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OnpegeneHne capkasma

CapKa3M — 3T0 cnocob MCNoNb30BaHUS CNOB TaKUM O6p330M, 4TO
6yKBaanoe N NCTUHHOE 3HAYEHUNE TEKCTA SABJIAKOTCA
NMPOTUBONOJIOXKHbIMN. Kak npaBuio, NCNOJB3YETCA C LUENbIO
O6VI,D,eTb KOro-TO NN NOCMEATLCA Had KEM-TO.

[TocTanoBka 3agaqn

[aH TekcT, HeOOXOANMO OMpesenunTb NPUCYTCTBYET MJIN HET B HEM
capkaswm.

OcHoBHbIE METOAbl PELUEHNA

(*] MeTO,EI,bI, OCHOBAHHbIE HA MAaLLUNHHOM O6y‘-IeHVIVI

@ MeToabl, OCHOBaHHbIE Ha JINHTBUCTUYECKOW CTPYKTYpe
capkasma




Recognition of Sarcasm in Tweets Based on Concept Level Sentiment

Analysis and Supervised Learning Approaches
CrpykTypa anroputmMa

[aHHbili anropuTm coctonT Us 4 vacTeii:
@ AHanns ToHasnbHOCTMN
@ AHanns KoHuenTos
@ WpeHTndmkayms cornacoBaHHOCTM

@ Knaccndukauns
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Recognition of Sarcasm in Tweets Based on Concept Level Sentiment

Analysis and Supervised Learning Approaches
VlCI'IOJ'IbSyeMbIe cpenacTtea

ﬂ'ﬂﬂ OUEHKN TOHA/IbHOCTU TEKCTA UCMNOJZIb30BasaChb:

(4] SentiStrength — NPefoOCTaBAAET OLEHKY TOHA/IbHOCTU ANA
KaXX[oro cioBa B npegesax ot [—b, 5]

@ SenticNet — npegocTaBAsieT OLEHKY TOHANLHOCTN ANs
KaXx[oro ciiosa B npegenax ot [—1,1]

@ ConceptNet — no3BoasieT NoAyYNTL CMNCOK KOHLEMTOB,
CBSI3aHHbIX C AaHHbIM CIOBOM



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment

Analysis and Supervised Learning Approaches
OLI.eHKa 3MOLI,I/IOHaJ'IbHOIz OKpaCKu CnoBa

polarity _score(w), if we 5SS or SN

w_score(w) = average polarity score(w), if w € SS and SN

ﬁ > polarity _score(c),  otherwise

ceC
sum_pos_score = g w__score(pos_w)
pos weTW
sum__neg _score = E w_score(neg _w)

neg_weTW



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment Analysis and

Supervised Learning Approaches
NpeHTndbukauusi cornacoBaHHOCTY

[MpepnoxeHns s1 n s2 cornacoBaHbi:

€C/IN CYLLECTBYeT Takoe cioBo W1l B npegnioxeHun sl n cnoso w2
B MPEAJIOXKEHNN S2, YTO BbINOJIHSETCA OAHO U3 YCOBWIA:

@ wl n w2 ngeHTn4YHble MECTOUMEHUS

© wl 1 W2 naeHTUYHbI Kak cTpoku(cTon-cioBa He
YHUTBIBAKOTCS)

@ w2 HauymHaeTcs ¢ the

@ w2 HauwmHaertca c this, that, these, those

@ wl 1 w2 NMeHOBaHHbIE CYLLHOCTU




Recognition of Sarcasm in Tweets Based on Concept Level Sentiment

Analysis and Supervised Learning Approaches
VlCI'IOJ'IbSyeMbIe NPU3HaKN:

@ N-rpammbi(N =1,2,3)

@ [lBa buHapHbIx npusHaka: contra n contra + coher, KoTopble
onpegensitoT NPUCYTCBYET IN B TEKCTE NPOTUBOpE4Ue
TOHaNIbHOCTEN.

@ [IpusHakm, onpeaensitowine, CTeneHb NO3UTUBHOCTY 1
HEraTWBHOCTN TBUTA:
pos low if sum pos score <=1
pos medium if 1 < sum pos score <=2
pos _high if sum pos score > 2



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment

Analysis and Supervised Learning Approaches
VlCI'IOJ'IbSyeMbIe NPU3HaKN:

@ Yucno cmaiinnkos

@ Yucno nocnepgoBaTeNbHOCTER, B KOTOPbIX MYHKTYaLMUOHHbIE
CMMBOJIbI NOBTOPSIIOTCS

@ Yucno nocnefoBaTenbHOCTENR, B KOTOPLIX DYKBbI MOBTOPSIOTCA
@ Yucsio cnoe, HanucaHHbIx bonbwMK BykBamm

@ Yucno cnoe CNeHroBbIX COB U CAOB-yCUMTENENR

@ Yucno BoCKAMLATENBHBIX 3HAKOB

@ Yucno nanom



Recognition of Sarcasm in Tweets Based on Concept Level Sentiment

Analysis and Supervised Learning Approaches
PesynbTaThbl:

Table 1: The result of contradiction in sentiment score approach

‘ Methods ‘ Recall ‘ Precision | F-measure ‘ Accuracy ‘
| Contradiction in sentiment score (Baseline 1) | 0.55 | 0.56 0.56 | 57.14% |
Table 2: The result of SVM classification based on various features
Methods Recall | Precision | F-measure | Accuracy
Our proposed features 0.64 0.63 0.63 63.42%
Uni-gram features (Baseline 2) 0.72 0.73 0.73 73.81%
Uni-gram, bi-gram and tri-gram features 0.76 0.76 0.76 | 76.40%

(Baseline 2)

Table 3: The result of marjority vote and margin based SVM classification
Methods Recall | Precision | F-measure | Accuracy
uni-gram and contradiction 0.72 0.72 0.72 72.83%
uni-gram and sentiment score 0.75 0.75 0.75 75.64%
uni-gram and punctuations + special symbols 0.72 0.73 0.73 73.91%
uni-gram and our proposed features without 0.75 0.75 0.75 75.72%
coherence
uni-gram and our proposed features without 0.74 0.75 0.75 75.48%
concept level knowledge generation
uni-gram and all our proposed features 0.76 0.77 0.76 76.35%
uni-gram, bi-gram, tri-gram and all our pro- 0.79 0.78 0.79 | 79.43%
posed features




Sarcasm Detection on Twitter: A Behavioral Modeling Approach

BUTCSA Cheayto

Jan 1BUT t oT nonb3oBaTens U, BMecTe ¢ nctopueii TenTepa
nonb3oBatens. Pewennem 3aga4umn obHapyxeHus capkasma siBAsieTCs
aBTOMaTNYeCKOe ODHapyXKeHUe SIBASIETCS M TBUT CApKaCTUYHBIM UK
HeT.

Cnepytoluve hakTopbl BAUSIIOT Ha CapKaCTUYHOCTb TEKCTa:

KoHTpacT HacTpoeHnii B TekcTe

KoruuTteHble cnocobHocTn nonb3oeaTens
TeKyu.l,ee SMOLUMNOHANBHOE COCTOAHMNE NOJIL30BATENA

(*]
(*]
("] rpaMMaTVI‘-IeCKVIe 3HAaHNA NONb30BaATENSA
(*]

HeTpaAnunoHHbIi CTUNb HannucaHmsa




Sarcasm Detection on Twitter: A Behavioral Modeling Approach
[Mpu3Haky, CBSA3aHHBIE C SMOLMOHAILHOE OKPACKOW TEKCTa

A = {affect(w)|w € t}

S = {sentiment(w)|w € t}
Aaffect = max(A) — min(A)
Asentiment = max(S) — min(S)

affect(w) — ouenka gns cnosa us Warriner([1-9])
sentiment(w) — ouenka gst cnoea us SentiStrength.

OueHka gns n-rpammos:

POS(b) — NEG(b)
POS(b) + NEG(b)

anI3HaKV|: HNCNO0 NONOXKUTENbHbIX N-rpaMMOB, HNCJ1I0 OTPULATENbHbBIX
N-rpaMMoB, CyMMa OLEOK OJ1A NMOJIOXKUTENIbHbIX N-rpaMMOB, CyMMa
OUEHOK ANnsa oTpuuaTesibHbIX N-rpaMMOB.



Sarcasm Detection on Twitter: A Behavioral Modeling Approach
anl3HaKV|, CBA3aHHbIE C pacnpeneneHnemMm ANnNH CNOB B TEKCTE

< E[ly], med[l,], mode[l,], o[ly], max{l,} >

L = {l;} — pacnpenenexve aanu cnos B TBUTE
1 1
JS(D1[|D2) = SKL(D1[[M) + S KL(D,||M)

Di + Ds
2

L(T1||T2) Z/n

D1 — Pacnpegenerue ganH cnoB B TekyLiem TBUTE
D2 — Pacnpepenedue aivH Cnos B B NpefblayLimx TBATAX NoJb30BaTeNs

M:




Sarcasm Detection on Twitter: A Behavioral Modeling Approach
anl3HaKV|, CBA3aHHbIE HACTPOEHNEM NONb30BaTENA

Bce npegblaylie TBUTHI NONL30BATENS PAa3AeNstOTCS HAa KOP3WHbI
coctosiyme us n teutos(n € {1,2,5,10,20,40,80}).

+ - + -
< Z, 27 P, maX(Z,Z) >

i
22 = 2. pos(t)
> = 2. neg(t)

< ny,n_,ng, Q@ max(ny,n_,ng) >

n+(,) — 4yuncno I'IOJ'IO)KVITEJ'IbeIX(OTpI/IU.aTEJ'IbeIX) TBUTOB



Sarcasm Detection on Twitter: A Behavioral Modeling Approach
anl3HaKV|, CBA3aHHbIE HACTPOEHNEM NONb30BaTENA

< Elad,], med[ad, ], mode[ad, ], o[ady], max{ad,} >
< El[sd,], med[sd,], mode[sd,], o[sdy], max{sd,} >

AD — pacnpegenerue affect _score B TBUTE
SD — pacnpegenenune sentiment _score

Mpu3sHakn, KoTopble NCNOL30BANUCL A1 OLEHKN HACTPOEHUA
noJib30BaTesNs:

@ CpaBHeHue pacnpegeneHnii OLEHOK B JaHHOM TBUTE C
pacnpefeneHneM OLEHOK B MpeablayLnx TBUTAX.

BeposiTHOCTL MOsiBNIEHUS KaXKAOW OLEHKI sentiment_score B TBUTE.

(*] OLLEHKa BEPOATHOCTUN HAaNUCaHWUA TBUTaA B lEl,aHHI::Iﬁ NMPOMEXYTOK
BpeEMEHN.

@ [lpomMexxyToK BpeMeHU Mexay NpeAblayLinM TBUTOM U TEKYLLUM.

@ [lpucytcTue bpaHHbIX COB.



Sarcasm Detection on Twitter: A Behavioral Modeling Approach

an/I3HaKI/I CBsi3@aHHbIE C OL[eHKOVI 3HaHNA NOJSib30BaTeESIEM UCNOJ/Ib3YEMOro si3bika:

OGLLI,GS HYUNCNO, HANNCAaHHbIX NMNOJZIb30OBAaTENIEM CJIOB; HYNCJIO PAa3JZIN4YHbIX CNOB,
HaNMMCaHHbIX MNONb30OBaATENEM; OTHOLLEHNE PAa3/INYHbIX CNOB K O6LIJ|6My qncny.

BeposiTHoCTb nosieneHus kaxpoli Hactu peqn B Teute( TweetNLP).
MpaeunbHoe ncnonbsosanue your(you're)and its(itis).

Yucno npeabiayLnx XewToros #sarcasm, NCMNOJZIb30OBAHHbIX MOJIb30OBATENEM.

an/I3HaKVI, onpegensoume onbiTHOCTb NoJsib30oBaTens:

Yucno aHeli ¢ MOMEHTa perncrpauuu.
Yuncno TBMTOB, cpefHee HUCNIO €XEeLHEBHbIX TBUTOB.

Yuncno peTBNTOB; NPUCYTCTBME CNIOB, COAEPXKALLUX LNPbI; CoaepXaLyme
TOJIbKO COMNaCHbIe; MPOLIEHT C/IOB, KOTOPbIE COAEP>XKAT TOJIbKO C/I0Ba, KOTOpble
BCTPEYalOTCA B CNOBape.

Yucno noanMCHMKOB N NO4MNCOK.



Sarcasm Detection on Twitter: A Behavioral Modeling Approach
anl3HaKV| CBSI3aHHbIE CO CMOCODOM HaMMCaHUSA TEKCTa:

@ [MpucyTctene nosTopsitolmxcst cumeonos(3 uan Gonblue) Bo BCex
CNOBax W B CNOBAaX, BbIPaXKaloOLLNX 3MOLUN.

@ Yncno cMMBOMIOB, YNCIO Pa3INYHBIX CUMBOJIOB, YMC/O CJIOB C
6onbLoii ByKBbI.

PacnpegeneHue nyHkTyauum B TeKyLieM TBUTE.
Tern YacTeil peymn nepBbix TPEX C/IOB B TBUTE.

|_|03I/ILI,I/IF| nepBoro 3sMOLNOHAaNIbHOIO CN0Ba B TBUTE.

Yucno CYLLEeCTBUTENDbHbIX, IMAaronos, npunaaraTesibHbIX U Hape‘-llllﬁ,
NCnosb3yemMblX B TBUTE, HNCNO CTON-CNOB B TBUTE.

@ Jlekcuyeckas NJOTHOCTb, YNCNO UCNONb3YEMbIX CJ'IOB-yCI/U'IVITGJ'IGVI.



MeToabl, OCHOBaHHbIE HA MALLUVHHOM ODYy4eHUN
Sarcasm Detection on Twitter: A Behavioral Modeling Approach

Dataset Distribution

Technique Tl 20:30 10:90
Acc. | AUC | Acc. | AUC | Acc. | AUC
SCUBA 83.46 | 0.83 [ 88.10| 0.76 |92.24 | 0.60
Contrast Approach | 56.50 | 0.56 | 78.98 | 0.57 |86.59 | 0.57
SCUBA++ 86.08 | 0.86 [89.81| 0.80 |92.94 | 0.70

Hybrid Approach |77.26 | 0.77 | 78.40 | 0.75 | 83.87 | 0.67
SCUBA - #sarcasm [83.41 | 0.83 |87.53| 0.74 |91.87| 0.63
n-gram Classifier 78.56 | 0.78 | 81.63| 0.76 | 87.89| 0.65
Majority Classifier |50.00| 0.50 |80.00| 0.50 | 90.00 | 0.50
Random Classifier |[49.17 | 0.50 | 50.41| 0.50 | 49.78 | 0.50




Modelling Sarcasm in Twitter, a Novel Approach

MN3beraTb cnoB CNOB UM NAaTTEPHOB CJIOB, KakK NMPU3HAKOB, (DOPMUPOBATL
NPU3HaKoOBOE MPOCTPAHCTBO, HA OCHOBE CTPYKTYpPbl NPeAsOXKEHUA.

OcHoBHas npes:

| A

Habop gaHHbIX:

[aHHble TBUTTEPA, KOTOPbIE OAMHAKOBA pa3deneHbl Ha 6 Tem: capkasm,
npoHus, obpasoBaHue. IOMOP, MOANTUKA U HOBOCTH.

American National Corpus(ANC) — copepXuT 4acToTy BCTpeHaemMocTu
C/IOB, NCNOJIb3yeMbIX B MNCbMEHHOM N YCTHOM A3bIKeE.

A\




Modelling Sarcasm in Twitter, a Novel Approach
Wcnonb3syemblie npusHakm

@ YacroTa: cpesHsis 4acToTa ClOB B TBUTE, CaMOe pefkoe cnoso(ero
4acToTa), pa3HuLa NepBbiX ABYX NPU3HAKOB

@ CTtunb HanucaHms: CpeaHsaA 4acCTtoTa C/10B, HAaNWCAaHHbIX B
NMNCbMEHHOM CTUnNE, CpeaHAsa H4acToTa C/I0B B YCTHOM CTUNE,
pPa3HnUa nepBbiX ABYX NPU3HAKOB.

@ CTpyKTypa NpemsiokeHusi: YNCA0 CUMBOJIOB, U3 KOTOPbIX COCTOUT
TEKCT; YNCNO CNIOB B TEKCTE; CPeAHASA ANINHA CNIOB B TEKCTE; YUC/IO
rNarosoB, CYLECTBUTENbHbIX, MPUaraTebHbIX U Hape4uii; fons
rN1arofioB, CyLLEeCTBUTENbHbIX, Hapeynii U npuaaraTefibHbIX B
TEKCTE; YMCIO BCEX MYHKTALUMOHHbIX CUMBOJIOB B TEKCTE; NPU3HaKM,
CBs3aHHbIE C KOJIMYECCTBOM KaXK[OrO OTAENIbHOMO MYHKTYLIMOHHOIO
CMMBOJIA; Ha/N4MeE CNIOB, 0DO3HAYAKOWMX CMEX; YMCJIO CMAIAJINKOB;



Modelling Sarcasm in Twitter, a Novel Approach
Wcnonb3syemblie npusHakm

@ VIHTEeHCMBHOCTb: CyMMapHasi MUHTEHCUBHOCTb
npunaratesnbHbix(Hapeqnii), CpeaHsas NHTEHCUBHOCTb,
MaKCMMaslbHash MHTEHCUBHOCTb, PA3HOCTb MeXAY MAaKCUMasbHOW n
cpefHeli NTHTEHCMBHOCTbIO

@ CuHOHUMBI:
shy, = |syn; : f(syn;) < f(w;)]

mean{sl,, }
wilsy = maxy,{|syn; : f(syn;) < f(w;)|}
wgs: = maxy, {|syn; : f(syn;) > f(w;)|}
S = 5y, © F(syn) > F(w)]
mean{sgw, }

abs(wls; — mean{sl,,}) abs(wgs; — mean{sgy,.})



Modelling Sarcasm in Twitter, a Novel Approach
Wcnonb3syemblie npusHakm

@ HeopHo3sHayHOCTL: cpefjHee 4MCa 3HAYEHUI CNOB B TEKCTE;
MaKCHMaNbHOE YUCIO0 3HAYeHNE CI0BA; PA3HOCTb MPeAblayLnX
ABYyX

@ SwmoumoHanbHasi okpacka(SentiWordNet): cymma Bcex
NOJIOXKNTENbHbBIX OLEHOK; CYMMa BCEX OTPULATENbHbIX OLEHOK;
Pa3HOCTb MeXAy npeabiayLnuMy 4BYMS NPU3HaKaMu; pa3HOCTb
MeXIy MaKCUMMaNbHOW MOJSIOXKUTENIBHON OLEHKOW 1 CpeaHei,
Pa3HOCTb MeXAY MUHMUMAJIbHO HEraTUBHOI OLIEHKOW 1 cpefHen



Modelling Sarcasm in Twitter, a Novel Approach
PesynbraThl:

Prec. Recall | F1

Education .87 .90 .88
Humour .88 .87 .88
Irony .62 .62 .62
Newspaper 98 .96 97
Politics .90 .90 .90




Sarcasm as Contrast between a Positive Sentiment and Negative Situation

CTpyKTypa NpefnoXeHnsi, COAEPIKALLErO CapKa3M:

[+ VERB PHRASE][—SITUATION PHRASE]

Mpumep: "l love waiting forever for the doctor"

Kniouesas 3agaya:

VlAeHTVICbI/ILWIpOBaTb CTEPEOTUNHbIE HEFATUBHbIE CATYaL N NN
COCTOAHNA




Sarcasm as Contrast between a Positive Sentiment and Negative Situation

Anropntm

Seed Word
"love"

1 2
4 3

| follows(— candidate, +sentiment)&sarcasm|

|follows(—candidate, +sentiment)|

| precedes(+-candidate, —situation)&sarcasm|

Positive
Sentiment
Phrases

Negative
Situation
Phrases

|follows(+candidate, —situation)|

|near(+candidatePRED, —situation)&sarcasm|

|near(+candidatePRED, —situation)|



Sarcasm as Contrast between a Positive Sentiment and Negative Situation
PesynbTaThl

System \ Recall Precision F score
Supervised SVM Classifiers
lgrams 35 64 46
1+2grams 39 64 A48
Positive Sentiment Only
Liu05 a7 34 A7
MPQAO05 78 30 43
AFINN11 75 32 44
Negative Sentiment Only
Liu05 26 23 24
MPQA05 34 24 28
AFINN11 24 22 23
Positive and Negative Sentiment, Unordered
Liu05 19 37 25
MPQA05 27 30 29
AFINNI11 17 30 22
Positive and Negative Sentiment, Ordered
Liu05 09 40 14
MPQAO05 13 30 18
AFINN11 09 35 14
Our Bootstrapped Lexicons

Positive VPs 28 45 35
Negative Situations 29 38
Contrast(+VPs, -Situations), Unordered A1 56
Contrast(+VPs, -Situations), Ordered 09 70

& Contrast(+Preds, -Si i 13 63

Our Bootstrapped Lexicons U SVM Classifier

Contrast(+VPs, -Situations), Ordered 42 63 50

& Contrast(+Preds, -Si i 44 62 S1




Parsing-based Sarcasm Sentiment Recognition in Twitter Data

Cxema PaCno3HaBaHNA Capka3dMa COCTOUT N3 2-X YacTei:

@ WpeHTudmkauny capkasma Ha AaHHbIX TBUTTEPA OCHOBaHHAas Ha
napcutre. PacnosHaer capkasm B ciyyasix, codeTaHus
NOJOXKUTENLHON OLEHKN 1 HEraTMBHOV CUTYaLuu U HeraTUBHOM
oueHKn 1 nonoxutensHol cutyauun.(PBLGA)

@ AnropuTMm, KOTOpPbIi Pacrno3HaeT Capka3M B TBUTAX, KOTOPbIE
HaumHatoTcst ¢ mexgometnii. (IWS)




Parsing-based Sarcasm Sentiment Recognition in Twitter Data
AnropnTtm:

PBLGA:

SF =0,sf =0,PSF =0, NSF =0, psf =0, nsf =10
for T in C do
k = find _parse(T)
PF = PFU k
end for
for TWP in PF do
k = find _subset( TWP)
if k == NP||ADVP||(NP + VP) then
SF =SFUk
else if k == VP||(ADVP + VP)||(VP + ADVP)||(ADJP + VP)]|
(VP+NP)||(VP+ADVP+ ADJP)||(VP+ADJP+ NP)||(ADVP+ ADJP+ NP) then
sf =sf Uk
end if
end for



Parsing-based Sarcasm Sentiment Recognition in Twitter Data
AnropnTtm:

for P in SF do
SC = sentiment_score(P)
if SC > 0.0 then
PSF = PSFUP
else if SC < 0.0 then
NSF = NSF U P
else
Neutral Sentiment Phrase
end if
end for
for P in sf do
SC = sentiment_score(P)
if SC > 0.0 then
psf = psf UP
else if SC < 0.0 then
nsf = nsf U P
else
Neutral Situation Phrase
end if
end for

pp — PWP
TWP
NR = NWP
TWP

SentimentScore = PR — NR



MeTogbl, OCHOBaHHbIE HA JIMHFBUCTUYECKON CTPYKTYpe Capkasma
Parsing-based Sarcasm Sentiment Recognition in Twitter Data

IWS:
for T in Cdo
k = find _postag(T)
TF=TFUk
end for
for TWT in TF do
t = find _subset(TWT)
FT = find _first _tag(t)
INT = find _immediate _next _tag(t)
NT = find _next _tag(t)
if (FT == UH)&&(INT == ADJ||ADV) then
Tweet is sarcastic
else if (FT==UH)&&(NT==(ADV+ADJ))
(ADJ +N) || (ADV +V)) then
Tweet is sarcastic
else if FT # UH then
Invalid tweet.
else
Tweet is not sarcastic
end if
end for

Mpumepsbi:
"Wow, that's a huge
discount, I'm not buying

anything!!"

"Aha, great night"



MeTogbl, OCHOBaHHbIE HA JIMHFBUCTUYECKON CTPYKTYpe Capkasma
Parsing-based Sarcasm Sentiment Recognition in Twitter Data

Approach Precision Recall F — score
Barbieri et al. system 0.88 0.87 0.88
Tungthamthiti e al. system 0.76 0.76 0.76
Riloff et al. system with positive verb 0.28 0.45 0.35
with negative situation 0.29 0.38 0.33
Contrast (+VPs, -situation)unordered 0.11 0.56 0.18
Contrast (+VPs, -situation)ordered 0.09 0.70 0.15
Contrast (+preds, -situation) 0.13 0.63 0.22
Liebrecht et al. system with 50/50 0.75 - -
with 25/75 neg, pos ratio 0.56 - -
PBLGA with sar tweets 0.89 0.81 0.84
PBLGA without sar tweets 0.64 0.75 0.69
IWS sarcastic tweets 0.85 0.96 0.90
IWS without sarcastic tweets 0.77 0.73 0.74




