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(INFORMATION TECHNOLOGY)
i fY: SENTIMENT ANALYSIS / OPINION MINING
NUNTAPAK SUTTHILERT : US AIRLINE SENTIMENT ANALYSIS
ADVISORY COMMITTEE : NUTTHANON LEELATHAKUL, Ph.D., 39 P. 2017.

This research is to analyze the sentiments of US airlines’ passengers. We attempt to
classify their Twitter comments (into negative, positive and neutral comments). The derived
analyzing model could help decrease the time needed for analyzing any new comments in order to
capture negative comments in time to improve the airlines’ services. We obtained the US airline
Twitter data from www.kaggle.com, which is the information in February 2015 and consists of
14,640 records in total.

Using our derived model, the airlines will know the service quality in time. Should
have customers negative comments more than positive, the airline could, as early as possible,
approach the corresponding issue appropriately. The airlines also can use this analysis model to

set up the strategies to improve their customer relationship.
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Toulo151905 Filter Stopwords (English) e l¥dad1deunsedin lusuilune vy is, a, in
osj 4 1 o o U Y
wmauqﬂﬁm%m@Tmﬂmsmai Generate n-grams (Terms) NV UAA1 Max length Ty
A ) o A v a a 1 Y] o
2 INBAUHIANINNUNITIAATINAY 2 A1

A J A o 1 Aq Y g o ) [ ..
4, l.WiJTﬂL‘]J@lﬁmﬂﬁ Set Role W‘l@ﬂ?ﬁu@ﬂ’lﬂi%!ﬂLmTﬁ@Uﬁ?ﬁﬁU Training Data

[
aA

I 4 1 I
Taeaen Attribute name 1114 Attribute #1%¥031 Class 118 target role 1¥haenuiszinn label
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Parameters
7 SetRole
attribute name class v
target role label v
set additional roles “ Edit List (1)...

) Edit Parameter List: set additional roles

7

attribute name

Edit Parameter List: set additional roles
This parameter defines additional attribute role combinations.

target role

‘c\ass\ ¥ | label

___'|_ Add Entry =" Remove Entry o Apply x Cancel

A o ' Jd
NINN 3-3 ﬂ’]ﬁﬂ’]ﬁuﬂﬂTTﬂlﬂﬂﬁlﬁﬂi Set Role

5. 1inTouleisiaes Validation teutsdeyadmSuaiwuuuiaswaziinmsg

NAFDVLUVINADY 1 Cross — Validation 1A8fiNH1UA number of validations 11171 10

Parameters

% validation (X-Validation)

/| average performances only

leave one out

number of validations 10
sampling type stratified sampling v |
use local random seed i

{ o ! 7 . .
NMNN 3-4 MItviuan lotlesmes Validation
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v Y
5.1 Double Click #Tlotlot5teas Validation 09nna5e n13n1auniely

Towlo151m03 Validation 9z gauseamilu 2 Ha luflsdrovzlddmiuaie

o A J o 1 9 I o ) 1 Yo o
LlllUEﬂ"|afJ\?Iﬂle,af)ﬂIﬂ!‘l]f)!,3W]ﬂﬁﬁ’]ﬁ31Jﬁ§’|\1lﬂ1!!»!ﬂﬂ%’]ﬁ@\1u'lllflﬁ NIANINTU

N s o N A s
HNUTaenuUT1299 Random Forest 11 1¥#HevruiinTouloisinos Apply Model

J 9 o YY) a A o d‘ 9 dgj
iaz lowol5iaes Performance 158115030 UTZANTNINVOUILUT 009N T T 1NVUIN

Process

@ Process » Validation »

tra mod

Random Forest

Apply Model Performance

mod lab lab % per
unl = mod per exa

{ o 4 . .
7NN 3-5 nIzuIUMsIIuUMelu Tenleismes Validation

@ o 3 { A 4 1
6. vasan lduuniranaluduaeun 5 muTonlomines Read excel 1o 1udoya

s A . Yo o a J uaj A 4 .
i]WﬂVl“V\IaW]fE] Test imbalance xlsx 1ASAIANINUUNUTIINUUNY 1910151005 Nominal to text

U

, Process document from data, Tokenize Transform case, Filter Stopwords (English), Generate

n-grams (Terms) waziuTonlesnes Apply Model eldih Tuaa (Classification model) 11/

1d7ihune (Predict) Foyalvd Anuuiudwewnui1aeIdINa1IgILAAIRININ 3-6
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accuracy: §2.69% +/- 0.03% (mikro: 62.69%)
true neutral frue positive true negative class precision
pred. neutral 0 o o 0.00%
pred. positive 0 0 0 0.00%
pred. negative 3099 2363 9178 62.69%

class recall 0.00% 0.00% 100.00%

{ ' 1o Y 9y n g
MNA 3-6 MANULLUE (Accuracy) M313zu2amaA28 Random Forest maylmmu"lu"lﬂ
= a d o v W 4
umsARCTUMLaTaUaANYU
oy a to v w ¢ o A a &
3.1.2.2 MFATINUDYALVUNITAUATICVAT AYANHULUATNITUINATNINAVY

F)
meluvonu

A o a o

1NMINFIaiuidnus Ididen Atribute Nd1AQYd MDA Classification

Y @ Y Y . . Yo o
waglenszuiumstanmsveyailsznndond1woinTlsunsy Rapid miner HIAN
a J w [~ 1 [l o ~ 9 @ (=)
QUTNUTFUNARUAIANULUUET (Accuracy) #1199 1nnsiseuranadalug
1 d‘ Yo o a SR Ya 7o a d o Y o 9 o
AT Aiahinutinusae Idina i nagdmszidyanval laeld5en13f
. g = o 4 o A o [ te
(Wordlist)  dauandlunini 3-8 Tagsignmisailszneudiedl (Medadnual)
A a Lﬁy o A o [ L4 o’j o o A [ [ J.
AU IUMIINATUYDIA (MIodadnbal) Y HagsuIUYeIA1 (MIedadnyal)
A a tﬁy 1 a <3 o Y Y1 ° A o @ o 9 A~
nnevulunaazdsznanuaamiu ildnguldn smsedgydnye lathand
o o A a < a a A a 3 Aa
ANudyNaINITaunlszianANNAANUIFILIN 1FIaD HToANUAANTUNL
(% I Y 1 o Jq 9 . . A v J °
anvazilunaialasdnesdanu 419 RapidMiner d131501a0ngHaanG91n518M15A1
1 4 1 1 v 1 o 4

(Wordlist) Tagna Click ¥210 Port $991 Wor fegaiuaisilavnveslenloisinos

Process document from data HAZIADNAEA Show wordlist Result A4A1WN 3-7

Process Documents from Data

war -:"T
=% Show WordList Result

IEtUrE Wiordl ii.:fin Dnnncifrjun.'. :
Display WardList in the Results view.

&, Disconnect Port

H v 7 o .
ﬂTWﬁ 3-7 ﬂTSLﬁ@ﬂﬂWﬁﬁW‘ﬁﬁnﬂiTﬂﬂTiﬂ’] (Wordlist)



fl WordList (Process Documents from Data)

Word

1217

lcancelled

Iwe

“Hit

Attribute Name

1717

lcancelled

lwe

“HIt

Total Occurences

43

22

11

{ v J [ .
JTI“Wﬁ 3-8 wﬁfmawaawmmawmam (Wordlist)

Document Occurences

44

22

11

neutral

]

positive

19

negative
23

16

19
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v 9
A aAa K o

{ o o . a 4 o o {
1NNINN 3-8 u,'dmmimeﬁlmgamﬂimmim (Wordlist) ¥1UATIZHANUDNNAVUVBIAT (Total Occurrence , Document Occurrence ) HAZIUIUAIN

=) o [

1 1 [ a <3 . .. o 9 Y o d a d? a <3 a d? A
gﬂu‘ud’e‘)g“luumzﬂszmwmmmmu (Negative, Positive, Neutral) “I/nﬁlﬁﬂﬂﬂllﬂ'ﬂ ﬂWWi@ﬁﬂJﬁﬂ‘Hﬂ!!.ﬂﬂ“llucluﬂiglﬂﬂﬂﬁ'mﬂﬂlﬁuclﬂ‘iﬂ\i HAZINAVUNUINTITO

9

Y =\ =\ ¢ I [ o Y <] o @ [ ° Y @ =& ] A Aa a Y o = 1 o
u@ﬂLWﬂﬁﬁlﬂ Nﬂﬁ%IﬂWULﬂuﬂﬂWQNWﬂ LWﬁWzﬂTiﬁﬁ’]ﬁJ’]ﬁﬂlﬁ1!ﬂ'J'lllffﬂﬂQ)Jm@ﬂ!tﬂﬁ%ﬂ’]llﬂ@ﬂ'lﬂﬂfﬂmu G]f\i‘ﬂgalnﬂ!fwNﬂﬁgﬁ‘ﬂ‘ﬁﬂ'lwclﬁllﬂﬂﬂ']a@ﬂ uﬂ’nmmuﬂﬂu

=1

o 1 4 v o a o o o . o o OEJ/ . 4
msitnedeyalnlduniu ddaminutdnus Idihdeyan ldninsienisdr (Wordlist) 11iimssiuiudnasidieTasiunsy Microsoft Excel tWonIHaIIY

9
9 [}

o A v W 4 a df J A & o o
VNATHIDAYANH U Iﬂﬂﬂﬂlﬂuﬂ%ﬂﬁEJ“]Nﬂ?ﬂ"liﬂ”luﬂﬁlzﬂ”lﬂ‘llﬂyjﬁﬂﬂﬂuﬂ

{ o o y 1 { o Y QSII
Gni']\iﬁ 3-5 U ANNITATUIUAN !ﬁaw']ﬂ’llﬂaflfl]'lﬂfﬂ'lugu"]]’t’]ial‘aﬂ\jwuﬂ

§1 | $1oufiny | Neutral | Positive | Negative Neutral Positive Aatilu Negative A0 | mupds | munde | sunds | masaw | dszian
lwenas aadhulesidua wesidun wWhnlesifuA | Neutral | Positive | Negative

(jbluw) 10 10 0 0 0 0 0 1 0 0 1 neutral

$ 347 31 15 301 0.1 0 0.2 0.2 0.2 0.6 1 negative

«( 89 12 4 73 0 0 0 0.3 0.2 0.5 1 negative

) 155 29 106 20 0.1 0.3 0 0.2 0.8 0 1 neutral

great 268 436 445 1608 0.026 0.6 0.036 0.038 0.9 0.05 1 positive




21

9 A = Y] A A [
UVBYAINAITNN 3-5 wmmﬁmaﬂymmmmmmmGlummmuaﬂﬂizmmm

o

9 1 9
=<

Y Y 1 [ 1 v W L4 a a K Y a < a ..

m@yjaqﬂ@ﬂqﬁ%ﬂlﬂu U ﬁmuaﬂymgﬂﬂm ) Gﬁﬂlﬂﬂﬂluclusll@yjaﬂ'J’]llﬂﬂL‘ﬁut“]N‘U']ﬂ (Positive)
<3| 1 1 @ 9y Y . . o ¥ o o JaA
duduun llﬁaluﬂigcﬂ'J‘Llﬂ"ﬁ%ﬂﬂﬁli"’llaigaﬂﬁglﬂ‘ﬂsuﬂﬂj']il RapidMiner 913119ATUANYAUNY

anudingoon lneuszdemaiweyad lddszuranalununirassn 1dase 13

v o a o o o 4 @ 1 [ @ =
gaaiiauidnusaelddinmsunus Replace) 1iofloeiulilddgydnyaind

o o o . [ @ 4 o J < o w 7
anudnggniidaeenll wag ldulasudyanvaiuazdnavvrnguldnareduddnnnd

gqg

1 1 Y . . o { o A o
ﬂ’JmmﬂEJLmZﬂEJGlmei‘]Jizil’mNaﬂlayjaﬂlm Rapldeer AT N 3-6 ﬁllﬁﬂ\iﬂ’lﬁu’lu’]uﬂu

v W 4 1 @ 1
TYANHULASNANVDIAUAVUNNYY

{ o A o ¥ t4 1 @ 1
Gl’]i’l\?ﬁ 3-6 ﬂ’lﬁu’llﬂlﬁ/’lu YankalasnNauVIaNAIaYUNNQY

f‘imazér’mué’nyniﬁgmmu sl umsumua
), 1) smileyface
( angryface
Using use
hrs. , hr hour
Mins minute
Luv love
Nyc NewYork
plz, pls please
Sat Saturday
Thx Thank
Tmrw Tomorrow
w/ With
w/o With out
U you
Ur you are
$ money
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[

{ o Ao @ t4 1 Y 1 1
A1519% 3-6 MNP WNU YanyULASNYNVDIAIUAVUNNQY (919)

q

fwazdaydnuaifignun M lumsunum
weren't were not
won't will not
aren't are not
can't, cant can not
couldn't could not
didn't did not
don't do not
doesn't does not
aa. (American Airlines) myairlines
lax (Los Angeles International Airport) myairport
lga (LaGuardia Airport) myairport
phx myairport
(Phoenix Sky Harbor International Airport)
ord myairport
( Chicago O'Hare International Airport)
nguAIavLeAReTY U Feb 21 mydate
ﬂicjwi’fmgaﬁ’mmﬁuamﬁmﬁmmmawmi myflight
VU 19U AA1359 ,UA3417
ﬂa;mﬁmamﬁagiﬁé’ﬁﬂuj nvel $ Lay € mymoney
(3 $200 , €600
ﬂa:mﬁmamﬁuﬁmﬁwmmamTmﬁwﬁ myphone
LU (631)891-5722 , 310-795-2210
ngqudaviifinaasduan mytime
(%W 11:30 pm, 3 hours. ,
nqudavinansddl a.g. myyear
1% oscars 2015 ,
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! v J o
A15197 3-7 HAANEVINNITUNUA (Replace)

ID class tweet

11174 | negative | On phone hold for mytime minute trying to speak to an agent. Can not

change reservation online. Sigh. #badcustomerexperience

[l d! 9 o o

A o = 9y Y Yo
wemmstlasuudasvoyad U HIA1eMSUNUAT (Replace) 147 HIANINTY

U

a Jou o Y1 9 . = 1 o A [l &2 A 1 o W =
UNUDTEIF Qlﬂﬁllﬂ'J'IGUE]iJa Twitter UNYUADNAIUNUINDYNAIATY INH Hashtag “lNHJ‘Ll
[ A = Y =2 A

ﬂquﬁwﬁ LARE! (Keyword) ‘VIWﬂl‘;lf‘]JiﬂWiﬁTEJﬂ"li‘Uu@]@\iﬂ"liﬁ@ﬂﬂﬂ”ﬂllgﬁﬂ ﬂ@ﬂ?ii%"ﬂiﬂ'ﬁ

g

v
5 1 AgAa

Fanguannariinianuaimisalumsuiaeneirsual ldganu Tasiisiuiungudi 2,059

Q.

v
1 o 1 o A [

1 v o 1% t4 Y o { 9q ¥ a Y a o
Ny u@ﬂﬂ1ﬂﬂauﬂ1ﬂ@gﬂﬁﬁﬁmaﬂﬂm Hashtag Llﬁ')ﬂ\‘lflfnﬁ@Glalf\cl'luwmwellﬂﬂ'l'lll@ﬂﬂﬂ

o Y
ay ﬂHmLW’Oaﬂi}WH’JuﬁﬂﬂﬂHﬂumi’c‘faﬁﬁ uag ﬂ’liﬁﬂﬂ']ﬂjﬂjﬂlﬂalil@@i Tokenize UhJ

o =] Y Yo o a IR Y o v v 4 v o 4
ﬁ’lll’liﬂllﬂﬂﬂ’llwa’luaaﬂhlﬂ Wﬂﬂ%'NTHuwu‘ﬁﬂthﬂ%’]ﬂ’ljllﬂﬂﬁiyaﬂﬁﬂ! Hashtag agaanyu

U

[ =2 o

4 {a Y ' o a [ o w I

ou 9 NAnegnud1 samdeiimsduisinsenind ldnaduddwinianunuienas
' A v o = [

Uszuranaldire a15199 3-8 naasmannmsuendyanyal lulse Teamernuilse Tealu

AT NAIUUY

{ o A o v W J
A1519% 3-8 HAANT N 1A1INMIUNUAT (Replace) taziondayanyel

ID Class Tweet

11174 | negative | On phone hold for mytime minute trying to speak to an agent . Can not

change reservation online . Sigh . # bad customere xperience

[ ° [ [ 4 o 1
Wﬁ\ﬁﬂﬂﬁﬂ”ﬁu‘ﬂuﬂ"ll,!,agllﬂﬂﬁiyaﬂﬂm LLEISH"IL%HQ’ﬂ”Ii‘]Ji%ﬂJ’JaWaﬁlﬂiﬂil!ﬂill
09/1 v 1 1 ) -4 a 1
RapidMiner aﬂﬂiﬂﬂaaW‘ﬁﬂTﬂﬂTﬁﬂi%N?aWﬁklé\jﬂ"lﬂ’ﬂulmuﬂ"l (Accuracy) qﬁumﬂmmmq

v A 3 1 ] o ' & [ [% 4
FALIU E‘TTLW@]‘EUﬂﬁﬂ"liﬁ/\lllﬁuﬂl@ﬂﬂTﬂ'J"IllUJJLlEﬂ (Accuracy) muﬁﬁqmmmwﬂﬁtyaﬂym

a 4 @ [ @

o ] a o A ] . .
Hashtag HagNIHENAINNUNAANUTyanYalou ) VYU (#fail, #badservice, select???

9

1S

(hopefully), *not*) fraauInailufidifny (Keyword)mmu&nmmanmmﬂ@aﬂmum 1N

o

’a

f19) viuTasafudii 119 d yanvainvzi liamasmvesdl o ﬁquu RN RGRREY

4
13U81 (Accuracy) 1R85 IUATY
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M3199 3-9 Ared1doyalunis1e Wordlist vo91l5z Tendiuas

H1ArUMIAARIUD9 RapidMiner 11d2)

Bad service #Badservice (service) 11:30 hour

A13199 3-10 #20819 Wordlist ¥99152 Ton Bad service #Badservice (service) 11:30 hour

Word Negative Positive Neutral
Bad 1 0 0
service 1 0 0
#Badservice 1 0 0
(service) 1 0 0
11:30 1 0 0
Hour 1 0 0

M15199 3-11 Mod1etoyalunste Wordlist voeilse Teadiuais

@'l&rumsunusazuendingdd)

Bad service # Bad service (service) mytime hour
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A13197 3-12 29819 Wordlist ¥94915% Ton Bad service # Bad service (service)

mytime hour

Word Negative Positive Neutral
Bad 2 0 0
service 3 0 0
# 1 0 0
( 1 0 0
) 1 0 0
mytime 1 0 0
Hour 1 0 0

9 A <3 Pl o o Y =
VIYAINATI NN 3-12 i]glwullﬂ'ﬂﬂWillﬂﬂﬂigiﬂﬂlla&’ﬂ’lﬁlnfluﬂ'] 1/]’]114?]’]?]')’]‘“'9

o 1 . £ o dyt:s’ o A (] Aa < Aa . A ‘3
Y4711 Bad 4Lag Service 43 2 ﬂTulﬂuﬂ’]ﬂ@giuﬂigLﬂ‘ﬂﬂ'ﬂuﬂﬂlﬁ‘hﬂﬂﬁﬁﬂ (Negative) NNV

I o ° Y 1 o o 9y i 9 42’
DYNFALIU m“lwmm”lmmum (Accuracy) Gll!f‘lﬁVﬂ‘lﬂfﬁJ@N‘]ﬁiﬁugﬂ@ﬂ\‘liﬂﬂﬂlu

Y o v a A
33 ﬂ1§ﬁ'§1\‘]!!Uﬂ‘%1ﬂﬂﬂl!ﬂ$3ﬂﬂ§$ﬁﬂﬁﬂ1w
Y o ) @ Y o ~ Y Yo o a SN Y o
NIATNUUUADT FIUTUNTAITWNHUUUIADINITLTYU] @‘ﬂﬂ‘l’nﬂWUHWHﬁllﬂVHﬂ”ﬁ
A o AR o I as A [V ~ [ AR o
@eN9anoINUNIINUMIN 3 I5AD Random forest AININT 3-9 Dana3TNY Naive Bayes #14
a [ aK [ A Y a z ax o 9 ~
NINN 3-10 LaLDANDINY Neural Network AININN 3-11 (Tﬂﬂ@”l\?@\?sllu@]@u3ﬁﬂ13ﬂ1‘ﬂ1ﬂ‘“@ﬂ

v 9 = 9 n YA a o [ [ d’d‘Q d? 9
51IU9 3.2.1.1 msﬂumﬂgagguu"luhlﬂmmsamﬁzwmuazﬁﬂujaﬂymmﬂmumﬂﬂlumamm)

Random Forest Apply Model Performance

tra mod mod lab lab % per
L L
exa unl mod per exa

= Y o Yo a R
NINN 3-9 ﬂTﬁ’L“f’iN!L‘]J‘]Jﬂ1ﬁfNI@‘IEﬂ%@ﬁﬂﬁ)i‘ﬂh Random forest
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Naive Bayes Apply Model Performance

s mod mod Iab lab % per
v L
exa unl mod per exa

A 9 o Y o AaR .
NINN 3-10 ﬂ"l'iﬁ'iN!L‘]JiJﬁ]"lﬁf]\ﬂﬂﬂi%@ﬁﬂ@i“ﬂﬂ Naive Bayes

Heural Het Apply Model Performance

tr mod mod lab lab % per
v o
exa unl mad per exa

AR 3-11 Mg auuiaodIaslsdaneTnu Neural Network

3.3.1 msnaaauuaz IalszansmnusauudIaed

[

1 o a 4 ax T
ludruvesmsnagoudoyaddninauiinus laldenisn1suldeyanago UL

u

a

. B A 9 a a o A o AAA
Cross - validation Test LWflslG]fcluﬂ1§1/]ﬂﬁ@‘U‘]J‘§$ﬁ‘l/]‘ﬁﬂ'l“l/‘lall'f)\‘il!,‘ﬂ‘lﬁnﬁ'f){l mmmmﬂmwn
a o Y o Aw v J Ay Ya A A ]
ﬂ')13JuEJiJu1U],‘]JGl°]fsluﬂ1‘i1/]TJi]El LLﬁ%NﬁaW‘ﬁﬂ1ﬂﬂ'liﬂﬂﬁf]ﬂﬂhlﬂuﬂﬂ'mu'll%aﬂﬂ NITLUIN
o ] I 1 %
%@Hﬁﬂﬂﬁ@ﬂl!ﬂﬂ Cross-validation Test ﬁ]S‘VITﬂTiLL‘]JQEng}f’JHa’O’OﬂL‘]_IHWﬁTflﬁ"JL! Taotinag
9
J a s o ' v
Ll‘ﬂuﬁjiﬂﬂi K Iﬂﬂ\‘]"muwu‘ﬁﬁ‘l%ﬂiiﬂ"muﬂi’ﬂﬂﬁlﬂ’)ﬁﬂTi‘VIﬂfTi’)‘llWﬂﬂ‘]J 10 ﬁ?@ 10-fold
. . & v 9 I~] [ ~ 1 1 A o 9 T o
cross-validation c}fwzummaga@amﬂu 10 @7u Tﬂﬂmmazmummaumagammu
v 2/} : 1 < o a A o
waqi]1ﬂuwffagawﬁammﬂ%’gﬂummﬁ@uﬂizﬁmmwmmgmumam NINATIUIL

mﬁamummumu%mmﬁLLﬁQ"l”;'ﬁa 10 39UNMITNATDLU
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2 1 1 1 1 1 1 1 1 1
3 3 2 2 2 2 2 2 2 2
4 4 4 3 3 3 3 3 3 3
5 5 5 5 4 4 4 4 4 4
6 6 6 6 6 5 5 5 5 5
7 7 7 7 7 7 6 6 6 6
8 8 8 8 8 8 8 7 7 7
9 9 9 9 9 9 9 9 8 8
10 10 10 10 10 10 10 10 10 9

l P l
] 2] ] [0 ] [ ] [ & =]

T saufiz saufis raufia s8Lfis seufis raufiv sa1fi8 sa1fig saufi1o

AR 3-12 IBN5HUIToYANATO VY Cross - validation Test $1147U 10 501

H ° ] { 1< .« e H
vInnmd 3-12 sgiimsutsdeyanldidudoyaSous (Training data) Taeuiia

1 IS)

I o 1w [ oazl o A a o
%@Hﬁ@ﬂﬂlﬂu 10 31 UNUIWMNUHAIINT RTINS Nageulseaninnvesuuuiaey

9
v A

$1U2 10 A%a Fail

MInaTeUTOUT 1 Gl%’%yjadauﬁ 2.3,4,5,6,7.8,9 taz 10 a1 luaauasz 1%
Tuaasinnedeyadauii 1 leviinsnadey

MINaTeUTOUT 2 clcffj%gafhuﬁ 1,3,4,5,6,7,8.9 uaz 10 a31aTuaanaz 14
Tumaﬁ”lmasﬂ’agadauﬁ 2 iileshimanasey

MINATOUTOUR 3 Gl%@ffay,adauﬁ 12,4,5,6,7.8,9 uaz 10 as19lupauaz 1%
Tumaﬁmw%’ay)admﬁ 3 ilevhimInadeu

MInAaeuIoUT 4 1%’61’1’@34@1??314‘7; 12,3,5,6,7,8,9 uaz 10 as1aluaauaz s
Tuarieteyadaui 4 iievhimsnaaen

MInAaeUIoUT 5 “l,%’ﬁffmg,afhuﬁ 12,3,4,6,7,8,9 uaz 10 af1aluaauaz 14
Tumaﬁmw%’ay)admﬁ 5 iflevhimInadeu

MINATEUIOUT 6 Gl%@ffay,adauﬁ 12,3,4,5,7,8,9 uaz 10 aF1aluaauaz 1y

Tumaiunedoyadiui 6 ioimsnaaeu
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mInageusoud 7 Gl%’%u“adau‘ﬁ 1,2,3,4,5,689 uaz 10 a5 luwaauaz 14
Tnmaﬁmm%’agad’mﬁ 7 ilermInaaou

mMInAaeUsOUR 8 1%’%’@@631@% 1,2.3,4,5,6,7,9 ag 10 a31aTuaanay 14
Tmﬂaﬁmm%yad’mﬁ 8 iileviminaden

mInageUsoUR 9“1%’%’@39@??314‘7; 12,3.4.5,6,7.8 uaz 10 a313Tuaavaz 14 Tuaa
ﬁmw%’mgadauﬁ 9 iilensnadey

v
1 =

Y Yy 9 ]
pINAaaUIaUN 10 lsdoyadIun 1,2,3,4,5,6,7,8,9 a519 uaanaz 195 Tuma
o 9 1 ~ d’ o
Minedayadiun 10 meiinsnadon
o v cq L 4 o
WEI9INNTUUITDYANAAOUUV Cross - validation Test iNONATOUVUVUTIADY
a 4 a < 9Jq Y Aa a Yo o a S Y [ A A
Tumsanszianuaamuvesdldusmssemsiu giamauinus ladeniadszansam
Y Y] 1 1 o 4 a o o [
A28N153AMANUUNUET (Accuracy) 1iIBYTLIUANUAINITOVOWLLIIABI NITIAAIAIY
1 o Y] o o Y { ) o 9
U8 (Accuracy) 93091NMTNUIUINTOYANUUDTIA0INIWIBYNADY 1NN TZIAN

a & o A & Aa
mmﬂﬂmummumﬂmuﬁLﬂu Negative Positive 1iae Neutral

D 1 2 3 4 5 6 7 8 9
tezam Positive | Negative | Positive Positve | Negative | Positive Neutral Positive | Negative
HANAINE | pogitive | Negative | Positive Positive | Negative | Positive Positive Positive Neutral
v v v v v v X v %

NN 3-13 HANTHIUIBVDILLIAD
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d’ Y [ J
Qﬂﬁﬂal‘lfﬂ'liﬂ11~!3mﬂ1 Accuracy

True Negative + True Positive + True Neutral

True Negative + True Positive + True Neutral+ False Negative + False Positive + False Neutral

NN 3-14 MIAIUIUAT Accuracy

A Hq 9 o ! Yy a o A
10317 3-14 naaagasn 19n1sMuUINAT Accuracy 9198I9INHIITD (AN
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A WordList (Process Documents from Data)
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