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Abstract

The goal of this w ork is recognizing opinionated

and ev aluativ e ( subje ctive ) language in text.

The abilit y to recognize suc h language w ould

b e b ene�cial for man y NLP applications suc h

as question answ ering, information extraction,

summarization, and genre detection. This pa-

p er fo cuses on disam biguating p oten tially sub-

jectiv e expressions in con text, based on the den-

sit y of other clues in the surrounding text.

1 In tro duction

The goal of this w ork is to recognize opinion-

ated and ev aluativ e ( subje ctive ) language in text

(Ban�eld, 1982). The abilit y to recognize sub-

jectiv e language w ould b e b ene�cial for NLP ap-

plications suc h as question answ ering, informa-

tion extraction, and genre detection.

Recen t w ork b y Wieb e and colleagues (2001b;

2001a; 2000) fo cused on learning p oten tially

sub jectiv e expressions from corp ora. This pap er

fo cuses on the m utual disam biguation of suc h

features in con text. Man y natural language ex-

pressions ha v e b oth sub jectiv e and ob jectiv e us-

ages, so a problem for recognizing sub jectiv e

language is determining when instances of ex-

pressions are indeed sub jectiv e in the con text in

whic h they app ear. W e ha v e disco v ered that the

densit y of other p oten tial clues in the surround-

ing con text is a strong in
uence: if a su�cien t

n um b er of other clues are nearb y , a clue is more

lik ely to b e sub jectiv e than if there are not.

There are t w o parameters to this pro cess, corre-

sp onding to \su�cien t n um b er" and \nearb y ."

V alues for these parameters are c hosen indep en-

den tly using man ual annotations of sub jectiv e

expressions in a mixture of W all Street Journal

(WSJ) and newsgroup (NG) data (Section 5).

The selected densit y features are ev aluated

with resp ect to do cumen t-lev el classes in WSJ

data (Section 6). All of the parameters c hosen

using the man ual annotations result in increases

in precision o v er baseline in the test data, and

the ma jorit y of the increases are large.

The do cumen t-lev el classes are iden ti�ed b y

the WSJ itself: Editorials, L etters to the Ed-

itor , A rts & L eisur e R eviews , and Viewp oints ;

together, w e call these opinion pie c es . With

this data, w e are not restricted to the con�nes

of corp ora man ually annotated in detail, whic h

is necessarily small. T o assess the sub jectiv-

it y of the sen tences b eing recognized, Section 7

presen ts the results of an annotation study in

whic h sen tences iden ti�ed automatically using

densit y features are man ually annotated b y t w o

judges. Agreemen t is high for sen tences classi-

�ed with certain t y , and most of the sen tences

are classi�ed as sub jectiv e b y b oth judges, or

are near sen tences that are.

This w ork is also an in teresting case study

of using data annotated at di�eren t lev els, and

exploiting existing do cumen t-lev el annotations

to learn linguistic kno wledge.

2 Sub jectivit y

Subje ctivity in natural language refers to asp ects

of language used to express emotion, ev aluation,

opinion and sp eculation. In this w ork, w e adopt

the annotation sc heme of (Wieb e et al., 1999).

Under that sc heme, a sen tence is sub jectiv e if

it con tains a signi�can t expression of emotion,

ev aluation, opinion, or sp eculation, attributed

to either the writer or someone men tioned in

the text. Otherwise, the sen tence is ob jectiv e.

In (Wieb e et al., 1999), m ultiple judges anno-

tated a corpus with sub jectiv e/ob jectiv e classi-

�cations, rating the certain t y of their answ ers

on a scale from 0 to 3. F or the 85% of the corpus

for whic h the certain t y ratings of the judges w as

2 or 3, the a v erage pairwise Kappa v alue w as



0.80. Th us, when the annotators are certain of

their answ ers, whic h they are for the ma jorit y

of sen tences, their agreemen t is high. Wieb e et

al. (1999) dev elop ed a classi�er to p erform sub-

jectivit y tagging using this data, with go o d re-

sults in 10-fold cross v alidation exp erimen ts (an

a v erage accuracy 20 p ercen tage p oin ts higher

than baseline for all sen tences and 30 p ercen t-

age p oin ts higher on the sen tences for whic h the

annotators' certain t y ratings w ere 2 or 3). In

the curren t pap er, as describ ed b elo w, this data

is further annotated at the expression lev el and

used for training data to c ho ose densit y param-

eters.

T able 1 sho ws examples of sub jectiv e and

ob jectiv e sen tences from the annotation study

presen ted in Section 7. Sen tences classi�ed b y

b oth judges as ob jectiv e are mark ed \o o" and

those classi�ed b y b oth judges as sub jectiv e are

mark ed \ss".

Sub jectivit y analysis could b e exploited in

man y NLP applications, recognizing in
amma-

tory messages (Sp ertus, 1997), genre detection

and do cumen t routing (Kessler et al., 1997), in-

tellectual attribution in text (T eufel and Mo ens,

2000), generation and st yle (Ho vy , 1987), ques-

tion answ ering from m ultiple p ersp ectiv es, and

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

kno wledge of ho w opinionated language is, and

whether or not the writer purp orts to ob jec-

tiv ely presen t factual material. An information

extraction or summarization system, for exam-

ple, w ould b ene�t from distinguishing sen tences

in tended to presen t facts from those in tended to

presen t opinions, since man y suc h systems are

mean t to extract only facts.

One asp ect of sub jectivit y is highligh ted in

this pap er. Although some expressions, suc h as

! , are sub jectiv e in all con texts, man y ma y or

ma y not b e sub jectiv e, dep ending on the con-

text in whic h they app ear. A p otential subje c-

tive element ( PSE ) is a linguistic w ord or ex-

pression that ma y b e used to express sub jectiv-

it y . A subje ctive element is an instance of a p o-

ten tial sub jectiv e elemen t, in a particular con-

text, that is indeed sub jectiv e in that con text

(Wieb e, 1994). This pap er fo cuses on iden tify-

ing PSE instances that are sub jectiv e elemen ts.

3 Data

W e use training data from (Wieb e et al., 1999;

Wieb e et al., 2001b; Wieb e et al., 2001a) con-

sisting of corp ora annotated at the expression

lev el. In expression-lev el sub jectivit y tagging,

the judges �rst iden tify the sen tences they b e-

liev e are sub jectiv e. They next iden tify the sub-

jectiv e elemen ts in the sen tence, i.e., the expres-

sions they feel are resp onsible for the sub jec-

tiv e classi�cation. F or example, an annotator

mark ed t w o sub jectiv e elemen ts in the follo w-

ing sen tence (indicated with paren theses): They

p aid (yet) mor e for (r e al ly go o d stu� ).

Tw o WSJ datasets, 500 sen tences eac h, w ere

annotated b y t w o judges, resulting in four sets

of annotations ( SE1, SE2, SE3, SE4 ). In ad-

dition, a newsgroup dataset of 1,132 sen tences

w as annotated b y one judge ( SE5 ).

Do cumen t-lev el opinion-piece data is used as

test data to ev aluate the densit y features (in

Section 6). Recall that the class opinion pie c e

is the union of Editorial, L etter to the Editor ,

A rts & L eisur e R eview , and Viewp oint in the

WSJ. An insp ection of some data rev ealed that

some editorials are not mark ed as suc h. Th us,

the opinion-piece data used for ev aluation in

this w ork has b een man ually re�ned. The an-

notation instructions are simply to iden tify an y

additional opinion pieces that are not mark ed

as suc h. T o test the reliabilit y of this annota-

tion, t w o judges indep enden tly annotated t w o

editions of the WSJ, eac h appro ximately 160K

w ords. This is an \annotation lite" task: with

no training, the annotators ac hiev ed Kappa v al-

ues of 0.94 and 0.95, and sp en t an a v erage of

three hours p er WSJ edition.

Tw o datasets ( OP1 and OP2 ) of four WSJ

editions eac h w ere man ually annotated as de-

scrib ed in the previous paragraph. OP1 has a

total of 1,232 articles and 640,975 w ords, and

OP2 has a total of 1,222 do cumen ts and 629,690

w ords. All instances in OP1 and OP2 of the

PSEs describ ed in Section 4 w ere iden ti�ed. All

training to de�ne the PSE instances in O P 1 w as

p erformed on data separate from O P 1, and all

training to de�ne the PSE instances in O P 2 w as

p erformed on data separate from O P 2.

Note that opinion-piece data, used as test

data in our ev aluations, is noisy . Although

the ratio of sub jectiv e to ob jectiv e sen tences

is higher in opinion-piece do cumen ts, there are



(1) The outburst of sho oting came nearly t w o w eeks after clashes b et w een Moslem w orshipp ers and o o

Somali soldiers.

(2.a) But no w the refugees are streaming across the b order and alarming the w orld. ss

(2.b) In the middle of the crisis, Eric h Honec k er w as hospitalized with a gall stone op eration. o o

(2.c) It is b ecoming more and more ob vious that his gallstone-age comm unism is dying with him: : : : ss

(3.a) Not brillia n tl y , b ecause, after all, this w as a p erformer who w as collecting pa yc hec ks from lounges ss

at Hiltons and Holida y Inns, but creditably and with the air of someone for whom

\T en Cen ts a Dance" w as more than a bit autobiographica l.

(3.b) \It w as an exercise of blending Mic helle's singing with Susie's singing," explained Ms. Stev ens. o o

(4) Enlisted men and lo w er-grade o�cers w ere meat thro wn in to a grinder. ss

(5) \If y ou b eliev e in Go d and y ou b eliev e in miracles, there's nothing particularly crazy ab out that." ss

T able 1: Examples from the annotation study in Section 7.

ob jectiv e sen tences in opinion-piece do cumen ts,

and sub jectiv e sen tences in the other kinds of

do cumen ts.

4 PSEs Used

W e use PSE features automatically learned

from corp ora. The �rst is a w ord app earing

just once in the corpus (i.e., a unique w ord).

In terestingly , the set of all unique w ords in a

corpus is a high frequency set, with higher than

baseline precision (Wieb e et al., 2001a). This

feature do es not require training.

The next t w o t yp es of PSE are adjectiv es and

v erbs iden ti�ed using the results of a metho d

for clustering w ords according to distributional

similarit y (Lin, 1998), as describ ed in (Wieb e,

2000). Distributional similarit y has b een used

to �nd similar w ords in text. The h yp othe-

sis b ehind its use in (Wieb e, 2000) w as that

w ords ma y b e distributionally similar b ecause

they are b oth p oten tially sub jectiv e (e.g., tr agic ,

sad , and p oignant are iden ti�ed from bizarr e ).

The remaining t yp es of PSEs are collo cations,

learned from data that is man ually annotated

at the expression lev el with sub jectiv e elemen ts.

Roughly sp eaking, a collo cation is judged to b e

a PSE if its precision is greater than the maxi-

m um precision of its constituen ts (Wieb e et al.,

2001a).

Fixe d-n-gr ams are sequences of n w ord j part-

of-sp eec h pairs. Examples from test data O P 1

are: a sort of, as he b e, b e it that, have to p ay,

he b e a, it b e time, it should b e, of the c entury,

r est of us, se em to b e, the kind of, the midd le

of, the other hand, the quality of, to do so, to

say ab out.

In ugen-n-gr ams , one or more of the w ords is

U , whic h matc hes an y w ord that is unique in

F req Prec %incPrec

unique w ords 8288 .32 100%

adjectiv es 4610 .34 113%

v erbs 8862 .25 56%

�xed-2-grams 7584 .22 38%

�xed-3-grams 908 .23 44%

�xed-4-grams 61 .26 63%

ugen-2-grams 407 .43 169%

ugen-3-grams 203 .42 163%

ugen-4-grams 15 .47 194%

baseline 640975 .16

T able 2: Results for PSEs in test data O P 1

the test data. Tw o examples are (highly j adverb

U j adj ) and (U j adj to j pr ep U j verb ). Instances

in O P 1 matc hing the �rst include highly un-

satisfactory, highly unortho dox, highly talente d,

highly c onje ctur al, highly er otic. Instances in

O P 1 matc hing the second include: imp ervious

to r e ason, str ange to c elebr ate, wise to temp er.

T able 2 giv es results for the PSEs describ ed

ab o v e on test data O P 1 (all training w as done

on separate data). The precision of a set S

with resp ect to opinion pieces is the prop or-

tion of mem b ers of S that app ear in opinion

pieces. The baseline precision of .16 app earing

at the b ottom of the table is the prop ortion of

all w ords in the corpus that app ear in opinion

pieces. F or eac h t yp e of feature, T able 2 giv es

frequencies (in column F r e q ), precisions (in col-

umn Pr e c ), and p ercen tage increases in preci-

sion o v er baseline (column %incPr e c ). F or ex-

ample, the �rst ro w giv es results for the set of

unique w ords. There are 8,288 unique w ords in

OP1 . The precision of that set is .32, whic h is

a 100% impro v emen t o v er the baseline precision

of .16.

The baseline precision in T able 2 is lo w b e-



0. P S E s = all adjs, v erbs, mo dals, nouns, and

adv erbs that app ear at least once in an S E

(except not , wil l , b e , have ).

1. P S E insts = the set of all instances of P S E s

2. H iD ensity = fg

3. F or P in P S E insts :

4. leftWin( P ) = the W w ords b efore P

5. righ tWin( P ) = the W w ords after P

6. densit y( P ) = # of S E s whose �rst or last

w ord is in leftWin( P ) or righ tWin( P )

7. if densit y( P ) � T :

H iD ensity = H iD ensity [ f P g

8. prec( P S E insts ) =

# of PSEinsts in S E s

j P S E insts j

9. prec( H iD ensity ) =

# of H iD ensity in S E s

j H iD ensity j

Figure 1: Algorithm for calculating densit y in

sub jectiv e elemen t ( S E ) data

cause the distribution is highly sk ew ed in fa v or

of non-opinion pieces.

5 Cho osing Densit y P arameters

from Sub jectiv e Elemen t Data

In (Wieb e, 1994), whether a PSE is in terpreted

to b e sub jectiv e dep ends, in part, on ho w sub-

jectiv e the surrounding con text is. W e explore

this idea in the curren t w ork, assessing whether

PSEs are more lik ely to b e sub jectiv e if they

are surrounded b y sub jectiv e elemen ts. In par-

ticular, w e exp erimen t with a densit y feature to

decide whether or not a PSE instance is sub-

jectiv e: if a su�cien t n um b er of sub jectiv e el-

emen ts are nearb y , then the PSE instance is

considered to b e sub jectiv e; otherwise, it is dis-

carded. The densit y parameters are a windo w

size W and a frequency threshold T .

In this section, w e explore densit y in the

man ually-annotated sub jectiv e-elemen t ( S E )

data, and c ho ose densit y parameters for later

use in automatic disam biguation in separate

test data (in Section 6). The pro cess for cal-

culating densit y in the sub jectiv e-elemen t data

is giv en in Figure 1. The PSEs are de�ned

to b e all adjectiv es, v erbs, mo dals, nouns, and

adv erbs that app ear at least once in a sub jec-

tiv e elemen t, with the exception of some stop

w ords (line 0 of Figure 1). Note that these

PSEs dep end only on the sub jectiv e-elemen t

man ual annotations, not on the automatically

iden ti�ed features used elsewhere in the pap er,

nor on the do cumen t-lev el opinion-piece classes.

P S E insts is the set of PSE instances to b e dis-

am biguated (line 1). HiDensity (initialized on

line 2) will b e the subset of P S E insts that are

retained. In the lo op, the densit y of eac h PSE

instance P is calculated, whic h is the n um b er

of sub jectiv e elemen ts that b egin or end in the

W w ords preceding or follo wing P (line 6). P is

retained if its densit y is at least T (line 7).

The precision of a set S with resp ect to

sub jectiv e-elemen t classi�cations is the n um b er

of mem b ers of S that app ear in sub jectiv e el-

emen ts o v er the total n um b er of mem b ers of

S . Lines 8-9 assess the precision of the original

( P S E insts ) and new ( H iD ensity ) sets of PSE

instances. If prec( H iD ensity ) is greater than

prec( P S E insts ), then there is evidence that the

n um b er of sub jectiv e elemen ts near a PSE in-

stance is related to its sub jectivit y in con text.

The pro cess in Figure 1 w as rep eated for dif-

feren t parameter settings ( T in [1 ; 2 ; 4 ; : : : ; 48]

and W in [1 ; 10 ; 20 ; : : : ; 490]) on eac h of the �v e

sub jectiv e-elemen t datasets. T o �nd go o d pa-

rameter settings, the results for eac h dataset

w ere sorted in to 5-p oin t precision in terv als, and

then sorted b y frequency within eac h in terv al.

Information for the top three precision in terv als

for eac h dataset are sho wn in T able 3, sp eci�-

cally the parameter v alues (i.e., T and W) and

the frequency and precision of the most frequen t

result in eac h in terv al. The in terv als are in the

ro ws lab eled \Range". F or example, the top

three precision in terv als for S E 1 are .77-.82,

.82-.87, and .87-.92 (no parameter v alues yield

higher precision than .92).

The top of T able 3 giv es baseline frequen-

cies and precisions, whic h are j P S E insts j and

prec( P S E insts ), resp ectiv ely , in line 8 of Fig-

ure 1.

The parameter v alues exhibit a range of

frequencies and precisions, with the exp ected

tradeo� b et w een precision and frequency . W e

c ho ose the follo wing parameters to test in Sec-

tion 6 b elo w: for eac h dataset (e.g., S E 1), for

eac h precision in terv al whose lo w er b ound is at

least 10 p ercen tage p oin ts higher than the base-

line for that dataset, the top t w o T,W pairs

yielding the highest frequencies in that in ter-

v al are c hosen. Among the �v e datasets, a total

of 45 parameter pairs w ere selected.



SE1 SE2 SE3 SE3 SE5

freq 1566 1245 1167 1108 3303

prec .49 .47 .41 .36 .51

Range .87-.92 .95-1.0 .95-1.0 .95-1.0 .95-1.0

T,W 10,20 12,50 20,50 14,100 10,10

freq 76 12 1 1 3

prec .89 1.0 1.0 1.0 1.0

Range .82-.87 .90-.95 .73-.78 .51-.56 .67-.72

T,W 6,10 12,60 46,190 22,370 26,90

freq 63 22 53 221 664

prec .84 .91 .78 .51 .67

Range .77-.82 .84-.89 .66-.71 .46-.51 .63-.67

T,W 12,40 12,80 18,60 16,310 8,30

freq 292 42 53 358 1504

prec .78 .88 .68 .47 .63

T able 3: Most frequen t en try in the top 3

precision in terv als for eac h sub jectiv e elemen t

dataset

6 Densit y for Disam biguation

In this section, densit y is exploited as an in-

formativ e feature for PSE disam biguation. The

pro cess is sho wn in Figure 2. There are only t w o

di�erences b et w een the algorithms in Figures 1

and 2. First, in Figure 1, densit y w as de�ned

in terms of the n um b er of sub jectiv e elemen ts

nearb y . Ho w ev er, sub jectiv e-elemen t annota-

tions are not a v ailable in test data. In Figure

2, densit y is de�ned in terms of the n um b er of

other PSE instances nearb y , where P S E insts

consists of all instances of the automatically

iden ti�ed PSEs describ ed in Section 4 and for

whic h results are giv en in T able 2.

Second, in Figure 2, w e assess precision with

resp ect to the do cumen t-lev el classes: the preci-

sion of a set is no w the n um b er of set mem b ers

app earing in do cumen ts that are classi�ed as

opinion pieces divided b y the cardinalit y of the

set (see lines 7-8 of Figure 2).

The test data is corpus O P 1.

An in teresting question arose when de�ning

the PSE instances: what should b e done with

w ords that are iden ti�ed to b e PSEs (or parts

of PSEs) according to m ultiple criteria? F or

example, sunny , r adiant , and exhilar ating are

all unique in corpus O P 1, and are all mem-

b ers of the adjectiv e PSE feature de�ned for

testing on O P 1. Collo cations add additional

complexit y . F or example, consider the sequence

and splendid ly , whic h app ears in the test data.

The sequence and splendid ly matc hes the ugen-

2-gram (and j c onj U j adj ), and the w ord splen-

0. P S E insts = the set of instances in the test

data of all PSEs describ ed in Section 4

1. H iD ensity = fg

2. F or P in P S E insts :

3. leftWin( P ) = the W w ords b efore P

4. righ tWin( P ) = the W w ords after P

5. densit y( P ) = # of P S E insts whose �rst

or last w ord is in leftWin( P ) or righ tWin( P )

6. if densit y(P) � T:

H iD ensity = H iD ensity [ f P g

7. prec( P S E insts ) =

# of PSEinsts in O P s

j P S E insts j

8. prec( H iD ensity ) =

# of H iD ensity in O P s

j H iD ensity j

Figure 2: Algorithm for calculating densit y in

opinion piece ( O P ) data

did ly is unique (all instances of ugen-n-grams

result in at least t w o matc hes: the ugen-n-gram,

and a unique). In addition, more than one n-

gram feature ma y b e matc hed b y a sequence.

F or example, is it that matc hes three �xed-n-

gram features: is it , is it that , and it that .

In the curren t exp erimen ts, the more PSEs a

w ord matc hes, the more w eigh t it is giv en. The

h yp othesis b ehind this treatmen t is that ad-

ditional matc hes represen t additional evidence

that a PSE instance is sub jectiv e. This h yp oth-

esis is realized as follo ws: eac h matc h of eac h

mem b er of eac h t yp e of PSE is considered to

b e a PSE instance. Th us, among them, there

are 11 mem b ers in P S E insts for the 5 phrases

sunny , r adiant , exhilar ating , and splendid ly , and

is it that , one for eac h of the matc hes men tioned

ab o v e.

The pro cess in Figure 2 w as p erformed with

the 45 parameter-pair v alues (T and W) c hosen

from the sub jectiv e-elemen t data as describ ed

in Section 5. T able 4 sho ws results for a sub-

set of the 45 parameters, namely the most fre-

quen t parameter pair c hosen from the top six

precision in terv als for eac h training set. The

b ottom of the table giv es a baseline frequency

and precision in O P 1, de�ned as j P S E insts j

and prec( P S E insts ), resp ectiv ely , on line 7 of

Figure 2.

As can b e seen, the densit y features result in

substan tial increases in precision. Among all 45

parameter pairs, the minim um p ercen tage in-

crease o v er baseline is 21%. 24% of the 45 pa-



SE1 SE2 SE3 SE4 SE5

T,W 10,20 12,50 20,50 14,100 10,10

freq 237 3176 170 10510 8

prec .87 .72 .97 .57 1.0

T,W 6,10 12,60 46,190 22,370 26,90

freq 459 5289 1323 21916 787

prec .68 .68 .95 .37 .92

T,W 12,40 12,80 18,60 16,310 8,30

freq 1398 9662 906 24454 3239

prec .79 .58 .87 .34 .67

T,W 12,50 10,70 14,50

freq 3176 10995 1581

prec .72 .55 .81

T,W 20,110 14,110 1,10

freq 5330 12206 21221

prec .73 .53 .34

T,W 6,40 12,100

freq 11426 13637

prec .50 .50

PSE Baseline: F req=30938, Prec=.28

T able 4: Results for high-densit y PSEs in

test data O P 1 using parameters c hosen from

sub jectiv e-elemen t data

rameter pairs yield increases of 200% or more;

38% yield increases b et w een 100% and 199%,

and 38% yield increases b et w een 21%-99%.

Notice that, except for one blip ( T ; W = 6 ; 10

under S E 1), the precisions decrease and the fre-

quencies increase as w e go do wn eac h column in

T able 4. The same pattern can b e observ ed in

the full table with all 45 parameter pairs (not

included due to space). But the parameter

pairs are ordered in T able 4 based on

p erformance in the man ually-annotated

sub jectiv e-elemen t data, not based on p er-

formance in the test data O P 1. F or exam-

ple, the en try in the �rst ro w, �rst column

( T ; W = 10 ; 20) is the parameter pair giving

the highest frequency in the top precision in-

terv al of S E 1 (frequency and precision in S E 1,

using the pro cess of Figure 1). Th us, the rela-

tiv e precisions and frequencies of the parameter

pairs are carried o v er from the training to the

test data.

7 Sen tence Annotation

T o assess the sub jectivit y of sen tences with

high-densit y PSEs, w e extracted the sen tences

in corpus O P 2 that con tain at least one

high-densit y PSE, and man ually annotated

them. W e c hose the densit y parameter pair

T,W=12,30, based on its precision and fre-

S O U

S 98 2 3

O 2 14 0

U 2 11 1

T able 5: Sen tence annotation con tingency table;

judge 1's coun ts are in the ro ws and judge 2's

coun ts are in the columns.

quency in O P 1. This parameter setting yields

results that are relativ ely high precision and lo w

frequency . W e c hose a lo w-frequency setting to

mak e the annotation study feasible.

133 sen tences w ere so iden ti�ed. They are

referred to b elo w as the system-identi�e d sen-

tences.

The extracted sen tences w ere indep enden tly

annotated b y t w o judges. One is a co-author

of this pap er (judge 1), and the other has p er-

formed sub jectivit y annotation b efore, but is

not otherwise in v olv ed in this researc h (judge 2).

Sen tences w ere annotated according to the co d-

ing instructions of (Wieb e et al., 1999), whic h,

recall, are to classify a sen tence as sub jectiv e if

there is a signi�can t expression of sub jectivit y

in the sen tence, of either the writer or someone

men tioned in the text. In addition to the sub-

jectiv e and ob jectiv e classes, a judge could tag

a sen tence \uncertain" if he or she is unsure of

his or her rating.

An equal n um b er (133) of other sen tences

w ere randomly selected from the corpus to serv e

as con trols. The 133 system-iden ti�ed sen tences

and the 133 con trol sen tences w ere randomly

mixed together. The judges w ere ask ed to an-

notate all 266 sen tences, not kno wing whic h are

system-iden ti�ed and whic h are con trol. Eac h

sen tence w as presen ted with the sen tence that

precedes and the sen tence that follo ws it in the

corpus, to pro vide some con text for in terpreta-

tion.

Judge 1 classi�ed 103 of the system-iden ti�ed

sen tences as sub jectiv e; 16 as ob jectiv e; and

14 as uncertain. Judge 2 classi�ed 102 of the

system-iden ti�ed sen tences as sub jectiv e; 27 as

ob jectiv e; and 4 as uncertain. The con tingency

table is giv en in T able 5.

F or most of the sen tences (116 out of 133,

or 87% of the corpus), neither judge rated the

sen tence as uncertain. The agreemen t b et w een

judges on those sen tences is v ery high: the



Kappa v alue is 0.86. With all sen tences in-

cluded, the Kappa v alue is 0.60. Th us, most

of the disagreemen ts in v olv e sen tences tagged

as uncertain.

The curren t pap er is concerned with whether

high-densit y PSEs are indicativ e of sub jectiv e

text. An examination of the data from this p er-

sp ectiv e is illuminating.

F or 98 of the sen tences (set S S ), judges 1

and 2 tagged the sen tence as sub jectiv e. Among

the other 35 sen tences (those tagged ob jectiv e,

those up on whic h the judges disagree, etc), 20

(set inB l ock ) app ear in a blo c k of con tigu-

ous system-iden ti�ed sen tences that includes a

mem b er of S S . F or example, in T able 1, (2.a)

and (2.c) are in S S while (2.b) is in inB l ock ,

and (3.a) is in S S while (3.b) is in inB l ock .

Th us, fully 89% of all sen tences are either in

S S or inB l ock . Among the 15 other sen tences,

6 are adjacen t to sub jectiv e sen tences that w ere

not iden ti�ed b y our system (so w ere not an-

notated b y the judges). All con tain signi�can t

expressions of sub jectivit y of the writer or some-

one men tioned in the text, the criterion used

in this w ork for classifying a sen tence as sub-

jectiv e. Th us, 93% of the sen tences con tain-

ing high-densit y PSEs are sub jectiv e or are near

sub jectiv e sen tences.

8 Conclusions and F uture W ork

This pap er in v estigates a con textual feature

for recognizing sub jectivit y , whic h iden ti�es

clusters of p oten tially sub jectiv e expressions

( P S E s ). This densit y feature in v olv es t w o pa-

rameters. W e select parameter v alues using

training data man ually annotated at the expres-

sion lev el, and then test them on data annotated

at the do cumen t lev el for opinion pieces. The

PSEs in the training data are de�ned in terms

of the man ual annotations, while the PSEs in

the test data are automatically iden ti�ed from

text. All of the selected parameters lead to in-

creases in precision on the test data, the ma-

jorit y leading to increases o v er 100%. The large

di�erences b et w een training and testing suggest

that our results are not brittle.

Using a densit y feature selected from a train-

ing set, sen tences con taining high-densit y PSEs

w ere extracted from a separate test set, and

man ually annotated b y t w o judges. F ully 93%

are sub jectiv e sen tences or are near sub jectiv e

sen tences.

There are man y a v en ues for future w ork. Our

immediate plans are to apply the system to

large amoun ts of data, and then apply informa-

tion extraction and b o otstrapping tec hniques

(Rilo� and Jones, 1999) to iden tify sub jectiv e

language that the system do es not y et kno w. In

addition, it w ould b e illuminating to apply our

system to data annotated with discourse trees

(Carlson et al., 2001).

References

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

Routledge and Kegan P aul, Boston.

L. Carlson, D. Marcu, and M. E. Okuro wski.

2001. Building a discourse-tagged corpus in

the framew ork of rhetorical structure theory .

In 2nd SIGDIAL Workshop on Disc ourse and

Dialo gue.

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

under Pr agmatic Constr aints . Ph.D. thesis,

Y ale.

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

Automatic detection of text genre. In A CL-

97 .

D. Lin. 1998. Automatic retriev al and cluster-

ing of similar w ords. In COLING-A CL-98 .

E. Rilo� and R. Jones. 1999. Learning Dictio-

naries for Information Extraction b y Multi-

Lev el Bo otstrapping. In AAAI-99 .

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

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

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

and what's mine: Determining in tellectual at-

tribution in scien ti�c texts. In EMNLP-VLC-

2000 .

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

v elopmen t and use of a gold standard data set

for sub jectivit y classi�cations. In A CL-99 .

J. Wieb e, R. Bruce, M. Bell, M. Martin, and

T. Wilson. 2001a. A corpus study of ev alu-

ativ e and sp eculativ e language. In 2nd SIG-

DIAL Workshop on Disc ourse and Dialo gue .

J. Wieb e, T. Wilson, and M. Bell. 2001b. Iden-

tifying collo cations for recognizing opinions.

In A CL-01 Workshop on Col lo c ation .

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

in narrativ e. Computational Linguistics ,

20(2):233{28 7.

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

from corp ora. In AAAI-00 .


