


2   Term Document Matrix 
A term/document matrix is a matrix composed of 
columns of documents and rows of the terms that 
occur in each of the documents. Figure 1 is the 
term/document matrix generated as a result of the 
following three-document set (These short 
examples are for illustrative purposes only). 
 
Document 1: After the first day I felt a spring in my 
step. 
Document 2: The first day of Spring was a beautiful 
day. 
Document 3: When she first comes in, spring up 
and shout, “Surprise!” 
      Preprocessing of these three documents 
included removing the punctuation (we did not 
remove the “stop words” because of the length of 
the examples). 
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T1 after 0.09 0 0 
T2 the 0.09 0.11 0 
T3 first 0.09 0.11 0.1 
T4 day 0.09 0.22 0 
T5 I 0.09 0 0 
T6 felt 0.09 0 0 
T7 a 0.09 0.11 0 
T8 spring 0.09 0.11 0.1 
T9 in 0.09 0 0.1 
T10 my 0.09 0 0 
T11 step 0.09 0 0 
T12 of 0 0.11 0 
T13 was 0 0.11 0 
T14 beautiful 0 0.11 0 
T15 when 0 0 0.1 
T16 she 0 0 0.1 
T17 comes 0 0 0.1 
T18 up 0 0 0.1 
T19 and 0 0 0.1 
T20 shout 0 0 0.1 
T21 surprise 0 0 0.1 
  0.99 0.99 1 

Fig. 1 The term-document matrix generated from the 
three example sentences.  The numerical cell values are 
scaled frequencies of words within documents.  The last 
row is the sum of the scaled frequencies. 
 
     The tagset from the Wall Street Journal Penn 
Treebank corpus is given in Table 1. Words that are 
very common, known as “stop words” are usually 

excluded from the matrix (e. g. see Table 2). The 
value in each cell of the matrix is the scaled 
frequency of the term in the document. To reduce 
the cost of query comparisons, the singular value 
decomposition is truncated after an a priori limited 
number of matrix entries (typically about 100).  
From this truncated matrix we extract the most 
significant 100 orthogonal factors from which the 
original matrix can be approximated by linear 
combination [4].   
     After this reduction, a vector of factor weights 
represents each document. The number of items in 
each vector equals the number of factors into which 
the original matrix was decomposed (100 in the 
above discussion). Queries are represented in a 
manner similar to documents. Query vectors are 
built from the scaled combination of the terms 
within the query. 
 
Table 1.  The tagset from the Wall Street Journal Penn 
Treebank corpus 
Tag  Description  Examples  

$  dollar  $ -$ --$ A$ C$ HK$ M$ 
NZ$ S$ U.S.$ US$  

``  
opening 
quotation 
mark  

` ``  

''  
closing 
quotation 
mark  

' ''  

(  opening 
parenthesis  ( [ {  

)  closing 
parenthesis  ) ] }  

,  comma  ,  
--  dash  --  

.  sentence 
terminator  . ! ?  

:  colon or 
ellipsis  : ; ...  

CC  conjunction, 
coordinating  

& 'n and both but either 
et for less minus neither 
nor or plus so therefore 
times v. versus vs. 
whether yet  

CD  numeral, 
cardinal  

mid-1890 nine-thirty 
forty-two one-tenth ten 
million 0.5 one forty-
seven 1987 twenty '79 
zero two 78-degrees 
eighty-four IX '60s .025 
fifteen 271,124 dozen 
quintillion DM2,000 ...  

DT  determiner  all an another any both 



del each either every half 
la many much nary 
neither no some such 
that the them these this 
those  

EX  existential 
there  There  

FW  foreign word 

gemeinschaft hund ich 
jeux habeas Haementeria 
Herr K'ang-si vous 
lutihaw alai je jour 
objets salutaris fille 
quibusdam pas trop 
Monte terram fiche oui 
corporis ...  

IN  

preposition 
or 
conjunction, 
subordinating 

astride among upon 
whether out inside pro 
despite on by throughout 
below within for towards 
near behind atop around 
if like until below next 
into if beside ...  

JJ  
adjective or 
numeral, 
ordinal  

third ill-mannered pre-
war regrettable oiled 
calamitous first 
separable ectoplasmic 
battery-powered 
participatory fourth still-
to- 
be-named multilingual 
multi-disciplinary ...  

JJR  adjective, 
comparative  

Bleaker braver breezier 
briefer brighter brisker 
broader bumper busier 
calmer cheaper choosier 
cleaner clearer closer 
colder commoner 
costlier cozier creamier 
crunchier cuter ...  

JJS  adjective, 
superlative  

calmest cheapest 
choicest classiest 
cleanest clearest closest 
commonest corniest 
costliest crassest 
creepiest crudest cutest 
darkest deadliest dearest 
deepest densest dinkiest 
...  

LS  list item 
marker  

A A. B B. C C. D E F 
First G H I J K One SP-
44001 SP-44002 SP-
44005 SP-44007 Second 
Third Three Two \* a b c 
d first five four one six 
three two  

MD  modal 
auxiliary  

can cannot could 
couldn't dare may might 

must need ought shall 
should shouldn't will 
would  

NN  

noun, 
common, 
singular or 
mass  

common-carrier cabbage 
knuckle-duster Casino 
afghan shed thermostat 
investment slide humour 
falloff slick wind hyena 
override subhumanity 
machinist ...  

NNP  noun, proper, 
singular  

Motown Venneboerger 
Czestochwa Ranzer 
Conchita Trumplane 
Christos Oceanside 
Escobar Kreisler Sawyer 
Cougar Yvette Ervin 
ODI Darryl CTCA 
Shannon A.K.C. Meltex 
Liverpool ...  

NNPS  noun, proper, 
plural  

Americans Americas 
Amharas Amityvilles 
Amusements Anarcho-
Syndicalists Andalusians 
Andes Andruses Angels 
Animals Anthony 
Antilles Antiques 
Apache Apaches 
Apocrypha ...  

NNS  
noun, 
common, 
plural  

undergraduates scotches 
bric-a-brac products 
bodyguards facets coasts 
divestitures storehouses 
designs clubs fragrances 
averages subjectivists 
apprehensions muses 
factory-jobs ...  

PDT  pre-
determiner  

all both half many quite 
such sure this  

POS  genitive 
marker  ' 's  

PRP  pronoun, 
personal  

hers herself him himself 
hisself it itself me myself 
one oneself ours 
ourselves ownself self 
she thee theirs them 
themselves they thou thy 
us  

PRP$  pronoun, 
possessive  

her his mine my our ours 
their thy your  

RB  adverb  

occasionally unabatingly 
maddeningly 
adventurously 
professedly stirringly 
prominently 
technologically 
magisterially 
predominately swiftly 



fiscally pitilessly ...  

RBR  adverb, 
comparative  

further gloomier grander 
graver greater grimmer 
harder harsher healthier 
heavier higher however 
larger later leaner 
lengthier less-perfectly 
lesser lonelier longer 
louder lower more ...  

RBS  adverb, 
superlative  

best biggest bluntest 
earliest farthest first 
furthest hardest heartiest 
highest largest least less 
most nearest second 
tightest worst  

RP  particle  

aboard about across 
along apart around aside 
at away back before 
behind by crop down 
ever fast for forth from 
go high i.e. in into just 
later low more off on 
open out over per pie 
raising start teeth that 
through under unto up 
up-pp upon whole with 
you  

SYM  symbol  
% & ' '' ''. ) ). * + ,. < = > 
@ A[fj] U.S U.S.S.R \* 
\*\* \*\*\*  

TO  

"to" as 
preposition 
or infinitive 
marker  

to 

UH  interjection 

Goodbye Goody Gosh 
Wow Jeepers Jee-sus 
Hubba Hey Kee-reist 
Oops amen huh howdy 
uh dammit whammo 
shucks heck anyways 
whodunnit honey golly 
man baby diddle hush 
sonuvabitch ...  

VB  verb, base 
form  

ask assemble assess 
assign assume atone 
attention avoid bake 
balkanize bank begin 
behold believe bend 
benefit bevel beware 
bless boil bomb boost 
brace break bring broil 
brush build ...  

VBD  verb, past 
tense  

dipped pleaded swiped 
regummed soaked tidied 
convened halted 
registered cushioned 
exacted snubbed strode 

aimed adopted belied 
figgered speculated wore 
appreciated 
contemplated ...  

VBG  
verb, present 
participle or 
gerund  

telegraphing stirring 
focusing angering 
judging stalling lactating 
hankerin' alleging 
veering capping 
approaching traveling 
besieging encrypting 
interrupting erasing 
wincing ...  

VBN  verb, past 
participle  

multihulled dilapidated 
aerosolized chaired 
languished panelized 
used experimented 
flourished imitated 
reunifed factored 
condensed sheared 
unsettled primed dubbed 
desired ...  

VBP  

verb, present 
tense, not 3rd 
person 
singular  

predominate wrap resort 
sue twist spill cure 
lengthen brush terminate 
appear tend stray glisten 
obtain comprise detest 
tease attract emphasize 
mold postpone sever 
return wag ...  

VBZ  

verb, present 
tense, 3rd 
person 
singular  

bases reconstructs marks 
mixes displeases seals 
carps weaves snatches 
slumps stretches 
authorizes smolders 
pictures emerges 
stockpiles seduces fizzes 
uses bolsters slaps 
speaks pleads ...  

WDT  WH-
determiner  

that what whatever 
which whichever  

WP  WH-pronoun  
that what whatever 
whatsoever which who 
whom whosoever  

WP$  
WH-
pronoun, 
possessive  

whose  

WRB  Wh-adverb  

how however whence 
whenever where 
whereby whereever 
wherein whereof why  

 
 
 
 
 
 



Table 2.  Some examples of common “stop words” 
 

the  or with at that 
be as by for and 
from under such there of 
other whether also than which 
now where these when we 
an to but upon then 
if is it can this 

 
 
3   The Parts of Speech Tagger 
POS taggers have been available for use since 1963 
beginning with the seminal work of Klein and 
Simmons. We use Eric Brill’s POS tagger [1, 2, 3]. 
A POS tagger defines syntactic categories such as 
noun, verb, etc. and then associates a category with 
each word in a document.   
     Before a document may be tagged with Brill’s 
tagger, the tagger must be trained.  In the training 
phase of Brill’s tagger, the tagger fills in a set of 
rule templates that define how to apply POS tags.  
Hence, Brill’s tagger is a rule-based artificially 
intelligence algorithm. These rule templates may be 
provided a priori [1, 2] (Table 3), or learned from 
an untagged corpus together with a dictionary [3].   
 
     Table 3.  Rule templates from the Brill tagger 

Change tag a to tag b when: 
The preceding (following) word is tagged z. 
The word two before (after) is tagged z. 
One of the two preceding (following) words is 
tagged z.  
One of the three preceding (following) words is 
tagged z. 
The preceding word is tagged z and the following 
word is tagged w. 
The preceding (following) word is tagged z and 
the word two before (after) is tagged w. 
The preceding (following) word is q. 
The word two before (after) is q. 
One of the two preceding (following) words is q. 
The current word is q and the preceding 
(following) word is k. 
The current word is q and the preceding 
(following) word is tagged z. 
where a, b, z, and w are variables over the set of 
parts of speech and q and k are variables over all 
words in the training corpus. 

 
     The algorithms used in the Brill tagger with rule 
templates are based on comparison of the results of 
each pass of the tagger to the most common tag for a 
word in the training corpus. The tagger generates a 
list of tag errors by counting the number of times a 
word was tagged with tag A when it should have 

been tagged with tag B as indicated by the most 
common tag assigned to the word in the training 
corpus. The tagger calculates the net improvement of 
applying each rule template in the rule template set 
to each error in the list. The rule that results in the 
greatest net improvement is added to the rule set.  
This process continues until the net improvement 
from acquiring and applying new rules falls below a 
pre-set threshold [2]. To tag a sentence with the 
trained tagger, the sentence is first tagged with the 
start-state tagger and then each of the rules are 
applied in order. (We do not use the learning tagger.) 
     The Brill tagger begins by making an initial guess 
at the part of speech for each word as determined by 
examination of a large manually tagged corpus 
(Context is not considered in assigning this first tag).  
We use the Wall Street Journal Penn Treebank 
Corpus (When the tagged corpus does not include a 
word, the word is first tagged as a noun [2]. When a 
tagged corpus is available, the decision as to when a 
rule should be applied is based on decreasing the 
error-rate as compared to the tagged corpus (Brill, 
1992). When no manually tagged standard is 
available, the procedure is: 

 
1. Each word in the training set is tagged 
with all tags allowed for that word, as 
indicated in the dictionary. 
2. Tags are altered by applying previously 
learned transformations. 

 
Consider the transformation: 
Change the tag of a word from X to Y in context C. 

 
This transformation is scored as follows: Where Y Є 
X for each tag Z Є X, Z ≠ Y compute freq(Y)/freq(Z) 
* incontext(Z,C) where freq(Y) is the number of 
occurrences of words unambiguously tagged with 
tag Y in the corpus, freq(Z) is the number or 
occurrences of words unambiguously tagged with 
tag Z in the corpus, and incontext(Z,C) is the number 
of times a word unambiguously tagged with tag Z 
occurs in context C in the training corpus.  

 
Let R = argmaxZ freq(Y)/freq(Z) *incontext(Z,C). 

 
Then the score for the transformation Change the tag 
of a word from X to Y in context C is  

 
incontext(Y,C) – freq(Y)/freq(R) * incontext(R,C). 

 
We use a Windows port of Eric Brill's tagger 
(version 1.14). The port to Windows was performed 
by Sina Ghadirian and is available at 
http://www.readingenglish.net/software.  

http://www.readingenglish.net/software


4   Formatting Tools 
We developed a set of utilities using Python to assist 
in formatting and processing the text. The first adds 
whitespace around all symbols in a text. This 
formatting is required for the Brill tagger to properly 
process text.  The second takes as input a corpus that 
includes multiple possible tags for each word and 
generates as output the corpus with each possible tag 
for a word appended to a separate copy of the word. 
The code for these utilities is available upon request. 

 
 

5   Latent Semantic Analysis 
The Infomap software (which was made available in 
2004 by the Computational Semantics Laboratory at 
Stanford University) was used to perform the latent 
semantic analysis. Infomap is a freely available 
software program (http://infomap.stanford.edu). This 
software builds term-by-document matrices, 
performs single value decomposition (SVD) on 
those matrices, and runs queries against those 
matrices. Various other programs and more detailed 
information is available at the site noted above. 
     LSA begins with a large, sparse, term-by-
document matrix containing scaled word frequencies 
computed from a document library (see Table 2 for a 
brief example). SVD is performed on this matrix to 
generate a set of orthogonal factors from which the 
original matrix can be approximated by linear 
combination.  
     Each of these orthogonal factors represents a 
dimension of similarity among the terms and 
documents of the original library. Thus it is possible 
to construct a vector of factor weights to 
approximately represent a document from the 
library. Furthermore, a vector may be constructed to 
represent any subset of the terms that were included 
in original library. In constructing the vector the 
factors are scaled appropriately to accurately 
represent the terms of the document or query.   
     To find documents similar to a query, a vector is 
constructed from the terms of the query and 
compared to the vectors of all documents in the 
library. The documents whose vectors most closely 
match the query vector are returned as possible 
matches. Note that the match is not based on the 
query and documents containing the same terms, but 
rather on the query and documents containing 
similar weighting factors. We consider each 
principal component vector as an abstraction of a 
concept or idea that is represented in the original 
document library. Hence a document’s vector 
represents a combination of one or more of these 
concepts (i.e. a semantic entity). LSA provides a 

handle to search a document library without direct 
text matching. 

 
 

6   Procedure 
On both the BrillWindows and Infomap software 
websites (noted above) documentation describing 
installation and use is included. For our textual 
library, we utilized news documents from 
www.cnn.com.  Specifically, we ran two searches on 
www.cnn.com.  First we searched for “china 2000”.  
The results of this search were sorted by relevance.  
News documents were chosen from the year 2000  
(No specific criteria were used in selecting 
documents other than that they listed the year 2000 
as the publication date). We only included one 
document per newsworthy event. The text of the 
selected documents was copied and all formatting 
and graphics removed.   
     We then repeated the process using “russia 2000” 
as our search criteria. Again, results were sorted by 
relevance, documents were chosen from 2000, and 
we avoided selecting multiple documents dealing 
with the same topic.   
     Ten documents were selected from the china 
search and ten documents were selected from the 
russia search.  Each set of documents was sorted into 
alphabetical order by the first word of their titles and 
they were numbered from one to ten.  The result was 
two Sets of document files named china1, china2 . . 
.china10 and russia1, russia2 . . .russia10. Eighteen 
of the documents, nine from each set, were used to 
build the term/document matrix.   
     Next the Python utility described above was used 
to add white space around all symbols in the text 
files. So, for example, “(U.S. April 15, 2005)” is 
changed to “ ( U . S . April 15 , 2005 ) “ . The files 
were saved in this format. They were then tagged 
using the BrillWindows port of the Brill tagger 
trained on the Wall Street Journal Penn Treebank 
corpus. (The Brill tagger uses backslash characters 
as a delimiter between words and tags.  To improve 
readability, we replaced the backslash characters 
with underscores.) 
     The tagged and untagged files were then stored in 
separate directories. Each directory included an 
index file that listed the names of each of the 
member text files.  The index file was used as the 
input to the Infomap software. The Infomap software 
was used in the default configuration. Two “models” 
were built. One was named “tagged_model” and the 
other was named “untagged_model”. 
 
 

http://infomap.stanford.edu/
http://www.cnn.com/
http://www.cnn.com/


7   Results 
As configured, the Infomap software returns the 
twenty term or document vectors with the highest 
cosine similarity score to the query vector.  Table 4 
is the result of using the word “china” as a query 
against the untagged matrix and the word 
“china_nnp” as a query against the tagged matrix.  
NNP is the part-of-speech tag for proper nouns and 
is the tag most frequently associated with the word 
“China” in the document library (N = 220).  Table 4 
shows how adding POS tags changes the set of 
documents returned by the Infomap software. Table 
5 shows how adding POS tags changes the set of 
words returned by the Infomap software.   
 
Table 4.  Results of queries “china” and “china_nnp” 
requesting document similarities 

Untagged Tagged 

Document Name 
Cosine 
Similarity Document Name 

Cosine 
Similarity

china1_untagged.txt 0.463657  china3_tagged.txt 0.434622 
china3_untagged.txt 0.457149  china2_tagged.txt 0.431527 
china7_untagged.txt 0.435218  china7_tagged.txt 0.376409 
china6_untagged.txt 0.405293  china6_tagged.txt 0.373664 
china5_untagged.txt 0.400212  china5_tagged.txt 0.353992 
china2_untagged.txt 0.386189  china1_tagged.txt 0.336986 
china8_untagged.txt 0.376046  china8_tagged.txt 0.299148 
china4_untagged.txt 0.329631  china4_tagged.txt 0.297588 
china9_untagged.txt 0.210723  china9_tagged.txt 0.110808 
russia7_untagged.txt 0.039227    
russia1_untagged.txt 0.002823    

 
Table 5.  Results of queries “china” and “china_nnp” 
requesting word similarities 

Tagged Untagged 

Word 
Cosine 
Similarity Word 

Cosine 
Similarity

china_nnp 1.0000 china 1.0000 
dropping_vbg 0.5617 existence 0.5237 
bans_nns 0.5610 republic 0.5154 
flights_nns 0.5474 creation 0.5038 
shipping_nn 0.5474 appease 0.4834 
define_vb 0.5416 dropping 0.4784 
economy_nn 0.5345 bans 0.4734 
components_nns 0.5243 flights 0.4667 
comprised_vbn 0.5243 shipping 0.4667 
senate_nnp 0.5213 demonstrates 0.4620 
demonstrates_vbz 0.5136 providing 0.4620 
providing_vbg 0.5136 alternative 0.4525 
passage_nn 0.5047 beijing 0.4448 
market-driven_jj 0.4995 happen 0.4242 
83-15_jj 0.4968 delivery 0.4079 
voted_vbd 0.4968 taiwanese 0.4072 

normal_jj 0.4903 fighters 0.3995 
permanent_jj 0.4680 feet 0.3977 
convince_vb 0.4642 indefinitely 0.3977 
state-planned_jj 0.4587 lean 0.3970 
 
 
8   Discussion 
These results show that the addition of POS tags can 
change our results significantly. The addition of a 
POS tag is not sufficient to completely remove 
ambiguity from a given word. However, it did 
decrease the ambiguity of the word for our 
documents and therefore improves the accuracy of 
LSA. 
     The set of documents returned by the tagged 
search is smaller than the set of documents returned 
by the untagged search. False positives have been 
discarded. This suggests, even though the cosine 
similarities are smaller in some cases, that the 
accuracy of the matches is greater.   
     The range of cosine similarities for selected 
tagged documents is 0.323814. The range of cosine 
similarities for selected untagged documents is 
0.460834. The smaller range of similarities of the 
selected documents demonstrates the increased 
accuracy of the tagged model.  Apart from accuracy, 
a query algorithm that reduces the number of 
matches returned is of importance. Trimming the 
users search is a desirable goal. 
     When we change the query to return words 
instead of documents, we see a similar pattern in the 
response sets.  The range of the cosine similarities of 
returned words is smaller in the tagged set than in 
the untagged set.  The range of cosine similarities in 
the untagged set is 0.5413 while the range of cosine 
similarities in the untagged set is 0.6030. This 
smaller range of cosine similarities again 
demonstrates the increased accuracy of the tagged 
model. 
     For word results, the cosine similarities are 
generally higher in the tagged response set.  In the 
tagged set the maximum cosine similarity, excluding 
the query word itself, is 0.5617.  In the untagged set 
the maximum cosine similarity is 0.5237. The 
average cosine similarity of the tagged set is 0.5385.  
The average cosine similarity of the untagged set is 
0.4782. The higher average and smaller range of 
cosine similarities of the tagged set show the 
increased accuracy of the LSA when selecting words 
that are semantically similar to the query. 
 
 
 



9   Conclusions 
The possibilities of LSA are only beginning to be 
explored. There remains much work to be done in 
finding possible improvements to and applications 
of LSA. One change that may result in further 
improvements in accuracy is decreasing the 
granularity of the tags used in POS tagging.  
Because some words may be tagged slightly 
differently and yet be semantically similar, a less 
fine-grained tag set may result in more accurate 
semantic groupings.  For example, in the Wall Street 
Journal Penn Treebank corpus, the word “put” may 
be tagged VB – base form verb, VBN – past 
participle verb, JJ - adjective, NN – common noun, 
or VBD – past tense verb. In the current 
implementation of the POS-tagged LSA, each of 
these would be considered a distinct word. While 
grammatically the base form verb is different from 
the past participle verb and the past tense verb, 
semantically they are all similar. Dropping the last 
character from the three-character tags would allow 
the LSA software to treat each of these separate verb 
uses as a single idea, thus potentially improving the 
accuracy of the results. Note that this change 
maintains the accuracy gained by adding POS tags.  
The granularity of the parts-of-speech is decreased 
to noun, verb, determiner, adjective, adverb, etc. 
     Another area for possible improvement is adding 
pronoun disambiguation software to LSA. In 
standard LSA applications, pronouns are included on 
“stop lists” of words that are removed from 
consideration when constructing the original term-
document matrix. Pronoun disambiguation software 
attempts to replace pronouns with the nouns to 
which they refer. So the sentence, “Mary said she 
was going to the store.” becomes, “Mary said Mary 
was going to the store.” Most nouns are not included 
on the “stop lists”. If pronoun disambiguation 
software were used in a pre-processing stage the 
scaled frequencies of the nouns in the term-
document matrix would more accurately reflect the 
semantic content of the document and the LSA 
would also be more accurate.  
     We are currently combining this work with 
natural language processing. Specifically, we utilize 
the LSA analysis to select the most probable context 
for a text. Based on the context we then 
disambiguate English descriptions, re-write them in 
unambiguous English, and present them to the user 
for verification of our understanding. This can iterate 
until the English is unambiguous. We then use 
context dependent Context Free Grammar’s to 
compile instructions given within the English text 
into a program.  In this way we utilize English as a 

programming language, assisted by our context 
identifier. 
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