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Abstract

We use Bayesian Belief Networks to perform inference
on the similarity between a document and a cluster. We
introduce the idea of "similar region” to construct the
Bayesian Belief Networks and use a heuristic method to
select initial seed objects. Our method allows a document
to either belong to exactly one cluster or more than one
cluster. Experiments are conducted to compare our
method against K-means clustering method on a set of
one-line Chinese news extracted from internet.

v 1. Introduction
1.1The Document Clustering Problem
The task of document clustering is to divide a collec-
tion of documents into several groups in each of which
consists of a set of documents that are alike, while docu-
ments from different groups are not alike. Many docu-
ment clustering methods often must deterinine the num-
ber of clusters and cluster’s indices in advance. And they
often require a document to be assigned to a unique
cluster. But in reality some documents may relate to
many ditferent topics, they should appear in more than
one cluster. We need a more flexible document clustering
method.
1.2.Applying Bayesian Belief Networks to document
clustering
Applying Bayesian Belief Networks is a method of
probabilistic reasoning, Over the last few years, Bayesian
Belief Networks have been applied 10 problems in medi-
cal diagnosis [1], information retrieval [3), automatic
indexing [6], and so on. Turtle was the first person (o

apply the Bayesian belief networks to information re-

trieval [3]. It used the Bayesian Belief Networks to
measure the similarity between the document and the
information requested. We adapt this technique to
document clustering.

2. Bayesian Belief Networks

A Bayesian Belief Network [4] is an acyclic directed
graph in which the node represents a random variable. If
there is an arc from variable B to variable A, B is said to
be a parent of A and there is a conditional probability
representing the degree of relation between variables A
and B. For a variable x , let r (x) be the x's parent set in
the belief network. We must give the probabilities of
forming P(xl 7 (x)), the conditional probability of x given
its parent set 77 (x). In a Bayesian belief network, there
is an implicit assumption that each node is conditional
independent of its non-descendents given its parents.
Suppose there are n nodes in the belief networks. These
nodes are ordered, X, X Xs,....,X, and the parents of a
node come before the node in the ordering. Then apply-
ing belief network's conditional independence assump-
tion means that :
PXIX; 1 Xi20eeveen X)=Pxl m (x)

By the chain rule we have
" n
HM,...,\?:_)=I_IH_/\7 | x-n...v,)=HRA7|ﬂ(,n:))
i 1

3. Inference network model
In this section, we introduce the inference network model
used in information retrieval [3]). Inference network

model uses the Bayesian theory to match the
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Figure 3-1
document and the information requested. Figure 3-1 is
the architecture of the Bayesian information retrieval. It
is a three-level hierarchy. The first level is the document
in the collection, the second level is all the termis in the
collection. If one term occurs in a document, then there is
a direct link point form the document to the term. And on
each link it exists a conditional probability representing
the degree of relation between two nodes of the link. The
third level is the information requested. If one term oc-
curs in the information requested, there is also a link
pointing from the tenmn to information requested. After
initialization the probability of requested -information I

given a collection documents D, [ is computed as

P(I1D)=Y PUI1)xP(z] D)

= Z,P(I Ity 12,0, 0) X H P 1 D)
i=l

The set of document retrieved given the mformation
requested is the D that maximize P(IID).
4. Bayesian Clustering
4.1 Introduction

Classifying objects according to similarities is the basis
tor Bayesian clustering. If each object belongs to exactly
one cluster, we call it an exclusive classification, other-
wise, nonexclusive or overlapping clustering. The Baye-
sian Clustering method we introduced can either be an
exclusive or nonexclusive classification. The Bayesian
Clustering is an unsupervised cluster. It automatically
divides the collection of documents into several clusters,
and the algorithm will select an initial seed object for

each cluster. We introduce a method to automatically find
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the reasonable seed objects which is unlike the k-means
method that randomly selects seed objects.

We also introduce a method of adjustment. In a collection
of documents, some documents may not belong to any
cluster at all. If we classify them into a cluster, they
would become exception in the cluster. When the number
of documents in a cluster reaches a threshold, we adjust
the cluster by deleting the exception documents.

4.2 Determining the number of clusters

A significant problem in cluster analysis is the determi-
nation of the number of clusters in the final solution.
Most clustering methods are not designed to determine
the number of clusters in the data. For K-means method,
the user must specify a number of clusters first.
4.2.1.Similar region

We represent each document as a point in a graph. The
distance between a pair of points represents the similarity
between them. The shorter the distance, the greater is the
similarity. Each point P in the graph has a similar region
in which p's most similar points within a predefined
similarity threshold are all in the region as Figure 4-1.

Now we show how to find out each peint's similar region.

o
B # 2
2] Em
g 8 ( @ B g
BN g B
=) H
:: BN

P's similar region

Figure 4-1
We use the vector space model (Salton 1988) 0 measure
the similarity between two documents. We use the model
Lo compute similarities between P and all other n points,
and let them be S, S., ..., S,. Then to estimate the stan-
dard deviation 8§ and average A of S, S,, .., S,

S48+, 48 DS
n

n

A
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3(S—A)

S
n
For each point P, S;is the similarity between P and P, if
Si > a*S+ A, then P, is within the P's similar region.
The value of a is a parameter to control the size of the
similar region.
4.2.2.The algorithm to determine the number of clus-
ters
In this section, we introduce an algorithm to determine
the number of clusters in the final solution.
Definition (similarity frequency): For each point P, P's
similaﬁty.frequency (SF,) is the number of similar re-
gions that contain point P.
The algorithm first computes SF for all points. The big-
ger the SF of a point p suggests a higher tendency that p
may be the center point of some set of points in the graph.
So the algorithin first chooses point i with the maximal
SF as the seed point of the first cluster. Then it chooses
point j with the second maximal SF that isn't within the
similar region of i as the second seed point of the second
cluster. Repeat the process until no points are left out.
Finally, the algorithm will generate a set of clusters
which each has one seed point.
We assume the algorithm can generate n clusters at most.
If human itialially gives a number m (m>n), then it will
just generate n clusters in the final solution. On the con-
trary, if m<n, then it will generate m cluster.
4.3.Architecture
In the above section (4.2.2), we introduce an algorithm to
roughly generate n clusters in which each has a seed
point. In this section, we introduce an architecture that
measures the similarities between object and each cluster
and classifies the objects into appropriate clusters.
4.3.1The Network Model

Figure 4-2 shows the architecture of a Bayesian Belicf
Networks with two clusters C1 and C2. It is a three-level

hierarchical network. The first and second levels are the

Figure 4-2

documents in the collection. Each document in the first
level has some links direct to the documents in the sec-
ond level. In section 4.2.1, we introduce a method to find
out the similar region for each document. If we have
found out the similar region of document D, then there
are links pointing from D to the documents within D's
similar region. In Figure 4-2, we assume the system gen-
erate two clusters C1 and C2 initially with seed points D1
and D3 respectively. Suppose DI's similar region con-
tains D2, D2's similar region contains DI and D3, D3's
similar region contains D1, D4's similar region contains

D3 and D5, and DS's similar region contains D4.

Sim(D1.D2)

SO

Figure 4-3
On cach link we attach a conditional probability to repre-
sent the degree of similarity as shown in figure 4-3. In
our system, we cialculate the conditional probability as
follows:
P(DYI D2)=S8im(D|,D2)
where Sim(D1,D2) s calculated by vector space model

(Salton 19¥8).
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If document D belongs to Cluster C, then there s a link
pointing D to C. If D belongs to many clusters, then there
is a link from D to euch cluster. If cluster C contains n
documents, then there are n links pointing to cluster C.
4.3.2.The linking probability of document

nodes to a cluster node

In Figure 4-4, the cluster node C1 contains three docu-

ments D1, D2, D4. We assume that the belief

Figure 4-4

of C1 depends on the parents that are true and all parents
are weighted equally, so the conditional probability
P(C1iD1), P(C1ID2), P(C1ID4) are all set as 1/3.

If the probability of D1, D2, and D4 are P,, P,, and
P,, then the probability of C1 is computed as follows:
P(Cl=true) = (P1+P2+P4)/3.
4.3.3. Probabilistic inference
Given a document D, how to estimate the probability of
D with each cluster. In Figure 4-5, cluster C1 contains D2,
and D4, and cluster C3' contains DS, D6, and D7. Now
we will classify document D3 into an appropriate cluster.
Given the ini_tial node D3, we can calculate the condi-

tional probabilities of cluster C1 and C2 respectively.

PC21D3)=

0.8+(i+().7 —05

0.7+0

L

=035

PICH D3)=

According to the probabilities, classifying document D3
into the closest cluster if we allow a document to cxuclly‘
belong to one cluster. In Figure 4-5, we classify D3 into
non-exclusive  clustering,

cluster Cl. In we o can
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Figure 4-5

set a threshold and allow any document to put in a cluster
whose similarity to the cluster is above the threshold.
4.3.4.Classitying a document into a cluster

Given a document, determine which cluster the document
belongs is the classification. Assume there are n clusters
the system generated, and the similarities between a
document and n clusters are Sy, S,, ..., S respectively. In

exclusive clustering, we just add the document to the

-cluster whose similarity is the greatest. However, in non-

exclusive clustering, a threshold must be properly chosen.

If S, > threshold, the document is added to cluster i.

To determine the threshold, we first estimate the standard

...5,. Set the
@, add the

deviation S and the average A of §;, S,,
threshold Gas S + A. For all i if §; >
document to cluster i. If the document allow to belong to

many clusters, the document may be in the boundary.

&
@ ®

Y

Figure 4-6
In Figure 4-6, D1 belongs to two cluster C1 and C2.
Now we will calculate conditional probabilities of
Cl and C2 given document D2. Because D1 is within

D2's similar region, so there exists a link between them.
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In section 4.3.1, we set the conditional probability as
follows:

P(D11 D2) = Sim(D1,D2)
Because D1 belongs to both clusier C1 and C2, so it in-
ferences D2 loosely. We modify-the conditional prob-
ability of D1 given D2 as follows:
Sim(D1,D?2)

log(2+1)

The term log(2+1) means that document D1 belongs to

P(D1ID2)=

two clusters. The more clusters to which document D1
belongs, the less important is D1 in each cluster.
The general form is
P(D11D2) = Sim(D1,D?2)
" log(n+1)

, where D1 is simultaneously contained in n clusters.
4.3.5.The Bayesian clustering algorithm
In this section, we describe a document clustering algo-
rithm Bayesian Clustering in Figure 4-8 using Bayesian
Belief Networks. It contains three input parameters, the
array of object, the number of cluster in the fmai solution,
and a boolean variable Overlapping to determine whether
an object belongs to exactly one cluster or can belong to
more than one cluster. If the parameter Overlapping is
false, each object exactly belongs to one cluster, other-
wise each object can belong to more than one cluster.

4.3.6.Adjustment
In Step 4 of the Bayesian Clustering algorithm, the algo-
rithin randomly select a document and add it to a cluster
one by one. For different order of selections, the same
document may be classified into different clusters.
In figure 4-7, the algorithm first generates two clusters
C1 and C2 that have seed points p and q respectively.
Then the algorithm randomly selects a point s, because s
is close to g so it will be added to cluster Cl1. But the
point s may belong to cluster C2 it all other data points in
C2's similar region are added first. So the algorithm must
adjust this error. Point s must be deleted from cluster Cl

and be added to cluster C2.

Figure 4-7 Point s will be added to cluster C1

Define (The center document of a cluster): Assume
cluster C contains n documents, D1, D2, ....Dn. For
each Di, we compute the similarity between Di and
cluster C. Let them be S, S,, ...S,. If S, is the greatest
among these values, then we let D, be the center docu-
ment of cluster C. Because the data may be removed
from a cluster, so the program must traverse the data set
and classify the unclassified data into an appropriate
cluster again. "When to adjust a cluster C 7". When a
document be assigned to cluster C, we calculate the
center document D, of the cluster C. Assume D.'s
similarity frequency (SF) is m, we set a threshold &
equal to 8*m. If cluster C contains n elements and n >
@, the algorithm will remove some elements that are
not similar in cluster C. The similarity frequency (SF)
m of D, is the number of simifar regions contains point
D.. Weset B equal 1+ loop* § where loop is the time
the program traverse the data set and § is positive.
Because the & is positive, so the threshold 8 in-
creases dynamically. We increase the threshold @, be-
cause if the value is fixed, the program will adjust the
cluster very frequendy and some documents may be
removed or added frequently. If the value of § is large,
the threshold will increase fast.
"What document will be removed from cluster
C 7. If cluster C contuins n documents, we first evalu-
ate the similarity between each document and cluster C
, S, and then evaluate
o S

We deciare the remove threshold € equaltoa *S+ A .

and get the similarities 8, S, ...

the average A and standard deviation S of Sy, S, ..

For each S, if S; < &, then remove Di from cluster C,
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where @ equal to l-loop*y and 7 is positive, S0

both the value of a and the remove threshold € de-
crease dynamically. Because if the value is fixed, the
when a cluster C growth to a great size, there is not any
document can be added to the cluster. It the value of ¢
is large, then the threshold will decrease fast.
If a document is removed from a cluster, and the docu-
ment belongs to this cluster only, then we must mark the
document as unclassified. Because documents can be
removed from a cluster, some documents may not be
assigned to a cluster while the program executes for some
times. So we will jump the while loop when the program
executes for a long time. The detailed algorithm of ad-
justment and the final algorithm of step 4 with adjust-
ment are not shown due to the space limitation.
5.The Experiments

5.1.The Data Set

In this section, we describe the data set used. We collect
1584 documents from the WWW (World Wide Web).
These documents are all news. It was originally taken
from eight different classes. Table-1 shows the detail of
the data set.
5.2.Preprocessing
Because the data set consists of all text documents, so we
must perform IR's pre-processing. We must tind out all
the characters in the data set. Because all the documents
are Chinese news, so we just process the Chinese char-
acter. We find out 4912 Chinese characters from the 1584
documents. Then compute the idf (nverse document
frequency) for each character. We erase some character
whose idf is very small and erase those that exactly pre-
sent in one document. The tinal number of words is 2721
After finding out all different characters, we must evalu-
ale the weight of each character in a document. -Then use
the vector space model to measure the similarity between
each pair of document.
5.3Results

5.3.1.Experiment1
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Table-1 The data set contains eight classes

and has 1584 documents in total.
Class | X |& ik - T
T - A
E T T T T T

5 O O - O
Number |129 {235 |183 |154 207 {234 |214 {228

In this experiment, we tentatively classify the data set

g
¥ 8

into eight clusters and each document exacty belongs to
one cluster. Table-2 and Table-3 shows the result of the
Bayesian clustering and K-means. In this experiment,
Bayesian Clustering and K-means use the same seed
documents. The seed document is generated by the pro-
cedure described in section 4.2.2. From the result of the
Bayesian Clustering, the classes of """, "§288", and "
#8E" are almost found out. But the result of the K-
means clustering found out two classes "f&7E", and "#8
& " and it has one cluster is larger.
5.3.2. Experiment2

Table-2 The result of Bayesian Clustering.

The seed documents are generated by the program

Clusterl X | Z |t |B | £ | & | & | @& |Total
E| B gl S| B B|F
i 1 2 4 i1 |12 0 1 207 1228
2 10 12 |15 9 8 4 194 15 247
3 18 10 |6 6 28 2113 0 |272
4 16 15 {114 |13 139 {5 3 1 196
S I3 48 122 112 {15 12 {7 2 111
6 |24 (10515 42 167 |4 4 10 |261
7 183 |28 19 52 126 |6 2 |2 208
8 |4 15 18 9 22 12 0 1 61
Total {129 |235 (183 |154 |207 {234 {214 |228 |1584

lo this experiment, we also classify the data set into eight
clusters and each document exactly be longs to one clus-
ter. Table-4 and Table-3 shows the result of the Bayesian
clustering and K-means. o this experiment, Bayesian
clustering and K-means use the same seed documents.
But theseed documents aren't generated by program. We
selected eighi seed documents from each class.

In this result, we use difterent seed documents. In the two
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BayesianCluster(Array object[], int ClusterNumber, boolean Overlapping)
Input : 1. objects consists of a set of documents,D1,D2,...,Dn.
2. The parameter ClusterNumber n as the number of cluster in fmal solution.
3. The parameter Overlapping is a boolean variable.
Output : A set of clusters. ‘

Step 1: Evaluate all document's similar regions. (4.2.1)

Step 2: Evaluate all document's similar frequencies. (4.2.2)

Step 3: Determine the number of clusters and find a seed document for each cluster. (4.2.2)
Step 4: randomly select a document and add it to a cluster one by one

Figure 4-8 Algorithm of Bayesian Clustering

Table-3 The result of K-means . The seed docu- pends on the initial positions of the seed documents.
ments are generated by the program. . Table-5 The result of K-means . The seed docu-
Clu| K| Z |iL £ (K| & | & | Toul ments are all selected trom each class.
: . i :
Seri e | W @ BB BB IR Clost] X | 2 |t | & | % | &8 | % | 1 [Toul
110 Jo [0 {2 {0 0 [0 10 |2 er |l gl EglEl s
210 {11 |7 1 |34 j209]4 11 {276 -
1 13 133 |15 I3 [35 {i185[2 12 278
3o |2 §1 [0 {0 [0 0 10 |3, R 2
a1 o i (11 J6_[1_[84 [201]324 L1y 3 10 132
- 3 [o (21 {15 |81 |18 |9 |67 [207(427
s-13 12 |2 [22 12 12 {0 |7 140 n
4 4 11 12 (o 11 |1 0 [0 19
615 11 [2 0o [1 41 0 0 110
; - 5 17 §81 |5 {9 {73 41 {5 {8 1199
7 L3 o i 103 13 112 e Bile s 152 17 2 |77
8 [110[209{1571118 163121 1123]16 [917 -
Tot [129]235 183 {154 1207|1234 1214|228 1584 7[5 [35 1014 137 5 915 1330
Al - - 8 [57 148 130 [25 127 |28 {14 [3 1232
- : Total|129 235183 1154 {207 12341214 {228 {1584
Table-4 The result of Bayesian Clustering. The ' :
seed documents are selected from each class. . .
— : 6. Discussion
Clus- |k |ZE|it |B| & || # |8 |Toal , , )
ter e lele|w|sl=|5 We implement document clustering using
1 |1 ]2 j6 9 {4 [0 (2 1201)225 the Bayesian Belief Networks. Three purameters
2 |0 f11 {18 {13 |8 (0 [185|4 1239 " . -
16 10 18 17 129 20155 [0 265 to be assigned, "when to adjust a cluster”, "remove
4 19 19 99 |13 33 {5 |5 |1 174 threshold” and "thesize of similar regions”.
5140 LSS 28 6?_' 2 18 |14 1284 ®  When to adjust a cluster?
6 158 [27 |8 [46 128 [8 |4 |3 182
7 14 {46 |20 116 30 |3 |4 |1 |124 Because the algorithm randomly select a docu-
g (11 16 19 22 113 |15 |1 14 |91 ment to assign to a cluster. Different selection order
Total [129]235{183 154207 (234214 {228 11584

- - - ] may classify some documents into dilferent clusters.
experiments, the results of Bayesian clustering have .
- . . So when a cluster reaches a moderate size, we re-
less variation than K-means clustering. The Bayesian
. ) move some document from the cluster. How to de-
clustering also found out three classes. The K-means
) L cide the size is a problem. We assign the size a small
clustering dido't generate large cluster. We observe
. . . value initially, then dynamically increase it. If we
that the performance of the K-means clustering de- : '
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assign a big value initially, it will make some clusters
grow fast and clusters will contain more dissimilar
documents. But if we assign a small value initially,
the size of a cluster will not grow fast and the intra-
cluster similarity will be small.
® Remove-threshold
When we adjust a cluster, we must remove dissimilar
documents from the cluster. But how to decide a
document is disSimilar? We assign the remove-
threshold a big value initially, then dynamically de-
crease it. If the remove-threshold is big, the inter-
cluster similarity will be larger and it causes the size
of cluster smaller.
®  The size of similar region
The size of similar region determines the number of
clusters to be generated. It affects the similarity fre-
quency of document. The smaller the size, the greater
the number of clusters.
7. Conclusion and Future work

7.1.Conclusion

In this paper, we introduce an architecture to
perform document clustering. The architecture is a
three-level hierarchy Bayesian Belief Network. We
introduce two new ideas "similar region” and "simi-
larity frequency” and use the former to construct the
belief network and the later to select the seed docu-
ments and to determine the number of clusters in the
final solution. In the experimental results, we used
ditferent seed documents for two. experiments. We
found the results of Bayesian Clustering were not
significantly affected by the selection of initial seed
documents while those of the K-means Clustering
method were depending on the initial seed docu-
ments.
7.2.Future Work
In this paper, although the data set are divided into
eight classes, many classes are similar. It is difficult

to extract each class from the data set. So the selec-
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tion of Corpus is very important. In the future, we
can use this architecture to cluster other data set, such
as picture or other of documents.
The Bayesian Clustering method is an unsupervised
method, so it is difficult to assess the results. In the
future, we can change this algorithm to supervised
method and use it to do classification.
The Bayesian Clustering is either an exclusive or
nonexclusive classification. But in this paper, we
only show experimental results of the Bayesian
Clustering as exclusive classification. This is because
data set of nonexclusive classification is not avail-
able.

The current architecture only has three-level
hierarchy, we can extend it to more levels or add

more extra evidence or constraints.
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