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We explore automated scoring models of scientific argumentation. We consider how a new analytical
approach using a machine learning technique may enhance the understanding of spoken argumentation
in the classroom. We sampled 2,605 utterances that occurred during a high school student’s science
class on molecular structure and classified the utterances into five argumentative elements. Next, we
performed Text Preprocessing for the classified utterances. As machine learning techniques, we applied
support vector machines, decision tree, random forest, and artificial neural network. For enhancing the
identification of rebuttal elements, we used a heuristic feature-engineering method that applies experts’
classification of morphemes of scientific argumentation.
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Z=3¥3lcl(Jiménez-Aleixandre, Rodriguez, & Duschl, 2000).
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Aleixandre, Rodriguez, & Duschl, 2000; Zohar, & Nemet, 2002;
Erduran, Simon, & Osborne, 2004). 121} s}l7] == G739 4

156‘5 H7rsb] el el "eke dARsial wohd e H]Jﬁi
T} =5 84S Hefshe o] W ARKY kgo] 8+

QB 71 714 B Mo T el A A
=% ujoly o ojefel RAIS SiEsRe B8 & 4 glcklee
et al., 2018; Mao et al., 2018; Lee et al., 2019). A5 PH-2 L2
AlZH} =2 glo] AX|zEo R shyo] Hke-S HyIsh 4= Q)= 714

F

B ool 2 sholn, B A7F Yo we ofe] alAES Byle)
= Q7] wf R it H7ol AREE|o] th(Lee et al., 2019; Liu

et al., 2016). =72 Z9- AFEE B8 A5 Aol et A=
1960 th Ellis B. Page7} ofAflo] A AL 2z AorshHA]
e 27 Holow olf HirE el ARle] AP] 7|(natural
language process)2] Weto]| wfgl ¢1ojo] EX -2 Hrle 4=
Q= 2 7HA] WHASHA %Itk Lee, & Park, 2019). 3] 20001 A
o%- 74| Sl WER Qlsto] 3P =T} ofjAlofof| thgt A+
7} Eiks| RdE|o] u]= w8 7Hd(Educational Testlng Service,
ETS)-& c-rater®} eraterS 7|55tk craterof 7]74] 85 7|<0]
Z7}E crater-ML-& EARS AWslr| 8] A4S A]—%-EHO]: 3=
8710] T}l Bals A 2 QJwE rEQTKLiu ef al., 2016).
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E3}F Nehm, Ha, & Mayfield(2012)= Xslo]| djgt shAie] A4S 7|
A e58 283 A2 A 2 1SIDE)o]| A-gsl= g = 713
alo] 717 shrS B S el EIS TN,
al(2019)& a8 9] oA =28 corater-MLS E-83F A5 A4
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u) Age] Fao] gt AT Sellch Fje] A9 AR
gelo] AR RS SIe AR ZRIBS A A
0B BAX A% A 977 ARHIEHKICE, 2006). o]

o), A8, et SRIAE W) BAF 4 6 vhek AEAA
&54Song, Noh, & Sung, 2016), T35} Zatof tfgt A5 Y =21
2ol 7k Ha et al., 2019) 59 AT/} AP Qich

A Ao 1AL e B WSE Qe EAE Yole
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C(Beggrow et al., 2014). A& iH/_ér‘% %7}494 *mﬁr JLEE'
AA B71e] BE/de A A& AA
0 ZH AFAL FHsH= Aof =L29] HE}(Lee et al., 2019) ESH
Y] My EoHETte] ofuel MEkA =5 ¢ 5 SO S

off Tt ARt B71e} ml=ulo] 7hgs]7] wiee] gk dEe] &
Tgol d 4 qlom ws dAo] & =30l € 4 Sk 1y s
&= Xﬂ‘lFOM tlo 5 5o wAZ 1S A= AFEoeR
E-2E QA F35tar JthHa et al., 2019).

9]0 25 A At gl 719kt Alsd "lAEo| High
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e o] MAZE A5 AYE Bl dolxl A5atEl slsulol
WAA Q3 TLE ARE 4= Q1SS HolF]IT) ESE Lee et
al(2019)2 WA 55 AAREe R s ekl wemS Al
02 T} e /1S PPAATH: 20E A9let olXY 2
5 AR 716 WA A, 5 BE ARUAClI 2L sl
ofsfl el Ardel thste] RISk Sk vl=ulS AEshe
g Qo] Al 738t Zo] il QJtiMartin, & Sherin, 2013).

SEjuete] weh ws HopollA 717 shsE 283 Y Bt
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s ErEAe] A7F 3= la(Song, Noh, & Sung,
2016), Ha(2016)= =02 2% AAAME 7jg 9] AM&d Yok
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7 A2Eol2 Q1gAso] ATER 7o Alokel FPHo RN 54
A A)(domain knowledge)2] EZSE EA|E S| Ash= AE7F2] AL
IS BARE 5 FEl2E(heuristic) 02 2o 288k
Ho|tiBuchanan, & Feigenbaum, 1980). A&7} A|AEIQ] T E2]9]
o]z 19694 StanfordtjlollA] 7urEl DENDRALo]  9th.
DENDRALS fstajo] 2 Adleg 24 348 Zeig
if-theny} -2 Sf2lo 2 AGAY] T2 o el 2] SokEo] &
HEHS £l BA} 125 o &3cKRussell, & Norvig, 2016). w-S-
siofe] AE} Aol 249 g AL, sl Alete] ErmM B4
9 5 gl wuk ojel Aslel w4 Wt mEs 268 4 otk
(Baek, 1989; Engin et al., 2014). A5 2] A8 A loA= AR
7} AR Ul MO % TN e RAS ¥R T
2 9l FE Aol FAS Hogt T A= AL SaEs A}

Ze =] I thOng, Litman & Brusilovsky, 2014; Kim, 2019).

B oLl 20173 ~2019\0] 24E & 1Sshme] 135S o
Ao 7 AT =% A ekl o dlolEE YvkeR A
A T2 ek A WA Aojxl e o]
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Aldiell et 71 Aol diek e WA Algste] & Al
Ut oSl &olaL oS AEshalrt gtk olE Hige R, B
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et al., 2009), =%2] gA)o] thgt AATLo]A= Toulmin(1958)©] AJA|
3t =212 9 E)(Toulmin’s Argumentation Pattern, TAP)©] t3%]
o2 A= T Q) TAP-L F%Kclaim), A} (data), X %K warrant),
7 (backing), ¥HHrebuttal), 3+ 0j(qualifier) & =52 L4 Q4
2 Holgh & 24 Aole] 715H e ehe mElR A (Driver,
Newton, & Osborne, 2000), ZAES vlglo g 3F 2203 JLAF
A20) AYBE H5o] AYoR R F kzo) 225 HAS)
(Kang, & Lee, 2013). Toulmin2 £ F73-9] AGAS A7) 3]
A, w4 0 RS Agehe THoR T S sk
IS Argsiglon, =50 Zee 4 a4 ZEXZM EAe] 71
Z3FcKSampson, & Clack, 2008).

Toulmin®] =% 139} Q45 7Hko 2 3t W8} =20 tjjgh A
24 Kelly, Druker, & Chen(1998)& 3HJ0] =29 TAPO] 14 &
42 e SIS0 28 1 % ) e gum) 248
w02 o] Arslol i ek ol vl S o}
Atk Erduran, Simon, & Osborne(2004)2 mAoj|4 Yoju= 1}s}
=30l TAPS 83 ¥, =% 248 Hasisio] =5o] it ob)
4 ke Sasiolch So) WS g0l 428 el %
3t |z2oz HAsle] =2o] Blgwol JwE Wrlsleich wath
Simon, Erduran, & Osborne(2006)2 wAlS] =22 TAPS &-83t

A4S Ba TAFS0] AMSSHE g vk, BE4S Bas i
A 2o nia]Z) 4 9l RS NS T8 2l HA
Bl U 715 18 Ao E TAPS 79k g & e B =22
o] BAE WY, =2 BN S 2u A 5 e
Holol| Al ZsPE]3l QltHe.g., Kang, Kwak, & Nam, 2006; Kwon,
& Kim, 2016; Shin, & Kim, 2012; Yang et al., 2009).

=5 240 TAPo] de] ZgEa QIATE =5 24 IAgollAl
Qo7 A magHow Qlstel A2e] 15 AAT THIH: Aol
ojg}2-0] Uth(Kelly, Druker, & Chen, 1998; Erduran, Simon, &
Osborne, 2004; Simon, Erduran, & Osborne, 2006). T3t == 125
sl o] Mol dfet Beke R ojojaly] ofeike £
Z(Driver, Newton, & Osborne, 2000)3} =% EA4 APy} T3] 24
o] Wiz anl AAJEcks BA44(Shin, & Kim, 2012)50] =&yt

7A RS =5 4 Slol AR - ditiL vlofefo] A
= A8 4= glom QI ARAEA BT o Sl Aot =Y
A5 WA = qlo] 7120 FARE skl =es & 4 ATt
(Lee et al., 2019; Nehm, Ha, & Mayfield, 2012; Lee et al., 2018;
Kim, 2019). 3t =35 A0 g2 Altto] Ae 24 Aipr wd
FYoll SAH 2 HHGEA] 2ol =5 U 2HkE gemory
GEEA] Foke Fol AAdE & Uk

R

N L

2. 7A &

gkl 717 st dold mlolde Rolelk AREt AR
BAVIee] MR Qo] Ar) Alle] BE Holol i 73} o]
o= Y dlole e BAE, or ook Po| TRBtEo9A] G
H18 dolEA choret Jele] 2w At il mE e
AT 7S5 glek. olefet thew A=l thate] gole Aol
o g, S, 3 FS Bk BYsklo RS89 A4S

Z=d= 1AL dlolEl nlo|y(data mining)o]@}al FHKJun,
2015).

714 BF5olet Q3 A S(artificial intelligence)2] 3t ‘:'O}:i 1
E7} dloje| 25 e AohS 3 = s YaeEs
ofoltt. 53] AR 2 E = Ffs_} e ¢l4)s
25 vhEoluiAl miE Aol tigt GAHEAE ol
29 ZrKPark ef al., 2015). 7|4 SH5S Safals TS
%, dlolee] xxa], mde] gﬁi@@, wel 57k w4l
AR ths 4= Qlek dlolE o] Mgt
5 A=E PHE doleE HsAU =

o

f
_O|L o
ool de 3

o
g

=

r‘"-l%\-ﬂl-ﬂ
orul
-0,
>
ﬁg
2
2
i \Z‘;
by
o0 o
o

= 3pgoleh. Aol

71A 50 e A5tk 2YollA Xdﬁ?%‘aﬂ dloje s HdE
H57] 913t & H|o]E(training data)e} ThE017 HEo| e
F7ob7] 913t HIAE dlofE(test data)2 S TH(Yoo, 2019). L
o] ZHWA A= WA} Z(cross validation)2-
]Sk (Figure 1).

Sagto s By

9] A3 overfitting)=

=y ahxg
(Generalized fitting) (Overfitting)

Figure 1. Generalized fitting and Overfitting

717 Sh52 Bdo| shsu= Waof et Ak Sl(supervised
learning), W] A% &F&5(unsupervised learning), 743} dH5(reinforced
learning) 22 L& 4= 9t} A= skGolgt EAJSE Qlg Hamof st
ZHRE o] gl tlolEel tiste] AFsial s il 'ﬂrﬂ} gl
o] %= RS K3t 5 Hlole9] Y
HAE e 2dS A6k o ‘%“—1013} A= ghEe =Y

H=0] Zho] #lofE(label)ole} Eel= ¥
£ EF(classification)s}AL}, d42 E l% A glojg ol &35
d&3t7] gk gt 3)7] :‘i—’:ﬂ(regresswn)oﬂ Z2 AREtH(Lantz,
2013), WA shrolth ST I vl el Sl 39l
= dlolefol delel Halrl s ng ufe} 2elo] Tk
= ‘/TO]'D:L T2 Hlo|Be] A% 29k £ Follle s A
(pattern discovery)t} BlO[ES n|at 1Fo2 Folri wAs
etz AMgEItkLantz, 2013). THAEROR 745}
= oA dojR= dIE 3l B
HAOHA] o] Hj7} Bz WaFo R Shgo] dofih= A& oju]
gtk

o] AtolliE =5 8ol theh AFo] o] FojRl YO =55
Hpo @ 29 =5 o] tigh A ashe o] Holunz
A& &k & A3ZE HlE wXl(Support Vector Machine, SVM), A}
AARAYUYDecision Tree, DT), WE ZF2E(Random Forest, RF),
Q1 F-A174 Y Artificial Neural Network, ANN)S == 274 9] 714 &
& 7IMor AAsieict

(clustering) &
sjgroleh malo] o}
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[opIAE, 717 sholat FHEIE THesle] Hole g ALkt
24 A2 golelol that elSoltt slole] Alo]o] TAE Qi @
ok, T#BR 7|4 Shee AR FwEAoR ALty B
% gl o) BN A7t Holeel that HEsHA A4
I Q1A E3ehel melo] ERSH: ofulel /XS BAs] of
o, webd] 7)) 8K AMgSIASHE A 71 Shse
7157 ojsjunt ohje} mele] AvE S5t $igt hgaka A4
2 251 Zlo] WEA] ARFHT Yoo, 2019). F; TS HofollA] 714
S50 W Aol AEE HolElE 714 sholehs B8 T

£ o

1+

% o mot

-

=]
slo] LA YA F, WK} A|Aolek AEAE vigo T By
& B4, Agsks BgoR HATTH Yoo, 2019).

1 =% 84E ERSP] §18) o] dtolA AME 7S AEE
e oA, SAPAGUE, WY ZHAE, AFAH TGS 7hs] 470
&kt gitt.

AEE e HAlCortes, & Vapnik, 1995y Figure 29} 7+o] 221¢]
o] F1toll 7 7HA] HlolE7l FolFle wf, shte] (=B,
hyperplane) 0.2 F7He BEgko 2) A7ES BFsk= due|So|c)

Hyperplane

' l\ .
~
N o
\\
\\.
A
~
Support
O vector
Maximum
O N margin
~

Figure 2. An example of a separable problem in a 2
dimensional space using support vector machine

e ws Argola] Aysh= dlojEdnt ohe} dits: glofE
O WpE2 220 R A ghom uldg Aot olet &A
S ol ds}7] $18f Figure 39} Zo] A3ZE WE w4l 1|43 glo]E]
e M M2 3IHEA $3L feature space) =2 7]
HP(ulE, mapping)S Sl AAS Z=th ofefdt e Ad
2l(kernel trick)o]2} k=t #dolek W] Apde =gAIZ uf
ARgSE ALt 7S ©JulgitKLantz, 2013).

=
=
=
LI
.
E

o O
N - ° —
0O® @@ kernel
o ® @)
00 o% @ —
o © .o o
© *¥o
o0 00

Figure 3. An example of using kernel trick
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AT T HlolE o Y WHaeE TElm SR
(top-down) 0.2 H|o]E|E ©|& E3Nrecursive binary splitting)dl=
WS ARSRITE W0 WAIE RERsh] Q8 El(tree) 25
Z8517] whizoll AR Eefm(Lantz, 2013) QARAHURE
o] Eg| Figure 49} Zo] W45 #HT= vlt](node)2t 7HA]
(branch)& JLAJE]o] Qlth(Park et al., 2015).

0 ——————— Root node

depth = 0

depth = 1

depth = 2

yes no
T

Figure 4. An example of decision tree model

AR HElS hes g2 A A7 (growing) 3t 7HA]
A]7|(prunning) 2 o] Fo{ Rt} A7dolet 2} mir]of| A 22|o] EaS
F3817] flstol oE HpE Adshs Bpo] WEE= Ao,
upc]of Qli= HlofEl7t A9l e ¥R ER7F =AU Aafxl Ut
o] Zdol(depth)2} 28 7] 712 stopping rule)o]| S wl7A] AR
o] RaErkLan, 2013). el wele] BR7} YR gEsiEs
4% 20 dolelo] o] Tjxgo] wyak Hrk SRR
AL TEge sh2sh] Slstel BBast uiel S Ak
3K merge)dh= 7}A| 2] 7](pruning)E 4=3Y3IcHPark et al., 2015).

HY Y LE+= Breiman(2001)of ofal] 7L 714 k5o 5
o7l && Hlo|H =R E tho] 5YAQl AP T 5

H Egj9] ol Aol tigt x5 F3f shte] olE A wt
ofdith. Y ZAECL o] ofgt s A 714 gy 2d
Agsto] 2FA or At dse Ad s 714 s REke
E= IS oFAE(ensemble)o|2lal 3t Lantz, 2013). E3F e
EZHAEE B sk YoM Hditke s PR &0l
= e Bl S o= dE5Ee wolA Hrk(Park e dl,

n
lo

o |

o 2 o

8 23] Fr¥(neuron) 9] Y[E
2l Hpo] W S8 Wl PAE mdshe
© o8] 79 wRlo] 4% AdEof

¥} o] QIFAIFLE =5 A2 H(link) &2
A5 ARl S Sahe Zolt 27l FREL B
217889 diolelE avba oz A2lshA| Sehe wAlR st 2
5] 977k W) Eakeny, 1980kiol] SolAwA Al
e g 22 darefEe] Aol weh oAl ZigE WA H ok
(Park et al., 2015). AFAEY P2 Y 3(input layer), 435
(hidden layer), &3Z(output layer)2 o]Fo0jAQlom QHFZ0] &
of 4 ¥ wige} Zom] FeFe) ko] 4k 24 wido] S0}
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Table 12 ¢loflM ATt 4714] 717 sh5e] 542 =] At

Zo|tt.

4, X8I} AAH

A7} A)sslolh 2kets] Aefoiel otk zEvle] o 24 5

& WSk FH3FE] A|2Elo|tHGiarratano, & Riley, 1998). A-&E719]
ol 24 B4E wielr) $18) F2IAE Fdol AgEE ol
oY A, A o BE =EY 7I2E AMSke Aotk dE
Eo] o] IHL if-thent322] YA HA(production rule)o] Hgho g
TAE 2 9k AR A28 2 7 de) ALEs 7278 AR
7} A 2<Hl(rule-based expert system)-S 2| A& YA F2lo] HFto g
SEplsto 4271 sflok ALSHO I Negneisly. 2009, 244

A ZAlA Fela dare|Ed] AR Aol A=)
Ag zaT S QAT ARVl ARA A4S Fol BAE
w21 g82 07 |28 4= Q= ZEo] Jrh(Negnevitsky, 2005;
Russell, & Norvig, 2016).

TR718E AE7} A AEL 718F 2] X (knowledge base), =& Q1%
(inference engine), ARE-A} QE|H o] ~(user interface) 52 QA= -
A Figure 5). 714k 71248 B B2o] agh B4 Hofe] M

A4 Eohn, o] QAL 72 rules)o] kot AHfacts) o] AL
2 o|Fo|AQIrt & ML 79k A4 9] FA} ALS A}
HEL FEsl= AAHY Afaiabg o]t Baek, 1989; Negnevitsky,
2005). 7|9k A3 22 RS AAsks 2 71 As -
A tol|A AFA  AA|(feature engineering) AT -G-AFRSFHKim,
2019). Z, 017k HEILS] A5G W A8 HEI A LT

b ru

Q7 Bl AT AR RE 79k A4S 1A 5, 24 siE
‘J QLA 1%olf'+ﬂ

o HJ}\H/H _ELX]‘-’ b‘EA/\E} OPII_EqZ 2 7<4
3]

o, 4410] 4] o S A AL 5 9le
S0l Aglehe Holdh e ofe] el Ar1Ee] Sl A
SLte] AET} AlAEe 3 el Q7 AElRrkE B AT &

A

>

A A TS & 4= A "ok Giarratano, & Riley, 1998).
HIEE] R =%(computer assisted
msicion] 3 44 S sk S i s
B R TS SRR B A2

M i) A S TS Tk Rl A 1B
of gtk Hol 2 Zfol7 QITKLippert, 1989). E3t me
2245 7)5 2|20 HlejolEl 714 skl AgickE HET} AL
sl A%E B2 498 27 WA 4 9 £k D ol

ARt
s }"’ { olE{H 0|~

£S 808 SEE G s S o) A5 AYE 4

B71skar 714 B2 A

o w4
a}% WA} AAE)

2ol7| =59 et 2ts 4

=52 et AhE+= 20185hAE 1~23]0f AA A7|= YA
a9 Barsatue] 1819 97) 83 25079(H1327, oJ11878)3} 23}

Table 1. Features of machine learning method(Kevin, 2012; Lantz, 2013; Fernandez-Delgado et al., 2014; Park et al., 2015; Yoo, 2015)

RAEE e ol A a9 ZAs A3HAT
TolEE olel 9] e BE A - oie] EaAe o AgRE — -
Ao - Egen BUE BRTeR  Gow BTG AGS WMol B 3, IY Seld i e oI AR 440 el
M A ARE B PR RO ARl FAAOIRS o FRE Bl ohfel afm A o ooy ROH U
E*ﬁ— -T'—]‘g }\g)\é oﬂ ]Il—l_: == ]:HT"] “f}zﬂg /%]}\j
- djzo] MElgoR o CAE mEe Ea w0 & fﬁ—j} jﬁ%ﬁﬁi s -2 OQIPOGH#J EAl] = 28
P& . clokst & SE-X Al A2 24 sty A = Tl e TRE
K j}; 3t FEfo EﬂOIEMl Aol f;ﬁ)\\_ﬁl; A st A C AT} UL HR) B2 A - AR Ao A] dhlets BakebT
i s Qo) gpot Claet Aol et oi5ol ol
nES 2k o)A ofF Zd - Aol vjsto] 5ol Holy - &9 dlolgo gt A7 EA7T
g OE BAsEF & -S| mitjole shte] Wk - AR LRl Blsto] AdE W WA o gl
R dE dis L—’FE siAsl7] of  AdElelA HEm mFo oMol kY] WAE s ofElE - AEE HlolA Wigs 2o WA
s walo] 44 e 3] ofeis
O S el 4 edael o e weel 5
WS duiy A AR W #ige] 5 AAslor 3 ﬁHOF o
B L A . L o e
=70 ;Xo}-\ﬂ_ E‘é_l% }\(]34)\0@— Z,: 9;;1‘% = 7]' 87 ETE ——E/\i TBE Zh—(varlable -6_ -6_—8£7]' EO—IZ]—C =5 Xﬂ}]

(m}umy)e A7 o

ufele] 5

AAMo| ZrlsleE male HAJTH

of importance index)t} F& 0]&  3l= =& o}(drop out)olL} 715
A = H(partial dependence plot)  X] Zas welght decay) S 538 4~
% AR = QS

O

_9_
AT

325



Lee & Ryu

d A% 37 BHE 10350 76, © 2798 o 3 47
Ws}7] % Qo] HAolt). o] % 25hd FAISL 20175HAE
150 28k7]0]] 77)10] skl ALEA(SST) FAlo] Tslel % 217
Ale] T3t =% 49lo] Zofat Aol 9lck. 20185RAR ] W3t
5t 1% 5L 1519) A9 670 Al thale] % 18744 13
slgton, 23hde] A9z 87he] FAlol tislo] % 22344 Wyl
9}, AHE ZA)e] oA Table 29} Pk

A o =5 B B 3hE AEeilen, 2015714
23 15hd Tsk} 2009704 e 25hd B 1, S5,
Sfet w8 AR} 191, B TSkl upap
374 191 9 A4 3 59, Tej7 A o] shme] et mALS )
o), 44, ARIYE Faf ALEA, 50 7|28 95 BE
AREHS HAROR 3605 VR FJjetE Axjs)o] =5e) 1A TS
24S 39} 3605 VR sjlais 25 S4004 2ele A

(Cho, & Nam, 2014)F thefRl ®fplo2 ZIEIL gl=d], o]efet
AT T W] ez AA| L BASloe ofelgol
oI}, w3k Tfot oA o]FojAl 2Ktk E(Park, & Kim,
2018; Kwon, & Kim, 2016; Lee, & Nam, 2016)0]| that ¢177} o] 2o
A3 glort 7t dpold AXSHE AT i o WA mde] Az
. CEECELI R e ISP ER e
o2 sjo] Ty W] =2G HASIE Tgo] Mg
R A g AW BEe s
Toulmin(1958)-2 =% H-3(TAP: Toulmin’s Argumentation
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(Kwon, & Kim, 2016; Lee, & Nam, 2016), & &5 £ =29
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Table 2. Examples of topics in the scientific argumentation(Kim, & Ryu, 2019)

e =% 2y
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zk

= g Aol sl EEsAL.

Table 3. Argumentation code of reference articles

Reference Argumentation code
Toulmin(1958) Claim Data Warrant Backing Rebuttal Qualifier
McNeill et al.(2006) Claim Evidence Reasoning - -
Erduran, Simon, & Osborne(2004) Claim Data Justification Rebuttal -
Osborne, Erduran, & Simon(2004) Claim Ground Rebuttal

Zohar, & Nemet(2002)

Argument, Counter-argument, Rebuttal, Conclusion, Opposition, Justification
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Figure 6. A flow of research process

Table 4. Example of student’s argumentation
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Table 8. Analyze results by machine learning model
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Aol tigt A3 A-HSong, Noh, & Sung, 2016; Ha et al., 2019)2}
H|ZHE AL I Aso] 27t HojR) A1) oq;L__4 7S nnA
B TR qdE el Sl visl, o] At =5 2e) Hlo]

o =

A, fl-scored FFHQ Aoz eshs Aol Fo Bl e ol glom, ¥4 Felrk 4RsiElo) A ok A
Table 7. Confusion matrix of automated scoring(Phase 1)
Human.C Human.D Human.J Human.R Human.N

Prediction.C 48 12 21 3 9
Prediction.D 8 75 24 6 10

SVM Prediction.J 22 18 38 5 12
Prediction.R 0 0 2 4 9
Prediction.N 8 18 10 5 153
Prediction.C 7 0 4 0 0
Prediction.D 26 44 31 7 11

DT Prediction.J 39 35 52 5 20
Prediction.R 0 0 0 0 0
Prediction.N 14 44 11 162
Prediction.C 56 8 15 1 4
Prediction.D 11 72 36 7

RF Prediction.J 9 18 37 5
Prediction.R 0 0 0 1
Prediction.N 10 25 7 9 177
Prediction.C 47 17 38 3 20
Prediction.D 8 69 23 8 14

ANN Prediction.J 5 12 6 6 6
Prediction.R 1 3 5 2 1
Prediction.N 25 22 23 4 152
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Table 9. Analyze results by coded argumentation(Phase 1)

precision(%) recall(%) fl-score

Prediction.C 51.61 55.81 0.5363
Prediction.D 60.98 60.97 0.6098

SVM Prediction.J 40.00 40.00 0.4000
Prediction.R 26.67 17.39 0.2105
Prediction.N 78.87 79.27 0.7907
Prediction.C 63.63 8.13 0.1443
Prediction.D 36.97 35.77 0.3636

DT Prediction.J 34.43 54.74 0.4228

Prediction.R 0 0 0

Prediction.N 67.79 83.94 0.7500
Prediction.C 66.67 65.12 0.6588
Prediction.D 53.73 58.54 0.5603

RF Prediction.J 50.68 38.95 0.4405
Prediction.R 100.00 4.35 0.0833
Prediction.N 77.63 91.71 0.8409
Prediction.C 37.60 54.65 0.4455
Prediction.D 56.56 56.09 0.5633

ANN Prediction.J 17.14 6.32 0.0923
Prediction.R 16.67 8.70 0.1143
Prediction.N 67.26 78.76 0.7255
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Figure 7. Decision tree model by phase 1
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Figure 8. Mean decrease Gini of variables in random
forest analysis by phase 1
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AR AHuAL D), UEA

A5 Y A= theal ZTHTable 10, Table 11).

) Tt AlelE 1,75871] e
2} 2,0857]9] oA Ul = Uk Phase 29 A7 s 281t

Table 10. Analyze results by machine learning model

(Phase 2)
SVM DT RF ANN
Accuracy 60.58% 49.42% 64.81% 52.88%
kappa 0.4669 0.2775 0.515 0.368

Table 11. Analyze results by coded argumentation(Phase 2)

precision(%) recall(%) fl-score

Prediction.C 57.83 55.81 0.5680
Prediction.D 57.26 57.72 0.5749

SVM Prediction.J 40.91 37.89 0.3934
Prediction.R 27.27 26.09 0.2667
Prediction.N 75.86 79.79 0.7778
Prediction.C 36.67 25.58 0.3014
Prediction.D 40.97 47.97 0.4419

DT Prediction.J 35.71 10.53 0.1626

Prediction.R 0 0 0

Prediction.N 57.64 86.01 0.6902
Prediction.C 59.38 66.28 0.6264
Prediction.D 56.00 56.91 0.5645

RF Prediction.J 50.70 37.89 0.4337
Prediction.R 0 435 0.0833
Prediction.N 76.21 89.64 0.8238
Prediction.C 51.92 62.79 0.5684
Prediction.D 49.70 67.48 0.5724

ANN Prediction.J 37.84 14.74 0.2121
Prediction.R 6.67 8.70 0.0755
Prediction.N 67.03 63.21 0.6507
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Figure 9. Decision tree model by phase 2
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Figure 10. Mean decrease Gini of variables in random
forest analysis by phase 2
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Table 12. Example of student’'s argumentation
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Figure 11. Comparison of Decision Tree and Expert Decision Tree
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Table 14. Analyze results by machine learning model(Phase 3)

SVM DT RF ANN
Accuracy 56.92% 48.27% 60.00% 47.08%
kappa 0.428 0.2762 0.4585 0.3106

Table 15. Analyze results by coded argumentation(Phase 3)

precision(%) recall(%) fl-score

Prediction.C 53.93 55.81 0.5486
Prediction.D 58.06 43.90 0.5000

SVM Prediction.J 37.33 29.47 0.3294
Prediction.R 20.00 52.17 0.2892
Prediction.N 75.86 79.79 0.7778
Prediction.C 40.30 31.40 0.3529
Prediction.D 44.05 30.08 0.3575

DT Prediction.J 32.00 16.84 0.2207
Prediction.R 16.13 21.74 0.1852
Prediction.N 57.64 86.01 0.6902
Prediction.C 55.21 61.63 0.5824
Prediction.D 58.82 40.65 0.4808

RF Prediction.J 41.56 33.68 0.3721
Prediction.R 11.43 17.39 0.1379
Prediction.N 76.21 89.64 0.8238
Prediction.C 44.95 56.98 0.5026
Prediction.D 47.62 48.78 0.4819

ANN Prediction.J 27.87 17.89 0.2179
Prediction.R 476 8.70 0.0615
Prediction.N 67.03 63.21 0.6507
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