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Abgract

The main purpose of this pgper is to propose a noved latent
semantic indexing (LS), datigtica goproach to smultaneoudy
mapping documents and terms into a latent semantic space.
This approach can index documents more effectively than the
vector space modd (VSM). Laent semantic indexing (LS),
which is based on singular vaue decompaosition (SVD), and
probabiligtic latent semantic indexing (PLSl) have dready been
proposad to overcome problems in document indexing, but
criticdl problems remain. In contrast to LS and PLSI, our
method uses a more meaningful, robust gatigtical mode basad
on factor andysis and information theory. As a reault, this
modd can solve the remaining critica problems in LS and
PLS. Experimentd results with a test collection showed thet
our method is superior to LSl and PLS from the viewpoints of
information retrieval and classfication. We aso propose anew
term weighting method based on entropy.

1. Introduction

With the advent of digitd databases and communication
networks, it is easy to obtan Web pages and dectronic
documents. It is thus necessary to develop information retrieva
methods to smplify the process of finding rlevant informetion.
Document indexing is one important information retrieva
method. Traditiondly, documents have been indexed and
labded manudly by humans. Animportant exampleistheidea
of notiond familiesin thework of H. P. Luhn [9]. The primary
god istoindex documents with the same precison achieved by
humans. To develop such document indexing methods, the
following problems must be solved:

oAmbivaence between terms
oCdculdion cogt
oDocument indexing and keyword matching methods

Due to these problems, the retrieva performance of indexing
sydems is poor. Among previous works latent semantic
indexing (LS), based on singular vaue decompasition (SVD),
and probabiligic latent semantic indexing (PLSl) have been
deveoped to overcome these problems, but unsolved problems
remain.

Our primary god in this paper is to present a novd datidticd
gpproach, to smultaneoudy mapping documents and terms
into a laent semantic space. This gpproach can index
documents better than by using individud indexing terms
because the topicsin adocument are more closdly rlated to the
concepts described therein than to the index terms used in the
document’ s description. Our method uses a more meaningful,

robugt satisicad mode - cdled a code modd - thet associates
documents and terms with alatent semantic factor. This modd
is based on factor andysis and informetion theory and enables
us to remove this noise and extract a beiter latent semantic
space than other methods. As a reault, documents can be
indexed nearly as well as by humans. This is mainly because
factor andysis is a beter datisticd modd than SVD for
cgpturing hidden factors.

2. Related wor k on document indexing and term

section

The vector space modd (VSM) [11] isan approach to mapping
documents into a gpace asocigted with the terms in the
documents. The weighting of the termsin adocument provides
the document’ s coordinatesin pace, and the Smilarity between
documentsis measured in gpace.

Latent semantic analyss (LSA) [2] is an approach to mapping
documents into alower dimensond spacethanin LS. Thisis
accomplished by projecting term vectors into this space by
usng a modd based on SVD. To dae severd theoreticd
results or explandions have gppeared, and these studies have
provided a better understanding of LS. However, many
fundamentd problems remain unresolved, asfollows.

Inedequiate use of gatistica methods

LS uses SVD as a ddidicd modd. Therefore, LS cannot
explain or extract the latent semantic factor asahidden variable,
because SVD is nothing more than the decompostion of the
observed variable matrix [6].

Optima decompasition dimension:

Ingenerd, dimensondity reduction isjudtified by the Satistical
significance of the latent semantic vectors as measured by the
likdihood of the modd based on SVD [3],[5]. The complexity
of themodd isnot consdered in terms of the dimension.

Termweighting method:

To date, many researchers on LS have used tffidf [11] or a
smilar method. This type of method, however, is not the best
way to evauae the ussfulness of terms, because the weighting
of low-frequency terms is underestimated, while that of
high-frequency termsisoverestimated.

3. Latent ssmantic extraction and term sdlection

Our method is a nove datidtica gpproach to smultaneoudy
mapping documents and termsinto alaent semantic space, and
it improves document retrievd performance. Our method
condgds of three components (1) a novd term weighting
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method, (2) a code modd, and (3) adtatisticad modd criterion.
Themainideain this gpproach isthat alatent semantic factor is
associated with eech topic. A particular topic in a document is
more related to the concepts described in the document than to
the index terms used in the description of the document.
Therefore, this proposed indexing method enables us to
retrieve documents based on similarities between concepts.

As a reault, our proposed method evolves from keyword
metching to conogpt matching. This dlows us to retrieve
documents even if they are not indexed by thetermsin aquery,
because one document shares concepts with ancther document
indexed by the given query. Therefore, the latent semantic
space improves document retrieva performance.

31Term-document matrix

Morphologica andyss can be used to convert adocument into
avector conggting of the terms occurring init. The vector space
modd is a method of geometricdly visudizing the
reldionships between documents In this modd, the
relationships between terms and documents are represented as
aterm-document matrix, which contains the values of theindex
terms ¢ occurring in each document d, properly weighted by
other factors [4][12][8]. We denote m as the number of index
termsin acollection of documents and  asthe totd number of
documents. Formally, we let 4 denote aterm-document metrix
with n rows and m columns and let w; be an dement (, /) of 4.
Each w; is asigned a weght associgted with the
term-document pair (d; ¢), where d; (I <i < n) represents the
i-th document and ¢ (7 <;j < m) represents the j-th term. For
exanple, usng a #idf representation, we have wy; =
ft-djidfit). Thus, given the vaues of the wy the
term-document  matrix represents the whole  document
collection. Therefore, each document can be expressed as a
vector congting of the weights of each term and mapped in a

vector space:
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There are two methods of term weighting [8]: local and globdl.
Among variousweighting methods, those designated as L3, G2,
and G3 are novd and have not been described previoudy
[Toku 1999).

3.1.1 L ocal weighting

This gpproach defines the weights w; in each document. Let P
(I <i<n, 1 <j<m) denotethe occurrence probebility of 7 ind.
We ascribe dgnificance to aterm’ s occurrence, on the grounds
that it represents adocument’ s topics more than other factors do.
Therefore, we base w; on the term occurrence probebility £; in
eech document, and we definealoca weighting L asfollows:

In contrast to other locd weghting methods based on term
frequency, this method reduces the effect of very high

frequency terms by multiplying P;; by alogarithm.

3.1.2 Global weighting

This approach defines the weights w; over dl documents. Let
P; (I <i<n I <j<m) denote the reldive occurrence
probability of ¢ in d;. We ascribe significance to the probebility
of aterm occurring over al documents on the grounds thet a
given term provides informetion for topic prediction and affects
gobd performance Entropy is a convenient melric for
comparing the probability didribution of a term’s occurrence.
Therefore, we base w; on the entropy of the relative occurrence
probability, and we define agloba weighting G;asfollows:

1 n
G, =1+ logn ;p,, 1084 @)
Because this weighting is based on entropy, if a terni vueus
with equa probability in al documents, it isweighted as 1 (the
maximum). To ensure that it does not exceed 1, thisweighting
is normdized through divison by log n, where n is the totd
number of documents.

3.2 Introduction of factor analydsto obtain latent semantic
pace

321 Codemodd

The main theme in obtaining a laent semantic space is to
cgpture the essentid, meaningful semantic associations while
reducing the amount of redundant, noisy informetion. Here, we
propose a code modd to determine a document’s coordinates
in the latent semantic space. The code modd is based on the
hypothesis that termsin documents are generated from alatent
semantic factor and a given document has a probability of
beonging to some category. This modd can be usad to
determine the coordinates of not only documents but dso terms.
The rdationships between terms and latent semantic factors are
smilar to the rdationship between encoded data and an
information source in information theory. Because of this
smilarity, wecdl our model acode modd.

We next describe the key ideain this modd. We think thet a
latent semantic factor isan information source and is coded into
a term in a document. Therefore, the relaionship between
termsand latent semantic factors can be defined asfollows.

P(t]l;): Probability of latent semantic factor /, generating term ¢,

here ¢
W ZP(I/V/{)Zl

j=i

. A term ¢ can be generated from not only
thelatent semantic factor /, but dso another factor /;..

The reationship between a document and a latent semantic
factor can be defined in the following way:

P(li}d): Probability of document d; belonging to latent semantic
factor L,



d)=1- Document d; can bdong to not only

where Z P(lk
i=1

|atent semantic factor /; but dso another factor /.

The weights wy, which represent thevalue of 4 ind;, are used to
combine these ddfinitions into a joint probability modd,
resulting inthe expresson:
dr):ip(tj‘lk)l)(lk
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where P(t}d;) denotes not the empirical occurrence but the
gatitical probebility disribution of £ in d;, obtained by
multiplying the locel and globa weightings; P, (#) denotes the
unique probability of # and P, (d) denotes the unique
probability of d;. The reason for introducing these quantities is
that P(¢}d;) cannot actualy be explained in terms of only the
joint probehility of P(z{/;) and P(/id;). The difference between
the satisticdl probability distribution P(t}d) and the mode
distribution based on only the joint probability of P(z}/) and
P(l}d) is conddered as noise in information theory. Therefore,
wecdl thismodd acode modd.

Noatice that multiple documents can beong to some latent
semantic factor a the same time. This is because the latent
semarntic factors are associated with the observed variances asi,
d. Moreover, the latent semantic factors do not condrain
documentsto be orthogond to each other.

Despite the milarity, the fundamentd difference between the
agpect modd [5] in PLS and this code modd is the unique
probability. This difference affects the latent semantic factors
obtained.

323 Factor analyss

To cdculate the occurrence probability of terms in the code
modd, we introduce factor andyds which is a ddidticd
method that resolves an observed variance into a corresponding
latent factor. Undoubtedly, SVD can d0 cdculde a vaidble
corresponding to the latent semantic factor obtained
aithmeticaly by our method. Thevaridblein SVD isamixture
of observed varidbles. In contragt, the varidble in factor andyss
is a laent factor. Therefore, it fits the code modd mentioned
ealier. In utilizing factor andyss, we define the observed
variance as P(t{d;) and the latent factor asaconcept.

33 Satidical modd sdection bassd on gochadic
complexity (SC)

A tem-document matrix is composed of only observed
vaiances. The object of factor andydsisto estimate the factor
loading, meaning P(l|d) in the code mode, while keeping the
number of unique factors aslow as possble. We need to define
the optimized number of factors in advance. In this paper, we
determine this number by applying stochastic complexity (SC)
[Rissanen 1996] one time. This refers to a code length that
shortest in the case of coding with the number of parameters
fixed to m. SCis defined as follows to determine the optimized
number of latent semantic factors

2n(k +1)— k(k —1)]

SC(Ak)= ~1og P, (4) + [ log(n* m (10)

where P,(4) denotes the maximum likelihood estimator of
term-document matrix 4. The minimum of SC(4[k) gives the
optimized number of laent semanttic factors & This
formulaion dlows us to solve the remaining problem of
determining the optimized number of factors in both factor
andyssand (PLS.

The code modd not only determines documents coordinates
in alatent semantic space but dso is a proper generative modd
for the observed data, i.e., the probability of ¢ ind.

4. Document indexing in latent semantic space

4.1 Experimental desgn

Here, we as=ss the efectiveness of OUR METHOD from
three viewpoints (1) term weighting methods, (2) Our method
vs (P)LS, and (3) Satisticd modd sdection based on SC.

Both (PLS and OUR METHOD use the term-document
marix as a darting point and map documents into a latent
semantic gpace. To compare the effectiveness of these methods,
we evaduded the retrievd peformance for latent semantic
gpaces based on each method. Or, interms of obtaining alatent
semantic pace, we compared SVD and factor andyds. We
evauated term weighting in terms of the contribution to the
latent semantic factors, and atisticd modd selection in terms
of whether it can predict the optima number of latent semantic
factors

For our experiments, we prepared 210 news atidesto forma
test callection. These atides covered seven topic categories
economics, entertainment, information technology, politics,
society, sports, and world news. Each category included the
same number of atides. We used these categories to judge
retrievd and dasdfication resultsin terms of average precision
and recdl rate.

Firs, we decomposed the aticdes into terms by using
morphologica andyss, which exchanges a sentence for its
component terms. We used Chasen’ s gpproach [1] for this tep.
We used only terms that meet the condition that the part of
gpeech is a noun or an unknown that is not registered in the
dictionary of morphologicd andyss. Thisis becausetheterms,
asusad in queries, are limited to these parts of speech. Wedso
omitted terms that did no (7, ¥ in three or less different
documents. Generdly, terms wiuiasze of 1 (for example, “d’,
&, @, ec) were defined as stop words and omitted, and
numbers were omitted as wdl. Single Japanee characters,
however, do have meaning, S0 we did not tregt these as Sop
words. The documents contain 7863 different terms, s0 a 7863
* 210 term-document metrix was generated.

42 Comparison of (PLS vs Our method and term
weighting methods

Tablel compares smilarity results among the documents based
on different term weightings and latent semantic spaces. This
comparison was done as folows Frd, we cdculaed the
documents  smilarity metrix, as defined in section 3.35
Second, if the dmilarity of two documents was above a



threshold, we judged these documents to be dike. Even if one
of the documents did not indude a term used in a query, we
induded both documents in the search results. Findly, we
evduated the search results in terms of the precision and recdl
rates, asshown in Table 1. In thisexperiment, we defined 0.7 as
the threshold.

The normd vector space modd conssted of 7863 term axes.
The gpaces decomposed Ly SVD or by factor andysis both
condgted of 7 axes. In both cases, the precison and recdl rate
were highest for adecompased space with this number of axes.

Table 1 indicates thet L3 and L4 were the most effective term
weighting methods for loca weighting, while G1, G3, and G4
were the most effective for globd weighting. As for the
decompased space, both SVD and factor andyss achieved
higher vdues than the normd vector space modd. These
results show that the smilarity between documents measured
in a gpace decomposad by SVD or factor andyss reflects a
fundamentd rdationship between topics in the documents.
They do not, however, diginguish Our method from (P)LS.
Theterm weighting methods used in this experiment are defined as
follows

Local weighting
L1: term occurrence probability (=tf)

Weights wjdefined by occurrence in a document.
C(@,)

>.c,)
j=1

11,=P, =

[

L2: normalized term occurrence probability
Weights wj defined by a normalization of L1 based on
a log function.

C(t )

1+m7v
2.6

L3: normalized entropy of document

Weights ¢/ defined by a term’s occurrence probability

distribution in a document.

L2, =log

Zi:pijlogpij

i j=1

L3 =1-
logm

mi. Number of different kinds of terms in document d.
Pj. Frequency probability of term Zin document 4.

L4: proposed local weighting method

Global weighting

G1: normalized entropy of term occurrence over all
documents

Weights # defined by each term’s occurrence over all
documents. This method is similar to our proposed
global weighting but differs in terms of #;.

1 n
G =1+— log p.
; |Ogn;m 92,

Pj. Occurrence probability of term #; over all
documents.

G2: normalized entropy of term occurrence over all
documents

Weights # defined by the occurrence proportion over
all documents.

G2,=-p,logp, - (1_171)'09(1_ pj-)

P Occurrence probability of a document containing %
over all documents.

G3: proposed global weighting method

G4: document frequency (=idf)

Weights d/ defined by the inverse of the document
frequency.

n
H. =1+lo
/ gCidji

C(&): Number of documents containing
G5: normalized entropy of relative term occurrence
Weights ¢ defined by the relative probability
distribution over all documents.

1 n
H =1+— logp.
! Iogn;p” 9P

Pj. Relative probability of zoccurring in d

Table 1.: Average precision and recall rates in for (P)LSI and Our method
Thistable compares not only the term weighting methods but dso thev SM, (P)L S, and Our method, in for each term weighting
method. In For each same term weighting method, the upper top row istheVSM, the middle row is (P)LS, and the lower bottom

row is Our method. Datalisted as N/P/R. TW and N/P/R are defined bdlow thistable,

™™ Economics eEnertainmant ITinformation Politics sSports sSocietyal World news aAverage
LIGL 1010033 1010033 1010033 1099733 1010033 1010033 1110036 1010034
28706627 30098987 300987887 3009706 301298100 303983%01 2108763 7087078
28706324 300989989 302986901 30010098 290998906 30398101 2098766 298986978




ue 1010083 1010083 1010033 1099933 1010033 1010033 1110086 1010034
283970918 207100991 205087971 0010098 209100908 296504982 201085662 28200131
27857900 297100991 298088980 209100908 297100989 291004967 189086622 278501221

(€3] 1010033 1010033 1010033 1099833 1010033 1010033 1110086 1010034
289969936 300903903 01089903 299008906 301008100 0108801 291087968 298089981
28806529 0154903 02087903 300100998 301008100 0108301 20008766 298083981

(€] 1010083 1010083 1010083 1099883 1010083 1010083 1110086 1010034
206978564 301097100 30299006 301298100 301097100 3000506 300992903 30099203
2787564 302905100 30298806 301/100100 3000506 30099503 301091083 300991802

L2GL 1010033 1010033 1010033 1099783 1010033 1010033 1110036 1010034
28756627 20999087 30098787 30099706 301998100 30298401 291987568 27987978
28796324 300990989 302986901 30010098 209998906 303982001 200987566 27986978

. €74 1010083 1010083 1010083 1099933 1010083 1010033 1110086 1010034
283970918 207100991 296988976 0010098 20910098 296504982 203086669 282001183
278968902 207100991 2980889862 209100908 297100989 291004967 189086622 21990102

23 1010033 1010033 1010033 1099833 1010033 1010033 1110086 1010034
290070940 30094993 01089903 299008906 301008100 0108901 291087568 298089982
289065931 0154903 02087903 300100998 301008100 0108301 200087566 29808381

L2 1010083 1010083 1010083 1099883 1010083 1010083 1110086 1010034
206978%64 301097100 302990906 301298100 301097100 3000506 300992903 30099203
2069769564 302995100 30298806 3014100100 302995100 300995503 300992903 300991802

L3GL 1010033 1010033 1010033 1010033 1010033 1010033 1110036 1010034
300100100 300999100 300100100 300100100 300999100 300100100 300100100 300100100
300100100 300999100 300100100 300100100 300999100 300100100 300100100 300100100

I €74 1010083 1010083 1010083 1010083 1010033 1010033 1110086 1010034
3000908 300100100 3000 300100100 300100100 300100100 21100071 20910096
299009906 302002100 30010 300100100 288%00%3 300100100 177100539 28100764

L33 1010033 1010033 1010033 1010033 1010033 1010033 1110086 1010034
300100100 3009100 300100100 300100100 300910 300100100 300100100 300100100
300100100 3009100 300100100 300100100 30009100 300100100 300100100 300100100

L3 1010083 1010083 1010083 1010083 1010083 1010083 1110086 1010034
300100100 300999100 300100100 300100100 300999100 300100100 300100100 300100100
300100100 300999100 300100100 300100100 300999100 300100100 300100100 300100100

L4GL 1010033 1010033 1010033 1010033 1010033 1010033 1110036 1010034
300100100 300999100 300100100 300100100 300999100 300100100 300100100 300100100
300100100 300999100 300100100 300100100 300999100 300100100 300100100 300100100

LA 1010083 1010083 1010033 1010083 1010033 1010083 1110086 1010034
3000908 300100100 30010 300100100 300100100 300100100 21100971 209100996
299009906 302002100 3000 300100100 288%00%3 300100100 177100539 28100764

L4 1010033 1010033 1010033 1010033 1010033 1010033 1110086 1010034
300100100 30010 300100100 300100100 300910 300100100 300100100 300100100
300100100 3009100 300100100 300100100 300910 300100100 300100100 300100100

LA 1010083 1010083 1010083 1010083 1010083 1010083 1110086 1010034
300100100 300999100 300100100 300100100 300999100 300100100 300100100 300100100
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TW:term weighting, N:the number of documents retirievedaldocuments, P:precision, R:recall

documents, we cannot distinguish factor analysis from
SVD in terms of precision. When we reduce the
number of terms by using the value of globd
weighting, however, we see the superiority of factor
analysis.

As for the weighting methods, the results indicate
that it is effective to select terms based on the value
with L4 as the loca weighting method. We should
emphasize that the latent semantic space based on the
combination of factor analysis and G3*L4 can be used
to classify documents with only the half number of
terms normally required. The VSM, on the other hand,
does not depend on the number of terms or the
weighting method. hese results show that our proposed
weighting method is useful not only for indexing
documents but also for selecting the minimum number
of terms.

4.4 Satistical model selection

In this experiment, the optimal number of latent
semantic factors was seven. This is the same as the
number of topics used. This indicates that the obtained
latent semantic factors can effectively characterize
documents statistically; we can say that these factors
represent semantic meanings. SC predicts nine as the
optimal number of latent semantic factors, as shown in
Table 2. Other objective functions [3], [5], however,
predict numbers far greater than/less than nine, which
do not appear in Table 2. The value predicted by SCis
thus approximately correct.

Table 2. Optimal number of latent semantic factors

We thus conclude that our method is a useful
document indexing method that not only solves the
critical remaining problemsin LSl and PLSI but also
improves the retrieval performance.
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	Optimal decomposition dimension:
	In general, dimensionality reduction is justified by the statistical significance of the latent semantic vectors as measured by the likelihood of the model based on SVD [3],[5]. The complexity of the model is not considered in terms of the dimension.
	Term weighting method:
	To date, many researchers on LSI have used tf/idf [11] or a similar method. This type of method, however, is not the best way to evaluate the usefulness of terms, because the weighting of low-frequency terms is underestimated, while that of high-frequenc
	3. Latent semantic extraction and term selection
	Our method is a novel statistical approach to simultaneously mapping documents and terms into a latent semantic space, and it improves document retrieval performance. Our method consists of three components: (1) a novel term weighting method, (2) a c
	Therefore, this proposed indexing method enables us to retrieve documents based on similarities between concepts.
	As a result, our proposed method evolves from keyword matching to concept matching. This allows us to retrieve documents even if they are not indexed by the terms in a query, because one document shares concepts with another document indexed by the given
	3.1 Term-document  matrix
	Morphological analysis can be used to convert a document into a vector consisting of the terms occurring in it. The vector space model is a method of geometrically visualizing the relationships between documents. In this model, the relationships between
	.
	There are two methods of term weighting [8]: local and global. Among various weighting methods, those designated as L3, G2, and G3 are novel and have not been described previously [Toku 1999].
	3.1.1 Local weighting
	This approach defines the weights wij in each doc
	Lij = Pij*log (1+Pij).
	In contrast to other local weighting methods based on term frequency, this method reduces the effect of very high frequency terms by multiplying Pij by a logarithm.
	3.1.2 Global weighting
	This approach defines the weights wij over all documents. Let Pij (1 ? i ? n, 1 ? j ? m) denote the relative occurrence probability of tj in dj. We ascribe significance to the probability of a term occurring over all documents on the grounds that a giv
	.
	Because this weighting is based on entropy, if a term occurs with equal probability in all documents, it is weighted as 1 (the maximum). To ensure that it does not exceed 1, this weighting is normalized through division by log n, where n is the total n
	3.2 Introduction of factor analysis to obtain latent semantic space
	3.2.1 Code model
	The main theme in obtaining a latent semantic spa
	We next describe the key idea in this model. We think that a latent semantic factor is an information source and is coded into a term in a document. Therefore, the relationship between terms and latent semantic factors can be defined as follows.
	P(tj|lk): Probability of latent semantic factor lk generating term tj,
	where �. A term tj can be generated from not onl�
	The relationship between a document and a latent semantic factor can be defined in the following way:
	P(lk|di): Probability of document di belonging to latent semantic factor lk,
	where �. Document di can belong to not only late�
	The weights wij, which represent the value of tj in di, are used to combine these definitions into a joint probability model, resulting in the expression:
	,
	where P\(tj|di\) denotes not the empirical occ�
	Notice that multiple documents can belong to some latent semantic factor at the same time. This is because the latent semantic factors are associated with the observed variances as tj, di. Moreover, the latent semantic factors do not constrain documents
	Despite the similarity, the fundamental difference between the aspect model [5] in PLSI and this code model is the unique probability. This difference affects the latent semantic factors obtained.
	3.2.3 Factor analysis
	To calculate the occurrence probability of terms in the code model, we introduce factor analysis, which is a statistical method that resolves an observed variance into a corresponding latent factor. Undoubtedly, SVD can also calculate a variable correspo
	3.3 Statistical model selection based on stochastic complexity (SC)
	A term-document matrix is composed of only observed variances. The object of factor analysis is to estimate the factor loading, meaning P(l|d) in the code model, while keeping the number of unique factors as low as possible. We need to define the optim
	�
	where Pa(A) denotes the maximum likelihood estimator of term-document matrix A. The minimum of SC(A|k) gives the optimized number of latent semantic factors, k. This formulation allows us to solve the remaining problem of determining the optimized nu
	The code model not only determines documents coordinates in a latent semantic space but also is a proper generative model for the observed data, i.e., the probability of tj in di.
	4. Document indexing in latent semantic space
	4.1 Experimental design
	Here, we assess the effectiveness of OUR METHOD from three viewpoints: (1) term weighting methods, (2) Our method vs. (P)LSI, and (3) statistical model selection based on SC.
	Both (P)LSI and OUR METHOD use the term-document matrix as a starting point and map documents into a latent semantic space. To compare the effectiveness of these methods, we evaluated the retrieval performance for latent semantic spaces based on each m
	For our experiments, we prepared 210 news articles to form a test collection. These articles covered seven topic categories: economics, entertainment, information technology, politics, society, sports, and world news. Each category included the same numb
	First, we decomposed the articles into terms by u
	4.2 Comparison of (P)LSI vs Our method and term weighting methods
	Table1 compares similarity results among the docu
	The normal vector space model consisted of 7863 term axes. The spaces decomposed by SVD or by factor analysis both consisted of 7 axes. In both cases, the precision and recall rate were highest for a decomposed space with this number of axes.
	Table 1 indicates that L3 and L4 were the most effective term weighting methods for local weighting, while G1, G3, and G4 were the most effective for global weighting. As for the decomposed space, both SVD and factor analysis achieved higher values than
	Local weighting
	L1: term occurrence probability (=tf)
	Weights wij defined by occurrence in a document.
	L2: normalized term occurrence probability
	Weights wij defined by a normalization of L1 based on a log function.
	�
	L3: normalized entropy of document
	Weights dj defined by a term’s occurrence probabi
	�
	mi: Number of different kinds of terms in document di.
	Pij: Frequency probability of term tj in document di.
	L4: proposed local weighting method
	Global weighting
	G1: normalized entropy of term occurrence over all documents
	Weights tj defined by each term’s occurrence over
	�
	Pij: Occurrence probability of term tij over all documents.
	G2: normalized entropy of term occurrence over all documents
	Weights tj defined by the occurrence proportion over all documents.
	�
	Pj: Occurrence probability of a document containing tj over all documents.
	G3: proposed global weighting method
	G4: document frequency (=idf)
	Weights di defined by the inverse of the document frequency.
	�
	C (tj): Number of documents containing ti.
	G5: normalized entropy of relative term occurrence
	Weights dj defined by the relative probability distribution over all documents.
	�
	Pij: Relative probability of tj occurring in di.
	Table 1.: Average precision and recall rates in for (P)LSI and Our method
	This table compares not only the term weighting methods but also theVSM, (P)LSI, and Our method, in for each term weighting method. In For each same term weighting method, the upper top row is the VSM, the middle row is (P)LSI, and the lower bottom r
	TW
	Economics
	eEntertainment
	ITinformation
	Politics
	sSports
	sSocietyal
	World news
	aAverage
	L1G1
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/99.7/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	28.7/96.6/92.7
	30.0/98.9/98.7
	30.0/98.7/98.7
	30.0/99.7/99.6
	30.1/99.8/100
	30.3/98.3/99.1
	29.1/98.7/95.8
	29.7/98.7/97.8
	28.7/96.3/92.4
	30.0/98.9/98.9
	30.2/98.6/99.1
	30.0/100/99.8
	29.9/99.8/99.6
	30.3/98.1/99.1
	29.0/98.7/95.6
	29.8/98.6/97.8
	L1G2
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/99.9/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	28.3/97.0/91.8
	29.7/100/99.1
	29.5/98.7/97.1
	30.0/100/99.8
	29.9/100/99.8
	29.6/99.4/98.2
	20.1/98.5/66.2
	28.2/99.1/93.1
	27.8/96.7/90.0
	29.7/100/99.1
	29.8/98.8/98.0
	29.9/100/99.8
	29.7/100/98.9
	29.1/99.4/96.7
	18.9/98.6/62.2
	27.8/99.1/92.1
	L1G3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/99.8/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	28.9/96.9/93.6
	30.0/99.3/99.3
	30.1/98.9/99.3
	29.9/99.8/99.6
	30.1/99.8/100
	30.1/98.8/99.1
	29.1/98.7/95.8
	29.8/98.9/98.1
	28.8/96.5/92.9
	30.1/99.4/99.8
	30.2/98.7/99.3
	30.0/100/99.8
	30.1/99.8/100
	30.1/98.8/99.1
	29.0/98.7/95.6
	29.8/98.8/98.1
	L1G4
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/99.8/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	29.6/97.8/96.4
	30.1/99.7/100
	30.2/99.0/99.6
	30.1/99.8/100
	30.1/99.7/100
	30.0/99.5/99.6
	30.0/99.2/99.3
	30.0/99.2/99.3
	29.7/97.5/96.4
	30.2/99.5/100
	30.2/98.8/99.6
	30.1/100/100
	30.0/99.5/99.6
	30.0/99.5/99.3
	30.1/99.1/99.3
	30.0/99.1/99.2
	L2G1
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/99.7/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	28.7/96.6/92.7
	29.9/99.0/98.7
	30.0/98.7/98.7
	30.0/99.7/99.6
	30.1/99.8/100
	30.2/98.4/99.1
	29.1/98.7/95.8
	29.7/98.7/97.8
	28.7/96.3/92.4
	30.0/99.0/98.9
	30.2/98.6/99.1
	30.0/100/99.8
	29.9/99.8/99.6
	30.3/98.2/99.1
	29.0/98.7/95.6
	29.7/98.6/97.8
	L2G2
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/99.9/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	28.3/97.0/91.8
	29.7/100/99.1
	29.6/98.8/97.6
	30.0/100/99.8
	29.9/100/99.8
	29.6/99.4/98.2
	20.3/98.6/66.9
	28.2/99.1/93.3
	27.8/96.8/90.2
	29.7/100/99.1
	29.8/98.8/98.2
	29.9/100/99.8
	29.7/100/98.9
	29.1/99.4/96.7
	18.9/98.6/62.2
	27.9/99.1/92.2
	L2G3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/99.8/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	29.0/97.0/94.0
	30.0/99.4/99.3
	30.1/98.9/99.3
	29.9/99.8/99.6
	30.1/99.8/100
	30.1/98.9/99.1
	29.1/98.7/95.8
	29.8/98.9/98.2
	28.9/96.5/93.1
	30.1/99.4/99.8
	30.2/98.7/99.3
	30.0/100/99.8
	30.1/99.8/100
	30.1/98.8/99.1
	29.0/98.7/95.6
	29.8/98.8/98.1
	L2G4
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/99.8/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	29.6/97.8/96.4
	30.1/99.7/100
	30.2/99.0/99.6
	30.1/99.8/100
	30.1/99.7/100
	30.0/99.5/99.6
	30.0/99.2/99.3
	30.0/99.2/99.3
	29.6/97.6/96.4
	30.2/99.5/100
	30.2/98.8/99.6
	30.1/100/100
	30.2/99.5/100
	30.0/99.5/99.3
	30.0/99.2/99.3
	30.0/99.1/99.2
	L3G1
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	L3G2
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	30.0/99.9/99.8
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	29.1/100/97.1
	29.9/100/99.6
	29.9/99.9/99.6
	30.2/99.2/100
	30.0/99.9/100
	30.0/100/100
	28.8/99.0/95.3
	30.0/100/100
	17.7/100/58.9
	28.1/99.7/93.4
	L3G3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	L3G4
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	L4G1
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	L4G2
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	30.0/99.9/99.8
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	29.1/100/97.1
	29.9/100/99.6
	29.9/99.9/99.6
	30.2/99.2/100
	30.0/99.9/100
	30.0/100/100
	28.8/99.0/95.3
	30.0/100/100
	17.7/100/58.9
	28.1/99.7/93.4
	L4G3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	L4G4
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.0/100/3.3
	1.1/100/3.6
	1.0/100/3.4
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	30.0/99.9/100
	30.0/100/100
	30.0/0.0/100
	30.0/99.9/100
	30.0/100/100
	30.0/100/100
	30.0/100/100
	TW:term weighting, N:the number of documents retirievedaldocuments, P:precision, R:recall
	documents, we cannot distinguish factor analysis from SVD in terms of precision. When we reduce the number of terms by using the value of global weighting, however, we see the superiority of factor analysis.
	As for the weighting methods, the results indicate that it is effective to select terms based on the value with L4 as the local weighting method. We should emphasize that the latent semantic space based on the combination of factor analysis and G3*L4 can
	4.4 Statistical model selection
	In this experiment, the optimal number of latent semantic factors was seven. This is the same as the number of topics used. This indicates that the obtained latent semantic factors can effectively characterize documents statistically; we can say that the
	Table 2. Optimal number of latent semantic factors and SC
	FN
	5
	6
	7*
	8
	9
	Likelihood
	16924.56
	16074.36
	15217.97
	14463.32
	13784.99
	SC
	19529.03
	19329.83
	19124.53
	19020.98
	18993.73*
	FN: Number of latent semantic factors
	5. Conclusions
	We have proposed a novel statistical approach to simultaneously mapping documents and terms into a latent semantic space. Our method consists of three components: (1) a novel term weighting method, (2) a code model, and (3) a statistical model crit
	Retrieval and classification experiments on a test collection indicated that Our method is superior to (P)LSI. In other words, the axes in a latent semantic space obtained by our method are closer to the general concepts indexed by humans than any othe
	Finally, we introduced a statistical model selection approach based on stochastic complexity (SC) to solve the remaining problem in (P)LSI: the problem of how to determine the number of latent semantic factors. Our experiments showed that the formula
	We thus conclude that our method is a useful document indexing method that not only solves the critical remaining problems in LSI and PLSI but also improves the retrieval performance.
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