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Abstract

Mininglarge-scaletext corporaisan essential stepinex-
tracting the key themes in a corpus. W motivate a quanti-
tative measure for significant associations through the dis-
tributions of pairs and triplets of co-occurring words. We
consider the algorithmic problem of efficiently enumerat-
ing such significant associationsand present pruning algo-
rithmsfor these problems, with theoretical aswell asempir-
ical analyses. Our algorithmsmake use of two novel mining
methods: (1) matrix mining, and (2) shortened documents.
W& present evidence froma diver se set of documentsthat our
measure does in fact dicit interesting co-occurrences.

1 Overview

In this paper we (1) motivate and formulate a fundamen-
tal problem in text mining; (2) use empirical results on the
statistical distributions of term associations to derive con-
crete measures of “interesting associations’; (3) develop fast
algorithmsfor mining such text associ ationsusing new prun-
ing methods; (4) anayze these algorithms, invoking the dis-
tributionswe observe empirically; and (5) study the perfor-
mance of these algorithms experimentally.

Motivation: A maor god of text anaysis is to extract,
group, and organize the concepts that recur in the corpus.
Mining significant associationsfrom the corpusisakey step
in this process. In the automatic classification of text docu-
ments each document isavector inahigh-dimensional “fea-
ture space”, with each axis (feature) representing aterm in
thelexicon. Whichtermsfrom thelexicon should be used as
featuresinsuch classifiers? This“feature selection” problem
isthefocusof substantial research. The use of significant as-
sociations as features can improve the quality of automatic
text classification [18]. Clustering significant terms and as-
sociations (as opposed to all terms) isshown [8, 14] toyield
clustersthat are purer in the concepts they yield.
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Text asadomain: Large-scale text corporaareintrinsically
different from structured databases. Firgt, it is known [15,
22] that termsintext have skewed distributions. How canwe
exploit these distributional phenomena? Second, as shown
by our experiments, co-occurrences of terms themselves
have interesting distributions; how can one exploit these to
minethe associations quickly? Third, many statistically sig-
nificant text associations are intrinsically uninteresting, be-
cause they mirror well-known syntactic rules (e.g., the fre-
guent co-occurrence of thewords* of” and “the”); oneof our
contributionsisto digtill relatively significant associations.

2 Background and contributions
2.1 Related previous work

Database mining: Mining association rules in databases
was studied by Agrawal et d. [1, 2]. These papers intro-
duced the support/confidenceframework aswell asthea pri-
ori pruning paradigm that is the basis of many subsegquent
mining algorithms. Since then it has been applied to a num-
ber of different settings, such as mining of sequentia pat-
terns and events. Brin, Motwani and Silverstein [6] gen-
eraize the a priori framework by establishing and exploit-
ing closure propertiesfor the y? statistic. We show in Sec-
tion 3.2 that the y? test does not work well for our domain.
Brin et al. [5] extend the basic association paradigm in two
ways: they provide performance improvements based on a
new method of enumerating large itemsets and additionally
propose the notion of implication rules as an dternative to
association rules, introducing the notion of conviction. Ba-
yardo et a. [4] and Webb [20] propose branch and bound
algorithmsfor searching the space of possible associations.
Their agorithms apply pruning rules that do not rely solely
on support (as in the case of a priori agorithms). Cohen et
al. [7] propose an algorithm for fast mining of associations
with high confidence without support pruning. In the case of
text data, their algorithm favors pairs of low support. Fur-
thermore, it is not clear how to extend it to associations of
more than two terms.



Extending databasemining: Ahonenet a. [3] build onthe
paradigm of episodemining (see[16] and references therein)
to define a text sequence mining problem. Where we de-
velop anew measure that directly mines semantically useful
associations, their approachistofirst usea“generic” episode
mining agorithm (from [16]) then post-filter to eiminate
uninteresting associations. They do not report any perfor-
mance/scaling figures (their reported experiments are on 14
documents), which is an area we emphasize. Their work is
inspired by the similar work of Lent et a. [13]. Feldman et
al. describe the KDT system [10, 12] and Document Ex-
plorer [11]. Their approach, however, requires prior label -
ing (through some combination of manua and automated
methods) using keywords from a given ontology, and can-
not directly be used on general text. DuMouchel and Predi-
gibon [9] propose a statistically motivated metric, and ap-
ply empirical Bayes methodology for mining associationsin
text. Their work has similar motivation to ours. The authors
do not report on efficiency and sca ability issues.

Statistical natural language processing: The problem of
finding associ ations between words (often referred to as col -
locations) has been studied extensively inthefield of Statis-
tical Natural Language Processing (SNLP) [17]. We briefly
review someof thisliteraturehere, but expandin Section 3.1
on why these measures fail to address our needs.

Frequency is often used as a measure of interestingness,
together with a part-of-speech filter to discard syntactic col-
locations like “of the”. Another standard practice is to ap-
ply some statistical test that, given a pair of words, evalu-
atesthe null hypothesisthat thispair is generated by picking
two words independently at random. The interestingness of
the pair is measured by the deviation from the null hypoth-
esis. Thet test and the 2 test are statistical tests frequently
used in SNLP. There isaqualitative difference between col-
locations and the associations that we are interested in. Col-
locations include patterns of words that tend to appear to-
gether (e.g. phrasal verbs—“make up”, or common expres-
sionslike“strong ted’), whilewe are mostly interestedin as-
sociations that convey some latent concept (e.g. “chapters
indigo” — this pertains to the recent acquisition of Chapters,
then Canada' s largest bookstore, by the Indigo corporation).

2.2 Main contributions and guided tour

1. We develop anotion of semantic as opposed to syntac-
tic text associations, together with a statistical measure
that mines such associations (Section 3.3). We point
out that simple statistical frequency measures such as
the x? test and mutual information (as well as variants)
will not suffice (Section 3.2).

2. Our measure for associations lacks the monotonicity
and closure properties exploited by prior work in as-
sociation mining. We therefore require novel pruning

techniques to achieve scalable mining. To thisend we
propose two new techniques: (i) matrix mining (Sec-
tion 4.2) and (ii) shortened documents (Section 4.3).

3. We analyze the pruning resulting from these tech-
niques. A novel aspect of thisanalysis: to our knowl-
edge, it isthefirst time that the Zipfian distribution of
terms and pairsis used in the analysis of mining algo-
rithms. We combine these pruning techniquesinto two
algorithms (Section 4 and Theorem 1).

4. Wegiveresultsof experiments on threetest corporafor
the pruning achieved in practice. These results suggest
that the pruning is more efficient than our (conserva
tive) analytical prediction and that our methods should
scale well to larger corpora (Section 4.4).

We report results on three test corpora taken from news
agencies: the CBC corpus, the CNN corpus and the Reuters
corpus. More dtatistics on the corpora are given in Sec-
tion4.4.

3 Statistical basisfor associations

In this section we devel op our measure for significant as-
sociations. We begin (Section 3.1) by discussing qualita-
tively the desiderata for significant text associations. Next,
we give a detailed study of pair occurrences in our test cor-
pora (Section 3.2). Finaly, we bring these ideas together in
Section 3.3 to present our new measure for interesting asso-
ciations.

3.1 Desideratafor significant text associations

We first experimented with naive support measures such
as document pair frequency, sentence pair frequency and the
product of the individual sentence term frequencies. We
omit thedetail ed resultshere dueto space congtraints. Asex-
pected, the highest ranking associations are mostly syntactic
ones, such as (of the) and (in,the), conveying littleinforma:
tion about the dominant concepts. Furthermore, it is clear
that the document level is too granular to mine useful asso-
ciations—two terms could co-occur in many documents for
template (rather than semantic) reasons; for example, asso-
ciations such as (business, weather), and (corporate, enter-
tainment) in the CBC corpus.

We also experimented with well known measures from
SNLP such as the y? test and mutual information as well as
the conviction measure, a variation of the well known con-
fidence measure defined in [6]. We modified the measure
dightly so that it is symmetric. Table 1 shows the top asso-
ciationsfor the CNN corpus for these measures. The num-
ber next to each pair indicates the number of sentences in



rank | x2 conviction mutual information weighted M1

1 afghani libyan :2 | afghani libyan :2 | alowanceschild-care :1 | of the :40073
2 antillian escudo :2 | antillian escudo :2 | d@anis morissette 1 | theto 141504
3 agerian angolan :2 | algerianangolan 2 | americanas marisa 1 | inthe :34750
4 dlowanceschild-care :1 | alowanceschild-care :1 | charminglong-stem :1 | click here :13594
5 alanis morissette 1 | aanismorissette 1 | canestalks :1 | andthe :30397
6 arterial vascular :2 | arterial vascular :2 | hk$116.50hk$53.50 :1 | athe :32088
7 americanasmarisa 11 | americanas marisa :1 | ill.,-based pyrex 1 | ato 128211
8 balboarouble :2 | baboarouble 2 | boston.it grmn :1 | cal market :11061
9 bolivian lesotho :2 | bolivian lesotho 2 | barbedinventive 1 | latest news 111740
10 birr nicaraguana :2 | birr nicaraguan :2 | 160kpnstelias 1 | aof 123362

Table 1. Top associations from the CNN corpus under different measures.

whichthispair appears. Althoughthese measures avoid syn-
tactic associations, they emphasize on pairs of words with
very low sentence frequency. If two wordst¢ and ¢ appear
only a few times but they aways appear in the same sen-
tence, thenthepair {¢, ¢} scoreshighly for al of these mea-
sures, since it deviates significantly from the independence
assumption. Thisis especially true for the mutual informa:
tion measure [17]. We aso experimented with a weighted
version of the mutual information measure [17], where we
weight the mutual information of apair by the sentence fre-
guency of the pair. However, in this case the weight of the
sentence pair frequency dominatesthe measure. Asaresult,
the highly ranked associations are syntactic ones.

It appears that any statistical test that compares against
the independence hypothesis (such as the x? test, the t tedt,
or mutual information) falls prey of the same problem: it fa-
vors associations of low support. One might try to address
this problem by applying a pruning step before computing
the various measures. eliminate all pairsthat have sentence
pair frequency below a predefined threshold. However, this
approach just masks the problem. The support threshold di-
rectly determinesthe pairsthat will be ranked higher.

3.2 Statisticsof term and pair occurrences

We made three measurementsfor each of our corpora: the
distributions of corpus term frequencies (the fraction of all
wordsin the corpus that are term ¢), sentence term frequen-
cies (fraction of sentences containing term ¢) and document
term frequencies (fraction of documents containing term ¢).
We also computed the distribution of the sentence pair fre-
guencies (fraction of sentences that contain apair of terms).
We observed that the Zipfian distribution essentially holds,
not only for corpus frequencies but also for document and
sentence frequencies, as well as for sentence pair frequen-
cies. Figure 1 presents the sentence term frequencies and
the sentence pair frequencies for the CNN corpus. We use
these observationsfor the analysis of the pruning a gorithms
in Section 4. The plotsfor the other test corpora are essen-
tially the same as those for CNN.
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Figure 1. Statistics for the CNN corpus

3.3 Thenew measure

Intuitively weseek pairsof termsthat co-occur frequently
in sentences, whileeiminating pairsresulting from very fre-
guent terms. This bears a strong analogy to the concept of
weighting term frequencies by inverse document frequency
(¢df) intext indexing.

Notation: Given a corpus of documents C, let N; denote
the number of documentsin C, let N, denote the number of
sentences in C and let NV, denote the the number of distinct
termsin C. For aset of teemsT' = {¢1,ts,...,tx},for k >
1,letng(t1,ts. .., 1) denotethenumber of documentsin C
that contain al termsin 7" and let n, (¢4, 2, . . ., t) denote
the number of sentencesin C' that containall termsin7T". We
define the document frequency of 7" as df (t1,t2,...,tx) =
nq(t1,t2...,t5)/Ng, and the sentence frequency of the set
T as Sf(tl,tz, .. .,tk) = ns(tl,tQ, .. .,tk)/Ns. If £ =
2, we will sometimes use dpf and spf to denote the doc-
ument and sentence pair frequencies. For a single term ¢,
we define the inverse document frequency of ¢, idf (t) =
log(Na/n4(t)) and theinverse sentence frequency isf () =
log(Ns /ns(t)). Intypical applicationsthe base of theloga
rithm isimmateria since it is the relative values of the idf
that matter. The particular formulafor :df owesitsintuitive
justificationto the underlying Zipf distribution on terms; the
reader isreferred to [17, 21] for details.

Based on the preceding observations, the following idea

16



rank | spf X idf X idf spf X isf X isf | dpf x idf x idf log(spf) X 1df X idf
1 deutschetelekom | click here danmark espaol conde nast

2 hong kong of the espaol svenska mph trains

3 chevron texaco theto danmark svenska alegheny lukens

4 department justice | inthe espaol travel center alegheny teledyne

5 mci worldcom and the danmark travelcenter | newell rubbermaid
6 aol warner athe svenskatravelcenter hummer winblad

7 aff wav call market espaol norge hauspielernout

8 goldman sachs latest news danmark norge bethlehem Iukens
9 lynch merrill ato norge svenska globalstar loral

10 cents share aof norge travelcenter donutsdunkin

Table 2. Top associations for variants of our measure for the CNN corpus.

suggestsitself: weight the frequency of a pair by the (prod-
uct of the) idf’s of the constituent terms. The generalization
beyond pairsto k-tuplesis obvious. We state below the for-
mal definition of our new measure for arbitrary k.

Definition 1 For termstq, o, ..
association {t1,ts,...,tx} IS

., 1%, the measure for the

k
Myt ta, . tk) = sf(trta, . tx) x [ ] adf(2;) .
=1

Variants of the measure: We experimented with severa
variants of our measure and settled on using :df rather than
isf, and spf rather than dpf. Table 2 gives abrief summary
from the CNN corpus to give the reader a qualitative idea
Replacing idf with isf introduces more syntactical associa-
tions. Thisisdue to the fact that the sentence frequency of
wordslike“the” and “of” islower than their document fre-
guency, so theimpact of the isf asadampening factor isre-
duced. This alows the sentence frequency to take over. A
similar phenomenon occurs when we replace spf with dpf.
Theimpact of dpf istoo strong, causing uninteresting asso-
ciations to appear. We aso experimented with log(spf), an
ideathat we plan to investigate further in the future.

Figure 2 shows two plots of our new measure. The first
isascatter plot of our measure (which weightsthe spf’sby
idf’s) versus the underlying spf values'. Theliney = z is
shown for reference. We also indicate the horizontal line at
threshold 0.002 for our measure; points below thisline are
the ones that “succeed”. Severd intuitive phenomena are
captured here. (1) Many frequent sentence pairs are attenu-
ated (moved upwardsin the plot) under our measure, so they
fail to exceed the threshold line. (2) The pairs that do suc-
ceed are “middling” under the raw pair frequency. The plot
on the right shows the distribution of our measure, in alog-
log plot, suggesting that it in itself is roughly Zipfian; this
requires further investigation. If thisisindeed the case then
we can apply the theoretical analysis of Section 4.1 to the
case of higher order associations.

1The axes are scaled and |abeled negative logarithmically, so that the
largest values are to the bottom left and the smallest to the top and right.

Non-monotonicity: A major obstacle in our new measure:
weighting by :df can increase the weight of apair with low
sentence pair frequency. Thus, our new measure does not
enjoy the monotonicity property of the support measure ex-
ploited by the a priori algorithms. Let 7 be some measure
of interestingnessthat assignsavalue I (T') to every possible
set of of terms 7. We say that 7 is monotone if the follow-
ing holds: if 7" C T, then I(T") > I(T'). This property al-
lowsfor pruning, sinceif for some T’ C 7', I(T") < 6, then
I(T) < 6. That is, al interesting sets must be the union of
interesting subsets. Our measure does not enjoy this prop-
erty. For some pair of terms {¢1, ¢, }, it may be the case that
mQ(tl,tQ) > 0, WhilEml(tl) < #, or ml(tz) < f.

Formal problem statement: Given a corpus and a thresh-
old#, find (for £ = 2, 3,...) adl k-tuplesfor which our mea-
Sure exceeds 6.

4 Fast extraction of associations

We now present two novel techniquesfor efficiently min-
ing associations deemed significant by our measure: matrix
mining and shortened documents. Following this, we an-
alyze the efficiencies yielded by these techniques and give
experiments corroborating the analysis. We first describe
how to find all pairs of terms {z, y} such that the measure
m(z,y) = spf(z,y)idf(z)idf(y) exceeds a prescribed
threshold . We aso show how our techniques generalize
for arbitrary k-tuples.

41 Pruning

Although our measure is not monotone we can still ex-
plore some monotonicity properties to apply pruning. We
observe that

m(z,y) = spf(x, y)udf (x)idf (y) < sf (z)adf (x)edf (y) .

&
Let g(z) = sf(a)idf(x) and f(y) = idf(y). The

value of f(y) cannot exceed log N,4. Therefore, m(z, y) <
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Figure 2. The new measure

q(2)f(y) < q(z)log N4. Thus, we can safely eliminate any
term z for which ¢(z) < 6/ log N4. We observe experimen-
tally that thisresultsin eliminating a large number of terms
that appear injust afew sentences. Wewill refer to thisprun-
ing step as low end pruning since it eliminates terms of low
frequency.

Equation 1 impliesthat if m(z,y) > 8, thenq(z)f (y) >
6. Therefore, we can safely eiminate al terms y such that
f(y) <8/ max, q(z). Werefer to this pruning step as high
end pruning sinceit eliminatesterms of high frequency. Al-
though this step eliminates only a small number of terms, it
eliminates a large portion of the text.

We now invoke additional information from our studies
of sentenceterm frequency distributionsin Section 3.2to es-
timate the number of terms that survive low end pruning.

Theorem 1 Low end pruning under a power law distri-
bution for term frequencies eliminates all but O(log® Ny4)
terms.

Proof: The sf values are distributed as a power law: the
ith-largest frequency is proportional to 1/:. If ¢; denotes
the sth most frequent term, sf(¢;) = A/i® for a constant
A. Since no idf vaue exceeds log N4, we have ¢(t;) =
Sf(tl)ldf(tl) < AlogNd/io‘. If q(ti) > 6/logNd,then
§ < Alog® Ng/i®. Therefore, i < (A/6)Y/*1og?* Ny.
Letc = (A/6)/* and § = 2/a. If B = clog” Ny, then
only O(B) terms can generate candidate pairs. Sincea > 1,
O(B) = O(log® Ny). [ |

Pruning extends naturally to k-tuples. A k-tuple can be
thought as a pair consisting of asingletermand a (k — 1)-
tuple. Sincemg (1, ..., t5) < mg—1(t1, ..., tk—1)idf (tx),
we can safely prune dl (kK — 1)-tuples such that
mg_1(t1,...,tk—1) < 6/logNg. Proceeding recur-
sively we can compute the pruning threshold for i-tuples
and apply pruning in a bottom up fashion (terms, pairs, and
so on). Wedefine §; = 6/ log"~* N, to be the threshold for
i-tuplesforal 1 < i < k.

4.2 Matrix mining

Given the terms that survive pruning we now want to
minimize the number of pairs for which we compute the
spf(z,y) value. Let N/ denote the number of (distinct)
termsthat survivepruning. Thekey observationisbest visu-
alized interms of thematrix depicted in Figure 3(I&ft). It has
N/ rowsand N/ columns, onefor each term. The columnsof
the matrix are arranged left-to-right in non-increasing order
of thevalues ¢(z) and therows bottom-upin non-increasing
order of thevalues f(z). Let ¢; denote the ith largest value
of ¢() and f; denote the jth largest value of f(z). Imagine
that matrix cell (¢, 7) isfilled with the product ¢;f; (we do
not actually compute all of these values).

12000
o

10000

8000 [

6000 [

()

4000 -

2000 [

0

0 2000 4000 000 8000 10000 12000
a(

Figure 3. Matrix mining

Thenext crucial observation: by Equation 1thepair (3, j)
is eliminated from further consideration if the entry in cell
(i,7) islessthan 6. This elimination can be done especially
efficiently by noting a particul ar structurein the matrix: en-
triesare non-increasing along each row and up each column.
This means that once we have found an entry that is be-
low thethreshold ¢, we can immediately eliminateall entries
aboveandtoitsright, and not bother computingthoseentries
( Figure 3). We have such a “upper-right” rectangle in each
column, giving rise to afrontier (the curved linein the left



MATRIX-WAM @)

(2) Collect Term Statistics

(2) T « Apply pruning; n < |T|

(3) X « sort T by sf x idf in decreasing order
(4) Y « sort T by idf in decreasing order
(5)Fory = Y[0] to Y [n]

(6) Forz = X[0]to X[n]

) if = has not been considered already

®) if sf (@) x idf (z) x idf (y) > 6

9) Compute spf (z,y)

(10) if spf (¢,y) X idf (=) x idf (y) > 6
(11) Add {z,y} to answer set A

(12) else discard al termsright of x; break
(13) return A

Figure 4. The MATRIX-WAM algorithm

figure) between the eliminated pairs and those remaining in
contention. For cells remaining in contention, we proceed to
the task of computing their spf values, computing m(z, y),
and comparing with 4. Applying Theorem 1 we observethat
thereareat most O(log* N4) candidatepairs. In practice our
algorithm computes the spf valuesfor only afraction of the
(Jgf') candidate pairs. Figure 3 (right) illustratesthe frontier
linefor the CNN corpus.

We now introduce the first Word Associations Mining
(WAM) dgorithm. The MATRIX-WAM a gorithm shown
in Figure 4.2 implements matrix mining. The first step
makes apass over thecorpusand collectsterm statistics. The
pruning step performs both high and low end pruning, as de-
scribed in Section 4.1. For each term we store an occur-
rence list keeping al sentences the term appears in. For a
pair {z, y} we can compute the spf (z, y) by going through
the occurrence lists of the two terms. Lines (8)-(12) check
the column frontier and determine the pairs to be stored.

For higher order associations, the agorithm performs
multiple matrix mining passes. In the ith pass, one axis of
the matrix holds the idf values as before, and the other axis
the m;_, values of the (i — 1)-tuplesthat survived the pre-
vious pass. We use threshold §; for the ith pass

4.3 Shortened documents

While matrix mining reduces the computation signifi-
cantly, there are still many pairs for which we compute the
spf vaue. Furthermore, for most of these pairsthe spf value
is actually zero, so we end up examining many more pairs
than the ones that actualy appear in the corpus. We invoke
adifferent approach, similar tothe Apriori TID algorithmde-
scribed by Agrawal and Srikant [2]. Let H, denotethe set of
termsthat survivethe pruning steps described in Section 4.1
— we call these the interesting terms. Given H; we make
a second pass over the corpus, keeping a counter for each
pair of interesting terms that appear together in a sentence.

SHORT-WAM (%)

Collect Term Statistics.
Hi « Prune Terms; C'; « Corpus
For:=2tok
For each sentences in C; _
I, = (¢ — 1)-tuplesin s that arein H; _;
s’ = i-tuples generated by joining 7 with itself
Add tuplesin s’ to H;
if s' # 0 Add s’ to C;
H,; « apply pruningon H;.

Figure 5. The SHORT-WAM algorithm

That is, we replaced each document by a shortened docu-
ment consisting only of the terms deemed interesting.

The shortened documentsal gorithm extends naturally for
higher order associations (Figure 4.3). The agorithm per-
formsmultiple passes over thedata. Theinputtotheith pass
isa corpus C;_; that consists of sentences that are sets of
(i—1)-tuplesand ahash table H; _ ; that storesdll interesting
(i—1)-tuples. Ani-tuplet isinterestingif m; (¢) > 6;. Dur-
ingtheith passthe algorithm generates candidate i-tupl esby
joining interesting (i — 1)-tuples that appear together in a
sentence. The join operation between (i — 1)-tuplesis per-
formed as in the case of theapriori algorithms[2]. The can-
didatesare stored inahash H; and each sentence isreplaced
by the candidatesit generates. At the end of the pass, the d -
gorithm outputs a corpus C; that consists of sentences that
are collections of i-tuples. Furthermore, we apply low end
pruning to the hash table H; using threshold §;. At the end
of the pass H; contains theinteresting i-tuples.
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Figure 6. Pruned Terms for CNN corpus

44 Empirical study of WAM algorithms

We ran our two a gorithmson our three corpora, applying
both high andlow end pruning. Figure 6 showsaplot of how
the thresholds are applied. The terms that survive pruning
correspond to the area between thetwo linesin theplot. The
top line in the figure was determined by high end pruning,



CBC | CNN | Reuters

Corpus Statistics

1 | distinct terms 16.5K 44.7K 37.1K

2 | corpusterms 471K 3.6M 1.3M

3 | digtinct sp’s 1.2M 5M 3.7M

4 | corpussp’s 3.9M 28.8M 16.3M
Pruning Statistics

5 | threshold 0.002 0.001 0.015

6 | pruned 9.6K (58%) 33.2K (74%)| 31.4K (84%)

7 | high pruned 20 57 0

8 | collected 2,798 3,006 2,699
MATRIX-WAM Statistics

9 | nalvepairs 23.8M 66.2M 16.2M
10 | computed spf’'s 19.1M (80%) | 47M (70%) | 9.2M (57%)
11 | zero spf 22.5M 60.6M 13.6M
SHORT-WAM Statistics (w/o high pruning
12 | pruned corpusterms | 45K (10%) 0.2M (5%) | 0.1M (7%)

13 | gensp’s
14 | digtinct sp’s

3.5M (91%)
963K (77%)

26.6M (92%)
3.6M (72%)

14.1M (86%)
2.1M (57%)

SHORT-WAM Statistics (with high pruning)

15 | pruned corpusterms
16 | gensp’s
17 | digtinct sp’s

134K (29%)
2.4M (60%)
898K (72%)

1.2M (32%)
16.3M (56%)

3.3M (67%)

0.IM (7%)
14.1M (86%)
2.1M (57%)

Table 3. Statistics for the WAM algorithms

whilethe bottom line was determined by low end pruning.
Table 3 shows the statistics for the two al gorithms when
mining for pairsfor al three corpora. Inthetable sp stands
for sentence pair and corpus sp’sisthetota number of sen-
tence pairsin the corpus. We count the appearance of aterm
in a sentence only once. In all cases we selected the thresh-
old so that around 3,000 associations are collected (line 8).
Pruning eliminates at least 58% of theterms and as much as
84% for the Reuters corpus (line 6). Most terms are pruned
from the low end of the distribution; high end pruning re-
moves just 20 terms for the CBC corpus, 57 for the CNN
corpus and nonefor the Reuters corpus (line 7). The above
observationsindicate that our theoretical estimatesfor prun-
ing may be too conservative. To study how pruning varies
with corpus size we performed the following experiment.
We sub-sampled the CNN and Reuters corpora, creating syn-
thetic collectionswith sizes N; = 28,29 210 211 912 913
For each run, we sel ected thethreshol d so that the percentage
of pairsabovethethreshold (over al distinct pairsinthe cor-
pus) is approximately the same for al runs. The resultsare
shownin Figure 7. The z axisisthelog of the corpus size,
whilethe y axisisthefraction of termsthat were pruned.
Matrix mining improves the performance significantly:
compared to the naive a gorithm that computes the spf val-
ues for all (Jgt') pairs of the terms that survive pruning (line
9), the MATRIX-WAM a gorithm computes only afraction
of these (maximum 80%, minimum 57%, line 10). Note
however that most of the spf’sare actually zero (line 11).
The SHORT-WAM algorithm considers only (a fraction
of) pairsthat actually appear in the corpus. To study theim-
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Figure 7. Pruning for Reuters and CNN corpus

portance of high end pruning we implemented two versions
of SHORT-WAM, one that applies high end pruning and one
that does not. Inthetable, lines 12 and 15 show the percent-
age of the corpus terms that are pruned, with and without
high end pruning. Obviously, high end pruning is respon-
sible for most of the removed corpus. For the CNN corpus,
the 57 terms removed due to high end pruning cause 28% of
the corpusto be removed.

The decrease is even more impressive when we consider
the pairs generated by SHORT-WAM (lines 13, 16). For the
CNN corpus, the algorithm generates only 56% of all possi-
ble corpus sp’s (ratio of lines4 and 16). This decrease be-
comes more important when we mine higher order tuples,
since the generated pairs will be given as input to the next
iteration. Again high end pruning is responsible for most of
the pruning of the corpus sp’s. Finaly, our agorithm gener-
ates at most 72% of all possible distinct sentence pairs (line
17). These pairs are stored in the hash table and they reside
in main memory while performing the data pass: itisimpor-
tant to keep their number low. Note that AprioriTID gen-
erates al pairwise combinations of the terms that survived
pruning (line 9).

CBC CNN Reuters
threshold 0.006 0.003 0.03
pruned terms 39% 53% 56%
computed spf’s | 50.4M 212M 129M
generated sp's 13,757 | 17,547 | 64,513
computed stf's 79.3M | 203M 659M
collected 2,970 3,213 3,258

Table 4. MATRIX-WAM for triples

We also implemented the algorithmsfor higher order tu-
ples. Table 4 shows the statistics for MATRIX-WAM, for
triples. Clearly we still obtain significant pruning. Further-
more, the volume of sentence pairs generated is not large,
keeping the computation in control.

Weimplemented SHORT-WAM for k-tuples, for arbitrar-
ily large k. In Figure 8 we plot, as afunction of theiteration
number ¢, thesizeof thecorpus C; (figureon theleft), aswell

0 L L L L L L L L
8 85 9 95 10 105 11 115 12 125
log corpus size
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as the number of candidate tuples and the number of these
tuplesthat survived each pruning phase (figure on theright).
Thethresholdis set to 0.07 and we mine 8,335 5-tuples. Al-
though the sizes initially grow significantly, they fall fast at
subsequent iterations. This is consistent with the observa
tionsin[2].

T T
candidates +—

T T
corpus size e—
4500 - interesting - 7

KToples
N
R
g
8

5000 [ 4 1000 |-

0 L L L L L L L o dzzm T L L L
1 15 2 25 3 35 4 45 5 1 15 2 25 3 35 4 45 5
iteration iteration

Figure 8. Statistics for SHORT-WAM

4.5 Sample associations

At http://www.cs.toronto.edu/~tsap/ TextMining/ thereis
afull list of the associations. Table 5 shows a sample of as-
sociationsfrom dl three corporathat attracted our interest.

Pairs

deutsche telekom, hong kong, chevron texaco, department justice, mci
worldcom, aol warner, france telecom, greenspan tax, oats quaker, chap-
tersindigo, nestle purina, oil opec, booksindigo, leaf maple, states united,
germany west, arabia saudi, gasoil, exxon jury, capriati hingis

Triples

chateau empress frontenac, indigo reisman schwartz, del monte sun-rype,
cirque du soleil, bribery economics scandal, fuel spills tanker, escapes
hijack yemen, a hall mcguire, baker james secretary, chancellor lawson
nigel, community ec european, arabia opec saudi, chief executive offi-
cer, child fathering jesse, ncaa seth tournament, eurobond issuing priced,
falun gong self-immolation, doughnuts kreme krispy, laser lasik vision,
leaf maple schneider

Table 5. Sample associations

5 Conclusions

In this paper, we introduced a new measure of interest-
ingness for mining word associations in text, and we pro-
posed new agorithms for pruning and mining under this
(non-monotone) measure. We provided theoretical and em-
pirical anayses of thealgorithms. The experimental evalua-
tion demonstrates that our measure produces interesting as-
sociations, and our agorithms perform well in practice. We
are currently investigating applications of our pruning tech-
nigues to other non-monotone cases. Furthermore, we are
interested in examining if the analysisin Section 4.1 can be
applied to other settings.
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