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VIZBB IS, S6I2, 207 MZ2EEEICATIL, Softmax BT, K7~
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IS 5 TR 2 AR 1975

vector length of num. of

predicted labels
_— embedding channels

w
102 | | Convo! lution

w

L

B 2CNNIZKBPEEETIL

3.4.1.2 LSTM [Z&BDEETIL

FEEMGEREOLSTM)WD L L, VALY h=a—F VXY NT—7O—FTHVY, EITHEH
RHFES T E DR RINT —Z & - BT ABRICHWON =2 —TF LRy NT—T D
HETHD. FERINTICHIET 2 REBEOKGFRREZIRA D Z ENTELZ ERHMBNT
WD AT, £97, viw_1D,..., viw_T) ZJEK, LSTM (2 A1 L T &, A& viw_T)
NS LT2%IF oD LSTM 250127 My 0 22 5. SHiZo %, BfEAEIC
AJIL, Softmax JEA##RT, &7 T 2 THIMERELE LTHAT L. 72ds, FEEEIC
X, BEREOZDIC, 2BICERZLSIM 2 2y NAEL, HiESZLIEE EO M
FHTANLTNWE, Zhvb 28y hOIORT7 Mz Licb0E, A oA
H1é L= 2).

predicted labels

softmax

Full connection

fis

|stmiz > | stz | [LsTme2 [« <] LsTm2zZ |
A A A A
| LSTM1-1 I» o 9' LSTM1-1 | | LSTM2-1 I% él LST™M2-1

wy - wry w1 - wyp

aily

K 3LSTMIZ&KBHEETIL

3.4.1.3 Seq2Seq LB EEETIL

FRSEIEFTLO—HTHDLND, a—F 4 7 T79v%E LY EHICTHIT 5729010,
DHEXOREZBET HLER LIXLIZSHS. Bz, HH2—WFICLDHEE A TKIboKk
FoT, WORENEZ LTz > TWET 2] 2L T, Hloax—F—2L5%5 B K
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EDYCHNE 645 FIZPRILEFRFEHE NPT LER->TRI LIS LW, ] BIFELRS
A, AL BIZHTHAELWa—FT 4 7T~ uuieheh, Bl & TRZ) Thsb. L
L, HLEF A LITE<BEFRORWIART 5 B Bb-o7Ha, BOELWI—T 4
YT TE TREORR) b, ZOL D RBESHOBEMELIEZ D720, KiFET
I%, Seq2Seq & KITNDHET NN EEHTH. £, [V—R] L TVTFT A4 LUKT
S, FEDOXT 2RO L HICLTHERT 5. (1) ¥F A BMLOFREE B & v A7 LADOHRE
EROTHRICSZH L TWDEEA, B2 Y —%, A2V 774035, (2 BF ANHR
BB L TV D RESENMFELRVES, ADENORSE Y —A, A2V 77475,
BFEFANAL Y ROFEHIDOFKEDYH, BXEeY—A, AV TT74 L35,

B LT —A - VT TADORTIZH LT, —2Da—F 4 I IV EMNTH L )7
Za—F Nty FEHERLFEESED. Y- AOHEESE u_l, ..., u T, U771 DHES]
ZZw_ 1, .,w.T &35, KFFETIE Seq2seq T /NEFIATH, ZDOFFT/LIL, encoder
B LW decoder EFETID 2 DD E D LSTM %+ 5, encoder DIRFE~S Y /L% decoder
DIRFERT FA~RAT D Z LI IV WF AT 5. A2 T, encoder |2V —ADH
BT M VDFE AT LT, decoder (2 U 7T A DHFERY ML DF B ANTIT 5. F D,
HA&H72 decoder D)7 M E, flDOFiE L [FER, BFEAEICATIL, Softmax J&%
BT, %7 2 FHIfERMEE LTHNT 5. ZOFEOEES, EBRIZIE, KE
[\ Eo7=iz, 2 BIZEI7Z encoder & decoder DT % 2t v NI b b T8 D
LSTMAEL, FEESXIOHIETY —AK V) 774 2 A LT, oD %EERET
% (Fig. 4).

4 Seq2Seq IZ&KBHEETIL

3. 5 EERLEFTHE

3.5. 1 EROME

ARD L7, IE LR EBLOAFICLDa—FT 4 7T ETFT—2 L LT %
TV, HEETMIBNWT, EOREa—T 4 IRELL PRITE 0%, g - MREET
5.

FT, T F ORI L LT, XOBRERE~DLHEIZ MeCab # HWTH o7z, F
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7=, BEE DORWELEE lunknown| CEX#Z7-. ANFICXDa—T 4071k -oT—%
LTz, BT 8,015 OREDH L, 90% ZilfiT—4%, 10% 27 A hF—H L L.

NR—=ATA L DOFEE LTE, T4 —7 A X, #JF SVM, RBF 71— 3 /L% 7= SVM
WA L. 72, TROOFERIERTIHEEE LT 2=/ 7 20MB0OER, B
FORS 7T AOHBAELZ{0,1} TE L, 27 MLV ERAWE. 72, SIMIZBIT5
FERBEZ O D012, 287 bLE, RN 112785 K5I ER{ELz0b, Eidsy
BRI AT LT,

AWM CERE L= — TRy NOWIEEZRDDHTZDDRT A=, ROLHITE
ST TRTOETFIVICTHONT, HEEXT MLORITTEE 200, EOEEAEOH 1~
ML DT E 200 & L7z, CNN [ZESWZEF MIZBNTIE, BRALRED /Sy FH
A R4, F v 7% 256 & L. LSTM B LT Seq2Seq z AV 7ZEF/LZE N T,
2TOH LSTM OH 7 hvDk ez 800 & L7-.

ETFNOEEL, HRNARKETIE SDG)DO—ETH S Adam MW=, £72, T
DHEIZBWT, &FEREICENT, Rey 7o bzl L. BiEa%E I T 5720,
CNN (ZESW=E T /LR TIE 30 #1%, LSTM B LY Seq2Seq ZHW=ET /LICE
WTIE 10 AT, FEEAK TS, TR NF =TT AEMER F L, DL
ICEBT B0, FORBITLED, BHEO 5 HRICks=2—F Ry FOTRIKREE
V) Ul 2 EBROFE R L LTV,

3.5 2 EE#ER

FKACHIE TIRELEZEDNN ®FL L, R=RA T A L ERDETNADT A M TF—H T 5
TR (EffR) 279, ERLE, EFARENOLETFRTVE, AFICEY T
HINZIERT SV ER—BTHEETHD. KAVDRTLIIZ, KL LT, DNN &
TNOFRERIIR—AT A VET VORIV BRBENRFEL 2o TND 2 N5, Al
® 350 DNNEF /LD I L, CNN ZH7=FikE LSTM & W= FEORICIE, EffR
WCIEE A EERN 2N LR DD 5(0.67-0.68). ZNHDFEE, =274 Thd
SVM(0.64-0.66)(Z Lt~ THED (2-3%FRE) 72D EfEENE L 7eo T D,

—F, ETOETNLOHFT, Seq2Seq #HWT=ET AN OIEMENEHS 2oTWND
(0.71). SVM & T 5-7%, o> DNN EF /L LR TE 3-4%m< 7o T 5.

# 4 |MEDNN ETNVBLUR—R TS VX BT A VT —ZZxbd 3 FHEEEME)

Naive Bayes SVM(Linear) SVM(RBF Kernel)
unigram | uni+bigram unigram | uni+bigram unigram | uni+bigram
0.554] 0598 0.642] 0.659 0.664] 0.659

CNN LSTM Seqg2Seq
with wikipedia | w.o. wikipedia | single-direction] bidirection bidirection | bidir. w. interm.
0.686 0677 0.676] 0.678 0.718] 0717

WIZ, TLDO—FROEEL LT REICHWOND T v - MRET RO R A2 B 54
5. F9, LSTM Z AW T Wk T D0 v 5813 0.63 720, ZOHATH, —
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L LTI toE0(Good to fair) FERAZHFTNDLEVWR D, Ll XIS, BRI
K288 a—F 1 7 OHBIFEREZERICE Y 2 TRAT 272DI21E, 7 v MR¥T 0.8
PLE (Bxcellent) 2#FE LWVE SN TED, &LV %b\*ﬁl}ﬁﬁ)if?&) bivd. —JF, Seq2Seq
ERWIZET MCRIT 20 MREIE 0.723 THY, 0.8 IZIXELRVBOD, —HKED
BLAODORTH, RELEEBINTWVDEZERDND. FEESZIEXLIXOITEZ DD T
72, SHROERZMONOIETERT 52 L OEEERDND.

BT, EDOXIRGHITANENREE D0, Ha—T 4TIV LIHT 5.
LSTM % W= & T /KT 5, 4 7~ D& FR(precision) & R (recall) LW F
Z #5127, [3(Greeting) |, [ T7&(Agreement)] 3 X O MERI(Question)| (Zk}3"
5 FEPROENI ENRDNL(ENEN 0.94,0.83,0.77). ZiLbDFRIT, HEDIE
NPOXEEZRCIEZ RS TORLSITHB CTE 575 —ANL 0w, ABOKRFEIZS —F L
TWHEWNWZD., ZTHUTK LT, 4= 22 F(Outside comments)| 23 H F E3MEW
(0.25). Ziid, BERAHTRENALIFTEBEFRORY, TR L2 B L8 E 0%
T DN, %ﬂ’%*”%ﬁﬁ‘é?‘:&)ﬁdij{ﬁ%@<Tﬁié%\gﬂ&)é?‘:&)&73>/1/75>Z_%ﬁ”b6. *
7=, NEZReply)] TH F IV (0.53). Seq2Seq ZHW=ET/MIZBWTYH, NERE
(Reply)] T FEIIE TFHETDI2HLOD, KARE LTRWZ ER¥Dhr->TE Y, RIFEFTHI(X
5) # R CH, [NFAE(Agreement)] X° 2% (Proposal)], [#H75(Report)] 72 & ~Fa/0HH X
NTWDZenbnd. D& E VEM ICHET26D0THL I ENFLEALETHD T
&, BEO TERM) O FEIZEWI &ns, SEAWCFETIE, TV—2] & TVTF T 1]
DIERT O, Rt+oLzoTndEfEwmTE5. LV %@VQ@%Q@J\Y%?E&?
DFENESHOETIIRO LS.

F= 5 Presition and Recall for each label (result of bi-directional LSTM)

Presition Recall F1-value
Agreement 0.85 0.81 0.83
Proposal 0.73 0.74 0.73
Question 0.75 0.8 0.77
Report 0.64 0.62 0.63
Greeting 0.94 0.94 0.94
Reply 0.62 0.46 0.53
Outside comments 0.17 0.47 0.25
Confirmation 0.58 0.74 0.65
Gratitude 0.67 0.67 0.67
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Agreement 3 2 L] 7 ] 1 5 o

Proposal 3 ] ] 1 1 0 2
Wwh

Question 1 o 2 3 1 1 7
Report 2 9 1 48 2 2 ] 1 0 4 ®

wreng] 1 [ o 0 [ 1 0 1 Il
é 7

3

& Reply} 10 & T ] a B B ] L] 3

Hae
e s a 2 3 1 1 B o o 1

contimaton ] 0 z 2 0 ] 0 ] b ] 1
L

Cratituds 2 o o o 1 o o o 6 Q
4

ormers| 7 a 5 5 1 3 B 4 ] 1

5 ¢
A A S 5
@“ﬂ o & i\gﬁ & @
S o
&
&
Preaiced taed

Lt

4 Confusion matrix for the Seq2S2q model.

3.6 FEFEDAMEDRIE
3.3 B34 THR L7 Seq2Seq ([IKHL L 7= FiEE W T, EBEOF v~ b T —F % H
Ba—7 7S, EOXI RGN AREICRDDNEBERZT D,

3.6. 1 Fyyb7—4

Table 4 [ICARGECHE 2 —7 4 V7 ORRERD T v v b7 —F OFEMET~T, #BRD
RHGREIL N — T AL CIRIHT 2HETH Y, HLVWEET LEEMHE2RET L) t»
DD, TH A by TEEBEE) g ) [FEENE] TTREASRM 282l
o TWb,

Flo, F7NV—TOREWITHEIZ I TERME) TR NEdi) ©% 3 B (B,
WiE, ) ICEHE SN, T2 D RG] FHMIAMIT b Tnd, BEREE i, #
BARDPOLFEHNEPIENEEZ > THEBTEZ D0 E 2D, LRIFFESCa 7 MM
BYRH 2038 9 Dy, BEIMEITFENE & FMENRE L OBEA N & ORRE & 2 0% 7l
L7z, &HmA2>0 Hivie 7 v— 7% % Table 5 (T~
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®6 FyrvbT—4

i 201TAETH1TH B L U24 A
i BAT 4T i
RN HEMONZE
FHE IR EarAsic]
FA 138 A
T V—T7 NE 3A
T N—T 467 N—7
XL 2743% S

®7 BE@MADFLNESTIL—TH

R W i B

wa 7 20 19
BARME 10 18 18
TR 13 19 14
T ) 12 25 9

3.6.2 HEO—T UIKER
K522 RExBEIa—T 4 V7 LTEERROEK X 708G T, FETHALE
FGAOLDEG L HARD L, FEEERN M2 -2 nNbnsd, $77, #%, FEEH- T

W5,
3.3
5% (o] ]
7%

(=3

8% R
29%

]y
B

10%
1% B
12%

M5 BEHa—T+1IHRDAE

3. 6.3 RHEMFHELEEANR

FSIFKHEA DML & 12, MEENTETVVOEHEEZ R, £-£91CkE, Bk
PE, TR, WUIEOKRHMEZ BUV=3, Ei@=2, =1 & LT, &% 7ORSK L OMBE%R
BAaERT, KFOHEB NG 0.2 L EOFHWHBEOSH 5HE Th D5, ZOMENL, &
Pl E b EBOLZ LD b TG OB LIEOFHEANH D, MENZWIE LR
BWZ ERbND, 2, TROFMICE L TIE, 2EMICESNEZVIE I DRV &
e DEMR DD, TRICEHLTL, ZA—THTENTE TS K52 LR EETHD
EEZHND,
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=8 IRHEEHME & FHREH (SAILFD

(a) &
R REORE R BRE WS % Gk zof| §
By |20.1 8.7 6.7 6.4 8.0 4.6 3.0 5.4 62.6
i) 16.9 10.2 7.2 6.4 5.8 5.3 2.9 5.2 59.8
M [ 165.8 11.5 6.6 6.0 4.7 4.5 3.3 6.4 58.4

(b) HIEME
AfA | FE R OEM B WS B iR o | &
R |19.6 9.9 7.5 57 7.8 56 26 56 [64.0
Yk [ 16.6 10.2 6.7 6.8 54 4.6 3.2 51 |585
B 16.8 1.2 6.7 5.9 4.7 4.7 3.2 6.4 [58.3

(c) TR
R | MEORE R BRE WS A sk zof| §

By 18.8 9.4 7.7 6.8 7.2 5.4 3.1 6.0 64.1
3@ | 17.2 12.3 6.8 6.3 5.6 5.5 2.8 6.2 62.5
| 149 9.1 6.1 5.6 4.4 3.4 3.4 4.9 51.6

(d) b
afA | FE R OEM S WS B iR o] G
Ruv|17.8 10.6 6.3 5.9 7.8 4.8 2.9 4.9 |60.8
Wik [ 16.9 10.2 7.0 6.6 4.8 4.9 3.2 58 |58.2
B 18.7 11,4 7.2 5.6 5.2 49 3.0 6.7 [62.1

FO IRHWETE & XERE DEBRE

[7i R o] B s [ZE i RS

EXUN 0.17  -0.16  0.04 0.09 0.37 0.05  -0.09 0.07
RN 0.16  -0.08  0.08 0.00 0.37 0.10  -0.12 0.09
TR 0.18 0.02 0.18 0.20 0.38 0.26 -0.08 0.24
i )4t -0.02 -0.04 —-0.09 0.03 0.82 -0.01 -0.02 —0.01

—J7, TN—TNTOHE X N—DFRERDOEP RN OISR T 208 9 Dok

THEDIZ, TIV—THNDEA L N—=DX T T L DORSEOEIRE A RD T, BEfRE
MEWEZDZTOREN—ANETRELEFT L TNDLRE T IL—TNTOERFEHD 72N
RENWZEERLTWD, &¥ 7 OEEMRE L SHE OFHE (BV\=3, Hi@=2, &\ =] &
LCHE) L OMBREE R LI ONRE 10 TH D, KTOHEH MAHHEMREKOHMEHMEDS 0.2
U EDGGNHEBE O H 5 E Th 5, MBEREOEWHBIZT X TADHERETHY, 71—
THNTOEFERDENRENE, FHIAES 2D 2R LTS, ZZ2TH [#HE ©
REBORY LFHIIITMENH Y, THE] OREENMFED EFHEAELS 2 58M 13 H 5
ZEERLTCNWD, Fio, EEIME] IR TEIE TE) oFV IZEMEETHY, [H
Bl OHRZE] RO H D IR ELS AN HH 2 LN D, TRE] 1220 T,
FEARME] IZH TR H Y, A ASA—MTRY 72< TFHE)] OXRST 5 ENRRVGE
Nz 72 DA D Z L D30 D,

UbDZ &ing, T & TRE] ORSECHESEORY 25, FHE OFAHICBELE L
TVWHEVNZE, ZNHDOa— RPN EINTEREDRERICEDOLIICHEL VDI NE
BETD,

FIIZHRE LRIED T NP5 ENTZEZREOR S 28T 5, WE OB S ITHREON
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HEETIERL, (EEOEDHFOEITIROBE 0 L, #ad a2 —7 4 13— 3 VO
WZHGLTWD, DFV, REDOKS DL 3L, #ITRWZFHA ISR L7222 & 2 i
HOTEY, FEHHTEIODERENENPADOFATICOHREF LT LEI REDA
Ra=—valrAREREENTWAZEERLTWNDEWVWR DAY, £, WED
HEEOMY 1L, FEORMEOREETE 1 ABRH-oTWnDHEEX LN, HEDIZEA
EEZDIAMMTIREIN—TL LTCOMENMENZ ERTFRISND,
FREIIMMOREE LT B LoD, HETLEFEZH-TWVD, M), BESCEM O
DRI @B 2 2 S AGE L TV, EBRICIE 7 V— 7 N TORIE O Y (23 LA
B RV, ZAUIFRERLTRESCEM & Ol > T D03 L, &% - EiflidsT
LHZENICHTDIRENH D EIFRLANned EELZ LD, DFE 0, SEENKNLL T
LEEICTREL Lo 2RI EENTEHIIEN, ENRRLI LW Z &iFT7—7
WNTT, 1 FHNRRFEICR>TWDH EEX BND,

v

*& 10 RHMETHE REHDRY & DEERYK

FE O ORE O OHEM BRE WmE EE sk ARS

N -0.14  0.02 -0.06 -0.09 =-0.26 0.12 -0.12  -0.03
Aotk -0.22 -0.03 0.07 0.08 =0.27 0.14 -0.11  -0.07
Tk -0.11  -0.05 -0.14 -0.20 =0.24 -0.08 -0.17  -0.07
i G -0.29 -0.35 0.14 =0.22 0.0l -0.07 -0.09  -0.11

X1 HEECREOAR

asom T L2

WEOF2 VA EETNTRNT,

WEOHIZ ENRASED TR

FEOHL TS

FEOH?2 L3SZ5TThR, BoEInATHnE BnEd
FIEOF3  KILREEBNET |

3.6.4 #£%,

B FIEIC LT, FHOKRBET v v b7 —ZIZxf L TCh A# 2 —F ¢ 7 A[RE L
HZENHBMNE IRl F, FEEOREFEITAT T, 1. U TE A LRGN
EHBINAR 2. FEFMOBE L ORI SN L B2 BN,

I ICOWTIL, #EmME L CWA 7 L—7%, Z—FOHTINL L TS A LS
—ZRAL, EEHRADDPOIIEEZIT) ZENAEEE 2D LB D, FlxlL, ARFRFET
RN TE) ol a—TFT 43— a URRTGRIV—FIZH LT, VA
T AP DAEESHOEEOBRBE AR TR 2 G L, HEAE(EEL BT 22 E0 T
INns,

BEIZOWTIE, INA—TFEETRIC, K7 NV—7 DOm0 7 vt 2 &5 L7z
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D, ZNV—TRNTOTULDRY 5, — ADBERDOHRTHY SL>TWND T IL—T ik
WIEBML TV WERAZEA LT 52 LR TE 5, L& 2L, ARGEICBWT, 2
VR DOREHNET, FEOFMA TRV Thole /N —TI12BWT, 77Ul
DHEERDE, 1 DA N [HiE] PR TWDL T N—TBFELTZ, £ 10 025
[ D> TVND EW D Z EFRHMEMERWEB N B D Ebnnd, Zofse, Jr—7
WICHIEZ R CTW D AR @V E R D, vy MR ZRKET H L&, #EEE L
TWE A AN—PNEZ D, B HIZTEAEZDOYABER LTV, 2D X DI,
RSO EE L E0 D TIEOLN LR VKR ED 7 0 & AFHMAY, i S 12 Ik T
XL AREMES R SN L bl s,

3.7 HLLVva—F4oFR¥F— L4
AT E TOMETHNTWIEAE—F 7 7 MUKHL L - S5 FHRBICOARER LA
F— LA TlE, Z—T DK ANDFEMRIC EORERS L TWD00, ED LI RGES
RefEE BT ONTZ DM, ED X I REMRDOREAN D > T Dy, AU AN—[TEDL S 72
FRABRPERDOT OV EDENRDL S T=ONE Vo=l 7 ot ZOREICE» 5 RIEICE
252 LS TREETH D 2 L AHFFEOIRBRTH S S 2» 72,
ZIZTOHCICHBIa—T ¢ U REEDOE b5 & CSCL HTic A7 fiiz /e = —
REEZRL., TOMNEHEEZZDHa—T 4 VT AXF—L L LTREEIT) Z &I LT,
ET D2 — KL, Weinberger HAVR L7 Z RO a— REHWS 7 L—LA T —7 %
BEIZL, AVATAGEESE-bO0ThoNhE, £ 12 1RTEIIE, Ha—T 47
T4 5DRITNHRY, F¥ v NTORSHMTa— FRffE5EShD, £/2. 4 >DRILD
a— R, TNENEHO T b 1 SBRBIRENASE S5, BLF, FRITIZONT
AR RS,

R 1R2#HA—TFT1UTR¥F—LA

® KT o NE
‘ ‘ AR AR~ 0D B4R 72
® Epistemic
»YJ
e #micBIsEEDOHY
® Argumentation 5

® Coordination o MFDRELOEDLY I
FinrHIBIZED 720
DI D5

® Social
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3. 7. 1 Epistemic Xt
BHREN, Z A7 ThHOHREOMPIZESELBEBR L TV D 0ER L, BENFIZL V& 13
DEHITHHEND, ZORITLDOT— RETRXTORSIfFEEND,

#& 13 Epistemic RtDa— K

) FH4(F X
E—f\%(7’\ o ik
JL)
® On Task o LHHI|CEBEEIRD
HHRE
® Off Task ® FHEHIZEARD 2
BE
® No Sense & NEMNEMAHD
HE

Z 2T, On Task] 1%, #RENZAREOIRICEZEBERODH 2R ETH Y, TREIIRT
NAEDH 1L TOff Task) &725,
o WHOEWSRUWED T ZM ) RE
o AU EEHIVIRDHFE
o VAT AIIXTHHES
Epistemic Xt D 22— NTHEOIRIICEEE D)o > TWAHNE 9 hERTT2D, Ei7z
SN Db AN — RE72 D, FlziE TOntask] O =— RRD7R0GE BE~DE
DHAITIZE A ERIN TN, RN TWe & UL THMREITH T 5 EA R i
ITRbh TN EEZ bND,
723, Argumentation K7t L O Social kIt 22— KX Epistemic Xt/ [On Task]
DL & DHfFE &, Coordination Ykt ® = — RiE Epistemic kot [Off Task] D& &
DT EISND,

3. 7. 2 Coordination Xt

Coordination ¥kJt® =— K. Epistemic ® =— K725 [Off Task] D& X IZDIAfFE X
AUy PRE ORI EEIIE D S0, MENICED 2R EOSREM5IND, £ 14 1T
Coordination Xt 22— RO—EZ /723, [0fftask] OFEERTICa— RBfF5Eh5
DTIEFRL, THa—RIZYTETEL L ZITDOR 1 O35 DH, £72, Coordination
WD 3 — R EESNTZHFITHT 252 1%, A U Coordination IRt D =1 — R 5 &
N5,
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& 14 Coordination ZTHa1— K

o mHEs(T~|
e I
L)
® Task
& X 2J Doy
Division
® Time U
M o [FFfHfEST. H#ITE
anagemen B
8 BORER
t
® Technical ® AT LDHEWI
Coordination =
Proceedings | ® iEFELT

Coordination KL 22— RiL, EOMERZ A L—KIATH T2 DR F I LT 5 &
NHD, EOLIRZAI VT THEESNTWDINE0ITT 522 8I2k-> T, #imDiE
ITEAERTRITCESEEZND, £7-. Coordination KILD 21— RV NGEX, 7 b
—7NTOMBLRAMBEROBENTE TV RN ELTHTE S,

—F., ThbDa—RKREZ DT N—TTEEM G INTHE, RENESCY AT L%
WA B DAREERH D EHERITE 5,

3. 7. 3 Argumentation &t

Argumentation Xt 22— NiX, Epistemic ® =2— K23 [On Task] O & DR EET
MBS, ERSICHEEEOBARHHMNE I, T L TEOERITRIN S 50370 L
DEMEZTRT, ZOWTLOa— RNE 1 DOEENEDOHL LR E L, hORE CTRILE
RIEME I INITBRE L0,

Argumentation IRt 2 — F—E %2 £ 152~ 7, 22T, RWOFMEL, BEROTE R
HBWPRINTWNDNE I MNTHY | R SN OEHEMEIZM DRV, 2, RE
FFEEE BRSNIZERAP S A7 E L TR TRTOREBICHTEELEERELTND
D ETNES—EIZORHTUTEDLEFRL TN DL2ONERT, HI2IT [~DHEIT)
RN~ERT) REOXLHPEENTWVDOIHAN Y TIiEE S, Non-Argumentative
moves| 13, ERZGERVWES THY, HMAREMOBEL 07 VI EEND,
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% 15 Argumentation RxMD 21— K

® THEA(TL) ® ik
o RO NWHE D E
® Simple Claim
5
o ) e AL/, PRESRM
® Qualified Claim "
DHHER
® Grounded Claim o RILE -7 E
® (Grounded and o [REfT M ORILAE
® Qualified Claim H oo B
® Non-Argumentative | ® EHOLRWHEES, (H
Moves MY &ETe)

Argumentation Rt D 32— RIIHEESNEDEE X 208 T& 5,64 21X, [Simple Claim]
00 THhITENIETRBRERTS EHERITE 5,

3. 7. 4 Social Xt

Social %It ® 22— K%, Epistemic ® =2— KA [On task] O & & 2fF5-24572%, [0On
task] OISR TTIL72 <, Epistemic Da— RIZ—H L7z L ZDHAFHEEND, ZDKRT
FEBERENTN—THOMA L R—DRFITEDLIITEHD>TWLNERT, LoT 1
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® Conflict-oriented PORVA ==
® consensus building I=812D7
e MDOREFEEL
® Summary R
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EDRHERICTE B, 1 z21E TQuick consensus building] 2N % Wil 1E & A RV E
N5 e HENTEERZZDEEMY ANDZITORRL2->TNDL I ENTHIS
N5,

8.7.5 HI—TA4V U REBOEFREI—F D5
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5, F7=. Epistemic] ® 22— KOFEFIZ L - T, [Argumentation | Social | [ Coordination |
DEDWILD 23— REfTHET L0 RE D,

TOEY, a—X— I SHNEPL XLV [Participation] KIILD 23— NZ5H L.

[Epistemic] ®2— K&t 53 2%, D%, Epistemic] @ =2— K72 [Ontask] DA,

[Argumentation| X O [Social] Wit =2 — R&fH54 5, 7= [Social] RiLd a—
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Social dim.

Epistemic -~ | * Externalization
dim. Elicitation Augumentation dim.
* Quick consensus
* On task * Integration consensus * Simple claim
.- . * Conflict consensus * Qualified claim
< [ Summary * Grounded claim
' Coordination dim. * Grounded and Qualified
o - * Task division * Non-argumentative
‘| * Off task -
N N Time management
* Technical coordination
N * Proceedings
*._| * Others (Greeting etc.)
* No sense N

6 BIA—T1 T REMEDERM%E

3. 8 RERLIER

FATHIJEL LT 33 HICTIRATZFIED S b, R BIEE DN -T2 Seq2Seq N—ADT —
X727 F v HOT, FILWRIEOFE EITo72, KR &I, x o7 —2 2 HEL,
BEFT 4 BPSE L2 BB 2170, 4 0DRx OFEEHET N AR LTz, T—FDRE
XL LTE, N, Epistemic Itk LT 8,460 fE. Augmentation KITIZx L T
7,795 . Coordination KJtiZ%kI LT 3,510 f#l. Social KITIZK LT 2,619 DRSS
N, BETFNLOFEEOOOT—42 L LTHWSLNT,

3.8. 1 ERTDAFIZEDI—T1UTH#ER
F9. AR O LS IC, WEFEEHWTEESE 720, ERSICHLTAFICLY =
—T A T EIToT, LFICAREERRITLOETSXNVDOEEEZRT, 2T0UVHDT T 71,
BREBOBENSRL L, EF—ZICLdE 7N DEEERLTWAEELD,
Epistemic % 7c(X 328\ Tik, [On Task] & [Off Task] OEAITFIFHHLTH
D, —RIICWV o T, AEGFEO MBI 7 2 A7 TH Y | BEREE 2 DR T L
RTNEEZ LD,
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Argumentation Xt CTiE, LD EEREFETN TV DLIRESUNSD H O
Non-Argumentative] & [Simple Claim| H»&EFT 95% LA EZ HEHTWD Z &b
15 4), LieRoT, BEEoBLND, — RIS - T, J:?EZ’) ZOWTIE, ke
I LT VWEE X HNDH0, 750 O Claim (ZOW T, 7 — X HOMEEN S, 147
CHEETERNWEEZDLND,

2.9%

mmm  Non-Argumentative
s Simple Claim

mm Grounded Claim
mmm Qualified Claim
G and Q. Claim

63.1%

8 Argumentation RItDE T NILDEIE

Coordination RKICIZOWTHIZITREED = L8R Tx A(X 5), HFimDa—F 1 F—
M EIXBRO NS [Other) B2EDK) 3/4 2 58 CE Y . Technical Coordination |
& [Proceedings] ZAUUTHEVTUV D,

6.5%

20.3%

== Others

== Technical Coordination
== Proceedings

71.3% mmm Time Management
mm  Quote

=== Task Division

9  Coordination RTDEI&

F7-. Social RIL(H INZHOWTIT, FER 2 >DO®IC LI L T, ROLENEGDNNT AN
BWeEsx, ERTIANIZHONTL, —HIUICE-> T, BBFEEICE Y —EDKE % Ff-
TTHT2ZENAETHDEEZDND,
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Externalization
Quick Consensus
Elicitation

Interg. Consensus
Conflict Consensus
Summary

Others

10 Social ZTTDEE

3.8. 2 BRTDEBEEICKDTREE
wIZ, FEHEEEZDNNETALZHANT, TA ST —ZICEA L, BRTDO T~V % T
K7,

# 17 Epistemic RITTOREE L BEE

® Precision | ® Recall | ® Fl-value | ® Support
® On Task ® 0.90 ® 091 ® 0.90 ® 390
® Off Task ® 0.92 ® 091 ® 091 ® 456
® Average(Micro)
® 091 ® 091 ® 091 ® 846
/ Total

7 11 |2, Epistemic KICIZHT 2 FERFERZRT, FHliHH25 L 912, On Task &
Off Task O HIZENT, FHICHOKELZGED Z LN TE TN D, FE & FIHRNET
W% Z R TND, —hT, Eff7—42 L0, 24D ANHa—F—MoO—ER2iH Lz
ZA.91% THol=, LA - T, Seq2seq ET /M LD HENa—F ¢ 7%, AMIZPEHL
TOREEZRDLENTETNDEEZD,
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% 18 Argumentation RITODFEE L BIRE

o ® Precision | ® Recall | ® Fl-value | ® Support
® Non-
] ® (.87 ® 0.97 ® 0.92 ® 491
® Argumentative
® Simple Claim | ® 0.89 ® (.72 ® (.80 ® 264
® Grounded
] ® (.58 ® 0.52 ® 0.55 ® 21
claim
® (Qualified
] ® (.00 ® (.00 ® 0.00 o 1
Claim
® Average(Micro)
® (.87 ® (.87 ® (.87 ® 777
/ Total

# 121289 X 912, Argumentation KITIZE L CTH mWKEENE L7, f1 fED micro
) (micro-f1) I 87% TH V. #7lZ Non-Argumentative] @ f1 A=7 (91%) (X557
role, BEL T, ZOWTITH LTHIREBLIEDNN EF L EZ ML EIELS T2 &
MNTEDHESEZ2D, LoL, ISimple Claim| O/ ILEN89%) AN, HIHHE (72%)
DIEFTITE Y, DHEEROFEMEZFT 5 L, [Simple Claim] ¥ — % ® 1/4

Non-Argumentative] ([ZERFH STV, ZHUE, NESWERZELT —# L ERZR
LT —ZDORFINRE LN =D TH D,

£ 19 Coordination XITTDIEE L BIFR

o Precision | ® Recall | ® Fl-value | ® Support
® Others ® 091 ® 091 ® 091 ® 242
® Technical
o ® (.81 ® (.80 ® (.81 ® 32
® Coordination
® Proceedings ® (.58 ® (.70 ® 0.64 ® 20
® Time
® 0.33 ® 0.25 ® 0.29 ® 4
® Management
® Quote ® 0.00 ® 0.00 ® 0.00 e 1
® Task Division | ® 0.00 ® 0.00 ® 0.00 e 2
® Average(Micro)
® (.85 ® (.86 ® 0.85 ® 351
/ Total
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PR FIEIT X - T Coordination RITH VG E & FER L=, %7 ~LDTF — X EITHR
D7, BT NVOSEREIL, BRERE L Lo E)E(micro ) TR 9~ 5 220
»5,F 131777 L 51T, micro-fl 1% 85% Td -7z, [Others| & [Technical Coordination |
DOFEE LD 7278, [Time Management] & [Proceedings] OFEENIEF K, Zh
X7 =N nicd, EMICTFET L 2 ENEFICHETH D, A/ —R2 T LT3
FEZEBOREDO—> L LTRRT 2 LERD D,

& 20 Social RITDIFE & BIRE

o ® Precision | ® Recall | ® Fl-value | ® Support
® Externalization | ® 0.86 ® 0.61 ® 0.72 ® 127
® Quick ® 0.71 ® (.93 ® (.81 ® 88
® Elicitation ® (.56 ® (.97 ® (.71 ® 29
® Interg.

® 0.17 ® 0.14 ® (.15 e 7
® C(Consensus
® Conflict

® (.00 ® (.00 ® (.00 ® 6
® C(Consensus
® Summary ® 0.00 ® 0.00 ® (.00 ® 3
® Others ® 0.00 ® 0.00 ® 0.00 e 2
® Average(Micro)

® (.75 ® (.72 ® 0.70 ® 262

/ Total

DL & T, Social WKITDFEE N HLIHIIZAK D> 7=, Social IKILD T~V % 735E
THEE, DFEOYWREREVERETEFET OLEND LT, LT —2TEETLHZ
ERWEEEZ 2 HiLD, [Externalization] DXV (86%)723, FELER (61%) MIEF K
W BELWSET — X2 L D & i TExternalization] 7 — # % [Elicitation] & [Quick ]
IR EIN T LE T, %R ZEETL20IC, ZORRKZIERT DIHEND D,
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4.4.3 OLEF L FRIRO FRi X - EHECTEK Lz, 2d, 74 AR &R T 24015
e L7,

P, MRS ELICBE L CTH D, X 4.5 DX 5 72 AmX 257, Blh & ftdho 7 <
JTLBERED & & LEERCH D, MHBREITR 0.4 L7220 LB EZ T2 b DD, S
ZRDMRY AHENEZ D,
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FEBICE T D74 AMBEO R

X4 3E% (B#) oBdAhX

W, FHA E2 2B LT ThH L, RAHFEREZ S LIT4 3780 S5 &0k - Bl
MELIZEZA, 45D X1,
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®5 BT (BRE) OFREE

A B C /NEE
BRE - - 75.6 75.6
) 136.2 315.6 139 590.8
=il 24.8 127.8 18 170.6
e 151 250.4 45 446.4
W 56.4 289 119.2 | 464.6
/NEE 368.4 982.8 | 396.8 1748

BHE DOFRTNT 0.462 (=51748,73780) L 720 . HIFHHE 0.587 % FlEl>7-, BE#E
BN Lz, BAENE»-T-Z ERn—REBEZLND, AVAT L, HEHR
WEIFICBBE O L & T—HKIC T NV—T 2k L le o TV D03, BRAEF~D T V—T
FY T2 OWEFH TIT-o TV D,

4.5 F&OH

ARETIE, KFETHBEL TV AHASRB B OEF L DY 2R & LI KB TE,
BLOEOIEEEE TH D CSCL ITHOWTim Uiz, FATRA S GO, FE L RITEME Lic
HLRNTEY, B @) ik, HERRBR (60 Alifim) ORE, AiFEED 24.1 50D
25.7 m~LHx e, £, BEHR4YEENL S [EROREICHTHEITERBKETH
STbDOO, HHITBEORVZENEH &) LW IS,

—7F., MELILETH D, YBFENTBMTGIET —~3ETH - 72720 Ak
TLHIN—T A N=TE < BOKANEEmTHHETRBA SN, ZOWETE L
THZETIOMBEIFFE SN TV o7, ERAAICBW T O AREWNZRMEIIED L 72
W, AT DA NN— LTI AT SNS 2 U THIEZRDDH LV Z LITATRET
bY | BERPEELWVEENRRE L WA D, o, BAEFE~ORIGH RERBETH D,
BENIZR S22 & TIERWA, 2T 5 (BFHE) T—EDFA I 7T, ZORHRT
DY AT LSOBINEZ T N—TIRY 4305, LovL, BAF~O BERIIGIEE 2 FLE
STV,

LSRRI R ZR BB R S 57203, SRITERFCWE 7 EOME - BRRF
FOBE TEEL TAT, ZOROERL L OITHKE N, 7o, Al ZiEH L TEoD
KNE DT —<DIE NNV AT ABREICTEX T EZE 2 TN A,
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F£5E EREEVATLEEFALEESSELYRY

5.1 [XL®HIC

Active Learning Center for English, ##: ALICE (%, F#EOHFEEFE)), a2 a=/r—
va vae), BSUEEE) Om LD OICRES N TV D, 2016 FFERETNEFF v
NRADREFE 3 BEIC D o Te, KA T 1 THEAID . D NEHIOXTER OBERFE L v A %
To T, BED 4 — 77 VAT ADA Ry MIFIRBOZAENRBIM LT, TDO—F
T, WHHF v U RATIE, WRFHEAT —IVDIXA T 4 TRERIN, T F XA KTxHE R O
WL v A BfTo TV, 2900F ¥ R ZADAER ORI L. ALICE 03EE 2 ifi
WO DIZ, BRERHEY AT LEHEAL T, NEFF ¥ o 2A0%AEELICHERS v 3
ADTUFHEALDRRGEL v A 2 SETUIEI D, EWIERFEELE, KT
F, FORIRERFEL v AV DHFELIR RO bDIE ST, £Z T, XM T 4 7 ik
fli A ERE8H, FAT 4 Tl B L RE QLD 20D 7 —T12, Wi & iElE SR
DHEEFHEL v AL ET-oTH LW, TNENORREBEL, EOEoLERLE, A
WITZDOLHE—RFTH D,

5.2 HREHME

5.2.1 BEEI7O7/4—)L

A% LTH Do 7ol W T b AME AN B 572, Fifl A ZIXRxE=F HH T
RFPEETE T, FEBIIE ZSHE S TeNG o7, RFETOEHOFEFEOREDIRE
RRERIX 72 o 72, FlAT B 134 ¥V AHE T, REIIRFECTh o2, HAROKFTEFRIZD
720 EHOTFEOREDRRERBP HH T T o, TNENRUPED T N—T %
20164 11 A5 4 KIEH & 12 A% 1 AKEH O 2 [HICE - T, 45 0B ELTHE H o7, 1
BHOE Y v a TR, NETFF v 2 S 2O KERERN O ALICE TrIE R ORERGE L v A
YE,2EEOE v Y 2 T, BEICHER S Y oS RITHEWTE BV NEFFyp 8
ZZNDFAETBHICH LT, BRESHEHORSFH L vy A2 L Thb bolz, 2HHE, il
¥ UNADERRHE Y AT AREINESEENMEDI, E=X—F K TRST <,
BEA—h— L~ A 7IZERETE 72, Ly AR E T ARkl S v,

5.2.2 ZREBEFEIOI—ILBLUVEZFRISM)L

A A DI N—T (=7 V=T A) I[TIX8LDFAEN, M BOIN—T (=7 1—7F
B) IZ1X940%4A (56 14 1EIBIZEMET, 2B BIZORBM L) MBic, i#hb
=hiix. 2l E S EEEFRROFFEAZ ANV TL Yy AL Z L TH Lo, FAELBITIE,
AU N—7TlLy A% 2 [H5ZT 52 ELSMNISMELZ NS T, FEDIGE O LN
JUSROBEEE B E . A O HAEICE SN T, 2007 N—T ORI EYET D Z L%
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o,

AT, FEAZ A VKN, KEEHORE, REEFEIIICET 27 v — M,
2\ v a Ol LB OFEIRE L TH b o, TOT—X X, LDy Ry
~OEY AT, EH L E RS EA RSSO RS OEWE BT 5 -blcflio e, #H
ALANEMDT =2 L-> T, aRHEL R L50E MR, ROFEELH < O &4
TR, FEEELZGOEBRE CH L 1PMRINT, HEFENHCEEDT —HXITLk -
T, WEENICEAT 2 BEORE, SFENHAEZDOLEL LGSR L T 20 R SN
77

B, AT V—T7 T, FERHEVHBETERVWEELLR, BLASTWETTHS
WAMNE A DFRRN & | BISUEASTE R A A NSRS FREE 21T o TV, FAEITGERT O REE
BULCHES R, IV —T T =2l L AABETE LoD 2 LR OIEE) L, Hhiry o
RPN TN — TR EE LTV, b, FERDNDETHEL TR LT
XNV o7, B ZV—7 Tl FRENIEISERFPATZ LN, BWICEGEA#HZ T<h
DAMNEAN DGR & | FEETE ATV, BBIICRSFE AT o TV ARk TFRBlE S, 7
N—T T =0T, FHRIEHIIARBELZMERT L2 EB8bH o7, BN REZES X )i
HEELlc, FAENDPLRZEIICLTND & MAIEFAEIOESEFESCHIEY, 7V v
NORBREIRESTEHE LT, BT LT,

ATN—=TD8ALDFETLD I L KH¥ED 3 4ITIEENCHEN2L (LUL0),
4 ZIFIEEINTO LEERB -T2 (L 3), FEAX A VERIL, O & D BRERTC,
ZOMIIHREITE o7, HWEIOIREA X A VT, B labEvflibd, FIcAARZAY
— ROBEGEE G Lt TIREZIT O LWV b DE o7z, FANIGELHfE CE R WEF%
LTWbdE, FUA MFR—Rice v hEEWTHAEZRALT, —AV A7) vy aTlL
v A EITV, BAGEOHERIZE > 72 o T,
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1 :7—7 ADEELLDOEFEEEL LTolfl

S AR fy AR Level3: T, Ai#H
& 2 H A5 s
Level 0 | M3 fiBiEa,
/-'-'-__‘-\-i
e 0
fHE,
| — Level2:

S
sCER L,

HATE N BHE

—Ji. B I NA—=7D 94DFAEBIT, 1 HTETNIEEENICEER RS (LL0), 4
A VTR CQLE%%%D(VNwSL3%i%% BERDH-T2 (Lrd), by
LALDFAET DI, KL bHAFEZICHEER b o7, FEHAZ A NVERIL, 543K
%ﬂ?E@%:y<\%@%iﬁﬁﬂ&%ﬁﬂﬁoko%%@%ﬁx&4wmﬁ\%ﬁﬂ
BTN EINTETY  NEEBMEA L TEREICHEY -2 2 58, Ly AV DK%
WIEFEMESTIE'BZIT O L oAb oo, BRBRAY— FOEFETHREZHL, &
TEERYA PAR—FOLIEH LT L T\, REORVIZED Y > MIliX, £DH
DOIENMTE L 72 HEEESCERUNENNTEY . T ERE vy F U 7 S HHEC, 7
HAY— RNANVESERISELMEN D o7, £, BEFR, HEMTPEZLOMAEZITE
KL, JEETHRETZITV, EEEHEE L TV,

[ 2: 72— 7 B okt oiEiEeEs L Lcolbk
Leveld: Fdo 1 #2880, 1412
&

L B WS a4 7, Fo 1§
Level 0 : .
1 %4 k Level 3: EERIZ H. h2E3EhT
NI ARG &

\.____/

4 Level 2: 1 £, {f5k%Y,

weo il E O AR E

5.3 X@EERFNEBEOEYYIV)DEEH
5.3.1 JIL—TA

1EIHDOEYy a3 TR, 7 [BEBRENDoTZOME LW L0 FE Y
T, AN EYOE 2R AL LIV, KA. BEICEEEBIIR-TE
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D, BEAERFBLFE I RPNl RPN T, KIFICHKWBEOH 5 FAT BN KITIZ
7, 2t EELIELE X, RIC, EIIE 7TV 2R [~ A TA =V —%{E5
V] EWVWH MEY I T, BRECINV—TU - I, FALDIZ, BAETTAT 4
TEHLAEW, RIZREH<FLEERE, REEPENLEZAERDBL, BETRA M=V —%
BWEL, BANX TNV —T DA RNR—=28DOT7 AT A THRTRXRTA->THETN TR R
— U —ZMGBIZEBVIAL Y ETDHLEE, BN AKRA U P E 3 ORI TLI IV HEH
ML RE TN, ZATHEMRT IR TET, ZxbhedoT, i#khin, A h—1U
—DONFIZONT, BlzE I3/ vy NMIRD7DICMELE LN, Tt RKETT
A AZHEWE L] F. BRNREMEZ T LE 2 b, EIZIE, BAEWIZE
mAEEE L, ANREELE LT,

FEEICHBE OO FELHIE, 7V —T7OREFL L THRREZT L%, Kb LEAMEEL
TR, EFBICHFEORWEAETZBIX, bolEbME FIZR-o TN, FEFITIZEA
ENERR T, #MLZDXEIRFED=—XE2RALTWTDOMN, RUA FAR— K&f
STHHLEI ET Do, LL, BEORNEN L VIERNAFICR D & Gk
MEO>TWVDEFELZFAENHAMCTCE LR, BEFEOXLVMY R ARAREIZR T2, £D
Kol FEAMITFEEAZE X CTHIOEMRE > FAE LT EZBD I,

BEE1 ALV —7OxFERL v R EH2 B A—7OxmEBL v X

5.3.2 Y)IL—7B

1EBDE Yy Ya 07—~ [RT V), EIZTY o F&BELY | FAICTEREMBEICE
D ERE, ZNV—7 T LIZBETETORMEHEHLE T\, ENLZ VLV —TORMITED
ML CIE#FEZBRL AL bOEZ 23— L L) ET2%ENVELELLERELZ L,
Bz EbEETEE FT.(ELELDRTICHEELIEZWVN] VWS ME Y 7 THEAFED
EENIEE -T2, 7V MZHDIHAD 2 ODOKRT I (OE DIIMEHEB R, b 90 &
DIXEEIZH DM RAT V) OS5 b, ELLIZEBELEZWNE, EMADEVOLED
DFAEZESE, BRILTEASE W, O5FEN, [TV BHLINHEEDRT
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VICIHE D T2 & 2D L, I T2 = A TIIKIT 20O TTR] Laxr bz
EFHEL TV, kiZ, 7V T, RGO ED SR T OKRKTIELR TV D
E) OBEERBENPL, [EORTVEERBRLIZW)] L) FE v 7 T, BRFEOIEE) %
Tolze, FALLITHEL T, BAETB LNV EZ LT, &KZIC VK TRIESL
EA D) EWIHIEEBNZIT o7, RN FADOMAERID 2136, FXTH HERERNH
FEETHHI L, FADEELZHR L T\, PALBIFFE> T oaETH, BRSEAE
mE BEE-S TWVDEELRETL 7T, FHROT U 7r—FTiE, HHFEIT TRIG. KUl
WLET) L T,

B 7 —71201%, WEEGEDICAGER SV | KITOM RO FICHFFE LML 20 & E
D%, KETFHOBELmWFEENEE - T, ?E?Xé?%/ B, KR TH P
NS, SIS, ROIICHAELELICEESE 2 SE, RKI27V v a2~ T, £
%&EE%%%@&@%%%%%@%ﬁw\W1L\%%T777F¢%%¢6ﬁékw
ININ=T A= DOBLIIEEAZAND D oTc, FAETZHIT, LEEEHARFEOBL P
D& LN, HEEHNEFE2MH > T, MBRHICEREORFEZ L TWEI &b, o
AL ANEFAETLLOREHE L L TO/RENREAEL TS LI ICEbRT,

5.4 EZRSBELYAVQEB®OEYIIY)DREHE
5.4.1 JL—TA

2EADOE Yy a TR, EMTPELZLERCZERICERELT. E=F—0mI 5l
IZNL > T e, A BIZIOTFIUTE - Tz, RIS, @RI TEWNSTHIRIT Lo
il EWoT—~vZiEnRrL, =7 Z2EL KD ?Euﬂtbto T5HE, FAEBIT—FIZ
AARGECE L Lz, FAELDITZO®RD AARGEZEE Lt 7o, 2, ERTRITLEZ
WFTE Z OB A2 EECTEM T A L, FALBIX, ‘Fukuoka. I'm from Fukuoka.’
‘Okinawa. It’s hot) @ X 512, HFETE X0, A, IROFEAEIZK LT, How about
you? L EIOMN, HEANRPSTDOT, FHEFHDOELROLNDNLT, BRoTWn, K
Bp—AgeHh, dbiEiE — R, R —@ME. L RETEANR WL, ULV OFAEN,
fEFRFETE AR N, oL BN ‘shrine’ 7FE#H X THAR— MLz, HiE—
ek, BE—RR, BR—4F2, BE—BR, LFERETRENE X T2, RIZ, BT
TERVWE, FARITAAFBTHEL TWERA, BHOFICRs THMEIND &, HEFETER
oo VT F—ET Iy REREVWHL, NIl IS ST, TTVA—T TR
BHE, 1T 72 WEIICE L CiX, ‘ITwanttogoto+ HAT. O TEZOLNDFETLBN
2N, E=A—LER, BEHOFITIEISHEI AT, BEINRGELE T EaWVnES
Y&, FAEELITHARECTHEBUIZE LA > TWo, EHIN, BAFRO T L—TMh55E
THEIICHETRL, GETORESCHEB A2 BARNICE S Ko IR Lz, REFICHBEMEEO
bHOLTFEBDRRERDEERL,

WIZ, BEIZEDPNTWEEPNE LN, X7 V-2 ol EMiTE=4—LIC
RUA RR— Raffio THREZMAMIIZA LD ETL508, AUA FAR— FBRR| %ﬂhf
BYO, FEEHEACSOVEFTEo 7, WICE, MELRENEPNTZEBA S TED

IaefioT IMEEMIRIE] LW PE v 7 TRERFZT 52 LI o7, FAEITMIC
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FPNTMEEZ T LT, AWVCHBEEZEZZ T, BEETHEELEL, —MHTOMAEG K
Dby, ENEIAFIZ, FEZLRHA LT TWolz, fEANIZ, B2 OIEELS -
THEDRWE ST o7, AT, FERSLTVWRWEAIIRET DL IIELE, O
DOFEN, BEJR T, ZTWo 2 FERTEA LT 72, EIZ, Z0kHR00 Tx7
D=0 %FT X0 RLED, ZFAEEBIEIXRT V=7 2o T,

T T, HANIFALDLOREELZSIESHFE LD, B BHFOMEEHRELL, £
IZ. ‘I broke up with my girlfriend.” 72 >72, O& W ®*4 725  ‘Don’t be so sad.”, HlD
TN ‘That’s too bad.” &Ik L7c, FEEIRBIOMN S HHETDHL I EMT &, O
EDDOFENFEZIT T, You could get a new girlfriend.” & 5 - 7=, #HIIXE->To21
LEIICKIN LTz, LAL, GREIDAXT U —27 235 X5 Ik TR LED, FAEZD
THRFETIERICNT V=7 235 L3 ol

TOHG., BANXE=F—DRZ O TREZITV., XT U= SH L5 LR-ARTDR,
VEL PN oTe, Wi, 7T ABRIKRTIT) 2Ll olc, O& D OFAD R % &7
BT 7T R DFEM D FE D RDAE & SR TRl A BT 500 T TIHEE S RV o, GAl S
Mz H A LT 5FIC72 0 ‘Tdon’t wake up easily.” & S ->7- 5.5 5 %42 “You should
set more alarm.” & & X7z, FEANIHE EMNA T, FAFRUEZZHE VKL T o7,
A3 a=F—varPRELnEEFEDboTLE -7, BIORE ‘I hate working.” (2
LT, BEOBERFENDE SMPRIEL S o7, AT b o EMRIEELES 5 L 951,
OFETLIZHIRTNEF X)o7z, i#Al2 ‘Anything is fine. Don’t worry.” & &
L AHNT LTz, ‘My friend won’t see me.” &\ 9 BIREIC T LT, fh oo A S i e 1=
ZEDTIZ, ‘T'm always late.” LD FZHHA LIFTLE -7, GHAIIEAT A FAR—
RafioTHBALED & L, FANT, TNEHORBEICK LT, ZENGHIREEZS D
Wi, w2y, 2660l LRERSFLTIIEINEFY &, BIOMEICRH LT, LoX
SOEVVDOFAN, ‘You should ask him or her why.,” & 2 7=, #& TEEHE & 72 0 {GTEH A
Wb oz,

BEI3—1: AL —7DEBEFHEM BEE3—2 AV NN—TOmlEaEM

Ly A2 (AN Uy A (GGEERRN)
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5.4.2 J)L—7B

2EHOE Yy v a Tk, 7Tt TRIR, @A FEED 7 NV—T% 3 DMk Lz, %
El-biIZaoFRINIE > TWe, BRI, OEVOFAICAMEZRE, ZOFAICHEIC
BT o NEED KO ITEAL, FELBIE, 1 BIERK, £33, 7V T, 7
—~vHEOEEO~Yy F U MEE IR AT — RV E T T, FATLBIZERNICERDY
MATW, GEMIIZE =X —DM Z I > TV, RN THED, FELD PR XK
DLEEZRDLEE LT, FELLNREZZF V., AR L, K+ 7 Vv—7D &)
Do TeDOTHEE LR, HFTHFLERENR O,

BB LI, EEIRIRELZ L, FAELZLICLTERRD L0 E ) R L, F4ET
HBIZKELRTHD LB X T, BHEICENPNZH TV > MR OGN, AT, FROME
WCBAL T, ‘active’ b D) ‘sedate’ LD, ANSEEILIICHETRELL,
FATHEARFEZENRPOHEZ BN TV, FEMIXE=2—DMI 523> T, FED
BraR T, @2, MoH LT Y v FEaE D K S IR L7z, ‘Extreme
Activity’ & WoH SHEAZE AL, ‘Extreme Sports’ (2B L TPl L 7=, skfiix, 4 %
U AT BN TV DIRHKA R AR —Y BN L,

AL, PATCHLPEHBERERICLIEWEBSIEENICOWTERZ D X OITE 5, EMIL,
AARFETIIRL, RETHT LI, ZALZDLOERER T, FELLIZ., BARFETHET
DaERH, BAWIZKETH LB S, @ik, 7V MZHSTIEH TR > TAHTZN D
DEFELTHLIWEFS oz, HBAINITE-> T, T=F—Z2BLTFEZBLEL T,
‘karacke’ L EFOFAOFIC, WHWANNKIG L TEBETEM T 2L, ZOEMMP~A 7 %
WU CTHERKRICEZ A, FAELDIX, KELE- CTHE LT 2T, FreriE#Eh e LT,
PRAZHIET D2 EIREL T, A SN TWVWDH 350  ‘Extreme Sports’ DH NSO
EOorBEY, BALHBZRELT DL 010, AN FAEICHE T LI, FEROE DT O,
FEAIICRT L CE 2T, BAXFEAEDARIZ S 72O T, Next person. L fER L7z,

KBIZ, BOObHLETY U ERELLIL, X7 T ‘Cat’ s cradle’ %1ED [HLED
Lz, E=F—LIC, #EMATECA ML —varLE) T8, 2ETHEMON
ZRFICHRVMAS O & L, BN FAEZBEZHlIEd 5 &7 Sorry, sorry.” &. & D FE
Do To, AN FL AL RERPOHHT L0, E=F—0F HICHE > THERM O %
AT LTV TYH, BTERVWEENNE, ESORAEN 253250 LREREL
BATHIL, WEWEEBROEBE T, 2ALLRF&H> TWD & WS, FE
‘Everybody, look at the camera.” &t 5> T, 7V AX U bE [HREY ] 2L THRHYE
7o FAETLDBITZENEZ R TR L7, i&EI2 ‘In Japanese you call this River?” & RHI< 23,
FAET bRl 28T, ELHEMICEAT, AARETHEL TV, Ll HM
ZEWTWT T R_R—=F T/, Very difficult.] & 250 FAENNE, & 51T,
lloRN")

Z1EA D & L7z, ‘Everybody, look at the screen?’ LN S > TCFxzE A7, L
L. aflllE, 9 FETCERVRTIICRDE, KA LT RTICIT Lo IclERLE,
AN, EEADPTCTELZIEEZMRBLTL Y AUNKT L,
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BE4—1:B I A—FDEFEEHEMN B4 — 0 B I DA B
v Ay G Lo Ry (R

55 XMEAHLIRAVEERREBELIAADZEEDORIGDLEBESTEEE
5.5.1 &S

T — FREOKRENS  FEALZ A VKRN, EENICED LT WG OFELL R,
HEAEB O HF PR EBSFAEB L) b X o2 e bhrol (F1), AZLV—TFT
X1 ADFENR, BZA—7TiE 2 AOFAER, [T LETRIET H2ONHETHiH»-o
=) & BB :%Eidu‘:bﬁ 3AEL, BEIISEROFNEZERIE L, B ZA—7
FRBENREB LT, FEAZANVERHINZ, W50 7 V—7 OEBROFE AL
ANEFDRFEELR 2R, ERSBUEHO I NEMERH L] La A MEitd L
TWie, A V=70 O 2 NiE THEFEREL»o7z) NEEBIE L >N A H
VA= TONRFWER o7 LFENWE, BZA—7DOREBER O 1 NiT Tvwob & 5K
KN ESTZOT, BREPNH -T2 tl Lz, FAZORRE R 25 A7 E2B BT

(GBAT L EHERFE XN, a3asr—rarNenRet v, #ERELERLTVDS
DRHHYRT WV T L) LEORENR LT WL, FHLEEEY STV, &
ILDE ST (F1),

BLRTEWNZ L2, HENEFERZENS o AT V—TF L | BEBNFERFZLENSE D
572 B V=T DORIEDENL, [HEIFEB~OBBA LB IChHoTz, A 7 L—

FIRERSEE L v A VICHEBRICEIR D A, B 70— Il Loy A A FERRAYIZ HR
DHATE (£2), Ly RARVOEERIZEDE, AV—T7F, BREFMNOL Y AT, £
=X =L O Z EFEE . B boMlE BARGER LS 2HEm NS o, FAERTL
THAREZZARNARSEoTRBY, XT U7 THLHEBEBEHERBI L LAho7z, UL,
Fo X = LICHMNOE VD&Y DREICERME TS L, BBRMICELZLY ELE, —
F. B =%, RERTEEO S AEBAICEY RS TR Y A ESE, B UEHRIC
WTLSNABADT, a3a=r—2alrBDARAL—XIIRD, EWHIaRXR L MR- T-, Tk
NRHEIE DD ZF, GETHNAENH LI koo b &, BKSFHLRRIELI O,
il & DEER A E T 7 v ar Bholm FRNEERD O Livzwy, 72, B 71—
TOANT., Ly AVDORBICFHEELZHEOTED VK, HLLV) 2L TWitid),

Al CRERI O T8 X 55O T8, R AL T oot EX 6N D,
73



£ 1: BREMNTEEICE S 5 47 AZNv—7 (8 N) BZLr—7F (8AN)

S . 87.5% S : 100%
EhEbntyvaryNiFE TN ERSHER 0% ERSER 0%
T ofth 2 12.5% Zoft : 0%

Flzhi3nEcEn»?

[A 7 —7])

Wi R A R

FTAELEHEIFBCELEZIDRIDGNIRT VNG,

FTAELEOEBRENTREE, aIa=7—varPeiRd v, MBELRERDLDNHD SH 0,

HORNZEER NGB RFT VLKL E LK,

B L CHRLRES, RRIME TR, 332a=r—va v BRILTH-ROT, Ebb
P& AR A E T

AP E BRI LIS &, GETRFICHICEE T & D ERICAARDZOHIZVWD L EXTHALFXS
T-hb,

HRIZEAERN TSN FRRNEL IR LOT WD,

Wz ofth

JRAY— RBFIEEIDE LoD,

[B7r—7]

W R A R

TLEBLELEALRY Sbnos/DT,

HILE > TV RLNYIRTWVND,

EHEFH LA ala=r—varZROIRT NG,

HIALRLLHERBICWELSBRAL-XZEDLENLNG, $, TVENRLOEFRR/D LIEZITHEEIY S

Binolz,
#2: WEEBICHTLIEMA~EE AZLv—7 (8 AN) BZAr—7 (8 N)
vy va s 1l H 2 =l H 11al H 2 8l H

WEEBITE Lo TT 2?2 4.00 3.60 3.20 2.80
RFENB O N ITHEREN 272 TT M2 3.55 3.75 3.20 3.10
WETE B ICRAICI Y MD E LA 2.66 3.25 3.25 2.50
ALICE S #% b MLz ERBWE Lz
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Abstract— In Computer Supported Collaborative Learning
(CSCL) research, gaining a guideline to carry out appropriate
scaffolding by analyzing mechanism of successful collaborative
interaction and extracting indicators to identify groups where
collaborative process is not going well, can be considered as the
most important preoccupation, both for research and for
educational implementation. And to study this collaborative
learning process, different approaches have been tried. In this
paper, we opt for the verbal data analysis; its advantage of this
method is that it enables quantitative processing while
maintaining qualitative perspective, with collaborative
learning data of considerable size. However, coding large scale
educational data is extremely time consuming and sometimes
goes beyond men’s capacity. So, in recent years, there have
also been attempts to automate complex coding by using
machine learning technology. In this background, with large
scale data generated in our CSCL system, we have tried to
implement automation of high precision coding utilizing deep
learning methods, which are derived from the leading edge
technology of machine learning. The results indicate that our
approach with deep learning methods is promising,
outperforming the machine learning baselines, and that the
prediction accuracy could be improved by constructing models
more sensitive to the context of conversation.

Keywords-CSCL; leaning analytics; coding scheme; deep
learning methods.

. INTRODUCTION

A. Analysis of collaborative process

One of the greatest research interests in the actual
Computer Supported Collaborative Learning (CSCL)
research is to analyze its social process from a social
constructionist viewpoint, and key research questions are as
follows: how knowledge and meanings are shared within a
group, what types of conflict, synchronization and
adjustment of opinions occur, and how knowledge is
constructed from discussions. And answering to these
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questions enables to develop more effective scaffolding
methods and CSCL system and tools.

In earlier researches at initial stage of CSCL, the focus
was on each individual within a collaborating group, and the
main point of interest had been how significantly a personal
learning outcome was affected by characteristic types of a
group (such as group size, group composition, learning tasks,
and communication media) [1]. However, it gradually
became clear that those characteristics are complexly
connected and intertwined with each other, and showing
causal relation to a specific result was extremely difficult.
From the 1990s, the interest in CSCL research had moved
away from awareness of the issue on how a personal learning
is established within a group, to attempting to explain the
process by clarifying the details of group interactions when
learning is taking place within a group [2].

However, attempting to analyze collaborative process
goes beyond merely shifting a research perspective; it also
leads to fundamental re-examination of its analytical
methodology. In other words, this involves a shift from
quantitative analysis to qualitative analysis. Naturally, there
are useful data among quantitative data saved within CSCL
system, such as the number of contributions within a group,
the number of contributions by each group member, and in
some cases contribution attributes obtained from system
interface (sentence opener), but those are very much a mere
surface data. The most important data for analysis are
contributions in chats, images/sounds within tools such as
Skype, and various outputs generated in the process of
collaborative  learning;  for  analysis of  those,
ethnomethodologies such as conversation analysis and video
analysis have been invoked [3] [4].

However, those researches by their very nature tend to be
in-depth case studies of collaborative activities with a limited
number of groups and have the disadvantage of not at all
being easy to derive a guideline that has a certain level of
universality and can be applicable in other contexts.
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Therefore, researches have been carried out using verbal data
analysis method that carry out coding from a perspective of
linguistic or collaborative learning activities on a certain
volume of language data generated in collaborative learning
and analyzing them [5][6][7]. The advantage of this method
is that it enables quantitative processing while maintaining
qualitative perspective, with collaborative learning data of
considerable size as the subject, while coding them manually
is an extremely time consuming task which goes sometimes
beyond men’s capacity. For example, Persico et al
developed a technological tool which helps the tutors to code
the contributions in chats and displays quantitative
information about the qualitative information and coding
data [8]. However, given that the coding procedure itself
remains manual in most existing studies [9][10], there is an
insurmountable limit in front of big data. Hence, we seek an
automatic coding technique for a large scale collaborative
learning data with deep learning methods.

B. Educational data and Learning Analytics

With the progress of educational cloud implementation in
educational institutions, data generated in Learning
Management System (LMS), e-learning, Social Network
Service (SNS), Massive Open Online Course (MOOC) and
others are increasing rapidly, and a new research approach
called Learning Analytics (LA) that tries to gain knowledge
that would lead to support of learning and educational
activities by analyzing those educational big data is
becoming more active [11][12]. Big educational data
obtained from CSCL system integrated in educational cloud
at a campus, such as conversation data, submitted documents
and images/sounds of learning activities, will certainly
become a subject for analysis in the near future: therefore, it
is believed that we are coming into a time when it is
necessary to seriously examine a new possibility of
collaborative learning research as LA. Due to such
background, in this research we have reconstructed CSCL
system that has been operating in a campus server for the last
five years as a module within Moodle, which is a LMS
within the campus cloud, and have already structured an
environment that can be operated within the campus and
collect/analyze collaborative learning data.

C. The goal and purpose of this study

The goal of our research is to analyze large-scale
collaborative data from LA perspective as described above
and discover the mechanism of activation and deactivation
of collaborative activity process which could not be gained
from micro level case studies up to now. Furthermore, this
research, based on its results, aims to implement supports in
authentic learning/educational contexts, such as real-time
monitoring of collaborative process and scaffolding to
groups that are not becoming activated.

In this paper, as the first step towards this goal, we
present work in progress, which attempts to develop an
automation technique for coding of chat data and verifies its
accuracy. To be more specific, a substantial volume of chat
data is coded manually, and has a part of that learnt as
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training data in deep learning methods, which are derived
from the leading edge technologies for machine learning;
afterwards, automatic coding of the raw data is carried out.
For validation of accuracy, the effectiveness of using deep
learning methods is assessed by comparing accuracy against
Naive Bayes and Support Vector Machines, which are
baselines of machine learning algorithm used in existing
studies that carried out automatic coding by machine
learning.

D. Structure of this paper

This paper is structured as follows. In Section I, we
present the related work. The Section Il describes our
datasets and coding scheme. The approach with deep
learning methods for automatic coding is discussed in
Section IV. Then, our experiment and results from our
evaluation are described in Section V. Section VI concludes
the paper.

Il.  RELATED WORK

Since deep learning can often outperform existing
machine learning methods, such as SVMs, it has been
applied in various research areas, such as image recognition
and natural language processing [13]. Text classification is
an important task in natural learning processing, for which
various deep learning methods have been exploited
extensively in recent studies. A structure called a CNN has
been applied for text classification using word- or character-
level modeling [14][15]. LSTM [16] and gated recurrent
units (GRUSs) [17] are popular structures for RNNs. Both
structures are known to outperform existing models, such as
n-grams, and are thus widely available as learning models
for sequential data like text. RNNs are also applied to text
classification in various ways [18][19]. For instance, Yang
et al. used a bidirectional GRU with attention modeling by
setting two hierarchical layers that consist of the word and
sentence encoders [18].

In the field of CSCL, some researchers have tried to
apply text classification technology to chat logs. The most
representative  studies would be Rosé and her
colleagues’works [20][21][22]. For example, they applied
text classification technology to a relatively large CSCL
corpus that had been coded by human coders using the
coding scheme with 7 dimensions, developed by Weinbeger
and Fisher [21][23]. McLaren’s Argunaut project took a
similar approach: he wused online discussions coded
manually to train machine-learning classifiers in order to
predict the appearance of these discussions characteristics in
the new e-discussion[24]. However, it should be pointed out
that all these prior studies rely on the machine learning
techniques before deep learning studies emerge.

I1l.  DATA AND CODING SCHEME

In this section, we explain how we collected our dataset
and what coding scheme we adopted to categorize the
dataset.
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A. Data Description

Our dataset obtained through chat function within the
system, comes from conversations among students while
carrying out online collaborative learning in university
lectures using CSCL, which had been previously developed
by the researchers of this study [25].

This CSCL is used without face to face contact; therefore,
these data are all from occasions when unacquainted and
separated students formed groups within lecture halls at the
campus. And within the system all names of students are
shown in nicknames, so that even if students knew each
other they would not recognize each other.

The overview of CSCL contributions data used in this
research is shown in Table 1. The number of lectures is
seven and all classes of these lectures form groups of three to
four; in fact, there are a lot of data that we could not process
by coding them in this research. Learning times vary
depending on the class, from 45 to 90 minutes. In total, the
dataset contains 11504 contributions; there are 202 groups
from all the classes, with 426 participating students; since
students attend multiple classes, the number of participating
students are smaller than the product of number of groups
and number of students in a group.

Table 2 shows a conversation example of chat. This is a
conversation example of three students.

TABLE I. CONTRIBUTIONS DATA USED IN THIS STUDY

Number of Lectures| 7 Lectures

Member of Groups [3-4 people

Learning Time 45-90 mintutes

Number of Groups 202 groups

426 students

Number of Students

TABLE II. CONVERSATION EXAMPLE (TRANLATION FROM JAPANESE)

Talker Contents

Where do you want to change?

That's right --- I guess, first of all, we definitely need to change the
question, and then, what about the well-formed formula?
How is it that changes only the third line of the question?

Regarding the well-formed formula, it's the final part after D.
That's good idea.

I agree. How do we want to change that?

mm(o|o| m |O

B. Coding scheme

In accordance with our manual for code assignment, one
code label is assigned to one contribution in a chat. There are
16 types of code labels as shown in Table 3, and one of those
labels is assigned for all cases.

All labels in our dataset are coded by two people; the
coincidence rate between the labels assigned was 67%.
However, when we reviewed the resultant coding data, it was
discovered that there were duplicated labels for some
contributions, and some labels had variances depending on
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the coder; therefore, after conferring among us, we unified
labels and re-coded the contributions. The resultant number
of labels assigned is shown in Table 3. Concordance rate is
82.3% and this is a high concordance rate with 0.800 Kappa
coefficient, and we consider this to be sufficiently practical
for use as an educational dataset in deep learning methods.
Fig. 1 shows the frequencies of the labels in the dataset. Nine
labels describe more than 90% of occurrences; label
occurrences appear to have a long-tail distribution. The main
purpose of this study is to learn and infer these labels from
posted contributions.

Others
9%

Agreement
22%

Gratitude...

Confirmation
4%

Outside
comments
5%
Reply
10%
Proposal
16%
Greeting
10%
Figure 1. Ratio of each conversational coding labels

IV. APPROACH -- DEEP LEARNING

In recent years, deep learning technology has led to
dramatic developments in the field of artificial intelligence.
Deep learning is a general framework of learning methods
that use neural networks with millions of weight parameters.
The weights in neural networks are optimized so that their
output coincides with labels in the given data. With the
recent development of parallel computing using Graphics
Processing Units (GPUs) and optimization algorithms,
machines are able to learn large numbers of parameters from
large datasets at realistic costs.

To try automatic coding, we adapt three types of deep
neural network (DNN) structures: a convolutional neural
network (CNN) -based model and two bidirectional Long
short-term memory (LSTM) -based models, LSTM and
Sequence-to-Sequence (Seq2Seq). The first and second
models take only a single contribution as input and cannot
refer to context information in the conversation. Conversely,
the Seq2Seq model can capture context information by using
a pair of sentences as its input, which represent source and
replay contributions.

A. CNN-based model

The CNN-based model uses the network architecture
proposed by Kim et al. (Fig. 2). Before training, all words in
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TABLE I11. List of labels
. T Number of
Tag Meaning of tag Contribution example times used
Agreement Affirmative reply I think that’s good 5033
Proposal Conveying opinion, or yes/no question How about five o_f us here make the 3762
' submission?
Question Other than yes/no question What shall we do with the title? 2399
Report Reporting own status | corrected the complicated one 2394
Greeting Greeting to other members I’m looking forward to working with you 2342
Reply Other replies It looks that way! 2324
Outsi Contribution on matters other than assignment My contribution is disappearing already; so
utside
comments o contents fast! 1049
Opinions on systems and such A bug
Confirmation Confirm the assignment and how to proceed Would you like to submit it now? 949
Gratitude Gratitude to other members Thanks! 671
Switchover A contribution_to change event being handled, Shall we give it atry? 625
such as moving on to the next assignment

Joke Joke to other members You should, like, learn it physically? :) 433
Request Requesting somebody to do some task Can either of you reply? 354
Correction Correcting past contribution Sorry, | meant children 204
Disagreement Negative reply I think 30 minute is too long 160
Complaint Dissatisfactions towards assignments or systems I must say the theme isn’t great 155
Noise Contribution that does not make sense ?meet? day??? 143

the data are converted to word vectors. Word vectors are
often obtained by pre-training using another external dataset.
In this study, we implemented two types of word vectors: 1)
vectors obtained by applying word2vec (the skipped gram
model with negative sampling) to all Japanese text in
Wikipedia, and 2) randomly initialized vectors that are tuned
simultaneously with the CNN.

num. of
channels

vector length of

predicted labels
embedding

w1 ]
Wa convolution

I
wr

Figure 2. CNN-based model

B. Bidirectional LSTM-based model

An LSTM is a recurrent neural networks (RNNs) that is
carefully constructed so that it can capture long-distance
dependencies in sequential data. Generally speaking, an
RNN consists of input vector x; and output vector y; for each
time t. To obtain the output yg, the previous output vector
Y13 1S fed to the neural network along with the current input
vector X.. The LSTM has another hidden vector, ¢, called the
state vector in addition to the input and output vectors. While
the state vector is also output from the neural network, it is
computed to track long-distance relations through a function
called a forget gate, which is designed to decide whether the
state vector should be changed. We feed word vectors into
the two-layer LSTM network sequentially in both the
forward and reverse directions. After all words in a

Copyright (c) IARIA, 2017. ISBN: 978-1-61208-541-8

contribution are input, both output vectors are concatenated
and fed into the two-layer fully-connected network and the
softmax layer to obtain classification results. Fig. 3 illustrates
this architecture.

predicted labels

Full connection

I

A
[smiz]> [ smiz]| [ismee|< - <] isTM22 |

) A
| LSTM2-1 I% él LSTM2-1 |
[} A

| embed?2 |

[Lsmia > { LsTmi1 |

| embed1 | | embed1 |

f

w1y ce wr wy

| embed2 |

wr

Figure 3. Bidirectional LSTM-based

C. Bidirectional Seq2Seg-based model

Each contribution is a part of a conversation; therefore, to
classify labels more accurately, we must account for
conversational contexts. To do this, we convert all
contributions in conversations into pairs of source and reply
contributions. Even if a user posts a contribution that does
not explicitly cite another, we assume that it cites a previous
contribution. We also suppose that the first contribution of
each conversation cites the empty string. To construct a
model that regards the source contribution as a
conversational context and the reply as a representation of
the user's intention, we use the Seq2seq framework. Seq2seq
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[26] was originally proposed as a neural model using RNNs
for machine translation, and later applied to other tasks, such
as conversational generation [27]. It consists of two separate
LSTM networks, called the encoder and decoder. We use
two-layer LSTM networks for both the encoder and decoder.
Words are sequentially fed in both the forward and reverse
directions. Output vectors from decoders are concatenated
and fed into the two-layer fully-connected network and the
softmax layer (Fig. 4).

predicted labels

Full connection

e B Tl o] (Al <(Ee -
[Ear]
ur

[svst | > st fo[Lsmuret fo [ Lstmir | [Lstmant - <] Lstma-t Jof Lozt J<

) [) ) [} [} [} )
, wy, - wr Uy wy -

Uy S ur wpr

Figure 4. Bidirectional Seq2Seq-based model

V. EVALUATION

For each contribution, we trimmed sentences beginning
with the symbol “>,” which were automatically generated by
the system. Since all the data consist of Japanese text,
morphological analysis was needed. We split texts into
words using a tool called MeCab. Replacing low-frequency
words with “unknown,” the vocabulary size was decreased to
approximately 4,000. Each contribution was given two labels
annotated by different people; we removed contributions that
were assigned two different labels. We used 90% of the
remaining 8,015 contributions as training data and 10% as
test data. The accuracy of the learning result for each model
is measured with the test data.

A. Baseline Methods

For comparison, we used three classifiers; Naive Bayes, a
linear support vector machine (SVM), and an SVM with a
radial basis function (RBF) kernel. We also used two types
of feature sets: unigrams only and unigrams and bigrams.
For the SVM classifiers, in order to improve the
classification accuracy, input vectors were obtained by
normalizing zero-one vectors whose elements represent
occurrences of unigrams or bigrams.

B. Model Parameters and Learning

Model parameters, such as the vector sizes of layers, are
determined as follows. Both the size of word embedding and
the size of the last fully connected layer are 200 for all
models. We set the patch size of the convolutional layer in
the vertical direction to 4 and the number of channels to 256
for the CNN-based models. We set the size of both LSTM
layers to 800 for the LSTM and Seq2Seq models.

Models are learned by stochastic descent gradient (SDG)
using an optimization method called Adam. To avoid
overfitting, iteration was stopped at 10 epochs for the
LSTM-based methods and 30 epochs for the CNN-based
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methods. Due to the fluctuation in accuracy results between
epochs, we took the average of the last 5 epochs to measure
the accuracy of each model. To prevent overfitting, dropout

was applied to the last and second-last fully connected layers.

C. Experimental Results

Table 4 shows the accuracies of the three DNN models
and baseline methods. Overall, the DNN models outperform
the baselines, even as the SVMs maintain their high
performance. Among baseline methods, the SVM with the
RBF kernel achieved the highest accuracy. For the CNN-
based models, using word vectors trained using the
Wikipedia data slightly enhanced accuracy. For LSTM-based
models, bidirectional processing yielded slightly higher
accuracy than single-directional processing.

There was no significant difference in the accuracies of
the CNN model using Wikipedia and the bidirectional LSTM
model. Both of these methods outperformed the best of
SVMs by 1-2%.

Seq2Seq model outperformed other methods clearly;
the best of SVMs by 5-6% and other DNN models by 3-4%.

TABLE IV. PREDICTIVE ACCURACIES FOR BASELINES AND DEEP-

NEURAL-NETWORK MODELS

SVM(RBF Kernel)
unigram | _uni+bigram
0.664 0.659

Naive Bayes
uni+bigram
0.598

SVM(Linear)
unigram uni+bigram
0.642 0.659

unigram
0.554

CNN
with wikipedia | w.o. wikipedia
0.686| 0.677

LST™M
single-direclion]
0.676]

Seg2Seq
bidirection Ibidir. w. interm.
0.718] 0.717

bidirection
0.678

The kappa coefficient for the bidirectional LSTM model
was 0.63, which is sufficiently high. However, to
automatically comprehend and judge the activities of users
from only the labels inferred by machines, the kappa
coefficient must be improved. By using the Seq2Seq model,
which is able to capture the contextual information from the
source or the adjacent contribution, the kappa coefficient was
improved to 0.723.

Hereafter, we analyze the misclassification of each label
individually. The precision and recall for each label are
shown in Table 5. Of the ten most frequent labels, the
precision of “Greeting” predictions were highest (F1: 0.94)
and that of “Agreement” was the second highest (F1: 0.83).
“Question” was also predicted with high accuracy (F1: 0.77).
These results are consistent with our intuition, as both seem
to be easy to infer from the contributions themselves, without
knowing their context. In contrast, as Table 5 shows, the
label “Reply” was hard for our model to predict. That
performed worst with respect to the recall, tending to be
misclassified as an “Agreement”, “Proposal” or “Report,” as
shown in the confusion matrix (Fig. 5). This can be solved if
richer context in neighboring contributions is used as input to
classifiers in addition to the source contribution.

VI. CONCLUSION AND FUTURE WORK

As the first step to analyze collaborative process of big
educational data, we tried to automate time-consuming
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TABLE V. PRESITION AND RECALL FOR EACH LABEL (RESULT OF BI-
DIRECTIONAL LSTM)

Presition Recall F1-value

Agreement 0.85 0.81 0.83
Proposal 0.73 0.74 0.73
Question 0.75 0.8 0.77
Report 0.64 0.62 0.63
Greeting 0.94 0.94 0.94
Reply 0.62 0.46 0.53
Outside comments 0.17 0.47 0.25
Confirmation 0.58 0.74 0.65
Gratitude 0.67 0.67 0.67
135
Agreement 3 2 8 7 [ 1 5 120

Proposal [3 0 8 2 1 [ 2
105

Question 1 o 2 3 4 1 7
Report 2 ] 1 48 2 2) 9 1 0 4 %0

. Greeting | 1 0 0 0 18 0 1 0 1 [}
5 75

E Reply | 10 8 7 9 0 39 8 0 [ 3
Outside comments | 1 0 2 31 1 8 0 o 1 1%

Gonfirmation | 0 2 2 0 0 0 o 0 1
<45

Gratitude 2 0 0 0 1 0 0 0 3 0
30

Cthers 2 8 5 5 1 3 8 [} 0 18

& & & & & ) O & & &
vﬁ(z?fo q@q&b @@f" & 5 & ;;.“‘@’5\ &Q“@o ;_-;’Set’ & s
&
&
Predicted label
Lo

Figure-5. Confusion matrix for the Seq2S2q model.

coding task by using deep learning methods. The result was
promising; our approach, particularly, Seq2Seq model
outperformed other methods clearly; the best of SVMs by 5-
6% and other DNN models by 3-4%. It seems that this
model could obtain almost the same predictive accuracy
with other coding schemes than ours, for the reason that our
coding scheme is sufficiently complex with 16 labels, based
not on the surface information, but on the contextual
significance of each contribution.

As for the future research directions, we may have two
approaches to pursue. The first approach concerns coding
scheme. Our scheme, based on speech acts, was sufficiently
complex, but not global. To capture the collaborative
process more precisely, it will be necessary to construct a
coding scheme which is more sensitive to details of
interaciton and social cognitive process of learning. The
second approach is about DNN models. To improve
prediction accuracy, it may be effective to introduce an
attention model to our DNN models. In addition, the context
of conversation should be considered. To capture context
more precisely, it may be necessary to construct more
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complex models that take multiple preceding contributions
as input vectors.
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Analysis of Collaborative Learning Processes by Automatic Coding Using Deep Learning Technology
Kimihiko Ando, Chihiro Shibata, Taketoshi Inaba

Abstract

In Computer Supported Collaborative Learning research, gaining a guideline to carry out appropriate scaffolding by analyzing mechanism
of successful collaborative interaction and extracting indicators to identify groups where collaborative process is not going well, can be
considered as the most important preoccupation, both for research and for educational implementation. For the process analysis, coding and
statistical analysis to chat data are often adopted as a research method. In this research, we developed a method for automating highly
accurate coding by deep learning technology, and its accuracy and effectiveness was evaluated. As a result, it became clear that our method
realizes the high accuracies outperforming the machine learning baselines. In addition, the feasibility of analysis of collaborative processes and

instructional intervention in real time, was suggested.
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Abstract— In Computer Supported Collaborative Learning
(CSCL) research, gaining a guideline to carry out appropriate
scaffolding by analyzing mechanism of successful collaborative
interaction and extracting indicators to identify groups where
collaborative process is not going well, can be considered as the
most important preoccupation, both for research and for
educational implementation. And to study this collaborative
learning process, different approaches have been tried. In this
paper, we opt for the verbal data analysis; the advantage of
this method is that it enables quantitative processing while
maintaining qualitative perspective, with collaborative
learning data of considerable size. However, coding large scale
educational data is extremely time consuming and sometimes
goes beyond men’s capacity. So, in recent years, there have
also been attempts to automate complex coding by using
machine learning technology. In this background, with large
scale data generated in our CSCL system, we have tried to
implement automation of high precision coding utilizing deep
learning methods, which are derived from the leading edge
technology of machine learning. The results indicate that our
approach with deep learning methods is promising,
outperforming the machine learning baseline. But the
prediction accuracy could be improved by constructing coding
schemes and models more sensitive to the context of
collaboration and conversation. Therefore, we propose a new
coding scheme that can represent the context of learning more
comprehensively and accurately at the end of this paper for the
next research.

Keywords-CSCL; leaning analytics; coding scheme; deep
learning methods.

I.  INTRODUCTION

This article is an extended version of a conference paper
presented at eLmL 2017, the Ninth International Conference
on Mobile, Hybrid and On-line Learning [1]. It introduces
more information on the theoretical background of this
study and especially a new coding scheme, based on the
experiment results.

A.  Analysis of collaborative process

One of the greatest research interests in the actual
Computer Supported Collaborative Learning (CSCL)
research is to analyze its social process from a social
constructionist viewpoint, and key research questions are as
follows: how knowledge and meanings are shared within a
group, what types of conflict, synchronization and
adjustment of opinions occur, and how knowledge is
constructed from discussions. And answering to these
questions enables to develop more effective scaffolding
methods and CSCL system and tools.

In earlier researches at initial stage of CSCL, the focus
was on each individual within a collaborating group, and the
main point of interest had been how significantly a personal
learning outcome was affected by characteristic types of a
group (such as group size, group composition, learning tasks,
and communication media) [2]. However, it gradually
became clear that those characteristics are complexly
connected and intertwined with each other, and showing
causal relation to a specific result was extremely difficult.
From the 1990s, the interest in CSCL research had moved
away from awareness of the issue on how a personal learning
is established within a group, to attempting to explain the
process by clarifying the details of group interactions when
learning is taking place within a group [3].

However, attempting to analyze collaborative process
goes beyond merely shifting a research perspective; it also
leads to fundamental re-examination of its analytical
methodology. In other words, this involves a shift from
quantitative analysis to qualitative analysis. Naturally, there
are useful data among quantitative data saved within CSCL
system, such as the number of contributions within a group,
the number of contributions by each group member, and in
some cases contribution attributes obtained from system
interface (sentence opener), but those are very much a mere
surface data. The most important data for analysis are
contributions in chats, images/sounds within tools such as
Skype, and various outputs generated in the process of
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collaborative  learning;  for  analysis of  those,
ethnomethodologies such as conversation analysis and video
analysis have been invoked [4][5].

However, those researches by their very nature tend to be
in-depth case studies of collaborative activities with a limited
number of groups and have the disadvantage of not at all
being easy to derive a guideline that has a certain level of
universality and can be applicable in other contexts.
Therefore, researches have been carried out using verbal data
analysis method that carry out coding from a perspective of
linguistic or collaborative learning activities on a certain
volume of language data generated in collaborative learning
and analyzing them [6][7][8]. The advantage of this method
is that it enables quantitative processing while maintaining
qualitative perspective, with collaborative learning data of
considerable size as the subject, while coding them manually
is an extremely time consuming task, which goes sometimes
beyond men’s capacity. For example, Persico et al
developed a technological tool which helps the tutors to code
the contributions in chats and displays quantitative
information about the qualitative information and coding
data [9]. However, given that the coding procedure itself
remains manual in most existing studies [10][11], there is an
insurmountable limit in front of big data. Hence, we seek an
automatic coding technique for a large scale collaborative
learning data with deep learning methods.

B. Educational data and Learning Analytics

With the progress of educational cloud implementation in
educational institutions, data generated in Learning
Management System (LMS), e-learning, Social Network
Service (SNS), Massive Open Online Course (MOOC) and
others are increasing rapidly, and a new research approach
called Learning Analytics (LA) that tries to gain knowledge
that would lead to support of learning and educational
activities by analyzing those educational big data is
becoming more active [12][13]. Big educational data
obtained from CSCL system integrated in educational cloud
at a campus, such as conversation data, submitted documents
and images/sounds of learning activities, will certainly
become a subject for analysis in the near future: therefore, it
is believed that we are coming into a time when it is
necessary to seriously examine a new possibility of
collaborative learning research as LA. Due to such
background, in this research we have reconstructed CSCL
system that has been operating in a campus server for the last
five years as a module within Moodle, which is a LMS
within the campus cloud, and have already structured an
environment that can be operated within the campus and
collect/analyze collaborative learning data.

C. The goal and purpose of this study

The goal of our research is to analyze large-scale
collaborative data from the perspective of LA as described
above and discover the mechanism of activation and
deactivation of collaborative activity process which could
not be gained from micro level case studies up to now.
Furthermore, this research, based on its results, aims to
implement supports in authentic learning/educational
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contexts, such as real-time monitoring of collaborative
process and scaffolding to groups that are not becoming
activated.

In this paper, as the first step towards this goal, we
present work in progress, which attempts to develop an
automation technique for coding of chat data and verifies its
accuracy. To be more specific, a substantial volume of chat
data is coded manually, and has a part of that learnt as
training data in deep learning methods, which are derived
from the leading edge technologies for machine learning;
afterwards, automatic coding of the raw data is carried out.
For validation of accuracy, the effectiveness of using deep
learning methods is assessed by comparing accuracy against
Naive Bayes and Support Vector Machines, which are
baselines of machine learning algorithm used in existing
studies that carried out automatic coding by machine
learning.

D. Structure of this paper

This paper is structured as follows. In Section II, we
present the related work. The Section III describes our
datasets and coding scheme. The approach with deep
learning methods for automatic coding is discussed in
Section IV. Then, our experiment and results from our
evaluation are described in Section V. In Section VI, taking
account of experimental results, we propose a new coding
scheme. Section VI concludes the paper.

II.  RELATED WORK

Since deep learning can often outperform existing
machine learning methods, such as SVMs, it has been
applied in various research areas, such as image recognition
and natural language processing [14]. Text classification is
an important task in natural learning processing, for which
various deep learning methods have been exploited
extensively in recent studies. A structure called a CNN has
been applied for text classification using word- or character-
level modeling [15][16]. LSTM [17] and gated recurrent
units (GRUs) [18] are popular structures for RNNs. Both
structures are known to outperform existing models, such as
n-grams, and thus are widely available as learning models
for sequential data like text. RNNs are also applied to text
classification in various ways [19][20]. For instance, Yang
et al. used a bidirectional GRU with attention modeling by
setting two hierarchical layers that consist of the word and
sentence encoders [19].

In the field of CSCL, some researchers have tried to
apply text classification technology to chat logs. The most
representative studies would be Rosé and her colleagues’
works [21][22][23]. For example, they applied text
classification technology to a relatively large CSCL corpus
that had been coded by human coders using the coding
scheme with multiple dimensions, developed by Weinbeger
and Fisher [22][24]. McLaren’s Argunaut project took a
similar approach: he wused online discussions coded
manually to train machine-learning classifiers in order to
predict the appearance of these discussions characteristics in
the new e-discussion [25]. However, it should be pointed
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out that all these prior studies rely on the machine learning
techniques before deep learning studies emerge.

I1I.

In this section, we explain how we collected our dataset
and what coding scheme we adopted to categorize the
dataset.

DATA AND CODING SCHEME

A. Data Description

Our dataset obtained through chat function within the
system, comes from conversations among students while
carrying out online collaborative learning in university
lectures using CSCL, which had been previously developed
by the researchers of this study [26].

This CSCL is used without face to face contact; therefore,
these data are all from occasions when unacquainted and
separated students formed groups within lecture halls at the
campus. And within the system all names of students are
shown in nicknames, so that even if students knew each
other they would not recognize each other.

The overview of CSCL contributions data used in this
research is shown in Table I. The number of lectures is seven
and all classes of these lectures form groups of three to four;
in fact, there are a lot of data that we could not process by
coding them in this research. Learning times vary depending
on the class, from 45 to 90 minutes. In total, the dataset
contains 11504 contributions; there are 202 groups from all
the classes, with 426 participating students; since students
attend multiple classes, the number of participating students
are smaller than the product of number of groups and
number of students in a group.

Table II shows a conversation example of chat. This is a
conversation example of three students.

TABLE 1. CONTRIBUTIONS DATA USED IN THIS STUDY
Number of Lectures 7 Lectures
Member of Groups 3-4 people

Learning Time 45-90 mintutes

Number of Groups 202 groups

Number of Students 426 students

TABLE II. CONVERSATION EXAMPLE (TRANLATION FROM JAPANESE)
Talker Contents
D Where do you want to change?
E That's right ... I guess, first of all, we definitely need to change the
question, and then, what about the well-formed formula?
D How is it that changes only the third line of the question?
D Regarding the well-formed formula, it's the final part after —.
E That's good idea.
F I agree. How do we want to change that?
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B. Coding scheme

In accordance with our manual for code assignment, one
code label is assigned to one contribution in a chat. There are
16 types of code labels as shown in Table III, and one of
those labels is assigned for all cases.

All labels in our dataset are coded by two people; the
coincidence rate between the labels assigned was 67%.
However, when we reviewed the resultant coding data, it was
discovered that there were duplicated labels for some
contributions, and some labels had variances depending on
the coder; therefore, after conferring among us, we unified
labels and re-coded the contributions. The resultant number
of labels assigned is shown in Table III. Concordance rate is
82.3% and this is a high concordance rate with 0.800 Kappa
coefficient, and we consider this to be sufficiently practical
for use as an educational dataset in deep learning methods.
Fig. 1 shows the frequencies of the labels in the dataset. Nine
labels describe more than 90% of occurrences; label
occurrences appear to have a long-tail distribution. The main
purpose of this study is to learn and infer these labels from
posted contributions.

Others
9%

Agreement
22%

Gratitude...

Confirmation
4%

Outside
comments
5%
Reply
10%
Proposal
16%
Greeting
10%
Figure 1. Ratio of each conversational coding labels

IV. APPROACH —DEEP LEARNING

In recent years, deep learning technology has led to
dramatic developments in the field of artificial intelligence.
Deep learning is a general framework of learning methods
that use neural networks with millions of weight parameters.
The weights in neural networks are optimized so that their
output coincides with labels in the given data. With the
recent development of parallel computing using Graphics
Processing Units (GPUs) and optimization algorithms,
machines are able to learn large numbers of parameters from
large datasets at realistic costs.

To try automatic coding, we adapt three types of deep
neural network (DNN) structures: a convolutional neural
network (CNN) based model and two bidirectional Long
short-term memory (LSTM) based models, LSTM and
Sequence-to-Sequence (Seq2Seq). The first and second
models take only a single contribution as input and cannot
refer to context information in the conversation. Conversely,
the Seq2Seq model can capture context information by using
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TABLE III. List of labels
Label Meaning of label Contribution example Number of times used
Agreement Affirmative reply I think that’s good 5033
Proposal Conveying opinion, or yes/no question How about five of us here make the submission? 3762
Question Other than yes/no question ‘What shall we do with the title? 2399
Report Reporting own status I corrected the complicated one 2394
Greeting Greeting to other members I’'m looking forward to working with you 2342
Reply Other replies It looks that way! 2324
Contribution on matters other than assignment contents My contribution is disappearing already; so fast!
Outside comments 1049
Opinions on systems and such A bug
Confirmation Confirm the assignment and how to proceed Would you like to submit it now? 949
Gratitude Gratitude to other members Thanks! 671
Switchover A contribution to change event being handled, such as moving on to Shall we give it a try? 625
the next assignment

Joke Joke to other members You should, like, learn it physically? :) 433
Request Requesting somebody to do some task Can either of you reply? 354
Correction Correcting past contribution Sorry, I meant children 204
Disagreement Negative reply I think 30 minute is too long 160
Comp laint Dissatisfactions towards assignments or systems I must say the theme isn’t great 155
Noise Contribution that does not make sense ?meet? day ??? 143

a pair of sentences as its input, which represent source and
replay contributions.

A. CNN-based model

The CNN-based model uses the network architecture
proposed by Kim et al. (Fig. 2). Before training, all words in
the data are converted to word vectors. Word vectors are
often obtained by pre-training using another external dataset.
In this study, we implemented two types of word vectors: 1)
vectors obtained by applying word2vec (the skipped gram
model with negative sampling) to all Japanese text in
Wikipedia, and 2) randomly initialized vectors that are tuned
simultaneously with the CNN.

num. of
channels

vector length of

predicted labels
embedding

w1

convolution

Figure 2. CNN-based model

B. Bidirectional LSTM-based model

An LSTM is a recurrent neural networks (RNNs) that is
carefully constructed so that it can capture long-distance
dependencies in sequential data. Generally speaking, an
RNN consists of input vector x, and output vector y, for each
time ¢. To obtain the output y,;, the previous output vector
Y1y s fed to the neural network along with the current input

vector x,. The LSTM has another hidden vector, c,, called the
state vector in addition to the input and output vectors. While
the state vector is also output from the neural network, it is
computed to track long-distance relations through a function
called a forget gate, which is designed to decide whether the
state vector should be changed. We feed word vectors into
the two-layer LSTM network sequentially in both the
forward and reverse directions. After all words in a
contribution are input, both output vectors are concatenated
and fed into the two-layer fully-connected network and the
softmax layer to obtain classification results. Fig. 3 illustrates
this architecture.

predicted labels

softmax

Full connection

[Lstm22 |« <] LsT™22 |
A A
[Lstve-1 |« - <] LsTM2-1 |

[}

| embed?2 |

[Lsmiz | ] LsTmi2 |
[} A
[stmrt o ] Lstmi-1 |
[} A

| embed1 |

| embed1 | | embed?2 |

w1 ce wr wy wr

Figure 3. Bidirectional LSTM-based

C. Bidirectional Seq2Seq-based model

Each contribution is a part of a conversation; therefore, to
classify labels more accurately, we must account for
conversational contexts. To do this, we convert all
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contributions in conversations into pairs of source and reply
contributions (Table IV). Even if a user posts a contribution
that does not explicitly cite another, we assume that it cites a
previous contribution. We also suppose that the first
contribution of each conversation cites the empty string. To
construct a model that regards the source contribution as a
conversational context and the reply as a representation of
the user's intention, we use the Seq2seq framework. Seq2seq
[27] was originally proposed as a neural model using RNNs
for machine translation, and later applied to other tasks, such
as conversational generation [28]. It consists of two separate
LSTM networks, called the encoder and decoder. We use
two-layer LSTM networks for both the encoder and decoder.
Words are sequentially fed in both the forward and reverse
directions. Output vectors from decoders are concatenated
and fed into the two-layer fully-connected network and the
softmax layer (Fig. 4).

TABLE IV. Examples for source and replay contributions
Source (u) Replay (w) Label
How about five of us here

N make the submission? | _ Proposal
(None) I must say the theme isn't COI‘II-

L great. ... plaint ___
How about five of us here

!

_make the submission? _____|_ ooundsgreatt ] Rely
I must say the theme isn't If we had another hour, we Agree-
great. ...} could changeit... | __ ment
It sounds great! Thanks! Gratitude

V. EVALUATION

A. Data Preprocessing

For each contribution, we trimmed sentences beginning
with the symbol ">," which were automatically generated by
the system. Since all the data consist of Japanese text,
morphological analysis was needed. We split texts into
words using a tool called MeCab [29]. Replacing low-
frequency words with "unknown," the vocabulary size was
decreased to approximately 4,000. Each contribution was
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given two labels annotated by different people; we removed
contributions that were assigned two different labels. We
used 90% of the remaining 8,015 contributions as training
data and 10% as test data. The accuracy of the learning result
for each model is measured with the test data.

B. Baseline Methods

For comparison, we used three classifiers; Naive Bayes, a
linear support vector machine (SVM), and an SVM with a
radial basis function (RBF) kernel. We also used two types
of feature sets: unigrams only and unigrams and bigrams.
For the SVM classifiers, in order to improve the
classification accuracy, input vectors were obtained by
normalizing zero-one vectors whose elements represent
occurrences of unigrams or bigrams.

C. Model Parameters and Learning

Model parameters, such as the vector sizes of layers, are
determined as follows. Both the size of word embedding and
the size of the last fully connected layer are 200 for all
models. We set the patch size of the convolutional layer in
the vertical direction to 4 and the number of channels to 256
for the CNN-based models. We set the size of both LSTM
layers to 800 for the LSTM and Seq2Seq models. The set of
parameters were needed to be chosen so that their prediction
accuracy of the model will not be reduced, and at the same
time, the computational cost of learning is in the range of
reasonable time. Generally, the vector size of LSTM layers is
needed to be increased for better prediction accuracy when it
is inappropriately small. On the other hand, if it is
sufficiently large, increasing their size is almost in vain for
better accuracy. For instance, if we set it larger than that of
our setting, say 1000 or 2000, we will get almost the same
value of accuracy as the result of the experiment. Thus, we
empirically decided it so as to achieve the nearly optimal
accuracy and to minimize computational cost. Meanwhile,
we need to carefully choose the vector size of the last fully
connected layer. Our model easily suffers from over fitting if
we set it too large. On the other hand, if we set it too small,
our model is suffered from the lack of the expression
capability. Thus, we should set it moderately; not so small to

predicted labels

Full connection

[ LstMs2 |> | LsTma2

[Lstmi2 > —>{ smi2 | [ LstMa2 [« < LsTma-2 |
[} [}

LsTM2-2 |« ,
[}

[} [} [}
[ Lstva-1 > | LsTma1 || LsTmi-1 | > Lstmit1 |
[} [} [}

[}
[ LsTMa-t |e < LsTMa-1 |« LsTM1 |«
[}

| embed3 | | embed1 | | embed1 |

| embed4 |
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Figure 4. Bidirectional Seq2Seq-based model
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have the sufficient capability to learn accurately, and not so
large to avoid the over fitting problem. We obtained 200 as
an appropriate value for the vector size of the last layer
through several experiments.

Models are learned by stochastic descent gradient (SDG)
using an optimization method called Adam. To avoid
overfitting, iteration was stopped at 10 epochs for the
LSTM-based methods and 30 epochs for the CNN-based
methods. Due to the fluctuation in accuracy results between
epochs, we took the average of the last 5 epochs to measure
the accuracy of each model. To prevent overfitting, dropout

was applied to the last and second-last fully connected layers.

Figure 5 shows the learning curves of the CNN-based model
with Wikipedia and the bi-directional Seq2Seq-based model.
The y-axis shows the accuracy on the test data. As the figure
shows, the accuracy converges approximately after around
10 epochs for the Seq2Seq-based model. On the other hand,
it converges after around 30 epochs. The numbers of epochs
that are needed for convergence largely depend on the
models.

Seq2seq-based|test)
—— CNN-based(test)

0 5 10 15 20 25

30 35 a0 45 50 55
Epochs

Figure 5. Learning curves of Seq2Seq-based and CNN-based models

D. Experimental Results

Table V shows the accuracies of the three DNN models
and baseline methods. Overall, the DNN models outperform
the baselines, even as the SVMs maintain their high
performance. Among baseline methods, the SVM with the
RBF kernel achieved the highest accuracy. For the CNN-
based models, using word vectors trained using the
Wikipedia data slightly enhanced accuracy. For the LSTM-
based models, bidirectional processing yielded slightly
higher accuracy than single-directional processing.

TABLE V. PREDICTIVE ACCURACIES FOR BASELINES AND DEEP-
NEURAL-NETWORK MODELS
Naive Bayes SVM (Linear) SVM(RBF Kernel)
unigram uni+bigram unigram uni+bigram unigram uni+bigram
0.554 0.598 0.642 0.659 0.664 0.659
CNN LSTM Seq2Seq

with wikipedia | w.o. wikipedia |single-direction| bidirection bidirection  |bidir. w. interm.

0.686 0.677 0.676 0.678 0.718 0.717

There was no significant difference in the accuracies of
the CNN model using Wikipedia and the bidirectional LSTM
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model. Both of these methods outperformed the best of
SVMs by 1-2%.

The Seq2Seq model outperformed other methods clearly;
the best of SVMs by 5-6% and other DNN models by 3-4%.

The kappa coefficient for the bidirectional LSTM model
was 0.63, which is sufficiently high. However, to
automatically comprehend and judge the activities of users
from only the labels inferred by machines, the kappa
coefficient must be improved. By using the Seq2Seq model,
which is able to capture the contextual information from the
source or the adjacent contribution, the kappa coefficient was
improved to 0.723.

Hereafter, we analyze the misclassification of each label
individually. The precision and recall for each label are
shown in Table VI. Of the ten most frequent labels, the
precision of "Greeting" predictions were highest (F1: 0.94)
and that of "Agreement" was the second highest (F1: 0.83).

TABLE VL. PRESITION AND RECALL FOR EACH LABEL (RESULT
OF BI-DIRECTIONAL LSTM)

Label Presition Recall F1-Value
Agreement 0.85 0.81 0.83
Proposal 0.73 0.74 0.73
Question 0.75 0.8 0.77
Report 0.64 0.62 0.63
Greeting 0.94 0.94 0.94
Reply 0.62 0.46 0.53
Outside Commnets 0.17 0.47 0.25
Confirmation 0.58 0.74 0.65
Gratitude 0.67 0.67 0.67

"Question" was also predicted with high accuracy (F1: 0.77).
These results are consistent with our intuition, as both seem
to be easy to infer from the contributions themselves, without
knowing their context. In contrast, as Table VI shows, the
label "Reply" was hard for our model to predict. That
performed worst with respect to the recall, tending to be
misclassified as an "Agreement", "Proposal" or "Report," as
shown in the confusion matrix (Fig. 6). This can be solved if
richer context in neighboring contributions is used as input to
classifiers in addition to the source contribution.

VL

As indicated in some case that Replay may include a
meaning of Agree in the coding scheme based on speech acts
used in the current study, the fact that the definition of one
label may sometimes overlap the definition of another label
has become a factor making it difficult to assign a label
always with accuracy and reliability just in artificial
intelligence coding but also in manual coding as well. In
addition to these technical problems, more importantly,
labels based on speech acts which express the linguistic
characteristics of the conversation are insufficient for the
analysis of the learning process. With this single linguistic
scheme, one can not clearly realize whether members of a
group engage in activities to solve the task, how members

NEW CODING SCHEME
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Figure 6. Confusion matrix for the Seq2S2q model.

coordinate each other in terms of task division, time
management, etc. during their collaboration, how each
member constructs his argument, how members discuss and
negotiate each other. From those described above, we
propose a new coding scheme so that the automated coding
accuracy will improve and that we may understand more
accurately and globally collaborative process.

Our new coding scheme is constructed based on the
multi-dimensional coding scheme proposed by Weinberger
et Fischer who try to analyze whole samples of discourse
corpora on multiple process dimensions and "better
understand how specific processes of computer-supported
collaborative learning contribute to and improve individual
acquisition of knowledge" [24]. As shown in Table VII, our
scheme consists of five dimensions, while Winberger and
Fischer's one has four dimensions without Coordination
dimension. We provide labels basically regarding a
statement in a chatting as a unit similarly to way we used in
the study. In addition, while such values as number of
statements are provided as Participation dimension labels,
those in other four dimensions are provided by selecting one
label from among multiple labels. In other words, since one
label is given for each dimension for one statement, a
plurality of labels will be assigned to one statement.
Therefore, the coding work with this scheme is extremely
complicated and takes a lot of time, but the merit of
automated coding is even greater. Each dimension is
described in detail below.

A. Participation dimension

As shown in Table VIII, Participation dimension is for
measuring participation frequency in argumentation. Since
this dimension is defined as quantitative data mainly
including number of statements, number of letters of
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statements, time for and interval of statements, there is no
need for neither manual nor artificial intelligence coding,
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requiring a coding just by statistical processing on a database.

Even though Participation dimension labels are capable
of analyzing quantitatively different aspects of participation
in conversations since they work on specific number of
statements or the like, they are incapable of qualitatively
analyzing such as whether the contribution has contributed to
problem solving.

TABLE VIIL NEW CODING SCHEME

Dimension Description

Participation Frequency of participation in argumentation

Epistemic How to be directly involved in problem solving

Argumentation Ideal assertion in argumentation

Social How to cope with others” statements

Coordination

How to coordinate to advance discussion smoothly

B. Epistemic dimension

This dimension represents whether each statement is
directly related to problem solving as a task and the labels
are classified as shown in the table below depending on
contents of statements. Labels of this dimension are provided
to all statements.

Weinberger and Fischer’s scheme has 6 categories to
code epistemic activities which consist in applying the
theoretical concepts to case information. But, as shown in
Table IX, we set only two categories here, because we want
to give generality that we can handle as many problem
solving types as possible.

TABLE VIIIL PARTICIPATION DIMENSION

Category Description

Number of statements Number of statements of each member during sessions

Number of letters of a

Number of letters during a single speech
statement umber of letters during a single speec

Time for statement Time used for a statement

Interval of statements Time elapsed since last statement

Statements distribution Standard deviation of each member within a group

TABLE IX. LABELS IN EPISTEMIC DIMENSION
Label Description

On Task Statements directly related to problems

Off Task Statements without any relationship with problems

"On Task" here indicates such statements which are
directly related with assigned problem solving and
statements with any of contents described below are
regarded as "Off Task."

+ Statements asking meaning of problems and how to
advance them

+ Statements to allocate tasks

+ Statements regarding the system
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Labels in Epistemic dimension are regarded to be the
most basic ones for qualitative analysis since they represent
whether they are directly involved in problem solving. For
example, it is understood that almost no effort has been made
on a problem if there is less "On task" labels.

Besides, Argumentation and Social dimension labels as
referred to in the next section and beyond are provided only
if Epistemic dimension is "On Task" and those in
coordination dimension are provided only if Epistemic
dimension is "Off Task."

C. Coordination dimension

Labels of Coordination dimension are provided only if
Epistemic dimension labels are "Off Task" and the
statements are not directly but indirectly involved in
problems. While a list of Coordination dimension labels is
shown in Table X, labels are provided not to all of statements
of "Off task" but only one label is provided to any statement
which falls under the label. For responses to statements to
which Coordination dimension labels are provided, those in
the same Coordination dimension are provided.

"Task division" here refers to a statement to decide who
to work on which task requiring division of tasks for
advancing problem solving. "Time management" is a
statement to coordinate degree of progress in problem
solving, and for example, such statements fall under the
definition that "let's check it until 13 o'clock," and "how has
it been in progress?" "Meta statement" refers to a statement
for clarifying what the problem is when intention and
meaning of the problem is not understood. "Technical
coordination" refers to questions and opinions about how to
use the CSCL System.

TABLE X. LABELS OF COORDINATION DIMENSION
Label Description
Task division Allotment of tasks

Time management Check of temporal and degree of progress

Meta statement Questions to ask meaning of problems

Technical coordination How to use the system, etc.

Since Coordination dimension labels are provided to
statements for executing problem solving smoothly, it is
believed to be possible to predict progress in arguments by
analyzing the timing that the labels were provided. In case of
less Coordination dimension labels recognized, it is also
predicted that smooth relationships have not been built up
within the groups.

In a case that a lot of these labels have been provided in
many groups, on the other hand, it is assumed that there is
some sort of defect in contents of the problems or systems.

In addition, it should be noted that this dimension is not
set in Weinberger and Fischer’s scheme.

D. Argument dimension

Labels of Argument dimension are provided to all
statements when Epistemic labels are "On Task", indicating
attributes such as whether each statement includes the
speaker’s opinion and whether the opinion is based on any
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ground. Labels of this dimension are provided to just one
statement content without considering whether any ground
was described in other statement.

A list of Argument dimension labels is shown in Table
XI. Here, presence/absence of grounds is determined
whether any ground to support the opinion is presented or
not but it does not matter whether the presented ground is
reliable or not. A qualified claim represents whether it is
asserted that presented opinion is applied to all or part of
situations to be worked on as a task. "Euphemism" indicates
such statements with low confidence rating that presented
opinion is just a prediction or shows only possibility. "Non-
Argumentative moves" refer to statements without including
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any opinion and simple questions are also included in this tag.

Labels in Argument dimension are capable of analyzing
the logical consistency of statement contents. For example, if
a statement is filled just with "Simple Claim" it is assumed
as a superficial argument.

In comparison with Weinberger and Fischer’s scheme,
we introduce a new label "Euphemism". But we do not set
for now the categories of macro-level dimension in which
single arguments are arranged in a line of argumentation
such as arguments, counterarguments, reply, for the reason
that it seems difficult that the automatic coding by deep
learning methods for this macro dimension works correctly.

TABLE XI. LABELS IN ARGUMENT DIMENSION
Label Description
Simple Claim Simple opinion without any ground
Qualified Claim Opinion based on a limiting condition without any ground
Grounded Claim Opinion based on grounds
ded and lified
Grounde ar,l Qualifie Opinion with limitation based on grounds
claim
Euphemism Unconfident and ambiguous opinion
R Statement without containing opinion
Non-argumentative moves . . .
(including questions)

E.  Social dimension

Labels in Social dimension are provided when Epistemic
code is "On task" but they are provided not to all statements
"On task" but to a statement which conforms to Epistemic
code. This dimension represents how each statement is
related to those of other members within the group.
Therefore, it is required to understand not only a statement
but also the previous context. A list of this dimension labels
is shown in Table XII.

TABLE XII. CODE OF SOCIAL DIMENSION

Label Description

Externalization Externalization: No reference to other’s opinion

Questionning the learning parner or proviking a reacion

Elicitation .
from the learning partner

Quick consensus building Prompt consensus formation

Integration-oriented
consensus building
Conflict-oriented consensus
building

Consensus formation in an integrated manner

Consensus forming based on a confrontational stance
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"Externalization" here refers to a statement without
reference to those of others and it is provided mainly to
statements as a point of argument origin such as in the
beginning of argument on certain topic. "Elicitation" is
provided to such statements which require others to extract
information such as questions.

From its property as a statement to be made in response
to other’s opinion, "Consensus building" is classified into the
following three labels. "Quick consensus building" is
provided to a statement aiming at achieving prompt
agreement with other’s opinion. In particular, it is provided
to a case to agree without delivering any specific opinion.
"Integration-oriented consensus building" is provided to
statements with an intention to achieve agreement with
other’s opinion while adding its own opinion. "Conflict-
oriented consensus building" is provided to statements which
adopt a confrontational stance or request revision against
other’s opinion.

A sub-dimension called as "Refer" in Social dimension
represents which statement is referred to in the statement
coded as "Consensus building". Labels in "Refer" dimension
are provided without exception only if Social dimension
labels belong to "Consensus building."

Since Social dimension labels represent relationship with
others, it is possible to estimate how lively discussions were
conducted or whose opinion in the group was respected by
analyzing Social dimension labels. For example, arguments
including a lot of "Quick consensus building" are assumed to
be a result obtained just by taking a delivered opinion
directly with almost no profound discussion.

F. Each coding and Learning toward artificial intelligence

In the new coding scheme, "Participation" dimension
labels are automatically generated from statement logs,
whereas other labels require manual coding by a coder in
order to build up training data for deep learning and test data.
Further, labels to be provided are decided by selecting from
any of the dimensions of "Argumentation", "Social" and
"Coordination" depending on a result of "Epistemic" labels.
Therefore, coder provides "Epistemic" labels based on
analysis of "Participation" dimension labels. Subsequently,
"Argumentation" and "Social" dimension labels are provided
if the "Epistemic labels are "On task." In addition, in a case
that "Social" dimension labels belong to "Consensus
building", statement number is provided as "Refer" since
there exists reference source statement without exception. In
a case that "Epistemic" labels are "Off task", those in
"Coordination" dimension are provided.

VIL

This section recapitulates the findings of this study and
suggests briefly some future issues.

SUMMARY AND FUTURE WORK

A.  Summary

As the first step to analyze collaborative process of big
educational data from the perspective of LA, we tried to
automate time-consuming coding task by using deep
learning methods.
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First, we developed a coding scheme based on the
speech acts, coded manually for the remarks, and created
training data and test data for deep learning. Next, three
DNN models, that is, CNN-based model, LSTM-based
model, Seq2Seq-based model were constructed for
automatic coding, and their accuracy of automatic coding
was verified. In addition, we also compared accuracy with
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SVMs, which are the baselines of classical machine learning.

The result was promising; our approach, particularly,
Seq2Seq model outperformed other methods clearly; the
best of SVMs by 5-6% and other DNN models by 3-4%. It
seems that this model could obtain almost the same
predictive accuracy with other coding schemes than ours,
for the reason that our coding scheme is sufficiently
complex with 16 labels, based not on the surface
information, but on the contextual significance of each
contribution.

B. Future work

As for the future research directions, we may have two
approaches to pursue.

The first approach is about DNN models. To improve
prediction accuracy, it may be effective to introduce other
network structures such as memory networks [30] instead of
DNNs that consist of RNNs and CNNs. Memory networks
make a vector from conversation by taking weighted mean
of vectors of all sentences. Those weights play a role of
attention since they correspond to importance of each
sentence. In addition, the context of conversation should be
considered. To capture context more precisely, it may be
necessary to construct more complex models that take
multiple preceding contributions as input vectors.

The second and most important approach concerns
coding scheme. Our scheme, based on speech acts, was
sufficiently complex, but not global. In order to more
accurately and comprehensively grasp various collaborative
learning activities such as individual cognitive process,
social cognitive process, coordination among members, it
will be necessary to construct a coding scheme which is
more sensitive to details of interaction and social cognitive
process of learning. Therefore, we proposed a new coding
scheme with five dimensions, namely the participation
dimension, the epistemic dimension, the coordination
dimension, the argument dimension, the social dimension.
With this new scheme, we are coding all the datasets again to
constitute training data and test data for deep learning, in
order to verify if this scheme contributes to a more precise
understanding of the collaborative process and to improve
the accuracy of automatic coding by our DNN models.

ACKNOWLEDGMENT

This work was supported by JSPS KAKENHI Grant
Number 26350289 and 16K01134. We also thank to Ryo
Yoshinaka for his thoughtful comments.

2017, © Copyright by authors, Published under agreement with IARIA - www.iaria.org



International Journal on Advances in Intelligent Systems, vol 10 no 3 & 4, year 2017, http.//www.iariajournals.org/intelligent_systems/

(1]

[10]

[11]

[12]

[13]

[14]
[15]

[16]

[17]

[18]

[19]

REFERENCES

C. Shibata, K. Ando, and T. Inaba, "Towards Automatic
Coding of Collaborative Learning Data with Deep Learning
Technology," The Ninth International Conference on Mobile,
Hybrid, and On-line Learning, 2017, pp. 65-71.

G. Stahl, T. Koschmann, and D. Suthers, "Computer-
supported collaborative learning," In The Cambridge
handbook of the learning science, K. Sawyer, Eds. Cambridge
university press, pp. 479-500, 2014.

P. Dillenbourg, P. Baker, A. Blaye, and C. O’Malley, "The
evolution of research on collaborative learning," In Learning
in humans and machines: Towards an interdisciplinary
learning science, P. Reimann and H. Spada, Eds. Oxford:
Elservier, pp. 189-211, 1996.

T. Koschmann, "Understanding understanding in action,"
Journal of Pragmatics, 43, pp. 435-437, 2011.

T. Koschmann, G. Stahl, and A. Zemel, "The video analyst’s
manifesto (or The implications of Garfinkel’s policies for the
development of a program of video analysis research within
the learning science)," In Video reseach in the learning
sciences, R. Goldman, R. Pea, B. Barron and S. Derry, Eds.
Routledge, pp. 133-144, 2007.

M. Chi, "Quantifying qualitative analyses of verbal data: A
pratical guide," Journal of the Learning Science, 6(3), pp.
271-315, 1997.

A. Meier, H. Spada, and N. Rummel, "A rating scheme for
assesseing the quality of coputer-supported collaboration
processes," International Jounal of Computer Suppported
Collaborative Learning, 2, pp. 63-86, 2007.

H. Jeong, "Verbal data analysis for understanding
interacitons," In The International Handbook of Collaborative
Learning, C. Hmelo-Silver, A. M. O’Donnell, C. Chan and C.
Chin, Eds. Routledge, pp. 168-183, 2013.

D. Persico, F. Pozzi, and L. Sarti, "Monitoring collaborative
activities in computer supported learning," Distance
Education, 31(1), pp. 5-22, 2010.

L. Lipponen, M. Rahikainen, J. Lamillo, and K. Hakkarainen,
"Patterns of participation and discourse in elementary
students’computer-supported collaborative learning,"
Learning and Instruction, 13, pp. 487-509, 2003.

S. Schrire, "Knowledge building in asynchronous discussion
groups: Going beyond quantitative analysis," Computer &
Education 46, pp. 49-70, 2006.

Ist Internationa Conference on Learning Analytics and
Knowledge. [Online]. Avaiable from:
https://tekri.athabascau.ca/analytics/, Nov. 29, 2017.

B. R. Schaun and P. S. Inventado, "Educational data mining
and learning analytics," In Learning Analytics, J. A. Larusoon
and B. White, Eds. Springer, pp. 61-75, 2014.

Y. LeCun, Y. Bengio, and G. Hinton, "Deep learning," Nature,
521(7553), pp. 436-444, 2015.

Y. Kim, "Convolutional neural networks for sentence
classification," arXiv preprint arXiv:1408.5882, 2014.

X. Zhang, J. Zhao, and Y. LeCun. "Character-level
convolutional networks for text classification," In Proceedings
of the 28th International Conference on Neural Information
Processing Systems (NIPS2015), pp. 649-657, 2015.

S. Hochreiter and J. Schmidhuber, "Long short-term
memory," Neural Computation, 9(8), pp.1735-1780, 1997.

J. Chung, C. Gulcehre, K. Hyun Cho, and Y. Bengio,
"Empirical Evaluation of Gated Recurrent Neural Networks
on Sequence Modeling," arXiv preprint arXiv:1412.3555,
2014.

Z. Yang et al, "Hierarchical Attention Networks for
Document Classification," In Proceedings of the 2016

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

Conference of the North American Chapter of the Association
for Computational Linguistics (NAACL2016), Human
Language Technologies, 2016.

D. Tang, B. Qin, and T. Liu, "Document modeling with gated
recurrent neural network for sentiment classification," In
Proceedings of the 2015 Conference on Empirical Methods in

354

Natural Language Processing (EMNLP2016), pp. 1422-1432,

2015.

C. Rosé et al., "Towards an interactive assessment framework
for engineering design project based learning," In Proceedings
of DETC2007, 2007.

C. Rosé et al., "Analyzing collaborative learning processes
automatically: Exploiting the advances of computational
linguistics in computer-supported collaborative learning,"
International Journal of Computer Supported Collaborative
Learning, 3(3), pp. 237-271, 2008.

G. Gweon, S. Soojin, J. Lee, S. Finger and C.Rosé, "A
framework for assessment of student project groups on-line
and off-line," In Analyzing Interactions in CSCL: Methods,
Approaches and Issues, S. Putambekar, G.Erkens and C.
Hmelo-Silver Eds. Springer, pp. 293-317, 2011.

A. Weinberger and F. Fischer, "A frame work to analyze
arugmetative knowledge construciton in computer-supported
learning," Computer & Education, 46(1), pp. 71-95, 2006.

B. McLaren, O. Scheuer, M. De Laat, H. Hever and R. De
Groot, "Using machine learning techniques to analysze and
support mediation of student e-discussions," In Proceedings
of artificial intelligence in education, 2007.

T. Inaba and K. Ando. "Development and Evaluation of
CSCL Svstem for Large Classrooms Using Ouestion-
Posing Scrint." International Journal on Advances in
Software, 7(3&4), pp. 590-600, 2014.

D. Bahdanau, K. Cho, and Y. Bengio, "Neural machine
translation by jointly learning to align and translate," arXiv
preprint arXiv, pp.1409.0473, 2014.

O. Vinyals and Q. V. Le, " A Neural Conversational Mode,"
arXiv preprint arXiv:1506.05869, (ICML Deep Learning
Workshop 2015), 2015.

T. Kudo, "MeCab: Yet Another Part-of-Speech and
Morphological Analyzer". http://mecab.sourceforge.net/, Nov
29,2017.

S. Sukhbaatar, A. Szlam, J. Weston and R. Fergus, "End-to-
end Memory Networks," Proceedings of the 28th
International Conference on Neural Information Processing
Systems, pp. 2440-2448, 2015.

2017, © Copyright by authors, Published under agreement with IARIA - www.iaria.org



eLmL 2018 : The Tenth International Conference on Mobile, Hybrid, and On-line Learning

Using Deep Learning Methods to Automate Collaborative Learning Process Coding
Based on Multi-Dimensional Coding Scheme
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Abstract—In  computer-supported collaborative learning
research, it may be a significantly important task to figure out
guidelines for carrying out an appropriate scaffolding by
extracting indicators for distinguishing groups with poor
progress in collaborative process upon analyzing the mechanism
of interactive activation. And for this collaborative process
analysis, coding and statistical analysis are often adopted as a
method. But as far as our project is concerned, we are trying to
automate this huge laborious coding work with deep learning
technology. In our previous research, supervised data was
prepared for deep learning based on a coding scheme consisting
of 16 labels according to speech acts. In this paper, with a multi-
dimensional coding scheme with five dimensions newly designed
aiming at analyzing collaborative learning process more
comprehensively and multilaterally, an automatic coding is

performed by deep learning methods and its accuracy is verified.

Keywords-CSCL; coding scheme; deep learning methods,
automatic coding

I. INTRODUCTION

A. Analysis on Collaborative Process

One of the greatest research topics in the actual Computer
Supported Collaborative Learning (CSCL) research is to
analyze its social and cognitive processes in detail in order to
clarify what kinds of knowledge and meanings were shared
within a group as well as how and by what arguments
knowledge construction was performed. In addition, it is also
required to develop CSCL system and tools with scaffolding
function which may activate collaborative process by utilizing
such knowledge.

However, because main data for the collaborative process
analysis include contributions over chatting, images and
voices on tools such as Skype, and various outputs prepared
in the course of collaborative learning, it is totally inadequate
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to perform just quantitative analysis in order to analyze such
data. Therefore, CSCL research changed direction more or
less to qualitative research [1] -[4].

As these qualitative studies often result in in-depth case
study, however, they have a downside that it is not easy at all
to derive guidelines with generality, which are applicable also
to other contexts. Therefore, studies have been conducted in
recent years based on an approach of verbal analysis in which
labeling for appropriately representing properties (hereinafter
referred to as coding) is performed to each contribution in
linguistic data of certain volume generated over the
collaborative learning from perspectives of linguistics and
collaborative learning activities [5]. On the other hand, an
advantage of the approach is its capability of quantitative
processing for significantly large scale data while keeping
qualitative perspective. However, it is a task requiring
significant time and labor to perform coding manually and it
is expected to become impossible to perform coding
manually in a case that data becomes further bigger in size.

In our research project, we have achieved certain results in
a series of previous studies reported last year in eLmL 2017
and the like, using deep learning technique for automatic
coding of vast amount of collaborative learning data [6]-[8].
In this paper, while verification is performed for accuracy of
the automatic coding based on deep learning technique
similarly to last year, supervised data has been constructed by
conducting coding manually depending on adopted multi-
dimensional coding scheme in order to newly analyze
collaborative learning process in a more multilateral and
comprehensive manner.

B. Purpose of This Study

The final goal of our research project is to implement
support at authentic learning and educational settings such as
real time monitoring of collaborative process and scaffolding
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for inactive groups based on analyses of large scale
collaborative learning data as mentioned above.

As a further development of our previous research, a
technique for automatizing coding of chat data is developed
based on a multi-dimensional coding scheme capable of
expressing  collaborative  learning  process  more
comprehensively and its accuracy is verified in this paper.

Specifically, after newly performing coding manually for
substantial amount of the same chat data, which was used in
the previous studies, a part of it is learned as training data by
deep learning methods and then automatic coding is
conducted for the test data. For accuracy verification, we try
to verify the accuracy of automatic coding by calculating
precision and recall of automatic coding of test data in each
dimension. We also evaluate what type of misclassification
occurred frequently in each dimension.

C. Structure of This Paper

In this paper, the outline and results of our previous work
are shown in Section II. Our coding scheme newly developed
this time is described in Section III. Section IV presents the
dataset with the statistics of the new coding labels assigned by
the human coders. Our experiments and results of the study
are shown in subsequent Section V. Finally, in Section VI, we
present the conclusion and future work to complete the paper.

II. PREVIOUS WORK

Outline of our previous work [6] is shown below.

A. Conversation Dataset

Conversation dataset for the study conducted last year is
based on conversations among students obtained from chat
function within the system performing online collaborative
learning by using CSCL originally developed by the authors
for lectures in the university [9]. By the way, we will add that
this data is also used in the research of this paper. Usage
situation of CSCL as the source of the dataset is shown in
Table 1. Since students participated in multiple classes,
number of participant students is less than the number
obtained by multiplying number of groups and that of group
members.

B. Coding Scheme

According to a manual for coding prepared by the authors,
a label was assigned to each contribution of chat. Any of the
16 types of labels as shown in Table II was assigned. The ratio
of each label is shown in Figure 1.

TABLEII.

C. Automatic Coding Approach Based on Deep Learning

In the previous study, we adopted three types of Deep
Neural Network (DNN) structures: 1) Convolutional Neural
Networks (CNN), 2) Long-Short Term Memory (LSTM) and
3) Sequence to Sequence (Seq2Seq). Of the three models,
Seq2Seq model is a deep neural network consisting of two
LSTM units called encoder and decoder, and learning of
classification problem and sentence generation is performed
by entering pairs of strings of words to each part [10][11]. For
example, the pair corresponds to a sentence in certain
language and its translated sentence in case of translation
system as well as to question sentence and response sentence
in case of question and answer system, respectively.

In addition, a model based on Support Vector Machine
(SVM), which is a traditional machine learning approach is
used as a baseline. Accuracy of each model is verified by
comparing automatic coding concordance rate and Kappa
coefficient. About technology and experiment results in detail
for each classification model, please refer to existing
literatures of the authors [6]-[8].

TABLE 1. CONTRIBUTIONS DATA USED IN THIS STUDY

Number of Lectures 7 Lectures

Member of Groups 3-4 people

Learning Time 45-90 mintutes

Number of Groups 202 groups

Number of Students 426 students

Dataset 11504 contributions

Others
9%

Agreement
22%

Gratitude...

Confirmation
4%

Outside
comments
5%
Reply
10%
Proposal
16%
Greeting
10%
Figure 1. Ratio of each conversational coding labels
LIST OF LABELS

Label Meaning of label Contribution example

Label Meaning of label Contribution example

Agreement Affirmative reply 1 think that’s good Gratitude Gratitude to other members Thanks!
Proposal Conveying opinion, or yes/no question How about f:ﬁn:i:::?e make the Complaint Dissatisfactions towards assignments or systems I must say the theme isn’t great
Question Other than yes/no question ‘What shall we do with the title? Noise Contribution that does not make sense ?meet? day ???
Report Reporting own status I corrected the complicated one Request Requesting somebody to do some task Can either of you reply?
Greeting Greeting to other members I’'m looking forward to working with you Correction Correcting past contribution Sorry, I meant children
Reply Other replies It looks that way! Disagreement Negative reply I think 30 minute is too long

Outside
comments

Contribution on matters other than assignment
contents / Opinions on systems and such

My contribution is disap pearing already; so
fast! / A bug

A contribution to change event being handled,

Switchover . ;
such as moving on to the next assignment

Shall we give it a try?

Confirmation| Confirm the assignment and how to proceed ‘Would you like to submit it now?

Joke Joke to other members You should, like, learn it physically? :)
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D. Experiment and Assessment

1) Outline of experiment

For the data set with manually prepared coding labels as
described above, we compared the prediction accuracy of
automatic coding for each model.

With separation of sentences into morpheme using MeCab
conducted at first as a preprocessing of data, words with low
use frequency were substituted by “unknown”. Subsequently,
just 8,015 contributions were extracted and 90% and 10% of
them were sorted into data for training and test, respectively.

Naive Bayes, Linear SVM, and SVM based on RBF
Kernel were applied as baseline approaches.

2) Experiment Results

Table 111 shows prediction accuracy (concordance rate) of
models proposed in the previous study and those adopted as
baseline for test data. The concordance rate here refers to a
proportion that manually assigned label conforms with
predicted label output by a model. It is proved, as Table III
shows, that accuracy of the proposed model’s result is higher
than that of baseline model. Among the three models as
described above, it is found that there is almost no difference
in concordance rate between the approaches based on CNN
and LSTM (0.67-0.68). These approaches show concordance
rates a little bit higher (around 2 to 3%) compared with SMV
as a baseline approach (0.64-0.66).

On the other hand, a model based on Seq2Seq showed the
highest concordance rate among all of the models (0.718),
higher by 5 to 7% and 3 to 4% compared with SVM and other
models, respectively.

TABLE III. PREDICTIVE ACCURACIES FOR BASELINES AND DEEP-
NEURAL-NETWORK MODELS
Naive Bayes SVM(Linear) SVM(RBF Kernel)
unigram | uni+bigram unigram | _uni+bigram unigram | _uni+bigram
0.554] 0.598 0.642] 0.659 0.664| 0.659
CNN LSTM Seq2Seq

with wikipedia | w.o. wikipedia | single-direction| _bidirection bidirection _[bidir. w. interm.
0.686 0.677 0.676| 0.678 0.718] 0.717

Then, results as described above are discussed using
Kappa coefficient, which means concordance rate excluding
accidental ones. At first, it may be said that LSTM model has
achieved sufficiently higher result as the Kappa coefficient for
the model shows 0.63. In general, Kappa coefficient of 0.8 or
higher is believed to be preferable for utilizing automatic
coding discrimination result by a machine in a reliable manner,
however, further higher concordance rate is required. In case
of Seq2Seq model, on the other hand, Kappa coefficient is
0.723 with great improvement, if not reaching 0.8.

The experiment results above have suggested that
Seq2Seq model is superior to other approaches due to
consideration for context information. Since Seq2Seq is a
model with reply sources entered, it is believed that the
improvement in the accuracy has been partly caused by not
separate capturing of each contribution but consideration of
the context information.

Copyright (c) IARIA, 2018. ISBN: 978-1-61208-619-4

1.

As our previous studies mentioned some cases that Replay
may include a meaning of Agree in the coding scheme, the
fact that the definition of one label may sometimes overlap the
definition of another label has become a factor making it
difficult to assign a label always with accuracy and reliability.
In addition to these technical problems, more importantly,
labels based on speech acts, which express the linguistic
characteristics of the conversation are insufficient for the
analysis of the learning process. With this single linguistic
scheme, it is almost impossible to realize whether members of
a group engage in activities to solve the task, how members
coordinate each other in terms of task division, time
management, etc. during their collaboration, how each
member constructs his argument, how members discuss and
negotiate each other. From those described above, we propose
a new coding scheme so that the automated coding accuracy
will improve and that we may understand more accurately and
globally collaborative process.

Our new coding scheme is constructed based on the multi-
dimensional coding scheme proposed by Weinberger et
Fischer [12]. As shown in Table V, our scheme consists of
five dimensions, while Weinberger and Fischer's one has four
dimensions without Coordination dimension. We provide
labels basically regarding a contribution as a unit similarly to
way we used in the previous studies. In addition, while such
values as number of contributions are provided as
Participation dimension labels, those in other four dimensions
are provided by selecting one label from among multiple
labels. In other words, since one label is given for each
dimension for one contribution, a plurality of labels will be
assigned to one contribution. Therefore, the coding work with
this scheme is extremely complicated and takes a lot of time,
but the merit of automated coding is even greater. Each
dimension is described in detail below.

NEW CODING SCHEME

TABLE V.NEW CODING SCHEME

Dimension Description

Participation Frequency of participation in argumentation

Epistemic How to be directly involved in problem solving

Argumentation Ideal assertion in argumentation

Social How to cope with others” statements

Coordination How to coordinate to advance discussion smoothly

A. Participation Dimension

Participation dimension is for measuring degree of
participation in arguments. As this dimension is defined as
quantitative data including mainly number of contributions
and its letters, time of contributions, and interval of
contributions, coding is performed by statistical processing on
the database while requiring neither manual nor artificial
intelligent coding. The list is shown in Table VI.

Since Participation dimension labels handle number of
specific contributions, it is possible to analyze quantitatively
different aspects of participation in conversations but
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impossible to perform qualitative analysis such as whether the
conversation contributed to problem solving.

TABLE VI. PARTICIPATION DIMENSION

Category Description

Number of contributions [Number of contributions of each member during sessions

Number of lett f
umber of ¢ lers ota Number of letters during a single speech
contribution

Time for contribution Time used for a contribution

Interval of contributions Time elapsed since last contribution

contributions distribution

Standard deviation of each member within a group

B. Epistemic Dimension

This dimension shows whether each contribution is
directly associated with problem solving as a task and the
labels are classified depending on contents of the
contributions as shown in Table VII. This dimension’s labels
are assigned to all contributions.

Weinberger and Fischer’s scheme has 6 categories to
code epistemic activities, which consist in applying the
theoretical concepts to case information. But, as shown in
Table VII, we set only two categories here, because we want
to give generality by which we can handle as many problem-
solving types as possible. “On Task” here refers to
contributions directly related to and such contributions with
contents as shown below belong to “Off Trask”.

* Contributions to ask meaning of problems and how to

proceed with them

+ Contributions to allocate different tasks to members

+ Contributions regarding the system

Since Epistemic dimension represents whether directly
related to problem solving, it works as the most basic code for
qualitative analysis. In case of less “On Task” labels, for
example, it is believed that almost no effort has been made for
the task.

Besides, labels of Argument and Social dimensions are
assigned when Epistemic dimension is “On Task”, whereas

those of Coordination dimension are assigned only when it is
“Off Task”.

TABLE VII. LABELS IN EPISTEMIC DIMENSION
Label Description
On Task contributions directly related to problm solving
Off Task contributions without any rlelatlonshlp with problem
solving
No Sense contributions with nonsensical contents

C. Coordination Dimension

Coordination dimension code is assigned only when
Epistemic code is “Off Task” and it is also assigned to such
contributions that relate to problem solving not directly but
indirectly. A list of Coordination dimension labels is shown in
Table VIII but the labels are assigned not to all contributions
of “Off Task” but just one label is assigned to such
contributions that correspond to these labels. In addition, in
case of replies to contributions with Coordination dimension
labels assigned, labels of the same Coordination dimension
are assigned.

Copyright (c) IARIA, 2018. ISBN: 978-1-61208-619-4

"Task division" here refers to a contribution to decide
who to work on which task requiring division of tasks for
advancing problem solving. "Time management" is a
contribution to coordinate degree of progress in problem
solving, and for example, such contributions fall under the
definition that "let's check it until 13 o'clock," and "how has it
been in progress?" "Meta contribution" refers to a contribution
for clarifying what the problem is when intention and meaning
of the problem is not understood. "Technical coordination"
refers to questions and opinions about how to use the CSCL
System. “Proceedings” refer to contributions for coordinating
the progress of the discussion.

Since Coordination dimension labels are assigned to such
contributions that intend to problems smoothly, it is believed
to be possible to predict progress in arguments by analyzing
timing when the code was assigned. Further, in case of less
labels of Coordination dimension, it may be predicted that
smooth relationship has not been created within the group.

On the other hand, if a large number of these labels were
assigned in many groups, it may be understood that there
exists any defect in contents of the task or system.

TABLE VIII. LABELS OF COORDINATION DIMENSION
Label Description
Task division Splitting work among members

Time management Check of temporal and degree of progress

Technical coordination How to use the system, etc.

Proceedings Coordinating the progress of the discussion.

D. Argument Dimension

Labels of Argument dimension are provided to all
contributions, indicating attributes such as whether each
contribution includes the speaker’s opinion and whether the
opinion is based on any ground. Labels of this dimension are
provided to just one contribution content without considering
whether any ground was described in other contribution.

A list of Argument dimension labels is shown in Table IX.
Here, presence/absence of grounds is determined whether any
ground to support the opinion is presented or not but it does
not matter whether the presented ground is reliable or not. A
qualified claim represents whether it is asserted that presented
opinion is applied to all or part of situations to be worked on
as a task. "Non-Argumentative moves" refer to contributions
without including any opinion and simple questions are also
included in this tag. Also, as a logical consequence, this label
is assigned to all off-task contribution in the Epistemic
dimension.

Labels in Argument dimension are capable of analyzing the
logical consistency of contribution contents. For example, if a
contribution is filled just with "Simple Claim" it is assumed as
a superficial argument.

In comparison with Weinberger and Fischer’s scheme, we
do not set for now the categories of macro-level dimension in
which single arguments are arranged in a line of
argumentation such as arguments, counterarguments, reply,
for the reason that it seems difficult that the automatic coding
by deep learning methods for this macro dimension works
correctly.
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TABLE IX. LABELS IN ARGUMENT DIMENSION TABLE X.CODE OF SOCIAL DIMENSION
Label Description Label Description
Simple Claim Simple opinion without any ground Externalization No reference to other’s opinion
Qualified Claim Opinion based on a limiting condition without any ground Elicitation Questionning the learning parner or proviking a reacion
Grounded Claim Opinion based on grounds from the learning partner
Grounded and Qualified Quick consensus building Prompt consensus formation
. Opinion with limitation based on grounds I ‘on-oriented
claim ntegration-oriente Lo .
3 T Consensus formation in an integrated manner
Non-argumentative moves contribution without containing opinion consensus building
- . . . flict-ori
(including questions) Conflic orlcﬂtc?d CONSENSYS | - onsensus forming based on a confrontational stance
building
E. Social Dimension Summary Statment listing or quoting contributions

Labels in Social dimension are provided when Epistemic
code is "On task" but they are provided not to all contributions
"On task" but to a contribution which conforms to Epistemic
code. This dimension represents how each contribution is
related to those of other members within the group. Therefore,
it is required to understand not only a contribution but also the
previous context. Table X shows a list of labels of the
dimension.

“Externalization” refers to contributions without reference
to other’s contributions and it is assigned to contributions to
be an origin of arguments mainly at the start of argument on a
topic. “Elicitation” is assigned to such contributions that
request others for extracting information including question.
“Consensus building” refers to contributions that express
certain opinion in response to other’s contribution and they are
classified into the three labels below. “Quick consensus
building” is assigned to such contributions that aim to form
prompt consensus with other’s opinion. It is assigned to a case
to give consent without any specific opinion. “Integration-
oriented consensus building” is assigned to such contributions
that intend to form consensus with other’s opinion while
adding one’s own opinion. “Conflict-oriented consensus
building” is assigned to such contributions that confront with
other’s opinion or request revision of the opinion. “Summary”
is assigned to contributions that list or quote contributions that
have been posted.

Since Social dimension code represents involvement with
others, it may be understood how actively the argument was
developed or whose opinion within the group was respected
by analyzing Social dimension labels. For example, it may be
assumed that arguments with frequent “Quick consensus
building” result in accepting all opinions provided with almost
no deep discussion.

F. Learning for each code granting and artificial
intelligence

In the new coding scheme, "Participation" dimension
labels are automatically generated from contribution logs,
whereas other labels require manual coding by human coders
in order to build up training data for deep learning and test
data. Further, labels to be provided are decided by selecting
from any of the dimensions of "Argument", "Social" and
"Coordination" depending on a result of "Epistemic" labels.
"Argument" and "Social" dimension labels are provided if the
"Epistemic labels are "On task." In a case that "Epistemic"
labels are "Off task", those in "Coordination" dimension are
provided.

Copyright (c) IARIA, 2018. ISBN: 978-1-61208-619-4

IV. DATASET AND STATISTICS

A. Target Dataset

The raw dataset is taken from the real conversation log of
the CSCL system, which is the same one as that of previous
study (Table I). On this dataset, the coding labels were newly
annotated based on the new coding scheme. Labeling was
manually carried out by several people in parallel. The human
coders were lectured about the new coding scheme by a
professional in advance in order to code labels as accurately
as possible. To evaluate the accuracy of the manual coding,
we had each contribution annotated by two annotators and
measured the coincidence rate for each dimension of the new
coding scheme.

B. Manual Coding and Preprocessing

While 9,962 contributions were manually coded in all,
some contributions do not make sense as a text of CLSL. For
instance, the duplicated posts, the blank posts, and the

contributions that consist of only ASCII art can be mentioned.

Such kinds of contributions were marked as "non-sense"
when the annotators labeled, and removed or simplify
ignored when the computer read them. After that, 9,197
contributions were remained as the useful data, on which the
substantial jobs such as learning and classification are
feasible.

The coincidence rates of the coding labels given by two
human coders are significant for understanding the difficulty
of the prediction, as well as to see the correctness of the
manually coded labels. Table XI shows the coincidence rate,
the number of the valid contributions, and that of the
coincidence contributions for each dimension. For the
Epistemic dimension, since the coincidence rate is high for
human coders, we can expect that it is also easy for machines
to classify them. On the other hand, for the Social dimension,
since the coincidence rate is low for human coders and the
valid samples are sparse, the opposite result is expected.

TABLE XI. THE VALID CONTRIBUTIONS AND THE COINCIDENT
CONTRIBUTIONS
# of vallid # of co.inci.dence Rate
contr ibutions contributions
Epistemic 9,197 8, 460 0.92
Argumentation 9,083 1,765 0.85
Coodination 4,543 3,510 0.77
Social 3,917 2,619 0.67
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C. Statistics of the New Coding Lables

In this subsection, we describe the statistics of the new
coding labels assigned by the human coders with respect to
each dimension. As we have multiple coders classify them,
the statistics depend on the coders. When making a dataset
for machines, we limit the contributions so as to have the
same label assigned by the human coders. Thus, we describe
the statistics of such contributions.

The ratios of “On task” and “Off task” in the Epistemic
dimension are shown in Figure 2. In our dataset, the ‘On task’
contributions were a bit fewer than the ‘Off task.” This
implies that, at least from the view point of the conversation
log, the cost of the communication was more than the cost of
discussion in group work. Although this result is just an
instance obtained by applying our CLCS system to the actual
group works for limited lectures, we can at least conclude that
the communication cost is not small in a group work.

46.3%

mmm  Off Task
mmm On Task

Figure 2. Ratio in the Epistemic dimension

Figure 3 shows the ratios of the labels in the Social
dimension. Recall that its domain is On-task contributions.
The label “Externalization” accounted half of the On-task
contributions. The “Quick consensus building” followed it.
Meanwhile, the ratios of the “Summary” and the “Consensus
Buildings” except for the “Quick” one were small. These
statistics show that the actual discussion mainly consisted of
expressions of their opinions. Although we found that the
contributions building consensus rarely come up in a real
group work, we believe that they are the important keys for
the discussion. Thus, we may can weight them when we
assess the contribution to the discussion by students.

3.9%

10.6%

Externalization
Quick Consensus
Elicitation

Interg. Consensus
Conflict Consensus
Summary

Others

32.8%

Ratio in the Social dimension

Figure 3.
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With respect to the "Coordination" dimension, the
domain of which is the Off-task contributions, the most of
them are assigned to "Other" as Figure 4 shows. The
contributions labeled "Other" consist of short sentences that
are not significant for neither discussion nor coordination of
the group work. The representative examples are greetings
and kidding. Meanwhile, the statistics show that the
contributions except for "Other" also occupies more than a
quarter. Since these kinds of contributions are related to
coordinating tasks in the group work, they can be thought as

important contributions for the assessment.
6.5%

|

20.3%

Others

Technical Coordination
Proceedings

Time Management
Quote

Task Division

-—
_—
-—
71.3% wem

Figure 4. Ratio in the Coodination dimension

The labels in the "Argument" dimension are assigned
independently of other dimensions. Thus, its domain spans
both the On-task and the Off-task contributions. As shown in
Figure 5, the label "Non-Argumentative moves" occupied
more than 60 % of all. The label "Simple Claim" occupied
the second percentage. To assess the discussion of the group
work, at least it is necessary to remove the "Non-
Argumentative" contributions and pay attention to which
kind of claim is presented, even if almost every claim can be
classified into the "Simple Claim". Therefore, the automatic
coding for this dimension is as valuable as for the other three
dimensions.

2.9%

Non-Argumentative
Simple Claim
Grounded Claim
Qualified Claim

G. and Q. Claim

Figure 5. Ratio in the Argument dimension

V. EXPERIMENTS

A. Approach to Learing and Classifcation

As described in Section 11, deep neural networks (DNN5s)
outperform other machine learning methods significantly at
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least for the coding labels proposed by our previous studies
[6]-[8]. Their results of the experiments show that the
Seq2Seq-based model achieves the highest accuracy among
several DNN structures. Thus, we apply the Seq2seqg-based
model to classify our new coding labels in this paper.

The new coding scheme has four axes to be labeled as
discussed in Section III; the Epistemic, the Coordination, the
Argument, and the Social dimension. In the following
experiments, the labels in each axis, or the dimensions, are
learned and classified. There are solid dependencies among
the Epistemic, the Coordination and the Social dimensions,
while the Augment dimension is independent of the other
dimensions. As shown in Figure 6, there is a dependency tree
among the former three dimensions. For instance, the label of
the Social dimension is assigned only if that of the Epistemic
is “On task.” Therefore, the number of available
contributions for learning is different for each classification
task. In the following experiments, since we use the samples
that have the coincidence labels only, the number of the
available contribution was 8,460 for the Epistemic, 7,795 for
the Augmentation, 3,510 for the Coordination, and 2,619 for
the Social.

Social dim.
Epistemic IE E)fte'zmélization §
dim. < |" Elicitation i Augumentation dim.
G * Quick consensus '
*0On talsk * Integration consensus i * Simple claim
A S * Conflict consensus i * Qualified claim
“:: . [ Summary ! | * Grounded claim
__Goordination dim. I | Grounded and Qualified
N . \*\&)ff sk =" |+ Task division i * Non-argumentative
\ N * Time management !
< < * Technical coordination | |
\\\ \\\ * Proceedings i
* No sense 7 Others (Greeting etc.) i

Figure 6. Dependency of Dimentions

B. Parameter Settings

We set the parameters for learning to the same values as
in our previous study. They include the various kinds of the
parameters such as the number of layers, the vector sizes of
layers, the option of the optimization algorithms, learning
rate, etc. The details can be referred to our previous studies

[6]-[8].
C. Results for the Epistemic Dimension

The results of the experiments show that the On and Off
tasks can be classified correctly with sufficiently high
accuracy (Figure 7). The Seq2seq-based model achieves
more than 90 % in both precision and recall (Table XII).
Since the coincidence ratio by two human coders is 91%, we
can say that the accuracy of automatic coding, which is
comparable to human beings was obtained for the Epistemic
dimension.
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TABLE XII. PRECISION AND RECALL FOR THE EPSTEMIC
DIMENTION
Precision |Recal | F1-Score Support
On Task 0.90 0.91 0.90 390
0ff Task 0.92 0.91 0.91 456
Average (Micro) / Total 0.91 0.91 0.91 846
400
350
On Task 0.91 0.09 300
g 250
E 200
Off Task | 0.09 0.91 150
+100
g o
00‘@‘7 0(\09 50

Predicted label

Figure 7. Confusion matrix for the Epstemic dimension

D. Results for the Argument Dimension
The classification accuracy is also high for the Argument

dimension. The micro-averaged F1 score is 87 % (Table XIII).

Especially, the F1 score for the label "Non-argumentative
Moves" is high sufficiently (92 %), which means that our
model can surely recognize whether the contribution has any
substantial meaning as a claim or not. On the other hand,
while the precision for the "Simple Claim" is high (89 %), the
recall for it is low (72 %). According to the confusion matrix
shown in Figure 8, a quarter of the Simple Claim is
misclassified into the Non-argumentative. This is because it
is difficult to distinguish contributions that have a very small
opinion from that have no opinions.

Non-Argumentative 0.03 0.0 0.0
300
— Simple Claim{ 0-25 0.72 0.03 0.0
2
=
Q
2
= Grounded Claim{ 0-19 0.29 0.52 0.0 200
Qualified Claim| 00 1.0 0.0 0.0
+100
&
<
& o o o
@e Q\e 606 &
& o S & 0
IS e ~
N
Predicted label
Figure 8. Confusion matrix for the Argument dimension
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TABLE XIII. PRECISION AND RECALL FOR THE ARGUMENT
DEMENTIONFFIGU
Precision Recal | F1-Score Support
Non-Argumentative 0.87 0.97 0.92 491
Simple Claim 0.89 0.72 0.80 264
Grounded Claim 0.58 0.52 0.55 21
Qualified Claim 0.00 0.00 0.00 1
Average (Micro) / Total 0.87 0.87 0.87 777

E. Results for the Coordination Dimension

Regarding the Coordination dimension, our model also
achieved high classification accuracy. Seeing that the number
of supports varies greatly among the labels, we should
evaluate the classification ability of the model by the micro-
averaged accuracies over all coding labels. As Table XIV
shows, the micro-averaged F1 score was 85 %.

According to the results for each label (Figure 9), the
following is observed. The major labels such as "Other" and
"Technical coordination" are classified correctly with high

F. Results for the Social Dimension

Comparing to the other dimensions, the accuracy was
relatively low for the Social dimension. The F1 score was
70 % (Table XV). Since labeling the Social sometimes needs
understanding the deep meaning of the contribution and the
background story of the discussion, it seems to be difficult for
machines to learn them correctly with limited data.

According to Figure 10, the recall of the label
“Externalization” is especially low (61 %), while those of
“Quick Consensus” and “Elicitation” are high sufficiently
(93 % and 97 %, respectively). According to the confusion
matrix in Figure 10, there is a major reason that worsen the
accuracy; the Externalization labels are easily misclassified
to the Quick Consensus and to the Elicitation, but not vice
versa. This fact also explains the reason why the precisions
for the Quick Consensus and the Elicitation are low though
the recalls for them are high. To improve the result, it is
necessary to pursue the causes of these two types.

precisions, while the minor labels such as "Time
Management", "Quote" and "Task Division" are not. Because TABLE XV. PRESCISION AND RECALL FOR THE SOCIAL
the data for those miner labels are very limited, which have DIMENTION
less than 50 contributions, it is qulte‘dlfﬁcult to learn them Precision TRecall FiScore TSapport
accurately. One of our future issues is to find some way to Externalization 0.86 061 072 77
deal with those sparse labels. Quick 0.71 0.93 0.81 88
Elicitation 0.56 0.97 0.7 29
TABLE XIV. PRECISION AND RECALL FOR THE COORDINATION Interg. Consensus 0.17 0.14 0.15 7
DIMENTION Conflict Consensus 0.00 0.00 0.00 6
Summary 0.00 0.00 0.00 3
Precision  [Recal | F1-Score Support Others 0.00 0.00 0.00 2
Others 0.91 0.91 0.91 242 Average (Micro) / Total 0.72 0.72 0.70 262
Technical Coordination 0.81 0.80 0.81 82
Proceedings 0.58 0.70 0. 64 20
Time Management 0.33 0.25 0.29 4 80
Quote 0.00 0.00 0.00 1
Task Division 0.00 0.00 0.00 2 70
Average (Micro) / Total 0.85 0. 86 0.85 351 Externalization 02 016 0.02 00 0.0 00
Quick Consensus | 0-05 002 00 00 00 00 e
200 Elicitation | 003 0.0 [0.97 0.0 0.0 00 0.0 50
7
o
Others 0105 0,03 001 0.0 0.0 175 £ |nterg. Consensus | 029 057 00 014 00 00 00 w0
=1
Technical CoordinatiOn“ 017 08 0.02 00 0.0 0.0 150 . Conflict Consensus| 05 0.33 0.0 017 00 0.0 00 %
3 broceedings| 025 005 07 00 00 00 125 Summary/0.33 0.33 00 033 0.0 00 00
= 20
E Time Management 075 00 00 025 00 00 106 Others/ 1.0 00 0.0 00 00 00 00
< < Qo 4 d
Quote| 10 00 00 00 00 00 75 & ‘)o"‘) & &0"’0 ‘)zo“\) ((\@”d O@é 1
é‘"’\\ & ¢ & & S
Task Division| 00 0.5 05 00 00 00 50 & ¢ PR lo
o & (S
S S "
o@é" <\’5;_\0 &o& éo"’(\ ooo& .\4\’;’@0 l25 Predicted label
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?}cP N <& 0
&&" <& Figure 10. Confusion matrix for the Social dimension

Predicted label

Figure 9. Confusion matrix for the Coodination dimension Results for the
Social Dimension
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VL

A. Summary

SUMMARY AND FUTRE WORK

In this study, we proposed a newly designed coding
scheme with which we tried to automate time-consuming
coding task by using deep learning technology.
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We have constructed a new coding scheme with five
dimensions to analyze different aspects of the collaboration
process. After manually coding a large volume dataset, we
proceeded to the machine learning of this dataset using
Seq2seq model. Then, we evaluated the accuracy of this
automatic coding in each dimension. Except some typical
types of the misclassifications, the results were overall very
good. These results indicate with certainty that we can
introduce this model to authentic educational settings and that
even for large classes that have many students, we can
perform real-time monitoring of learning process or ex-post
analysis of big educational data.

B. Future Work

As for the future research directions, we may have two
approaches to pursue.

The first approach is about some typical
misclassifications in the Social Dimension. To improve
prediction accuracy, one could make more explicit and
comprehensible the referential relation between a
contribution and others even for the machines, if one
indicates contributions to which a contribution refers. For
example, with regard to the typical misclassification
mentioned above between “Externalization” and “Quick
Consensus” or “Elicitation”, since contributions labeled
“Externalization” have no reference to other contributions,
we can hope to effectively reduce these misclassifications
with this kind of indicator. In addition, as the next step of this
paper, it seems to be worth trying to compare the accuracy
using DNN models other than Seq2seq and other network
structures such as memory networks [13].

The second approach concerns the intrinsic structure of
our coding scheme. Since the scheme contains different
dimensions and under each dimension different labels are
hierarchically organized, it is very interesting to discover not
only correlations among dimensions, but also among labels
belonging to different dimensions [14]. If we can input the
information about the correlation between such labels in
some form at the time of automatic classification, the
accuracy of automatic coding can be further improved.
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