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Extracting Issue-Based Information System Structures
from Online discussions

Abstract: In this paper, we propose an approach that aims to extract issue-based information system (IBIS)
structures. The ultimate goal is to develop an automated facilitation agent facilitating online discussions.
Towards this end, we implement a function of extracting discussion structures. We adopt the IBIS as a
suitable format for structuring online discussions. In this context, we model the task of extracting IBIS
structures as two subtasks of node extraction and link extraction. In order to perform these two subtasks, a
deep neural network based approach is employed. The results of a set of experiments on a dataset collected
from the discussions in the online discussion support system called D-Agree showed the proposed approach
is efficient for extracting IBIS structures from online discussions.
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ZEIZDOWTEMT BifELH 5. Z OFFHRITFERIZHH
U7z T — X U T IBIS alic 813 5 7 — Rl iz
X O X7z ideas / — N OHEIFHIIENZ & 2L §

SN, 72 & 5% ideas / — K2V X 7z
ZeERMAET S, REFERIFIBISHEIIES T2 v o
WHZETOIBIZ, AV T4 ViEgmE AT LIZEBITB A
Ly P&z HWTY 25k — ROz BRE L7z,
P bz RE ST 5 Z I ARARETH B0, /—K
HhH & R SUIRZ RSE L T2 FE2 WS FELRE X
Lhb.

6. &b

ARTIE, HEZ7 7V TF—va vz E#dT 52010
VI Vigmr o IBIS MG 2T 5 FEERET 5.
REFEIT YT VERH» S IBIS HEEMHT 5720
HERTEZRAWS. BREFIEITIBISHEEIIEITS ) —
R e v > 7tz & b, IBIS Mot 2 EH T 5.
REFEZIHMAT 272012, D-Agree Tz A Y I 4
VEmEERT - X U THWARERMTONS. L
RIREFED A VT 1 Vigand 5 53R IBIS s %
T2 ERT.

513 IBIS & D OEEZM L9522 é%i’b
TWa., JlOoKEE LTIEA Y I 1 Vigine ARERIC

DEBERIGEN T ZHE 7 7Y F—Yaryi—Yx
VhOBFEFELTWAS., BE) 7 7YV TV aryI—
Vv hMNEIFA VI VERE T TV T —ave A7)
IZREWP T 28R 2 BEEL T 5.

HiEE  ARESCTHAN U 729N A L, JST CREST I——
vz v hHEAZ %O<k%ﬁ$§é%ﬁ/ﬁki%“/7\%A®ﬁﬂ
B AAERGEZT) (U7 2 MBS JPMICRISEL) (2%
EXITTVWLIHED—HTH 5.
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