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Abstract

We propose a supervised method of
extracting event causalities likeonduct
slash-and-burn agriculture-exacerbate
desertification from the web using se-
mantic relation (between nouns), context,
and association features. Experiments
show that our method outperforms base-
lines that are based on state-of-the-art
methods. We also propose methods of
generatingfuture scenariosike conduct
slash-and-burn agriculture-exacerbate
desertificatior~increase Asian dust (from
China)—asthma gets worse Experi-
ments show that we can generate 50,000
scenarios with 68% precision. We also
generated a scenarideforestation con-
tinues—global warming worsenssea
temperatures rise>vibrio parahaemolyti-
cus fouls (water) which is written in no
document in our input web corpus crawled
in 2007. But the vibrio risk due to global
warming was observed in Baker-Austin
et al. (2013). Thus, we “predicted” the
future event sequence in a sense.

Introduction

I'rovel l'ia, *kidawara}@ict.go.jp

future events and assesses their potential chances
and risks. Our ultimate goal is to develop a system
that supports scenario planning through generat-
ing possible future events using big data, which
would contain what Donald Rumsfeld called “un-
known unknowns® (Torisawa et al., 2010).

To this end, we propose a supervised method
of extracting such event causality a®nduct
slash-and-burn agriculturesexacerbate desertifi-
cation and use its output to generdfigture sce-
narios (scenarioy, which are chains of causal-
ity that have been or might be observed in
this world like conduct slash-and-burn agricul-
ture—exacerbate desertificatienincrease Asian
dust (from China}»-asthma gets worséNote that,
in this paperA—B denotes thaf cause®, which
means thatif A happens, the probability of B in-
creases Our notion of causality should be inter-
preted probabilistically rather than logically.

Our method extracts event causality based on
three assumptions that are embodied as features
of our classifier. First, we assume that two nouns
(e.g. slash-and-burn agricultureand desertifica-
tion) that take some specific binary semantic rela-
tions (e.g. A CAUSES B) tend to constitute event
causality if combined with two predicates (e.g.
conductandexacerbatg Note that semantic re-
lations are not restricted to those directly relevant
fo causality likeA cAUSESB but can be those that

ity where people, organizations, and other kindsmight seem irrelevant to causality lik IS AN

of entities causally depend on each other. Thi

INGREDIENT FORB (e.g. plutoniumand atomic

_networl_< is so huge and complex _that itis 6?ImOStbombas in plutonium is stolen-atomic bomb is
impossible for humans to exhaustively predict th&,, ;s - our underlying intuition is the observation

consequences of a given event.

Indeed, after g+ event causality tends to hold between two en-

Great East Japan Earthquake in 2011, few €Xgiag jinked by semantic relations which roughly
pegt?d_that it would lead to an e:normous'tradeenta” that one entity strongly affects the other.
deficit in Japan due to a sharp increase in eng, ., semantic relations can be expressed by (oth-

ergy imports. For effective decision making that
carefully considers any form of future risks and
chances, we need a system that helps humans
scenario planning(Schwartz, 1991), which is a

erwise unintuitive) patterns liké 1S AN INGRE-
DIENT FORB. As such, semantic relations like the
ATERIAL relation can also be useful. (See Sec-

decision-making scheme that examines possible *http://youtu. be/ G Pe1G KQuk
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tion 3.2.1 for a more intuitive explanation.) above) to be an exact match. To increase the num-

Our second assumption is that there are gramper of acceptable scenarios, our method identifies
matical contexts in which event causality is morecompatibility w.r.t causality between two phrases
likely to appear. We implement what we con-by a recently proposed semantic polarigxci-
sider likely contexts for event causality as con-tation (Hashimoto et al., 2012), which properly
text features. For example, a likely context ofrelaxes the chaining condition (Section 3.1 de-
event causality (underlined) would bEO2levels scribes it). For example, our method can iden-
rose, so climatimnomalieswereobservedwhile tify the compatibility betweersea temperatures
an unlikely context would bdt remains uncertain  are highandsea temperatures rige chainglobal
whether if therecessioris bottomed theleclining warming worsens:sea temperatures are high
birth rateis halted Useful context information in- andsea temperatures risevibrio parahaemolyti-
cludes the mood of the sentences (e.g., the unceeus fouls (water) Accordingly, we generated
tainty mood expressed hncertainabove), which ~ a scenarialeforestation continuesglobal warm-
is represented by lexical features (Section 3.2.2).ing worsens-sea temperatures risevibrio para-

The last assumption embodied in our associahaemolyticus fouls (water)which is written in
tion features is that each word of the cause phraseo document in our input web corpus that was
must have a strong association (i.e., PMI, for exLrawled in 2007, but the vibrio risk due to global
ample) with that of the effect phrase slash-and- warming has actually been observed in the Baltic
burn agriculture and desertificationin the above Sea and reported in Baker-Austin et al. (2013). In
example, as in Do et al. (2011). a sense, we “predicted” the event sequence re-

Our method exploits these features on top of ouPorted in 2013 by documents written in 2007. Our
base features such as nouns and predicates. Exp&Xperiments also show that we generated 50,000
iments using 600 million web pages (Akamine etScenarios with 68% precision, which includen-
al., 2010) show that our method outperforms baseduct terrorist operations-terrorist bombing oc-
lines based on state-of-the-art methods (Do et alCUrs—cause fatalities and injuriescause eco-
2011; Hashimoto et al., 2012) by more than 199"0mic losseand the aboveslash-and-burn agri-
of average precision. culture’ scenario (Section 5.2). Neither is written

We require that event causality beelf- N any documentin ourinput corpus.

containedi.e., intelligible as causality without the !N this paper, our target language is Japanese.
sentences from which it was extracted. For exHowever, we believe that our ideas and methods

ample, omit toothbrushing-get a cavityis self- aré applicable to many languages. Examples are
contained, butomit toothbrushing-get a girl- translated into English for ease of explanation.
friend is not since this is not intelligible without a SuPPlementary notes of this paper are available
context: He omitted toothbrushing every day and@ http://khn.nict.go.jp/ anal ysis/

got a girlfriend who was a dental assistant of den-Temoer / ch/ acl 2014- sup. pdf.

tal clinic he went to for his cavity This is im-
portant since future scenarios, which are gener2 Related Work

ated by chaining event causality as described be=or event causality extraction clues used by
low, must be self-contained, unlike Hashimoto etprevious methods can rough|y be Categorized
al. (2012) To make event Causality Self-Containedas |exico-syntactic patterns (Abe et al., 2008;
we wrote guidelines for manually annotating train-Radinsky et al., 2012), words in context (Oh et
ing/development/test data. Annotators regarded|, 2013), associations among words (Torisawa,
as event causality only phrase pairs that wereooe; Riaz and Girju, 2010; Do et al., 2011), and
interpretable as event causality without contextsyredicate semantics (Hashimoto et al., 2012). Be-
(i.e., self-contained). From the training data, oursjdes features similar to those described above, we
method seemed to successfully learn what SG'fpropose semantic relation featutahmat include
contained event causality is. those that are not obviously related to causality.

Our scenario generation method generates scgve show that such thorough exploitation of new
narios by chaining extracted event causality; genand existing features leads to high performance.
eratingA—B—C from A—BandB—C. Thechal- ————— . : -

A bacterium in the sea causing food-poisoning.

lenge is that many acceptable scenarios are Over- sgaginsky et al. (2012) and Tanaka et al. (2012) used se-
looked if we require the joint part of the chaiB ( mantic relations tgeneralizeacquired causality instances.
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Other clues include shared arguments (Torisawdgature extraction, the event causality candidates
2006; Chambers and Jurafsky, 2008; Chamberare accompanied by the original sentences from
and Jurafsky, 2009), which we ignore since we tarwhich they were extracted.
get event causality about two distinct entities. . _

To the best of our knowledgduture scenario Excitation We only keep the event causality

generationis a new task, although previous works capdldates each phrase of which consiste)ai-
have addressed similar tasks (Radinsky et altation templateswhich have been shown to be ef-

2012; Radinsky and Horvitz, 2013). Neither in- fective for causality extraction (Hashimoto et al.,

volves chaining and restricts themselves to onI);C’lZ) and other semantic NLP tasks (Oh et al.,

one event causality step. Besides, the events thegP 13 Varga et al., 2013; Kloetzer et al., 2013a).
predict must be those for which similar events xcitation is a semantic property of templates that

have previously been observed, and their methoﬁlalss'f'es_ them mtexclltatory mf;]lbltory, andneu_;
only applies to news domain. tral. Excitatory templates such asuse Xentai

Some of the scenarios we generated are writtewat the function, effect, purpose or role of their ar-
on no page in our input web corpus. Similarly, guments referent is activated, enhanced, or man-

Tsuchida et al. (2011) generated semantic knowli-feSted’ while inhibitory templates such msver

edge like causality that is written in no sentence.X entail that it is deactivated or suppressed. Neu-

However, their method cannot combine more thaﬂr"’II ones likeproportional to Xbelong to neither

two pieces of knowledge unlike ours, and their tar-2f them. We collectively call both excitatory and

get knowledge consists of nouns, but ours consist@h_'b'tOry template_s e_xcnanon templates. We ac-

of verb phrases, which are more informative, ~ duired 43,697 excitation templates by Hashimoto

Tanaka et al. (2013)’'s web information analy- et gl.’s method and the manual ann_otatlon of excr-
tation template candidat&sWe applied the exci-

dation filter to all 272,025,401 event causality can-

didates from the web and 132,528,706 remained.

3 Event Causality Extraction Method After applying additional filters (see Section A
in the supplementary notes) including those based

This section describes our event causality extracon a Stop-word list and a causal connective list
tion method. Section 3.1 describes how to extracto remove un|ike|y event Causa”ty candidates that
event causality candidates, and Section 3.2 detaiﬁre not removed by the above filter, we f|na||y ac-

our features. Section 3.3 shows how to rank evenguired 2,451,254 event causality candidates.
causality candidates.

3.2 Features for Event Causality Classifier

3.1 Event Causality Candidate Extraction 321 Semantic Relation Features

We extract the event causality between two event§ve hypothesize that two nouns with some particu-

:ﬁ ptresentded by dtWO phras;bs dfrv\c/)m st;?gle Zentenc?gr semantic relations are more likely to constitute
al are dependency par ¢ obtained sen- o ent causality. Below we describe the semantic

ftences from 600 m|_II|on web pages. Each ph.ras?elations that we believe are likely to constitute
in the event causality must consist of a predicate

with an argument positiontdmplate hereafter) event causality.
. 9 P . plate CAUSATION is the causal relation between two
like conduct Xand a noun likeslash-and-burn

. . entities and is expressed by binary patterns like
agriculture that completesX. We also require the P y y P

. . A CcAUSES B. Deforestationand global warming
predicate of the cause phrase to syntactically de- .

) might complete theA and B slots. We manually
pend on the effect phrase in the sentence from

. . I 748 binar rns for this relation.
which the event causality was extracted; we guarCO ected 748 binary patterns for this relation. (See

antee this by verifying the dependencies of theSectlon_Blnthe supplementary notes for examples
of our binary patterns.)

original sentence. In Japanese, since the tempo- , . .
9 P P MATERIAL is the relation between a material

ral order between events is usually determined b)é e . .
) : nd a product made of it (e.gplutonium and
precedence in a sentence, we require the cause

phrase to precede the effect phrase. For context SHashimoto et al.’s method constructs a network of tem-
- plates based on their co-occurrence in web sentences with a

“We used a Japanese dependency parser called J.DepRall number of polarity-assigned seed templates andsinfer
(Yoshinaga and Kitsuregawa, 2009), availabléatat p: / / the polarity of all the templates in the network by a constrai
www. t kIl .iis.u-tokyo.ac.jp/ ~ynagaljdepp/. solver based on the spin model (Takamura et al., 2005).
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SR1: Binary pattern of our semantic relations that co-

atomic bomband can be expressed Bys MADE occurs with two nouns of an event causality candi-

OF B. Its relation to event causality might seem date in our web corpus.
unclear, but a material can be seen as a “cause” SR2: Semantic relation types (e.gAGSATION and -
of a product. Indeed materials can participate TAILMENT) of the binary pattern of SR1. XEITA-
in event causality with the help of such template TION is divided into six sub types based on the ex-
. . . . . . citation polarity of the binary patterns, the argument
pairs asA Is Sft0|en_>B _'S madeas inplutonium is positions, and the existence of causative markers. A
stolen—atomic bomb is madeWe manually col- CAUSATION pattern,BBY A, constitutes an indepen-
lected 187 binary patterns for this relation. dent relation called the Brelation.
NECESSITYs patterns includeA IS NECES Table 1: Semantic relation features.

SARY FORB, which can be filled wittverbal apti-
tudeandability to think Noun pairs with this rela-
tion can constitute event causality when combined@nd obtained 55,881 patterns.
with template pairs likémprove A-cultivate B Moreover, for broader coverage, we acquired
We collected 257 patterns for this relation. binary patterns that entail or are entailed by one
USE is the relation between means (or instry-of the patterns of the above_ six semantic relations.
ménts) and the purpose for using thelns USED Those patterns were acquired from our wgb cor-
FOR B is a pattern of the relation, which can be PUS by Kloetzer etal. (2013b)'s method, which ac-
filled with e-mailerandexchanges of e-mail mes- Auired 185 million entailment pairs with 80% pre-
sages Note that means can be seen as “causing®/Sion from our web corpus and was used for con-
or “realizing” the purpose of using the means intradlgtlon acquisition (Kloetzer et_al., 2013a). We
this relation, and actually event causality can bgcduired 335,837 patterns by this method. They
obtained by incorporating noun pairs of this rela-2'€ class-dependent patternehich have seman-
tion into template pairs likactivate A-conduct i Class restrictions on arguments. The semantic
B. 2,178 patterns were collected for this relation, Classes were obtained from our web corpus based
PREVENTION is the relation expressed by pat- on Kazama and Torisawa (2008). See De Saeger
terns likeA PREVENTSB, which can be filled with St al. (2009), De Saeger et al. (2011) and Kloet-

toothbrushingandperiodontal diseaseThis rela- zer et _al. (2013a)_ for more on our pattern_s. They
tion is, S0 to speak, “negativeADSATION” since collectively constitute the ETAILMENT relation.

the entity denoted by the noun completing e Table 1 shows our semantic relation features. To

slot makes the entity denoted by tBaoun NOT use them, we first make a database that records
realized. Such noun pairs mean event causalitWhiCh noun pairs co-occur with each binary pat-

by substituting them into template pairs likenit ~"©' Then we check a noun pair (the nouns of the

A—get B The number of patterns is 490. cause and effect phrases) for each event causality
The experiments in Section 5.1.1 show that no{:andidate, and give the candidate all the patterns

only CAUSATION and FREVENTI.O'N (“negative In the database that co-occur with the noun pair.

CAUSATION”) but the other relations are also ef- 3.2.2 Context Features

fective for event causality extraction. We believe that contexts exist where event causal-
In addition, we invented the CITATION rela- ity candidates are more likely to appear, as de-
tion that is expressed by binary patterns made Ofcriped in Section 1. We developed features that
excitatory and inhibitory templates (Section 3.1).capture the characteristics of likely contexts for
For instance, we make binary patteiRISESB  japanese event causality (See Section C in the sup-
andA LOWERS B from excitatory templateise X plementary notes). In a nutshell, they represent a
and inhibitory templatéower Xrespectively. The connective €1 andC2in Section C), the distance
ExcITATION relation roughly means that acti-  petween the elements of event causality candidate
vatesB (excitatory) or suppresses it (inhibitory). (c3 andC4), words in contextC5 to C8), the ex-
We simply add an additional argument position t0jstence of adnominal modifie® to C10), and the
each template in the 43,697 excitation templates t@yjstence of additional arguments of cause and ef-

make binary patterns. We restricted the argumenfect predicates@13to C20), among others.
positions (represented by Japanese postpositions)

of the A slot to eithetha (topic marker)ga(nomi- ~ 3.2.3 Association Features
native), orde(instrumental) and those of ti&slot  These features measure the association strength
to eitherha, ga, de wo (accusative), oni (dative), betweenslash-and-burn agricultureand deser-

990



AC1: The CEA value, the sum of AC2, AC3, and ACA4.

AC2: Do et al’'sS,,. This is the association measure
between predicates, which is the product of AC5,
AC6 and AC7 below. They are calculated from the
132,528,706 event causality candidates in Section
3.1. We omit Do et al.'sDist, which is a constant
since we set our window size to one.

AC3: Do etal’sSy,. This is the association measure be-
tween arguments and predicates, which is the sum
of AC8 and AC9. They are calculated from the
132,528,706 event causality candidates.

AC4: Do et al'sS,,, which is PMI between arguments.
We obtained it in the same way as Filter 5 in the sup-
plementary notes.

AC5: PMI between predicates.

AC6 / AC7: Doetal'smax/IDF.

AC8: PMI between a cause noun and an effect predicate.

AC9: PMI between a cause predicate and an effect noun.

Table 2: CEA-based association features.

the method of Kazama and Torisawa (2008).

3.3 Event Causality Scoring

Using the above features, a classfietassifies
each event causality candidate into causality and
non-causality. An event causality candidate is
given a causality scor@ Score, which is the SVM
score (distance from the hyperplane) that is nor-
malized to[0, 1] by the sigmoid function—=:.
Each event causality candidate may be given mul-
tiple original sentences, since a phrase pair can ap-
pear in multiple sentences, in which case itis given
more than one SVM score. For such candidates,
we give the largest score and keep only one origi-
nal sentence that corresponds to the largest Score.
Original sentences are also used for scenario gen-

eration, as described below.

tification in conduct slash-and-burn agricul-
ture—exacerbate desertificatiofor instance and
consist of CEA-, Wikipedia-, definition-, and web- Our future scenario generation method creates
based features.CEA-based featuresare based Sscenarios by chaining event causalities. A naive
on the Cause Effect Association (CEA) measureédpproach chains two phrase pairs by exact match-
of Do et al. (2011). It consists of associationing. However, this approach would overlook many
measures like PMI between arguments (nouns)acceptable scenarios as discussed in Section 1. For
between arguments and predicates, and betwe&¥ample global warming worsenssea tempera-
predicates (Table 2). Do et al. used it (alongtures are highandsea temperatures risevibrio
with discourse relations) to extract event causalityparahaemolyticus fouls (watecan be chained to
Wikipedia-based featuresare the co-occurrence constitute an acceptable scenario, but the joint part
counts and the PMI values between cause and efs not the same string. Note that the two phrases
fect nouns calculated using Wikipedia (as of 2013-are not simply paraphrases; temperatures may be
Sep-19). We also checked whether an Wikipedidising but remain cold, or they may be decreasing
article whose title is a cause (effect) noun con-e€ven though they remain high.
tains its effect (cause) noun, as detailed in Section What characterizes two phrases that can be the
D.1 in the supplementary noteBefinition-based  joint part of acceptable scenarios? Although we
features as detailed in Section D.2 in the sup- have no definite answer yet, wameit the causal-
plementary notes, resemble the Wikipedia-basegompatibility of two phrases and provide its pre-
features except that the information source is théiminary characterization based on the excitation
definition sentences automatically acquired frompolarity. Remember that excitatory templates like
our 600 million web pages using the method ofcause Xentail thatX's function or effect is acti-
Hashimoto et al. (2011). Web-based features Vated, but inhibitory templates likewer X entail
provide association measures between nouns u#at it is suppressed (Section 3.1). Two phrases
ing various window sizes in the 600 million web arecausally-compatibléf they mention the same
pages. See Section D.3 for detail. Web-based agntity (typically described by a noun) that is pred-
sociation measures were obtained from the samigated by the templates of tisame excitation po-
database a&8C4 in Table 2. larity. Indeed, bothX riseand X are highare ex-
citatory and henceea temperatures are higind
sea temperatures risare causally-compatibfe.
Base features represent the basic properties Of sye ysed SVM“** with the polynominal kerneld = 2),
event causality like nouns, templates, and their exavailable aht t p: / / svm i ght . j oachi ms. or g.
citation polarities (See Section E in the supple- "Future workwillexploitot'heroriginal sentences, as sug-

. gested by an anonymous reviewer.
mentary notes). FoB3 and B4, 500 semantic

) ] 8Using other knowledge like verb entailment (Hashimoto
classes were obtained from our web corpus usingt al., 2009) can be helpful too, which is further future work

4 Future Scenario Generation Method

3.2.4 Base Features
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Scenarios4cs) generated by chaining causally- 5 . Method Ave. precgé@

. . ropose .
cor_npahble phrase pairs are _scoredﬂnpre(sc), wio Context features 45 68
which e_:mbodl_es our assumptlon that an ac_cepta_ble w/o Association features 45.66
scenario consists of plausible event causality pairs:  w/o Semantic relation features 44.44

Base features only 41.29
Score(sc) = H CScore(cs)
cs€CAUS(sc) Table 3: Ablation tests.
. . 1 i 0,

where CAUS(sc) is a set of event causality Semantic refations Ave. prec. (%)

. . . All semantic relations (Proposed) 46.27
pairs that constitutesc and cs is a member of CAUSATION 45 86
CAUS(sc). CScore(cs), which is cs’s score, CAUSATION and FRREVENTION 45.78
was described in Section 3.3. None (w/o Semantic relation features) 44.44

Our method optionally applies the following ) _ _

two filters to scenarios for better precision: An Table 4: Ablation tests on semantic relations.

original sentence filterremoves a scenario if two

event causality pairs that are chained in it are exwere positive. The Kappa (Fleiss, 1971) of their

tracted from original sentences between which ngudgments was 0.67 (substantial agreement (Lan-

word overlap exists other than words constitutingdis and Koch, 1977)). These three datasets have

causality pairs. In this case, the two event causalno overlap in terms of phrase pairs. About nine

ity pairs tend to be about different topics and con-man-months were required to prepare the data.

stitute an incoherent scenario. ddmmon argu- Our evaluation is based @verage precisiofd

ment filter removes a scenario if a joint part con- we believe that it is important t@nk the plausible

sists of two templates that share no argument iRvent causality candidates higher.

our (argument, templajedatabase, which is com- _

piled from the syntactic dependency data betweenr-1-1 Ablation Tests

arguments and templates extracted from our wedVe evaluated the features of our method by ab-

corpus. Such a scenario tends to be incoherent totation tests. Table 3 shows the results of remov-
ing the semantic relation, the context, and the as-

5 Experiments sociation features from our method. All the fea-

ture types are effective and contribute to the per-

formance gain that was about 5% higher than the

Next we describe our experiments on event causaBase features only Proposedachieved 70% pre-

ity extraction and showa) that most of our fea- cisjon at 13% recall. We then estimated that, with

tures are effective an) that our method outper- the precision rate, we can extract 69,700 event

forms the baselines based on state-of-the-art metkzysality pairs from the 2,451,254 event causality

ods (Do et al., 2011; Hashimoto et al., 2012). Ourcandidates, among which the estimated number of
method achieved 70% precision at 13% recall; weyositive examples is 377,794.

can extract about 69,700 event causality pairs with Next we examined whether the semantic rela-
70% precision, as described below. tions that do not seem directly relevant to causality

For thetest data we randomly sampled 23,650 |ike MATERIAL are effective. Table 4 shows that
examples of (event causality candidate, origi- the performance degraded (46.2745.86) when
nal sentengeamong which 3,645 were positive e only used the 8USATION binary patterns and
from 2,451,254 event causality candidates eXtheir entailing and entailed patterns compared to
tracted from our web corpus (Section 3.1). Forproposed Even when adding theREVENTION
the development data we identically collected (“negative G\USATION”) patterns and their entail-
11,711 examples among which 1,898 were posiing and entailed patterns, the performance was still
tive. These datasets were annotated by three anngrightly worse tharProposed The performance
tators (not the authors), who annotated the eveRas even worse when using no semantic relation
causality candidates without looking at the origi—(uNone" in Table 4). Consequently we conclude
nal sentences. The final label was determined byhat not only semantic relations directly relevant
majority vote. Thetraining data were created —(——— _ - _

It is obtained by computing the precision for each point

by the annOtato_rS through our preliminary_ eXperi'in the ranked list where we find a positive sample and aver-
ments and consists of 112,110 among which 9,652ging all the precision figures (Manning and Schutze, 1999)

5.1 Event Causality Extraction
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Method Ave. prec. (%) 1
w/o Wikipedia-based features 46.52 "
Proposed 46.27 0.8 n&
wi/o definition-based features 46.21 c V“\\ Proposed
w/o Web-based features 46.15 o 06 " i
w/o CEA-based features 45.80 8 0.4 | Proposed-CER
& __fi'x,w _CEA_sup
Table 5: Ablation tests on association features. 0.2 [ e By
k" CEA.uns
Method Ave. prec. (%) 0 0 0.2 0.4 0.6 0.8 1
Proposed 46.27 Recall
Proposed-CEA 45.80
CEAw, 21.77
CEA,ns 16.57 Figure 1. Precision-recall curves of proposed

methods and baselines using CEA.
Table 6: Average precision of our proposed meth-

ods and baselines using CEA. Method | Ave. prec. (%)
Proposed 49.64
CSuns 30.38
to causality like QUSATION but also those that Csup 27.49
seem to lack direct relevance to causality like M e 7 . ¢ g
TERIAL are somewhat effective. Table 7: Average precision of our propose

Finally, Table 5 shows the performance dropmethOOI and baselines usiag.

by removing the Wikipedia-, definition-, web-,
and CEA-based features. The CEA-based feamain components are PMI values. Figure 1 shows
tures were the most effective, while the Wikipedia-their precision-recall curves.
based ones slightly degraded the performance. Next we compared our method with the base-
lines based on Hashimoto et al. (2012). They de-
veloped an automatic excitation template acqui-
We compared our method and two baselines basegition method that assigns each templateean
on Do et al. (2011):.CEA,,, is an unsupervised citation valuein range[—1, 1] that is positive if
method that uses CEA to rank event causality canthe template is excitatory and negative if it is in-
didates, andCEA,, is a supervised method us- hibitory. They ranked event causality candidates
ing SVM and the CEA features, whose ranking isby C's(p1,p2) = |s1] x |s2|, wherep; andp, are
based on the SVM scores. The baselines are nthe two phrases of event causality candidates, and
complete implementations of Do et al’s method|s;| and|sz| are the absolute excitation values of
which uses discourse relations identified based op,’s andps’s templates. The baselines are as fol-
Lin et al. (2010) and exploits them with CEA lows: Cs,, is an unsupervised method that uses
within an ILP framework. Nonetheless, we believeC's for ranking, andCs,,,, is a supervised method
that this comparison is informative since CEA canusing SVM withC's as the only feature that uses
be seen as the main component; they achieved $/M scores for ranking. Note that some event
F1 of 41.7% for extracting causal event relationscausality candidates were not given excitation val-
but with only CEA they still achieved 38.6%. ues for their templates, since some templates were
Table 6 shows the average precision of the comacquired by manual annotation without Hashimoto
pared methodsProposedis our proposed method. et al.’s method. To favor the baselines for fairness,
Proposed-CEA is Proposed without the CEA- the event causality candidates of the development
features and shows their contributioRroposed and test data were restricted to those with excita-
is the best and the CEA features slightly contributetion values. Sinc€s;,,, performed slightly better
to the performance, a@roposed-CEAindicates. when using all of the training data in our prelimi-
We observed thafEA,, andCEA ;s performed  nary experiments, we used all of it.
poorly and tended to favor event causality candi- Table 7 shows the average precision of the com-
dates whose phrase pairs were highly relevant tpared methodsProposedis our method. Its av-
each other but described the contrasts of eventrage precision is different from that in Table 6
rather than event causality (elguild a slow mus- due to the difference in test data described above.
cleandbuild a fast muscleprobably because their Cs,,; and Cs,,, did not perform well. Many

5.1.2 Comparison to Baseline Methods

993



1 Two-step Three-step
Exact 1,000 (44.10)| 1,000 (23.50)
0.8 Proposed 2,000 (32.25) 2,000 (12.55)
c \\\-,‘Eroposed Proposed+Orig 995 (36.28)| 602 (17.28)
2 06 R Proposed+Orig+Comm| 708 (38.70)| 339 (17.99)
3 04 Cs_uns \\\
o . & T . .
0 e e S Table 8: Number of scenario samples and their
' T precision (%) in parentheses.

0 0.2 0.4 0.6 0.8 1

Recall consisted of one of the social problem nouns as the

scenario’s beginning event.
Figure 2: Precision-recall curves of proposed

methods and baselines usiag. Event causality We applied our event causality

extraction method to 2,451,254 candidates (Sec-

tion 3.1) and culled the top 1,200,000 phrase pairs
phrase pairs described two events that often hagrom them (See Section F in the supplementary
pen in parallel but are not event causality (8. notes for examples). Some phrase pairs have the
duce the intake of energndincrease the energy same noun pairs and the same template polar-
consumptiohin the highly ranked event causality ity pairs (e.g. omit toothbrushing-get a cavity
candidates ofCs,,s and Cs;,;,. Figure 2 shows andneglect toothbrushing-have a cavitywhere
their precision-recall curves. omit X andneglect Xare inhibitory andyet Xand

Hashimoto et al. (2012) extracted 500,000 evenhave Xare excitatory). We removed such phrase

causalities with about 70% precision. However, agairs except those with the higheStScore, and
described in Section 1, our event causality crite-960,561 phrase pairs remained, from which we
ria are different; since they regarded phrase pairgenerated two- or three-step scenarios that con-
that were not self-contained as event causalitgisted of two or three phrase pairs.
(their annotators checked the original sentences of

phrase pairs to see if they were event causality)Evaluation samples The numbers of two- and
their judgments tended to be more lenient tharf"fe€-Step scenarios generatedripposedwere
ours, which explains the performance difference. 217,836 and 5,288,352, while thosefofact were

In preliminary experiments, since our proposed22:910 and 72,746. We sampled 2,000 freno-
method's performance degraded wh@nwas in- poseds two- and three-step scenarios and 1,000
corporated, we did not use it in our method. from those ofExact. We applied the filters to the

sampled scenarios d?roposed and the results
5.2 Future Scenario Generation were regarded as the sample scenariodf-

To show that our future scenario generation methposed+0ng andProposed+Orig+Comm Table

ods can generate many acceptable scenarios Wi%shows the number and precision of the samples.

reasonable precision, we experimentally Com_No'[e that, for the diversity of the sampled scenar-

pared four methods: Proposed our scenario l0s, our sampling pr(.)ce.eded as followsy Ran-
generation method without the two filterBro- domly sample a b_eg'l'nnlng event phrase from the
posed+Orig our method with the original sen- generated scenarlosu)_ Rgndomly sample an ef-
tence filter,Proposed+Orig+Comm our method fect phllfase _f_(_Jr the begllnnlng event phrase from the
with the original sentence and common argumen?cenar'os' (i) Regarding the effect phrase as a

filters, and Exact, a method that chains event cause phrase, randomly sample an effect phrase
causality by exact matching for it, and repeat (iii) up to the specified number

of steps (2 or 3). The samples were annotated by
Beginning events As the beginning event of a three annotators (not the authors), who were in-
scenario, we extracted nouns that describe socialtructed to regard a sample as acceptable if each
problems g§ocial problem nounse.g. deforesta- event causality that constitutes it is plausible and
tion) from Wikipedia to focus our evaluation on the sample as a whole constitutes a single coherent
the ability to generate scenarios about them, whiclstory. Final judgment was made by majority vote.
is a realistic use-case of scenario generation. WEleiss’ kappa of their judgments was 0.53 (moder-
extracted 557 social problem nouns and used thate agreement), which is lower than the kappa for
cause phrases of the event causality candidates thhe causality judgment. This is probably because
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Two-step | Three-step 1
Exact 2,085 1,237 Pro
Proposed 5,773 0 08 [

Proposed+Orig 4,107 0
Proposed+Orig+Comm 3,293 21,153

posed+OrigtComm

Proposed

Precision

Table 9: Estimated number of acceptable scenar-
ios with a 70% precision rate.

: —_
Exact ‘ Proposed+Orig

0
0 100000 200000 300000 400000 500000 600000 700000
Estimated number of acceptable scenarios

——

Proposed

; ‘w l Proposed+Orig | Figure 4: Precision-scenario curves (3-step).

Precision

TR
0.4 / ’ e .
o | EXact | and 21,968th. Next we examined how many of
Proposed+Orig+Comm the top 50,000 scenarios were acceptablerand
0 10500 20000 30000 40000 59000 60000 70000 trivial , e, found in no page in our input web cor _
Estimated number of acceptable scenarios pus, using the 341 acceptable samples. A scenario

was regarded as non-trivial if its nouns co-occur in
Figure 3: Precision-scenario curves (2-step). N0 page of the corpus. 22 among the 341 samples
were non-trivial. Accordingly, we estimate that
o _ ~ we can generate 2,208%%0"2?) acceptable and
scenario judgment requires careful consideratiomon-trivial scenarios from the top 50,000. (See

about various possible futures for which individ- section G in the supplementary notes for exam-
ual annotators tend to draw different conclusions. pjes of the generated scenarios.)

Result 1 Table 9 shows the estimated numberpgession Scenario deforestation  contin-

of acceptable scenarios generated with 70% Préjes—global warming worsenssea temperatures
cision. The estimated number is calculated as thes. vibrio parahaemolyticus fouls (water)

product of the recall at 70% precision and the,, .4 generated byProposed+Orig+Comm It

number of acceptable scenarios in all the geners |\ ritten in no page in our input web corpus,

ated scenarios, which is estimated by the annohich was crawled in 200%® But we did find

tated samples. Figures 3 and 4 showgfeeision- 5 aner Baker-Austin et al. (2013) that observed
scenario curvedor the two- and three-step SCe- yha emerging vibrio risk in the Baltic sea due to

narios, which illustrate how many acceptable Sceglobal warming. In a sense, we “predicted” an

narios can be generated with what precision. The,ent opserved in 2013 from documents written
curve is drawn in the same way as the precision;

= uE in 2007, although the scenario was ranked as low
recall curve except that the X-axis indicates the,q 240,738th.

estimated number of acceptable scenarios. At

70% precision, all of the proposed methods outg  conclusion

performedExact in the two-step setting, arfero-

posed+Orig+Comm outperformedExact in the We proposed a supervised method for event
three-step setting. causality extraction that exploits semantic rela-

_ tion, context, and association features. We also
Result 2 To evaluate the top-ranked scenarios

_ _ proposed methods for our new task, future sce-
of Proposed+Orig+Commin the three-step set- \4jq generation. The methods chain event causal-

ting with more samples, the annotators labeled Squ by causal-compatibility. We generated non-

samples from the top 50,000 of its output. 34iia| scenarios with reasonable precision, and
(68.20%) were acceptable, and the estimated numy o icted” future events from web documents.
ber of acceptable scenarios at a precision rate q creasing their rank is future work.

70% and 80% are 26,700 and 5,200 (See SectionH____ ~

in the supplementary notes). Thefrorist oper- ""The corpus has pages whagiebal warming sea tem-
ations' scenario and theslash-and-burn agricul- peratures andvibrio parahaemolyticusiappen to co-occur.

v ) But they are either diaries where the three words appear sep-
ture” scenario in Section 1 were ranked 16,386tharately in different topics or lists of arbitrary words.
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Joseph L. Fleiss.
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