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relatively little attention in NLP research: detagtimplicit sentimentor spin, in text.
This text classification task is distinguished frother sentiment analysis work in
that there is no assumption that the documente wdssified with respect to
sentiment are necessarily overt expressions of@pihey rather are documents
that might reveal perspectiveThis dissertation describes a novel approachdo t
identification of implicit sentiment, motivated ljeas drawn from the literature on
lexical semantics and argument structure, supp@nmedefined through
psycholinguistic experimentation. A relationshigdgictive of sentiment is
established for components of meaning that aregifitoie be drivers of verbal
argument selection and linking and to be arbitémshat is foregrounded or
backgrounded in discourse. In computational expamisiemploying targeted lexical
selection for verbs and nouns, a set of featurféectve of these components of
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1 Identifying Implicit Sentiment

1.1

Introduction and Overview

The automatic detection of sentiment in text isegating great interest and has
become an important and active area of reseancatural language processing.
Interest in this problem is motivated by a varietynformation requirements. For
example, for certain information seekers, searckdyyvord or classification by topic
is insufficient because their specific informatiogeds require a more refined level of
classification. They require topical informatioraths filtered by the attitude or
sentiment toward the topic of interest. The abtidyeliver information that is
characterized in this manner will help reduce thst€ of information seeking and
provide more valuable resources to analysts andidaanakers who routinely
confront an ever increasing mountain of information

As specific examples, consider the following apgiiens of automated sentiment
analysis:

Media Studies and Political Economy. Analysis oftseent and opinion is
central to many studies in journalism, media stsidaad political economy
(Gentzkow and Shapiro 2006a, 2006b; Groseclosdvalyd, 2005; Quinn et
al. 2006). Automated filtering or classificationioformation with respect to
sentiment can greatly facilitate this kind of reska

Email classification and routing for prioritizatiolm a customer service
setting, electronic messages are typically classifiy topic for the purpose of
routing the messages to appropriately trained custservice
representatives. It would be valuable to compatuesihance topic-based
routing by detecting the presence of negative senits (anger, frustration) in
a customer’s message. Some preliminary work has deee in this specific
area (Durbin, et. al. 2003). The potential benéfittude improved customer
retention and the gathering of information aboetriature of previous
contacts with customer service.

Forum and Blog Search. Online forums and blogsaanecreasingly
widespread medium for the exchange of experiemg@sions, and
complaints. Keyword search of forums can help fimessages generally
related to subject areas of interest. It woulddyeniore useful to be able to
search for or filter messages based on their pesiti negative sentiment
toward a particular subject.

Business IntelligenckClassifying forum, blog, and email data by attéuat
sentiment can serve business and marketing ireealtig purposes. What is the
‘word on the street’ with respect to a certain prcid service, or enterprise as
a whole? What are some key quotes or phrasesithditillustrate these

! Commercialization of such information servicesvidl underway. See, for example,
http://www.nielsenbuzzmetrics.cqoimttp://www.biz360.comandhttp://bazaarvoice.com/




opinions? How do these opinions spread online amat wmfluence do they
have?

* Open Source Intelligence. E.g., what points of véee evident in the Arab
press about potential new sanctions against Iren it nuclear program?

» Citizen-Government Communications. Governmentaltirtgons in the
United States are working to solicit citizen inpi# the Internet, with such
goals as electronic rulemakingRulemakingfor the “electronic collection,
distribution, synthesis, and analysis of public coantary in the regulatory
rulemaking process,” which may “[alter] the citizgovernment relationship”
(Shulman and Schlosberg, 2002; Thomas, Pang, aad?De6).

With these kinds of applications in mind, there segeral specific threads of research
in sentiment analysjss the problem is generally referred to. Senttraealysis has
been investigated at both the document and subrdeaulevel. Opinion mining in
particular seeks to distinguish objective vs. sciije statements, operating at the
level of a clause, sentence, or passage. Docureeeitdentiment classification seeks
to determine if a document indicates a positiven@p or shows support for, or a
negative opinion or opposition to, the topic ofadission. Movie and product reviews
in particular have received significant attention this task.

Within the broader realm of sentiment analysiss thssertation focuses on the
automatic identification aimplicit sentimentat the document level. This is a text
classification task that | distinguish from othesn in sentiment analysis in two
ways. First, | do not assume that the documente tdassified with respect to their
sentiment are necessarily overt expressions ofapif hey rather are documents
that might reveal perspectiveAs described by Lin et al. (2006), this means the
identification of thepoint-of-viewfrom which the document is produced. Second,
because of the distinction between implicit andlieksentiment, 1 do not attempt to
distinguish subjective from objective statementsxgloit the distinction in building
text classifiers.

Many different approaches to sentiment analysissemtiment classification have
been reported in the literature and they are restkiv Section 1.3. In this
dissertation, | develop a novel approach to thatifieation of implicit sentiment.
The approach is motivated by ideas drawn fromiteeature on lexical semantics
and argument structure, which | support and rdfimeugh psycholinguistic
experimentation. | employ targeted lexical selectar verbs and nouns and extract
semantically motivated features for the selectesigeincluding argument structure. |
then exploit these features with machine learnirghmds for large scale text
classification with respect to perspective. Whikeegjin with some manually selected
lexical resources, | generalize the method to requd manual selection or hand
tuning of any kind. | show this linguistically meéited method to provide satisfying
results across several text domains, and obtaibeakeclassification accuracies yet
reported for several classification tasks.



My text classification method rests on a severahf@fational ideas. In this work | take
seriously the idea that differences in linguistoh always indicate at least some
difference in meaning (Bolinger, 1968). This istmadarly relevant to identifying
implicit sentiment. The hypothesis is that speakers enggeyific constructions in a
manner that exploits these (sometimes subtle)rdiffges in meaning in a way that
reveals, intentionally or not, aspects of the speslpoint-of-view. When referring to
‘differences in linguistic form’ this is meant todlude everything from classic
diathesis alternations such as the dative altenmatiausative-inchoative alternation
and the active-passive alternation, to differemcebe nominal forms for discourse
referents (such as the use of proper nourgpnominalizations) and on down to
specific lexemes. In this dissertation | explofteetions of these cues as features for
text classification tasks.

Another foundation of my approach is theoreticatkvbat has articulated a
decompositional semantics for transitive clausesAfy 1991, Hopper and
Thompson 1980). | take the semantic componentapsitivity as outlined by Dowty
(1991) and Hopper and Thompson (1980) as principhelerlying observed
differences in meaning among forms. These prinsipkeve been proposed in the
contexts of argument linking and in an analysithefnature of transitivity in
grammar and discourse, and thus have an establigleedt the syntax-lexical
semantics interface. Both syntactic form and ldxecdries are believed to reflect the
operation of these principles. Chapter 2 providisiteonal background on these
ideas and presents evidence from psycholinguigpemments that support and
motivate the use of linguistically informed featsiia text classification for
sentiment.

Finally, I consider the fact that the level of seti@analysis required to understand
how the semantic components of transitivity arealty reflected in any given clause
is well beyond the current capabilities of natlaalguage processing systems.
However, | subscribe to the notion, as articulddtgdamon (2004a), that consistent
use of a language processing system will at leasbhbsistent and systematic in its
errors. In that context, machine learning techrsouen effectively identify and
exploit features amidst the noise. The key, theegfis to identify features that are
observable reflexes of the semantic componentstrabe practically extracted by
current NLP techniques, even if noisily so. | whilus refer to the linguistically
motivated features | use as Observable ProxieSiioerlying Semantics (OPUS).

1.2 Defining the Task

Amid the flurry of recent NLP research in sentimanalysis, a variety of related
terms are invoked: attitude, opinion, affect, emotisubjectivity, bias, slant, spin,
perspective, and point-of-view. Unlike the objeatsnterest in tasks such as named
entity extraction, information extraction, and factented question answering,
defining precisely what is meant by these termisaoy they differ among themselves

2 Not to be confused with the OPUS software systestibed in Burstein (1979).



is not easily accomplished. Psychologists and Eeciantists studying these matters
try to be more precise in their definitions, thoubhre, as well, consistency and
precision can be difficult to establish (Ekman, 499skamp 1991). For example,
Oskamp (1991) illustrates various levels of deiomtfor attitude which appear to at
least try to establish some compatibility with eather (see Table 1).

Level Definition

Comprehensive An attitude is a mental or neuraé sithreadiness,
organized through experience, exerting a direciive
dynamic influence upon the individual's responsallto
objects and situations with which it is relatedlliArt,

1935)
Simple Attitudes are likes and dislikes. (Bem, 1970
Emphasis on Attitude is a psychological tendency that is expegesby
Evaluation evaluating a particular entity with some degreéuwbr or
disfavor. (Eagly & Chaiken,1993)
Emphasis on An attitude is a learned predisposition to resporal
Learning and consistently favorable or unfavorable manner wépect to
Consistency a given object. (Fishbein & Ajzen, 1975)

Table 1 — Various definitions forattitude [(from Oskamp (1991)]

Yet despite Oskamp’s careful treatment of the tattitude he and others in that
community tend to use the tewpinionalmost interchangeably. Within the NLP
community, there is considerably less concern afoyatal and precise definitions
for these concepts. However, several more or lessronly accepted task
definitions have emerged within NLP research.

Under the main heading of ‘affect analysis’, sel/subtasks have been the target of
recent research. A kind of ‘general’ affect anaysisk is to determine the overall
affective or emotional content of text, either wiéispect to multiple affect categories
(Subasic and Huettener, 2000; Read, 2004) or ac8eY one of several possible
affect categories as primary (Mishne 2005 — thetalled ‘mood’). There is also the
task of classifying texts at the document or mesdagel as a whole with respect to
its attitude, positive or negative. This task hasrbinvestigated in the context of
knowing in advance that the text in question puiptiy indicate some polar attitude
(Pang et al. 2002; Pang and Lee 2004; Read 20Q&¢laas in the harder but more
interesting context of extracting attitude (Gretette 2004) or affect (Subasic and
Huettener 2000) in more general expository textrdvime grained applications
determine opinion with respect to specific entiteesd provide both a polar
assessment of the opinion (positive or negativeyelsas a measure of its intensity
(Cesarano et al. 2006, 2007). There is also theaidistinguishing subjective from
objective text passages (Bethard et al. 2004; Ralod Wiebe, 2003; Wiebe et al.
1999; among others), otherwise known as the ideatibn of ‘opinion’ clauses.
While seemingly highly related, | view the idertdtion of opinion clauses as a task
distinct from my focus here. Lin et al. (2006) diguish the task of identifying the
perspectiveor point-of-viewfrom which a document is written. The NLP tasks



investigated in this dissertation are most closdigned with Lin’s task definition
(and indeed, | experiment with Lin’s corpus datd alassification tasks in Chapter
4). Central to my work is the notion that claudest &are not obviously subjective will
be useful in determining the perspective of textgcty may or may not be overtly
evaluative.

This brings us to the related notionsbids, slant andspin Again, precise definitions
are difficult to establish. But at the least, themsens imply ehiddenanddeliberate
attempt to frame entities and events in a partionky so as to serve some agenda.
The notion that such attempts are hidden capthedddct that accusations of bias
and slant are made in situations where an expentafineutrality is operative. The
notions of perspective or point-of-view as | usenthhere can be considered related
to bias, slant, and spin. Perspective is distifgaddrom these, however, because it
can also be assumed of situations when neutralitpi specifically expected. At the
same time, perspective is distinguished from opi@osubjectivity in that one can
exhibit perspective without necessarily expressin@pinion or making subjective
statements.

A few anecdotal examples will help illustrate soofi¢hese points. The first example
comes from the Washington Post (Blaine, 2006) niardicle on the controversy over
the listing of killer whales in Puget Sound as adangered species. The article notes
that supporters of the listing generally referredhte animals as ‘orcas’, while
opponents generally referred to them as ‘killer &aHere, lexical choice is
employed as a ‘spin’ tactic.

Another example comes from a study by the medialveatg group
HonestReporting.com. They conducted an informalystf Reuters newswire
service headlines related to the Israeli-Palestin@nflict®> An example comparison
they make is as follows:

* ‘“Israeli Tank Kills 3 Militants in Gaza — Witnes$es

Israel named as perpetrator; Palestinians ("Miiggmamed as victims;
described in active voice.

* “Israeli Girl Killed, Fueling Cycle of Violence”
Palestinian not named as perpetrator; killing dbsdrin passive voice.

HonestReporting.com accused Reuters of systemiasdrbfavor of the Palestinians
and against Israel. They claimed, based on thelineathta they collected and
studied, that Reuters routinely phrased such hsaglin a way that portrayed Israelis
as aggressors and Palestinians as victims. Asaglistic organization, Reuters is
particularly vulnerable to the accusation of bidste that the example headlines

% Seehttp://www.honestreporting.com/articles/critiqueskB/ Reuters Headlines.asp




shown above are not specifically subjective or mpirexpressing statements. If a
person was simply describing such events to adriarsystematic pattern of
expression like this would be an example of persypet

Consider another example, taken from Gentzkow drapito (2006b). They provide
the opening portion from three different news répof the same event, a battle
involving American troops in the Iraqi city of Sarmmeon December 2, 2003.

Fox News:

In one of the deadliest reported firefights in Islgce the fall of Saddam Hussein's regime,
US forces killed at least 54 Iragis and captureghtedthers while fending off simultaneous
convoy ambushes Sunday in the northern city of $ama

The New York Times:

American commanders vowed Monday that the killihig®many as 54 insurgents in this
central Iragi town would serve as a lesson to tligbting the United States, but Iraqis
disputed the death toll and said anger against f&sm&rould only rise.

The English-language Web site of satellite netwdlrdazeera
(AlJazeera.net):

The US military has vowed to continue aggressieéda after saying it killed 54 Iragis
following an ambush, but commanders admitted thead/ o proof to back up their claims.
The only corpses at Samarra’s hospital were thbswitians, including two elderly Iranian
visitors and a child.

Gentzkow and Shapiro (2006b) comment as followsl tihe accounts are based on
the same set of underlying facts. Yet by seleativéssion, choice of words, and
varying credibility ascribed to the primary soureach conveys a radically different
impression of what actually happened. The choicgaot information in this way is
what we will mean ... by media bias.” By using thertehoice Gentzkow and
Shapiro imply that these journalistic organizatibase deliberately framed these
events in a particular manner, and hence the atons# bias. | will remain agnostic
with respect to that claim, but this example ishtygllustrative. The three event
descriptions in this example are, as in the Rew@easmple, not obviously subjective
or opinion-bearing statements. And again, outsigieianalistic context, one might
attribute the differences to variations in the perdive of the authors.

These examples illustrate the kind of implicit s@eint that | target in my
psycholinguistic experiments and computationalsifecstion tasks. My use of

* | discuss the HonestReporting.com example in gretail in Chapter 2.



linguistically motivated features in some sensealizes, in an engineered setting,
heretofore descriptive, informal and/or anecdotdidis about how writers reveal
their implicit sentiments: that speakers and wsiggrintheir language in a way
favorable to their position, not only in opiniongegssing text but also in expressions
that are not specifically opinionated.

1.3 Related Work

| review here some of the most significant andteglavork in computational
sentiment analysis. | first focus on lexically otied methods, and then consider
methods using additional feature types such aststial features, all described in the
context of the particular tasks to which they gplied.

Significant success has been achieved in sentiaralysis using lexically based
approaches, often targeting adjectives and advihbsh work has been done to
automatically acquire opinion word resources (Gaiath Aue, 2005;
Hatzivassiloglou and McKeown 1997; Baroni and Veturzo 2004; Takamura et
al., 2005; Turney and Littman, 2003). Turney antinhan’s pointwise mutual
information method has been applied successfullynmmber of sentiment analysis
applications, including opinion retrieval from corp of email and blogs (Oard et al.
2006; Wu et. al. 2006) and affect classificatiosliort story fiction (Read 2004).

Other lexically based approaches to sentiment aisahave used lexicons manually
crafted specifically for sentiment or affect anadyd®urbin et al 2003; Nigam and
Hurst, 2004, 2006). Cesarano et al. (2006, 200M)-aatomatically developed an
opinion-expressing word bank by applying a flexisierd scoring function based on
document-level human annotations. The annotatiocisded harshness scores that
reflect the degree to which documents were consttlpositive or negative. In their
OASYS opinion analysis system, the word bank scfaed into several document
scoring functions that both qualitatively assegsiop with respect to specific topics,
as well as generate a quantitative measure obftiaton. (Cesarano et al., 2006,
2007; Benamara et al., 2007)nlike many other research systems, OASYS runs
continuously and has been applied to a growingntorg of millions of documents.

Subasic and Heuttner’s (2000) affect analysis sysadies on a fully manually
developed word list and distinguishes affect astatemotional categories that does
not address opinion types directly. Subasic andtHeedescribe an affect word
lexicon of about 4000 terms, of various parts @esih. Each word is manually
annotated with an affect category and a centrality intensity value with respect to
that category. The lexicon was shown to be useftutiétermining the overall affect
content of documents, though the affect categaresumerous and sometimes quite
subtle in their distinctions (e.g. repulsion, awany. Their affect measurement
system provides only gross overall scores for edigtt category, and does not
provide information about specific entities or etgeto which the affect is attributed,

® Seehttp://oasys.umiacs.umd.edu/oasigs/more information and to try the system dingctl




in contrast to the OASYS system, which assessesavpdirectly with respect to
specific topics.

Grefenstette et al. (2004) used a modified forrBubasic and Huettner’s lexicon to
build an opinion mining application. They removéé tentrality and intensity values
for each lexical entry, but tagged each entry wegpect to whether the word had
positive or negative connotations, similar to motter work, e.g. the General
Inquirer Dictionary (Stone 1997). Extracting newsries about a particular person,
they calculated the simple ratio of positive to atege affect words in a text window
around the mention of the person. This approachtesied by extracting relevant
text from sites with known slants, and it was shaabe a fairly effective, gross
measure of attitude toward a person. This workastmotable for its attempt to
detect slant or bias in ostensibly objective text.

Following Klavans and Kan (1998), Chesley et aD0@) use proprietary verb class
definitions and Wiktionafderived adjective information for sentiment cléisation
of blogs.

Building on lexically-driven work, a number of r@sehers have examined syntactic
and other more linguistically-informed approachesdntiment analysis. In a series
of studies, Wilson and colleagues have built opiregtraction systems trained on
corpora with detailed, manual annotation to extiexical and syntactic features for
the tasks of extracting opinion clauses of vargtrgngths, and recognizing the
contextual polarity of expressions (Wilson et 2004; Wilson et al., 2005; Wilson et
al. 2006). Similarly, Bethard et al. (2004) useraaB corpus manually annotated with
propositional information to experiment with thegwly defined task of
propositional opinion detection.

Riloff and Wiebe (2003) describe a bootstrappinghme that starts with a small set
of lexical seed terms that are known to have beenessfully used for subjectivity
detection. They build high-precision subjectivitgssifiers from these terms which
are then used to bootstrap a set of linguistiagatlyer structural clues for subjectivity
detection using extraction pattern methods.

Yi et al. (2003) build a sentiment lexicon and deupat with a part-of-speech based
sentiment pattern database and successfully alpgilysystem to the product review
domain. Similarly, in applying sentiment classifica to the noisy domain of
customer feedback data, Gamon (2004b) successiely part-of-speech trigrams
but also improves results a bit further using dedépguistic features such as
semantic relation trigrams, constituent structwattguns, and tense information.

Building on adjective-driven approaches, Whiteldwale(2005) use semi-automated
methods to build a database of appraisal groupaspHevel items built from a
lexicon of adjectives and their modifiers, resugtin a set of expressions such as

8 Seehttp://en.wiktionary.org/wiki/




“very good” and “not terribly funny”. They succesBy apply this method to the
movie review domain.

Among prior authors, Gamon’s (2004b) research ibgyes closest to the work
described here, in that he uses some features basedentence’s logical form,
generated using a proprietary system. Howevelfehisires are templatic in nature in
that they do not couple specific lexical entriefhviheir logical form. Hearst (1992)
and Mulder et al. (2004) describe systems that makeof argument structure
features coupled with lexical information, but hett provides implementation details
or experimental results. To my knowledge, no presiesearch in sentiment analysis
draws an explicit and empirically supported conioecbetween theoretically
motivated work in lexical semantics and readeris@gtion of sentiment.

1.4 Dissertation Roadmap
The dissertation proceeds as follows:

Chapter 2 provides psycholinguistic evidence fprexictive connection between the
underlying semantic properties of transitive claused readers' perceptions of the
author's implicit sentiment. This result lays tmeumdwork for the exploitation of
features based on these semantic properties fatdbsification of text with respect
to implicit sentiment. The results in this chapso contribute support for the
psychological reality of the semantic propertiespgmsed in the lexical semantics
literature.

Chapter 3 presents my method for extracting OP@&ufes, as defined in Section
1.1. I then introduce the semantic field of kilklve and discuss my motivation for
selecting them for investigation into sentimensslécation. This leads to a
discussion of the development of a corpus of docusnelated to the death penalty. |
first demonstrate the value of OPUS features faudeent-level implicit sentiment
classification using this corpus. | then demonstmatprovements over baseline
features when using a manually developed but welivrated list of target terms
related to killing. Finally, | successfully extetite method to employ a list of target
terms that is fully automatically derived. The féswof this chapter confirm the
hypothesis that classification of text for implisgntiment can be improved with the
use of features motivated by the results in Chahter

Chapter 4 extends the methods of Chapter 3 andeaghem to two additional
domains using corpora publicly available to theea@sh community: one focused on
the Israeli-Palestinian conflict and the other casipg U.S. Congressional floor
debates. In these experiments, | extend the uS# kS features for classification,
and introduce a novel classifier combination methadbtain the best classification
accuracies yet reported for these corpora. By ssfakly extending the method of
Chapter 3 to additional domains, | provide stromiglence for the generality of the
method.



Chapter 5 provides discussion and conclusionspatithes a number of areas for
future work.
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2 Connecting Lexical Semantics to Perceived Sentiment
Psycholinguistic Evidence

2.1 Introduction

This chapter introduces and reviews ideas fronlithture on lexical and
constructional semantics, framing these ideasringef how they underlie my focus
on linguistic features for sentiment classificatidhe primary goal of this chapter is
to provide evidence for a predictive connectionaein underlying semantic
properties of transitive clauses and readers' pgores of the author's implicit
sentiment. In the computational work reported irafikrs 3 and 4, | exploit features
that are observable proxies for these underlyimgasgic properties in experiments
on text classification with respect to implicit sement. In establishing this
connection between underlying semantic propertiglssgntiment, | provide a
foundation, grounded in linguistic theory and supg by psycholinguistic evidence,
for the linguistic features | experiment with contgtionally. Moreover, | provide
some evidence for why they work.

As a vehicle for investigating the connection betwsemantic properties and
implicit sentiment, | experiment with data modeiegbart on the Reuters headline
data collected and studied by the media watchdggrization HonestReporting.com,
mentioned in Chapter 1. That organization conduatstiidy that claimed to have
found bias, against Israel and in favor of the stalens, by the ostensibly neutral
Reuters news wire service. This study utilized alsoorpus of Reuters headlines
describing acts of violence, primarily killings,|Bxted over a one-month period.
Their analysis hinged upon factors such as theepiesor absence of volitional
agents and use of passive voice in the headlireegudte one example from their
analysis, they present the following comparisothete two headlines:

"Israel Kills Three Militants; Gaza Deal Seen Close

Israel named as perpetrator; Palestinians ("Mii#gmamed as victims;
described in active voice.

"Bus Blows Up in Central Jerusalem”

Palestinian not named as perpetrator; Israeliqawted as victims; described
in passive voice (sic).

The analysis is flawed in several respects aniggly criticized in a blog entry by
Pullum (2004). However, it is interesting that gtedy of the Reuters data, while
informal and flawed, focused on elements of language such as named volitional
agents, present or omitted objects, lexical chofagminalization, and (an
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inaccurate analysis of) active vs. passive voiaated elements of language use
such as number of participants, volition, agenayesis, affectedness and telicity
have been studied at length in the scientificatiere in a wide variety of settings and
frameworks. They have served as the underpinniorgarf explanation of garden path
effects in reduced relative clauses (Filip et2001), for a seminal theory of thematic
roles and argument selection (Dowty, 1991) andéoraprehensive analysis of the
fundamental role of transitivity in grammar andodisrse (Hopper and Thompson,
1980).

The work of Dowty (1991) is particularly relevantthis regard. Dowty’s theory of
“thematic proto-roles” is based on the premise thatsurface expression of (verbs’)
arguments in linguistic expressions is closely emted to properties of those
arguments and of the event. For example, if tfere@at of an argument is volitional
and causal with respect to the event communicateteoverb, properties
traditionally associated with the thematic roleagent, then it is more likely to
surface in subject position. If the referent & Htrgument undergoes a change of
state and is causally affected by another partitipathe event, properties
traditionally associated with a patient thematie r¢hen it is more likely to surface as
an object. Similarly, Hopper and Thompson (198€5cribesemantidransitivity as

a complex of gradient properties that connect cptuz¢ and semantic features to
specific morphosyntactic reflexes in eventive cémuacross a wide variety of
languages. They demonstrate, for example, a ctimelaetween syntactic transitivity
and a high degree of agency (being human or otserautonomous and exercising
independent causation over another entity). Moredkiey show that clauses
exhibiting high degrees of any of the gradient prtips they distinguish tend to be
the clauses that are foregrounded in discour$eisl predict that the expression of
sentiment is connected in part with how particelatities are profiled in this manner,
which can be revealed in text by the grammatidalkisns in which they appear.

(1)"Israeli Troops Shoot Dead Palestinian in W. IBan

(2) "Israeli Girl Killed, Fueling Cycle of Violen¢e

Examples (1) and (2) illustrate the potential cariods among semantic properties,
surface form, and sentiment. Both (1) and (2)higkly causative verbs, but (1)
contains a volitional agent, an overt result exgimeyg and an overt, highly affected
object; in contrast, (2) omits the overt agentyileg no argument for which to infer
volition.

The experiments in this chapter formally inveskgdte question of whether these
underlying semantic properties and their observaistas are predictive of the
implicit sentiment expressed by those forms. Theptér proceeds as follows. In
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Section 2.2, | discuss in greater detail the seimanbperties introduced by Dowty
(1991) and Hopper and Thompson (1980) that | lmthe perception of implicit
sentiment, and | review additional related literatun Section 2.3, | describe the
framework which guides the experimental designgiwithe chapter. | then preview
the main results of the chapter with respect to fitimework. In the heart of the
chapter, Section 2.4, | report on the psycholinguiavestigation of the connection
between semantic properties and perception ofraenti

2.2 Background: Lexical Semantics and the Syntax amdaBécs of
Transitivity

Much of the research in lexical semantics conchovs the semantic properties of
particular verbs, or classes of verbs, are linkeith¢ syntactic phenomena associated
with those verbs. Dowty (1991) and Hopper and Thaong(1980) propose theories
that could be roughly described as ‘decompositiandhe sense that they factor out
specific elements of semantics that appear todriggrticular syntactic reflexes.
Dowty (1991) focuses on the elimination of the iiadal thematic roles of agent and
patient, which are typically linked to grammaticales such as subject and object. He
describes a theory in which these thematic roleseplaced by prototype roles
(‘proto-agent’ and ‘proto-patient’), each typicatiizaracterized by a set of specific
attributes. His argument linking theory is esséehytitnat whichever NP in a clause
has the most proto-agent properties is linked estitject, and whichever NP in a
clause has the most proto-patient properties ketiras the object.

Hopper and Thompson (1980) focus on the core Istgunotion of Transitivity from
a clausal perspectiveThey distinguish a set of semantic componentstitating
Transitivity, and show how each component can laaWegh’ or ‘low’ value with
respect to its contribution to Transitivity. Thusch semantic component works to
indicate the degree to which some ‘transfer’, ‘anor ‘effect’ takes place in an
event represented by a Transitive linguistic enegdiTheir central claim is the
Transitivity Hypothesis, which essentially saysttiia clause exhibits a high
Transitivity value for any of the components, tlegher components exhibited
elsewhere in the clause will also be high in tAeansitivity values. The converse is
implicit in their hypothesis. Importantly, they shehat clauses exhibiting high
Transitivity are mostly the ones that encode tliedgoounded or profiled events
within a narrative, which will potentially be refltve of the kind of variation in event
profiling discussed in Section 1.2.

Table 2 shows one possible mapping between Dowtgto-role properties and
Hopper and Thompson’s components of Transitivity.

" From this point forward, following Hopper and Thpson (1980) | will use ‘Transitivity’ with a
capital ‘T’ to distinguish the idea sEmantidransitivity from that okyntactictransitivity, which
refers more specifically to the structural presesfcan object of the verb.

8 | use the term ‘encoding’ in fairly standard fashto indicate a particular surface realizatioondr
among the set of possible realizations.
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Dowty Proto-Role Property Hopper and Thompson Compoent

Volitional involvement in the event orf Volition
state

Sentience (and/or Perception)

Cause event or change of state in | Agency
object

Movement relative to the position of | Kinesis
another participant

Exists independently of the event

Undergoes change of state, Causally Affectedness of Object
effected by another participant

Does not exist independently of the
event

Stationary relative to movement of | Kinesis
another participant

Object individuation

(Exists independently of the event?) Subject-olmeldtiduation

(Incremental Theme?) Punctuality

Aspect (Telicity)

Table 2. A Mapping Between Dowty (1991) and Hoppeand Thompson (1980)

In a similar vein, Pustejovsky (1991) proposesexaimpositional’ approach, one that
is centered within lexical entries themselves. ostky’s framework decomposes
lexical entries into four substructures. His ‘Qaatructure appeals to the notions of
object creation and individuation, among othersihé1993), in a by now classic
study of English verbs, organizes English verbs athsses according to diathesis
alternations as a means of isolating syntacticallgvant elements of verb meaning.
In doing so, she appeals to the notions of kine@sigect, change of state, and agency
as factors relevant for classifying verbs by tlsgmtactic behavior.

More recent work has begun to establish the psygil reality of such lexical
semantic theories. Kako (2006a) experimentallytdistaed the psychological reality
of Dowty’s (1991) proto roles hypothesis. In KakeXperiments, subjects reliably
attributed Dowty’s proto-agent properties to sytitasubjects, and reliably attributed
Dowty’s proto-patient properties to syntactic obge@ven when nonsense words
were used. Wright (2001) found that distinctionsateen internally and externally
caused change of state verbs could be explainers of concepts similar to those
distinguished by Hopper and Thompson (1980). Wrighhd that internally caused
change of state verbs were more marginally granualgtiacceptable in transitive
constructions than were externally caused changeatd verbs. In contrast, the more
prototypically transitive externally caused changstate verbs were found to be
much more acceptable in transitive constructionsghlY appeals to the notions of
agency, volition, and control as central to an arption of the syntactic distribution
and selectional restrictions of internally and exédly caused change of state verbs.
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Additionally, research has begun to examine theasgics of syntactic frames
themselves (Fisher, Gleitman and Gleitman, 1991di&&wg 1995; McKoon and
Ratliff 2003, 2007). Stefanowitsch and Gries (200@)pose associations between
meanings and syntactic frames for a variety oed#ht constructions. Particularly
interesting are several constructions they claineiantly carry negative sentiment:

* The [X think nothing of }:nnd construction — This idiomatic expression is
primarily associated with contextually undesirabieisky actions, e.gn
their present mood people wouldnk nothing of mortgaging themselves for
years ahead in order to acquire some trifling luxur

* The [into-] causative construction:gaV OpatientagentntO Agerund — This
construction is frequently associated with verbfoode, coercion, and
trickery, e.gHetricked meinto employing him.

* The [cause Xconstruction — This construction predominantlgigates a
negative view of an event, elgam sorry to haveaused you some
inconvenience.

Kako (2006b) showed that syntactic frames carrymmggirrespective of particular
lexical entries. Lemmens (1998) attempts to syritledsoth lexical meaning and
constructional meaning into a theory of argumenicstire. Lemmens attempts to
more naturally allow for novel usages, integratmgexplanation for coercion effects
or sense extensions. And in this flexibility, itakin to Pustejovsky (1991). Corpus-
driven examples are crucial in this kind of workdd_emmens (1998) in particular
uses a large set of corpus examples, almost exelysas the data to be explained.
The trend in this work is toward a view that ‘argemhstructure’ is not a static
property of verbs, but rather should be thoughasothe expression of the dynamic
interplay among lexical and structural factors hboft which carry meaning. The
dynamic interplay is driven by the modulation ofanmg at the core of creative
language use and language change. The investigaeponted here does not
specifically commit to or further this line of reseh, but the interplay between
underlying semantic properties and observable tiralcfeatures remains an
important theme throughout. My approach to tex¢sifecation will use corpus-based
features that will possibly reflect novel usaged afill use machine learning to
discriminate usage trends for verbs and nounsingudictual usage at center stage.

In order to begin to establish a connection betweamt encoding choice and
implicit sentiment, several reasonably well es&ti#d facts point to useful starting
points. Hopper and Thompson (1980) and Lemmens3(1f88us squarely on the
concept of semantic Transitivity. Transitivity isndamental to language, and
causation is fundamental to transitivity. As ddsed by Levin (1993), McKoon and
MacFarland (2000, 2002) and others, the sourcawdation in an event can be

° These constructions, however, are generally tootmbe usefully exploited for sentiment analysis.
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internal or external to the object of the causesh&évChange of state verbs in
particular show this distinction. Consider thesaragles:

(1) The wind eroded the beach.
(2) The boy broke the vase.

(3) The beach eroded.
(4) The vase broke.

Both erodeandbreakexhibit the causative-inchoative alternation, lama in (1)-

(4). The verkerodeis considered an internally caused change of s&atebecause
erosion is an event that comes about due to therenh properties of the argument
that changes statthe beachThe vertbreak however, is an externally caused
change of state verb because there necessarilybmgsime external agent that
brings about the event denotedldygakeven when that agent is unexpressed, as in
(4) (Levin and Rappaport Hovav, 1995). McKoon and Malzal (2000, 2002) posit
that externally caused change of state verbs ealeyical semantic event template
containing two subevents, as in (5), and internedlysed change of state verbs carry
a lexical semantic event template with only oneeselt, as in (6):

(5)  (y CAUSE (BECOME (x <STATE>)))
(6) (BECOME (x <STATE>)

McKoon and MacFarland attribute the ability of aternally caused change of state
verb to appear in a transitive frame, as in (13 toontent” portion of the verb’s
lexical semantic structure. They distinguish th&aroof “inherent participant,” in
which verbs seem to lexically specify (through “tant”) a restricted set of possible
causers. Thus for literal uses of verbs kkedeas in (1), there is a selectional
restriction to entities likéhe wind Further, McKoon and MacFarland report
psycholinguistic evidence of increased processimgd for externally caused change
of state verbs over internally caused change ¢¢ starbs on a variety of tasks,
regardless of the (in-)transitivity of the constran in which they appear. They
attribute this distinction in processing timeshe tncreased processing load of the
two subevent template.

Lemmens (1998) characterizes the difference betweemal and external causation
in a distinct but analogous manner. He separagesamb into a paradigmatic
opposition between transitivity and ergativity nbsrhe uses in the following
circumscribed manner. External causation is cagtuighin the transitive paradigm,
while internal causation is captured within theagrge paradigm. The transitive
paradigm profiles properties of the agent, ancetigative paradigm profiles
properties of the patient. Analogous to McKoon &atFarland’s notion of the
“content” portion of a verb licensing an “inhergarticipant,” Lemmens introduces
the notion of the possibility of external instigatiof the internally-caused event. This
characterizes the subject in a sentence like (d)a@sparticipant, along with the
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object, in the change of state event. In this sehgenotion that the event is possible
due to some properties of the object (internal @aois) is retained. In contrast,
external causation remains necessary in senteikeg@l).

By whatever means, speakers utilize these fundahiuts about language.
Lexemes and constructions are chosen by speakelisit@ particular construal
within comprehender¥. That is to say, speakers take an interest in disteners
interpret their language in their preferred anémaked way. As mentioned earlier in
this section, Kako (2006a) has begun to show thetiBc semantic components of
Transitivity are reliably attributed to subject gms in two participant clauses.
Extracting lexical-positional features thus showdflect these facts as they play out in
real text, such as which event participants areertikely to be, or have been
portrayed as, volitional agents. Because the prpically causative verbs of killing
are the objects of previous study and are likelgega@ood exemplars of the semantic
components of Transitivity, the experiments disedss this chapter investigate this
verb class and the construal of transitive clapsefcted from its members. The
results of these experiments provide evidencehi@ipsychological reality of a
decompositional view of Transitivity, and establieke connection between the
semantic components of Transitivity and the pefoeptf sentiment.

2.3 Investigative Approach

Levin (1993) works to explain the behavior of vebysattempting to isolate and
identify the components of meaning that appearggér that behavior. The focus in
that work is syntactic behavior, diathesis altdoret in particular. Additionally, by
design her research program attempts to push tntli¢ehe notion that such

behavior can be explained in terms of verb meaaioge. Levin works to explain
syntactic reflexes through the preliminary groupiiggerbs according to shared
alternations and common semantic elements. Le@a3)lestablished the
groundwork for additional research into determinimogv elements of meaning are
syntactically reflected, and in what ways. Subsagu®rk has begun to suggest
possible modifications to some of the preliminagyin classes, and to reconsider the
characterization of certain elements of meaninghWWiLevin’s preliminary verb
classes, such limits are reflected in the needdsseclassify verbs in unprincipled
ways, and in the fact that ultimately, many of vileeb classes show little coherence
with respect to the syntactic behavior of theirhgemMany exceptions must be noted
for such classes. In an example discussed in Lemi@i®98), Levin defines a
POISON class of verbs that includesphyxiate, crucify, drown, electrocute, strangle,
shoot, suffocateand more. Some of these verbs allow an inchoatege, while

others do not:

7(a) The witch poisoned Snow White. (Levin 1993)
7(b) *Snow White poisoned. (Levin 1993)

19| useconstrualin a relatively non-technical sense to simply dadé the interpretation a
comprehender attributes to a particular linguistimal.
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8(a) Somebody drowned Esther Williams. (Lemmens8199
8(b) Esther Williams drowned. (Lemmens 1998)

Levin (1993) thus cross-classifies verbs likewnin the SUFFOCATE class,
described as verbs “related to the disruption eatiring.” In addition to being
somewhat arbitrary, this verb class begins to agugdrahe kind of specificity that the
program of generalization over verb classes wanddd to eliminate.

Moreover, while such cross-classification does hégiaddress the syntactic
alternation issue, it does not highlight the impottsemantic distinctions at work.
Verbs likepoison, crucify andelectrocuteembody strong elements of an instrument
or means, and often then by extension an agemcti$tom the object, aligning with
external causation. Verbs likkown andasphyxiateon the other hand, profile the
attributes of the object undergoing the eventnatig with internal causation. This
generalization over event participant profiles doog a more natural explanation for
the differences in syntactic behavior shown ingf@l (8), and Lemmens uses the
agent- or patient-profiling tendencies of the kékbs as the primary criterion for
classifying them.

Viewing these differences in syntactic behavionfrihe perspective of the event
participant profiles projected from a verb and Wy these profiles are amplified by
particular encodings prompts the present investigaif the semantic components of
Transitivity. Specifically, subject-object individtion, affectedness of object,
volition, agency, and movement relative to othetip@ants all seem to be directly
related to the question of whether the lexical s@ros of a verb profiles the agent or
the patient. The presence or absence of specffiicipants in any given encoding
could further modulate the degree to which an emgpelxhibits each of these
semantic components.

In Section 2.4, my results confirm the hypothelsét the form of an event encoding
affects the perceived sentiment regarding partidgpan the event. | also show that
experimental participants were sensitive to thenela of internal causation, or
patient-profiling, in ergative verbs. Participarased these verbs as exhibiting more
sympathetic sentiment than transitive verbs withynexperimental paradigm. Using
multiple linear regression models, | establish thatdegree to which specific
semantic components of Transitivity are exhibitethin a clause predicts the
implicit sentiment attributed to the clause. A pipal components analysis further
supports the connection between the semantic coemp®@and implicit sentiment,
and provides additional evidence for Dowty's didtion between Proto-Agent and
Proto-Patient properties.

Taken together, the results in this chapter estalthiat a set of underlying
components of meaning, motivated by the lexicalasdros literature, can be used as
the basis for statistical classifier models tha&dpet author sentiment on the collective
basis of sentences that are not necessarily ovartjective or evaluative.
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2.4 Psycholinguistic Investigation: Linking TransitiyiComponents to
Sentiment Construal

In this section, | present a formal investigatidnhe hypothesis that semantic
components of Transitivity in sentences predictabwestrual of sentiment in those
sentences.

The specific focus | take in investigating linksthe interpretation of sentiment is
motivated by two studies in particular. The firgtdy is the scholarly work of
Lemmens (1998), which as discussed in Chapteudiest verbs of killing in depth.
Lemmens notes that the choice of this semantid fiels motivated by the generally
held belief that verbs of killing are causativebagrar excellencéLakoff, 1987;
Wierzbicka, 1980). Moreover, especially in liteuslage, verbs of killing connote a
strong element of physical force, considered funelatad to transitivity (Hopper and
Thompson 1980). The second motivating study, dsstién Section 2.1, is the
informal work that the media watchdog HonestRepgrtiom conducted with respect
to the Reuters news wire service headlines abolgni acts in the Israeli-Palestinian
conflict. | thus investigate the link between setirmoomponents of Transitivity and
implicit sentiment using experimental materialdiiased as newswire headlines
about acts of killing.

| designed and executed two experiments to carryhauinvestigative program just
described. In Experiment 1 | asked participantste transitive sentences with
respect to the semantic components of Transitigiypg an established software suite
for web-based data collectionl then analyzed this data for statistically sigraft
differences in component ratings with respect tdwbass and construction type, in
the vein of the results reported by Kako (2006a620@nd Wright(2001). The
sentence data from Experiment 1 was used agairperinent 2, an experiment
designed specifically to measure sentiment in heedike sentences related to acts
of violence, modeled in part on the Reuters datéhé analysis of data in Experiment
2, l used the data from Experiment 1 to build statal models in which semantic
component ratings are the predictors for the measents of sentiment in
Experiment 2.

1 Both experiments were conducted using a custamieesion of WebExp (Keller, et al. 1998).
WebEXxp is a collection of Java classes that impferigctionality to conduct psycholinguistic
experiments over the Web. It provides a numbemgfartant features, such as non-intrusive
participant authentication, response timing, andagament of stimulus randomization. Additionally,
the Java-based approach prevents participantsrigtirming to previous items to review or change
responses, and disallows missing responses. Andriengly, data collected using WebExp has been
shown to be comparable to data collected in attoadil laboratory setting (Keller and Alexopoulou
2001).

Because WebExp supported only two basic experirhpatadigms, sentence completion and
magnitude estimation, | developed a custom userfate in Java that | overlaid over the core
WebExp components that provided client-server comoation, response timing, stimulus data
management and randomization, and participant atitiaion.
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2.4.1 Experiment 1

This experiment presented transitive sentencesweiths of killing and asked
participants to rate them with respect to a vartgemantic components. This
experiment was conducted using WebExp software.

2.4.1.1 Stimuli and Procedure

The primary stimuli were 24 sentences with verbkiltihg. The sentences are listed
in Appendix 1 — Experimental Sentences for Experitheflhte 24 sentences use 11
verbs of killing. There are six verb instancesdach of two verb classes: the
‘transitive’ class, which tends toward the extelynehused end of the spectrum, and
the ‘ergative’ class, which tends toward the intdisncaused endf Each verb

instance is then presented in two formats. TheiBra transitive syntactic frame with
a human agent as subject, and the second is a alaration of the verb as subject
and the verb ‘kill' as the predicate. The kill ves&ntences in Experiment 1 were also
used as experimental material in Experiment 2,forma altered slightly to appear to
be newswire headlines (e.g. ‘The terrorists slaergiot nine hostages.’ here became
‘Terrorists slaughter nine hostages’ in Experin@®nt-urther details on kill verb
related materials are provided in the discussidexperiment 2 in Section 2.4.2.
Twenty-four distractor sentences with externallg anernally caused change of state
verbs, taken from McKoon and MacFarland (2000),enrarxed in with the
presentation of the kill verb sentences.

Each sentence was presented to participants ab@steofiquestions about that
sentence. Responses to each question were giverd ¢m 7 Likert scale. Sentences
for each participant were presented in a uniqudoamorder, with no more than one
sentence from the same block ever presented iwalifoe blocks are defined by verb
class and/or form, as shownAppendix 1 — Experimental Sentences for Experiment
1. Participants were required to provide a respomsxery question. If participants
attempted to proceed to the next item before cotimgl@ll responses, a warning was
issued and the missing item was highlighted.

The questions asked of each item probed both Dewpigto-role properties as well
as Hopper and Thompson’s Transitivity componentsafple stimulus is shown in
Figure 1. The semantic components and/or protopalperties corresponding to
each question are shown in Table 3. Drawing on Kak06a), the Dowty proto-
agent property “Causing an event or change of stadaother participant” was
factored out into two questions, one related tbhange of state, and another to the
causing of an event. Both can be considered fastdfi®pper and Thompson’s
Agency component.

The phrase “IN THIS EVENT” is used repeatedly idarto encourage participants
to focus on the particular event described in #r@gence, rather than on the entities or
events denoted in general. The subject and obfjeesps are repeated within each

2 The transitive verb class had five members, aacethative class had six members. Thus, for the
transitive class, the prototype verb ‘kill’ is us@dce in order to balance the number of sentepees
class. See section 2.4.2 for further detail oneheaterials.
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guestion resumption, in order to repeat it fordbestion at hand, rather than relying
on it ‘carrying down’ from the question lead-in.

Question in Experiment 1 Dowty Proto-Role Property Hopper and
Thompson
Component
IN THIS EVENT how likely is it that...
[subject] chose to be involved? Volitional involvent in the Volition
event or state
[subject] was aware of being involvedSentience (and/or Perception)
[subject] caused a change in the [objegtl2ause change of state in objec Agency
[subject] made something happen€ause event Agency
[subject] moved? Movement relative to the Kinesis
position of another participant
[subject] existed before this event took placexists independently of the event
IN THIS EVENT how likely is it that...
[object] was changed in some way®ndergoes change of state, Affectedness
Causally effected by another | of Object
participant
[object] was created as a result ofPoes not exist independently of
the event
[object] was stationary? Stationary relative to movement Kinesis
of another participant
IN THIS EVENT, how distinct or specific is Object
<object>? individuation
IN THIS EVENT, how distinct is <object> from (Exists independently of the Subject-
<subject>? event?) object
individuation
How likely is it that...
THIS EVENT happened quickly? (Incremental Theme?) Punctuality|
THIS EVENT was completed or ended? Aspect
(Telicity)

Table 3. Experimental questions and correspondingesnantic components and/or proto-role

properties
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The constant rain rusted the car.

IM THIS EWENT, howy likely is it that... ot &t =l YEPY mUch

the constart rain choseto beinvolved? €1 £ 2 (3 4 5 8 (7

the constart rain was sware of beinginvaolveds 1 2 (3 (a4 5 g (7
the constart rain caused achange inthecars 1 2 3 (a4 5 g (7
the constart rain made something happenz 1 2 3 (4 5 T8 7

the constant rainmaved? © 1 2 3 C4 5 Cg (7

the constart rain existed before this everttook place? 1 &2 3 (a4 5 g 7
IM THIS EVENT, hioww likely iz it that not &t all ey much
the car wasz changedinsome way? 1 2 3 (4 5 &g 7

the car wascresfedasaresute €1 T2 O3 4 5 Cg 7

thecar was stationaryz. (1 2 O3 (a4 (5 (8 (7

I THIS EVENT, hiowr: distinct of specific is the car? W e @i ey e e el
I THIS EVENT, how distinct is the car from the constart rain? e (e e @ s E
Hoewe likely iz it that... not &t all sery much

THIS EVENT happenedguickly? 1 2 O3 (a4 (g5 g (7

THIS EVENT was completedorended? 1 T2 (3 Ca4 5 Cg 7

et

1 of 45
Figure 1. Sample stimulus item from Experiment 1

2.4.1.2 Participants
A total of 18 participants completed the experiméditwere volunteers and were
native speakers of English.

2.4.1.3 Analysis and Results

Linear mixed model ANOVAs were run with kill verkass as the fixed effect, and
each semantic component as a dependent varialperibent 1 is a repeated
measures design in the sense that each particgpargasured repeatedly against the
different verb classes. Moreover, each particimntieasured repeatedly against each
specific verb class. The mixed model allows forlaeticipant effect and works to
separate the variance internal to each particifpant the variance in the dependent
variables.

Over the two Kill verb classes, transitive and &wgatwo components differed
significantly; Kinesis (Movement), F(1,430) = 6.47l= .011, and Punctuality,
F(1,430) = 25.617, p < .001. Telicity was neartynsficant, F(1,430) = 3.240, p =
.073. Subdividing the ergative verbs into two swlogs as suggested by Lemmens
(1998), additional significant differences are ra@ee for Kinesis (Stationary),
F(2,429) = 4.066, p = .018, and Telicity, F(2,429.355, p =.036. Kinesis and
Punctuality are most reliably significantly diffeteacross verb classes. Along with
Telicity, these three components logically makessess important components for
the prototypically transitive kill verbs and theirong association with physical force.
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Because the data were perfectly balanced for theaapnce of human agents,
Volition and Sentience were neutralized in the datas in effect seems to have
transferred some of the differentiation of the comgnts from being sourced in the
verbs to being sourced in the syntactic frame ircivkhey were presented. Indeed,
analyzing the difference between the means witlstineulus sentence form as the
fixed effect supports this view. The means, F satamd p values for this analysis are
shown in Table 4.

Active

Transitive Nominalized
Kill Verb Items Form Form Significance
Volition 6.523 1.241F(1,430) = 3261.111, p <.001
Sentience 6.472 1.269F(1,430) = 2575.531, p <.001
Cause Change of State 6.903 6.755n.s.
Cause Event 6.912 6.106|F(1,430) = 30.630, p <.001
Kinesis (Movement) 6.296 2.213F(1,430) = 712.190, p < .001
Independent Existence 6.639 2.037|F(1,430) =944.241, p <.001
Causal Effect 6.907 6.875n.s.
No Independent Existence 1.319 1.176n.s.
Kinesis (Stationary) 3.551 3.236]F(1,430) =5.503, p =.019
Object Individuation 5.625 5.454n.s.
Subject - Object Individuation 6.514 5.75[F(1,430) = 20.096, p < .001
Punctuality 5.176 5.014n.s.
Telicity 6.273 6.569F(1,430) = 6.912, p =.009

Table 4. ANOVA results for the semantic componentfor kill verbs with Form as fixed effect.

When the transitive syntactic frame is held cortsban the verb is varied, the data
support the conclusion that the presence of artieegeerb in the frame has the effect
of reducing Transitivity ratings, and thus suchteroes are considered to have less
of the ‘effect’ or ‘transfer’ associated with Tratngty. For example, the degree to
which a human subject exhibits volitional involverhen the event can be modulated
downward by the choice of verb. This differencénis type of distinction | predict to
have implications for sentiment detection. Consalesh of the kill verb sentence
forms, the active transitive (transitive effectiw)d nominalized form, in isolation.
The components for which significant differencesev®und for each form by the
transitive-ergative verb class distinction are shawTable 5 and Table 6. This data
supports Lemmens'’s reorganization of the kill vgshmarily with respect to whether
they lexically profile the agent or the patientr Bwe nominalized form, the transitive
verb class was rated significantly higher for biéthesis (Movement), which is
movement of the subject, and Independent Existeftiee subject. This reflects the
fact that the ergative verbs denote actions theatrdimately tied to the patient. The
activity denoted is rated less likely to involve vement independent from the
patient, and it is rated like likely to exist inggently of the patient. For the active
forms, we see that the transitive verb class edratgnificantly higher for Volition
and Sentience. All of these sentences had humansaget the human agents for the
sentences with ergative verbs, which profile propsrof the patient, were rated
lower on the scale for Volition and Sentience.
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A pattern appears to emerge from these resultdiohapatient-profiling, or

internally caused changes of state, are considerkd events that are slower to
unfold than agent-profiling or externally causedmfes of state. Punctuality differs
for both forms, with the transitive class ratednagin both cases. This indicates that
greater punctuality is attributed to verbs suckrasot assassinateandpoisonover
verbs likechoke suffocate andstarve Telicity was rated significantly higher for the
transitive verb class for the active form only. §hppears to stem from the fact that
of the verbs in each class, all the transitive sente lexically telic with respect to the
killing event except perhaps fpoisonandshoot whereas all of the ergative verbs
were lexically atelic with respect to the killingent except fodrownand perhaps
suffocate The fact that telicity was significantly differiefor the active form only can
be attributed to the fact that all the nominalisedtence forms were unambiguous
with respect to the telicity of the killing evemh¢re details about the verbs used and
the stimulus data is found in the discussion ofdfixpent 2 in Section 2.4.2).

Nominalized Form Only Ergative  [Transitive Significance

Kinesis (Movement) 1.63 2.796F(1,214)=23.382, p <.001
Independent Existence 1.583 2.491F(1,214)=12.977, p < .001
Punctuality 4.704 5.324|F(1,214)=9.665, p = .002
Table 5. Significantly different component ratings,nominalized kill verb stimuli only
Active Form Only Ergative [Transitive Significance

\Volition 6.324 6.722F(1,214)=9.010, p = .003
Sentience 6.259 6.685/F(1,214)=8.188, p = .005
Punctuality 4.769 5.583F(1,214)=16.343, p <.001
Telicity 6.046 6.5F(1,214)=7.213, p = .008

Table 6. Significantly different component ratings,active kill verb stimuli only

Overall, the significant differences for the rasngf the semantic components of
transitivity observed in Experiment 1 support thems of the theoretical work that
distinguished the components. The ratings correliteverb classes and sentence
forms in the ways we would expect, and these resultl further support to the
literature providing evidence that the componengspgychologically real.

2.4.2 Experiment 2

Within the broader investigational goal of linkisgmantic components to implicit
sentiment, Experiment 2 was designed with two dgegoals in mind. First, |

wanted to establish that different surface evenbdmgs for violent acts between
opposing sides in a conflict reliably trigger difat responses in comprehenders. It
seems intuitive that whether an encoding explicitlfiers to the perpetrator or not
would make a difference in how the encoding podridne event in the minds of
comprehenders. The first goal of Experiment 2 wasstablish this fact
experimentally. (Recall that the method by which plerpetrator is mentioned in
event encodings was at the heart of the claimarstudy by HonestReporting.com.)

Second, In addition to showing that the encodingimdations reliably alter the
perceived sentiment toward the event, Experimestitdvs that perceptions of
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implicit sentiment can be predicted by the sematdimponent ratings gathered in
Experiment 1.

2.4.2.1 Stimuli and Procedure

Short newspaper-like paragraphs describing cosftiesulting in death were
presented to participants. Specific circumstanéesoh scenario aside, for our
purposes here we refer to the main participangaah event as the perpetrator and
the victim. Alternate newspaper headlines were shimwthe event paragraphs, and
experimental subjects were asked to rate themne#tpect to how sympathetic they
perceive them to be to the perpetrator and to ittenv. Here sympathy, as a measure
of favor or bias, is the particular sentiment exaauli (cf. the discussion in Section
1.2).

For the paragraph description of each conflict fthlewing criteria held:

* There was an obvious nominal referent for bothpggetrator and the victim
* It was clear that the victim dies
* Inthe scenario, the perpetrator was directly rasiide for the resulting death, not
indirectly (e.g. through negligence)
* Some paragraphs were based an actual news stmtespme were not. In either
case:
o0 No proper names (persons and places) were usadpin any
inadvertent emotional reactions or legal issues
0 The description was not completely devoid of emm@laompact. We
wanted readers to have some emotional basis wikthvib judge the
headlines.

The verbs of killing used were as follows, takeanirLemmens (1998), and based on
his suggested reorganization of verbs of killind.@vin (1993) according to their
degree of agent- or patient-profiling propertiesdascussed in Section 2.3.

o kil

o slaughter

0 assassinate
0 shoot [action]
0 poison [instrument]
0 strangle

0 smother

o choke

o drown

o suffocate

0 starve
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The verbs are listed above in two blocks, the bitetk ‘transitive’ and the second
block ‘ergative’. The verbs are ordered from mastrisitive’ or agent-profiling (kill,
...) to most ‘ergative’ or patient-profiling (stramgl...) in the sense of Lemmens
(1998). This corresponds to a continuum in whi@hglototypical meaning of the
verb goes from most externally caused to mostnialgr caused.

For each paragraph description, there are thremale headline types:

* Transitive effective (causative)
» Transitive effective with nominalized agent
» Passive with no ‘by’ phrase

Each verb is used once per headline type, exceptetb ‘kill' which is used twice

per headline type. This was done to balance thébeuwf instances for transitive and
ergative verbs, as there are six ergative verlisanist above, but only five transitive
ones.

The transitive effective (causative) constructierplicitly refer to the perpetrator and
victim as the subject and object, respectively. Séeond is also a transitive effective,
but with a nominalization as the subject. The tlrd passive with no ‘by’ phrase
included. An example is:

(1) Terrorists slaughter nine hostages
(2) Slaughter Kkills nine hostages
(3) Nine hostages are slaughtered

These forms were chosen in order to test the sfteoexplicitly naming both
participants, or leaving the perpetrator unnamedither nominalizing the act or
using a passive construct with no perpetrator naifilee complete set of headline
stimulus items is listed iAppendix 2 — Experimental Stimulus Headlines

As shown in (1)-(3), the nominal referent forms tloe participants were used
consistently among the items. Nominalized formsng®), always use ‘kill" as their
main verb, as this is the prototype verb in theasaro field of killing. It provides the
least information about how the killing was accostped, and as the prototype, it has
the largest and most varied distribution in thédfi€onversely, headlines with
nominalized perpetrators using the verb ‘kill’ regusome other nominalization, so
they don’t say ‘Killing kills victim’. For these tacases in the data, an appropriate
nominalization drawn from the event description wasd (e.g., ‘explosion’):

(1) Terrorists kill eight marketgoers

(2) Explosion kills eight marketgoers
(3) Eight marketgoers are killed
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The stem of the chosen nominalization always agokeiarthe event description in
either verbal or nominal form.

It was important to not make it obvious to partaifs in the experiment what was
being manipulated. Thus distractor data were d@eeldo be interleaved with the
stimulus items. Distractor data adhered to the santeria as described above for
verbs of killing. The differences were:

o0 A conflict was at the core, however:
o It did not result in death
o It might involve violence, or it might be more alagt (e.qg. litigation)
o Non-causative verbs were used (@ccusesue deny pressureetc.)
o There were not three alternate headlines, butratie per distractor event
description. Half the distractor headlines rangéit anore freely in structure
than the stimulus data (e.g., a prepositional ghvess added) in order to
distract from the more rigid format of the stimuwiihile the other half
conformed to the format.
o The single headlines for the distractor items vexenly distributed among
the three basic headline forms

The headline data were divided into three varifotshe experiment, such that each
participant saw data from all three conditions ¢hiee forms), but each participant
saw exactly one condition for each event descmptamd each participant saw the
same number of headlines for each of the threeitonsl Thus, in a sense, this
design is between-subjects for specific stimulemg, but within-subjects overall for
the three conditions to be tested. For the threelitions corresponding to the three
headline types, the stimulus data were block ranziesdras in Experiment 1 such that
no two items in sequence were of the same formléKadt al. 1998). There were 24
distractor items, also randomized, providing a twone ratio of distractors to
stimuli.

The headline data for form types (1) and (2) (het,the passive condition) are the
headlines that appeared in sentential form asitheekb stimulus data in Experiment
1, as discussed in Section 2.4.1.1.

Using the WebExp framework, stimuli were preseritesequence, and two questions
were asked about each story and headline pairfilfh@sked how sympathetic the
headline was to the perpetrator, and the secoretldsbw sympathetic the headline
was to the victim. The question about the perpetriatthe one of interest here, as the
manipulations were performed with respect to thrpgteator, and our hypothesis
centers on sentiment toward the perpetrator. Tlestepn about the victim serves as a
distractor. A sample stimulus item presentatiomftbe experiment is shown in
Figure 2. The interface emphasized the word HEADRLIN order to remind
participants that the question is about the headhative to the event, not the event
itself or the event description.
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A man has heen charged for the suffocation of a waman
early Tuesday morning. City police say the man
suffocated the 24-year-old woman using a plastic garhage
bag. The woman, who police say had a previous
relationship with her attacker, was on her way to work
when the incident happened. Based on infarmation
provided by neighbors, police were ahle to identify the
suspect, who was arrested at gunpoint later the same
day.

HEADLIME:

Suffocation kills 24-year old woman

How sympathetic or unsympathetic is this HEADLINE to the man?
=- wery ursympathetic very syimpathetic -=
[ B 3 4 5 { oE (T

How sympathetic or unsympathetic is this HEADLINE to the 24-year old woman?
=- wery unsympathetic very sympathetic -=
o el i ™ 4 5 e OoF

Mext

g of 36

Figur