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cross-validation. The strategy is to remove one document at a time from the collection, and then use the
remaining documents to try to predict the relevance of the missing document. With cross-validation, we
can use nearly all of the collection without biasing the results of the experiment, given a willingness to
adjust the rout ing query to evaluate each document.

Given a set of relevant and non-relevant documents, one must determine the best way to incorporate
this information into the routing query. Rocchio [11] suggests using the difference between the mean of
the relevant and the mean of the non-relevant documents.

where N is the size of the collection, n is the number of relevant documents, and rel and nonrel refer
to relevant and nonrelevant documents respectively. Subsequent research on relevance feedback [4] has
obtained good results using the difference of weighted means to update the original query.

We choose to represent the routing query simply by the mean of the relevant documents for two
reasons. First, previous experiments by the author on this collection have found no evidence that using
non-relevant documents in the query improves performance. Second, if the non-relevant documents
are ignored, cross-validation need only be performed over the relevant documents. Because relevant

documents are such a small fraction of the collection, this substantially reduces the computational cost

of the experiment.

Cross-validation differs from using the mean of the relevant documents as the query only in the

following manner. Each relevant document is compared to the mean of the remaining relevant documents

after excluding the document being examined. Therefore, a relevant document cannot favorably influence

its own performance. The different queries are normalized to have equal length, and documents are ranked

according to their inner product similarity to the routing query. Performance is evaluated using precision

and recall.

In this experiment, we compare the performance of LSI with different numbers of factors to the

traditional vector space model. A number of pre-processing steps are applied to the data. The raw terms

are analyzed using a stemming algorithm and the most frequent function words are removed using a stop

list. The terms in each document are then weighted by a function which has shown good performance in

previous term-weighting experiments by the author:

where $ij is the frequency of term j in document i, lDi I is the length of document i, log # is the

traditional inverse document frequecy (idf) weighting. This weight function strongly resembles the tf-idf

weighting, structure and its variants which have been used frequently in other retrieval experiments [12].

The similarity between the routing queries and the relevant documents is measured by the inner product

of the corresponding weighted query and document vectors.

In order to provide the best match between our LSI solution and the vector-space solution described

earlier, we apply the same weighting scheme to the elements of the term-document matrix before com-

puting the SVD. By matching the weight functions, we insure that the LSI and term-matching solutions

are directly comparable. The SVD is then computed using SVDPACK, a sparse matrix SVD program

written by Michael Berry and available through NETLIB [13]. The routing query for the LSI solution

is chosen to be the average of the relevant documents as represented in LSI space. The similarities are

then computed directly from the LSI representation, using cross-validation to compute the scores for the

relevant documents.

sirn(Q, D) = ~qi * Si * di

i

where qi and di are the weights for the i’th LSI factor for the query and document respectively, and Si is

the i’th diagonal element of the matrix S.

Performance is evaluated using several different strategies. We present scores that are the average

of a 10-pt ( 1070- 100~o) precision-recall curve (avg. pr.curve), the average of precision evaluated at 1-

20 documents retrieved (avg. precision) and the average of recall evaluated at 21-50 documents retrieved

(avg. recall) [14]. These measures represent a number of different retrieval strategies that could be adopted

by the user. The first scoring method is the traditional measure of evaluation in the IR community. The

second method assumes the user is only searching a few documents and is primarily interested in precision.

The third method assumes the user is examining a larger sample of documents and wants to maximize

recall.
Figure 1 shows the results of the first experiment. The values listed are the average of the appropriate

evaluation measure over 219 queries in the Cranfield collection. The six queries with only two relevant
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0509 0.406 0.507 0544 0.556 0567
avg.precision 0.405 0.328 0.403 0.433 0.444 0.451

Figure 1. Performance of LSI and the vector space model

documents are excluded, as cross-validation means that the query would be based on only a single relevant
document, which is not a good demonstration of the routing problem. The performance of LSI is measured
for 40, 80, 120, 160, and 200 factors retained.

The results from Figure 1 suggest that LSI improves performance when at least 100 LSI factors are
included in the model. Performance decreases rapidly as the number of factors drops below that level.
Performance increases gradually but levels off m the number of factors approaches 200. The performance
curve for average recall rises faster, surpassing the vector space model at fewer than 80 factors and levels
off by 120 factors. The best LSI model using 200 factors produces a 570 improvement in performance.

The statistical significance of the differences observed in Figure 1 was judged using the Friedman test
and the two-way ANOVA [14]. All LSI models with 120 factors or more are found to be significantly
better than the vector space model. The Friedman test suggests that 200 factors is better than 120 when
the results are evaluated using the average precision-recall curve, but otherwise no significant differences
are found between using 120, 160, and 200 LSI factors.

These results are fairly consistent with those obtained by Deerwester et al. even though the query-
based retrieval model relies more on query expansion than the routing problem. This is a bit surprising
since query expansion is probably the most significant contribution of the LSI model. For the routing
problem, we already use a significant number of relevant documents in the query, so query expansion
should not be so helpful. Harman [15] suggests that relevance feedback can be improved by selectively
choosing the most important terms to add to the query. Perhaps in the routing problem LSI performs
this term selection process in reverse by eliminating the less important components from the relevant
documents.

In conclusion, LSI does not greatly improve performance over the vector space model for the routing
problem, although the difference is measurable. In the next section, we examine an alternative application
of LSI that can be used in conjunction with statistical classification to obtain a significant improvement
in retrieval performance.

4 An improved model using LSI and statistical classification

In most retrieval models, the system ranks documents according to their inner product similarity with
respect to a query. Most solutions to the routing problem use the same method, although information
from known relevant and non-relevant documents is incorporated into the query construction process.
Ranking documents according to their inner product similarity to a query is equivalent to applying a
one-dimensional linear projection to the document space. A well-constructed query will provide a nice
separation between the relevant and non-relevant documents. In general, there is no a priori reason
to believe that a good linear separation of the relevant documents exists. If only the original query is
available, it is hard to imagine a better method for identifying relevant documents. However, the routing
problem has far more information that can be exploited. In particular, we can take advantage of the
distribution of the relevant documents.

Statistical classification methods are designed to distinguish between groups (relevant and non-
relevant) based on the distribution of the elements (documents) within each group. The general sta-
tistical classification problem can be described as follows. A population consists of two or more groups,
and there exists a training sample for which the class of each element is known and a test sample for
which the class is unknown. The goal is to produce a classification rule which will predict the class of the
unknown elements. The classification rule is generated from the training sample based on a number of
predictor variables that have been measured for both the known and unknown populations. The routing
problem is merely a special case of the classification problem, since there are only two groups, relevant
and nonrelevant.

The challenge comes in producing a good set of predictor variables. If there are too many predictor
variables, the classifier will overfit the training data, which will lead to poor results on the test data.
To give an extreme example, consider using terms as predictor variables. It is likely that every relevant
document in the training sample has one or more unique terms. If one uses these terms to define the
classification rule, then the classifier will perfectly identify the relevant documents in the training sample,
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but it will have no power to discriminate over the test sample.
For the routing problem, there must be significantly fewer predictor variables than relevant documents

before it is possible to obtain good estimates of the parameters in the classification model. Based on

this criterion, terms could not be used as predictor variables for classification. The LSI decomposition

substantially reduces the dimension of document space. But even when the document representation is

based on 100-200 LSI factors, it is very hard to produce a good classification rule for queries with 30 or

fewer relevant documents.

Current methods produce a good classification rule based on a single predictor variable, the inner

product similarity score with respect to the mean. It must be possible to produce a better rule using

two or more predictor variables. A variant of Latent Semantic Indexing can be used to produce these

variables. one could consider using a small subset of the factors from the original LSI solution, but these
variables are based on the distribution of the documents across the entire collection and thus are poorly
suited to distinguish between documents in the local region that contains the majority of the relevant
documents. Therefore, we choose instead to compute a new LSI decomposition based only on the relevant

documents.

In order to obtain the local LSI solution, we apply the singular value decomposition to a matrix

whose rows are the relevant documents and whose columns are the factors of the original LSI matrix

representation. This produces a new set of local LSI factors. We can retain as many local LSI factors

as we wish to have predictor variables. The document scores with respect to each predictor variable are

simply the inner product of the document representation with the corresponding local LSI factor.

One might ask why these newly derived variables should effectively separate the relevant and non-

relevant documents. Each LSI factor is chosen to maximize the variance explained subject to the con-

straint that it must be orthogonal to all previously computed factors. In a sense, we are maximizing the

information about the relevant documents that can be retained in a lower dimensional representation.

The effectiveness of this method is best demonstrated using a picture.

Figure 4 plots the document scores for two local LSI factors taken from the results for the first

query from the Cranfield collection. The large circles are relevant documents while the smaller squares

represent non-relevant documents. The z and y coordinates of the points are the inner product scores

of the document with respect to the first and second local LSI factors. Since these dimensions are not

particularly meaningful for the non-relevant documents, their scores tend to fall in a cluster around the

origin. The relevant documents are much more widely distributed, illustrating how these dimensions

manage to capture the structure of the relevant documents.

For comparison, Figure 5 shows a one-dimensional projection onto the mean of the relevant documents.

The non-relevant documents are replaced by a smooth estimate of their density function to improve the

clarity of the picture. It is also relatively successful at separating the relevant and non-relevant documents,

although the separation is not as clean as the two-dimensional representation in Figure 4.

The local LSI method has an increased cost because a separate SVD be computed for each query.

However, the SVD is only being applied to the relevant documents, which means that the matrix is

far smaller than the one used in the initial LSI decomposition. In addition, since documents are being

represented in LSI space, the matrix haa at most a few hundred columns. For a matrix of this size,

the first few singular vectors that are required can be computed in only a few CPU seconds. However,

a similarity score must now be computed for each factor of the new projection, which multiplies the

compute time and the storage requirement by the number of local LSI factors. We now describe how
statistical classification is used to identify the relevant documents.

Discriminant analysis [16] is a commonly used statistical classification technique. Essentially, it char-
acterizes each population by its estimated mean vector and covariance matrix measured over the known
observations. Each unknown observation is classified into the group with the nearest mean vector, scaled
for the shape of the covariance matrix. For observation vectors z~ and groups g; with n; known members,
the mean vector ii and covariance matrix S’i are defined as:

An unknown observation
lanobis distance metric:

x is classified into the group with the nearest mean vector based on the Maha-

dist(x) = (z – Zi)’S,:l(~ – ii)

In the case of text-based retrieval, we are less interested in classifying a document as relevant or

non-relevant than with ranking all the documents in terms of their probability of relevance. This can be

accomplished by assigning each document a score as follows:

)“score(~P) = dist(zP, ZrC{ — dist(~p, ~~~e{ )
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Documents are ranked in increasing order of their scores, which reflect their relative likelihood of be-
longing to the relevant population. For convenience, we will refer to this method as TDA, for text-based
discriminant analysis. Note that any other method of classification could be substituted at the this point,
such as classification trees or neural networks.

5 Testing the performance of TDA

We return to the Cranfield collection to obtain an objective evaluation of the performance of TDA. Cross-

validation [16] will again be used to obtain unbiased estimates of the scores of the relevant documents.

The initial experiment will compare the VSM and LSI with 200 factors to a TDA model using two local

LSI factors.

Figure 2. Performance of TDA vs. LSI and the vector space model

The results of this experiment are presented in Figure 2. When evaluation is based on average precision

at fixed recall, TDA combined with local LSI achieves more than three times the amount of improvement

as was attained by using LSI instead of the VSM. Precision averaged over documents retained yields
similar performance. Recall averaged over documents retained shows a much smaller improvement for
TDA. The differences for the first two measures are statistically significant according to both an ANOVA
and the Friedman test. The difference in average recall is only significant for the Friedman test. This
discrepancy indicates that TDA is performing worse than LSI for a small number of queries, but better
for most of the remaining queries.

We repeated the experiment using three, four, and five local LSI factors with TDA. The results,
broken down by the number of relevant documents in the query, are presented in Figure 3. The local LSI
decomposition cannot produce more dimensions than there are relevant documents. Since cross-validation
removes one relevant document, there must be more relevant documents than local LSI factors to obtain
a valid solution. In addition, when the number of dimensions selected approaches the number of relevant
documents, there is overfitting to the training data.
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LSI TDA2 TDA3 TDA4 TDA.5

0.568 0.363 NA NA NA

0.665 0.754 0.465 NA NA

0.560 0.854 0.693 0.433 NA

0.485 0.853 0.795 0.642 0.463

0.631 0.877 0.906 0.843 0.693

0.606 0.852 0.908 0.928 0.894

0.515 0.747 0.811 0.855 0.880

Figure 3. Precision averaged at 10~o-100~0 recall, broken down by number of relevant documents

Figure 3 demonstrates that performance continues to improve as additional factors are added to the
model} provided that the number of dimensions is less than half the number of relevant documents. How-
ever, the improvement becomes less and less significant as more dimensions are added. If both a training
and test set are available, one can estimate the optimal number of local LSI factors using cross-validation
over the training set. The final results come as no surprise. TDA makes use of much more information
from the sample of relevant documents than is contained in a simple one dimensional projection such as
the vector mean. More information in the model translates directly into better performance.

6 Conclusions and directions for future work

The vector space model has long been used as a basic framework for developing new retrieval methods. It
is difficult to devise a retrieval strategy that performs better with an equivalent amount of computation.
However, the vector space model has some significant problems. It assumes that terms are independent
and thus ignores term associations. Latent Semantic Indexing addresses this problem by re-expressing the
term-document matrix in a new coordinate system designed to capture the most significant components
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of the term association structure. Experiments run on the (3anfield collection demonstrate that LSI can

improve retrieval performance for the routing problem if enough LSI factors are included in the analysis.

However, the small performance gains measured may not justify the additional computing and storage

costs associated with constructing and maintaining the LSI factors.

However, the LSI solution only needs to be as good as the VSM in order to useful as a component of

the TDA model. When we apply the SVD again to the matrix of relevant documents, we can obtain a

projection of the documents into a small number of local LSI factors that nicely separates the relevant

and non-relevant documents. When this document space is analyzed using discriminant analysis, retrieval

performance improves significantly. Performance continues to improve when more factors are added to

the model, as long as there are more than twice as many relevant documents as factors.

TDA does take considerably more time to compute than the vector space model. Even so, TDA is still

much faster than many of the alternative strategies for incorporating term associations into the retrieval

model such as current applications of neural networks [7, 17] or the generalized vector space model [18],

since it is applied to such a low dimensional subspace. In addition, time is a much less important issue

for the routing problem. Of course, the SVD of the term-document matrix must also be computed,

but this need only be done once, prior to constructing any routing queries. Future research will extend

this strategy to query-based information retrieval, for which far less information is available. Although

TDA cannot be applied without a set of known relevant documents, one can envision a form of relevance

feedback based on TDA that has the potential to substantially improve performance.
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