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Introduction

The United States presidential election of 2016, was scheduled on
Tuesday, November 8, 2016.

Primary elections were held in the month of May.

Twitter — a dominant social medium for people to
express their views and support their desired
candidates. Hillary Clinton

Democratic

Donald Trump

Republican




-

Hawall

S

P

'ap Dy oy e Sy Ay




Project Aim

. » To study election patterns using the primary election results and predict the

next President.

» To study the trends in election by analyzing the tweets and sentiments for
the candidates.




Datasets Overview

. We have done our analysis on the below :-

* Primary Election Results

* Tweet Results




Primary Results Dataset

state state_abbre | county party candidate voles fraction_wot
viation es

Alabama AL Autauga 1001 Demaocrat Bernie San... hd4 0182

Alabama AL Autauga 1001 Democrat Hillary Clint... 2387 08

. Alabama AL Baldwin 10020Democrat  Bernie San... 2694 0.329

d The data set Obtalned from I{aggle Alabama AL Baldwin 1003Democrat  Hillary Clint... 5290 0.647
Alabama AL Baroour 10050emocrat  Bernie San... 222 0.078

Alabama AL Baroour 10050emocrat  Hillary Clint... 2567 0.906

3 5 Alabama AL Bibb 1007 Democrat  Bernie San... 246 0.197

e Total Of 24612 mstances and 8 attrlbutes Alabama AL Bibb 1007Democrat  Hillary Clint.. 942 0.755
Alabama AL Blount 1008 Demaocrat Bernie San... 395 0386

5 Alabama AL Blount 1008 Democrat Hillary Clint... 564 0.551

o b . Alabama AL Bullock 1011Democrat  Bernie San... 178 0.066
Ta’rget Varla le 2 VOteS Alabama AL Bullock 1011 Demaocrat Hillary Clint... 2451 0.913
Alabama AL Butler 10130emocrat  Bernie San... 156 0.065

Alabama AL Butler 10130emocrat  Hillary Clint... 2196 0.921

Alabama AL Calhoun 10150emocrat  Bernie San... 1425 0.218
Alabama AL Calhoun 1015 0emaocrat Hillary Clint... 5011 0.765
Alabama AL Chambers 1017 Demaocrat Bernie San... 31z 0.085

Alabama AL Chambers 1017 Demaocrat Hillary Clint... 2399 0.886

Alabama AL Cherokee 10190emocrat  Bernie San... 268 0.249

Alabama AL Cherokee 1019 Demaocrat Hillary Clint... T12 0.661

EESTI——— . - ——




Dataset for Democrats- County Wise

= B | = | D | E | F | S | H

A Vlstate lstate_abb county fips party candidate votes fraction__votes :
2 Alabama AL Autausa 1001 Democrat Bermie Sar 5449 oc.A182
= Aldlabama AL Autausa 1001 Democrat Hillary Clias 2387 o.=s
4 Alabama AL Baldwin 1002 Democrat Bermie Sar 2694 o.329
S Alabama AL Baldwin 1002 Democrat Hillary Clias 5290 c.64a7
S Aldlabama AL Barbour 1005 Democrat Bermie Sar 222 c.O7S
7 Aldlabama AL Barbour 1005 Democrat Hillary Clias 2567 O.9S06
=  Alabama AL Bibb 1007 Democrat Bermie Sar 246 O.2197
=S Alabama AL Bibb 1007 Democrat Hillary Clias sS4 C.755
10 Alabama AL Blount 1009 Democrat Bermie Sar 395 oc.386
11 Alabama AL Blount 1009 Democrat Hillary Clias 564 C.551
12 Aldlabama AL Bullock 10311 Democrat Bermie Sar 178 O.066

= Alabama AL Bullock 1013 Democrat Hillary Clia 244573 oc.S13
14a Aldlabama AL Butler 1013 Democrat Bermie Sar 1S6 O.065S
15 Aldlabama AL Butler 10313 Democrat Hillary Clia 2196 o.S23
1s Alabama AL Calhoun 101S Democrat Bermie Sar 14425 o.218
17 Aldlabama AL Calhoun 101S Democrat Hillary Clan 5011 C.765
1s Alabama AL Chambers 1017 Democrat Bermie Sar 3312 c.0SS
19 Aldlabama AL Chambers 1017 Democrat Hillary Clias 2899 o.S86
20 Alabama AL Cherokee 1019 Democrat Bermie Sar 262 o.24a9
21 Alabama AL Chercokee 10319 Democrat Hillary Clias 712 C.661L
22 Alabama AL Chilton 1021 Democrat Bermie Sar 289 o.24a06
2= Alabama AL Chilton 1023 Democrat Hillary Clias 260 C. 731




Dataset for Republicans-County Wise

=20 Alabama AL Fayeitite 1057 Republica Ted Cruz=z 10a=s L8 F= = &
=21 Alabama AL Frankiliin 21059 Republica Ben Carso =288 CcC.O09S=
2s2 Alabama AL Franmnkiin 1059 Republica Donald T 235S Oo.531S
2= Alabama AL Franmnkiliin 21059 Republica John Kasic 2AOC7 CcC.C26
Z2sa Alabama FaN Franmnkiim 1059 Republica PVMiarco Ruk 562 o.1=34a
=Z2=5S Alabama AL Framnkiin 1059 Republica Ted Cruz= sS9sS2 CcC.231=3
Z2ss Alabama AL Genewva 1061 Republica Ben Carso 592 C.O0OS=
ZET7 Alabama AL Senewva 210612 Republica Donald Tir: 3106 CcC. 286
28 :Alabama AN Genaeva 1061 Republica John Kasic I3 o.02=
=289 Alabama AL Senaewva 1061 Republica hvMiarco Rutk sS29 Oo.1=
290 Aldlabama AL Genewva 1061 Republica Ted Cruz= IS5V F o.237
291 Alabama AL Sreene 21062 Republica Ben Carso a9 Oo.C7
gl S iAlabama AL Sreense 1062 Republica Domnald T Ia7 o.5=3=
29= Alabama AL Sreene 1062 Republica John Kasic 20 C.O=37
Z2oa Alabama PN Sreens 1062 Republica VMiarco Ruk == ON 22N
29SS Alabama AL Sreense 106=2 Republica Ted Cruz= 59 C.236
2os Alabama AL Hale 1065 Republica Ben Carso =s= OC.O7S
297 Alabama AL Hale 1065 Republica Donald T 5900 CcC.523
Z2os Alabama AL Hale 1065 Republica John Kasic 2 OC.O213
299 Alabama AL Hale 1065 Republica Miarco Ruk 232 C.A117
00 iAlabama AL Hale 1065 Republica Ted Cruz= 2= o.25
201 Alabama AL Henry 1067 Republica Ben Carso A3 C.A1S
S02 Alabama FaN Henry 1067 Republica Donald T ATFTTIFTS Oo.3csS




Twitter Dataset

* Created using the tweets in twitter

* Extracted using open source real time Twitter Scraper and python

* Hashtags used are #Hillary, #Trump, #USelection2016

Targeted handles : (@realdonaldtrump and @hillaryclinton

Total of 3 attributes and 2219 instances of trump tweets

Total of 3 attributes and 5001 instances of Hillary tweets




Tweet Dataset for Trump

created_at
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53
7.94E+17 01-11-2016 22.53

text

RT @bfraser747: 3Y' ¥3Y'¥ #Abortion

RT @mmpadellan: OH SNAP! Ladies on "The View" working it OUT!

Bill Clinton was impeached on two charges: perjury and obstruction of justice.

#TedCruz casts early ballot and votes #TRUMP #CruzCrew https://t.co/%2syBHkasV

Ce que #Trump a dit...

RT @ResistTyranny: Three reasons why #Trump will be a GREAT President:

RT @johneric2004: There Are Pro-Trump Planes Flying Around Center City Philly #Trump

@realDonaldTrump #Trump lied about giving to 9/11 fund https://t.co/Lj0CzghZw5 #NeverTrump

RT @mmpadellan: OH SNAP! Ladies on "The View" working it OUT!

Check out this cartoon! The REAL #Trump Tower... @leffSantosShow @buell003 @seattletimes @SeattleBernie #hillarya€! https://t.co/nk9WrkOuC3
From the abuse I've seen and gotten on Twitter from #Trump folks | think its hostility to all "others" as well as&€] https://t.co/gNUSHXNWX7

*sigh* Listen here if you have any questions about how #Dangerous #Trump is... https://t.co/fj6RcaFpDB https://t.co/FQL7nuK0A4L

Trump says he knows more about war then generals #U5A2016 #Trump https://t.co/VxzQpp2luo

RT @esneetd4113: WTF? #Trump IS IN TROUBLE!! Judge orders RNC to detail voter fraud pacts with Trump campaign https://t.co/7POGp5PwWnL

RT @559)onathan: Je kiff @OFNIWY avec @steevy_boulay #C'estPasUneBoiteAPute 20020 la vanne #OFNI #Trump

RT @CorrectRecord: There's really no comparison between the #Trump and Clinton Foundations. https://t.co/Qy2ynv0bDU

RT @JohnlLeguizamo: Sorry a vote for #JillStein is a vote for #trump. U r being cavalier w th future of our country @SusanSarandon @MarkRuffa€|

RT @Amaka_Ekwo: President #Trump https://t.co/CPXSHFil1U

RT @tombermanap: Unpopularity of #Trump &amp; #Arpaio with #Latinos could be key in #Arizona #election results. https://t.co/NKZJtpfhe0 #hispaniE)
RT @Bethweberl: Are you Jewish? Avote for #Trump is a vote for the most antisemitic candidate in our lifetime. #MNeverForget what we haved€!
RT @DeFotis: #Mexico: For Peso, il Matters More Than #Trump h‘ftps:ﬁt.co,"dGQGl(WNer#EmergingMarket #energy #Pemex SEWW #currency @barron
RT @ElectionLawCtr: #Trump now beating #Hillary in #iowa #ohio and #Florida. #gators #hawkeyes #cyclones #buckeyes #seminoles #bengals #inda€|




Tweet Dataset for Hillary

id created at
7.94E+17
7.94E+17
T.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
T.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
7.94E+17
793

text
01-11-16 19:40 Iragi Army Officials Discover US-Made Missiles in ISI5's Military Base in Mosul #Clinton2016 https://t.co/pccDXsN7SG
01-11-16 19:35 RT @chrischilds911: & #NAZI & ITEMS W/#SWASTIKA ON #EBAY! Visit: https://t.co/I5g7mPXP6] @eBay #Trump2016 #Trump #Republicans #Clinton20163€ |
01-11-16 19:28 Even the @mike_pence rally was bigger. #clinton2016 #MAGA #lockherupd¥iedVi, @ Sanford Civic Center https://t.co/OUd2PSvolT
01-11-16 19:24 Remember back when Sarah Palin was the rock bottom of the Republican candidate barrel? #lovetrumpshate #Clinton2016
01-11-16 19:16 The #HillaryClinton lemmings and suckers heading to jump off the #Clinton2016 cliff. https://t.co/CuyBQwyYKU
01-11-16 18:532 Hoy Washington Post publica sondeo nacional que sithea a #TrumpPence2016 un punto por delante de #Clinton2016 46-45 https://t.co/fRIRKA2GZF
01-11-16 18:39 RT @chrischilds911: & #NAZI 3 ITEMS W/#SWASTIKA ON #EBAY! Visit: https://t.co/I5g7mPXP6] @eBay #Trump2016 #Trump #Republicans #Clinton20165€ |
01-11-16 18:27 RT @chrischilds911: & #NAZI & ITEMS W/#SWASTIKA ON #EBAY! Visit: https://t.co/I5g7mPXP6] @eBay #Trump2016 #Trump #Republicans #Clinton20163€ |
01-11-16 18:19 RT @raixvenignacia: | just made the irrational decision and voted for #clinton2016 yes .... I'm that dumb
01-11-16 18:17 @nytimesworld We are NOT #TrumpPoison. We are a nation of diversity &amp; we are #StrongerTogether. We will survive this nightmare. #Clinton2016
01-11-16 18:16 RT @countryqueens23: Still waiting for EVEN ONE reason #HillaryClinton #HillYes #imWithHer #Clinton2016 #ClintonKaine #Hillary #Trump2016 #3€]
01-11-16 18:10 #GetOutandVote #imWithHer #Clinton2016 #MadamPresident #VoteBlueDownBallot #DontBeComplacent #UniteBlued€] https://t.co/lanSXRENLY
01-11-16 18:01 Poor WikiDrips and the Original G #Putin they thought they could bring @HillaryClinton down! fuck both of them! #Clinton2016
01-11-16 17:59 RT @chrischilds911: & #NAZI & ITEMS W/#SWASTIKA ON #EBAY! Visit: https://t.co/I5g7mPXP6] @eBay #Trump2016 #Trump #Republicans #Clinton20163€ |
01-11-16 17:47 Unintended campaign slogan of the day (...or of the campaign)... #Clinton2016 https://t.co/r7e0QEXUEM
01-11-16 17:44 @SophiaBush is going off with her retweets! #Clinton2016
01-11-16 17:36 | just made the irrational decision and voted for #clinton2016 yes .... I'm that dumb
01-11-16 17:30 Good information. We faced intimidation when we were voting. It's happening everywhere. Be vigilant and determined!3€} https://t.co/b3wLmolUBlg
01-11-16 17:25 Look at how many people are here, he said sarcastically. #clinton2016 #election2016 #MAGASE | hitps://t.cof/uexPDKWgtv
01-11-16 17:21 On it! #imwithHer #soishe #clinton2016 https://t.co/BoBFBIDERE
01-11-16 17:15 @realDonaldTrump #Clinton2016 #TrumpPence2016 30 yrs corruption, collusion and controversy is mare than enough

1A A SR AGOPEAlLA NS () T a i mannes did the ama O i Hillary ar her anl? READ! AY™




Objective 1

Predicting the election result from
primary results




Data Partition

Mode ID Part |
Imported Data [
Exported Data =R
MNotes [/
Variables (<
Output Type Data |
Partitioning Method Default
Random Seed 12345
Data Set Allocations

t-Training B0.0

- Walidation 30.0

L Test 10.0
Interval Targets £5
Class Targets es
Create Time 10/28/16 8:05 PM »
Fun ID 7011321e-03fb-1940-a7Fce-70f1 .
Last Error i
Last Status Complete
Last Fun Time 11/1/16 8:15 FM
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File Edit View Acticns Options Window Help

FraEX HxsFHEaGs s AOoFRAL

E Project

{ﬁ] Data Sources

E E:_‘ Diagrams
D

#-{&] Model Packages

EnmEEHe

Sample | Explore I Modify I Model I Assess I Utility I Credit Scoring I HPDM l Applications l Text Mining I Time Series

1N/2R/1A R-N4 PM

-
.. Property Value
-

Node ID FIMPORT F
Imported Data =]
Exported Data (=)
Notes (™)
Variables
Import File D:\DM\SAS EM\20 16-us-eleci[_.]

sm rows to import 1000000

im columns to import 10000 =
Delimiter
Name Row Yes
Number of rows to skip 0
Guessing Rows S00
File Location Local
File Type csv
Advanced Advisor No
Rerun No =

ole rain
ize o

%ﬁl File Import &-—» % StatExplore é——»% Data Partition ;—» étnf; Control Point é—-» ‘g’& Decision Tree ;

»
=

3 100%

2 | =

Diagram |~

suchibakshi0 as suchibakshio

Connected to SAS.,

ce Server (odaws01.oda.sas.com




Decision Tree Output

@ Results - Node: Decision Tree
File Edit View Window =
22 ens
| Tree =S
Node Id:
Statistic Train Validation
BEN CARSON: 6.78% 6.78%
BERNIE SANDERS: 17.10% 17.09%
CARLY FIORINA: 0.43% 0.45%
CHRIS CHRISTIE: 0.43% 0.45%
DONALD TRUMP: 14.58% 14.56%
| HILLARY CLINTON: 17.0S% 17.09%
JEB BUSH: 0.862% 0.84%
JOHN KASICH: 14.58% 14.57%
MARCO RUBIO: 10.3S% 10.37%
MARTIN O'MALLEY: 0.40% 0.41%
MIKE HUCKABEE: 0.39% 0.41%
I NO PREFERENCE: 1.43% 1.41%
RAND PAUL: 0.40% 0.39%
RICK SANTORUM: 0.39% 0.41%
TED CRUZ: 14.58% 14.57%
UNCOMMITTED: 0.39% 0.41%
Count: 14756 7384
volies
< +.5 == 0.5 Or Missing
|
* Node Id: 2 Node Id:
Statistic Train Validation Statistic Train Validation
BEN CARSON: &6.07% 2.66% BEN CARSON: &.79% £6.89%
BERNIE SANDERS: 16.18% 19.€68% BERNIE SANDERS: 17.12% 17.02%
CARLY FIORINA: 0.58% 0.00% CARLY FIORINA: 0.43% 0.46%
CHRIS CHRISTIE: 0.00% 0.00% CHRIS CHRISTIE: 0.44s% 0.486%
DONALD TRUMP: 1.73% 2.66% DONALD TRUMP: 14.89% 14.87%
HILLARY CLINTON: 33.53% 30.85% HILLARY CLINTON: 1&.70% 1€.73%
JEB BUSH: 0.00% 0.00% JEB BUSH: 0.84% 0.65%
JOHN KASICH: 3.7&% 4.28% JOHN KASICH: 14.84% 14.84%
MARCO RUBIO: 1.45% 4.26% MARCO RUBIO: 10.€0% 10.53%
MARTIN O'MALLEY: 10.S8% 10.84% MARTIN O'MALLEY: 0.15% 0.14%
MIKE HUCKABEE: 0.00% 0.00% MIKE HUCEABEE: 0.40% 0.4Z2%
NO PREFERENCE: £.94% £.91% N0 PREFERENCE: 1.30% 1.26%
RAND PAUL: 0.00% 0.00% FPAND PAUL: 0.41% 0.40%
RICK SANTORUM: 1.16% 1.60% RICK SANTORUM: 0.37% 0.38%

T —— e e e e



Results - Node: Decision Tree Diagram:
File Edit View Winf!ow

B & 8l &
5 Tree = [P
VO.E;S
| 1
< 8|0'5 >=80.5 Or Missing
1
Node Id: 4 Node Id: 5
Statistic Train Validation Statistic Train Validation
BEN CARSON: 12.90% 13.95% BEN CARSON: 4.76% 4.52%
BERNIE SANDERS: 14.60% 13.45% BERNIE SANDERS: 17.9€% 18.23%
CARLY FIORINA: 1.36% 1.65% CARLY FIORINA: 0.12% 0.06%
CHRIS CHRISTIE: 1.56% 1.32% CHRIS CHRISTIE: 0.07% 0.17%
DONALD TRUMP: 4.€7% 4.96% DONALD TRUMP: 18.29% 18.21%
HILLARY CLINTON: 15.4€% 15.66% HILLARY CLINTON: 17.11% 17.09%
JEB BUSH: 1.50% 1.54% JEB BUSH: 0.35% 0.35%
JOHN KASICH: 19.05% 18.96% JOHN KASICH: 13.45% 13.45%
MARCO RUBIO: 9.€2% 9.26% MARCO RUBIO: 10.93% 10.96%
0.5e% 0.55% MARTIN 0O'MALLEY: 0.01% 0.00%
1.56% 1.54% MIKE HUCKABEE: 0.02% 0.04%
4.81% 4.63% NO PREFERENCE: 0.13% 0.13%
RAND PAUL: 1.31% 1.21% RAND PAUL: 0.11% 0.13%
RICK SANTORUM: 1.45% 1.43% RICK SANTORUM: 0.02% 0.02%
TED CRUZ: 9.51% 9.76% TED CRUZ: 1€.67% 1€.65%
UNCOMMITTED: 0.08% 0.11% UNCOMMITTED: 0.00% 0.00%
Count: 3596 1814 Count: 10814 5382
votes vo?;s
| 1
< %.5 >= 6.5 Or Missing < 4%3.5 >=46350r
I I
Node Id: € Node Id: 7 Node Id: g Node Id:
Statistic Train Validation Statistic Train Validation Statistic Train Validation Statistic Tra
BEN CARSON: 10.71% 12.11% BEN CARSON: 13.59% 14.50% BEN CARSON: 8.52% 7.57% BEN CARSON: 2.
BERNIE SANDERS: 29.69% 27.55% BERNIE SANDERS: 9.86% 9.19% BERNIE SANDERS: 16.94% 1€.74% BERNIE SANDERS: 18.5
CARLY FIORINA: 1.40% 0.95% CARLY FIORINA: 1.35% 1.87% CARLY FIORINA: .22% 0.05% CARLY FIORINA: 0.0
CHRIS CHRISTIE: 2.44% 2.14% CHRIS CHRISTIE: 1.28% 1.08% CHRIS CHRISTIE: 0.05% 0.24% CHRIS CHRISTIE: 0.0
DONALD TRUMP: 0.58% 0.95% DONALD TRUMP: 5.96% £.17% DONALD TRUMP: 10.37% 11.48% DONALD TRUMP: 23.1
HILLARY CLINTON: 2S.80% 29.45% HILLARY CLINTON: 10.96% 11.49% HILLARY CLINTON: 11.73% 11.87% HILLARY CLINTON: 20.4




Decision Tree Output - contd.

(& Results - Node: Decision Tree Diagram:

s >= 463.5 Or Missing
F Tree
Node Id: $
I - I » R : DEree
i e Miesine e Jtatistic Train Validation
Tode 14: 3 Tode 1d: ? Tode 14 s Node 1d: s m‘ cms 01' . " 46 * [ c 0 *
wliiins Tin itein it T e B it TR e
mmm i i | . EEFNIE SANDERS: 16.58% 16 .16%
2.44% 2.14% CHRIS CHRISTIE: 1.28% 1.08% CHRIS CHRISTIE: 0.05% 0.24% . .
0.58% 0.55% DORALD ' 5.86% £.17% D 0.27% 11 48% DORALD TRUMP: 23.. .42
| e R & :
2.56% 2.38% MARCO 1L.84% 11.34% o 5.26% 15.66% MARCO FUBI B - Y
e | e NI VI | enieee Sm oo CHRIS CHRISTIE: 0.06% 0.12%
0.56% 0.71% MIXE HUCKABEE L.86% 1.78% MIXE HUCKABEE: 0.02% 0.10% & - . . -
€.87% 6.65% CE:  4.17% 4.02% 0 PREFEFENCE: 0.22% 0.24% N0 PREFERENC] . B - “n ~
0.35% 0o00% BAL: LEl% Lisox BAID PAUL:  0.24% 0.1s% FAID PA % ¢ . 3 14* " 4 *
| R e L @ DORALD TRUMP: 2 22.42
T e e S
SRS e gl HILLARY CLINTON: 20.40% 20.27%
IT . - -
JEE BUSH: 0.21% 0.22%
| .
<1%7,5 ey citezs TN, S— _ JOHN XASICH: S §.45%
; ! MARCO RUBIO: @ §.01%
Tode 1d: 14 Tode 1d. 15 Tode 1d: 1€ Tode 1d: 1 i -
Statistic Train Yalidation Statistic Train Validatien Statistic Train Yalidation Statistic Train Yalidation
EEN CARSON: 11.10% §.28% BEN CARSCN:  €.22% €.13% BER (ARSON:  2.48% 4.20% EEN CARSON: 1.04% 1.51% mln 0 1 m . 0 o o 0 *
BEFNIE SANDERS: 15.22: 14.88% EERNIE SAIDERS: 18.42% 18.25% BEFNIE SANDERS: 18.77% 20.45% BEFNIE SANDERS: 18.46% 16.27% | -
DUIES L moamm o gm EEEmEanE an GBS E T
DOTALD TRWMP: S 24% T DONALD TRUP: L2ex 12783 DonaLD s w0l 170ser TRRE: 2 250153 ] Mln Hucnm . o o o o *
HILLAFY CLINTON: 8.§2% S.61% HILLAFY CLINTCN: 14.16% 12773 HILLARY CLINTCD: 20.75% 18.06% 0 21.78% N .
JEB BUSH: 0.47% 0.52% JEB BUSH: 0.2£% 0.27% JEB BUSH: 0.24% 0.24% 0 0.28%
JOHN ¥ASICH: 21.84% 22.10% JOHN ¥ASICH: 1€.80% 17.763 JOHD ASICH: 11.62% 10.24% s 8.97% no m‘tn - 0 o o o *
PAID PAUL: 0.47% 0.21% FAID PAUL: 0.05% 0.18% PAID PAUL:  0.04% 0.24% 0 0.00% | .
was s wamem i am i -
: TED CRUZ: 1¢ 17.235%
-
e e UNCCeMITTED: 0 0.00%
]




File Edit View Window 1
B & E & i
[E=E :
Node Id: 14 Node Id: 15 Node Id: 16 Node Id: 17 | - TR
Statistic Train Validation Statistic Train Validation Statistic Train Validation Statistic Train Validation
BEN CARSON: 11.18% 29% BEN CARSON: .22% % BEN CARSON: 3.49% 4.38% BEN CARSON: 1.84% 1.51% |
BERNIE SANDER: 15.22% 14.89% BERNIE SANDERS: 18.43% 18.29% BERNIE SANDERS: 18.77% 20.45% BERNIE SANDERS: 18.46% 18.37%
CARLY FIORIN. 0.26% 0.00% CARLY FIORINA: 0.18% 0.09% CARLY FIORINA: 0.04% 0.18% CARLY FIORINA: 0.07% 0.00% N
CHRIS CHRISTI] 0.05% 0.32% CHRIS CHRISTIE: 0.05% 0.18% CHRIS CHRISTIE: 0.1&% 0.1€% CHRIS CHRISTIE: 0.05% 0.10% |
DONALD TRUM! 9.34% 5.93% DONALD TRUMP: 11.2€% 12.79% DONALD TRUMP: 18.18% 17.98% DONALD TRUMP: 2€.14% 25.15%
HILLARY CLINTO] 8.92% 9.61% HILLARY CLINTON: 14.16% 13.77% HILLARY CLINTON: 20.75% 18.06% HILLARY CLINTON: 20.19% 21.78%
JEB BUS] 0.47% 0.53% JEB BUSH: 0.36% 0.27% JEB BUSH: 0.24% 0.24% JEB BUSH: 0.3€% 0.39%
JOHN KASICI 21.94% 22.18% JOHN KASICH: 16.98% 17.7€% JOHN KASICH: 11.92% 10.34% JOHN KASICH: 8.€3% B.97%
MARCO RUBI 15.96% 16.47% MARCO RUBIO: 14.89% 15.01% MARCO RUBIO: 11.17% 10.50% MARCO RUBIO: 6.41% 6.48%
MARTIN 0'MALLE 0.05% 0.00% MARTIN 0'MALLE 0.00% 0.00% MARTIN 0'MALLEY: 0.00% 0.00% MARTIN 0'MALLEY: 0.00% 0.00%
MIKE HUCKABE! 0.05% 0.21% MIKE HUCKABE! 0.00% 0.00% MIKE HUCKABEE: 0.04% 0.00% MIKE HUCKABEE: 0.00% 0.00%
N0 PREFERENC! 0.88% 0.74% N0 PREFERENC! 0.00% 0.00% NO PREFERENCE: 0.04% 0.00% NO PREFERENCE: 0.00% 0.00% I
RAND PAU! 0.47% 0.21% RAID P. 0.05% 0.18% RAND PAUL: 0.04% 0.24% RAND PAUL: 0.02% 0.00%
RICK SANTORUM: 0.05% 0.11% RICK SANTORUM: 0.05% 0.00% RICK SANTORUM: 0.00% 0.00% RICK SANTORUM: 0.00% 0.00%
VO\?QS i
< 655575 Or Missing >= 655575
|
Node Id: 20
Statistic Train Validation
BEN CARSON: 1.87% 1.53%
BERNIE SANDERS: 18.39% 18.24%
CARLY FIORINA: 0.07% 0.00%
CHRIS CHRISTIE: 0.05% 0.10%
DONALD TRUMP: 2€.40% 25.28%
HILLARY CLINTON: 19.58% 21.54%
JEB BUSH: 0.36% 0.39%
JOHN KASICH: 8.72% 8.97%
MARCO RUBIO: 6.49% £.55%
MARTIN O'MALLEY: 0.00% 0.00%
MIKE HUCKABEE: 0.00% 0.00%
NO PREFERENCE: 0.00% 0.00%
RAND PAUL: 0.02% 0.00%
RICK SANTORUM: 0.00% 0.00%
TED CRUZ: 18.05% 17.40%
UNCOMMITTED: 0.00% 0.00%
Count:
e SR STV D oy A VT SR ALV oy T Ve N S ATV T N O




Decision Tree - Statistics

Fit 3tatistics
Target=candidate Target Lahel=' '
Fit

dtatistics dtaristics Label Train Validation Test
_HMOBS Jum of Frecquencies 1475a6.00 384,00 2471.00
_MTIaEC Mizclassification Rate 0.76 0.7& 0.7a
_Ma Maximum Absolute Error l1.00 l1.00 1.00
_B3E_ Gum of 3cguared Errors l1£349.65 BZ03. 76 2077 .66
_B3E dvrerage Squared Error 0o.0a5 o.0a5 o.05
_PLSE Root 4Awverage Squared Error 0.23 0.z23 0.z23
_DIWV_ Diwisor for ASE £236096.00 115144.00 39536.00
_DFT Total Degrees of Freedom 2£1340.00 .




Decision Tree- Lift Curve

A T

|
|
= Score Rankings Overlay: candidate

e e (e
Cumulative Lift -

|
204

Cumulative Lift
=

60 80 160
Depth

TRAIN

VALIDATE |




[ Enterprise Miner -
File Edit View Actions Options Window Help —
HhABXAHEUGs s AOTRAQ

=T Project
-] Data Sources

HEENEEEEBEER

£-{] Diagrams ['sample [ Explore | Modify | Model | Assess | Utiity | Credit Scoring | HPDM [ Applications | Text Mining | Time Series
B Yo ettt bl -
(8] Model Packages Eog project =N~

AV
. Property Value ﬁ File Import > g StatExplore ——»% Data Partition },%@ Control Point l»'{’& Decision Tree l
@ | @
Node ID Part F
@

3
i

@ @mm
v

Run ID 11321e-03fb-1940-a7ce-70f1
Last Error T -
Last Status Complete v )
Last Run Time 11/1/168:15PM u \ﬂ“)‘ @& mo%’ o j =)
| Run i Hr_0Min_2 53 Ger
Ceneral ||| pagram |+ tog ||
hun completed suchibakshi0 as suchibakshi0 Connected to SASApp - Logical Workspace Server (odaws01.oda.sas.com)|




Target Level = CHRIS CHRISTIE

Target Level = DONALD TRUMP

Target Level = HILLARY CLINTON
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Regression — Statistics

Fit
Statistics

_ATC
_ASE
_AVERE_
DIV
_FPE__
_M_
_MSE_
_NOES_
_I']-['I_
_RASE
_RFFPE_
_BMSE_
_SEC_
_SEE_

_ STTMT
_MISC

Statistics Label

Akaike's Informarion Criterion
Arrerage Squuared Error

Avrerage Error Function

Degreses of Freedom £for Error
Model Degreses of Fresedom

Total Degrees of Freedom
Diwri=aor for 43FE

Error Function

Firnnal Prediction Error

Mawimam Absolute Erroxr

Mearn Soguare Error

S11m of Frequencies

IMambher of Estimate Weights
Foot Avwerage Sum of Squaares
Foot Final Predictiorn Error
Foot Mearnn Sgquared Error
Schwar='s Bavesian Criterion
S1am of Soguared Errors

S11m of Case Weights Times Fredg
Mi=sclassificartrion Rate

Train

SE0171.62
o.o5
o.25
Z2=21310.00
0. a0
Z2z2135340.00
236096, 00
G0111.62
o.o5
1.00
o.05
14755200
S0.00
.23
0. =23
.23
S0450. 53
l=z5l1ll1.40
Z236092a. 00
.55

Walidation

o.o%5
o.=25

l115144. 00
Inaos=s . a0
1.00

o.o5
T354.00

5310. 49
1151<44.00
a.s835

Test

o.o5%
0. 26

F9536.00
loo091. 39
1.00
o.o05
=471 .00

Zzlla.a50
F25356.00
o.535




Regression — Lift Curve
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Model Comparison

* According to the results, Decision tree is preferred over Regression

. * Comparison performed over factors -
O Lift-curve graphs

O Statistics




Objective 2

Predicting the election result from
sentimental analysis of “ITweets’




Twitter Scraped Data

l ExampleSet (Retrieve Hillary2) l ExampleSet (fdemo3/hillary2/Hillary2) Repository
Result Histar ExampleSet (/DM Projecttrump2/#Trump2016_twe ets]
¥ a2 P v ] P petib_ ) €D Add Data =
m ExampleSet (1793 examples, 0 special attributes, 3 regular attributes) Filter (1,793 /1,793 examples): | all A » Samples .
Dt Row No. id created_at text » B DB
ata
) A ~ Bl DM Project (asuUs
1 T.93526E+17 01-11-2016 1...  We can waitf..
» Clinton (asus
2 T 93526E+17 01-11-2016 1 RT @wivelafra - Hillary (asus
=3 Z 3 T.93526E+17 01-11-2016 1. RT @slava3s... H Hillary (a5US - w1, 11/13/16 9:58 PM
Statistics 4 https: A€ 2 2 P [ Process (a
] Trump 2016 Data (asus
5 T.93526E+17 01-11-2016 1. RT @slava3s...
] Trump Data (2asUs
-
-11- 2
£ 5} T.93526E+17 01-11-20161... 7 » hillzry2 (A
Charts 7 7.93526E+17 01-11-2016 1... RT @slavalg... ~ 7 trump2 (asus =
] 7.03526E+17 01-11-2016 1.  RT @Stonew... Al #Trump2016_tweets (2sus - 11
» @ Data Mining Project jasus
‘ g 7.93526E+17  01-11-20161.. Make Salmon...
- » Il Local Repository (asus
Advanced 10 T.93526E+17 01-11-20161...  @JohnKasic... b Bl demot (asus
Charts
11 T7.93526E+17 01-11-2016 1. RT @shadiw...
12 T.93526E+17 01-11-2016 1... RT @cash_...
13 T.93526E+17 01-11-2016 1... RT @slava3s..
: » Process
Annotations
14 T.93526E+17 01-11-2016 1... RT @vivelafra... » Il demod -
15 T.93526E+17 01-11-2016 1... @carlguintan... 3 - demos?2 (asus
hd
16 7.93526E+17 01-11-2016 1. RT @slava3s... hd < I >

T —— . O ———— — e - ’ . R . ——————



AF | pyiter testpy %

tweepy
2]

oo e ke

consumer_key = "WAYE494z8hnnilgsyMfrQioRgy”

6 consumer_secret = "“fOl4tow2IndgpObLKxXIATTT 3tHiAShnBardnelibSTFEXam2"
7 access_key = "1693425644-pilDkYvBP6GUgSHIZCB5wvp3Lkime 11 1oarEQEL"
access_secret = "MTu308VYySiwY2Ub0V1enYeVa00jYZLOnVRqghgaass"

def get_all tweets(screen nane):

1 auth = tweepy.OAuthHandler (consumer_key, consumer_secret)
15 auth.set_access_token(access_key, access_secret)
16 apl = tweepy.API(auth)

18

19 alltweets - []

b

pil

n new_tweets - api.search(g - screen_name,count-100)
pi]

u

5 alltweets. extend(new_tweets)

L0

77

b3 oldest = alltweets[-1].1d - 1

32 i-8
b (i¢150):
i "getting tweets before %" © (oldest)

w new_tweets = api.search(g = screen_name,count-108,nox_id-ldest)

4 alltweets, extend(new_tweets)

\twitter code\fwitter_testpy - Sublime T

NREGISTERED)

] : [

File Edit Selection Find View Goto Tooks Project Preference

VO

\twitter code\twitter_te

twitter test.py %

i-0
(i<150):
"getting tweets before %" % (oldest)

new_tweets = apl.search(g = screen_name, count=108,mox_id-oldest)
alltweets. extend(new_tweets)

oldest = alltweets[-1].id - 1

is=l

", tweets downloaded so far” ¥ (len(alltwests))

outtweets - [[tweet.d_str, tweet.created at, tweet.text.encode("utf-8")] for tweet 11 alltweets]

open('¥s_tueets.csv' ¥ screen name, 'wh') as f:
writer = csv.uriter(f)
writer.uriteron(["1d","created at", "text"])
writer.uriterous (outtueets)

_name_ == '_main_':

get all tweets 1"#trumd”)_

\

REGISTERED)

Tab Size: 4

4 A

Python

5 Line 62, Column 27

Tab Size: 4

DR R



Model used for

Repository
€ Add Data =
- LW TR (S ~
b Clinton (ssus
b Hillary (asus
» Process (ASUS =
- Trump 2016 Data (2sus
E H#Trump2016_tweets (2=us - w1,
» Trump Data (asus
» hillary2 (asus
4 trump2 (asUS v
< 1l >
Operators
categoriz b4

- Extensions (1)
- AYLIEM Text Analysis (1)
- Text Processing (1)
- Aylien (1)
- Ciocument (1)

%% categorize (Document)

+ Get More Operators

Process

@ Process

Retrieve #Trump201...

Analyze Sentiment

Data to Documents

100% 2 2 2

Categorize (Docume...

c

out

Exa

Exa exa 3 doc

i @ @

Documents to Data

Leverage the Wisdom of Crowds to get operator recommendations based on your process design!

¢ Activate Wisdom of Crowds

entiment Analysis

Parameters

logverbosity init v
logfile

resultfile

random seed 2001

send mail never hd
encoding SYSTEM v

% Hide advanced parameters

«" Change compatibility (7.2.002)

Help

Process
RapidMiner Studio Core

Synopsis
The root operator which is the outer
most operator of every process.

[ PV TN Y




AR et

Ot 4 o i

Result

el //DM Project/test — RapidMiner Studio Free 7.2.002 @ USER - o BE3S

File Edit Process Wiew Connections Cloud Settings Extensions

|
} | b || [ || - - | b | r | > - | - Views: Design Results | e{luestions? - |

| Result History > . ExampleSet (Retrieve #Trump2016_tweets) Repository
| Lo “
m ExampleSet (6206 examples, 4 special attributes, 3 regular attributes) Filter (3,249 / 6,206 examples): no_missing_attrib.. = ‘ | oﬁuz:ld Crata || = w |
Dot Row Ho. polarity... subjecti... polarity subjecti... id created... text » [] Samples
ata
1 0.913 0.993 pasitive objective Fa32119.. 2016-10-._. RT @Ca... 2 4 ! DB
~ Il DM Project (asus)
2 0.461 1.000 neutral objective Ta32119.. 2016-10-... RT @jko...
? ~ B Data (asus)
Z 3 0.828 1 neutral subjective Tazz2119.. 2016-10-... RT @Us... . #Trump2016_tweets ~=us w1 1101
Statisti
ansties a4 0.509 1 neutral subjective  7932119.. 2016-10-.. @Gerile... » ] Process (asus;
A r IA1E 4.2 = y |
5 0.641 D098 neutral objective 7932119,  2016-10-.. RT @am.. & test(asus - v1. 11418 2:32 PI - 2 k) [
¢ [l Local Repository (ssus) |
=3 0228 1 neutral subjective FO32119.. 2016-10-... RT @uUs... |
¢ Bl demo (asus) [
Charts v 0.980 0.999 neutral objective TFO32117 2016-10-_ RT @daw.. > _ demo2 (asus) |
8 0.688 0.901 neutral objective F932117..  2016-10-.. Trump g... » Bl demo3 (asus) |
- a 0.484 1 positive objective F932117... 2016-10-_. Brand ne.. > Bl demo4 (asus) |
» Bl demos2 (asus)
Advanced 10 0813 1.000 neutral objective TO32117...  2016-10-.. RT @am..
Charts » Cloud Repository (disconnected)
11 0.828 1 neutral subjective TFO32117 2016-10-_ RT @uUs..
12 0.416 1 neutral subjective TO32116... 2016-10-... I'm wvotin...
13 0.828 1 neutral subjective TO32116.. 2016-10-_ RT @uUs..
FITEEIETS 14 0.761 0.7441 negative objective 7932116... 2016-10-.. RT @lA...
15 0.461 1.000 neutral objective Ta32115... 2016-10-... RT @jko...
16 0.422 1.000 neutral objective Fa32115.. 2016-10-._. @Hillary... Ty
-~ - LT P R SR LTS e
7 0.882 0.548 positive objective F932115...  2016-10-... @shells... ol < N i >




Trump — Tweets Sentiments

Result History » [l ExampleSet (Documents to Data)

@ Chart style:
800
Bars
Drata | u -
/ 750 4
FO0 4
Group-By Column:
E I 550
polarity -
Statistics 500 A
550
Legend Column:
500
E . Mone -
& 450 1
Charts =
[=] i
Value Column: & 400
350
polarity -
b
Advanced Absolute values
250
Charts
Aggregation: 200 A
count - 150 1
4 100
Annotations Use Only Distinct
50
Rotate labels
o
wvertical - positive neutral negative {
polarity |
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* [ ExampleSet (Documents to Data)

Chart style
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Analysis

) As per the Decision Tree and Regression Models, we can see Hillary is
leading with greater number of votes.

) Tweeter data sets the trend showed, Trump had higher tweets mentioned
about media and Hillary had more policy focused keywords.

) Trump tweets had an overall neutral sentiments.

) Hillary had higher tweets for positive sentiments.




Nominee Donald Trump | Hillary Clinton A 10 2 _.'-": e

. ; N N7 g CT7
Party Republican Democratic ' 55 A é‘é ?1:
States carried 30 + BN J .
Popular vote 60,350,24 60,981,118 | B 5 m Clinton
Percentage 47.30% 47.79%

6




Conclusion

. Comparing to Actual results and Data mining results,

. - Clinton received more number of votes (Predictive model)
- Clinton received positive sentiments;

but fell short on media engagement (Text Mining)
- Trump overall recetved negative sentiments;

but he was actively engaged (Text Mining)




