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bias dependent on the input hashtags. To address the sam . — _

selection bias, we formulate bias-penalized information gair;Tv'&;ﬁtéf Sllt.n;l'aer:]r}ﬁorzlpclilstrlbutlon ofcy tweets gathered from

(BPIG) with considering a penalty for biased occurrence of 9

feature f; as follows: | Duration (JST) [ #Tweets |

2011-10-16 21:44:2523:55:31| 49,998

2012-02-20 11:19:2515:25:04 | 49,994

BPIG(Co|F;) = IG(Co|F;) — o max IG(My|F;) 4) 2012-04-14 00:59:1507:57:55 | 49,992
kEK; Total 149,984

with
The ¢, tweets aregathered from Twitter Streaming API.
{k | PMI(ms, filcg) >0} (5)  The ratio of public concerns irj, is predicted to be much less
PMI( ) = 1 p(m, filed) ©) than that incar._TemporaI_ distribution (_)f the 149,984 tweets
Mk, fileo & malehp(filed) collected as, is shown in Table Il. Since we presume that
M, = {mf,mg}, 7y  theratio ofc™ is greater than that af", the ratio ofc; is also
set as greater than that gf . We conducted an experiment for
wherelet m;" be a label representing that,, a hashtag or feature extraction using these 182,828 tweets consistirg of
a user, appears in a tweet or is the author of the twegt, andcg . F_eatures representingj and c; are extracted with
be a label representing thai, does not, andv € [0,1] be  the following procedure:

a weight of the penalty term. Hereyaxyc i, IG(My|F;) can A . ‘
be regarded as a penalty fgr that co-occurs only with a 1 Eigzgt?\i[:;re% by 1G(ColF:) and BPIG(ColFy),

particular hashtag or use;. 2) As features forcar , extract high-ranked feature§,
Table | shows the hashtags for gatherifg tweets from such thatPMI(c;, f;) = log p(i(tfi) < 0.

Topsy's ofter API. We specified Japanese as the language 5, . . fore— ext tﬁﬁcoh)_”(f'i)k d feat

of gathered tweets in query URLs for the API. Temporal ) AS features orcy » extract high-ranked ted ures,

distribution of the 32,844 tweets collected @s is shown in such thatPMI(cg , fi) <0

Figure 10. Thecj tweets consist mostly of the tweets in the In this experiment, we regard morphemé-grams as

latest months due to the characteristics of time window of th§eatures of each tweet. Table Il and IV represent the results of

Topsy search. feature extraction where 16Y = 3, i.e., in case of morpheme
tri-grams. There are some pre-processings before extracting
morphemeN-grams; URL strings and user names (starting

K;

TABLE I: Hashtags for gathering; tweets with @) in_ tweets are replgced by “[URL]" and “[U_SER]”.
Hashtags in tweets are omitted. “[B]” and “[E]” are inserted
Hashtags #FTweets Hashtags #Tweets into beginning and end of a tweet, respectively.
#LZ= (society) 1.981 #H /] (electricity) 1.020 . .
#HEfE (welfare) 1.629 T 3 ILF— 797 The features for the positive exampteg, are shown in
#5J3 (environment) 1,380 (energy) Table Ill. The features extracted by information gain, which
#HE (economy) 1,985 Fngov 1,040 are ranked in the left side of the table, are greatly biased due
#IXGH (politics) 3.131 #seiji (politics) 4,796 he i hash | h of "
#9458 (diplomacy) 986 #politics 1,775 to the input hashtags. For example, ?Ot 0 NEWS W_EB 24
#2(75 (education) 1,865 #zaisei (finance) 1.014 (a name of TV news program) and&# T#i/T” (introducing
#1132 (pension) 940 #keizai (economy) 2.406 it in our program) are dependent on the hashtag #nhk24. In
( # F’ﬁfﬁ ) 1,592 #Sllﬂlf?lhf;’j"”ﬂ igﬁ contrast, the features extracted by BPIG in the right sides of the
consumption tax #nhk24 L0644 o .

ST (ml}slem. plant) 3129 wbe 289 tables are not specific to a particular hashtag of a user. These
£L[f% (rubble) 2367 Total 33033 N-gram features are commonly used for describing public
#NE (tubble) 1,949 Total without 32.844 concerns, e.g., expressions for stating fact or question. Table V

duplication represents featuregs which have higher penalties for bias, that

is, highermaxye i, IG(My|F;). The result shows that BPIG
can appropriately filter out features that co-occurs only with a
| particular hashtag or user.

16000
15500

e The features for the negative exampig, are shown in

2000 | Table IV. Both thec;'s features and the;’s features are

1500 needed for classifying the positive examples and the negative

o ones. Ther;'s features can be used for filtering the negative
0 examples as noise tweets. Although in both cases of informa-

tion gain and BPIG, expressions for greeting or communication
are higher ranked, features with highe | f;), such as “ !!

[E] " and “!!!”, are lower-ranked in BPIG than in information
Fig. 10: Temporal distribution ofcj tweets gathered from gain.

Topsy Otter's API
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MorphemeN-grams (V = 2,3,4,5) extracted as features
for ¢/ can be classified by modality types as shown in Table
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TABLE IIIl: Morpheme tri-grams extracted as features representjng

Ranking by IG Rankmg by BPIG
Tri-gram f; | 1G(Co|Fy) ‘ pleg | fs) Tri-gram f; ‘ BPIG(Co|I) ‘ pleg |fi)

) [URL][E] 8.38 x 10=3 [ 0.804 | [URL][E] 414 % 1073 0.758

J [URL][E] 8.25 x 103 | 0.843 TV, 1.21 x 10-3 0.602

:[URL][E] 6.79 < 1073 | 0.845 TWaD 0.23 x 10~* | 0.560

_[URL][E] 5.96 x 1073 | 0.751 TWEd 9.14 x 10~* | 0.539

| [URL][E] 5.51 x 10=3 | 0.758 LT3 9.13 x 104 0.602

- [URL][E] 4.13 %1073 | 0.465 » RT [USER] 7.66 x 107% | 0.563

NEWS WEB 24 | 3.70 x 10=3 | 1.00 hiz 6.21 x 104 0.492

»J [URL] 3.68 x 1073 | 0.954 ntwns3 6G.17 x 107* 0.589

LT3 3.64 x 1073 | 0.602 LTw 5.83 x 1074 0.499

DRAPtES5—— | 336 x 10-3 | 0.984 Tidan 3.39 x 104 0.480
Tt THE 3.22 x 1073 | 0.997 07 2.77 x 107% 0.83
WEB 24 T9 3.21 % 10=3 | 1.00 DIFF—EEH | 2.26 x 1071 0.97
24 T9, 3.21 x 1073 | 1.00 .20 225 % 107% | 0.90
VA — Rl 3.18 x 1073 | 1.00 yes Or no 2,16 x 104 1.0
THITL 3.15 x 1073 | 0.986 - ) yes or 1.97 x 10~4 1.0
LT&w» 3.14 x 1073 | 0.997 w - ) yes 1.97 x 10~4 1.0
KLy A—hic 3.11 x 103 | 1.00 7 [URL] $AHL 1.97 x 10—4 1.0
TEWWYA—h 3.11x 1073 | 1.00 or no? 1.97 % 10~4 1.0
i SEAS) 3.10 x 10=3 | 1.00 no? [URL] 1.97 x 10— 1.0
SankeiBiz #HEES | 3.10 x 1073 | 1.00 . HAD 1.93x 1074 | 082

TABLE IV: Morpheme tri-grams extracted as features represengjng

Ranking by IG Rankig by BPIG

Tri-gram f; ‘ IG(Co|Fy) ‘ pled| fi) Tri-gram f; ‘ BPIG(Co|F}) ‘ pleg | f:)
) 1.84 > 102 ] 0.009 [B][USER] 5 1.83 <1072 [ 0.001
[B][USER] ¥ 1.83 x 1073 | 0.001 €3) 1.60 % 1073 0.009
59[E] 1.43 % 103 | 0.005 (o 1.11 % 103 0.006
11 [E] 1.39 % 1073 | 0.044 %)[E] 1.09 % 103 | 0.005
(o 1.25 x 10=3 | 0.006 [B][USER] ¥i3 & 5 9.66 x 10=% | 0.002
[BI[USER] Bl& &S | 9.66 x 10~* | 0.002 [B][USER] 09 8.98 x 10~4 0.000
cw - 9.08 x 10~* | 0.028 [BI[USER] Z 5 8.67 % 107% | 0.000
[B][USER] 5%d¢° 4 | 8.98 x 10=* | 0.000 VA 6.02 x 10— 0.002
[BI[USER] % 5 8.67 x 10~% | 0.000 [USER] 51 5.08 x 1074 0.002
-« [E] 8.24 % 104 | 0.030 V) 5.89 x 10—4 0.002
1" 7.00 x 10—=* | 0.061 [BI[USER] % 5.76 < 10™* | 0.000

TABLE V: N-grams that frequently co-occur only with a annotation manual and building a concern corpus.

specific hashtag or user uy” (excerpted)
VI. APPLICATION

. Hashtag or user Penalty for f;
N-gram f; arg max IG(My|Fy) | max IG(Mg|F%) A. Public Debate Using SOCIA Dataset
Tﬂkt—l{l i
1 [URL][E] #il 9.05 x 10*; Citispe@k (pronounced “citi-speak”) is a prototype Web
GDRA PRI #Zi 41951072 application that supports public debate by utilizing the SOCIA
AT Frs 3091077 dataset. It provides mobility and reach by supporting Web
SankeiBiz i &1 #news 3.84 x 10 b . h d tabl T
[URL][E] snews]P 360 x 10—2 rowsers running on smart phones and tablets. The term
NEWS WEB 24 #nhk24 3.48 % 10-2 citispe@k is based on the idea that citizens speak about social
FHHTHINL #nhk24 3.10 x 102 issues and current events of the regions in which they live.
o [URLILE] _ @smn007 9.29 x _10:; Users can discuss and sort out regional issues by referencing
FERERR) [URL(E] @selection_news .76 1077 news articles, tweets, or other relevant resources on the Web
), [URLI[E] @selection_news om0 by using citispe@k. By creating discussion topics or inputtin
33 K% %—) [URL][E] @yomidt 3.24 % 10-2 y g9 p - By g p putting

opinions into the system, those topics and opinions are also
stored as the SOCIA dataset. Figure 7 shows a screenshot of
citispe@k. The screenshot has lists of event or related infor-
VI. Suggestions,questions, and fact statements with somemation. Events recently updated are listed on the left of the
references (quotation) can be extracted as public concerns frogtreenshot. The system initially shows all events. The user can
Japanese tweets, according to this analysis result. We suppagen limit the list to show only events related to a region. When
that these analyses can be used to define the boundary betwdba user selects an event from the list, information about the
positive example™ and negative example™ towards drafting event is shown on the right side of the screenshot. Information
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Select tags
TABLE VI: Modality types of morphemeV-grams extracted  from popup menus
as features representing (excerpted) n&z(_m st —
Importan com  Yahoo! JAPAN. - o—hv AVe ZERRURSCLOFE DCCARD BLWBYX »
T = s T Duzbrttfull — = . — !‘
\ Modality H N-gram f; \ BPIG(Co|F3) | pleg |fi) \ Revilement citispe@k
Quotation 7 [URLIE] 111103 [ 0758 e Pu71::;;;:;1”:m\:,;::mmm:i::im'
Retweet —a—A [URL] 1.11 x 10—3 0.825 Emergency TG S n{:;ﬁtz:ﬁ:}!ig
RT [USER]: 7.66 x 107* | 0.563 sttt g - - o
7 : Elzk;f%fﬁ%ﬁlglj 1.46 x 10_4 0.82 Economy - Important N S
BeFEHIE) [URL]E] | 1.00 x 107* | 078 ke — R
-MSN %%%:;*7\ 9.19 x 10—> (0.884 Japanese Economy - el
Suggestion ~E, 2.20 x 10— % 0.76 peace.t e it AddTags  Cancal
Assertion gRE 1.66 x 10~* 0.725 Peace - n
NEE 1.48 x 107 | 0.61 e et
FENE 6.03 x 10=5 | 0.60 B ot PR
LizbE372A5 3.92 x 1072 1.0 — bl TR Lk e
Averment T\, 1.21 x 1073 0.602 HE. NEEOBRTENR AR SERRL NECH) 2012703118
Fact THWET 0.14 x 10~4 0.539 31 AMCETFARR H# R R A Tags e
LTw3 0.14 % 10—4 0.602 . BEADLAL BES . aFmes i 300000
EhTwd 2.26 x 10=* | 0.629 ek me ]| = b e
Question *+ ) yes or no? 1.97 % 1072 1.0 KFIIT | FNEH LGRS
Doubt T ? 118 x 107* | 063 ;ﬁ:;::;::i -
TWB0MH 7.49 x 10~5 | 055 bl e
DTLEX 5D 419 %1072 | 053
Content HAD 532 % 1073 0.824
] 1.14 x 10=3 | 0.900 . . . . .
EES L04x10-3 | 0884 Fl_g. _12. Annotating selected event with tags representing
JkFg 8.79 x 10=% | 0940 criteria
196 3.60 x 10~* | 097
Rk 2.62x 10~% | 098

Ryokuchi Park in Nagoya City analyzes road constructfon.

consists ofnews articles, tweets, and events related to the® report on their analysis was made based on several criteria:
event. Those resources can be easily shown and visualizegconomic chance”, “life, educational or cultural chance”,
in an iFrame without leaving the system. Users can appendsafety, security”, etc. Thus, classifing opinions on the basis of
comments, e.g. ideas, questions, and answers, by selectifgteria is effective for concern adjustment. Citispe@k provides
specific content provided by citispe@k. A comment can also béags for such criteria. Users can add tags composed of criteria
posted to Twitter (via @citispeak account) to further its reactand polarity, such as “Environment +" or “Environment -".
and be stored in SOCIA. Users can create discussion topidgitispe@k also provides tags that can be used to express
related to events, news articles and tweets. The “View relatete intention of an utterance, like “Question”, “Idea”, and
topics” button (Figure 11) is used to see topics related to théRefutation”. If events or news articles have many such tags,
event being viewed. Users can create a new discussion toptBe tags can be used to support the analysis of concerns. Fig. 12
about the event by clicking the "Make a new topic” button. Shows an example of tagging an event. We designed the tags
The cycle of the discussions in citispe@k is that users browsBy referencing the QOC model [24] and the Deliberatorium

events, get topics related to an event, and add their opinion [14] for supporting concern assessment through public debates
N ) ) using citispe@k and the contents in SOCIA.
Citispe@k also has a function supporting concern as-

sessment. The system aim to support the analysis of t . . .
trends in citizens’ awareness, its background information, and" Goal Matching Service Using SOCIA Dataset

the anxiety about social issues. For example, a committee We are planning to develop a Web service to match
for scientific verification of road construction in Aioiyama- citizens and agents who are aiming at similar goals to facilitate
collaboration. Toward this end, we expanded the SOCIA
ontology to describe the public goals in Fig. 6. The property
socia:subgoal enables us to describe the hierarchical
structure of goals and subgoals. The public goal matching
service that we aim to develop requires high-recall retrieval of
similar goals to facilitate inter-domain, inter-area, and inter-
organizational collaboration.

Moka aNow Topie  Cancal

Pairs of similar goals are connected by the
Creatinga new topic linked to the schema:isSimilarTo property?. The similarity between
event specified by the user public goals can be calculated on the basis of a recursive

definition of a bag-of-features vector as:

sReAmR BN

AMTR RTECRAERR EEoR,

Fig. 11: Creating a new discussion topic Uhttp://mww.citynagoya.jp/shisei/category/53-3-7-4-0-0-0-0-0-0.html  (in
Japanese)
L2http://schema.org/isSimilarTo
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we formulated a metric for mining feature expressions, i.e.,
bias-penalized information gain (BPIG). We conducted an ex-
periment for extracting features representing positive examples
and negative examples. The experimental results showed that
BPIG is more suitable for dealing with training data with
hashtag-dependent sample selection bias than the conventional
information gain.

Furthermore, we presented applications of the SOCIA
dataset, i.e., a public debate support system and a goal match-
ing service. These applications utilize the SOCIA dataset to
share context behind local concerns. We are planning to so-

phisticate the SOCIA ontology and dataset towards facilitating
public collaboration in the real world.
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. bof(gi) - bof(g;)
sim(gi, gj) = [[bof (g: H||bof i)l ©
«
bof(g) = mtﬁdf(g) Tida()l ( )H da(g)
4 bof(sg) 9
+|Sub(9)| sg€§>(9) [bot(sg)l N
tfidf (w1, g)
thidf(g) = tﬁdf(%'wl’g) SR, o
0
0
lda(g) = p(z?IQ) SR *
p(z\.z||9)

(1]

where ¢ denotes a public goalbof(g) denotes a bag-of-
features vector of, andsub(g) denotes a set of subgoals of

g. Here,w € W denotes a terny; € Z denotes a latent topic  [2]
derived by a latent topic model [25], anfldf(w, g) denotes

the TF-IDF, i.e., the product of term frequency and inverse
document frequency, ab in a title and a description gf. The
p(z|g) denotes the probability of giveng, 0 < o, 8,7 < 1,

anda + 8 4 v = 1. The reason this definition incorporates a [3]
latent topic model is to enable short descriptions of goals to
be dealt with because TF-IDF is insufficient for calculating
similarities in short texts. The parametass 3, and v are

empirically determined on the basis of actual data. 4]

This prototyped method of calculating similarities should
be tested, verified, and refined though experiments in future
work using the LOD set of public goals that we present.

VII. CONCLUSION [5]

We designed the SOCIA ontology, which is a linked [6]
data model to share context behind local concerns with two
approaches: (1) structuring Web news articles and microblogs
about local concerns on the basis of geographical regions and
events that were referred to by content, and (2) structuring,
public issues and their solutions as public goals. We moreove|I
built the SOCIA dataset, which was a linked open dataset,
on the basis of the SOCIA ontology. Web news articles andis]
microblogs related to local concerns were semi-automatically
gathered and structured. 54,854 news articles were storedp]
to the SOCIA dataset and they were automatically linked
with prefectures and events. Moreover, 657 public goals were
manually extracted from Web content related to revitalization
from the Great East Japan Earthquake. [10]

We investigated feature expressions to extract public con-
cerns from microblogs written in Japanese towards mor 1
accurate extraction of public concerns. To address a technic
issue about sample selection bias in our microblog corpus,

Promotion of Science (JSPS) and SCOPE from the Ministry
of Internal Affairs and Communications, Japan.
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