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Abstract

Subijectivityin natural language refers to as-
pects of language used to express opinions
and evaluations (Banfield, 1982; Wiebe,
1994). There are numerous applications for
which knowledge of subjectivity is relevant,
including genre detection, information ex-
traction, and information retrieval. This pa-
per shows promising results for a straight-
forward method of identifying collocational
clues of subjectivity, as well as evidence of
the usefulness of these clues for recognizing
opinionated documents.

Introduction

by ideological point of view (Sack, 1995), and any

other application that would benefit from knowledge

of how opinionated the language is, and whether or
not the writer purports to objectively present factual

material.

To use subjectivitytagging in applications, good lin-
guistic clues must be found. As with many pragmatic
and discourse distinctions, existing lexical resources
such as machine readable dictionaries (Procter, 1978)
and ontologies for natural language processing (Hovy,
1998), while useful, are not sufficient for identifying
such linguistic clues, because they are not comprehen-
sively coded for subjectivity. The focus of this work
is learning subjectivity clues from corpora. The goal
is to develop a repository of linguistic clues of sub-
jectivity and knowledge about the use of such clues in

Subjectivityin natural language refers to aspects ofcontext, to enable NLP researchers to exploit subjec-
language used to express opinions and evaluatiorfve language in applications such as those mentioned
(Banfield, 1982; Wiebe, 1994%ubjectivity taggings
distinguishing sentences used to present opinions and This paper takes a step in that direction by demon-
other forms of subjectivitygubjective sentencefsom
sentences used to objectively present factual informaédentifying collocational clues of subjectivity in texts.
tion (objective sentencesThis task is especially rele- The method is first used to identify collocations com-
vant for news reporting and Internet forums, in whichposed of fixed sequences of words (stems) which,
opinions of various agents are expressed.
There are numerous applications for which subjec-These include expressions such as ‘village idiot’ and
tivity tagging is relevant. Two are information retrieval ‘get out of here’. (Smajda, 1993) argues for the im-
and information extraction. Current extraction and re-portance of identifying more general forms of colloca-

above.

strating a straightforward method for automatically

when they appear together, tend to be subjective.

trieval technology focuses almost exclusively on thetion, and this paper addresses one unusual type of gen-
subject matter of documents. However, additional aseralization: a position in the collocation can be filled
pects of a document influence its relevance, includingby any word that appears infrequently in the corpus.
e.g., the evidential status of the material presented, antihere are more than expected low-frequency words
the attitudes expressed about the topic (Kessler et alin subjective sentences; apparently people are creative
1997). Knowledge of subjective language would alsowhen they are being opinionated. Rather than discard-
be useful in flame recognition (Spertus, 1997; Kaufering these low-frequency words, this paper provides ev-
2000), email classification (Aone et al., 2000), intel-idence that using them in the context of collocations
lectual attribution in text (Teufel and Moens, 2000), can be informative for recognizing subjectivity. Both
recognizing speaker role in radio broadcasts (Barzilayhe fixed and generalized types of collocation show in-
et al., 2000), review mining (Terveen et al., 1997), gencreased precision, and their performance is consistent
eration and style (Hovy, 1987), clustering documentswith the performance of previously identified clues



of subjectivity (Wiebe, 2000). In addition, prelimi- (4) We stand in awe of the Woodstock generation’s
nary results suggest that they are useful for identifyingability to be unceasingly fascinated by the subject of
opinionated documents such as editorials. itself.

In the remainder of this paper, subjectivity and pre-
vious work on automatic recognition of subjectivity ~Sentences (5) and (6) illustrate the fact that sen-

are first described. The training data is then describedences about speech events may be subjective or
followed by the method for extracting collocations. objective:

The experiments and results are presented next, fol-

lowed by conclusions and future work. (5) Northwest Airlines settled the remaining lawsuits
. filed on behalf of 156 people killed in a 1987 crash,

2 Subjectivity but claims against the jetliner's maker are being

Sentence (1) is an example of a simple subjectiv@Ursued, a federal judge said.

sentence, and (2) is an example of a simple objective
sentenceé: (6) “The cost of health care is eroding our standard

of living and sapping industrial strength,” complains

(1) At several different layers, it's a fascinating tale. Walter Maher, a Chrysler health-and-benefits special-
ist.

(2) Bell Industries Inc. increased its quarterly to 10

cents from 7 cents a share. In (5), the material about lawsuits and claims is pre-
sented as factual information, and a federal judge is
The main types of subjectivity are: given as the source of information. In (6), in contrast,

a complaint is presented. An NLP system performing
1. Evaluation. This category includes emotions information extraction on (6) should not treat the ma-
such as hope and hatred as well as evaluationserial in the quoted string as factual information, with
judgements, and opinions. Examples of ex-the complainer as a source of information, whereas a

pressions involving positive evaluation are ‘en- corresponding treatment of sentence (5) would be ap-
thused’, ‘wonderful’, and ‘great product!’. Ex- propriate.

amples involving negative evaluation are ‘com-

I e : Subjective sentences often contain individual ex-
plained’, ‘you idiot!, and ‘terrible product’.

pressions of subjectivity. Examples are ‘fascinating’
2. SpeculationThis category includes anything that in (1), and erpdmg, sapping’, an_d complains’ in
7. . (6). The following paragraphs mention aspects of sub-
removes the presupposition of events occurrin

or states holding, such as speculation and unce t_ie(;:rt]lgnty expressions that are relevant for NLP applica-
tainty. Examples of speculative expressions are '

‘speculated’ and ‘maybe’. Fi_rst,_ alt_hough some expressions, such as ‘r, are

subjective in all contexts, many, such as ‘sapping’ and

Following are examples of strong negative evalu-‘eroding’, may or may not be subjective, depending on
ative language from a corpus of Usetnet newsgroujphe context in which they appear. gotential subjec-

messages: tive elemen{PSH is a linguistic element that may be
used to express subjectivity. subjective elemeris
(3a) I had in mind your facts, buddy, not hers. an instance of a potential subjective element, in a par-

ticular context, that is indeed subjective in that context
(3b) Nice touch. “Alleges” whenever facts posted are(Wiebe, 1994).
not in your persona of what is “real”. Second, a subjective element expresses the subjec-
tivity of a source who may be the writer or someone
One of our current efforts is to recognize such in-mentioned in the text. For example, the source of ‘fas-
flammatory language, to be able to automatically iden€inating’ in (1) is the writer, while the source of the
tify “flames” in Internet forums. subjective elements in (6) is Maher. In addition, a sub-
Following is an example of opinionated, editorial jective element hastarget, i.e., what the subjectivity
language, taken from an editorial in the Wall Streetis about or directed toward. In (1), the target is a tale;
Journal: in (6), the target of Maher’s subjectivity is the cost of
health care. These are example®bject-centric sub-
T , jectivity, which is about an object mentioned in the
The termsubijectivityis due to Ann Banfield (1982). . . S
For references to work on subjectivity, please see (Bamfieldtext ((_)ther e_xamples._ I que this project’; “The soft-
1982; Fludernik, 1993; Wiebe, 1994; Stein and Wright, ware is horrible’). Subjectivity may also lagldressee-
1995). oriented i.e., directed toward the listener or reader



(e.g., ‘You are an idiot’). in its cluster have, as a set, lower precision than the fil-
Third, there may be multiple subjective elements intering threshold on the training data, the entire cluster,

a sentence, possibly of different types and attributedncluding the seed word, is filtered out. This process

to different sources and targets. For example, in (4)is adapted for use in the current paper, as described in

subjectivity of the Woodstock generation is describedsection 6.

(specifically, its fascination with itself). In addition, o

subjectivity of the writer is expressed (e.g., ‘we stand4 Training Data

in awe’). As described below, individual subjective

. .~ The training data for this work consists of multi-
elements were annotated as part of this work, refinin

: K i level tati EE)Ie corpora annotated at the expression level. In

pr?:\_nmljls Wofr on §en| ence-leve ann(;alor?_s. expression-level tagging, the judges first identify
inally, of particular |mport(_ance or t 'S‘ PAPer, the sentences they believe are subjective. They next

PSEs may be complex expressions such as ‘village 'qaentify the subjective elements in the sentence,

'_I(_)rt]’ POWers that be_, YOL; NP,hand Wh‘?‘t a N_P' | di.e., the expressions they feel are responsible for the
There Is a great variety of such expressions, inclu subjective classification. For example (subjective
ing many studied under the rubric of idioms (see, forelements are in parentheses):

example, (Nunberg et al., 1994)). This paper demon-

strates a straightforward method for identifying SomeThey promised (yet) more for (really good stuff)
types of collocational PSEs. '

3 Previous Work on Subjectivity (Perhaps you'll forgive me) for reposting his response.
Tagging The main source of disagreement among the judges
1999 Bruce and is subjective-element boundaries. For the current pa-

In previous work (Wiebe et al., . . e
per, boundaries between adjacent subjective elements

Wiebe, 1999), a corpus of sentences from the Wall"~. d
Street Journal Treebank Corpus (Marcus et al., 1993§re \gnored.

were manually annotated with subjectivity classifica- The training data is the aggregatlon_of three differ-
J£nt corpora annotated at the expression lewsISJ-
SEis a corpus of 1001 sentences of the Wall Street

to consider a sentence to be subjective if they per:

ceived any significant expression of subjectivity (of?]Ournal Treebank Corpus (Marcus et al,, 1993). Two

any source) in the sentence, and to consider the Selhnges were asked_to identify the subjective elements
tence to be objective, otherwise. After two rounds'” WSJ-SENG-FEIis a corpus of 362 Usenet news-

of tagging, an average pairwise value of .7 was group messages, _balanced among the categories alt,
achieved on a test set. The EM learning algorithmsc" comp, and rec in the Usenet hierarchy. Two judges

was used to produce corrected tags representing tHEeTe asked to identify the flame elements in NG-FE,

consensus opinions of the taggers (Goodman, 197xvhere flame elements are the subset of subjective el-

Dawid and Skene, 1979). An automatic system toe'ments that are perceived to be inflammatory. Corpus

e - : NG-SEis a different set of Usenet newsgroup mes-
f bjectivity t developed th - ; :
periorm stljectvily tagging was developed Using the ages, containing 15413 words. A single judge per-

new tags as training and testing data. In 10-fold CI’OS§ d subiecti | ¢ tati thi
validation experiments, a probabilistic classifier ob- ormed subjective element annotations on this corpus.

tained an average accuracy on subjectivity tagging of O corpora WSJ-SE and NG-FE, which \WEere anno-
72.17%, more than 20 percentage points higher thal’fited by two judges, the union of the judges’ annota-
a baseline accuracy obtained by always choosing thiions are used. All corpora were stemmed (Karp etal.,
more frequent class. Five part-of-speech features, tw&ggz) and part-of-speech tagged (Brill, 1992).

lexical features, and a paragraph feature were used. : :

The above work demonstrated the feasibility of au-5 Extracting Callocations
tomatic subjectivity tagging by achieving significant Much previous work in mining collocations from texts
improvements in accuracy using very simple features(e.g., (Smajda, 1993; Lin, 1999; Biber, 1993)) was di-
The next step is to identify a richer stable of featuresrected at extending lexicographic resources to serve
In (Wiebe, 2000), Lin’s (1998) method for clustering machine translation and word sense disambiguation.
words according to distributional similarity, seeded bylIn this work, we mine data for potentially subjective
a small amount of detailed manual annotation, wagollocations.
successfully used to automatically identify adjectival Collocations were mined from the three corpora
clues of subjectivity. There are two parameters of thisbased on the following method. First, all 1-grams, 2-
process, neither of which was varied in (Wiebe, 2000)grams, 3-grams, and 4-grams were extracted from the
C, the cluster size considered, aid/’, a filtering training data, and the precision of each was calculated.
threshold, such that, if the seed word and the word3he precision of an n-gram is the number of subjective



instances of that n-gram divided by the total number oWall Street Journal from the Treebank corpus were

instances of that n-gram. An instance of an n-gram isised as test data (WSJ-10, WSJ-22, and WSJ-33).
subjective if each word occurs in a subjective elementEach consists of roughly 160,000 words, and they

As mentioned above, boundaries between subjectivare distinct from the WSJ corpus in the training data

elements are ignored, so there is no restriction that aflWSJ-SE).

words of the n-gram appear in a single subjective ele- an advantage of using the Wall Street Journal is
ment. that there are existing annotations to exploit. Specifi-
Potentially subjective collocations were selectedca"y, there are articles explicitly identified to Ifel-
based on their precision, using two criteria. First, thejigrials, Letters to the Editor, Viewpointsnd Arts
precision of the n-gram must be at least 0.1. Secondg | eisure Reviews.Together, we call thesepinion
the precision of the n-gram must be at least as good gsieces We discovered, however, that some editori-
the precisions of its constituents. als are not marked as such. That is, they are written
For example, leti{’1, W2) be a bi-gram consist- jn the first person, and the purpose of the article is to
ing of consecutive words¥’1 and W2. (W1,W2)  present an argument, rather than cover a news story;
is identified to be a potential subjective elementhowever, there is no explicit indication that they are
if precision(W1,W2) > .1 and (wherepc is  editorials. Because this data is being used for evalua-
precision): tion, we made a pass through this data, marking these
additional editorials.

To fully understand the problem of recognizing

For tri-grams, we extend the second condition in theoPinion pieces, it is important to understand that opin-

following way. Let (Wl, e W3) be a tri-gram cOon- lon pieces contain ObjeCtIVG sentences; likewise, non-

sisting of consecutive wordd’1, W2, andW3. Then opinion pieces _contam_ a _Iarge number _Of sentences
the condition is: that are subjective. Editorials frequently include facts

to support their arguments, and traditional news re-

W1, W2, W3) > W1, W2), pe(W3)) or ports include reactions to 'Fhe news event (van Dijl_<,
Pl ) > maz(pe( ) pe(W3)) 1988). For examples, the views of supporters of a bill

pe(W1, W2, W3) > maz(pc(W1), pe(W2, W3)) might be pr_esented, as well as the views_ of its_ cri_t-
ics. In addition, quoted-speech sentences in which in-
4-grams were selected in the same manner as 3-gramividuals express their subjectivity are often included
comparing the 4-gram with first the maximum of the (Barzilay et al., 2000).
precisions of word4 1 and tri-gram W2, W3, W4)
and then with the maximum of the precisions of tri-
gram W1,W2,W3) and W4. The n-gram colloca-

pe(W1,W2) > max(pc(W1), pe(W?2))

According to our annotations of WSJ-SE, in opin-
ion pieces, 70% of sentences are subjective and 30%
. . o . ; objective. Even more indicative of the difficulty of the
_t|ons |dent|f|eq as above will be calléixed-n-grams problem, in non-opinion pieces, 44% of the sentences
€., the_y are fixed sequences of words of Ie_ngth N are subjective and only 56% are objective. In addition,

In this paper, a strict low-frequency requirement iSyne gistribution of opinion and non-opinion pieces is
_used: aword _must_ appear just once in the corpus, I'ehighly skewed in favor of non-opinion pieces. These
it must be unique in the corpus (future work will in- ¢4ct5 " coupled with the fact that we are searching for
vestigate tuning this requirement to the size of the COMhotential subjective elements (PSEs) which may also
pus, or employing existing frequency lists of English} e ghjective uses (see section 2), means that the ab-
words). Thus, for extracting and selecting the generaly| te precision figures presented in this paper are low.
ized collocations, we first find every word that appearsyg e increases in precision over a baseline precision

justonce in the corpus and replace it with 'UNIQUE'. 55 ayidence that we have found promising clues of sub-
In essence, we treat the set of single-instance Wordsif

_ ctivity. The baseline for comparison is the number of
a new, frequently-occurring word. The above method,qq instances in opinion pieces, divided by the total
for extracting and selecting n-grams is then used tQ,,mber of word instances.
obtain the potentially subjective collocations with po-
sitions filled by UNIQUE. Hereafter we will refer to
the collocations asgen-n-gramguniquegeneralized-

n-grams).

Table 1 shows the results of testing the fixed-n-gram
and the ugen-n-gram patterns on the three WSJ cor-
pora. Thefreq columns give total frequencies, and the
+prec columns show the improvements in precision
from the baseline. The baseline precisions are given
in the bottom of the table. The precisions of the col-
To test the potentially subjective n-grams extractedocations are all best on WSJ-10. The precisions of
from WSJ-SE, NG-FE, and NG-SE using the auto-the fixed-2-grams and fixed-3-grams show modest im-
matic process outlined above, three datasets of thprovements over the baseline (the frequencies of the

6 Experiments



WSJ-10 WSJ-22 WSJ-33
freq +prec freq +prec freq +prec

fixed-2-grams 2182 .07| 2151 .04| 2080 .04
ugen-2-grams 294 24| 286 A5 288 14
fixed-3-grams 271 .09| 230 .06| 262 .06
ugen-3-grams 132 27| 153 A2 | 144 13
fixed-4-grams 32 .05 27 .18 30 -0.03
ugen-4-grams 3 .83 15 .15 15 .27
| baseline precisior} 7] 1] 13]

freq: Total frequencytprec: Increase in precision over baseline |

Table 1: Frequencies and Increases in Precision of Coitotat

fixed-2-grams are high). The performance of the ugenits precision is at least .25 and its frequency is at least
n-grams are very interesting, showing large increase$00. Since this process is meant to be a method for
in precision. mining existing document-level annotations for PSEs,

These results show that the method used to extradfi® existing opinion-piece annotations were used for
and select potentially subjective n-grams is promisiraining and validation. Our manual opinion-piece an-
ing. However, two questions come to mind. First, hownotations were used for testing, as they were for table
do these potentially subjective collocations compare td-
other types of features for recognizing subjectivity? When comparing the results in Tables 1 and 2, two

Second, how do the sets of instances extracted byery interesting points emerge. First, although ugen-
the fixed-n-grams compare to the set of instances ex3-grams have lower frequencies, in every dataset both
tracted by the ugen-n-grams? Are they relatively simugen-2-grams and ugen-3-grams have higher preci-

ilar, or are the two applications of the method recog-Sions than either adjectives or verbs. Second, it is
nizing different PSEs? interesting to note that all of the features (fixed-n-

To address the first question, we used adjective anf@ms. ugen-n-grams, adjectives, verbs, and unique
uni-grams) do well on the WSJ-10 corpus, but worse

verb subjectivity clues identified using distributional :
) Y g on the other two corpora. This shows that the sub-

similarity as described above in section 3. As men-___ .~ * .
tioned above, (Wiebe, 2000) showed success automgdfCtivity In WSJ-33 and WSJ-22 is somehow harder

ically identifying adjective PSEs using Lin's method, to identify than that in WSJ-10. It also shows an im-

seeded by a small amount of detailed manual anno_[;zort?m C%ns?';_endcykl) og%erforTance among s(;;)fjectl\;-
tations. Desiring to move away from manually an- 'Y ClU€s ldentilied by difierent processes on ditieren

notated data, for this paper the same process is use'i?(,peS of data.

but the seed words are all the adjectives (verbs) in the TO address the second question, i.e., how the sets
training data. In addition, in the current setting, thereof instances extracted by the ugen-n-grams compare
are no a priori values to use for parametétgclus- O the sets of instances extracted by the fixed-n-grams,
ter size) andF'T" (filtering threshold), as there were We examined their intersections. For each WSJ cor-
in (Wiebe, 2000), and results vary with different pa- Pus, the set of fixed-2-gram instances was compared
rameter settings. Thus, a train-validate-test process 4ith the set of ugen-2-gram instances, the set of fixed-
appropriate. In Table 2, the numbers given under, e.g3-gram instances was compared to the set of ugen-3-
W9-10, are the results obtained when W9-10 is used a@ram instances, and similarly for 4-grams. Table 3
the test set. One of the other datasets, say W9-22, wa§iows the results of this analysis. Contrary to what
used as the training set, meaning that all the adjective¥€ expected, we found virtually no overlap between
(verbs) in that dataset are the seed words, and all fils€ts, indicating that completely different types of po-
tering was performed using only that data. The seedtentially subjective collocations are being identified.
filtering process was repeated with different settingdViore work needs to be done investigating the actual
of C'and F'T, producing a different set of adjectives collocation instances in each of these sets, but a sur-
(verbs) for each setting. A third dataset, say wo-33face scan of the resulting collocations suggests that
was used as a validation set, i.e., among all the sets &€ fixed-n-grams which we are finding are those com-
adjectives generated from the training set, those wittposed of more frequent words, while the ugen-n-grams
good performance on the validation set were selecte§€€m t0 be collocations which are more like extraction
as the PSEs to test on the test set. A set was consi@atterns (Riloff and Jones, 1999).

ered to have good performance on the validation set if For example, following are the fixed-3-gram collo-



WSJ-10 WSJ-22 WSJ-33
freq +prec freq +prec freq +prec
adjectives 373 21| 1340 10| 2137 .09
verbs 721 16| 1436 .07| 3139 .07
unique 1-grams | 6065 10| 5441 .06| 6048 .06
| baseline precision 17 | 11 | 13|

| freq: Total frequencytprec: Increase in precision over baseline |

Table 2: Frequencies and Increases in Precision of Uni-Gigatures

WSJ-10 2grams 3grams 4grams
intersecting instances 4 2 0
%overlap 0.0016 0.0049 0
WSJ-22

intersecting instances 4 0 0
%overlap 0.0016 0 0
WSJ-33

intersecting instances 0 0 0
%overlap 0 0 0

Table 3: Overlap between fixed-i-grams and ugen-i-gran#s3i4

cations that appear in opinion pieces in at least two ofthe-DT U-noun on-INthe workplace on, the plug on;
the WSJ datasets: as he be, be in the, be the case, haeeTO U-verb to-TO1o entrust to, to defect tap-TO
to pay, he be a, in the air, in the middle, it be time, ittheir-pronoun U-nounto their bosom, to their waist;
should be, of the century, rest of the, rest of us, seem twith-IN a-DT U-noun: with a vengeance, with a de-
be, should have be, some of us, the country be, the difaunciation.

ference between, the kind of, the middle of, the need

to, the other hand, the quality of, the rest of, to be the/ Recognizing Opinionated Documents

to do so, to say about. This section shows that adding the fixed-n-grams and
These words tend to be more common; itis their Us%gen-n_grams into the feature mix gives us more
tOgethel’ in a collocation that makes them SUbjeCtiVe. know'edge for recognizing Opinionated documents.
Following are a sample of the ugen-3-grams that ap- Consider Table 4. The rows labeléd opinions
pear in opinions in at least two of the WSJ datasetshow the number of features in opinions divided by
(‘U is used for 'UNIQUE’). Note that some ugen- the total number of words in opinions. Similarly for
n-grams have more than one part generalized byhe rows labeledut opinions These figures are given
UNIQUE. U-adj and-CC U-adj charming and cheer- for various combinations of the features already pre-
ful; pointless and unattainabléJ-adj to-TO U-verb  sented in this paper. As unique words and then n-
wise to temper, allergic to sulfajJ-noun and-CC U- grams are added, the ratio between the feature counts
verly condescension and misplace, adjudication andh opinionsand out opinionsremains approximately
rulemaking;U-noun and-CC a-DTremembrance and the same, even as the counts go up.
a, loyalist and alJ-noun be-verb U-adjDunaway be At the bottom of Table 4 is another feature, average
superb, idealism be hopeledd:noun be-verb a-DT  maximum density. Maximum density is defined to be
caricature be a, Swartz be B-noun of-IN U-noun the maximum number of features that can be found in
separation of church, adventure of Beaumarchdis; a window of 11 words in a given document. We calcu-
noun on-IN the-DTteam-work on the, fire-fighter on lated the maximum density for each document using
the; U-verb and-CC U-verbbleat and bore, shimmy all features, and then averaged the maximum densities
and rattle;U-verb the-DT U-nountolerate the sappy, over opinion and non-opinion pieces.
impoverish the populacéj-verb to-TO a-DT:itrek to Using the various feature sets, we ran simple linear
a, entrust to a;and-CC U-adverb U-adj:and daz- regressions on the best dataset, WSJ-10, to see how
zlingly virtuoso, and wholly supportive-DT U-noun  they would do in classifying opinion pieces. The re-
for-IN: a cure for, a propensity forhe-verb an-DT sults can be found in Table 5. Column 1 shows the
U-noun: be an agglutination, be an archconservativepercentage of documents correctly classified for each
it-pronoun be-verb U-adverbit be sooo0, it be best; set of features. With the skewed distribution, the re-



WSJ-10 WSJ-22 WSJ-38
adjs, verbs
in opinions 0.014 0.030 0.053
out opinions 0.005 0.016 0.03d
adjs, verbs, uniques
in opinions 0.074 0.082 0.108
out opinions 0.038 0.048 0.066
adjs, verbs, uniques, ngrams
in opinions 0.102 0.110 0.133
out opinions 0.054 0.064 0.082
average max density
in opinions 5.2 55 6.4
out opinions 2.9 3.4 3.4

Table 4: Counts and Densities of Feature Combinations
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