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ABSTRACT

This study aimed to investigate to what extent sentiment analysis can be applied to tone
analysis of persuasive essays as a predictor for scores of the essays. To this end, the sentiment
analysis of the text mining program ‘Orange3’ was utilized. This study first looked at the
effects of Vader's sentiment indices (positive, negative, neutral, and compound values) on the
total score of positive and negative essays. As a result, in the positive essay, all the sentiment
analysis results had a significant effect on the total score. In particular, it was confirmed that
the compound value had the greatest influence as a predictor of the total score of the positive
essay as well as the scores in the four sub-scoring domains—task performance, content,
organization and language use. On the other hand, it turned out that there were no significant
relationship between sentiment indices and scores of negative essays. These results suggest
that even if learners write a persuasive essay with either positive or negative tone, they could
expect a higher score when comparing the two opposite positions rather than the one-sided
one. This was also confirmed to some extent through word cloud analysis. Of course, there
were some limitations in this study as well but it showed the applicability of sentiment analysis
to predict scores of persuasive essays.
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Theoretical Background

Sentiment Analysis in the Field of Education
A Z7HA] o 2] 24 dare|go] /BEE AT A= /A AS E-8oto] 1Y AJElE 245k
0]} 7]8t 7|5 (lexicon based approach)2} Blt|o|Eof| 2&HE MY HE SHEAIA A5 7AISHS 7]
(machine-leaming approach). 22 T-2H T Zhou & Ye (2020)01] W2 Z|2Lo] ZHJEA A= o] T 7|H
A -85k A o] YA olabar B s 9l
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AIZko g2 A5 11 Aol uj} A-gh n Eulg 250 2 Al gsh= WHAlo] 2Rl S5 A Ao

Brain, Digital, & Learning. 2021 Vol. 11 No. 2 216



Sentiment Analysis as a Predictor for Scores of Persuasive Essays

sh47to] B E 9 512 Z410] Ego] Hrk 218 ol ook §A13, Linetal, (2014)0] ATl
L 5% F Rl 7t 7hgel AlE S B8 te] SRSl wEue At SRS

H cigss
o|E Fofl g5 AlAR S 2Rgetal Qurkal W2 4= QI Shs Aatol| = FAH AR S F= Ao

Lo

Lm

Alm & Nkomo (2020)2] A= Aojugof| T EA 78-S AFSSH A AL 2 mhetEth Alm & Nkomo
AE 752 251 Q= 22191 Aof Sk o} Z-2]#] 0] H(Duolingo, Eggbun, Memrise, Mondly)2] AFHS- 57
2514t} o] A ofli= Microsoft Azure Cognitive Services2] 7+
BEA7E B85 A ZE A EH, ARBARE 2 o] = A = A tigtol] Fofstalz} sk QA&
HAN Fo] 5719) A F2-2 Akl Tzt 27140l A 7191gh 21 o = UehitTt. SRRt Aol gzt
SrEUIE PAIGHA] A AR T EAYTE 7ol tisi A= FAd A9l Bhg-5 H ]l
U A2+= Shin (2020)9] AollA 5 G192 & 7F F ot “HE-2917] mhel o] A o
Sofl A 78S 485Ut o378k 793 7| A|gkE 7R B 483 o] AtollM= 71AIRHE
o] 7|1k IBMS] ZHd2417] ‘Tone Analyzer 7} B A E 0} (text mining) L2 13 & 5FQ1 ‘KH-Coder ©f|
PAAVRS SRslo] B AT msto] o) 5 2 AT o] 2B S BeiT) Sh|gh £ 7] A B 71
& e o172 A2 ek B9 A ol A oA 228 9 el 43
U 29171 metsfiok ot £ 3ollAl = ie 2 oS E2 B

Persuasive Writing and Argument Mining

A 54 W7 27] 8ol A = BEHQ) Relof 7]5ks}o] 1] 7] AER 2. RAKdescription), A%

(narratlon) A (exposition), =5 (argument)2} T2 22 7] X =& 5FA- WK Braddock et al., 1963), 2T} 7] 2291
ollA o, £, i 2ehelolA] 2 7Rl 54 BRS S A 8 4 w8 AEsh o 2

S FUT L FolM e =54 Te 54 oAlo]= =1ko] = FAllofl tisto] 2<20]7F gt 7HA] A=
Aefsto] 52HE A 5ok U 24 = 227] E5°]THvan Eemeren et al., 1996).

Gentry (2010)0l] Th2 1 SH52P7} 247]of] Bt} 543l A5 2Rl ] Sof| tigh 2412 7FA| AL T10f] w2}
Aplere] =8 eks] hadshs o] Itk FABIIT o] o 22 Bl A Fowler 2019y A5 of
Mol 23S sl ApAI9l HRE Esto] saxt AbAle) 242 AR WISt SA-So A QA
2ol AES AN 4 YES AU BAV 725 TARH: Zo] Fastcha 24sigitt

Wilson (2008)2 457 ofjAjo] 2ol ] o] AAoll AHgE]= B3 882 F 72 &3t A
+= 713 33 (sentiment expressions). 02 =¢20] 2] Wt 7} 2 7G-S YeR E43E AE A R|SEAY
ojofl Tzt Rt 7o) 71 EAIH S A4 sk Hl ARSI Th. Table 101] AAIE A HA 2o A “leamed the
ol & F2019) % R P02 HoARE Y Reloleln & £ 5lck £ WS AN &
H ¥ (arguing expressions) 2= 1 T of| 0]l LFERH “For these reasons, I claim with confidence” ©1| A]
7 Aok S e DAk W W] AN 98- T 4 Sk ofefet EEe 54
= o] §-8510] o o]} xTh S QA ol gho e Tefe mHlo] gl oMol wr} e
k50| AthFarraetal, 2015).

O

roogh

[ rf

wr o
Jn r
ot _O‘
T

|
-+
|
nlI.
ﬂllo r

Brain, Digital, & Learning. 2021 Vol. 11 No. 2 217



Shin

Table 1. Some expressions related to the two types of opinions (Farra et al., p. 66)
Types of Opinions ~ Sample Expressions
Sentiment At school, T always learned the most from [teachers who encouraged me].

Arguing For these reasons, I claim with confidence that [excellent knowledge of the subject being
taught is secondary to the teacher’s ability to relate well with their students].

2ol =277 vlol 7|4 Bgatol HE olMololH Zole] Y 7AK 0 2 Bajslel
A7} ALEE131 91, Th ol AIAI 32722.0] $41 T2 St & Gurevych (2017)7} A 2] Bl
o}

Joint Model

Argument Component
/ Classification

Argument Component . Stance
. . Tree Generation s
Identification Recognition

Argumentative Relation
Identification

Fig. 1. Architecture of the argumentation structure parser (Stab & Gurevych, 2017, p. 635)
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Q1 519] 2ol QH Tt A ¥R 2] L (identification) L H-2 FA T HIAE oA =3 X3} 11 9
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Table 2. Writing prompt

On the advantages and disadvantages of having plastic surgery, choose one position, write an introduction,
discuss with three reasons, and write a conclusion. (100-120 words)

Analysis Tools and Procedure

Persuasive Essay Scoring

120702] Eetol] Theh -2 7P Alol|A] 227] 2ol o] F73t 21 o] 227t Frofsto] 4
5Tt - P H-2 Shinetal. (2016)2] Al- =& 43437} vl Lol ZIHE )4 7|ERE Farstict 2
P2 A3y, g, 4, Adofak-golm Zh 27 F o 207 8 Q12 Table 32} 2} A -oll= W™ E7F
A0S ALt 157 HEE A-8o1 1 2T Hee vl 99 | s 538S it 208 S T o
2 513} 5t F A AR AR Em 091 2 w2 AR S Bl

Table 3. Scoring domains

Dimensions Required Conditions
Task Performance (1-5) -Completed an argumentative essay with 100-120 words
-Explained the writer’s position with three reasons
-Explained the writer’s position including the three parts of Introduction, Body, and Conclusion
Content (1-5) -Clear main idea
-Provided adequate supporting details in a logical manner
-In-depth discussion of the main idea
Organization (1-5) -Clear topic sentences
-Clear supporting details
-Clear concluding sentences
-Logical progression of the main idea
Language Use (1-5) -Used only English and appropriate vocabulary

-Variety in sentence structures
-Few grammar errors

-Few errors in spelling
-Appropriate use of mechanics

Sentiment Analysis

2 Ao A AEZ ofjH|o] 9] =B A of A&H T EAolli= Orange3 (https:/orangedatamining.com/
download/#windows)2h= X2 1 2fo] Z-2-2] 9]t} Demsar et al. (2013)°] 7§23} Orange3= tl|o| €] A|Z}s}, 7]
Al gt5 Y tlo]E miold £ AE|AE A3t F 5 T2 15H0|t} Orange32] £4 5 ol ZE 7]5
o] 23 wj7| A& the 2 & = Zlo] ofe} 7| 2 o) 37} 7|50] o winjr} th-2 & Hh=
WA AElslaL QTh 7] gAMofle ZHg A T} 22 ElA E nlo]Y(Text Mining) 7)5-0] H3HE] of Q1A ¢
o} o] 7|52 712 tf 2L Hlojof Sht} I 2 738 /4] ‘Options’©l|A] ‘Add-ons S A E4SHAL ‘Orange3-
Text & the- 2 & HFO ™ %= 7] ofo] Zof| A E njo|id A 7]50] 71tk

Brain, Digital, & Learning. 2021 Vol. 11 No. 2 219



Shin

o2 R me s 2L EAE vold A9l ATESolz AL 2 AR1E Fof s 7]
250] 3124 Orange3?] 73+ 1 2ol 5 Q71&|#] edof Ao thgt X[Alo] gl= ARGARE 47|
283 4 9Jrhs 4] 9lrk o1 njelo] Fig. 29} 2o ‘ESSAY'S} N0 ZHE 2R E A F 1A o
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‘Corpus 2} Sentiment Analysis’ OFo| 22 HF-22 Fojt} of Fdol| ufz| ot 12|41 tl 7oA Data S Al
©45}7 Data Table 0|21z o}ol 2 2712 B3}, 0} 92 2 o] 37)9] ofo| 22 Fig 29] ahe 1Y &
& 0]ojEL}. ‘Corpus’ OFo| &2 HE 3 & B4 H|o|HE YZ =351 ‘Sentiment Analysis Ol A= 23 &
Au A1 ZE F PRI Vader' S AE5) STk Vader' = Hutto & Gilbert (2014)7F 53t ‘Vader' 2= 7H/d AL
2 o] &5h= 7¥ o2 AUt 7 A o] 7Rs5lth(Jhang et al, 2019). BFA| 2O 2 ‘Data Table S &5 22
g
5}‘34 A A0S I 4= QU Vader A4 37 (positive), F-73 (negative), 5 H (neutral) 242} 5&0]
Sk compound) ZE& AFIITE 27, 87, Fe| 2L +10] 7PHe4E o 2e) Bt Ak e
oju|star B3 kel 49 +10]] 7P7HeH 24, 00l 77HH 2, -10]] 77k B4 o) 7142 o m|gh),
ESSAY No. pos neg neu &
Nowadays, It is... 0.053 0.066 0.881
There are many... 2 0.087 0.152 0.761
These days, sch... 3 0.057 0.125 0818
A few month a.. 4 0038 0222 0.74
Imagine that al.. 3 0.094 0.101 0.805
These day, CCT... © 0.114 0.09 0.796
| don't agree w... 7 0.071 0.18 0.75
These days, we... 8 0.049 0.174 0.776
Even though th.. ¢ 0.056 0.112 0.832
School violenc... ¢ 0.034 0.348 0618
Toinstall cctv .. 11 0.081 0.045 0874
One of the Tod... 12 0.16 0.163 0.677
Develooment o... 13 0.098 0.07 0.832 v
pats F === 01 U i
Comusto Beoct  posumen B_;::‘; Ia  — L B c’ :7@.5_57_.7:;; y D
g’ @ & @ copus Sentiment Analysis Data Table

Fig. 2. Sentiment analysis on Orange3

Word Cloud Analysis

2 Q7o 2 R0 Hlsto] 3z} 2] Qe ek olHlolg Al THIE Holg 23
S190ck. ol S15) WA Omngeds] AT 24 7158 BB, 24 HAE Fig. 33} 20] Word
Cloud '@} ‘Preprocess Text(Z12] 2]y Ax}E F7} vlj2]staL 2} ofo| 2 d_E AAsPA "ot A x]a] Azl
A<= of2f Fig. 3 Skl AAJH HEel ZEo] 7]50(od), the, a, of 5) HS5-= E]AE THA 2 ‘Stopwords ©l] A7}

o}, S50l 23 7] 5ol = wAloA AHlejE7] e Wo] S4 oz it Tolo] F50] 7H5S
th. o] £419] ‘Stopwords'oll F£7Hl 7]501= & 27571 ©olo]H ‘can'¥} Z-2 ZEAR= D54 ofAlolollA &
93k oJu|& e 4= 3lo] ‘Stopwords | A] A JE] AL ‘not 2t 22 o] = -2 o] F-2 A 2= T

Brain, Digital, & Learning. 2021 Vol. 11 No. 2 220



Sentiment Analysis as a Predictor for Scores of Persuasive Essays

@ Corpus £ CoTous —
‘n’a =

CDrDUS preprocess Text Word Cloud

Filtering x

Stopwords English v function, txt v

(4]

Fig. 3. Word cloud analysis on Orange3

Results and Discussion

Sentiment Analysis as a Predictor for Scores of the Positive Essay

& Aol A= oA A5t Aol A A|ARHHEe} Zho] S It A o] /A 54 ofjA|o] o] 4 ol 52 fitt
o2 ZdwA AE A Eott) HA] 3742 oflA|o]o theh ZHdwA1 2 71e-EAIXl= T2 Table 4
o Zrom o] 47 ARIE(3, 77, 51, &8 2hol ollAlo] 7te] S ol vl = Y= 45| ettt
Z 35|74 (Multiple Regression Analysis)2] A 3H= Table 52} 2T},

ool

Table 4. Descriptive statistics of positive essays

Variables M SD n
Total Score 10.92 3.61 60
Positive 0.23 0.09 60
Negative 0.05 0.04 60
Neutral 0.72 0.10 60
Compound 0.78 0.31 60

Table 5. Multiple regression analysis on sentimental factors as a predictor for the positive essay score

Model Pregh'ctor Unstandardized Coefficients Standardized Coefficients
Variables B Std. Error 6 t Sig.
Positive Essay  (Constant) 6.69 1.72 3.89 0.000
Positive -13.26 5.74 -0.35 -2.31 0.025
Negative 38.02 11.83 0.45 3.21 0.002
Compound 6.74 2.01 0.58 3.36 0.001
Note. p <0.05
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Sentiment Analysis as a Predictor for Scores of the Negative Essay
b0 & B4 of|Ao]of that 241 Axh= o}zl 2] Table 62} Table 701 A4 i<} 2Tt

Table 6. Descriptive statistics of positive essays

Variables M SD n
Total Score 10.65 4.04 60
Positive 0.11 0.05 60
Negative 0.12 0.06 60
Neutral 0.77 0.06 60
Compound -0.05 0.67 60

Table 7. Multiple regression analysis on sentimental factors as a predictor for the positive essay score

Model Preglictor Unstandardized Coefficients Standardized Coefficients
Variables B Std. Error B t Sig.
Positive Essay ~ (Constant) 11.55 1.97 5.87 0.000
Positive -5.45 16.73 -0.07 -0.33 0.746
Negative -2.16 16.15 -0.03 -0.13 0.894
Compound 1.08 2.06 0.18 0.52 0.604
Note. p < 0.05
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Word Cloud Analysis of the Persuasive Essay
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Fig. 4. Word cloud analysis on Orange3
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Table 8. Top 20 words of each 60 essays based on the two perspectives of 'positive’ and 'negative'

Unique to Positive (11) ii}f;i{gaigﬁ; 3\;clgree, also, appearance, beautiful, curing, example, handicaps, handsome,

Shared (9) confidence, face, good, people, physical, plastic, self, surgery, think

Unique to Negative (11) ?Eiiﬁaggzs, bad, cause, causing, disadvantages, disagree, effects, focusing, money,
)
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