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Vector Space Modeling of
Documents

o tf-1df representation

— Represent each document as a vector of
term frequencies, tf,

— Multiply by log(N /df ), where N is the total
number of documents, anddf. is the
document frequency

— d,_ = (tf, log(N /df,)....tf log(N /df.))
— Normalize all vectors to length 1



Vector Space Modeling of
Documents

 Given a set S of documents and
corresponding vector representations,

Zd
‘S deS
IS the centroid of supporting set S.

 Document similarity is measured by cosine
correlation ,

e Major result: measures pairwise similarity
between documents InS

—




Unsupervised Dimensionality
Reduction

Partition the collection of documents into k
disjoint sets

Find the centroid for each disjoint set
Scale the centroids to unit length

Let C be the matrix in which the ith column
corresponds to the ith centroid

Apply C to the document vectors to project
them into k-dimensional space



Supervised Dimensionality
Reduction

Modification of unsupervised dimensionality
reduction

Given j document classes, compute a J-way
clustering using the classes

If k dimensions are desired for the
dimensionality reduction and k > |, clusters
will be partitioned in increasing order of
similarity

Agglomerative clustering can be used if k <,
but may combine unlike concepts



Concept Indexing

e Largest values in centroids correspond to the
most important terms associated with a
concept
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Table 1: The ten hight—mt wuight terms in the centroids of the classes for a subset of the Reuters-2157T8 text
collection.



Observations

Few high-weight terms in each centroid;
these terms can act as keywords to describe
concepts

High-weight terms are synonymous or closely
related to the classes they represent

Terms in each document vector correspond
to how well the document matches the
Information in each centroid

Representation captures latent associations
between terms that describe concepts



Experiments

e Multi-class Categorization: Cl versus higher-
dimensional document space

e Single-class Categorization: Compares CI
with Naive Bayes, LSI, and higher-
dimensional document space representation

* Query Retrieval: Cl versus LSI



Results: Multi-Class Categorization

 Measured in terms of microaveraged
Precision/Recall Breakeven Point
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Tahle 2: Precision/Recall breakeven point on the
ten most frequent Reuters topics and microaveraged
performance over all Reuters topics.



Results: Single-Class Categorization

 k-NN and C4.5 using CI performed about 3-
/% better in terms of accuracy than using
higher-dimensional space

e Cl clearly outperformed LSI
 Was comparable in accuracy to Naive Bayes



Results: Single-Class Categorization
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Tahle 4: The classification accuracy of the original and reduced dimensional data sets.



Query Retrieval

Found the k nearest neighbors for each
document d in original and reduced space
(LSl and CI)

Counted the number of neighbors belonging
to the same class as d

Summed up counts over all documents in
each class

Compared retrieval improvements: ratio of
recalled documents in reduced space to
recalled documents in original space




Results: Query Retrieval

 Cl improved retrieval and outperformed LSI In
all classes

o Cl performed well regardless of class size;
LS| did worse with smaller classes




Results: Query Retrieval

il il Ml W IR
il = Ee | _Cl | LA I il =N Eze | Cl | LAl
) EEE B T | 136 | 108 6 [ 107 | 102 Tl B D EN EEEY
U RET REE a0 | 198 | 108 357 | 102 | 09 i3 | orz | 13z 8 | 103 | oo
Pl BB ER 137 [ 151 | 124 ama [ 431 | 114 128 | 30 | ane 403 | tar ] om
EL R RE ALEN REY RRE 130 | 107 | 098 iz0 | ez | 103 353 | 13 | e
i RE T g9 | 1.1 | 104 13 | 147 | 104 T ERTd RE 330 | 100 | 1o
4z 27| 1ee a7 [ 1.91 ] 104 12 [ 13z 198 I R REE 328 140 | 02
L RS RR I RFEY RRF 1z [ 147 | 108 A BT RE 328 [ 124 1
33 || oa: 50 | 184 | om0 116 | 103 | 09 i Rl RET ae | 108 | 10m
=l RE-Y RS ag | 106 | oo o4 | 133|100 g5 |1z | oo =L RREY RF:
o BTN BT FER EREY BT az | 14e| 108 i R BT 275 | 198 | 10e
{CH RESY R a7 [1za| 132 g5 | 140|104 A R R e | 107 | 1o
5 [ra]ar a2 [1za] 1149 4 |180| 1@ 40 | 144 | ass el KR RRT
i1 Jrsa] a7 3 187|133 & 480|114 ol 5 RE w3 (18] 1=

i [172] 122 & |ima| 108 35 | zma| 162 243 [ 107 | 1
a7 124 ] 130 & | 173 | o7 33 |zl 110 sas | 135 | 1
0 | 2m | 108 a3 | 228 | o 18 |asa|asz = RETY ERT
M |14 | 137 x5 | 268 | 094 15 |2 | aTs i | 147 | 102
SRR -t 13 | 57| as7 08 185 | 1=
ta | 298 | aEn i1 | zse | 102 19 120 ] 114
18 | 120 | oar g JzmalaTs a7 [ 134 118
g | 227 | 10w igi (130 ]+
17 | 148 | oz 17 | 194 | 102
L T 174 | 184 | oo
13 | 140 | 0ED i | 182 | 1.5
10 | 237 | o4z 171 | 100 | 1o
(ELN RETY ERE

153 [ 141 | 119

163 | 135 | 1o

141 | 180 ] 118

133 [ 135 ] 110

133 | 127 | £.4e

laz o cal 138 | 1m0

=] o ] o= = I 130 [ 130 | 1.2

. T N Y R 126 | 1ea | 102

e | 440 | 108 tana| 1o | 137 124 | 108 | 10

487 [ 125 192 1za7| 1.av ] 148 123 [ 133 ] 118

ams [ 120 198 1780 | 1ae | 129 120 | 103 | oar

an [ 148 194 tiaf naa ] 141 ite | 183 | e

268 | 475 100 1ar| 18 | 1.2 15 | 198 | o

- 100 | 185 | 153 it | 198 | e

ga | v | 133 10 | 141 | 107

7eq | oma | 1an g | 104 | 10z

700 | 151 ] 408 1 EE-:Y R T

o - 04 | 254 247

Table 5: The per-class RI measures for various data sets for supervised dimensionality reduction. The first

column shows the nmber of documents in each class,



Conclusions

e CI provides a method of dimensionality
reduction which performs better in
classification accuracy than traditional
methods

e Cl also improves recall performance
* For more information:

— www.cs.umn.edu/~karypis
— Karypis has a longer paper on CI.
www-users.cs.umn.edu/~karypis/publications/Papers/PDF/ci.pdf
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