_eatimator .get_pavans{)
for parun nane in sorted|pacansters. keys()):
print("\tis: ic' \ (param_nanmz, best_paramcters|param namz)})

142



peiat|"Perforning grid seazeh...”)

print{“pipeline:”, [name for name, _ is pipeline,steps])
prist| parareters:®)

Pprint |pacareters)

t0 = time)

grid seareh. fiv{X train, y train)
priat{“done iz 30.27s" ¥ (time{) - t0))
prist{)

prist|{"Best CV ocore: 10.3£" \ grid scarch.best sccre )
priat| “Best parareters sat:”)
boat paranetors « grid search.best estimator .qet paranms|)
for paran_nare in sortediparabeters.keys|))c
print(®\tis: 4" \ (param name, best parasaters|paran sasd)))

prist|"Test score with best estimstor : W0.3£" § grid search best eatisator .dcore(X_teat, y test))
priat{*\a")

prist|“Clasulfication Mepact Teut Data*)

printi{classifiontion report(y_test, grid search.best estimator .predict(X_test)))

retuTn wmch

In [106): parameters vect = |
'features plps vect max df': (0.25, 0.4, b.74),
'features__pipe_vect__ogram range's ((1, 1), L, 2},
'features  plpe vect min df': (1,2)

# rarasseer grid secttinga for mulrlsosialun
paraneters_meb = (

‘elf_ alpha': (0,25, 0.5, 0.7%)
}

# rarasecer grid sectinge for loglatishegression

parsaeters logreg = |
‘elf_C's: (0.25, 0.5, 1.9),

‘glt__pesalty's |'11', "12')
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e CLASSIFIERS

This is in order to derive a comparison of performance of a MultiNomial NB and Logistic

Regression.

e COUNT VECTORIZER

To utilize words in a classifier, we have to change over the words to numbers. This should be
possible with a CountVectorizer. Sklearn's CountVectorizer takes all words in all tweets, doles out
an ID and tallies the recurrence of the word per tweet. This pack of words would then be able to be
utilized as contribution for a classifier. It is what is known as a meager informational index,
implying that each record will have a large number for the words not happening in the tweet.

Tn [10N]: ooeetvmsh = Rmomtctar:zar])

In [199]: bect_wab_countvect srid_wvactinnn, parsnetors_mab, ¥_tvain, X_test, prrarsters_text-pavasoeters_wect, wTeotracuntueect )

Fexformling geid sexxch. ..
pipelive) ['featorss’, ‘olt']
saraentara:
<'els  alphs = |0.23, 0.5, 0.7%),
"featics  plpe  weet e dI: 10023, 0.5, 0.75),
‘featuyes  pipe__weot__nin df e a1, ),
tantirar__oepa__wvaes  rgrar_ratge’: (11, ), 11, 21))
Yizzing 5 folcw for wach of 3b candidetwn, tozullizg IBD fies
#ezallielin jobus-l)): Usong backend Lekybeciend with 4 councurrent wozkeze.

(Faxaliclin_jobs -1301 Doze &2 tasks | clapzedr 20,82
[Faralial(n_jeba==1371 Dome 1BD cut of 180 | alaprads  1.drin finichad

ccon 1= A0L15 3

oL OV georc: 0,58
Zeat pararcters sots
clt__alphn: 4.%
fuutirwx  pipw  wecs  oex di:z 3.25
featuxcs plpe weer ol di: 2
teatyres  pipe__woeot__rgray_raager (L, 1)
Teac roore 2t th haet_srbirator_: 0,555

Clagsitlcation Repoxt Yest Dot

Eranistan Tan ! “l-rcars BUREOTT

wagur .82 0.2} 0.33 02
Lrousal 1. 0.3% a4 6
dooyinanon 3. n.3s n,572 390
tartn < n.2» aq.3% N2
fuur <. 0.2 0.33 a4

Joy . 0.54 0.63 239
eutYal . 0.35 2.0% 34
racnaKe .47 n.as .34 n
ricze avy i.60 0.82 Q.80 4345
FAOLO AVI 1.55 0.7 2.4 1345
weightad ava I.%0 n.&3 a.%0 1595
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e LOGISTIC REGRESSION

In [110): # Loglationegrasnlan
best_logreg countvect = grid_vect(logreg, parazeters_logreg, X_train, X _test, parameters text parameters vect,
vectecountvect)

Performing grid search,..

pipeline: |'features’, 'elf’]

parareterss

(‘elf_C': (0.25, 0.5, 1.0),

‘olf__penalty's ('11°, '12'),
"features  pipe  vect wmax d4f': {0.25, 0.5, 0.75),
‘features__pipe__vect_wmis _df': {1, 2],

“foatures pipe  vect ngras range': (|I, 1), {1, 2)1}
Fitting % tolds for each of 72 candidates, totalling 360 fits

[Parallel(n_jobs=-1}]: Using backend LokySackead with 4 concurrent workers,
[Parallel(n_jobee-1)]: Done 42 tasks elapaed: 31.4@
[Parallelin_jobe=-1}]: Done 192 tasks elapsed: 2.7min
[Paralliel|n_jobas-1)): Deae 360 out of 360 | elapaed: 6.5ain finished

done im 389.700s

Best CV score: 0.72%
Bast parareters sek:
clf_C: 1.0
clf penalty: '12'
features__pipe__vect max dfs 0,23
featurea pipe vect nin df: 1
features__pipe__veot _ngram_ranger |1, 1)
Test score with best_estimater : 0.733
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COMPARISON OF MULTINOMIAL NB AND LOGISTIC

REGRESSION
MultiNomial NB

Classification Report Test Data
precision recall fl-score support
anger 0.42 0.27 0.33 102
arousal 0.55 0.36 0.44 174
dominance 0.62 0.86 0.72 690
faith 0.70 0.27 0.39 52
fear 0.59 0.23 0.33 44
joy 0.62 0.64 0.63 289
neutral 0.44 0.05 0.09 84
sadness 0.47 0.26 0.34 110
micro avg 0.60 0.60 0.60 1545
macro avg 0.55 0.37 0.41 1545
weighted avg 0.58 0.60 0.56 1545

Logistic Regression

Classification Report Test Data

precision recall fl-score support

anger 0.65 0.48 0.55 102
arousal 0.71 0.59 0.64 174
dominance 0.77 0.89 0.82 690
faith 0.69 0.38 0.49 52
fear 0.85 0.50 0.63 44

joy 0.68 0.73 0.71 289
neutral 0.77 0.83 0.80 84
sadness 0.65 0.37 0.47 110
micro avg 0.73 0.73 0.73 1545
macro avg 0.72 0.60 0.64 1545
weighted avg 0.73 0.73 0.72 1545
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e Word2Vec

Another method for changing over the words in the tweets to numerical qualities can be
accomplished with Word2Vec. Word2Vec maps each word in a multi-dimensional space. It
does this by considering the setting wherein a word shows up in the tweets. Therefore, words
that are semantically comparative are additionally near one another in the multi-dimensional

space.
The Word2Vec calculation is actualized in the genism bundle.

The Word2Vec calculation utilizes arrangements of words as information. For that reason, we

utilize the word_tokenize strategy for the nltk bundle.

The Word2Vec model gives a vocabulary of the words in the corpus together with their vector
esteems. The quantity of vector esteems is equivalent to the picked size. These are the
measurements on which each word is mapped in the multi-dimensional space.
In [112]: nltk.download('punkt
SIZE = 2%

X train| ‘clean_text wordlist'] = X train.clean_text.apply(lambda x : word tokenize(x))
X_test| 'clean text wordlist'] = X test.clean text.apply(lambda x : word_ tokenize(x))

model = gensim.aodels.Word2Vec(X train.clean text wordlist
, Nin_count=]
» Size=SI1ZE
, Window=3
, workers=4)

[nltk_data] Downloading package punkt to /Users/ritika/nltk_data...
[nltk_data] Unzipping tokenizers/punkt.zip.

In [113]: model.most_similar('plane’, topaw=3)

Outfliid]: |[('manufactur', 0.9952282309532166),
("field', 0.9949126243591309),
("latest’, (.9945066042900085))

Words with an event not exactly min_count are not kept in the vocabulary.
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NOTE: A symptom of the min_count parameter is that a few tweets could have no vector
esteems. This is would be the situation when the word(s) in the tweet happen in under
min_count tweets. Because of the little corpus of tweets, there is a danger of this incident for

our situation. In this manner we set the min_count esteem equivalent to 1.

In [114): def compute avy w2v_vector(w2v_dict, tweet):
list of word vectors = [w2v dict[w] for w in tweet if w in w2v_dict.vocab.keys()]

if len(list_of word vectors) == 0:
result = [0,0)*SIZE
else:
result = np.sum(list of word vectors, axis=0) / len(list of word vectors)

return result

In [115]: X_train w2v « X train[ 'clean text wordlist'].apply(lambds Xx: compute avg w2v_vector(model.wv, X))
X _test w2v = X test['clean text wordlist'].apply(lambda x: compute avg w2v_vector(model.wv, X))

In [116]: X_train w2v = pd,DataFrame(X train w2v.values.tolist(), index= X train.index)
X_test wlv » pd.DataFrame(X_test w2v.valuee.tolist(}, indexe X _test.index)

¥ _train_w2v = pd.concat{[X_train w2v, X train.drop([ 'clean_text', 'clean text wordlist'], axis=1)], axis=l)
X test wiv = pd.concat(|X_test w2v, X_test.drop(('clean_text', 'clean text wordlist'], axis=l1)], axis=1)

The tweets can have an alternate number of vectors, contingent upon the quantity of words
it contains. To utilize this yield for demonstrating we will total the vectors per tweet to have a
similar number (for example estimate) of information factors per tweet. Consequently, we will
take the normal of all vectors per tweet. We do this with the capacity
compute_avg_w2v_vector. In this capacity we additionally check whether the words in the
tweet happen in the vocabulary of the word2vec model. If not, a rundown loaded up with 0.0

is returned. Else the normal of the word vectors.
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In [117]): best logreg w2v = grid vect|logreg, paramaters logreg, X train wi2v, X_test w2v, 1s wlve=True)

Performing grid search...

pipeline: ['features', 'cli’)

parameters:

{'clf_C": {0.25, 0.5, 1,0}, 'clf penalty’: ('l1°, '12')}
Fitting 5 folds for each of & candidatey, totalling 30 fits

[Parallel(n jobs=-1}]: Using backend LokyBackend with 4 concurrent workers.
[Parallel(n jobs=-1}]: Done 30 out of 30 | elapsed: 2Z.3min finished

done in 219,.607s

Best CV score: 0.468
Best parameters set:
clf__C: 1.0
clf penalty: '11'
est score with best estimator : 0.460

Classification Raport Test Data

precision recall fl-score  support

anger 0.29 0.02 0.04 102
arousal .00 0.00 0.00 174
dominance 0.47 0.97 0.63 690
faith g.00 0.00 0.00 52
fear £.00 a.00 0.00 44

Joy £.30 0.04 0.08 289
neutral 0.44 0.29 0.35 84
sadness £.00 0.00 0.00 110
micro avg L.46 0.46 .46 1545
MACro avyg 0.19 0.17 0.14 1545
weighted avg 0.31 0.46 0.32 1545

The two classifiers accomplish the best outcomes when utilizing the highlights of the
CountVectorizer By and large, Logistic Regression outflanks the Multinomial Naive Bayes
classifier. The best execution on the test set originates from the LogisticRegression with
highlights from CountVectorizer.

Best parameters:

C estimation of 1

L2 regularization

max_df: 0.5 or greatest report recurrence of half.

min_df: 1 or the words need to show up in at any rate 2 tweets

ngram_range: (1, 2), both single words as bi-grams are utilized
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ASSESSMENT MEASUREMENTS:

A test precision of 57.3%, which is superior to anything what we would accomplish by
setting the expectation for all perceptions to the greater part class (negative which would give

63% exactness).

The Precision is fairly high for each of the three classes. For example, of all cases that we

foresee as negative, 60% is to be sure negative.

The Recall for the unbiased class is low. Of every single impartial case in our test information,

we just foresee 58% as being unbiased.

In (118]: texteountacols » ['count capltal werds','count aescjis',’'count excl gquaat sarks’,'coont haahteys'
« ‘oount _mentions', 'count_urla’, 'count words')

features = FesturelUnion{]( textcountsz', ColumnZxtractor(cols~textcountscols))
v ('pipe’, Plpeline||( 'cleantext’', ColumnExtractor(colas clean text'))
v |'veot', CountVectorizer{max df+«0.%, mnin_df=], ngram_range~{1,2))111))1
s B_jobas-1)

pipeline « Pipeline|

| teaturen', features)

v (Telf’, LegisticRegressioa(Cel. ., penaletys«'127))
1

best _model = pipeline.fit df wocdel.drop( 'mood', axis~l), df _model.mood)
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e TESTING OF THE NEW MODEL DEVELOPED

In [120]:

out[120]:

Test for positive tweets

"

new_positive tweets = pd.Series(["nda achieved sustained growth low inflation
,"healthy india making"
,"president exudes confidence together win seats"])

df counts pos = tc.transform(new positive tweets)
df clean pos = ct.transform(new positive tweets)
df model pos = df counts_pos

df model pos['clean text'] = df_clean pos

best model.predict(df model pos).tolist()

['joy', "joy'., 'joy'l]

Test for negative tweets

In [121]: new_negative tweets = pd.Series(["meghalayas udp cuts ties neda"

,"shiv sena despite open differences monday announced fighting lok state elections together"
,"date fake votes listed sample fake votes house telangana complaint sho,A%"])

df counts neg = tc.transform(new negative tweets)
df clean neg = ct.transform(new negative tweets)
df_model neg = df_counts_neg

df model neg['clean text'] = df clean neg

best model.predict(df model neg).tolist()

Out[121]: ['sadness', 'sadness', 'anger']
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CONCLUSION

The model classifies all of the tweets correctly.

We will delineate motion election data survey into a genuine vector space, a well-known
method when working with content called word embedding. This is where words are encoded as
genuine esteemed vectors in a high dimensional space, where the similitude between words as far

as importance means closeness in the vector space.

Keras gives an advantageous method to change over positive number portrayals of words

into a word installing by an Embedding layer.

We will delineate word onto a 32 length genuine esteemed vector. We will likewise restrain
the all-out number of words that we are keen on displaying to the 5000 most incessant words, and
zero out the rest. At last, the arrangement length (number of words) in each audit shifts, so we will
oblige each survey to be 500 words, truncating long surveys and cushion the shorter audits with

zero qualities.

Since we have characterized our concern and how the information will be arranged and
displayed, we are prepared to build up a LSTM model to group the supposition of motion picture
surveys.

Given a chance to feature the principle commitments of this work.
* We endeavoured to arrange the political direction of the Twitter clients from India. Because
of the assortment of ideological groups and pioneers and utilization of various dialects, this work

turned out to be significantly all the more testing.

* We broke down the political direction of Twitter clients for the 'Ace’ class, yet in addition for

the 'Counter’' classification.
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* We demonstrated that the system dependent on retweets and client makes reference to works

the best for order in the Indian situation.

* After investigating the information more than 5 months, we demonstrated that the weekdays

saw the greatest movement on Twitter identified with legislative issues.

* We demonstrated that BJP and its Prime Ministerial competitor Narendra Modi were the most

noteworthy gainers in the fields of notices and ubiquity on Twitter.
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USE THE EMBEDDING LAYER OF KERAS TO CREATE
WORD EMBEDDINGS FROM THE TRAINING DATA

While applying one-hot encoding to the words in the tweets, we end up with merger
vectors of high dimensionality (here it is by increasing the quantity of words). On bigger
informational collections this could cause execution issues. Moreover, one-hot encoding does
not consider the semantics of the words. For example, plane and flying machine are various

words yet have a comparative significance.
Word embeddings lessen these two issues. Word embeddings are thick vectors with a

much lower dimensionality. Also, the semantic connections between words are reflected out

there and bearing of the vector.

154



NETWORK BASED CLASSIFICATION

In [8): def deep model(medel, X train, y train, X valid, y valid):

model . compile(optimizers'rmaprop’
, loss~'categorical crossentropy’
, metries=['aceuracy'])

nistory = model . fit(X_train
, ¥_train
, epochs=NB_START EPOCHS
, batch_size=BATCH SIZE
, validation data=(X valid, y valid)
, verboses()
return history

def eval metric(history, metric name):

metric = history.history(metric_name)
val metric = history,history('val ' + metric_namej

e = range(l, NB_START EPOCHS + 1)

pit.plot{e, metrie, 'bo', labels'Train ' + matrie name)
plt.plot(e, val metriec, 'b', label='Valldation ' + metric name)
plt.legend()

plt.show()

det test_model(model, X train, y train, X test, y_test, epoch stop):

model.£it(X train
¢ y_train
, epochesepoch_stop
, bateh aizesBATCH SIZE
, verbose=0)
results = model.evaluate(X test, y test)

return results
det remove stopwords{input text):

stopwords list = stopwords.words('english')

# Some words which might Indicate a certaln sentiment are kept via 4 whitelist

whitelist = ["n't", "not', "no")

words = input text.split()

clean words = [word for word im words if (word not in stopwords list or word in whitelist) asd len(word) > 1]
return ' ".join(clean words)
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return re.sub(r'f\wt', '', input_text)

In [§]+ Amport nitk
nltk.download( 'stopwords')
from nltk.corpus import stopwords
stopwords.words | 'english’')
df = pd.read cav('/Users/ritike/Downloads/train/sentinents/LokShebeBle2019Cong-noods.cav')
df = df.reindex|np.random.permutation|{df.index))
df = df[[ 'tweet', 'mood']]
df .text = df,tweet.apply{remove stopwords).apply(remove mentions)

[nltk data] Downloading package stopwords to
|nltk_data) flUsers/ritika/nltk data...
[nltk_data) Package stopwords is already up-to-datel

/Users/ritika/anacondad/lib/pythonl.i/site-packages/ipykernel launcher.pytf: UserWarning: Pandas doesn’t allow column
8 to be created via a new attribute name - see https://pandas.pydata.org/pandas-docs/stable/indexing, html#attribute-a
coess

In f11]t X_train, X test, y train, y test = train test split{df.tweet, df.mood, test sizes0.1, random state=37)
print{'# Traln data samples:', X train.shaps(0])
print{'¥ Test data samples:', X _test.shapel0])
assert X train.shape[(] == y train,shape(?]
assert X test.shape[0] == y test.shape{0]

¥ Train data samples: 6697
# Test data samples: 745

In |16): from keras import models
from kerss import layers
from keras import regularizers

Using Tensorflow backend.

In {17]: from sklearn.model selection import train test split
from nitk.corpus import stopwords
from keras.preprocessing.text import Tokenizer
from keras.preprocessing,sequence import pad sequences
from keras.utils.np utils import to categorical
from sklearn.preprocessing import LakelBncoder

Tn [19]: NB_WORDS = 10000
VAL_STEE = 1000
NB_START EPOCHS = 10
BATCH_SIZE = 512
MAX_LEN = 24
GIOVE DIM = 100

156



o« CONVERTING THE TARGET CLASSES TO NUMBERS AND
SPLITTING OFF VALIDATION DATA

In [22]: N_train_seq trone = pad seguences X srain_seq, naxlan-MAX_TAN)
A test wes srunc = pud sequences X test seqg, maxlen=MAX LEN)

In [2)]+ X_train seq tyone[l0] & £xampla of paddad sequence

Qut|21]: mrray(l 0, 0, 2, 0, a, 0, n, ¢, o, 9, dr
0, 0, "B 0, 0, 0, 0, 0, 0, 2440, 23,
219, 58], dtype~intli]

In {24t Le = LabelZncoder()
§_train le = le.fib_transform{y_train|
y_taak la = la.tranaforn(y_test)
y_train_oh = ta_categoricaliy_train_lw)
¥ test oh = to categurical|y test le!

In [25]: X_train_amb, X valid_emh, y train_enb, y valid anb = train_test splic(X_train_saqg trune,
y_train_oh, tesk aizasi.l, rasdon atatesil)

assert X valid eab,shape{0] = ¥ valid enb.shape[0]
assert X _train cab.zchape!?] == y train snb.shape[0]

print| Shape of validacion seb: ,X_valid_anb.shape)

Skapa of validation sat: (670, 24)

« MODELING

In 129)]: emb model « models.Sequentialf()
enb model.add(layers.Embedding(NB_WORDS, 68, input length=MAX LEN))
enb model.add(layers.Flatten())
emb model.add(layers.Dense({&, activation='softmax'))
enb model.summary()

Layer {(type} Output Shape Param #
erbedding 2 (Embedding) (None, 24, B) BO0OC
flatten 2 (Flatten) (None, 192) 0
dense_2 (Dense) (None, B) 1544

Toctal params: B1,544
Trainable params: 81,544
Ron-trainakle params: 0

In [30): emb history = deep model|emb model, X train emb, y train emb, X valid emb, y valid_emb)

In [31): emb _history.history|'acc'|[-1])

Outi3l): 0.5229799244382873
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In [32]: eval metric(emb history, 'acc')

055

9 ® ©® o e o o o o
0.50 -
045 4
0.40 -
0.35 -

® Train acc

0.30 1 = - Validation acc

2 4 6 8 10

In [33]: eval metric(emb_history, 'loss')

e @ Train loss
20 1 — Validaticn loss

19 1
18 |
17 1
16 1

15 1
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ACCURACY OF MODEL FOR WORD EMBEDDINGS

In |34): emb_results = test _nodel(emb_madel, X _train_seq_trunc, y_train oh, X_test_seqg trunc, y_test_oh, &)
print{'/n")
print|'Test accuracy of wvord erbeddings nodel; {0:.2£}% .format(enb resulte{l]|+1C0))

745/774% l::::::::::::::::::::::::::::::’ - 0z 29n$/=tcp
/n
Test accuracy of word embeddings model: 51.68%

The model has an approval exactness of about 52%. The quantity of words in the tweets is fairly

low, so this outcome is somewhat great.

By looking at the preparation and approval precision and misfortune, it is seen that the model

begins overfitting from epoch 6.
Keras gives an Embedding layer which causes us to prepare explicit word embeddings dependent

on our preparation information. It will change over the words in our vocabulary to multi-

dimensional vectors.
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CONCLUSION

In the initial segment of this work, tweets were analyzed in our dataset. We broke down the
volume of the tweets approaching each day and advocated the crests in the information by giving
the course of events of the major political exercises amid India General Elections 2019. It was
accounted for that Tuesdays and Wednesdays saw the most elevated number of Tweets as greater
part of the exercises were amid weekdays and the action crested especially in the second 50% of
the day. It was additionally discovered that we had 815,425 exceptional clients in our dataset. The
quantity of one of a kind client for consistently were likewise detailed. It was appeared according
to the prevalent view the volume of tweets expanded as races came nearer. The quantity of notices
over recent months were appeared for AAP, BJP and Congress, however 8 different gatherings that
were dynamic in different states. We additionally investigated the fame of Arvind Kejriwal and
Narendra Modi on two distinct parameters and detailed how their political conduct influenced their

prevalence on Twitter.

The second piece of the work was concerning the political direction of clients. We utilized
4 approaches for the creating 4 sorts of classifiers. Subsequent to getting 1000 profiles explained
we could set up a genuine positive dataset with 613 cases of Pro and 425 occasion of Anti class.
The principal approach utilized a client vector that had the TFIDF score for each term. The
effectiveness with this strategy for equivalent number of examples was 42.42% for Pro and 37.25%
for the Anti classification. We at that point proceeded onward to the second strategy which utilized
the hashtags utilized in tweets as highlights for order. This technique improved the effectiveness
somewhat yet not as far as possible. To check if the strategies were working right, we attempted 2-

class arrangement also, however without much of any result.

The third technique was the utilization of client-based highlights, for example, number of
companions and devotees, number of events of AAP, BJP and Congress related words and
hashtags. While BJP led the pack in utilizing data analytics and predictive analysis for political
purposes, Congress, alongside other national parties was viewed as a late participant in cementing

a huge digital database. The 2019 Lok Sabha Election was a prime case of utilizing information
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driven strategies to make a viable advanced interface and communication crosswise over India and

streaming data to be utilized.

The fourth part of the work was the advancement of the entry that showed the investigation
of the tweets of the most recent 24 hours and successfully classified the sentiments of the live
streaming Tweet dataset. Elections are a complex, multi-dimensional social and political occasion
which can be caught just through an assortment of strategies: this thesis underlines how the various

methodologies complete one another and are thusly similarly important.

While anyone thinks about the Indian electoral race, at the national and state levels, they
have been ruled, since the 1990s, by study scholars or examiners. The Lokniti based venture of
'Comparative Electoral Ethnography' ought to add to reestablishing some harmony between
different kinds of studies. Additionally, scholarly discussions around the logical and political
ramifications and impediments of decision considers appear to prompt an assembly: while poll-
based studies advance towards a better worry of the sentiments and dispositions of Indian voters,
anthropological examinations endeavor to defeat the constraints of hands on work dependent on a

solitary, restricted territory.
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SYNOPSIS

The essential goal of the analysis is to get a precise estimating model for the Lok Sabha
Election 2019. To distinguish a dependable model, artificial neural networks (ANN) and support
vector regression (SVR) models are thought about dependent on some predetermined exhibition
measures. Besides, six autonomous factors, for example, GDP, job rate, the hopeful's endorsement
rate, and others are considered in a stepwise relapse to distinguish noteworthy factors. The
candidate's endorsement rate is distinguished as the most critical variable, in light of which eight
different factors are recognized and considered in the model improvement.

Preprocessing techniques are connected to set up the information for the learning
calculations. The proposed methodology essentially expands the exactness of the model up to 50%.
The learning calculations (ANN and SVR) demonstrated to be better than direct relapse dependent
on every technique's determined exhibition measures. The proposed methodology essentially
expands the precision of the gauge for casting a ballot conduct and gathering execution.
Expanding the exactness of the achieved conjectures is another exploration objective. In addition,
expository models are desired to give figures and distinctive used learning algorithms are
additionally analyzed dependent on some predetermined exhibition measures.

The contrasts between artificial neural systems (ANN) and support vector regression (SVR)
are researched additionally dependent on two proportions of errors: mean absolute prediction error
(MAPE), and root-mean-squared error (RMSE). Exploring the effects of data mining procedures
in expanding determining exactness is another goal of this experimental analysis, where two major
datasets are compared utilizing every attribute.

To begin with, the characterization of the data, by a procedure of unsupervised learning as the
gathering, clustering, brings the find of groups that are extraordinary yet the individual is equivalent
among themselves as noted (Vega, 2012) In the philosophy of data mining.

The Clustering methods, is alluded in English as gathering, are strategies which are utilized
to aggregate a progression of things. Clustering is utilized in insights and science. The strategies to
manage are: the progressive technique since it is an exploratory instrument intended to uncover the
normal gatherings inside a lot of information that would somehow isn't clear. It is helpful when

you need to bunch few items, might be cases or factors, in the event that you need to arrange cases
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or look at connections between the factors. The target of this thesis was to determine an anticipating
model for the Lok Sabha elections. Deep Learning Algorithms and data mining strategies were
used towards this target. In addition, free factors, for example, GDP, employment ratio, individual
salary, changes in the votes of the occupant party in the last electoral battle, and the candidate's
activity endorsement were considered. The essentialness of every variable was dictated by applying
stepwise regression. Thus, all factors relating from the party's activity endorsement rate were
discarded.

The principle hypothesis was that the electoral decision reflects the public sentiment
towards a party candidate. After the stepwise regression is performed, 7 factors identified with
sentiment of public were considered to build up the anticipating model. By applying two
preprocessing techniques, data transformation and clustering, the data was set up for the learning
algorithm. The algorithm of bagging and boosting were applied on the dataset to reduce the
variance of the data while significantly keeping the bias untouched. The primary standard behind
the model is that a gathering of feeble learners meet up to frame a solid learned model. Bagging
(Bootstrap Aggregation) is utilized when we will likely lessen the change of a decision tree. Here
thought is to make a few subsets of data from training test picked arbitrarily with substitution.

Boosting was applied on the data set to generate the variation of prediction rule. Upon
achieving a desirable strength of the prediction rule we declared the model fit for testing. Other
algorithms like Classification, 3 types of regression algorithms and LSTM Time Series Forecasting
was taken into account. A model was successfully trained and tested for sentiment analysis on live
streaming data to justify both negative and positive tweets.

An audit of clustering algorithms calculations, can be referenced by (Xu, 2005) and
examine distinctive calculation. The progressive technique is worked by a group of trees or various
leveled hierarchical clusters. Arranged in agglomerative and disruptive. The initially starts with a
group and after at least two comparative clusters. The second starts with a cluster containing every
one of the data points and recursively partitions the gathering generally proper. The procedure
proceeds and stops until the rule is improved

The election results are not so much unplanned, completely eased by past events and
happenings, and that quite a bit of what occurs in neighborhood enables us to think about the

potential situations of the nearby election result. The essential goal of this experiment is to
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demonstrate and figure the Lok Sabha 2019 decision by means of the utilization of learning
calculations. Political and financial factors are used in the model, and noteworthy factors are
distinguished through further examination and factual systems. The reliant variable is characterized
as the discretionary votes of the occupant party. The candidate party is considered as the important
variable, since it shows additionally related factors such the party's endorsement rate.

It is imperative to examine the connection between the verifiable pattern of the vote and the
discretionary aftereffects of a particular election; it is significant in light of the fact that it enables
us to make expectations, which can, in great measure, sharpening political candidates and voters
about the potential consequences of the constituent voting pattern.

In the initial segment of our work, we investigated the tweets in our dataset. We dissected
the volume of the tweets approaching each day and defended the peaks in the information by giving
the course of events of the major political exercises amid India General Elections 2019. It was
accounted for that Tuesdays and Wednesdays saw the most astounding number of Tweets as larger
part of the exercises were amid weekdays and the action topped especially in the second 50% of
the day. The quantity of unique account was additionally detailed. It was appeared according to the
prevalent view the volume of tweets expanded as decisions came nearer. The quantity of notices
over recent months were appeared for AAP, BJP and Congress, yet 8 different gatherings that were
dynamic in different states. We additionally dissected the prevalence of Congress and BJP on
several distinct parameters and revealed how their political conduct influenced their notoriety on
Twitter.

The second piece of the work was concerning the political direction of clients. We utilized
4 approaches for the creating 2 sorts of classifiers. In the wake of getting 1000 profiles commented
on we could set up a genuine positive dataset Pro of Anti classification. The principal approach
utilized a client vector that had the TFIDF score for each term. The last strategy we attempted was
the network detection algorithm. So, we can close our data analysis on conclusion that BJP and its
Prime Ministerial competitor Narendra Modi were the most noteworthy gainers in the fields of
notices and ubiquity on Twitter.

Elections are a complex, multi-dimensional social and political occasion which can be
caught just through an assortment of strategies: this thesis underlines how the various

methodologies complete one another and are thusly similarly important. While Indian electoral
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race thinks about, at any rate at the national and state levels, have been ruled, since the 1990s, by
study examine, the Lokniti based venture of 'Comparative Electoral Ethnography' ought to add to
reestablishing some harmony between different kinds of studies. Additionally, scholarly
discussions around the logical and political ramifications and impediments of decision considers
appear to prompt an assembly: while poll-based studies advance towards a better worry of the
sentiments and dispositions of Indian voters, anthropological examinations endeavor to defeat the

constraints of hands on work dependent on a solitary, restricted territory.
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