
WO 2004/114157 PCT/SG2004/000179  1 Method and
Platform for Term Extraction from Large Collection of
'Documents  Field of the Invention 5 The present
invention relates to information extraction and text
mining.  Background of the Invention Prior-art term
extraction methods include structure-based methods and
statistically based methods. In structure-based
methods, the terms are extracted from documents  1o
based on the structures produced by finite-state
automation parsing (e.g.,  Grefenstette, 1994), full
syntactical parsing (e.g., Bourigault, 1993;
Jacquemin,  1994; Strzalkowski, 1995) or deep semantic
theory & analysis (e.g.,  Pustejovsky et al., 1993).
The difficulties with this method are: i) it renders
term  extraction dependent on syntactic parsing or
semantic analysis, which are 15 generally more
difficult problems; and ii) the terms are limited by
the selected  structures. In statistically based
methods, the terms are extracted statistically from a
set of documents (e.g., Frantzi and Ananiadou, 1995;
Church and Hanks, 1989;  Dunning, 1993). In general, a
term may be a word or a word string. In the 20
statistical approach, a term holds two features. One
is that it is statistically  significant in the
documents and the other is that its member words, if
having  more than one member word, are strongly
associated. So, to determine  whether a term candidate
is a real term, its significance in the documents and
the association between its member words must be
considered. 25 As to the significance of a term
candidate in the documents, existing  .methods all
generally treat the given documents as'a single mixed
one, and  take the terms extracted from this mixed
document as the final result (e.g.,  Chien et. al.,
1998; Schutze, 1998). This type of method implies a
stringent  



requirement that given documents must be similar
enough to make all the terms 30 look statistically
significant when the documents are all put together.
But the  given documents may not be very similar, and
what is more, very similar WO 2004/114157
PCT/SG2004/000179  2 documents are not easy to acquire
for most domains. If the given documents  are not very
similar, existing solutions will fail to identify
those terms which are  only statistically significant
in a few of the given documents, but not in the whole
document collection. 5 The deeper reason for this
problem is that existing methods don't take  into
account the infrastructure of the given documents. If
the prior-art methods  could specify the
infrastructure and identify the document clusters from
the  infrastructure (where document clusters are
subsets of the documents whose  members are similar in
some degree) then even if the given documents are not
io quite similar, they would not miss the terms hidden
in the document clusters.  Thus, prior-art statistical
solutions require the documents to be very  similar to
be effective; if given documents are not very similar,
some terms may  not be accessible by the statistical
solutions. It would be desirable to have a method in
which the given documents  is need not be very
similar. It would further be desirable to obtain a
hierarchical  classification of the given documents
while extracting terms. Also, it would be  desirable
to be able to access the terms hidden in document
clusters within the  given document collection. 20
Summary of the Invention As far as the field of
application is concerned, the solution of the present
invention is suitable for not only very similar
documents but also documents that  are not very
similar. Methodologically, the solution builds an
infrastructure for the given 25 documents, determines
document clusters from the infrastructure, and bases  



term extraction on the document clusters. In order to
build the infrastructure,  the solution integrates
term extraction with hierarchical document clustering
to  produce a binary classification tree for the
documents, and introduces a kind of  generalization
procedure over the binary tree to get a generalized
tree. In order 30 to get document clusters, the
solution introduces a cutting procedure to cut
,across the generalized tree. WO 2004/114157
PCT/SG2004/000179  3 Functionally, the solution is
able to access the terms hidden in the  document
clusters within the given document set. The method of
the present invention first builds an infrastructure
(a kind  of hierarchical structure) for the given
documents to identifies document 5 clusters, each of
which consists of similar documents; then extracts
statistically  significant individual words from these
clusters; and finally takes these words as  "seeds" to
locate terms using mutual information. In order to
specify the  infrastructure, the method first makes
use of a traditional hierarchical clustering
algorithm to build a binary tree for the documents,
then introduces a 1o generalization procedure to
derive the infrastructure from the binary tree. In
order to identify document clusters, the method
introduces a kind of cutting  procedure to cut the
infrastructure into two parts, one being 'a sub-tree,
the  other being a forest whose root nodes stand for
document clusters. In general terms, the invention
includes a method and platform for  15 statistically
extracting terms from large sets of documents. An
importance  vector is determined for each document in
the set of documents based on the  importance values
of words in each document. A binary document
classification tree is formed by clustering the
documents based on the  importance vectors for
documents. An infrastructure is built for the set of
20 documents by generalizing the binary document
classification tree. The  document clusters are
determined by dividing the generalized infrastructure
into  



two parts and cutting the upper part. Statistically
significant individual key  words are extracted from
the clusters of similar documents. Then, terms are
extracted using the key words as seeds. 25 Brief
Description of the Figures The working' procedure of
the. invention is described by the following  figures,
in which: FIGURE 1 shows a flowchart of the method of
term extraction from a  30 large document collection
in the present invention. WO 2004/114157
PCT/SG2004/000179  4 FIGURE 2 shows binary
hierarchical classification (binary tree) formed  for
the collection of documents. FIGURE 3 illustrates a
binary weight classification tree used in the  method
of FIGURE 1. 5 FIGURE 4 shows the binary weight
classification tree of FIGURE 3 cut to  determine
weight clusters. FIGURE 5 shows the clustering of
nodes. to generalize the tree of  FIGURE 2. FIGURE 6
presents the generalized tree after the nodes of
similar  to documents have been combined. FIGURE 7
illustrates a cut through the generalized tree forming
two  parts, in which the upper part still is a tree
with nodes generally having lower  weights, the lower
part generally have higher weights. Detailed
Description of the Embodiments 15 FIGURE 1 shows a
flowchart of the method of term extraction from a
large collection of documents in the present
invention. In the following  equations, a set of
documents is designated as "D" and a reference corpus
is  designated as "R". Here a "reference corpus" is a
large and balanced corpus  



used as a benchmark to determine whether a word in a
document is statistically  20 'important. At step 10
an infrastructure is built up for the set of documents
to identify  document clusters. This step 10 is
performed by first building importance  vectors for
documents in the set of documents at step 12. First,
for each individual document and for each word in the
individual  25 documents, the salience and importance
of the word in the document is  determined with
respect to the reference corpus. Formally, for any
document dED, and for any word wEd, the salience of  w
in d with respect to R, denoted Sal(w, d, R), is: WO
2004/114157 PCT/SG2004/000179  5 Sal(w, d, R) = log
(P(w, d) / P(w, R)) (1)  where P(w, d) is the
probability of w occurring in d, and P(w, R) is the
probability 5 of w occurring in R. The importance of
wind with respect to R, denoted IMP(w, d, R), is:
IMP(w, d, R) = P(w, d)  Sal(w, d, R). (2)  10
Intuitively, a word is important in one document with
respect to the reference corpus if and only it is
frequent in the document and salient in the  document
with respect to the reference. The importance vector
for a document is then formed based on the  importance
value of each word in the document. Formally, suppose
W is the  15 set of all the words occurring in any
document in D, let W={w1, w2, ..., wn}, for  any dED,
its importance vector, denoted IMP(d), is: < IMP(w1,
d, R), IMP(w2, d, R), ..., IMP(wn, d, R)>. (3)  20
After building the importance vector, step 14 is
performed to build a binary classification tree for
the documents. Using a traditional hierarchical
clustering algorithm, the documents are clustered
based on their importance  vectors determined in step
12 to get the binary hierarchical classification
(binary  



tree) of the documents illustrated in FIGURE 2. A
binary tree is a tree with two 25 braches at each fork
and with one or two tree leaves at the end of each
branch.  A binary tree 200 is shown having a root n
ode 202 with edges 204, 206  extending to left and
right subtrees 208 and 210, respectively. The subtrees
are  also known as the children of the root node. At
the bottom of the tree 200 are  tree leaves 212. In
FIGURE 2, each of the tree leaves 212 can represent
one 30 of the documents "d" from the set of documents
"D". The steps for forming the binary tree include:
selecting two documents  which hold the biggest
similarity among all the documents; merging them into
a WO 2004/114157 PCT/SG2004/000179  6 new document
replacing the former two (e.g., a node 214 can
represent the  merged document); computing the
importance vector for the new document  based on those
of the former two; and repeating this procedure until
there is  only one document which is a combination of
the set of documents "D" 5 (represented by the root
node 202). Formally, suppose dl and d2 are two
documents in D, their similarity  sim(d 1, d2) is
defined as the cosine of their importance vectors as
equation (4).  When the two documents dl and d2 are
merged, the resulting new document  can be referred to
as document "d". The similarity of dl and d2 is also
called io the weight of the document d, denoted
weight(d). sim(d1, d2) = cos(IMP(dj), IMP(d2)). (4)
Next in order to build the infrastructure of step 10,
a step 16 is performed  15 in which a generalization
of the binary tree 200 is performed. Steps 18, 20 and
.22 are performed to achieve step 16. This
generalization is useful because in  the traditional
hierarchical clustering algorithm only two documents
are merged  in each step and the nodes in a local area
in the resulting binary tree tend to  take very. close
weights, which means that the documents, even within
different 20 nodes can be very similar. This
generalization step merges these similar nodes  



together. At step 18 a binary weight classification
tree (binary similarity  classification tree) 300 as
illustrated in FIGURE 3 is formed by clustering the
weights (similarity values) of non-leaf nodes (the
nodes other than those such 25 as the tree leaves 212
in FIGURE 2) in the binary document classification
tree  200. The tree 200 is shown to have 12 leaf nodes
212 and 11 non-leaf nodes  214. Each of the 11
non-leaf nodes has a weight attached to it. So there
are  11 weights, each weight being a real number. In
this particular example it is  assumed that 3 of the
11 weights are the same. Thus there are 9 different
real 3o number weights. Each of these weights serves
as one of the leaf nodes of the  binary tree 300 in
FIGURE 3 (i.e. the real numbers 0.11, 0.12, 0.14,
0.53, 0.52,  -0.50, 0.98, 0.99 and 1.00 at the bottom
of the tree 300 in FIGURE 3). WO 2004/114157
PCT/SG2004/000179  7 The clustering of the weights to
form the binary weight classification tree  300 is
performed using the same algorithm as was used in step
14 to cluster the  documents and form the binary tree
200. In FIGURE 3, the weights at the  lowest level of
the tree are clustered using a traditional clustering
algorithm. 5 Their similarity is measured by their
difference. For example, if 0.1 and 0.9 are  two
weights, then their similarity can be measured by
their difference, 0.9 - 0.1  = 0.8. The real numbers
listed in the upper levels of the tree 300 are the
weights of the nodes produced from clustering the
nodes of the lowest level.  FIGURE 4 shows scores of
the nodes (i.e., the difference between the weights io
'of its sub-nodes) in the tree 300 of FIGURES 3 as the
real numbers listed in  parenthesis. The scores of the
nodes in the upper level are generally higher,  and
those of the nodes in the lower level are generally
lower. Intuitively, step 18 explores the distribution
of the weights of the non-leaf  nodes in the binary
document classification tree 200. 15 The sub-steps in
this weight clustering of step 18 include: i)
selecting  



two weights among all which are the closest; ii)
creating a new weight as equal  to the average of the
two old weights, marking it with their difference as
its  score, and replacing the two old weights; iii)
repeating i) and ii) until there is only  one weight.
20 At step 20, the binary weight classification tree
300 is cut (meaning  divided) to determine weight
clusters (clusters of the similarity values). In one
cluster, the weights are very close. The result is
demonstrated in FIGURE 4  where the line 406
illustrates the cut in the tree 300. Intuitively, this
step is to  catch the "gap" existing in the weights of
the non-leaf nodes in the binary weight  25
classification tree 300. Formally, to explain step 20,
let S 300 be the binary weight classification  tree
300, S1, 402 be the sub-tree of S with the same root
as-S, S-S1 404 be the  forest in S with S1 removed, an
object function for a cut is defined as the difference
between the average score of the nodes in S1 and that
of the nodes  30 in S-SI, denoted DEF SCORE(S1, S-S1):
WO 2004/114157 PCT/SG2004/000179  8 Y score(d)
score(d) din S, dinS-S, ls,I IS-Sly (5) where score(d)
is the score of the node d, IS1 is the number of nodes
in S1, and  IS-S1J is the number of the nodes in
S-S.1. To cut across the tree appropriately 5 means to
find Si , which satisfies the equation: DEF - SCORES;
,S - S) = MAX(DEF _ SCORE(S1,S - S1)). (6)  sins
Notice that the number of the sub-tree with the same
root as S is to exponential to the number of the given
documents. However, the binary weight  classification
tree 300 has the prominent feature that the scores
don't decrease  as the merging decreases. Thus, the
following procedure is used to find S1  



which satisfies equation (6): i) Mark the root of S,
putting the root in the candidate set, and  15 putting
its two children into P, a node set; ii) Select the
marked sub-tree, and extend it by adding one node
.from P which holds the biggest score in P, as well as
its corresponding edge;  remove the point from P and
adding its non-leaf children into P; putting this sub-
tree into the candidate set; marking this sub-tree in
S; 20 iii) Repeat ii) until P is empty; iv) For each
sub-tree in the candidate set, select the sub-tree
that  ,maximizes the object function (5) as S,*. This
procedure is polynomial to the number of the weights.
To cut 25 across the binary weight classification tree
300 means to cut Si away from S.  The result is a
forest, i.e., a set of sub-trees. For each sub-tree,
its leaf nodes  form a weight cluster such as 408 in
FIGURE 4. Next, step 22 of FIGURE 1 is performed to
merge the nodes of the binary  document classification
tree 200 in local areas whose weights fall within a 30
weight cluster produced in, step 20 (nodes with close
similarity values in the WO 2004/114157
PCT/SG2004/000179  9 binary document classification
tree 200). The result is illustrated in FIGURES 5  and
6. Suppose p is the root 202 of the binary document
classification tree 200.  P 502 and Q 504 are all sets
of nodes. Step 22 includes the following steps in  5
order to generalize the tree: i) Put p 202 into P 502
and its child nodes into Q 504, marking the  weight
cluster in which p's weight falls as a cluster c (for
example the cluster  408 in FIGURE 4). ii) While there
are nodes in Q whose weights fall in the cluster c,
io move them into P and move their child nodes (if not
leaf nodes) to Q (see  



FIGURE 5); iii) Merge all nodes in P into one new node
602 and take all nodes in  Q as the children 604 of
the new node (see FIGURE 6); iv) For all nodes in Q,
repeat the procedure. 1s These steps result in the
generalized binary tree 600 of FIGURE 6.  After
performing the step 16 for generalizing the binary
tree, the  infrastructure is complete and a step 24 of
FIGURE 1 is performed to cut across  ,the generalized
tree 600 to get document clusters as illustrated in
FIGURE 7. For any node in the generalized tree 600, if
it is created by merging some  20 nodes in the binary
tree, then the average weight of the nodes in the
binary tree  are its weight. Generally, an upper level
node has a lower weight than lower  level nodes, which
means that its member documents are less similar, and
vice  versa. The tree 600 needs to be cut into two
parts, with one part having the  25 same root as the
tree and with nodes generally having lower weights.
The  second part is a forest and the nodes within the
second part generally have  higher weights. The cut
between the two parts is illustrated in FIGURE 7 as
the line 706. The nodes having a level below the line
706 are the document  clusters and individual
documents. The nodes having a level in the tree above
30 the line 706 are removed. The procedure for cutting
the tree 600 is similar to that described with respect
to cutting the binary tree 300 in step 20. Formally,
let T 600 be the hierarchical tree, T1 be the sub-tree
702 of T with the same WO 2004/114157
PCT/SG2004/000179  10 root as T and T-TI be the forest
704 in T with TI removed. An object function  is
defined for a cut as the difference between the
average weight of the nodes  in TI and that of the
nodes in T-T1, denoted DEF WEIGHT(TI, T-T1):
1weight(d) Yweight(d) 5 d in T-T d in T (7) 



IT - T,I IT,I where IT,I is the number of the nodes in
T1, and IT--Tip is the number of the  nodes in T-T1.
To cut across the tree appropriately means to find T*
which  satisfies the equation: 10 DEF_WEIGHT(T,*,
T-T,*) = MAX(DEF_WEIGHT(T, T-T,)) (8)  T inT The
procedure of locating T* in T is the same as that of
locating S1 in S  as described above. Finally, the
forest T- Tl* 704 is obtained and the nodes in  15
this forest are the document clusters C, for example
the four document clusters  708, 710, 712 and 714 in
FIGURE 7. Next a step 26 of FIGURE 1 is performed to
extract the keywords (i.e.  statistically significant
words) for all individual documents and document
clusters based on the importance values of the words.
The keywords are 20. treated as "seeds" to locate
terms. If c is a cluster of C (cE C), the importance
vector of c is: < IMP(wl, c, R), IMP(w2, c, R), ...,
IMP(wn, c, R)> (9)  25 Let W be the set of all the
words occurring in any given document, then  'for any
X W, its average importance, denoted AVE IMP(X) is:
IMP(w, c, R)  wex IXI (10) WO 2004/114157
PCT/SG2004/000179  11 The set of the keywords in c
satisfying the following equation are designated as
X`: AVE IMP(X)=MA X(AVE_IMP(X) - AVE_IMP(W - X)) (11)
XCW 



5 Intuitively, the importance values for the keywords
should be higher, and those  for other words should be
lower. Thus, the set of the keywords tends to
maximize the object function, i.e., maximizes the
difference between the  average importance value of
the keywords and that of the other words. Step 28 of
FIGURE 1 is finally performed whereby mutual
information is  10 used to determine terms based on
the seeds produced in step 26. Here mutual
information is a statistical concept in information
theory. Intuitively, mutual  information between two
objects reflects the extent to which one object stands
for another. In the present invention, mutual
information is used to measure  how strongly two words
combine together. A. word string t is a term if it,
meets  15 the requirements: i) it includes at least
one seed; ii) if t=wltlw2, ti is a sub-string of t,
then MI(wl, tiw2) >_a, or Ml(w2,  wit,) ?a,; 20 iii)
for any w1tw2 in c, Ml(wi, t) <a, and Ml(w2, t) <a,;
and  iv) there is a c in C, IMP(t, c, R) >02; where
MI(x, y) is the mutual information between x and y,
its definition is p(x,  y)/(p(x)p(y)), and a,, and a2
are two thresholds for mutual information and 25
importance value respectively. Intuitively, ii) means
that the association between inner parts of the term
is stronger; iii) means that the association between
the term and its adjacent  words is weaker; and iv)
means that the term is statistically significant in
one  cluster with respect to the reference corpus. 30
In general, to locate the terms, we can start from
each seed word, extend  to the left or the right and
check whether ii)--iv) are met until no extension can
be made. WO 2004/114157 PCT/SG2004/000179  12 The
present invention has many applications for
information extraction  



and text mining including domain=specific thesaurus,
information retrieval,  information summarization,
document indexing, document classification, and  text
understanding. 5 Although the invention has been
described above using particular  embodiments, many
variations are possible within the scope of the
claims, as  will be clear to a skilled reader. WO
2004/114157 PCT/SG2004/000179  13  Claims We claim: 1.
A method for statistically extracting terms from a set
of documents  5 comprising the steps of: determining
for each document in the set of documents an
importance  vector based on importance values for
words in each document; forming a binary document
classification tree by clustering the  documents into
clusters of similar documents based on the importance
vector  1o for each of the documents; building an
infrastructure for the set of documents by
generalizing the  binary document classification tree;
clustering the documents by cutting the generalized
tree of the  infrastructure; 15 extracting
statistically significant individual key words from
the clusters of  similar documents; and extracting
terms using the key words as seeds. 2. The method of
Claim 1, wherein the importance value for words in
each  20 document is determined based on the frequency
and saliency of the words in  the documents with
respect to a reference corpus. 3. The method of Claim
1, wherein the documents are clustered by  performing
the steps of: 



25 selecting two of the documents having the greatest
similarity;  merging the two documents into a new
document; computing an importance vector for the new
document; and again selecting and merging two of the
documents or new documents  having the biggest
similarity. 30 4. The method of Claim 3, wherein the
similarity of the documents is  determined by the
cosine of their importance vectors. WO 2004/114157
PCT/SG2004/000179  14 5. The method of Claim 1,
wherein the generalizing step merges similar  nodes
together. 5 6. The method of Claim 1, wherein the
generalizing step includes the steps  of: clustering
values of the similarity of the documents into nodes
forming a  binary weight classification tree; dividing
the binary weight classification tree to determine
clusters of  1o nodes forming the binary weight
classification tree; and merging nodes of the of the
binary document classification tree having  similarity
values within the clusters of nodes forming the binary
weight  classification tree. 15 7. The method of Claim
1, wherein the step of dividing the generalized
binary tree is performed by dividing the tree into one
part having the same root  as the generalized binary
tree and another part having a forest of document
clusters of the similar documents of the generalized
tree. 20 8. The method of Claim 7, wherein words
having high importance in the  document clusters are
selected as the key words. 9. The method of Claim 1,
wherein mutual information is used to determine  terms
based on the seeds. 



25 10. The method of Claim 9, wherein a word string t
is determined to be a  'term if it meets requirements
including having at least one of the seeds. 11. A
platform for statistically extracting terms from a set
of documents  30 comprising: means for determining for
each document in the set of documents an  .importance
vector based on importance values for words in each
document; WO 2004/114157 PCT/SG2004/000179  15 means
for forming a binary document classification tree by
clustering the  documents into clusters of
similar-documents based on the importance vector  for
each of the documents; means for building an
infrastructure for the set of documents by  5
'generalizing the binary document classification tree;
means for determining document cluster by dividing the
generalized tree  of the infrastructure into two
parts; means for extracting statistically significant
individual key words from the  clusters of similar
documents; 10 -and means for extracting terms using
the key words as seeds. 12. The platform of Claim 11,
wherein the importance value for words in  each
document is determined based on the frequency and
saliency of the words  1s in the documents with
respect to a reference corpus. 13. The platform of
Claim 11, wherein the means for clustering the
documents includes: means for selecting two of the
documents having the biggest similarity;  20 means for
merging the two documents into a new document; means
for computing an importance vector for the new
document; and  means for again selecting and merging
two of the documents or new  



documents having the biggest similarity. 25 14. The
platform of Claim 13, wherein the similarity of the
documents is  'determined by the cosine of their
importance vectors. 15. The platform of Claim 11,
wherein the generalizing means merges similar  nodes
together. 30 16. The platform of Claim 11, wherein the
generalizing means includes: WO 2004/114157
PCT/SG2004/000179  16 means for clustering values of
the similarity of the documents into nodes  forming a
binary weight classification tree; means for dividing
the binary weight classification tree to determine
clusters of nodes forming the binary weight
classification tree; and 5 means for merging nodes of
the of the binary document classification  tree having
similarity values within the clusters of nodes forming
the binary  weight classification tree. 17. The
platform of Claim 11, wherein the step of dividing the
generalized  1o tree is performed by dividing the tree
into one part having the same root as the  generalized
binary tree and another part having a forest of
document clusters of  the similar documents of the
generalized tree. *18. The method of Claim 17, wherein
words having high importance in the  15 document
clusters are selected as the key words. 19. The method
of Claim 11, wherein mutual information is used to
determine terms based on the seeds. 20 20. The method
of Claim 19, wherein a word string t is determined to
be a  term if it meets requirements including having
at least one of the seeds. 


