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Abstract
The purpose of this research was to examine the application of the 
Latent Semantic Indexing (LSI) algorithm to the categorization of Optical 
Character Recognition (OCR) -generated documents (or text). LSI is a robust 
dimensionality reduction technique for the processing of textual data. The 
technique can be applied to collections of documents independent of subject 
matter or language. Given a collection of documents, LSI indexing can be 
employed to create a vector space in which both the documents and their 
constituent terms can be represented. In practice, vector spaces of several 
hundred dimensions are typically employed. The resulting vector space 
possesses some unique properties that make it well suited to a range of 
information-processing problems. Of particular interest to the document 
conversion community is the fact that the technique is highly resistant to 
noise in text that is generated by the OCR conversion process. 

Noise in OCR-generated documents nominally takes the form of missing 
characters or improperly interpreted characters that result in word 
misspellings. Normally, human operators are employed to perform corrective 
post processing of noisy OCR-generated text prior to categorization or 
other document workflow processes that require highly accurate text (e.g., 
Boolean searches). A technology such as LSI that could eliminate human 
review and editing of OCR-generated text, while maintaining highly accurate 
categorization  or information retrieval rates, would result in a dramatic 
increase in workflow throughput with substantial labor savings.  
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Introduction
Previous work [1] has demonstrated the high performance of Latent Semantic Indexing (LSI) [5] on the Reuters-21578 
[9] test set. In this paper, we have examined the ability of LSI to categorize documents that contain corrupted or 
noisy text (e.g., misspellings, transliterations differences, OCR errors).  In an earlier case study for a U.S. Intelligence 
Agency related to a pending FOIA release, utilizing documents derived via OCR, indicated the LSI technology could 
possibly provide good retrieval performance on OCR-generated text.  Attempts at using other technologies to examine 
the document set for potential “mosaic effect” connections had failed.

A key feature of LSI that makes it attractive for categorizing noisy text is its capability of automatically extracting 
the conceptual content of text items [5, 6]. With knowledge of their content, these items then can be treated in an 
intelligent manner. For example, documents can be routed to individuals based on their job responsibilities.  Similarly, 
e-mails (or documents with noisy text) can be filtered accurately.  Information retrieval operations can be carried 
out based on the conceptual content of documents, not on the specific words that they contain (or variants thereof 
generated by noise sources, e.g., OCR). Of particular note is that the LSI algorithm does not employ any auxiliary data 
structures as part of its processing (e.g., thesauri, grammars, taxonomies or ontologies). 

Discussion
Numerous pattern-matching technologies have been 
studied and applied towards finding relevant search 
patterns in noisy text [2,4]. If the image conversion 
process is poor (i.e., originals are of poor quality) and the 
characteristics of the OCR engine are well understood, a 
model of the overall conversion process can be created 
and employed to train a pattern-matching engine for 
searching the OCR text. Such models are too expensive 
and time consuming to produce in practice.  If the image 
conversion process is relatively clean (i.e., originals 
are of good quality, image enhancement software and 
production quality scanning equipment is used), then 
pattern-matching technologies may be able to overcome 
some inconsistencies in the OCR text and achieve some 
reasonable confidence in the precision/recall of the search 
results. Often the real world is somewhere in between 
[11].

This problem is also very akin to the conversion of text 
from speech and subsequent retrieval of the text by 
search [3]. Techniques described in this paper are also 
applicable to this domain.

Approach
To formally examine the robustness of the LSI algorithm 
under conditions of noisy text, a categorization-style 
testing approach was selected since the authors had 
previous experience testing the LSI algorithm using 
this mode of operation. The Reuters categorization test 
sets were selected due to their availability and active 
use in other categorization testing efforts by other 
researchers. The Reuters categorization test sets come 
in two versions (Reuters-21578 [9] and Reuters RCV1-V2 
[10]) and consist of document training and document 
test sets. The training set provides a knowledge base 
to train the algorithm undergoing examination and the 
test documents are used in evaluating the categorization 
accuracy of the subject algorithm. In the case of the LSI 
algorithm, the training documents were employed to 
train the LSI vector space. The makeup of the Reuter’s 
corpuses is discussed in the following section. 

In the case of LSI, the training documents are used to 
create a matrix that relates the documents and the words 
that occur in them.  The rows of the matrix correspond 
to terms that occur in the documents.  The columns 
correspond to individual documents.  The number 
entered in the ith row and jth column of the matrix 
corresponds to the number of times that the ith term 
appears in the jth document. The matrix produced in 
this manner can be very large.  In practical applications, 
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it can involve hundreds of thousands of terms and even 
larger numbers of documents.  Fortunately, the matrix is 
very sparse and is amenable to dimensionality reduction.

A powerful mathematical technique, known as singular 
value decomposition (SVD), is used to reduce this matrix 
to a product of three matrices. One of these matrices 
has non-zero values only on the diagonal.  Small values 
on this diagonal, and their corresponding rows and 
columns in the other two matrices are then deleted.  
This truncation process generates a matrix of greatly 
reduced dimensionality.  For any given dimensionality, 
this technique can be shown to produce an optimal 
approximation of the original matrix.  The columns 
of the associated matrices can be used to create a 
vector space in which both terms and documents are 
represented. The dimensionality of this vector space 
can be chosen to work well in a particular application.  
Typically, LSI spaces with a dimensionality of several 
hundred are employed.  The dimensionality reduction has 
the effect of extracting semantic information that is latent 
in the processed text, hence the name latent semantic 
indexing. In some cases unlabeled background data is 
used to enhance the knowledge base of the training set 
[7]. This approach was not utilized in this work.

To test the robustness of LSI in conditions of increasing 
document degradation, a procedure was developed that 
degraded percentages of text in the test documents by 
inserting, deleting and substituting characters randomly 
at specified error rates based on experience with 
numerous OCR engines and OCR degradation models 
published in the literature [4]. In our model, for any 
given document, 66 percent of the errors were random 
alphanumeric substitutions, 17 percent were deletions, 
12 percent were insertions of random alphanumeric 
characters and 5 percent were random insertions of 
spaces.  Although true OCR errors are more systematic, 
the intent here was to show to what extent the text of 
the documents could be degraded and still retain useful 
categorization results. Appendix A illustrates the impact 
of the degradation algorithm on one test document at 
various stages of degradation. 

The collections of degraded test documents were then 
presented to the LSI algorithm for categorization and the 
accuracy results recorded.

Test Corpus and Performance 
Measures
To understand the performance of LSI on degraded text, 
the ModApte version of the Reuters-21578 test set [9] 
was utilized. A second test using the larger, more recent 
RCV1-V2 test set was also performed to examine the 
impacts of a larger training set and much larger test set.

 The ModApte version has been used in a wide number 
of studies [8] due to the fact that unlabeled documents 
have been eliminated and categories have at least one 
document in the training set and the test set. We followed 
the ModApte split defined in the Reuters-21578 data 
set in which 71% of the articles (6552 articles) are used 
as labeled training documents and 29% of the articles 
(2581 articles) are used to test the accuracy of category 
assignments. 

The larger Reuters RCV1-V2 [10] consists of 804,414 
documents broken up into 23,149 training documents and 
781,265 test documents. We employed the Topic category 
orientation of the test set, which consists of 103 Topic 
categories.

For evaluating the effectiveness of category assignments 
to documents by LSI, we adopted the break-even point (the 
arithmetic average of precision and recall) as reported in 
[12], and the total (“micro-averaged”) precision P and recall 
R (defined in [13]).
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Results
The categorization accuracy of LSI on the Reuters-21578 
test set was reported in detail in [1]. Figure 1 shows the 
performance of the LSI algorithm on the Reuters-21578 
test set with regards to categorization accuracy for 
various percentages of document degradation. As can be 
observed in Figure 1, the categorization accuracy falls off 
at a very slow rate for an introduced character error rate 
of 0 to 30 percent.

To compare results across the two Reuters data sets, the 
authors plotted baseline categorization accuracy versus 
the degradation levels of the degraded text.  Figure 2 
(Reuters-21578) and Figure 3 (Reuters RCV1-V2) show 
the plots of the overall categorization accuracy compared 
to the baseline versus the introduced character-error 
rate.

It is interesting to note that the two curves are very 
similar up to an introduced character-error rate 
of 15 percent. Examination of Figure 3 revealed an 
interesting artifact in the Reuters RCV1-V2 curve. After 
an introduced character-error rate of 15 percent, the 
curve for the Reuters RCV1-V2 test set falls off much 
faster than the curve for the Reuters-21578 test set. As 
noted previously, the Reuters RCV1-V2 test set contains 
718,265 test documents versus 2,581 test documents 
for the Reuters-21578 test set. One explanation for the 
differences (and of continuing author investigation) is 
the larger number of new unique word combinations 
generated by degrading the RCV1-V2. There is a 33:1 
ratio for the number of test documents versus training 
documents in the Reuters RCV1-V2 document set. This 
same ratio is 2.5:1 for the Reuters-21578 document 
collection (ModApte variation). It could be possible that 
a larger training set (than the one supplied with the 
RCV1-V2 test collection) is required at higher levels of 
document degradation.

Figures 4 and 5 show plots of the baseline categorization 
accuracy versus the percentage of corrupted words. The 
interest in these plots stemmed from the observation that 
at a 20% introduced character-error rate, roughly three-
quarters of the words in a test document are corrupted. It 
can be observed that the LSI algorithm maintains a very 

Figure 1. Reuters-21578 document categorization accuracy 
versus introduced character-error rate.
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Figure 2. Reuters-21578 categorization accuracy compared 
to baseline versus introduced character-error rate.
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Figure 3. Reuters RCV1-V2 categorization accuracy com-
pared to baseline versus introduced character-error rate.
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flat curve out to a point where approximately 60% of the 
words are corrupted in a test document.

To the authors’ knowledge, this level of information 
retrieval on noisy text has never been achieved using 
other technologies and is worthy of further investigation. 
Further examination of Figures 4 and 5 also shows the 
more rapid falloff at the tail of the curve between the two 
document collections as observed in Figures 2 and 3.

Conclusions
The authors find these results very encouraging. 
The evidence that the accuracy of the LSI algorithm 
falls off very slowly in categorization testing, even at 
high levels of text errors, indicates LSI could be an 
excellent solution to the general indexing of noisy 
text. In most applications where OCR text is targeted 
for information retrieval, the text conversion process 
most often requires a human-in-the-loop to either 
(1) extract document meta data which is indexed 
(rather than the OCR text) or (2) read the OCR text and 
provide human-intensive review and correction prior 
to full-text indexing. The results of this study indicate 
that reasonably accurate OCR conversion processes 
combined with LSI indexing could eliminate the human 
review process normally associated with the indexing of 
OCR text.

Future research will address the application of LSI in 
other areas, e.g., indexing of machine readable text as a 
result of speech-to-text conversion, the use of LSI-based 
text summarization of noisy text to replace human-
generated meta data, and the potential of using LSI to 
mitigate the effects of noisy data on machine translation 
systems.
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Figure 4. Reuters-21578 categorization accuracy compared 
to baseline versus the percentage of words corrupted.
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Figure 5. Reuters RCV1-V2 categorization accuracy com-
pared to baseline versus the percentage of words corrupted.
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Appendix A
China wheat purchases reach 80 pct of 1996 target. 
China’s total state purchases of wheat reached 18.53 
million tonnes by the end of August, accounting for 
80.26 percent of the target for 1996, the official People’s 
Daily said on Sunday. Of the total, purchases of wheat at 
state-fixed prices were 13.11 million tonnes, more than 
90 percent of the year’s target, the newspaper said. The 
state also buys at market prices. The state bought 1.95 
million tonnes of rapeseed, fulfilling 66.21 percent of 
state plans, it said.China’s grain output was expected to 
be a record 475 million tonnes in 1996, the Xinhua news 
agency said on Sunday.

Figure A-1. Sample document with no errors.

hina wheat purchases reach8O pct of 1996 target.ChinB’s 
total stae purchaWes of wheat reached 18.53 BilliOn 
tonnes by the 6nd of August, accountingMfo  8.26 percent 
of th target for 1e96, the officiZl People’s Daily said on 
Sunday.Of the total, purchases of wheatam statO-fixed 
prices were 13.11 million tonnes, more than 90 percent 
of the year’s target, the newspapeV said. vZe stateBalso 
buysMat mapket prices.The ytate bXught 1.95 million 
tonnes of rapeseed, fulfi7li0g 66.21 phrcent of state 
plans, it said.ChinI’s grain output wGs expected to be a 
record 45 million tonnes in 1996, th3 Xinhua news agency 
said on Sunday.

Figure A-2. Sample document with 5% errors.

Wina wheat purchases reach 80ZpctvoQ 1996 target.
hina’s totVl state purchases4of whHat reayheP Y8.53 
milfio7 tNnnes bx theMendFofU guPt, accouting 
loXU80.26 percFnt of ths t3rgetdfor 1996,3the official 
stopleesMDaol6 said6on Sunday.Of the total, purchases 
of wReat at state-fixejIprices wer2 13.11 mi3lYon 
tonnes,more uhan 90wp4rcentFof th0 yealE3 tajgep, thl 
nespapsGd ip Thv state alfo iuys at Tarket RricjsUT0e 
state boGght 1.95 millMon tons of rpese d, fulpilling 66.21 
per enteof state plans,Sit snia.C ina1s graiT ogtput was 
exGecUed to be a record 47Hmil Won tonnFs in Q996, 
thedXinhuP nwws ageBcy0said on unfaM.

Figure A-3. Sample document with 15% errors.

CHinKwhet pGrcreM reacv 80 p SPmav996 taretoChinyY 
yo4aj dwatr purchaleUOof wheHt r1IhGe o8.5k 
miTion tonnes bh the Pnd of A g0st, ac0ubtzn5pf1q 
J .g6bpXr8e2tUfqthestarget for 1N96, tueo8iKCaA 
PeopleOsqVaily sacd Pn ScndayfOflth stota0t Curchases 
lf wPeam pw hD t7Gfxew LricsVwere 16.11 mtlyuoo tnn0, 
moLe than90 AOre8t of the yead’shtargzt, the newPla0er 
sbso The stxtK alsp buysdat by et  Hivq.ThB ptctV 
bouAhtr1.9V million t4nnesof rmp9sQeu,kfulfpllin  06P21 
perOxnt ol s at YlkGs, 0t saidOChYnaes grain 61put wQs 
eApected tocbeYo record L5 millionbqoPnes e f9968 the 
XQnhua nFls ageOy sai4 on SundayjFigure A-4. Sample 
Figure

Figure A-4. Sample document with 30% errors.


