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Abstract

This pap er presen ts a corpus study

of ev aluativ e and sp eculativ e language.

Kno wledge of suc h language w ould b e

useful in man y applications, suc h as

text categorization and summarization.

Analyses of annotator agreemen t and of

c haracteristics of sub jectiv e language are

p erformed. This study yields kno wl-

edge needed to design e�ectiv e mac hine

learning systems for iden tifying sub jec-

tiv e language.

1 In tro duction

Subje ctivity in natural language refers to asp ects

of language used to express opinions and ev alua-

tions (Ban�eld, 1982; Wieb e, 1994). Subje ctivity

tagging is distinguishing sen tences used to presen t

opinions and other forms of sub jectivit y ( subje c-

tive sentenc es ) from sen tences used to ob jectiv ely

presen t factual information ( obje ctive sentenc es ).

This task is esp ecially relev an t for news rep ort-

ing and In ternet forums, in whic h opinions of v ar-

ious agen ts are expressed. There are n umerous

applications for whic h sub jectivit y tagging is rele-

v an t. Tw o are information retriev al and informa-

tion extraction. Curren t extraction and retriev al

tec hnology fo cuses almost exclusiv ely on the sub-

ject matter of do cumen ts. Ho w ev er, additional

asp ects of a do cumen t in
uence its relev ance, in-

cluding, e.g., the eviden tial status of the material

presen ted, and the attitudes expressed ab out the

topic (Kessler et al., 1997). Kno wledge of sub jec-

tiv e language w ould also b e useful in 
ame recog-

nition (Sp ertus, 1997; Kaufer, 2000), email clas-

si�cation (Aone et al., 2000), in tellectual attribu-

tion in text (T eufel and Mo ens, 2000), recogniz-

ing sp eak er role in radio broadcasts (Barzila y et

al., 2000), review mining (T erv een et al., 1997),

generation and st yle (Ho vy , 1987), clustering do c-

umen ts b y ideological p oin t of view (Sac k, 1995),

and an y other application that w ould b ene�t from

kno wledge of ho w opinionated the language is, and

whether or not the writer purp orts to ob jectiv ely

presen t factual material.

T o use sub jectivit y tagging in applications,

go o d linguistic clues m ust b e found. As with man y

pragmatic and discourse distinctions, existing lex-

ical resources are not comprehensiv ely co ded for

sub jectivit y . The goal of our curren t w ork is learn-

ing sub jectivit y clues from corp ora. This pap er

con tributes to this goal b y empirically examin-

ing sub jectivit y . W e explore annotating sub jectiv-

it y at di�eren t lev els (expression, sen tence, do cu-

men t) and pro duce corp ora annotated at di�eren t

lev els. Annotator agreemen t is analyzed to un-

derstand and assess the viabilit y of suc h annota-

tions. In addition, b ecause expression-lev el anno-

tations are �ne-grained and th us v ery informativ e,

these annotations are examined to gain kno wledge

ab out sub jectivit y .

W e also use our annotations and existing ed-

itorial annotations to generate and test features

of sub jectivit y . Altogether, the observ ations and

results of these studies pro vide v aluable informa-

tion that will facilitate designing e�ectiv e mac hine

learning systems for recognizing sub jectivit y .

The remainder of this pap er �rst pro vides bac k-

ground ab out sub jectivit y , then presen ts results

for do cumen t-lev el annotations, follo w ed b y an

analysis of expression-lev el annotations. Results

for features generated using do cumen t-lev el anno-

tations are next, ending with conclusions.

2 Sub jectivit y

Sen tence (1) is an example of a simple sub jectiv e

sen tence, and (2) is an example of a simple ob jec-

tiv e sen tence:

1

(1) A t sev eral di�eren t la y ers, it's a fascinating

tale.

1

The term subje ctivit y is due to Ann Ban�eld

(1982). F or references to w ork on sub jectivit y , please

see (Ban�eld, 1982; Fludernik, 1993; Wieb e, 1994;

Stein and W righ t, 1995).



(2) Bell Industries Inc. increased its quarterly to

10 cen ts from 7 cen ts a share.

The main t yp es of sub jectivit y are:

1. Evaluation. This category includes emotions

suc h as hop e and hatred as w ell as ev alua-

tions, judgemen ts, and opinions. Examples

of expressions in v olving p ositiv e ev aluation

are enthuse d , wonderful , and gr e at pr o duct! .

Examples in v olving negativ e ev aluation are

c omplaine d , you idiot! , and terrible pr o duct .

2. Sp e culation . This category includes an ything

that remo v es the presupp osition of ev en ts o c-

curring or states holding, suc h as sp eculation

and uncertain t y . Examples of sp eculativ e ex-

pressions are sp e culate d , and mayb e .

F ollo wing are examples of strong negativ e

ev aluativ e language from a corpus of Usenet

newsgroup messages:

(3a) I had in mind y our facts, buddy , not hers.

(3b) Nice touc h. \Alleges" whenev er facts p osted

are not in y our p ersona of what is \real".

F ollo wing is an example of opinionated, edito-

rial language, tak en from an editorial in the W all

Street Journal:

(4) W e stand in a w e of the W o o dsto c k genera-

tion's abilit y to b e unceasingly fascinated b y the

sub ject of itself.

Sen tences (5) and (6) illustrate the fact that

sen tences ab out sp eec h ev en ts ma y b e sub jectiv e

or ob jectiv e:

(5) North w est Airlines settled the remaining

la wsuits �led on b ehalf of 156 p eople killed in

a 1987 crash, but claims against the jetliner's

mak er are b eing pursued, a federal judge said.

(6) \The cost of health care is ero ding our stan-

dard of living and sapping industrial strength,"

complains W alter Maher, a Chrysler health-and-

b ene�ts sp ecialist.

In (5), the material ab out la wsuits and claims is

presen ted as factual information, and a federal

judge is giv en as the source of information. In

(6), in con trast, a complain t is presen ted. An NLP

system p erforming information extraction on (6)

should not treat the material in the quoted string

as factual information, with the complainer as a

source of information, whereas a corresp onding

treatmen t of sen tence (5) w ould b e appropriate.

Sub jectiv e sen tences often con tain individual

expressions of sub jectivit y . Examples are fasci-

nating in (1), and er o ding , sapping , and c omplains

in (6). The follo wing paragraphs men tion asp ects

of sub jectivit y expressions that are relev an t for

NLP applications.

First, although some expressions, suc h as ! , are

sub jectiv e in all con texts, man y , suc h as sapping

and er o ding , ma y or ma y not b e sub jectiv e, de-

p ending on the con text in whic h they app ear. A

p otential subje ctive element ( PSE ) is a linguistic

elemen t that ma y b e used to express sub jectivit y .

A subje ctive element is an instance of a p oten tial

sub jectiv e elemen t, in a particular con text, that is

indeed sub jectiv e in that con text (Wieb e, 1994).

Second, a sub jectiv e elemen t expresses the sub-

jectivit y of a sour c e , who ma y b e the writer or

someone men tioned in the text. F or example, the

source of fascinating in (1) is the writer, while

the source of the sub jectiv e elemen ts in (6) is Ma-

her. In addition, a sub jectiv e elemen t has a tar-

get , i.e., what the sub jectivit y is ab out or directed

to w ard. In (1), the target is a tale; in (6), the tar-

get of Maher's sub jectivit y is the cost of health

care. These are examples of obje ct-c entric sub-

je ctivity , whic h is ab out an ob ject men tioned in

the text (other examples: \I lo v e this pro ject";

\The soft w are is horrible"). Sub jectivit y ma y also

b e addr esse e-oriente d , i.e., directed to w ard the lis-

tener or reader (e.g., \Y ou are an idiot").

Third, there ma y b e m ultiple sub jectiv e ele-

men ts in a sen tence, p ossibly of di�eren t t yp es

and attributed to di�eren t sources and targets.

F or example, in (4), sub jectivit y of the W o o dsto c k

generation is describ ed (sp eci�cally , its fascina-

tion with itself ). In addition, sub jectivit y of the

writer is expressed (e.g., `w e stand in a w e'). As de-

scrib ed b elo w, individual sub jectiv e elemen ts w ere

annotated as part of this w ork, re�ning previous

w ork on sen tence-lev el annotations. Finally , PSEs

ma y b e complex expressions suc h as `village id-

iot', `p o w ers that b e', `Y ou' NP , and `What a'

NP . There is a great v ariet y of suc h expressions,

including man y studied under the rubric of idioms

(see, for example, (Nun b erg et al., 1994)). W e ad-

dress learning suc h expressions in another pro ject.

3 Previous W ork on Sub jectivit y

T agging

In previous w ork (Wieb e et al., 1999; Bruce and

Wieb e, 1999), a corpus of sen tences from the W all

Street Journal T reebank Corpus (Marcus et al.,

1993) w as man ually annotated with sub jectivit y



classi�cations b y m ultiple judges. The judges w ere

instructed to consider a sen tence to b e sub jectiv e

if they p erceiv ed an y signi�can t expression of sub-

jectivit y (of an y source) in the sen tence, and to

consider the sen tence to b e ob jectiv e, otherwise.

Agreemen t w as summarized in terms of Cohen's

� (Cohen, 1960), whic h compares the total proba-

bilit y of agreemen t to that exp ected if the taggers'

classi�cations w ere statistically indep enden t (i.e.,

\c hance agreemen t"). After t w o rounds of tag-

ging b y three judges, an a v erage pairwise � v alue

of .69 w as ac hiev ed on a test set. The EM learn-

ing algorithm w as used to pro duce corrected tags

represen ting the consensus opinions of the taggers

(Go o dman, 1974; Da wid and Sk ene, 1979). An

automatic system to p erform sub jectivit y tagging

w as dev elop ed using the new tags as training and

testing data. In 10-fold cross v alidation exp eri-

men ts, a probabilistic classi�er obtained an a v er-

age accuracy on sub jectivit y tagging of 72.17%,

more than 20 p ercen tage p oin ts higher than a

baseline accuracy obtained b y alw a ys c ho osing the

more frequen t class. Fiv e part-of-sp eec h features,

t w o lexical features, and a paragraph feature w ere

used.

T o iden tify ric her features, (Wieb e, 2000) used

Lin's (1998) metho d for clustering w ords accord-

ing to distributional similarit y , seeded b y a small

amoun t of detailed man ual annotation, to auto-

matically iden tify adjectiv e PSEs. There are t w o

parameters of this pro cess, neither of whic h w as

v aried in (Wieb e, 2000): C , the cluster size con-

sidered, and F T , a �ltering threshold, suc h that, if

the seed w ord and the w ords in its cluster ha v e, as

a set, lo w er precision than the �ltering threshold

on the training data, the en tire cluster, includ-

ing the seed w ord, is �ltered out. This pro cess is

adapted for use in the curren t pap er, as describ ed

in section 7.

4 Choices in Annotation

In expression-lev el annotation, the judges �rst

iden tify the sen tences they b eliev e are sub jectiv e.

They next iden tify the sub jectiv e elemen ts in

the sen tence, i.e., the expressions they feel are

resp onsible for the sub jectiv e classi�cation. F or

example (sub jectiv e elemen ts are in paren theses):

They promised (y et) more for (really go o d stu� ).

(P erhaps y ou'll forgiv e me) for rep osting his

resp onse.

Sub jectiv e-elemen t (expression-lev el) annota-

tions are probably the most natural. Ultimately ,

w e w ould lik e to recognize the sub jectiv e elemen ts

in a text, and their t yp es, targets, and sources.

Ho w ev er, b oth man ual and automatic tagging at

this lev el are di�cult b ecause the tags are v ery

�ne-grained, and there is no predetermined clas-

si�cation unit; a sub jectiv e elemen t ma y b e a sin-

gle w ord or a large expression. Th us, in the short

term, it is probably b est to use sub jectiv e-elemen t

annotations for kno wledge acquisition (analysis,

training, feature generation) alone, and not target

automatic classi�cation of sub jectiv e elemen ts.

In this w ork, do cumen t-lev el sub jectivit y anno-

tations are text categories of whic h sub jectivit y

is a k ey asp ect. W e use three text categories:

editorials (Kessler et al., 1997), reviews, and

\
ames", i.e., hostile messages (Sp ertus, 1997;

Kaufer, 2000). F or ease of discussion, w e group

editorials and reviews together under the term

opinion pie c es.

There are b ene�ts to using suc h do cumen t-lev el

annotations. First, they are more directly re-

lated to applications (e.g., �ltering hostile mes-

sages and mining reviews from In ternet forums).

Second, there are existing annotations to b e ex-

ploited, suc h as editorials and arts reviews mark ed

as suc h b y newspap ers, as w ell as on-line pro duct

reviews accompanied b y formal n umerical ratings

(e.g., 4 on a scale from 1 to 5).

Ho w ev er, a c hallenging asp ect of suc h data is

that opinion pieces and 
ames con tain ob jectiv e

sen tences, while do cumen ts in other text cate-

gories con tain sub jectiv e sen tences. News rep orts

presen t reactions to and attitudes to w ard rep orted

ev en ts (v an Dijk 1988); they often con tain seg-

men ts starting with expressions suc h as critics

claim and supp orters ar gue . In addition, quoted-

sp eec h sen tences in whic h individuals express their

sub jectivit y are often included (Barzila y et al.,

2000). On the other hand, editorials con tain ob-

jectiv e sen tences presen ting facts supp orting the

writer's argumen t, and reviews con tain sen tences

ob jectiv ely presen ting facts ab out the pro duct.

This \impure" asp ect of opinionated text cate-

gories m ust b e considered when suc h data is used

for training and testing. Some sp eci�c results are

giv en b elo w in section 7.

W e b eliev e that sen tence-lev el classi�cations

will con tin ue to pro vide an imp ortan t lev el of

analysis. The sen tence pro vides a presp eci-

�ed classi�cation unit

2

and, while sen tence-lev el

judgemen ts are not as �ne-grained as sub jectiv e-

2

While sen tence b oundaries are not alw a ys unam-

biguous in unedited text or sp ok en language, the data

can alw a ys b e segmen ted in to sen tence-lik e units b e-

fore sub jectivit y tagging is p erformed.



elemen t judgemen ts, they do not in v olv e the large

amoun t of noise w e face with do cumen t-lev el an-

notations.

5 Do cumen t-Lev el Annotation

Results

5.1 Flame Annotations

In this study , newsgroup messages w ere assigned

the tags 
ame or not-
ame . The corpus con-

sists of 1140 Usenet newsgroup messages, bal-

anced among the categories alt, sci, comp, and rec

in the Usenet hierarc h y . The corpus w as divided,

preserving the category balance, in to a training set

of 778 messages and a test set of 362 messages.

The annotators w ere instructed to mark a mes-

sage as a 
ame if the \main in ten tion of the mes-

sage is a p ersonal attac k, con taining insulting or

abusiv e language." A n um b er of p olicy decisions

w ere made in the instructions, dealing, primarily ,

with included messages (part or all of a previous

message, included in the curren t message as part

of a reply). Some additional issues addressed in

the instructions w ere who the attac k w as directed

at, nonsense, sarcasm, h umor, ran ts, and ra v es.

During the training phase, t w o annotators, MM

and R, participated in m ultiple rounds of tagging,

revising the annotation instructions as they pro-

ceeded. During the testing phase, MM and R in-

dep enden tly annotated the test set, ac hieving a �

v alue on these messages of 0.69. A third annota-

tor, L, trained on 492 messages from the training

set, and then annotated 88 of the messages in the

test set. The pairwise � v alues on this set of 88

are: MM & R: 0.80; MM & L: 0.75; R & MM:

0.80; for an a v erage pairwise � of .78.

This study pro vides evidence for the viabilit y

of do cumen t-lev el 
ame annotation. W e plan to

build a 
ame-recognition system in the future. As

will b e seen b elo w, MM and R also tagged this

data at the sub jectiv e-elemen t lev el.

5.2 Opinion- Pi ece Classi�cations

Our opinion-piece classi�cations are built on exist-

ing annotations in the W all Street Journal. Sp ecif-

ically , there are articles explicitly iden ti�ed to b e

Editorials, L etters to the Editor , A rts & L eisur e ,

and Viewp oints ; together, w e call these opinion

pie c es . This data is a go o d resource for sub jectiv-

it y recognition. Ho w ev er, an insp ection of some

data rev ealed that some editorials and reviews are

not mark ed as suc h. F or example, there are arti-

cles written in the �rst p erson, and the purp ose of

the article is to presen t an argumen t rather than

co v er a news story , but there is no explicit indi-

cation that they are editorials. T o create high

qualit y test data, t w o judges man ually annotated

WSJ data for opinion pieces. The instructions

w ere to �nd an y additional opinion pieces that

are not mark ed as suc h. The annotators also had

the option of disagreeing with the existing anno-

tations, but did not opt to do so in an y instances.

One judge annotated all articles in four datasets

of the W all Street Journal T reebank corpus (Mar-

cus et al., 1993) (W9-4, W9-10, W9-22, and W9-

33, eac h appro ximately 160K w ords) as w ell as

the corpus of W all Street Journal articles used in

(Wieb e et al., 1999) (called WSJ-SE b elo w). An-

other judge annotated all articles in t w o of the

datasets (W9-22 and W9-33).

This annotation task app ears to b e relativ ely

easy . With no training at all, the � v alues are v ery

high: .94 for dataset W9-33 and .95 for dataset

W9-22.

The agreemen t data for W9-22 is giv en in T able

1 in the form of a con tingency table. In section

7, this data is used to generate and test candidate

p oten tial sub jectiv e elemen ts (PSEs).

6 Sub jectiv e-Elemen t Annotation

Results and Analyses

6.1 Annotations and Data

These subsections analyze sub jectiv e elemen t an-

notations p erformed on three datasets, WSJ-SE ,

NG-FE , and NG-SE .

WSJ-SE is the corpus of 1001 sen tences of the

W all Street Journal T reebank Corpus referred to

ab o v e in section 3. Recall that the sen tences of

this corpus w ere man ually annotated with sub jec-

tivit y classi�cations as describ ed in (Wieb e et al.,

1999; Bruce and Wieb e, 1999).

F or this pap er, t w o annotators ( D and M ) w ere

ask ed to iden tify the sub jectiv e elemen ts in WSJ-

SE. Sp eci�cally , the taggers w ere giv en the sub-

jectiv e sen tences iden ti�ed in the previous study ,

and ask ed to put brac k ets around the w ords they

b eliev e cause the sen tence to b e classi�ed as sub-

jectiv e.

Note that in
amma tory language is a kind of

sub jectiv e language. NG-FE is a subset of the

Usenet newsgroup corpus used in the do cumen t-

lev el 
ame-annotation study describ ed in section

5.1. Sp eci�cally , NG-FE consists of the 362-

message test set for taggers R and MM. F or this

study , R and MM w ere ask ed to iden tify the 
ame

elements in NG-FE. Flame elemen ts are the sub-

set of sub jectiv e elemen ts that are p erceiv ed to

b e in
amma tory . R and MM w ere ask ed to do

this in all 362 messages, b ecause some messages

that w ere not judged to b e 
ames at the message

lev el do con tain individual in
ammatory phrases
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T able 1: Con tingency T able for Opinion Piece Agreemen t in W9-22

(in these cases, the tagger do es not b eliev e that

these phrases express the main in ten t of the mes-

sage).

In addition to the ab o v e annotations, tagger M

p erformed sub jectiv e-elemen t tagging on a di�er-

en t set of Usenet newsgroup messages, corpus NG-

SE . The size of this corpus is 15413 w ords.

In datasets WSJ-SE and NG-SE, the taggers

w ere also ask ed to sp ecify one of �v e sub jectiv e

elemen t t yp es: e + (p ositiv e ev aluativ e), e � (neg-

ativ e ev aluativ e), e ? (some other t yp e of ev alua-

tion), u (uncertain t y), and o (none of the ab o v e),

with the option to assign m ultiple t yp es to an in-

stance. All corp ora w ere stemmed (Karp et al.,

1992) and part-of-sp eec h tagged (Brill, 1992).

6.2 Agreemen t Among T aggers

There are tec hniques for analyzing agreemen t

when annotations in v olv e segmen t b oundaries

(Litman and P assonneau, 1995; Marcu et al.,

1999), but our fo cus in this pap er is on w ords.

Th us, our analyses are at the w ord lev el: eac h

w ord is classi�ed as either app earing in a sub jec-

tiv e elemen t or not. Punctuation is excluded from

our analyses. The WSJ data is divided in to t w o

subsets in this section, Exp1 and Exp2 .

As men tioned ab o v e, in WSJ-SE Exp1 and

Exp2, the taggers also classi�ed sub jectiv e ele-

men ts with resp ect to the t yp e of sub jectivit y

b eing expressed. Sub jectivit y t yp e agreemen t is

again analyzed at the w ord lev el, but, in this anal-

ysis, only the w ords classi�ed as b elonging to sub-

jectiv e elemen ts b y b oth taggers are considered.

T able 2 pro vides � v alues for w ord agreemen t

in NG-FE (the 
ame data) as w ell as for WSJ-SE

Exp1 and Exp2. The task of iden tifying sub jec-

tiv e elemen ts in a b o dy of text is di�cult, and the

agreemen t results re
ect this fact; agreemen t is

m uc h stronger than that exp ected b y c hance, but

less than what w e w ould lik e to see when v erify-

ing a new classi�cation. F urther re�nemen t of the

co ding man ual is required. Additionally , it ma y b e

p ossible to re�ne the classi�cations automatically

using metho ds suc h as those describ ed in (Wieb e

et al., 1999). In this analysis, w e explore the pat-

terns of agreemen t exhibited b y the taggers in an

e�ort to b etter understand the classi�cation.

W e b egin b y lo oking at w ord agreemen t. W ord

agreemen t is higher in the 
ame exp erimen t

(NG-FE) than it is in either WSJ exp erimen t

(WSJ-SE Exp1 and Exp2). Lo oking at the WSJ

data pro vides one plausible explanation for the

lo w er w ord agreemen t in the WSJ exp erimen ts.

As exhibited in the sub jectiv e elemen ts iden ti�ed

for the single clause b elo w,

D : (e+ pla y ed the role w ell) (e? obligatory

ragged jeans a thic k et of long hair and rejection

of all things con v en tional)

M : (e+ w ell) (e? obligatory) (e- ragged) (e?

thic k et) (e- rejection) (e- all things con v en tional)

tagger D consisten tly iden ti�es en tire phrases

as sub jectiv e, while T agger M prefers to select

discrete lexical items. This di�erence in in ter-

pretation of the tagging instructions do es not

o ccur in the 
ame exp erimen t. Nonetheless, ev en

within the 
ame data, there are man y instances

where b oth taggers iden tify the same segmen t of

a sen tence as forming a sub jectiv e elemen t but

disagree on the b oundaries of that segmen t, as in

the example b elo w.

R : (classic case of y ou delib erately misin terpret-

ing m y commen ts)

M M : (y ou delib erately misin terpreting m y

commen ts)

These patterns of partial agreemen t are also evi-

den t in the � v alues for w ords from sp eci�c syn-

tactic categories (see T able 2 again). In the WSJ

data, agreemen t on determiners is particularly lo w

b ecause they are often included as part of a phrase

b y tagger D but t ypically not included in the sp e-

ci�c lexical items c hosen b y tagger M. In terest-

ingly , in the WSJ exp erimen ts, the taggers most

frequen tly agreed on the selection of mo dals and

adjectiv es, while in the 
ame exp erimen t, agree-

men t w as highest on nouns and adjectiv es. The

high agreemen t on adjectiv es in b oth genres is con-



All W ords Nouns V erbs Mo dals Adj's Adv erbs Det's

NG-FE 0 : 4657 0 : 5213 0.4571 0 : 4008 0 : 5011 0 : 3576 0 : 4286

WSJ-SE, Exp1 0 : 4228 0 : 3999 0.4235 0 : 6992 0 : 6000 0 : 4328 0 : 2661

WSJ-SE, Exp2 0 : 3703 0 : 3705 0.4261 0 : 4298 0 : 4294 0 : 2256 0 : 1234

T able 2: � V alues for W ord Agreemen t

sisten t with results from other w ork (Bruce and

Wieb e, 1999; Wieb e et al., 1999), but high agree-

men t on nouns in the 
ame data v erses high agree-

men t on mo dals in the WSJ data suggests a genre

sp eci�c usage of these categories. This w ould b e

the case if, for example, mo dals w ere most fre-

quen tly used to express uncertain t y , a t yp e of sub-

jectivit y that w ould b e relativ ely rare in 
ames.

T urning to sub jectiv e-elemen t t yp e, in b oth

WSJ exp erimen ts, the � v alues for t yp e agreemen t

are comparable to those for w ord agreemen t. Re-

call that m ultiple t yp es ma y b e assigned to a single

sub jectiv e instance. All suc h instances in the WSJ

data are u in com bination with an ev aluativ e tag

(i.e., e+ , e- and e? ), and they are not common:

eac h tagger assigned m ultiple tags to few er than

7% of the sub jectiv e instances. Ho w ev er, if partial

matc hes b et w een t yp e tags are recognized, i.e., if

they share a common tag, then the � v alues im-

pro v e signi�can tly . T able 3 sho ws b oth t yp es of

results.

It is in teresting to note the v ariation in t yp e agree-

men t for w ords of di�eren t syn tactic categories.

Agreemen t on adjectiv es is consisten tly high while

the agreemen t on the t yp e of sub jectivit y ex-

pressed b y mo dals and adv erbs is consisten tly lo w.

This con trasts with the fact that w ord agreemen t

for mo dals, in particular, and, to a lesser exten t,

adv erbs w as high. This lac k of agreemen t sug-

gests that the t yp e of sub jectivit y expressed b y

adjectiv es is more easily distinguished than that

of mo dals or adv erbs. This is particularly imp or-

tan t b ecause the n um b er of adjectiv es included in

sub jectiv e elemen ts is high. In con trast, the n um-

b ers of mo dals and adv erbs are relativ ely lo w.

Additional insigh t can b e gained b y com bining

the 3 ev aluativ e classi�cations (i.e., e+ , e- and

e? ) to form a single tag, e , represen ting an y

form of ev aluativ e expression. T able 4 presen ts

t yp e agreemen t results for the tag set e, u, o .

In con trasting T ables 3 and 4, it is surprising

to note that most of the � v alues decrease when

the distinction among the ev aluativ e t yp es is re-

mo v ed. This suggests that the three ev aluativ e

t yp es are natural classi�cations. Only for adv erbs

do es t yp e agreemen t impro v e with the smaller

tag set; this indicates that it is di�cult to dis-

tinguish the ev aluativ e nature of adv erbs. Note

also that agreemen t for mo dals is not impacted

b y the c hange in tag sets. This fact supp orts the

h yp othesis that mo dals are used primary to ex-

press uncertain t y . As a �nal p oin t, w e lo ok at

patterns of agreemen t in t yp e classi�cation using

the mo dels of symmetry , marginal homogeneit y ,

quasi-indep endence, and quasi-symmetry . Eac h

mo del tests for a sp eci�c pattern of agreemen t:

symmetry tests the in terc hangeabilit y of taggers,

marginal homogeneit y v eri�es the absence of bias

among taggers, quasi-indep endence v eri�es that

the taggers act indep enden tly when they disagree,

and quasi-symmetry tests for the presence of an y

pattern in their disagreemen ts. F or a more com-

plete description of these mo dels and their use

in analyzing in terco der reliabilit y see (Bruce and

Wieb e, 1999). In short, the results presen ted in

T able 5 indicate that the taggers are not in ter-

c hangeable: they exhibit biases in their t yp e clas-

si�cations, and there is a pattern of correlated dis-

agreemen t in the assignmen t of the original t yp e

tags. Surprisingly , the taggers app ear to act in-

dep enden tly when they disagree in assigning the

compressed t yp e tags (i.e., tags e , u and o ). This

shift in the pattern of disagreemen t b et w een tag-

gers again suggests that the compression of the

ev aluativ e tags w as inappropriate. Additionally ,

these �ndings suggest that it ma y b e p ossible to

automatically correct the t yp e biases expressed

b y the taggers using the tec hnique describ ed in

(Bruce and Wieb e, 1999), a topic that will b e in-

v estigated in future w ork.

6.3 Uniqueness

Based on previous w ork (Wieb e et al., 1998), w e

h yp othesized that lo w-frequency w ords are asso ci-

ated with sub jectivit y . T able 6 pro vides evidence

that the n um b er of unique w ords (w ords that ap-

p ear just once) in sub jectiv e elemen ts is higher

than exp ected. The �rst ro w giv es information

for all w ords and the second giv es information for

w ords that app ear just once. The �gures in the

Num columns are total coun ts, and the �gures in

the P columns giv e the prop ortion that app ear in

sub jectiv e elemen ts. The A gr e e columns giv e in-



All W ords Nouns V erbs Mo dals Adj's Adv erbs Det's

Exp1 F ull Matc h 0 : 4216 0 : 4228 0.2933 0 : 1422 0 : 5919 0 : 1207 0 : 5000

P artial Matc h 0 : 5156 0 : 4570 0.4447 0 : 3011 0 : 6607 0 : 3305 0 : 5000

Exp2 F ull Matc h 0 : 3041 0 : 2353 0.2765 0 : 1429 0 : 5794 0 : 1207 0 : 0000

P artial Matc h 0 : 4209 0 : 2353 0.3994 0 : 3494 0 : 6719 0 : 4439 0 : 1429

T able 3: � V alues for T yp e Agreemen t Using All T yp es in the WSJ Data

All W ords Nouns V erbs Mo dals Adj's Adv erbs Det's

Exp1 F ull Matc h 0 : 3377 0 : 0440 0.1648 0 : 1968 0 : 5443 0 : 3810 0 : 0000

P artial Matc h 0 : 5287 0 : 1637 0.3765 0 : 4903 0 : 8125 0 : 3810 0 : 0000

Exp2 F ull Matc h 0 : 2569 0 : 0000 0.1923 0 : 1509 0 : 4783 0 : 1707 0 : 1429

P artial Matc h 0 : 4789 0 : 0000 0.4167 0 : 4000 0 : 8056 0 : 7671 0 : 4000

T able 4: � V alues for T yp e Agreemen t Using E,O,U in the WSJ Data

Sym. M.H. Q.S. Q.I.

Exp1 All T yp es G

2

112 : 351 92 : 447 19 : 904 66 : 771

Sig. 0 : 000 0 : 000 0 : 527 0 : 007

e,o,u G

2

85 : 478 84 : 142 1 : 336 12 : 576

Sig. 0 : 000 0 : 000 0 : 248 0 : 027

Exp2 All T yp es G

2

94 : 669 76 : 247 18 : 422 58 : 892

Sig. 0 : 000 0 : 000 0 : 241 0 : 001

e,o,u G

2

66 : 822 66 : 819 0 : 003 0 : 0003

Sig. 0 : 000 0 : 000 0 : 986 0 : 987

T able 5: T ests for P atterns of Agreemen t in WSJ T yp e-T agged Data

WSJ-SE NG-FE

D M Agree Agree R MM

Num P Num P Num P Num P Num P Num P

All w ords 18341 .07 18341 .08 16857 .04 15413 .15 86279 .01 88210 .02

unique 2615 .14 2615 .20 2522 .15 2348 .17 5060 .07 4836 .03

T able 6: Prop ortions of Unique W ords in Sub jectiv e Elemen ts



formation for the subset of the corresp onding data

set up on whic h the t w o annotators agree.

Comparison of ro ws 1 and 2 across columns

sho ws that the prop ortion of unique w ords that

are sub jectiv e is higher than the prop ortion of all

w ords that are sub jectiv e. In all cases, this di�er-

ence in prop ortions is highly statistically signi�-

can t.

6.4 T yp es and Con text

An in teresting question is, when a w ord app ears

in m ultiple sub jectiv e elemen ts, are those sub jec-

tiv e elemen ts all the same t yp e? T able 7 sho ws

that a signi�can t p ortion are used in more than

one t yp e. Eac h item considered in the table is a

w ord-POS pair that app ears more than once in the

corpus. The �gures sho wn are the total n um b er of

w ord-POS items that app ear more than once (the

columns lab eled MultInst ) and the prop ortion of

those items that app ear in more than one t yp e

of sub jectiv e elemen t (the columns lab eled Mult-

T yp e ). These results highligh t the need for con tex-

tual disam biguation. F or example, one thinks of

gr e at as a p ositiv e ev aluativ e term, but its p olarit y

dep ends on the con text; it can b e used negativ ely

ev aluativ ely in a con text suc h as \Just great." A

goal of p erforming sub jectiv e-elemen t annotations

is to supp ort learning suc h lo cal con textual in
u-

ences.

7 Generating and T esting PSEs

using Do cumen t-Lev el

Annotations

This section uses the opinion-piece annotations to

expand our set of PSEs b ey ond those that can b e

deriv ed from the sub jectiv e-elemen t annotations.

Precision is used to assess feature qualit y . The

precision of feature F for class C is the n um b er

of Fs that o ccur in units of class C o v er the total

n um b er of Fs that o ccur an ywhere in the data.

An imp ortan t motiv ation for using the opinion-

piece data is that there is a large amoun t of it,

and man ually re�ning existing annotations as de-

scrib ed in section 5.2 is m uc h easier and more re-

liable than other t yp es of sub jectivit y annotation.

Ho w ev er, w e cannot exp ect absolutely high pre-

cisions for t w o reasons. First, the distribution of

opinions and non-opinions is highly sk ew ed in fa-

v or of non-opinions. F or example, in T able 1, tag-

ger 1 classi�es only 23 of 293 articles as opinion

pieces. Second, as discussed in section 4, opin-

ion pieces con tain ob jectiv e sen tences and non

opinion-pieces con tain sub jectiv e sen tences. F or

example, in WSJ-SE, whic h has b een annotated

at the sen tence and do cumen t lev els, 70% of the

sen tences in opinion pieces are sub jectiv e and 30%

are ob jectiv e. In non-opinion pieces, 44% of the

sen tences are sub jectiv e and only 56% are ob jec-

tiv e.

T o giv e an idea of exp ected precisions, let us

consider the precision of sub jectiv e sen tences with

resp ect to opinion pieces. Supp ose that 15% of

the sen tences in the dataset are in opinions, 85%

in non-opinions. Let us assume the prop ortions of

sub jectiv e and ob jectiv e sen tences in opinion and

non-opinion pieces giv en just ab o v e. Let N b e the

total n um b er of sen tences. The desired precision

is the n um b er of sub jectiv e sen tences in opinions

o v er the total n um b er of sub jectiv e sen tences. It

is .22:

p=.15 * N * .70 / (.15 * N * .70 + .85 * N * .44).

In addition, w e are assessing PSEs, whic h are

only p oten tially sub jectiv e; man y ha v e ob jectiv e

as w ell as sub jectiv e uses.

Th us, ev en if precisions are m uc h lo w er than 1,

w e use increases in precision o v er a baseline as ev-

idence of promising PSEs. The baseline for com-

parison is the n um b er of w ord instances in opin-

ion pieces, divided b y the total n um b er of w ord

instances. T able 8 sho ws the precisions for three

t yp es of PSEs. The fr e q columns giv e total fre-

quencies, and the +pr e c columns sho w the im-

pro v emen ts in precision from the baseline. The

baseline precisions are giv en at the b ottom of the

table.

As men tioned ab o v e, (Wieb e, 2000) sho w ed suc-

cess automatically iden tifying adjectiv e PSEs us-

ing Lin's metho d, seeded b y a small amoun t of de-

tailed man ual annotations. Desiring to mo v e a w a y

from man ually annotated data, for this pap er the

same pro cess is used, but the seed w ords are all

the adjectiv es (v erbs) in the training data. In ad-

dition, in the curren t setting, there are no a priori

v alues to use for parameters C (cluster size) and

F T (�ltering threshold), as there w ere in (Wieb e,

2000), and results v ary with di�eren t parameter

settings. Th us, a train-v alidate-test pro cess is ap-

propriate. In T able 8, the n um b ers giv en under,

e.g., W9-10, are the results obtained when W9-10

is used as the test set. One of the other datasets,

sa y W9-22, w as used as the training set, meaning

that all the adjectiv es (v erbs) in that dataset are

the seed w ords, and all �ltering w as p erformed us-

ing only that data. The seed-�ltering pro cess w as

rep eated with di�eren t settings of C and F T , pro-

ducing a di�eren t set of adjectiv es (v erbs) for eac h

setting. A third dataset, sa y W9-33, w as used as a

v alidation set, i.e., among all the sets of adjectiv es

generated from the training set, those with go o d

p erformance on the v alidation set w ere selected as



WSJ-SE-M WSJ-SE-D NG-SE-M

MultInst MultT yp e MultInst MultT yp e MultInst MultT yp e

413 .17 378 .16 571 .29

T able 7: W ord-POS-T yp es Used in Multiple T yp es of Sub jectiv e Elemen ts

W9-10 W9-22 W9-33 W9-04

freq +prec freq +prec freq +prec freq +prec

adjectiv es 373 .21 1340 .11 2137 .09 2537 .14

v erbs 721 .16 1436 .08 3139 .07 3720 .11

unique w ords 6065 .10 5441 .07 6045 .06 6171 .09

baseline precision .17 .13 .14 .18

freq: T otal frequency +prec: Increase in precision o v er baseline

T able 8: F requencies and Increases in Precision

the PSEs to test on the test set. A set w as consid-

ered to ha v e go o d p erformance on the v alidation

set if its precision is at least .25 and its frequency

is at least 100. Since this pro cess is mean t to

b e a metho d for mining existing do cumen t-lev el

annotations for PSEs, the existing opinion-piece

annotations w ere used for training and v alidation.

Our man ual opinion-piece annotations w ere used

for testing.

The ro w lab eled unique wor ds sho ws the preci-

sion on the test set of the individual w ords that

are unique in the test set. The increase o v er base-

line precision sho ws that lo w-frequency w ords can

b e informativ e for recognizing sub jectivit y .

Note that the features all do b etter and w orse

on the same data sets. This sho ws that the sub jec-

tivit y is someho w harder to iden tify in, sa y , W9-33

than in W9-10; it also sho ws an imp ortan t consis-

tency among the features, ev en though they are

iden ti�ed in di�eren t w a ys.

8 Conclusions

This pap er presen ts the results of an empirical ex-

amination of sub jectivit y at the di�eren t lev els of

a text: the expression lev el, the sen tence lev el,

and the do cumen t lev el. While analysis of sub jec-

tivit y is p erhaps most natural and precise at the

expression lev el, do cumen t-lev el annotations are

freely a v ailable from a n um b er of sources and are

appropriate for man y applications. The sen tence-

lev el annotation is a w ork able in termediate lev el:

sen tence-lev el judgmen ts are not as �ne-grained as

expression-lev el judgmen ts, and they don't in v olv e

the large amoun t of noise found at the do cumen t

lev el.

As part of this examination, w e presen t a study

of annotator agreemen t c haracterizing the di�-

cult y of iden tifying sub jectivit y at the di�eren t

lev els of a text. The results demonstrate that not

only can sub jectivit y b e iden ti�ed at the do cu-

men t lev el with high reliabilit y , but that it is also

p ossible to iden tify expression-lev el sub jectivit y ,

alb eit with lo w er reliabilit y .

Using man ual annotations, w e are able to c har-

acterize sub jectiv e language. A t the expression

lev el, w e found that it is natural to distinguish

among p ositiv ely ev aluativ e, negativ ely ev alua-

tiv e, and sp eculativ e uses of a w ord. W e also

found that sub jectiv e text con tains a high pro-

p ortion of unique w ord o ccurrences, m uc h more so

than ordinary text. Rather than ignoring or dis-

carding unique w ords, w e demonstrate that the

o ccurrence of a unique w ord is a PSE. W e also

found that agreemen t is higher for some syn tac-

tic w ord classes, e.g., for adjectiv es in comparison

with determiners.

Finally , w e are able to mine PSEs from text

tagged at the do cumen t lev el. Giv en the di�cult y

of ev aluating PSEs in do cumen t-lev el sub jectiv-

it y classi�cation due to the mix of sub jectiv e and

ob jectiv e sen tences, the PSEs iden ti�ed in this

study exhibit relativ ely high precision. In future

w ork, w e will in v estigate do cumen t-lev el classi�-

cation using these PSEs, as w ell as other metho ds

for extracting PSEs from text tagged at the do c-

umen t lev el; metho ds to b e in v estigated include

m utual-b o otstrapping and/or co-training.

References

C. Aone, M. Ramos-San tacruz, and W. Niehaus.

2000. Assen tor: An nlp-based solution to e-mail

monitoring. In Pr o c. IAAI-2000 , pages 945{

950.

A. Ban�eld. 1982. Unsp e akable Sentenc es . Rout-

ledge and Kegan P aul, Boston.

R. Barzila y , M. Collins, J. Hirsc h b erg, and

S. Whittak er. 2000. The rules b ehind roles:



Iden tifying sp eak er role in radio broadcasts. In

Pr o c. AAAI .

E. Brill. 1992. A simple rule-based part of sp eec h

tagger. In Pr o c. of the 3r d Confer enc e on Ap-

plie d Natur al L anguage Pr o c essing (ANLP-92) ,

pages 152{155.

R. Bruce and J. Wieb e. 1999. Recognizing sub jec-

tivit y: A case study of man ual tagging. Natur al

L anguage Engine ering , 5(2).

J. Cohen. 1960. A co e�cien t of agreemen t for

nominal scales. Educ ational and Psycholo gic al

Me as. , 20:37{46.

A. P . Da wid and A. M. Sk ene. 1979. Max-

im um lik eliho o d estimation of observ er error-

rates using the EM algorithm. Applie d Statis-

tics , 28:20{28.

M. Fludernik. 1993. The Fictions of L anguage

and the L anguages of Fiction . Routledge, Lon-

don.

L. Go o dman. 1974. Exploratory laten t structure

analysis using b oth iden ti�able and uniden ti�-

able mo dels. Biometrika , 61:2:215{231.

E. Ho vy . 1987. Gener ating Natur al L anguage un-

der Pr agmatic Constr aints . Ph.D. thesis, Y ale

Univ ersit y .

D. Karp, Y. Sc hab es, M. Zaidel, and D. Egedi.

1992. A freely a v ailable wide co v erage mor-

phological analyzer for English. In Pr o c. of

the 14th International Confer enc e on Compu-

tational Linguistics (COLING-92) .

D. Kaufer. 2000. Flaming: A White Pap er .

www.eudora.com.

B. Kessler, G. Nun b erg, and H. Sc h utze. 1997.

Automatic detection of text genre. In Pr o c.

A CL-EA CL-97 .

D. Lin. 1998. Automatic retriev al and clustering

of similar w ords. In Pr o c. COLING-A CL '98 ,

pages 768{773.

Diane J. Litman and R. J. P assonneau. 1995.

Com bining m ultiple kno wledge sources for dis-

course segmen tation. In Pr o c. 33r d A nnual

Me eting of the Asso ciation for Computational

Linguistics (A CL-95) , pages 108{115. Asso cia-

tion for Computational Linguistics, june.

D. Marcu, M. Romera, and E. Amorrortu. 1999.

Exp erimen ts in constructing a corpus of dis-

course trees: Problems, annotation c hoices, is-

sues. In The Workshop on L evels of R epr esen-

tation in Disc ourse , pages 71{78.

M. Marcus, San torini, B., and M. Marcinkiewicz.

1993. Building a large annotated corpus of En-

glish: The p enn treebank. Computational Lin-

guistics , 19(2):313{330.

G. Nun b erg, I. Sag, and T. W aso w. 1994. Idioms.

L anguage , 70:491{538.

W. Sac k. 1995. Represen ting and recognizing

p oin t of view. In Pr o c. AAAI F al l Symp osium

on AI Applic ations in Know le dge Navigation

and R etrieval .

E. Sp ertus. 1997. Smok ey: Automatic recogni-

tion of hostile messages. In Pr o c. IAAI .

D. Stein and S. W righ t, editors. 1995. Subje ctiv-

ity and Subje ctivisation . Cam bridge Univ ersit y

Press, Cam bridge.

L. T erv een, W. Hill, B. Amen to, D. McDonald,

and J. Creter. 1997. Building task-sp eci�c in-

terfaces to high v olume con v ersational data. In

Pr o c. CHI 97 , pages 226{233.

S. T eufel and M. Mo ens. 2000. What's y ours and

what's mine: Determining in tellectual attribu-

tion in scien ti�c texts. In Pr o c. Joint SIGD A T

Conver enc e on EMNLP and VLC .

J. Wieb e, K. McKeev er, and R. Bruce. 1998.

Mapping collo cational prop erties in to mac hine

learning features. In Pr o c. 6th Workshop on

V ery L ar ge Corp or a (WVLC-98) , pages 225{

233, Mon treal, Canada, August. A CL SIGD A T.

J. Wieb e, R. Bruce, and T. O'Hara. 1999. Dev el-

opmen t and use of a gold standard data set for

sub jectivit y classi�cations. In Pr o c. 37th A n-

nual Me eting of the Asso c. for Computational

Linguistics (A CL-99) , pages 246{253, Univ er-

sit y of Maryland, June. A CL.

J. Wieb e. 1994. T rac king p oin t of view in narra-

tiv e. Computational Linguistics , 20(2):233{287.

J. Wieb e. 2000. Learning sub jectiv e adjectiv es

from corp ora. In 17th National Confer enc e on

A rti�cial Intel ligenc e (AAAI-2000) .


