
Why LSI? Latent 
Semantic Indexing 
and Information 
Retrieval

By Roger Bradford 
Agilex Technologies, Inc., Chantilly, Virginia

white paper



1Copyright © 2009 Content Analyst Company, LLC. All Rights Reserved.

Two trends dominate information retrieval and analysis in today’s enterprise:  the volume of information is 
dramatically increasing, and the value of that information is growing just as fast.  Modern enterprises must deal 
with terabytes of text, such as email, that often play a significant role in their day-to-day operations.  Even small 
and medium-sized enterprises are dealing with growing volumes of text that require rapid access and meaningful 
analysis.

Conventional technologies for retrieving, organizing, and analyzing all of that information have not evolved as quickly.   
Most information retrieval systems can only deal with words as strings of characters, or keywords, although advanced 
users need tools that can find underlying concepts, not just search for keywords.  It is widely acknowledged that the 
ability to work with text on a semantic basis is essential to modern information retrieval systems.  It is also apparent 
that Latent Semantic Indexing (LSI) is one of the most effective approaches in the field of semantic processing.

Approaches to Semantic Processing
Efforts to incorporate semantic information into text 
processing systems date back nearly half a century.  Over 
the years, designers have followed various approaches to 
integrating  
some degree of semantic processing into their 
information retrieval systems:

»» Auxiliary Structures

»» Local Co-Occurrence Statistics

»» Latent Semantic Indexing

Auxiliary Structures
Controlled vocabularies, or auxiliary structures, such as 
dictionaries and thesauri, allow broader terms, narrower 
terms, and related terms to be incorporated into queries.   
Controlled vocabularies are one way to overcome some of 
the most severe constraints of Boolean free-text keyword 
queries—multiple words that have similar meanings 
(synonymy), and words that have more than one meaning 
(polysemy). Synonymy and polysemy are often the cause 
of mismatches in the vocabulary used by the authors of 
documents and the users of text retrieval systems. 

Over the years, additional auxiliary structures of general 
interest, such as the large synonym sets of Wordnet, 

were constructed. Later approaches implemented 
grammars to expand the range of semantic constructs.  
The most recent trend has been to create data models 
that represent sets of concepts within a domain 
(ontologies), which can incorporate relationships among 
terms.

Controlled vocabularies can contribute to the efficiency 
and comprehensiveness of information retrieval and 
related text analysis operations.   But this approach 
to semantic processing works best when topics are 
narrowly defined and the terminology is standardized.  
It isn’t well-suited to the information retrieval needs of 
most modern enterprises and the growing volumes of 
unstructured data which contain thousands of unique 
terms covering an unlimited number of topics.

Some other drawbacks of using auxiliary structures:

»» Establishing useful controlled vocabularies requires 
lots of human input and oversight.

»» Language rapidly evolves, requiring the constant 
updating of controlled vocabularies.

»» Controlled vocabularies can often represent the 
world view of their creators, introducing a potential 
source for conceptual mismatches.

»» Controlled vocabularies capture a world view at 
a particular point in time.  They can be difficult to 
modify as concepts change in a specific topic area.



2Copyright © 2009 Content Analyst Company, LLC. All Rights Reserved.

Local Co-Occurrence Statistics
Statistical co-occurrence was explored as a means of 
enlarging and sharpening literature searches by several 
researchers  
as early as the late 1950s.   Co-occurrence statistics have 
also been widely used since the 1990s in synonym mining 
and word-to-word translation. 

Information retrieval systems using this method count 
the number of times pairs of terms appear together 
(co-occur) within a sliding window of terms or sentences 
(for example, ±5 sentences or ±50 words) within a 
document.  This approach is simple, but it captures only 
a small portion of the semantic information contained in 
a collection of text.  At the most basic level, numerous 
experiments have shown that only approximately ¼ of 
the information contained in text is local in nature.   In 
addition, to be most effective, this method requires prior 
knowledge about the content of the text, which can be 
difficult with large, unstructured document collections.

As a result, approaches based on counting the local 
co-occurrence of terms are of limited value in most 
applications.

Latent Semantic Indexing
Latent Semantic Indexing is a statistical information 
retrieval method that is capable of retrieving text 
based on the concepts it contains, not just by matching 
specific keywords.  First applied to text at Bell Labs in 
the late 1980s,  it was called LSI because of its ability to 
correlate semantically related terms that are “latent” in a 
collection of text.

LSI uses a term-document matrix to identify the 
occurrence of terms within a set of documents, applies 
term weighting based on term frequencies to reflect the 
fact that some terms are more important than others 
in a body of text, and then performs a Singular Value 
Decomposition (SVD) on the matrix to determine patterns 
in the relationships between the terms and concepts 
used in the documents.  LSI uses a mathematical 
transform technique to reduce the number of dimensions 
in the term space of the matrix to make it more useable 

and efficient.  One consequence of LSI processing is the 
establishment of associations between terms that occur 
in similar contexts.  As  
a result, queries against a set of documents that have 
undergone LSI will return results that are conceptually 
similar in meaning to the query even if they don’t share a 
specific word or words with the query.

LSI has proven to be an optimal solution for a wide 
range of conceptual matching problems.     The 
technique has been shown to capture key relationship 
information, including causal, goal-oriented, and 
taxonomic information.   Several experiments have also 
demonstrated that there are a surprising number of 
correlations between the way LSI and humans process 
and categorize text. 

The theoretical advantages of LSI have been thoroughly 
tested and are supported by experimental results.  
The task of categorizing documents based on their 
conceptual similarities, for example, has demonstrated 
the superiority of LSI over other approaches for 
extracting semantic information from documents.

The Reuters 21578 test for automated document 
categorization has been used worldwide for at least ten 
years as the standard test set for benchmarking various 
approaches to automated document categorization.  
Consisting of 21,578 newswire stories that have been 
categorized by Reuters personnel, the test set includes 
a specification for the test procedure including the 
partitioning of the test set into training and test data, the 
metric to be used for measuring the test results, and the 
technique for calculating the metric values.   The best 
results ever reported for the Reuters 21578 test used LSI 
to categorize the document set.   
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Real World Application
LSI is being used in a variety of information retrieval 
and text processing applications, although its primary 
application has been for conceptual text retrieval and 
automated document categorization.   Below are some 
other ways in which LSI is  
being used:

»» Text summarization 

»» Information discovery 

»» Relationship discovery 

»» Automatic generation of link charts of individuals and 
organizations 

»» Matching technical papers and grants with reviewers 

»» Online customer support 

»» Determining document authorship 

»» Automatic keyword annotation of images 

»» Understanding software source code 

»» Filtering SPAM 

»» Information visualization 

The use of LSI does not require that text be in sentence form.  LSI can deal with lists of names, free-form notes, etc., 
as well as e-mails and blogs.  As long as a term-document matrix can be generated, LSI can work with data in any 
format or language.  LSI also uses no auxiliary structures such as controlled vocabularies—it is completely data-
driven.

LSI automatically adapts to new and changing terminology, and it has been shown to be remarkably tolerant of 
noise (i.e., misspelled words, typographical errors, unreadable characters, etc.).   This is especially important for 
applications using text derived from Optical Character Recognition (OCR) and speech-to-text conversion.  LSI also 
deals effectively with sparse, ambiguous, and contradictory data.

Because LSI uses a strictly mathematical approach, it is inherently independent of language.  It can be used to 
process information in any language—generally any language that can be represented in Unicode.
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Conclusions
There is little argument in the industry that basic 
Boolean and keyword-driven search techniques are being 
rapidly outpaced by both user demands and software 
requirements across a variety of text analytics and 
processing solutions.  Of the various semantic analysis 
technologies in use today, LSI has proven itself to be a 
stable platform offering the greatest application benefit.

Earlier challenges for LSI in terms of scalability and 
required computing horsepower have been addressed 
both by software refinements and the overall computer 
hardware industry.  Today’s servers are well-positioned 
to take advantage of LSI, and the web client architectures 
adopted by companies like Content Analyst lend 
themselves to traditional environments and emerging 
Software as a Service (SaaS) markets.  The wealth 
of applications developed using LSI underscores the 
technology’s tremendous power and flexibility.  The ability 
of LSI to operate without the auxiliary structures needed 
by other semantic techniques (word lists, thesauri, 
etc.) makes it ideally suited for complex analysis of 
unstructured document collections.  Finally, LSI supports 
the creation of very flexible products that can cross 
industries and even languages without costly and lengthy 
development.
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