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ABSTRACT

To make a decision where we would like to go, there are many relevant factors. One of the
most important factors is experiences from people who have visited there. Nowadays people like
expressing their emotions and thoughts on social networks, such as Facebook and Twitter. Thus,
we plan to build a system to collect data from a variety of social networks. The data will then be
analyzed in order to predict how people feel when visiting such a place. In the analysis phase, we
will apply knowledge in the machine learning and data mining field to build a model where it
processes words and characters posted by people to indicate the emotions people have towards the
place. The result from our model can be used to help other people who have never been to such a

place to decide whether they want to go.
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2.1.2 Apache Spark
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Surprise 238 404 642
Anticipation 1,223 3,168 4,391
Acceptance 503 1,183 1,686
33U 3,429 11,193 14,622
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4.2 MInAaedian Ui 1904 Rule-Based method
4.2.1 Yagiszasn
o3 sufouanuusiugwes Rule-Based method wiAMlse@nTawan q fe
True Positive Rate (Recall) False Positive Rate Liag Precision 91A¢135 19 Confusion matrix
wazszeznafi i lumsinnennmsnagey 3 juuude
D uuuiins 14 Keyword 06191R82
2) suuiins e Keyword 520N Slang
3) wupiimsld Keyword 53301 Slang 3741 Emoticon
4.2.2 IEMINALY

] 3 1
ieyaildlumsnaasane 3 ¥AUINUATZLIUNTYBY Rule-Based method 9

1

a v 9 A o T I o a A 1 Ay
o3ueluded 3.2.5 wazahwrumsdadszansnwves Tumaie NIzHIA919 9 AR 4

T [ é 4 ar 1 3 E;'
a1 13ludagilseasd ¥ Keyword Slang ttag Emoticon N 19HAI0819631)

A1519 4.2 B8N Keyword, Slang 1182 Emoticon N1#&1%51 Rule-Based method

EMO KEYWORD SLANG EMOTICON
VAN ila vt $uds ayn aung aan mamre | $n iy nda w5 fadin Ba 138 PEAIREEO®
SISIIEIS)
Sadness dela ey Aevds s aaala tmn fo s uidn i Futiuh e | P28
PeBea
Fear nd unga Lind wiu liuz wuan asea fa | viaeu wud 11nd79 Undnge SIGII B P YA Ty
Anger Tnso uAu Tuln Tsas laiwela Suwti dedla qu | 135t 199950 13 deu leay Wi é@r@®@@®@®
Disgust anusn vexuvel SUREI Wndun Mn 3 vt wne (S]]
Uszwanla 1y ozlsiu anla aeas éq Guzae 1o wiluad v 9597 e
nticiog wia Am 50 Aow il 7o 19Tusa Uzae lage ®a
Acceptance | uau fila sty Towa 7 wola 9aeifu udhue 3o Pu u Ialy &




4.2.3 #aminaaay

4231 manueivihmnmsnagevtdasjluuy

Taofisauuindifie Suaudeyaiinnegnuesynand

1 wuuiimsld Keyword ad1ai@en

e A Tauiud =29.19 % uaslifngig 9 a1ua1318 4.3

%A B UAnuuiud =36.16 % uazla1e1g o auasNa 4.4

%A C Danuuiud1 =34.65 % UazliAI@a1g 9 MuA13 4.5
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M13519 4.3 Confusion matrix AN q YoITBRAYA A BUUTNSIY Keyword 2e131den

ﬁ]ﬂ Rule-Based method

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision

Joy Sadness | Fear Anger | Disgust | Surprise’ | Anticipation| Acceptance Rate ( Recall) Rate
Joy 367 111 18 61 24 17 85 32 Joy 51.3% 27.6% 32.9%
Sadness 86 131 17 45 - 13 56 20 Sadness 34.7% 16.6% 20.5%
Fear 7 4 21 6 2 1 8 3 Fear 40.4% 3.9% 13.7%
Anger 43 46 12 85 15 11 47 20 Anger 30.5% 11.1% 19.5%
Disgust 5 5 1 15 3 0 5 3 Disgust 19.0% 3.9% 57%
Surprise 50 36 15 55 15 1 46 10 Surprise 46% 3.2% 9.7%
 Anticipation 385 204 52 121 48 40 317 56 Anticipation 25.9% 14.0% 50.6%
Acceptance 174 102 17 48 19 20 62 6l Acceptance 12.1% 4.9% 29.8%
@1579 4.4 Confusion matrix #aA1AN ] YoVoYaYa B HULTM31H Keyword aeaife

A28 Rule-Based method

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision

Joy Sadness | Fear Anger | Disgust | Surprise | Anticipation| Acceptance Rate ( Recall) Rate
Joy 1567 421 79 182 55 89 462 105 Joy 52.9% 24.7% 43.6%
Sadness 311 546 37 120 50 43 183 - 51 Sadness 40.7% 15.3% 26.5%
Fear 102 81 323 43 9 11 53 12 Fear 50.9% 3.3% 48.4%
Anger 234 179 42 540 51 37 201 68 Anger 39.9% 10.0% 35.5%
Disgust 31 16 10 42 23 6 20 4 Disgust 15.1% 2.8% 6.9%
Surprise 81 59 28 88 19 28 83 18 |Surprise 6.9% 3.1% 7.6%
Anticipation 907 530 110 367 90 119 878 167 Anticipation 27.7% 15.0% 422%
Acceptance 364 226 39 140 37 34 200 142 Acceptance 12.0% 4.2% 25.0%
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@1319 4.5 Confusion matrix 19zA1AN 9 VoIWoYaYA C NUVINSIE Keyword aenuifien

al"JEl Rule-Based method

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness | Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 1937 517 80 280 80 110 522 149 Joy 52.7% 25.3% 41.1%
|Sadness 413 683 58 141 44 57 251 71 Sadness 39.8% 15.6% 25.3%
Fear 108 96 333 47 16 8 64 14 Fear 48.5% 3.1% 43.2%
Anger 291 212 28 651 62 58 236 93 Anger 39.9% 10.5% 32.3%
Disgust 33 26 7 59 24 6 30 9 Disgust 12.4% 2.9% 54%
Surprise 140 114 17 147 21 4] 129 33 Surprise 6.4% 3.3% 82%
Anticipation 1255 137 170 507 129 169 1197 227 Anticipation 27.3% 14.5% 44.6%
Acceptance | 534 310 77 185 70 54 254 201 Acceptance | 11.9% 4.6% 252%
= 9/ i o
2) L!‘U‘UﬂJﬂ'ﬁ‘l‘H Keyword 3I3UNUY Slang
a V. he B
"Ijﬂ A UANULNUET = 33.97 % UasUAIR1g g AaTuANTN 4.6
= 1o P
‘Eﬂ B UAMUUNUET =41.20 % LAzHAIA N q ATUATTN 4.7
a § 2% s
Pa C UATTUUNUET = 39.56 % UATUMIAN ] ATNAITE 4.8
- = I Y 3/ = 15} L ar
1319 4.6 Confusion matrix UazAIA 9 Yaiv8ilaya A QUVUN I Keyword 33UND Slang
v
@38 Rule-Based method
PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness | Fear Anger. | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 263 72 3 63 3 1 296 14 Joy 36.8% 22.3% 30.3%
Sadness 74 97 1 33 2 2 163 5 Sadness 25.7% 11.3% 21.9%
Fear 4 4 24 7. 3 1 10 2 |Fear 43.6% 0.7% 522%
Anger 39 32 1 93 § 2 94 4 Anger 344% 9.8% 23.1%
Disgust 0 [ 0 18 6 0 1| 1 Disgust 143% 0.6% 23.1%
Surprise 38 19 z 53 3 4 121 1 Surprise 1.7% 0.7% 16.0%
Anticipation 320 133 8 94 3 10 636 22 Anticipation 51.9% 40.4% 41.7%
Acceptance 130 80 7 42 1 5 196 42 Acceptance 8.3% 1.7% 462%




29

M135194.7 Confusion matrix #agMma1 q vosdouaya B uuwiimsly Keyword 53 Slang

ﬁ‘aﬂ Rule-Based method

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision

Joy Sadness Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 1379 242 21 188 10 19 1062 39 Joy 46.6% 21.5% 43.8%
Sadness 301 506 6 72 5 6 428 17 Sadness 37.7% 9.8% 343%
Fear 92 71 353 26 6 1 79 6 Fear 559% 0.7% 83.1%
Anger 189 137 13 592 22 8 353 38 Anger 43.8% 8.4% 41.8%
Disgust 26 10 2 38 18 1 56 1 Disgust 11.8% 0.6% 228%
Surprise 53 44 3 82 0 15 206 1 Surprise 3.7% 0.5% 214%
Anticipation 772 312 21 310 8 18 1662 65 Anticipation 525% 33.1% 38.5%
Acceptance 340 154 6 107 10 2 476 87 Acceptance 7.4% 1.7% 343%

¥t v = 9/ ' ar

A1519 4.8 Confusion matrix #azA1e1a 7 vo3doyaya C wuuin31¥ Keyword 5211 Slang

@78 Rule-Based method

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision

Joy Sadness |  Fear Anger | Disgust | Surprise | Anticipation| Acceptance Rate ( Recall) Rate
Joy 1655 311 26 240 14 17 1357 55 Joy 450% 21.7% 41.1%
Sadness 367 613 8 99 4 5 594 28 Sadness 35.7% 10.3% 31.6%
Fear 84 69 381 44 6 X 94 6 Eear 55.5% 0.7% 79.9%
Anger 227 s 687 27 13 446 46 Anger 42.1% 8.7% 37.9%
Disgust 25 19 3 60 23 2 61 1 Disgust 11.9% 0.5% 253%
Surprise 87 66 6 132 0 19 329 3 Surprise 3.0% 0.5% 20.4%
Anticipation 1098 459 27 402 9 28 2277 o1 Anticipation 51.9% 34.6% 39.1%
Acceptance | 488 228 13 147 8 7 664 130 | |Acceptance 7.7% 1.8% 36.1%

3) wuviims 19 Keyword 52311 Slang 59401) Emotion

94a A TR = 35.64 % Uaziifnang o ATNA1T N 4.9

3@ B IANUULUGT = 43.55 % uazliiiaig < a1 4.10

90 C BANUUNUE = 41.72 % UazHAIA1G 9] MNATTN 4.11
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M1519 4.9 Confusion matrix oA 4 veadoyaya A uuuiin131¥ Keyword 33uf1 Slang

s'mﬁ'u Emoticon ﬁ?ﬂ Rule-Based method

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
JToy 419 83 3 23 2 1 172 10 Joy 58.6% 27.6% 35.9%
ISadness 83 111 1 28 3 1 145 5 Sadness 294% 13.0% 21.9%
Fear 6 5 24 5 1 2 9 2 Fear 44.4% 0.7% 50.0%
Anger 40 41 1 86 9 1 87 7 Anger 31.6% 8.1% 25.1%
Disgust 2 6 2 21 5 1 7 1 Disgust 11.1% 0.6% 20.8%
Surprise 46 27 2 51 2 3 106 3 Surprise 13% 0.7% 12.5%
Anticipation 407 155 8 87 1 10 532 23 Anticipation 43.5% 31.3% 43.5%
Acceptance | 164 78 7 41 1 5 165 42 Acceptance 8.3% 1.7% 452%
M1519 4.10 Confusion matrix 10zA 1913 9 veIdoyaya B uuviim sy Keyword 333
Slang 5911 Emoticon 7138 Rule-Based method
PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness Fear Anger | Disgust /| Surprise | Anticipation| Aceeptance Rate ( Recall) Rate
Joy 1909 262 15 84 3 19 630 36 Joy' 64.5% 26.1% 47.1%
Sadness 314 538 1 78 7 8 376 13| |Sadness 40.1% 11.4% 324%
Fear 138 N 312 24 2 V.1 1 8 Fear 49.2% 0.6% 83.9%
Anger 234 157 11 560 2 11 325 33 Anger 41.4% 6.8% 45.4%
Disgust 34 12 4 35 16 2 48 1 Disgust 10.5% 0.4% 24.6%
Surprise 79 51 2 77 1 15 176 3 Surptise 3.7% 0.6% 18.1%
Anticipation 954 383 18 278 8 23 1440 64 Anticipation 45.5% 25.4% 41.4%
Acceptance 394 181 3 97 5 3 415 84 Acceptance 7.1% 1.6% 347%
@154 4.1 Confusion matrix 48zA1M14 9 VBIToYRYA C HVVINTIY Keyword TIuiU
Slang 37111 Emoticon 738 Rule-Based method
PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
oy 2329 336 2 112 7 20 806 43 Joy 63.4% 26.6% 44 4%
Sadness 398 653 9 9 8 10 523 21 | [Sadness 38.0% 11.5% 30.6%
Fear 159 74 324 32 4 0 86 7 Fear 47.2% 0.7% 77.1%
Anger 288 177 11 660 24 16 405 50 Anger 40.5% 7.2% 41.4%
Disgust 31 21 3 56 24 I 54 4 Disgust 12.4% 0.5% 26.7%
Surprise 128 71 6 123 4 22 281 7 Surprise 34% 0.6% 21.0%
Anticipation 1342 553 34 376 12 28 1960 86 Anticipation 44.6% 26.7% 41.8%
Acceptance | 569 | 246 1 138 7 8 577 129 | |Acceptance | 7.7% 17% 372%
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keyword+slang+emoticon
35.64%
43.55%
41.72%

51l 4.1 manumiudveandas luuuilFiinsmaaeuales Rule-Based method

1 = oa L} y b T
4232 anlsz@nmwa q ildnnnsnaseudeyaunazya

' mkeyword

® keyword+slang

# keyword+slang+emoticon

v
A o

1) 1 True Positive Rate (Recall) fio S1maudeyaiivhnisgnainign

60.0%

50.0%

40.0% -

30.0% >

20.0%

10.0%

0.0%

a

g
A

51.3%
36.8%
58.6%

True Positive Rate (Recall) maai’fayn‘yﬂ A

I“ I “ 1%

Sadness. ear Anger _-Disgust
34.7% | 40A% 305% | 19.0%
25.7% 43.6% 34.4% 14.3%
29.4% 44.4% 31.6% 11.1%

o1

A,

Surprise Anticipation | Acceptance
4.6% 25.9% 12.1%
1.7% 51.9% 83%
1.3% 43.5% 8.3%

51/ 4.2 M1 True Positive Rate (Recall) ¥o3doyaya B inismageuale

Rule-Based method
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m keyword

| m keyword+slang
| m keyword+slang+emoticon

True Positive Rate (Recall) ﬂﬂﬁ%ﬂi‘l’a‘gﬂ B

Sadness Fear Anger Disgust Surprise
52.9% 40.7% 50.9% 39.9% 15.1% 6.9%
46.6% 37.7% 55.7% 43.8% 11.8% 3.7%
64.5% 40.1% 49.2% i 41.4% 10.5% 3.7%
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Anticipation | Acceptance
27.7% 12.0%
52.5% 74%
45.5% 7.1%

31 4.3 A1 True Positive Rate (Recall) ¥234@yaya B Mhmamaaeuiie
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| keyword
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 keyword+slang+emoticon

Rule-Based method

True Positive Rate (Recall) 'll?)»ﬁl’mgit‘gﬂ (41

13\,' - SagneEs_ Fear '_Anger " Difgust' ) §Erpn'se
52.7%, “h. 39.8% ) 485% 39.9% 12.4% 6.4%
asom g sk | 656w | Gmax 0o T
63.4% 380%. | a2 405% s LT 4% 3.4%

msmﬁ

T

e

il

Anticipation | Acceptance
27.3% 11.9%
51.9% 7.9%
44.6% 1.7%

51) 4.4 M True Positive Rate (Recall) ¥a3¥ayaya C fihnmsnaaeudi e

Rule-Based method
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¥
2) 1 False Positive Rate Ao S1u3udoyafivhuien lignanfignisrua

False Positive Rate U03903jay A
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Sadness i Fear Anger -y D1sgust Surprise Anticipation = Acceptance
m keyword 27. 6% i 16.6:6 3 9% 11.1% 39% i 3.2% 14.0% 4.9%
= keyword+slang 22. 396 P113% N\ 5 7% 98% i+ 08% y 0.7% 40.4% 1.7%
| m keyword+slang+emoticon 27 6% 13.0% 0 7% BA% ' 0.6% 0 79& 31.3% 1.7%
<.
REEIH

i'lj 4.5 m False Positive Rate ‘Ilm“l!ﬁmmjﬂ A nmmimm‘mmﬂ Rule-Based method
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Sadness Fear Anger Dlsgust ' Surprise Anticipation = Acceptance
B keyword 24.?% 15.3% | 3.3% 10,096 ! 2.8% 3.1% 15.0% 4.2%
- —EU—— [
B keyword+slang 21.5% 9.8% ! Q7% . 8.4% ! 0.6% 0.5% 33.1% 1.7%
= keyword+slang+emoticon 26.1% 11.4% 0.6% 6.8% 0.4% 0.6% 25.4% 1.6%
o
[RRFFIIY

51) 4.6 A1 False Positive Rate Y03U0yaya B Mnsnaaoudie Rule-Based method
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False Positive Rate Yo390yayn C
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Anticipation = Acceptance
14.5% 4.6%
34.6% 1.8%
26.7% 1.7%

g'l.l 4.7 ﬂ'l False Positive Rate ‘IlEN‘llimﬂﬁﬂ C 'l‘l‘l'ﬂﬂ]‘i‘i‘lﬂ?fﬁ]‘l]ﬂ‘w Rule-Based method
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T . A o = o g/ o 1 J ~
11 Precision 19 %m’mnmuwgﬂmmmgﬁﬂmuw’mﬂuﬂma’ﬂ

N3 8018Y

Precision Y04403a%a A

Sadness Fear Anger Disgust
32.9% 20.5% 13.7% 19.5% 5.7%
30.3% 21.9% 52.2% 23.1% 23.1%
35.9% 21.9% 50.0% 25.1% 20.8%
asul

fudusal

Surprise

9.7%
16.0%
12.5%

Anticipation = Acceptance
50.6% 29.8%
41.7% 46.2%
43.5% 45.2%

51 4.8 A1 Precision Yosdoyayn A NNMsnageudle Rule-Based method
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Precision ﬂlﬂ@‘i’fﬂ}gaﬁgﬂ B
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® keyword 43.6% 26.5% 48.4% 35.5% 6.9% 7.6% 42.2% 25.0%
® keyword-slang 43.8% 34.3% 83.1% 41.8% 22.8% 21.4% 38.5% 34.3%
| @ keyword+slang+emoticon 47.1% 32.4% 8}9% | 45.4% 24.6% 18.1% 41.4% 34.7%
asul
' : v P v
3‘1] 4.9 A1 Precision UY93U83jaYA B NMNINATdUAW Rule-Based method
Precision Y83 Uoiayn C
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m keyword N6 o 253% 7 5 Co A2 sax LV° 8%l | aae% 25.2%
m keywordsslang Tag %, |V Sne% 79.9% 37.9% ¥ 253%, | 200% 39.1% 36.1%
® keywordsslangtemoticon | 44.4%, "t 308% U 5) 11% . -414% ol 267% " 21.0% 41.8% 37.2%
2911l

31 4.10 A1 Precision Yo3¥oyaya C NNsNATOUAIE Rule-Based method
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4.3 MI3naaianNuiug 190 99ane3 NN Multinomial Naive Bayes

4.3.1

Tagilszasn

& = P 1o > a 2 g . g 1
1Wﬂl'ﬂ'§'ﬂl|1'ﬂﬂl|ﬂ']"li“llluﬂ']‘li'ﬂﬁﬂﬂﬂﬂﬁﬂu Multinomial Naive Bayes 11 1911

dsgansainaig d A® True Positive Rate (Recall) False Positive Rate @& Precision

91nA1519 Confusion matrix UaY5ze¥IATN 19 luMsihIsINMsNadey 6 JUuuude

4.3.2

433

g/ o o .
D 19MsARALL unigram
2) l¥msdaduuy unigram 5IUALNTT % Emoticon
9 v o . 1 Y] .
3) 1¥msAAAIIUY unigram 5IUAL bigram
b4 v o “ 1 o ¢ 1 @ 9 ”
4 1¥MIAAMUVY unigram 51U bigram $9UADA1S 19 Emoticon
5) T¥msdafuuy unigram 3NN bigram 3UAU trigram

6) ldmsdafuuy unigram 5NN bigram 5UAU trigram 591U 1% Emoticon

EmInaaes
1) ideyaildlunisnanesya A MIHIUAZZUIUNISYBIBANES 1Y Multinomial
3 é =N o 9 4== d'l 9 o si £ o
Naive Bayes %995118 0101 3.2.5 eadauuudiassinldlumsyueay
JUuLUN 1) - 6)
o 9 = 9 ] s o =R
2) veyanlFlunisnaaesya B uaz C 11HIUATEUIUNITVRIEANDINY
Multinomial Naive Bayes #9a5unaluriaden 3.2.5 weadauuysassnldly
s duuui 1) - 2)
o %) a A g/ [ " i o A 9/ o
3) M50 5EANTNINAINITN n-fold cross validation “]Nmf:)ﬂj.“lfmﬂﬂ
10-fold cross validation
HANINABDS
4331 AMBIUGI9INNSNATOLLARZIYY
9 ) e
D 1¥mM3AAf Y unigram

= I T

A A UANULNUE = 45.55 % LazUAIA N 9] ATUAIT N 4.12
6‘]

ISl 1

9@ B UANUUUIUG = 50.71 % UazlifA1a19 9 AUA13 1 4.13

%@ C UAMLUUET = 49.61 % UaZUAIAIL ] MUAII 4.14
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1574 4.12 Confusion matrix #azAIA1 7 vosdoyaya A MHmsdiaf 1wy unigram A

dane311u Multinomial Naive Bayes

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness | Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 87 6 0 9 0 4 442 30 Joy 15.1% 6.4% 32.2%
Sadness 18 10 0 3 0 0 265 14 Sadness 32% 1.2% 20.8%
Fear 8 1 0 2 0 0 44 8 Fear 0.0% 0.0% 0.0%
Anger 18 6 0 12 4] 1 158 11 Anger 58% 1.0% 26.7%
Disgust 2 1 0 3 0 0 23 1 Disgust 0.0% 0.0% 0.0%
Surprise 10 5 (1] 6 0 1 148 12 Surprise 0.5% 0.3% 9.1%
 Anticipation 98 14 0 9 0 4 1394 48 Anticipation 89.0% 79.4% 48.5%
Acceptance 29 5 0 1 0 1 399 58 Acceptance 11.8% 4.2% 31.9%
'
1974 4,13 Confusion matrix ttazA A4 9 Yesteyaya B Alimsdadmuy unigram A
dano31 Multinomial Naive Bayes
PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness | . Fear Anger | Disgust /| Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 893 38 6 67 0 71 286 45 Joy 38.1% 9.5% 51.5%
Sadness 86 277 5 29 1 1 732 ¥ Sadness 24.0% 1.5% 64.9%
Fear 40 14 240 21 0 0 328 6 Fear 37.0% 0.3% 87.9%
Anger 86 8 I 469 1 0 513 18 Anger 42.8% 3.1% 59.6%
Disgust 15 2 0 19 0 0 79 4 Disgust 0.0% 0.0% 0.0%
Surprise 58 2 2 25 0 1 211 7 Surprise 03% 0.1% 6.7%
Anticipation 433 58 12 115 0 § 3685 63 Anticipation 84.3% 58.5% 48.0%
Acceptance 122 28 7 42 0 1 844 112 Acceptance 9.7% 1.7% 40.3%
@194 4.14 Confusion matrix 1azA A1 9 VoITeYRYA € NFn15AARWUY unigram e
dano3113 Multinomial Naive Bayes
PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness Fear Anger Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 1051 35 7 92 0 13 1644 78 Joy 36.0% 9.4% 48.8%
Sadness 105 303 4 32 ] 3 973 44 Sadness 20.7% 1.4% 62.3%
Fear 54 14 206 27 Q0 0 392 19 Fear 28.9% 0.2% 87.3%
Anger 98 17 2 495 1 0 646 43 Anger 38.0% 3.1% 54.3%
Disgust 24 1 1 20 0 1 99 3 Disgust 0.0% 0.0% 0.0%
Surprise 83 4 0 31 0 6 345 19 Surprise 12% 0.2% 19.4%
Anticipation 570 82 10 156 0 8 4995 117 Anticipation 84.1% 60.9% 48.6%
Acceptance 170 30 6 58 0 0 1186 199 Acceptance 12.1% 2.5% 38.1%




2) 1¥MsARf LY unigram $I1ADA5 1% Emoticon

%o A UAMULNUG = 45.14 % LAZHAINN 9] ATUATTN 4.15

9ga B Tnnuusiud = 50.94 % uagliA1i1e 9 gUA1519 4.16

A C WAWUUUE = 49.62 % UazAIAI 9 AUANTN 4.17
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@157 4.15 Confusion matrix #azMmeA 19 | vesdoyaya A Mimsdadwuy unigram TIni

M3 Emoticon #2edane3 111 Multinomial Naive Bayes

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision

Joy Sadness | Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Toy 87 4 0 8 0 ” ‘436 36 Toy 15.1% 6.3% 32.7%
Sadness 18 3 0 5 0 0 263 16 Sadness 2.6% 1.2% 17.8%
Fear 7 I 0 1 0 0 46 8 Fear 0.0% 0.0% 0.0%
Anger 16 6 0 12 0 1 161 10 Anger 5.8% 1.1% 25.0%
Disgust 3 2 0 3 0 0 21 1 Disgust 0.0% 0.0% 0.0%
Surprise 9 4 0 7 0 2 146 14 Surprise 1.1% 0.4% 12.5%
Anticipation | 98 16 0 1 0 4 1382 56 Anticipation|  88.2% 79.2% 48.4%
Acceptance 28 4 0 1 0 2 401 57 Acceptance 11.6% 4.8% 28.8%
@514 4.16 Confusion matrix #asA1e13 9 Y¥osdeyaya B Nl¥n1saasm i unigram 3317

M31% Emoticon A289ana31i4 Multinomial Naive Bayes

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision

Joy Sadness | - Fear Anger | Disgust | Surprise | Anticipation| Acceptance Rate ( Recall) Rate
Toy 896 28 9 74 0 6 1281 43 Joy 38.3% 9.4% 51.9%
Sadness 77 273 7 28 0 2 749 18 Sadness 23.7% 1.3% 67.2%
Fear 39 15 241 2 0 0 27 5 Fear 37.1% 0.4% 86.7%
Anger 84 8 1 476 1 1 500 16 Anger 43.4% 3.1% 60.5%
Disgust 15 ) 0 17 0 0 82 3 Disgust 0.0% 0.0% 0.0%
Surprise 61 4 1 19 0 I 214 6 Surprise 03% 0.1% 5.9%
Anticipation | 428 48 13 106 0 6 3708 62 Anticipation|  84.8% 58.7% 48.1%
Acceptance | 125 28 6 45 0 1 844 107 Acceptance 9.3% 1.6% 40.4%
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@159 4.17 Confusion matrix #azA16119 4 vosdeyaya C M¥MIAAR MUY unigram TINHY

M31% Emoticon @e9an@3Ny Multinomial Naive Bayes

PREDICTED True Positive | False Positive

ACTUAL CLASS Precision

Joy Sadness | Fear Anger | Disgust | Surprise | Anticipation| Acceptance Rate ( Recall) Rate
Toy 1043 41 i 84 0 1 1658 72 Joy 35.7% 9.4% 48.6%
Sadness 98 304 4 36 0 3 977 42 Sadness 20.8% 1.4% 62.2%
Fear 53 17 211 21 0 0 392 18 Fear 29.6% 0.3% 85.1%
Anger 102 15 1 488 1 0 657 38 Anger 37.5% 3.0% 55.1%
Disgust 20 2 0 21 0 0 99 7 Disgust 00% 0.0% 0.0%
Surprise 89 6 0 28 0 5 341 19 Surprise 10% 0.2% 18.5%
Anticipation | 568 6 13 155 0 7 4998 121 Anticipation|  84.2% 61.1% 48.5%
Acceptance | 173 28 8 53 0 1 1179 207 | |Acceptance | 12.6% 2.4% 39.5%

Y o o " U [ .
3)  l#msARA MUY unigram 3INAU bigram
P 1 ) : LT
PYA-A UAIULUUUEY = 46.01 % HAZUAINTI 9 ATUATITT 4.18
. . L o kg 5'51 24 o o . 1 o
71319 4.18 Confusion matrix HAZAIN | YBIVBYAYA A NIFNITAANMUY unigram JIUNY
. P F5s S . . “
bigram ¢3g2an2311d Multinomial Naive Bayes
PREDICTED True Positive | False Positive
ACTUAL CLASS Precision

Joy Sadness | Fear Anger | Disgust | Surprise: |Anticipation| Acceptance Rate ( Recall) Rate
Joy 84 1 0 3 0 2 466 22 Joy 14.5% 5.8% 33.6%
Sadness 21 5 0 3 0 0 273 8 Sadness 1.6% 0.4% 26.3%
Fear 8 0 0 1 0 0 47 7 Fear 0.0% 0.0% 0.0%
Anger 15 2 0 8 0 0 173 8 Anger 39% 0.4% 38.1%
Disgust 2 2 0 0 0 0 25 1 Disgust 0.0% 0.0% 0.0%
Surprise 16 1 0 1 0 0 155 9 Surprise 0.0% 0.1% 0.0%
Anticipation | 80 6 0 4 0 0 1439 38 Anticipation|  91.8% 83.9% 48.0%
Acceptance 24 2 0 1 1] 1 423 42 Acceptance 8.5% 3.2% 31.1%
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4) 1Fmsdasuuy unigram 397 bigram 39U 19 Emoticon

90 A TANUINE1 = 45.61 % UAZNAN 9 AIUATT19 4.19

@139 4.19 Confusion matrix #azA1619 4 vasvoyaya A M¥nMsAaR WYY unigram TInfY

bigram 33ufUM31¥ Emoticon A18dane3M3 Multinomial Naive Bayes

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness | Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
oy 7 4 0 3 0 4 476 19 Joy 12.5% 6.0% 29.5%
Sadness 17 5 0 2 0 0 274 12 Sadness 1.6% 0.6% 20.0%
Fear 8 0 0 1 0 0 48 6 Fear 0.0% 0.0% 0.0%
Anger 18 3 0 6 0 1 172 6 Anger 2.9% 0.4% 31.6%
Disgust 2 2 0 0 0 0 25 1 Disgust 0.0% 0.0% 0.0%
Surprise 14 2 0 2 0 0 153 11 Surprise 0.0% 0.2% 0.0%
Anticipation 86 8 0 5 0 0 1432 36 Anticipation 91.4% 83.9% 47.8%
Acceptance 27 1 0 0 0 1 415 49 Acceptance 9.9% 3.1% 35.0%
¥ w0 ’ (. \d. D, b, .\
5) 19N 15AAALIUY unigram 32UA1 bigram SIUAL trigram
= oo Pris - :
A A UANUUNUYT = 45.37 % UASUATAN € ATUATTN 4.20
- . v ) c&lw w o : ' ar
1314 4.20 Confusion matrix HASAINN ] VBIVdYAYA A MINIAAAMDY unigram IUNY
. 1 Y A Vo Y- % J <
bigram 334NV trigram AIRANDINU Multinomial Naive Bayes
PREDICTED TruePositive | False Positive
ACTUAL CLASS Precision
Joy Sadness'| Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 127 6 0 6 0 1 401 37 Joy 22.0% 8.9% 33.2%
Sadness 25 10 0 1 0 0 249 25 Sadness 3.2% 1.0% 25.0%
Fear 10 1 0 1 0 0 4] 10 Fear 0.0% 0.0% 0.0%
Anger 24 5 0 i 1] 0 152 18 Anger 3.4% 0.6% 26.9%
Disgust 3 1 0 3 0 0 20 3 Disgust 0.0% 0.0% 0.0%
Surprise 21 3 0 2 0 0 140 16 Surprise 0.0% 0.1% 0.0%
Anticipation | 136 12 0 6 0 0 1336 77 Anticipation|  85.3% 74.2% 29.2%
Acceptance 36 2 0 0 0 1 378 76 Acceptance 154% 6.3% 29.0%
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6) 1¥M3ARMUUY unigram $I1AY bigram $2UAY trigram $uAUMS 15

Emoticon

4a A UANULIUE1 = 45.26 % HazlIAANN 9] AINATT18 4.21

@159 4.21 Confusion matrix #azAIAN q VosUoYyAYA A NFNMIAARMUY unigram 33U

bigram 3UHY trigram FIUNUMS 1Y Emoticon f289ana3Ny Multinomial Naive

Bayes
PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Toy Sadness | Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 131 4 0 5 0 1 398 39 Joy 22.7% 9.7% 32.2%
Sadness 30 5 0 3 4] 0 249 23 Sadness 1.6% 0.9% 15.2%
Fear 9 1 0 1 0 0 45 7 Fear, 0.0% 0.0% 0.0%
Anger 26 6 0 Yines 0 0 146 21 Anger 34% 0.7% 25.0%
Disgust 3 ¢ 0 2 &350 : 0 21 2 Disgust 0.0% 0.0% 0.0%
Surprise 23 5 0 2 0 i} 139 13 Surprise 0.0% 0.0% 0.0%
Anticipation 143 8 (1} 7 0 0 1328 81 Anticipation 84.7% 73.3% 49.3%
Acceptance 42 2 0 1 0 Q0 367 81 » Acceptance 16.4% 6.3% 30.3%
52.00%
51.00%
50.00%
- 49.00%
" 48.00%
3 47.00%
é 46.00%
45.00%
44.00%
43.00%
~ 42.00% " = e
uni uni+emo uni+bi uni+bi+emo uni+bi+tri uni+bi+tritemo
H DATA SETA 45.55% 45.14% 46.01% 45.61% 45.37% 45.26%
® DATASETB 50.71% 50.94%
m DATASETC 49.61% 49.62%
slunuiFlunmagey

31 4.12 mamusivdvesdas jluwuilivhmsnaseudiedane 3

Multinomial Naive Bayes




4332 anlszandammens q Aldnnmsnasevdeyaunazya

1) A1 True Positive Rate (Recall) Ao iim’ma?’aya

¥
NINUA

100.0%
90.0%
80.0%
70.0%
e ;.
.ﬂg 60.0%
= 50.0%
=]
= 40.0%
30.0%
20.0%
10.0% II i
0.0%
loy |
| uni 15.1% 4
B unitemo 15.1% |
B uni+bi 14.5%
B uni+hi+emo 125%
| uni+bi+tri 22.05
B uni+bi+tritemo y 22.7%

51/ 4.13 A1 True Positive Rate (Recall) Yo iUayaya A il

90.0% %%
80.0% -
70.0%
60.0%
e
=
oF 50.0%
' 40.0%
=
30.0%
20.0%
10.0%
0.0%
Joy
W unigram 38.1%
® unigram+emoticon 38.3%

T e B e ~ N e | [T =

Sadness Fear \ Anger P Disgust

T 3% 0%, - TRE ) “o0%
2.6% T, = 5.8% 1 00%

T16%/) | 1 p00% ) " 39% | U o0o0x |
6% | )\ O0D%K. | el L 00% |
32% T S 007V 7/ 0 W\ \P 0.0%d
1% w |o00%" BN Nk

P 15k SO [ N e O
[IRFEELII

True Positive Rate (Recall) voa¥oyaya A

dane313 Multinomial Naive Bayes
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L3 H
= o =
mimuegnanhgn
|||M
N\, pell
_Swprise Anticipation Acceptance
05% 89.0% 11.8%
11% 88.2% 11.6%
B 0.0% 91.8% 85%
00% W | 91.4% 29%
0.0% 85.3% 15.4%
0.0% b sam 16.4%
o 3/
moinagaavea gy

True Positive Rate (Recall) Yoatoyayn B

Sadness Fear Anger Disgust
24.0% 37.0% 42.8% 0.0%
23.7% 37.1% 43.4% 0.0%

CRET

Surprise
0.3%
0.3%

Anticipation
84.3%
84.8%

Acceptance
9.7%
9.3%

51/ 4.14 M True Positive Rate (Recall) voadoyaya B fihnsnaaeudie

dane31y Multinomial Naive Bayes



True Positive Rate (Recall) va4¥ayaya C

90.0%
80.0%
70.0%
60.0%
R
o 50.0%
=
@ 40.0%
=
30.0% -
20.0%
o “ LI
0.0% 9 — R
Joy Sadness Fear Anger Disgust Surprise Anticipation = Acceptance
B unigram 36.0% 20.7% 28.9% 38.0% 0.0% 1.2% 84.1% 12.1%
| unigram+emoticon 35.7% 20.8% 29.6% i 37.5% | 0.0% 1.0% 84.2% 12.6%
4
217w
1 4 NN ‘-ry - n{ o
sa. o
gﬂ 4.15 A1 True Positive Rate (Recall) Yo3vUayaya C nmnisnaaaualg
o = =g = = 3
2and3NN Multinomial Naive Bayes
[ H 9
1 n A A o 9 = o v l.l v =1 a
2) A1 False Positive Rate A9 U IUYBYANNTUILN LUYNINNYNTIIHUA
Y
False Positive Rate UBIvOHATA A
900 B B o= € 21 b W A - —— T ——— AW 4 R E N =
80.0% =8 £ N e o e hr T T R A ) B
70.0% W 3 ) Lowy g ! 3 4 e LTy
60.0% . WA 0} . \¢ -4/  SRYAl of YO » L
&
"E 50.0% & y - AW & - Z - 2 s L4
E 20.0% -y —_—— ) A .\ \ ———O% Y &
- 30.0% - — - - e —_— — - e e & y &
20.0% %% 2 e _ — -
10.0% % - - - & s S L
0.0% llﬁill _—_ . B 241~ o7 4 d ==l
Joy Sadness /“ . Fear Anger | Dvsgusl Surprise Anticipation Acceptance
®uni 6.4% 1.2% 0.0% ! 1.0% |_00% 03% 79.4% 42%
munitemo 6.4% 1.2% 0.0% | 1.0% o 0.0% 03% 79.4% 42%
# uni+bi 5.8% 0.4% 0.0% 0.4% 0.0% 0.1% 83.9% 3.2%
® unitbitemo 6.0% 06% 0.0% 04% 0.0% 0.2% 83.9% 31%
munitbittri 8.9% 1.0% 0.0% 0.6% 0.0% 0.1% 74.2% 6.3%
B unitbi+tritemo 9.7% 0.9% 0.0% 0.7% 0.0% 0.0% 73.3% 6.3%

4
DITUN

51/ 4.16 A1 False Positive Rate vosdoyayn A ihmsnaaauddanssiia

Multinomial Naive Bayes
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TLBUN

40.0%
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30.0%
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20.0%

10.0% l l
Joy
9.5%
9.4%

0.0%

H unigram

H unigram+emoticon

False Positive Rate Y049oaya B

— S o
Sadness Fear Anger Disgust Surprise
1.5% 0.3% 3.1% 0.0% 0.1%
1.3% 0.4% 3.1% 0.0% 0.1%
- >
RRERL

Anticipation
58.5%
58.7%

51/ 4.17 M1 False Positive Rate ¥a3doyaya B ifhimsnageudaadanaifiu

70.08 =2 R4
60.0% =~
50.0%
e
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i
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20.0% - -
o |
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Joy
W unigram 9.4%
® ynigram+emoticon 9.4%

Multinomial Naive Bayes

—— 0 ) e [ _E . o
Sadness Fear Anger Disgust Surprise
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o
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51/ 4.18 M1 False Positive Rate va3¥oyaya C ihmsnagoudadaneiiiu

Multinomial Naive Bayes
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L )
Acceptance

1.7%
1.6%

- -
Acceptance

2.5%
2.4%



{ 9 B

J % = o A o o a8 A
3) A1 Precision AY inu:m‘n‘nmwgﬂ%mmagaﬂmuw'.mﬂuﬂmﬂ‘n
W15y

Precision v0adoyaya A

60.0%
50.0% -
40.0% : .
b3
-5
= 30.0% . - - - -
2 :
=
20.0%
10.0% II | |
0.0% - gt e - I : eme
Joy Sadness o ] g Fear Anger -y Dlsg‘u:tit Surprise Anticipation Acceptance
= uni 32.2% 20.8% 1 0.0% 26.7% 0.0% 9.1% 48,5% 31.9%
munitemo 32.7% 17.8% oa% \ 25.0% 0.0% I 12.5% 48.4% 28.8%
® unitbi 33.6% 26.3% 0.0% ) 381% 1 00% I 0.0% 48.0% 311%
® unisbitemo 20.5% P77 0w Y 0% 0\ 316% 00% . 09% 47.8% 35.0%
munisbi+tri 33.2% f 25.0% ! 0.0% , - 26.9% 00% 0.0% 49.25% 29.0%
B unithi+ritemo 32.2% 15.2%, t 0.0% | - 25.0% 1 00% . 0.0%, 49.3% 30.3%
airunl
1] 3 — - A g Y -
3 4.19 A1 Precision VaIvalayn A NMMNINATDUAIEDANDINY
Multinomial Naive Bayes
Oy 4
Precision Ya3Uoyayn B
1m.m —_ - - = —— s — e —— . - —_— —_ - e - -
90.0‘% - o Ty Sy LR e b — 414 -5 WAN —— — -
800% - (o} - —— - P 4 £ 5o — S 2 y
?O‘G}Jn = - —_— e e | 3] - | ST . | > — - &
= 60.0% = = P —n e
Lo
e 50.0% e - N
®
= 40.0% Sy — ~i{ 2o F 4
30.0% - 11 < 3-C ——
20.0% — =
10.0% R
0.0% = . - SR
Joy Sadness Fear Anger Disgust Surprise Anticipation | Acceptance
B unigram 51.5% 64.9% 87.9% 59.6% 0.0% 6.7% 48.0% 40.3%
B unigram+emoticon 51.9% 67.2% 86.7% 60.5% 0.0% 5.9% 48.1% 40.4%
o«
BRFFILTI

51) 4.20 A1 Precision vaadoyaya B Mihmanaaeudadanasiiu

Multinomial Naive Bayes
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Precision Voadoyayn C

100.0%
90.0%
80.0%
70.0%
= 60.0%
> 50.0%
®
= 40.0%
30.0%
20.0%
10.0% II
0.0%
Joy Sadness Fear Anger Disgust Surprise Anticipation Acceptance
® unigram 48.8% 62.3% 87.3% 54.3% 0.0% 19.4% 48.6% 38.1%
munigram+emoticon  48.6% 62.2% 85 1fbnfen55A%, 00% 18.5% 48.5% 39.5%
o150aL
U : ; 7 _!l e ==
51/ 4.21 A1 Precision va3toyaya C MiminareuAIBdaneI Ny
Multinomial Naive Bayes
1 y '
4333 nmf'fmumﬁlizmnmmay’mmnz1;91
9 9 1 o gf
%’lﬂﬂ'l‘i“ﬂﬂﬁil‘ﬂﬂ’lﬂﬂ'li‘iji%n’mwa’uﬂw‘l‘ﬂﬂﬂ“ﬁuﬂﬁz%ﬂ UIUYARY 10 AT
TIME
120.000 T o b SO L A 4Ll & L
100'000 . W P B NIk SIS W L= Sl & ] &
_80.000 Sy s s P < £
=
€  60.000 % e
g
~ 40,000 S
20.000
0.000 L e '
uni uni+emo uni+bi uni+bi+emo uni+bi+tri uni+bi+tri+emo
mDATASETA 5.355 5.362 38.297 40.913 105.742 107.098
EDATASETB 32.515 33.260
m DATASETC 50.387 51.063
A lumemansy

51l 422 nalflumsiszananaveswdaz gluuuiiliimsnaseude

dane31iy Multinomial Naive Bayes
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43.4 agdwamsnanes

o 1 Too =q 9 Y o o =2 " .
‘ﬂ1ﬂﬂ’li‘ﬂﬂﬁﬂﬂﬂﬂ’[ﬂ313JLL§JNEJ'II.mzl'mTﬂi‘ﬁﬂizll':lﬂNﬂﬂ’)ﬂﬂﬁﬂﬂiﬂﬂ Multinomial

2 2 2 d 2
Naive Bayes #28n1snaaousii 6 yiluuiveslifiedoyaya A miniuninsnageuasun

- =]

6 sumitesnnilugadeyanlivuiadniigauazwan ldludmvesinnumiudiifagn
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MINATBUYDINI 6 FluuuwuNUM IndRsaiuun uanu luaiuvewianii lelissoznm
;:; oo =1 o 3 s g/ cid o 9 4 3
Muuanduun windmsi ) 19iugedeya B uay ¢ Nlvinasazdudayanuiniy
H 1 T o 1 a Vo { 1
wan lavinaianuuiusiaz: luaeduuasuiluazdesldna lunmsilszulrananuiuau
g 1 2 ' o
(Hlaanndo IR IunastuRe LN AT D NUeRasanIN 1d
& ' 9 ) @ o . g a Y A
NAMsnaaedtinu1as 1gtiuuvesnisIdmsdasuuy unigram Aiganauaif
9o o o & =y LY 1 = 9 4 ] o A
wlsdmsumsyiuenaiissnnlidass luduvesnainungrveauazannuuuud

=L | @ A =3 £ 1 e
i’]ﬂiﬂ‘ﬂlﬁ’ﬂ‘ﬂﬂ"Iﬂ'lﬁﬂu!ﬂflﬁlﬁﬂuﬂﬂﬂgﬂulﬂmu 1%

u | ] o QU =Y
4.4 NMINAADNIAANNUUUENVDIDANDINU Naive Bayes
4.4.1 Yogszaen
A ~ Y o ™ A ' Aa A ' o
WenlFoufounnuulud1ueI8anoI Ny Naive Bayes 11032 GnsMnaA1N < Ao
True Positive Rate (Recall) False Positive Rate (1@1$ Precision 911% 19193 Confusion matrix
sazszoznaMIFlumshiweninmsnadeu 2 giluvune
1 1¥msAafuL unigram
Y ) : 1 w ) L
2) 1¥MIAAA MUY unigram $INAUNIS 1% Emoticon
4.4.2 35msnaael
H o) 1 -7 _
1) Whdeyanldlumsnaaeis 3 geaAIUNIZUIUNISVBIGAND3 1IN Naive Bayes
r—l? a @ 9 4:; é, 9 o 4:1 o d‘
Feouieluiadedn 3.2.5 ieadrauuudassiildlumsihusamugluuui
1uay 2
[ o a o ) o " ” = = 9 o
2) 1111570 U5LANTAINA8A1591 n-fold cross validation ¥ 480N 1H¥N1591

10-fold cross validation



4.4.3 WamMINA[es
4431 AaMmuBivInmInaaaLuAaZIUY
1) 1¥msdaf Uy unigram

a1

%A A TAUUUUEG = 28.84 % UAZNAIAIL 9 AUAITIN 4.22

3@ B UAUNUGT =40.28 % Hazlia1a1g 9 A58 4.23

A C IANUUIUET = 38.59 % LazliA1A19 9 ANAITN 4.24

@159 4.22 Confusion matrix #azAIAN 9 VoItoyaya A NFMsAARUYY unigram

fedane3Ny Naive Bayes
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PREDICTED True Positive | Falke Positive
ACTUAL CLASS Precision

Joy Sadness | Fear Anger | Disgust | ‘Surprise | Anticipation| Acceptance Rate ( Recall) Rate
Joy 158 49 20 62 | 18 123 99 49 Joy 35.7% 11.8% 44.5%
Sadness 47 67 ) 21 10 54 60 44 |Sadness 32.9% 5.1% 42.4%
Fear 4 8 1L 8 0 11 12 9 |Fear 64.3% 4.7% 45.6%
Anger 34 12 6 45 13 50 26 20 Anger 42.0% 7.5% 37.9%
Disgust 5 0 0 12 1 10 2 0 Disgust 12.6% 3.5% 3.7%
Surprise 37 18 4 12 T 62 27 15 Surprise 40.8% 14.7% 7.2%
Anticipation 237 140 38 142 50 242 539 179 Anticipation 45.6% 16.4% 64.0%
Acceptance | 81 58 13 53 15 66 101 106 - | JAcceptance |  24.6% 7.6% 27.1%
@134 4.23 Confusion matrix #1aZA19119 Yo sdoyaYA B NIEMIAAR MUY unigram

Medane3ny Naive Bayes

PREDICTED True Positive | False Positive
ACTUAL CLASS Precision

Joy Sadness | Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 836 107 120 147 79 478 432 143 Joy 35.7% 11.8% 44.5%
Sadness 139 380 53 81 33 164 196 108 Sadness 32.9% 5.1% 42.4%
Fear 27 27 417 38 14 35 50 41 Fear 64.3% 4.7% 45.6%
Anger 84 42 51 460 63 184 121 91 Anger 42.0% 7.5% 37.9%
Disgust 17 5 3 22 15 25 21 11 Disgust 12.6% 3.5% 3.7%
Surprise 44 14 15 30 15 125 51 12 Surprise 40.8% 14.7% 7.2%
Anticipation 582 233 207 328 142 530 1992 357 Anticipation 45.6% 16.4% 64.0%
Acceptance 148 89 48 108 43 185 251 284 Acceptance 24.6% 7.6% 27.1%
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PREDICTED True Positive | Fake Positive
ACTUAL CLASS Precision
Joy Sadness | Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Toy 967 113 139 205 80 680 536 200 | |Joy 33.1% 11.2% 42.5%
Sadness 163 449 63 104 35 252 246 152 | |Sadness 30.7% 47% 41.8%
Fear 31 29 437 45 18 49 58 45 Fear 61.4% 4.2% 22.7%
Anger 91 57 59 504 69 271 134 117 | |Anger 38.7% 7.8% 32.8%
Disgust 2 6 3 29 18 36 23 12 Disgust 12.1% 3.3% 3.6%
Surprise 62 13 21 44 19 223 7 29 Surprise 457% 17.3% 8.3%
Anticipation | 728 287 242 456 197 870 2636 522 | |Anticipation|  44.4% 16.3% 65.0%
Acceptance | 211 115 60 150 64 291 349 409 | |Acceptance | 24.8% 8.3% 27.5%
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PREDICTED True Positive | False Positive
ACTUAL — CLASS Precision
Joy Sadness | Fear Anger | Disgust | Surprise | Anticipation| Acceptance Rate ( Recall) Rate
Joy 152 45 23 63 20 126 105 44 Jay 36.3% 11.6% 45.2%
Sadness 44 60 14 21 & 62 57 45 | [Sadness 32.7% 5.2% 41.9%
Fear 9 3 11 6 0 11 1 12 Fear 63.8% 47% 45.3%
Anger 32 1 7 47 13 48 24 24 Anger 431% 7.5% 38.5%
Disgust 5 2 1 9 0 10 3 0 Disgust 143% 37% 3.9%
Surprise 32 14 3 13 8 63 26 23 Surprise 43.1% 14.4% 7.8%
Anticipation | 243 142 43 138 58 244 530 169 Anticipation|  45.8% 16.6% 63.8%
Acceptance | 77 60 12 42 18 75 105 104 | |Acceptance | 242% 7.3% 27.6%
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PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness | Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
oy 849 100 124 150 84 458 438 139 Joy 36.3% 11.6% 45.2%
Sadness 134 377 51 80 41 161 205 105 Sadness 32.7% 5.2% 41.9%
Fear 30 28 414 37 14 42 43 41 Fear 63.8% 4.7% 45.3%
Anger 81 43 54 472 58 181 123 84 Anger 43.1% 7.5% 38.5%
Disgust 18 4 4 18 17 22 22 14 Disgust 14.3% 3.7% 3.9%
Surprise 48 11 12 27 17 132 44 15 Surprise 43.1% 14.4% 7.8%
Anticipation | 565 247 211 327 164 519 2001 337 Anticipation| ~ 45.8% 16.6% 63.8%
Acceptance 152 90 44 114 36 180 260 280 Acceptance 242% 7.3% 27.6%
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PREDICTED True Positive | False Positive
ACTUAL CLASS Precision
Joy Sadness | Fear Anger | Disgust | Surprise |Anticipation| Acceptance Rate ( Recall) Rate
Joy 976 114 148 200 80 671 540 191 Joy 334% 11.1% 42.9%
|Sadness 162 445 59 96 40 264 242 156 Sadness 30.4% 4.7% 41.7%
Fear 30 30 437 37 25 47 62 44 Fear 61.4% 4.2% 42.7%
Anger 87 52 59 527 65 253 142 117 Anger 40.5% 7.8% 33.8%
Disgust 2 4 5 28 17 36 23 14 Disgust 11.4% 3.2% 3.5%
Surprise 61 19 17 45 26 229 65 26 Surprise 46.9% 17.3% 8.5%
Anticipation 736 293 232 476 176 884 2622 519 ‘Anticipation 442% 16.5% 64.7%
| Acceptance 202 111 67 152 52 297 356 412 Acceptance. 25.0% 8.2% 27.9%
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Surprise Anticipation | Acceptance
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