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SYSTEM AND METHOD FOR AUTOMATICALLY 
CLASSIFYING TEXT 

RELATED APPLICATIONS 

[0001] The following application is relied upon and 
hereby incorporated by reference in this application: 

[0002] US. Provisional Application No. 60/206,975, 
entitled “System and Method for Providing a Text Classi 
?er,” bearing attorney docket no. 07569-6004-00000. 

TECHNICAL FIELD 

[0003] The present invention is directed to text classi?ca 
tion and, more particularly, to a computer-based system for 
text classi?cation that provides a resource that can be 
utiliZed by external applications for text classi?cation. 

BACKGROUND 

[0004] Throughout the entire period of recorded history, 
people have memorialiZed their thoughts, actions, hopes and 
dreams on a daily basis. Prior to the latter part of the 20th 
century, this recorded history Was typically Written for 
exchange betWeen human beings Without any expectation 
that the information Would be stored in a machine or 
otherWise converted into a machine-readable format. At that 
time, archives of this information resided in countless docu 
ment depositories, complicating access to, and retrieval of 
the information contained in the documents. In the past 30 
years, efforts have been underWay to archive these “natural 
language” documents on various other media More speci? 
cally, the development of the personal computer has led to 
the creation of an unprecedented amount of machine-read 
able information. Improvements in scanner technology have 
additionally led to the conversion of documents from hard 
copy documents into machine-readable documents. This 
technology, together With similar advances in mass storage 
has led to the conversion of natural language documents into 
machine-readable documents at an unprecedented level. 
Today, documents generated by a computer (e.g., Word 
processor, spreadsheet, or database softWare), can noW be 
stored directly on magnetic or optical media, further increas 
ing the opportunities for subsequent access and retrieval of 
them. 

[0005] The groWing volume of publicly available, 
machine-readable textual information makes it increasingly 
necessary for businesses to automate the handling of such 
information to stay competitive. Other establishments like 
educational institutions, medical facilities and government 
entities can similarly bene?t from this automated handling 
of information. By automating the handling of text, these 
organiZations can decrease costs and increase the quality of 
the services performed that require access to textual infor 
mation. 

[0006] One approach for automating the conversion of 
natural language documents into machine-readable text is to 
use a text classi?cation system Which, given a portion of 
data, can automatically generate several categories describ 
ing major subject matter contained in the data. Automated 
text classi?cation systems identify the subject matter of a 
piece of text as belonging to one or more categories of a 
potentially large, prede?ned set of categories. Text classi? 
cation also includes a class of applications that can solve a 
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variety of problems in the indexing and routing of text. 
Ef?cient routing of text is particularly useful in large orga 
niZations Where there is a large volume of individual pieces 
of text that needs to be sent to speci?c persons (e.g., 
technical support specialists inside a large customer support 
center). Text routing also plays a pivotal role in the area of 
text retrieval in response to user queries on the Internet. 

[0007] A number of different approaches have been devel 
oped for automatic text processing of user queries. One 
approach is based upon information retrieval techniques 
utiliZing Boolean keyWord searches. While this approach is 
ef?cient, it suffers from problems relating to the inaccuracy 
of the retrieved information. A second approach borroWs 
natural language processing using deep linguistic knoWl 
edge from arti?cial intelligence technology to achieve 
higher accuracy. While deep linguistic processing improves 
accuracy based upon an analysis of the meaning of input 
text, speed of execution is sloW and range of coverage is 
limited. This is especially problematic When such techniques 
are applied to large volumes of text 

[0008] Another approach is rule-based text classi?cation 
systems Which classify documents according to rules Written 
by people about the relationship betWeen Words in the 
documents and the classi?cation categories. Text classi?ca 
tion systems Which rely upon rule-base techniques also 
suffer from a number of draWbacks. The most signi?cant 
draWback is that such systems require a signi?cant amount 
of knowledge engineering to develop a Working system 
appropriate for a desired text classi?cation application. It 
becomes more dif?cult to develop an application using 
rule-based systems because individual rules are time-con 
suming to prepare, and require complex interactions. A 
knoWledge engineer must spend a large amount of time 
tuning and experimenting With the rules to arrive at the 
correct set of rules to ensure that the rules Work together 
properly for the desired application. 

[0009] Another approach to text classi?cation is to use 
statistical techniques to enable the system to “leam” from 
the input text. In essence, these systems develop a statistical 
model of the vocabulary used in the different classi?cation 
categories. Such systems take training data in the form of 
documents classi?ed by people into appropriate categories, 
and in a training phase, develop the statistical model from 
these documents. These statistical models quantify the rela 
tionships betWeen vocabulary features (Words and phrases) 
and classi?cation categories. Once developed, these statis 
tical models may be used to classify neW documents. In 
systems that do utiliZe a learning component (a training 
phase), the narroWer and more closely related the categories 
are, the more training data is needed. Exacerbating the 
problem is the fact that in most applications, training data is 
hard to locate, often does not provide adequate coverage of 
the categories, and is dif?cult and time-consuming for 
people to categoriZe, requiring manual effort by experts in 
the subject area (Who are usually scarce and expensive 
resources). Further, badly categoriZed training data or cor 
rectly categorized training data With extraneous or unusual 
vocabulary degrades the statistical model, causing the result 
ing classi?er to perform poorly. 

[0010] Of the prior art systems that utiliZe training data, 
most do not have the capability to interactively take advan 
tage of human knoWledge. History has shoWn that a person 
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Will often know What results from sound training data, What 
results from poor training data, and What may not be 
adequately expressed in the training data. Those prior art 
systems that do utilize user input, do not alloW users to 
directly affect the quanti?ed relationship betWeen vocabu 
lary features and classi?cation categories, but simply alloW 
the user to change the training data. Yet another shortcoming 
of prior art text classi?cation systems lies in the fact that 
they only deal With categories Which are from a single 
perspective. Consider three perspectives on neWs stories: 
geography (Where the story took place), business entities 
(What companies the story is about) and topic. To categoriZe 
stories according to geographic location Would require a 
different classi?er than one that classi?ed the stories accord 
ing to business entities, Which in turn Would require a 
different classi?er than one that classi?ed stories according 
to their topic. These classi?ers cannot interact, consequently 
one cannot bene?t from the other. For example, a false 
correlation betWeen text about Germany and the category 
“pharmaceutical companies” may arise in the business entity 
classi?er because many pharmaceutical companies are 
located in Germany. The fact that text about Germany is 
knoWn to be an important feature of geographical classi? 
cation (by the geography classi?er) cannot be used to 
ameliorate the false correlation in the business entity per 
spective. 
[0011] Thus, there is a need to overcome these and other 
problems of the prior art and to provide an effective method 
for classifying text in Which user knowledge may be utiliZed 
very early in the construction of the statistical model. The 
present invention, as illustrated in the folloWing description, 
is directed to solving one or more of the problems set forth 
above. 

SUMMARY OF THE INVENTION 

[0012] In accordance With the present invention, a method 
for simultaneously classifying at least one document into a 
plurality of categories is disclosed. The method comprises 
the steps of associating a plurality of category features With 
each category, Wherein each category feature represents one 
of a plurality of tokens; producing a category vector for each 
category, Wherein each category vector includes the plurality 
of category features With a Weight corresponding to each 
category feature, Wherein the Weight is indicative of a degree 
of association betWeen the category feature and the cat 
egory; associating a plurality of document features With each 
document, Wherein each document feature represents one of 
a plurality of tokens found in the document; producing a 
feature vector for each document, Wherein each feature 
vector includes the plurality of document features With a 
count corresponding to each document feature, Wherein the 
count is indicative of the number of times the document 
feature appears in the document; multiplying the category 
vector by the document vector, in accordance With the 
mathematical convention of multiplication of a vector by a 
vector, to produce a plurality of category scores for each 
document; and for each perspective, classifying a document 
into a category provided the category score exceeds a 
predetermined threshold. 

[0013] In accordance With another embodiment of the 
present invention, a method for associating one of a plurality 
of features With at least one of a plurality of categories is 
disclosed. The method comprises the steps of manually or 
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automatically associating a plurality of features With at least 
one category, Wherein the plurality of features contribute to 
a decision to classify a document into said at least one 
category. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0014] FIG. 1, is shoWn a block diagram of the general 
layout of the present invention; 

[0015] FIG. 2 is a How diagram depicting the training 
phase of the present invention; 

[0016] FIG. 3 is an example of a term list in accordance 
With one embodiment of the present invention; 

[0017] FIG. 4 is an example of a symbol table in accor 
dance With one embodiment of the present invention; 

[0018] FIG. 5 is an example of a symbol table and a 
feature table in accordance With the present invention; 

[0019] FIG. 6 is an example of a Recorded Evidence Edits 
Table in accordance With one embodiment of the present 
invention; 
[0020] FIG. 7 is a block diagram depicting the operation 
of a feature ?nder in accordance With one embodiment of the 

present invention; 

[0021] FIG. 8 is a block diagram depicting the operation 
of the text classi?er in accordance With the present inven 
tion; 
[0022] FIG. 9 is a mathematical representation of the 
process of topic spotting. 

DETAILED DESCRIPTION 

[0023] In the folloWing detailed description, reference is 
made to the accompanying draWings that form a part thereof, 
and in Which is shoWn by Way of illustration a speci?c 
embodiment in Which the invention may be practiced. This 
embodiment is described in suf?cient detail to enable those 
skilled in the art to practice the invention and it is to be 
understood that other embodiments may be utiliZed and that 
algorithmic changes may be made Without departing from 
the scope of the present invention. The folloWing detailed 
description is, therefore, not to be taken in a limited sense. 

[0024] Turning ?rst to the nomenclature of the speci?ca 
tion, the detailed description Which folloWs is represented 
largely in terms of processes and symbolic representations 
of operations performed by conventional computer compo 
nents, including a central processing unit (CPU), memory 
storage devices for the CPU, and connected pixel-oriented 
display devices. These operations include the manipulation 
of data bits by the CPU, and the maintenance of these bits 
Within data structures reside in one or more of the memory 
storage devices. Such data structures impose a physical 
organization upon the collection of data bits stored Within 
computer memory and represent speci?c electrical or mag 
netic elements. These symbolic representations are the 
means used by those skilled in the art of computer program 
ming and computer construction to most effectively convey 
teachings and discoveries to others skilled in the art. 

[0025] For the purposes of this discussion, a process is 
generally conceived to be a sequence of computer-executed 
steps leading to a desired result. These steps generally 
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require physical manipulations of physical quantities. Usu 
ally, though not necessarily, these quantities take the form of 
electrical, magnetic, or optical signals capable of being 
stored, transferred, combined, compared, or otherWise 
manipulated. It is conventional for those skilled in the art to 
refer to these signals as bits, values, elements, symbols, 
characters, terms, objects, numbers, records, ?les or the like. 
It should be kept in mind, hoWever, that these and similar 
terms should be associated With appropriate physical quan 
tities for computer operations, and that these terms are 
merely conventional labels applied to physical quantities 
that exist Within and during operation of the computer. 

[0026] It should also be understood that manipulations 
Within the computer are often referred to in terms such as 
adding, comparing, moving, etc., Which are often associated 
With manual operations performed by a human operator. It 
must be understood that no such involvement of a human 
operator is necessary or even desirable in the present inven 
tion. The operations described herein are machine opera 
tions performed in conjunction With a human operator or 
user Who interacts With the computer. The machines used for 
performing the operation of the present invention include 
general purpose digital computers or other similar comput 
ing devices. 

[0027] In addition, it should be understood that the pro 
grams, processes, methods, etc. described herein are not 
related or limited to any particular computer or apparatus. 
Rather, various types of general purpose machines may be 
used With programs constructed in accordance With the 
teachings described herein. Similarly, it may prove advan 
tageous to construct specialiZed apparatus to perform the 
method steps described herein by Way of dedicated com 
puter systems With hard-Wired logic or programs stored in 
nonvolatile memory, such as read only memory. 

[0028] The operating environment in Which the present 
invention is used encompasses general distributed comput 
ing systems Wherein general purpose computers, Work sta 
tions, or personal computers are connected via communica 
tion links of various types. In a client server arrangement, 
programs and data, many in the form of objects, are made 
available by various members of the system. 

[0029] Referring noW to the draWings, in Which like 
numerals represent like elements throughout the several 
?gures, the present invention Will be described. The present 
invention incorporates a trained text classi?er, also knoWn as 
a topic spotter. In the subject text classi?cation system, 
processing is performed in three phases: model preparation, 
training and topic spotting. During the model preparation 
phase, classi?cation categories, document features (vocabu 
lary) and evidence edits (the relationships betWeen docu 
ment features and classi?cation categories) are speci?ed. 
During the training phase, document feature statistics are 
gathered and relationships betWeen features and classi?ca 
tion categories are quanti?ed. Next, in the topic spotting 
phase, these relationships are used to classify documents. 
Note that We use the terms classi?cation category and 
concept or concept node interchangeably as text classi?ca 
tion categories tend to denote concepts, Which may be 
represented as nodes in a concept graph or tree. This is not 
intended to limit the application of the present invention to 
such categories. In FIG. 1, there is shoWn a block diagram 
of the general layout of the present invention. More speci? 
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cally, the present invention includes: a feature ?nder 10, a 
term list 20, a feature list 30, a feature identi?er (Which may 
include an entity spotter) 40, recorded evidence edits (REE) 
table 50, tags 60, a symbol table 70, a feature table 80, a 
topic spotter matrix 90, and one or more feature vectors 100. 
Feature ?nder 10 has tWo tasks: (1) convert a document into 
a vector of feature IDs, Wherein each feature in the docu 
ment is represented once, With a count of the number of 
times it occurred in the document; and (2) introduce BE-tags 
into the eXtended Markup Language @(ML) form of the 
document. BE-tags are XML tags denoting entity types, 
including such things as organizations, place names, peo 
ple’s names, and domain terms, inserted around the text that 
has been recogniZed by the feature ?nder. Term list 20 is a 
user-inputted list of Words and phrases denoting entities of 
various types (organiZation names, technical terms, etc.) 
These are document features that may be useful in catego 
riZing the documents. They are eventually entered into 
symbol table 70 and, feature table 80. In one embodiment, 
term list 20 includes vocabulary, synonyms, etc., speci?ed 
by knoWledge engineers. Feature list 30 is a list of features 
automatically extracted from the training set Without human 
intervention. Feature identi?er 40 is a softWare application 
run over a set of training documents to automatically pro 
duce feature list 30. All terms found by feature identi?er 40 
are added to symbol table 70 and feature table 80. The REE 
table 50 consists of user-inputted, concept evidence vector 
edits. Concept evidence vector edits are user modi?ed 
feature vectors 100 With associated ?ags and Weights. The 
information in REE table 50 is used to modify feature 
vectors 100 in topic spotter matrix 90. In one embodiment, 
REE table 50 may not be automatically modi?ed (i.e., it may 
only be overWritten by manual user input). Tags 60 are a 
user-inputted list of category labels (also knoWn in the 
literature as class labels) for the documents that make up the 
training dataset. The term “tag” is also used in this disclosure 
to denote a beginning and end markers (e.g. <TAGNAME> 
text </TAGNAME>) that mark units of text in a markup 
language such as HTML, SGML, and XML. Symbol table 
70 maps terms or tokens to numeric IDs. 

[0030] Feature table 80 is a table of multiple-symbol 
features useful for topic-spotting. The single-symbol fea 
tures are found in symbol table 70. Finally, topic spotter 
matrix 90 is a matrix comprised of feature IDs 510 (roWs) 
and concept nodes (columns). The matrix values are 
attributes of the relationship betWeen features and concepts, 
including feature frequency data determined by calculating 
the number of times the feature occurred in documents 
tagged to that concept node (count), and assigning a value 
representative of the strength of association betWeen the 
feature and the concept (Weight). At the conclusion of the 
training phase, topic spotter matrix 90 is comprised of a 
combination of automatically generated data and manually 
inputted concept evidence vectors from REE Table 50. 

[0031] NoW that the basic layout of the present invention 
has been described, the next portion of this document Will 
focus on a more detailed explanation of the operation of the 
present invention. As previously stated, there areithree 
phases of operation during execution of the text classi?ca 
tion engine of the present invention (i.e., model preparation, 
training and topic spotting.) In the model preparation phase, 
classi?cation categories, document features (vocabulary) 
and evidence edits are identi?ed and inputted by the user 
into term list 20 and REE table 50, respectively. There is no 
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limitation on hoW the user may complete this phase of the 
process. In one embodiment, the model preparation phase is 
an iterative process in Which manual user inputs are inte 
grated With automatically generated inputs to support model 
preparation. More speci?cally, the present invention can 
report back to the user on associations it has “learned” 
(derived via statistical means during training). The user 
Would revieW the learned associations, select certain asso 
ciations, change them from “learned” to “human”, and then 
rebuild the classi?er. The ultimate goal is to combine user 
inputs With automatically generated associations to improve 
the quality of the classi?er. In another embodiment of the 
present invention, the folloWing methodologies can also be 
used to improve the quality of the classi?er: 

a) Bootstrapping from Human Evidence 

[0032] l. a person speci?es a feW terms per category 
(“seed” evidence) in the REE; 

[0033] 2. an untrained classi?er is built using the REE; 

[0034] 3. the classi?er is used to classify a set of 
documents. 

[0035] 4. these classi?ed documents are used as a 
training set, producing a neW trained classi?er. This 
classi?er itself is not subsequently used, but during the 
training phase, the classi?er learns associations 
betWeen terms in the documents and categories. 

[0036] 5. the learned associations are presented to a 
person, Who selects those that are useful and adds them 
to the REE; 

[0037] 6. Steps 2-5 are repeated until the classi?er is 
suf?ciently high quality. 

b) Bootstrapping from All Available Information 

0038 l. a erson s eci?es a feW terms er cate o P P P g 1'3’ 
(“seed” evidence) in the REE, or a person classi?es a 
set of training documents, or both 

[0039] 2. a classi?er is built using the REE and trained 
using the training documents; 

[0040] 3. the classi?er is used to classify a set of 
documents. 

[0041] 4. the classi?ed documents and the manually 
speci?ed training documents are used as a training set, 
producing a neW trained classi?er. This classi?er itself 
is not subsequently used, but during the training phase, 
the classi?er learns associations betWeen terms in the 
documents and categories. 

[0042] 7. the learned associations are presented to a 
person, Who selects those that are useful and adds them 
to the REE; and/or the classi?ed documents are pre 
sented to a person, Who selects those that are properly 
classi?ed, Which noW become training documents; 

[0043] Steps 2-5 are repeated until the classi?er is suffi 
ciently high quality. 
[0044] Once the model preparation phase is complete, the 
training phase begins. Referring noW to FIG. 2, it is shoWn 
that the training phase is comprised of four steps: set-up 210, 
counting features 220, calculating Weights 230, and ?ltering 
240. In set-up 210, a user may load term list 20 into the 
system. Since the present system includes the capability to 
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operate With or Without user-inputted term list data, this step 
is optional. An example of a term list 20 is shoWn in FIG. 
3. As shoWn, term list 20 is comprised of a list of terms 310 
(user-inputted Words and phrases) With associated attributes 
320. Terms 310 are the building blocks of features Which are 
used by the system to classify documents. Since each term 
310 in term list is manually inputted, they are referred to as 
human terms and cannot be automatically modi?ed by the 
system. When determining Whether a term matches text in a 
document, case differences (capitalization), certain morpho 
logical dilferences (plural/singular and verb in?ection), and 
positional differences (if one term in the text overlaps 
another) may be ignored and a match is determined if the 
characters in the term match the document terms. Attributes 
320, change that default behavior by alloWing the user to 
de?ne more speci?c characteristics that must be satis?ed 
before a match Will be determined. More speci?cally, the 
synset attribute (FIG. 3) relates synonymous terms; the 
exactMatch attribute controls Whether the term is treated as 
case-sensitive and morphologically unchanging (if exact 
Match is set to true, only text in a document With the same 
case and morphology as the term in the term list 20 Will 
match); and the embeddedTermsAlloWed attribute controls 
Which terms are recognized (one or both) When tWo terms 
overlap. 

[0045] Aterm is added to symbol table 70 Whenever terms 
are loaded into the system from term list 20, feature list 30, 
and REE table 50. Before a term is added to symbol table 70, 
the text is tokenized, normalized and looked up. A token is 
a sequence of characters that makes up a single unit for 
processing. Tokens are separated by White space and/or 
punctuation symbols. In most cases, punctuation symbols 
are distinct tokensifor example, “Yahoo!” Would be tWo 
tokens “Yahoo”, and “l”, but “Dr.” is a single token, because 
the period is recognized as belonging to the abbreviation. 
Periods not folloWed by White space do not end a token 
(“askjeeves.com” is a single token). The tokenization step 
takes a ?lename or memory buffer and outputs a token 
buffer. In one embodiment, the tokenizer also has the capa 
bility to tokenize text embedded in XML tags. A tag may 
comprise a single token (e.g., “<Tag Name=Fred Value=F>” 
Would be a single token), or a tag may be treated like any 
other text (the tokens for the previous example Would be 
“<”, “Tag”, “Name”, “=”, “Fred”, “Value”, “=”, “F”, and 
“>”). The normalization step takes a token or tag and returns 
the normal form of the token/tag. The ?rst step in normal 
izing a token is to convert the token to loWer case. The 
second step is to pass the loWer case token to a stemmer. A 
stemmer, as knoWn by those skilled in the art receives a 
Word as input and returns the stem or lemma of the Word. For 
example, the stem of “carrying” is “carry,” and the stem of 
“dogs” is “dog”. If the stemmer ?nds a stem, it is returned, 
otherWise, the loWer case token is returned unchanged. In 
the event the token is a tag of the form “<Tagname Attrl= 
Vall Attr2=Val2 . . . >” Where the attribute value pairs are 

optional, the normalized form is “<tagname>”. The ?rst step 
in normalizing a tag is to identify the tag name. In XML, a 
tag is de?ned as the text folloWing “<” or “</” up to the ?rst 
White space. The next step is to convert the tag name to 
loWer case. The ?nal step is to construct the normalized tag. 
This three step process is further explained in FIG. 4. 
Assume a term in term list 20, symbol table 70, REE 50 or 
in document 410 is comprised of the text “Radios, Inc.” 
Once this text is processed by the tokenizer, a token bulfer 
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420 containing three tokens: “Radios”, “,” and “Inc.” is 
generated. The tokens are then normalized into another 
buffer 430. Speci?cally, “Radios” is converted to “radios” 
and passed to the stemmer. The stemmer looks up “radios” 
and returns “radio”. A “,” returns unconverted, and “Inc.” is 
returned as “inc.” 

[0046] When a term is added to symbol table 70, a symbol 
table lookup is ?rst performed on the normalized tokens. 
Referring noW to FIG. 4, it is shoWn that symbol table 70 
contains a symbol ID ?eld 440, a symbol string ?eld 450 (the 
normalized token), and the length of the longest feature that 
begins With the symbol (FLen) ?eld 460. Symbol table 70 is 
a mapping from strings to IDs and is initialized from data 
inputted during training (training documents and the term 
list). Text may also be automatically loaded into symbol 
table 70 at system startup. For example, single stop Words 
(e. g., the, in, of, at, to, etc.), punctuation, and XML tags may 
be loaded into symbol table 70 With a special term identi?er. 
During topic-spotting, if a symbol is encountered that is not 
already in symbol table 70, an “unknoWn symbol” ID is 
returned. If a string is not found in symbol table 70 during 
training, a unique symbol ID and an integer are returned. 
The integer represents the length of the longest multi-Word 
feature that begins With this symbol. In the case Where a 
token is a tag, attributes are ignored. In other Words, 
“<Symptom>” and “<Symptom OS=NT>” are both recog 
nized as instances of the “<Symptom>” tag. In effect, 
instances of a tag With different attributes Will get the same 
symbol ID. In the present example, “radio” is looked up in 
the symbol table, and its ID (1) and FLen (3) are returned. 
An entry is appended to the Symbol ID Sequence, contain 
ing ID (1), FLen (3), a pointer to the beginning of “Radios” 
in the token buffer, and length (6). The next token is looked 
up in symbol table 70, and its ID (2) and FLen (0) are 
returned. An entry is appended to the Symbol ID Sequence, 
containing ID (2), FLen (0), a pointer to the beginning of “,” 
in the token buffer, and length (1). The ?nal token is then 
looked up in symbol table 70. Its ID (3) and FLen (0) are 
returned. An entry is appended to the Symbol ID Sequence, 
containing ID (3), FLen (0), a pointer to the beginning of 
“Inc.” in the token buffer, and length (1). 

[0047] Once the Symbol ID Sequence for a term is knoWn, 
an entry for the term is entered into feature table 80. A term 
in feature table 80 is referred to as a feature. Feature table 
80 is initialized from data generated in the set-up phase 
(term list 20, REE Table 50, and feature list 30). As shoWn 
in FIG. 5, feature table 80 contains the folloWing ?elds: 
Feature ID (FID) 510, Feature 520, Exception String 530, 
Embeds 540, Term type 550 and TermID 560. Feature ID 
510 is a unique ID for identifying each feature and synonym 
set. Feature 520 is the Symbol ID Sequence 440 representing 
the “normalized” form of the feature. FIG. 5 shoWs that 
Feature 520 may include one or more symbol IDs, corre 
sponding to each Symbol ID Sequence 440 represented in 
the feature. Exception string 530 is NULL if the feature does 
not qualify as an exactmatch. If the feature is an exactmatch, 
a tokenized version of the string is stored in exception string 
530. In one embodiment, exactMatch features are only 
recognized if they match both the capitalization and the 
morphology of their non-normalized form. In another 
embodiment, capitalization and morphology may vary inde 
pendently. In other Words, a feature (speci?ed in term list 20 
and loaded into feature table 80) may be con?gured such that 
it is recognized in a document if the capitalization matches, 
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regardless of morphology. Conversely, a feature may be 
con?gured such that it is recognized in a document if the 
morphology matches, regardless of capitalization. To sup 
port these capabilities, the present invention stores the 
non-normalized form and the normalized form of the feature 
in feature table 80. An exactMatch feature “Apple” Will only 
match the exact string “Apple” in a document. If “Apple” 
and “apples” Were both exactmatch features and “apple” 
Were a non-exactMatch feature, there Would be three entries 
in feature table 80, With distinct FIDs 510 for each. The 
embedded alloWed (Embeds) 540 ?eld indicates Whether 
other terms can overlap With this term and Whether shorter 
terms can be embedded Within this term. For example, 
“Microsoft o?ice” Would be marked as “Yes” if the intent 
Was to alloW the shorter term “Microsoft” to also be iden 
ti?ed Within it. Term type 550 speci?es Whether the feature 
is an ORG, LOC, PERSON, TERM, or XML_REGION 
_TAG, and TermID 560 indicates Whether the feature origi 
nated from term list 20 or feature list 30. If the feature 
originated from the human-entered term list 20, the termID 
from that list or the Word “Yes” is stored here. If the feature 
Was discovered by feature identi?er 40 during training and 
entered into feature list 30, the value is set to —l or “No”. If 
a feature list 30 entry is textually the same as a term list 20 
entry, only the term list 20 entry is added to feature table 80. 
In other Words, if there is a clash betWeen an automatically 
identi?ed term and a user-inputted term, the user-inputted 
term Wins. 

[0048] After the human terms are loaded into term list 20, 
symbol table 70 and feature table 80, the user next loads the 
REE table 50. As previously stated, REE table 50 comprises 
Words and phrases With associated ?ags and Weights 
(explained beloW). The Words and phrases are treated as 
human terms and entered into symbol table 70 and feature 
table 80, and the relationships are entered into topic spotter 
matrix 90. 

[0049] FIG. 6 shoWs part of an REE table 50, comprising 
category 610 Which has evidential terms 620 Which in turn 
have evidential term attributes 630. REE table 50 has been 
loaded When all evidential terms have been loaded. Loading 
an evidential term takes place in tWo steps. The ?rst step is 
loading the term into the symbol and feature tables using the 
process described in FIG. 4. An evidential term may already 
be present in the symbol and feature tables, in Which case the 
?rst stage comprises ?nding its TermID 560. The second 
step is updating the topic spotter matrix 90. Topic spotter 
matrix 90 is updated in the second stage of loading an 
evidential term by creating a roW for the feature, indexed by 
the TermID, if no such roW exists; creating a column for 
concept 610, if no such column exists, and creating a matrix 
element for the feature/column pair if no such element 
exists. Attributes of each element are set according to the. 
evidential term attributes 630. If no attributes are speci?ed 
in evidential term 620 then default settings are used. It may 
be appreciated that there are many Ways to represent a 
matrix and any one of them may be used; this description 
does not limit the invention to a particular matrix represen 
tation. In particular it should be appreciated that the matrix 
may be sparse, and any sparse matrix representation can be 
applied. Once topic spotter matrix 90 is updated, feature 
table 80 is updated With entries from feature list 30. 

[0050] When a feature is associated With a concept node, 
it is called evidence. The association betWeen a human tern 
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and a concept node Which has been manually speci?ed by a 
user is human evidence; these are recorded in REE table 50 
during the model preparation phase. A term associated With 
a concept node Which has been assigned by the system is 
learned evidence. The attributes of evidence are: 

[0051] Countifrequency data that records hoW often any 
member of the feature/ synonym set occurred at each concept 
node. The default value for the count attribute is a parameter 
Whose value affects the calculation of the Weight attribute, if 
the latter is not speci?ed in the REE table 50; 

[0052] Weightithe strength of the association betWeen a 
term (human and learned) and a concept node (manually or 
automatically speci?ed). In the case of human evidence, the 
Weight can be assigned by the system or it can be assigned 
by a person. The Weight for learned evidence, on the other 
hand, can only be assigned by the system. A user may assign 
the Weights such that a feature contributes to the decision to 
assign a document to a particular concept node. The user 
may also determine the degree to Which a feature contributes 
to the decision. That is, a user may specify that the feature 
contributes greatly to the decision to assign a document to a 
concept node, and slightly to the decision to assign the 
document to another concept node. REE table 50 provides 
the user With the ability to manually control Which Words 
and phrases are features, Which features matter for each 
concept node, and hoW much they matter. In the event a user 
does not specify the Weight, it Will be assigned based on the 
feature’s distribution in the training data (possibly modu 
lated by its prior probability of occurrence in the language). 
In the absence of training data, the Weight Will be assigned 
based on the feature’s distribution in the REE (again, 
possibly modulated by its prior probability of occurrence in 
the language). In this Way, the user may specify Which 
features matter, and alloW the degree that they matter be 
determined by their actual usage. 

[0053] Editedia Boolean attribute that is set if the matrix 
element has been speci?ed in the REE. Causes element to be 
“sticky” across training; 

[0054] WeightEditedia Boolean attribute that is set if the 
Weight has been user-inputted. Causes Weight to be “sticky” 
across training. If set, the Weight is not modi?ed by training 
calculations. Conversely, if WeightEdited is not set, the 
Weight is modi?ed by training calculations; 

[0055] RejectConceptia Boolean attribute that if set, a 
document or query containing the feature Will not be tagged 
to (classi?ed to) the concept, regardless of What else is in the 
document or query; 

[0056] DirectHitia Boolean attribute that if set, a docu 
ment or query containing the feature Will be tagged to the 
concept, regardless of What else is in the document or query; 

[0057] Overlapia Boolean attribute (alloWed/disal 
loWed) that controls Whether text matching a feature that 
overlaps this feature in a document or query is matched. A 
?rst term overlaps a second term if the ?rst term is found 
anyWhere inside the second term. For example, “printer” 
overlaps “printer driver softWare.” Also, “printer driver” 
overlaps “driver software” in the text “printer driver soft 
Ware”; 

[0058] Stemmingia Boolean attribute that if set, a docu 
ment or query may contain a stem of this term; 
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[0059] Caseia Boolean attribute that if set, the feature is 
case-sensitive. A document or query must comply With the 
case of the feature; 

[0060] Stopiif set, the feature is a stop WOI‘diII is not 
counted during topic spotting. This bit is ignored during 
training; 

[0061] Scope of Featureian attribute that determines the 
scope of a feature (e.g., use for queries only, use for 
documents only, use for both) 

[0062] FilteredOutiif set, the feature is not counted dur 
ing topic spotting. This differs from the Stop bit because it 
is set automatically in the ?ltering step of training. 

[0063] All of these attributes, except Count and Filtered 
Out, may be speci?ed in the form of evidential term 
attributes 630. TWo of the attributes are speci?ed implicitly: 
Edited (speci?ed implicitly by the evidential term in REE 
table 50) and WeightEdited (speci?ed implicitly by the 
Weight attribute of the evidential term in REE table 50). 

[0064] After REE table 50 is loaded, feature identi?er 40 
is executed and feature list 30 generated. Since feature 
identi?er 40 uses a computer process to identify terms to be 
placed in feature list 30, it is said to generate learned terms. 

[0065] At this point, Set-Up 210 is complete. Processing 
next ?oWs to step 220 and Counting Features commences. It 
is important to note that step 220 is optional. In other Words, 
if no training data is available or desired, this step may be 
skipped. When counting features 220 executes, tags 60 are 
read into the system, identifying the concepts associated 
With each document in the training set. Training documents 
are then processed by feature ?nder 10 (FIG. 1), Which 
creates a feature vector 100. Referring to FIG. 7, it is shoWn 
that feature ?nder 10 performs tWo tasks: convert a docu 
ment into a feature vector 100, Wherein each feature in the 
document is represented With a count of the number of times 
it occurred in the document; and to introduce BE-tags into 
the XML form of the document stored in the database. Once 
a feature has been recognized, it is entered into feature 
vector 100. As shoWn in FIG. 7, feature vector 100 repre 
sents the relevant topic-spotting features Within a segment of 
text Feature vector 100 consists of a plurality of feature 
elements 710. Each-feature element 710 contains a termID 
(Which may be a Symbol ID Sequence 440 for single-Word 
features, or a feature ID 510 for multiple-Word features), and 
a frequency count. To ?nd features Within text represented as 
a Symbol ID Sequence 440, a variably-siZed sliding WindoW 
is moved across the sequence. The subsequence of symbol 
IDs visible in the WindoW is looked up in feature table 80, 
Where feature sequences are stored. The ?rst time a feature 
is encountered, it is entered into feature vector 100, With a 
count of 1. Each subsequent time the feature is encountered, 
its count in feature vector 100 is incremented. While it is not 
shoWn in FIG. 7, feature elements 710 of feature vector 100 
include attributes (case, morphology, etc.) corresponding to 
the attributes stored in feature table 80. If a feature is 
matched that overlaps another feature, a feature element 710 
for the feature is added to the feature vector 100 and the 
Overlap attribute of that feature element 710 is set. If the 
feature is not case sensitive (i.e., exception string 530 is 
NULL), and the subsequence of symbol IDs equals the text 
visible in the WindoW, a feature element 710 for the feature 
is added to the feature vector 100. If the feature is case 
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sensitive, the present invention compares the non-normal 
ized form stored in feature table 80 With the string spanned 
by the symbol ID subsequence in the text. This comparison 
is case sensitive When scanning documents and case insen 
sitive When scanning queries. In essence, a user inputting a 
query at a terminal is given the bene?t of the doubt Whether 
they intended to capitalize a Word in the query, but failed to 
do so. If this comparison succeeds, again, the feature is 
found, and a feature element 710 for the feature (identi?ed 
by feature ID 510) is added to the feature vector 100 and the 
Case attribute of that feature element 710 is set. The same 
tWo-comparison mechanism is used to check for morpho 
logical matches When a feature’s Stemming attribute is set. 
When such a match is found, the Stemming attribute of its 
feature element 710 is set. Stop Words, punctuation signs, 
XML tags, etc. are not passed to feature vector 100. Finally, 
matches to single-Word, case sensitive features are a special 
case. In this case there is not enough information to tell 
Whether the text is trying to actually convey the feature, or 
the non-normalized form. For example, a text segment 
containing the Word “Apple” may refer to the company 
Apple or the text may be “Apple farmers . . . .” Therefore, 

for matches to single-Word, exactMatch features, both the 
FID 510 and the symbol ID 440 are inserted into the feature 
vectors 100. This does not result in an over count of Words 
that occur at the beginning of a sentence, because the present 
invention only outputs tWo IDs for a Word When it deter 
mines that text in its non-normalized form has a different 
meaning from the identical Word in its normalized form. As 
the input text is copied to the database, XML tags are 
inserted around the text recognized by the feature ?nder. 

[0066] Once feature vector 100 processing is completed 
for a document, the topic spotter matrix 90 is updated With 
the information in feature vector 100. This process of 
producing a feature vector 100 and updating topic spotter 
matrix 90 With the feature vector data is repeated for each 
document in the training document set. Updating the topic 
spotter matrix 90 from a feature vector 100 may be done as 
folloWs: for each feature in feature vector 100, if no roW 
exists for that feature, a roW is created, indexed by the 
TermID 560 for the feature; for each concept associated With 
the document, if no column exists for that concept, a column 
is created. If no matrix element for the feature/column pair 
exists, an element is created With an initial Count attribute 
set to zero. Then the Count attribute of the element is 
incremented by the count for this feature in feature vector 
100. 

[0067] If a user adds a feature to the synonym set, the 
frequency data for this feature in topic spotter matrix 90 
must be updated, and the Weights recomputed. Correspond 
ingly, if a user removes a feature from a synonym set, the 
frequency data for the removed feature must be determined 
and removed (given its changed membership), in order to 
recompute the Weights. One method for obtaining this 
information is to remove the feature, reprocess all docu 
ments, and perform a full retraining to recompute the 
Weights as a result of this edit operation. To avoid this full 
retraining, one embodiment of the present invention main 
tains frequency data for each member of a synonym set in 
the topic spotter matrix 90, in addition to the aggregate data 
stored in the synonym set/feature roW. If a feature is 
removed from a synonym set, the present system can sub 
tract its frequency data from the synonym set/feature data 
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and recomputed the Weights of the remaining synonym sets 
Without any additional document processing. 

[0068] After all documents have been classi?ed into fea 
ture vectors 100 and the topic spotter matrix 90 has been 
updated With all the feature vectors 100, processing ?oWs to 
step 230 (calculating Weights). The Weights are calculated 
from the counts produced in the previous step. In one 
embodiment, the formula for calculating the Weight is TF 
ICF, Which is term frequency (the number of times the term 
occurs at a category) times inverse category frequency (the 
inverse of the number of categories associated With the 
term). TF-ICF is based on the premise that a term T is a 
better predictor of a category C the more frequently T occurs 
at C and the less frequently T occurs at categories other than 
C. An extreme example is a feature appearing many times in 
only one category, that term occurring in a neW document 
should strongly predict that category. But note that a term 
appearing only once and only in one category could be just 
a misspelled Word. At the other extreme is a term that 
appears the same number of times in all categories. This 
term in a neW document gives us no useful information. 
TF-ICF is derived from a standard formula knoWn as 
TF-IDF, Where D refers to documents. Many formulas for 
calculating Weights are knoWn in the art, including math 
ematically sophisticated versions of TF-IDF or TF-ICF 
Which may take into account the number and size or pro 
portion of the training set tagged to each category, normalize 
the resulting Weights so as to make them more easily 
comparable, etc. In any event, a Weight calculating formula 
is applied to each element in topic spotter matrix 90 resulting 
in a Weight that is based on the distribution of terms in the 
training data. One embodiment of the present invention can 
assign Weights based upon the distribution of terms in the 
training data, and upon the human speci?cations in the REE 
table 50. Speci?cally, the present invention may utilize any 
combination of training data and/or REE edits to assign 
Weights (e.g., When no training is used, When no REE edits 
are used, and When a combination of REE edits and training 
data are used). In the ?rst case, the Weights explicitly 
speci?ed in REE table 50 are used unchanged. Weights can 
be assigned based on the distribution of features in the REE 
table 50 (Which corresponds to the distribution of features in 
the topic spotter matrix) When no Weight is speci?ed. For 
example, some form of TC-ICF may be applied Where the 
term frequency in the absence of training data is taken to be 
one for every matrix element constructed When REE table 
50 Was loaded. In this case, a classi?er With only manually 
chosen features results, but it has operating characteristics of 
a statistical classi?er because of the Way the Weights are 
assigned. It is related to rule-based classi?ers in that humans 
specify all of the features used in classi?cation, but differs 
from rule-based classi?ers in that these features do not take 
the form of rules. In the second case, Weights are based 
solely on the distribution of terms in the training data. The 
third case relies on data in REE table 50 and training data. 
For a given element in topic spotter matrix 90, if it is in REE 
table 50 and a value for the Weight attribute is speci?ed, the 
value of that attribute is used as the Weight. OtherWise, it is 
computed based on a combination of its distribution in the 
training data and in REE table 50. This folloWs from the fact 
that feature occurrences in both REE table 50 and in the 
training data contribute to the Count attribute of a topic 
spotter matrix element, and that attribute represents the 
frequency used in the TF-ICS computation. 



US 2006/0143175 A1 

[0069] The relative effect of features present in REE table 
50 versus features present in training data may be controlled 
in several Ways. First, the effect of REE table 50 may be 
increased by increasing the default value for the Count 
attribute used When loading REE table 50. Second, a scaling 
parameter S betWeen 0 and 1 may be applied as a multiplier 
of the Weights associated With learned features. Setting S=0 
Will force the system to consider only the human evidential 
terms. Increasing this parameter increases the contribution 
of the learned terms, until the limit S=1 at Which the learned 
terms are considered equal to the human evidential terms. 
Third, Weights for human evidence may be set by the system 
(statistical Weights for human evidential terms) or by a 
person (human Weights for human evidential terms). For a 
human evidential term Which has a human Weight, the 
system still calculates a learned Weight even though this 
Weight is not used in the standard classi?cation operation. 
Consider tWo sets of evidence With Weights: a) All human 
evidential terms, With human Weight and learned Weight; b) 
human evidential terms and learned evidence terms, With 
learned Weights. A mixing parameter lambda, betWeen 0 and 
1, With a multiplier of (1—lambda) is used for Weights from 
model A, and a multiplier of lambda used for model B. The 
mixture model, (1—lambda)*A+lambda*B, is variable 
betWeen fully human speci?ed performance (at lambda=0), 
and fully learned performance (at lambda=l). 

[0070] After the calculating Weights step 230 is com 
pleted, processing ?oWs to step 240, Where ?ltering occurs. 
The ?ltering step alloWs a user to identify those features that 
are usefull for categorization and to discard those features 
that are not useful. More speci?cally, the ?ltering step alloWs 
the user to ?lter out or discard matrix elements since a 
feature may be useful evidence for categoriZing into one 
category but not another. The process of ?ltering an element 
out means setting a bit to denote that the element is disabled. 
When documents are classi?ed, the disabled element Will 
not contribute to the classi?cation. One embodiment of the 
present invention includes tWo separate ?lters: (1) Min 
Weightia loWer threshold for the Weight of a feature; 
Features With loWer Weights get ?ltered out; and (2) Featu 
resPerConceptian integer designating the number of fea 
tures kept for each category. More ?lters may be applied, 
and other ?lters are knoWn in the art. Completion of the 
?ltering process completes the training phase of the subject 
invention. The topic spotter matrix 90 gives the user a 
concise representation of the relationships betWeen features 
and concept nodes in the training documents. 

[0071] This disclosure describes the training phase as 
comprised of four steps. HoWever, it is important to note that 
all four steps are not necessary during a particular training 
session. At the completion of the training phase, the system 
may consist of classi?cation data based solely on user 
inputs, based solely on automatically classi?ed data (skip 
ping the user-input steps) or based on a combination of user 
inputs and automatically classi?ed data. The timing phase is 
also recursive in that it may be executed, revieWed by a user, 
and then re-executed at least one other time to re?ne the 
previously revieWed results. 

[0072] Once the training phase is completed, the topic 
spotter may be executed to classify text. While this descrip 
tion mainly refers to the process of classifying documents, 
it is important to keep in mind that any machine-readable 
text may be classi?ed, including text input by a user With no 
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persistent storage (such as from a text box in a user inter 
face). FIG. 8 shoWs the inputs, processing and outputs of the 
topic spotter. As shoWn in FIG. 8, topic spotter 810 is 
comprised of feature ?nder 10, feature vector 100, and a 
classi?er 820. Classi?er 820 is further comprised of a topic 
spotter matrix 90. In operation, feature ?nder 10 uses 
symbol table 70 and feature table 80 created during the 
training phase and produces a feature vector 100 from the 
input document, and a BE-tagged version of the document. 
BE-tagging and feature vector production are performed as 
folloWs: the text of the document is copied as it is scanned 
for features. Each time a feature is recogniZed, it is placed 
into feature vector 100 together With its attributes. An initial 
BE-tag, the text of the feature, and the terminating BE-tag 
are inserted into the document copy. Feature vector 100 is 
used to classify the document. If a user query is being 
classi?ed, the resulting feature vector has an attribute 
(Scope) set to Query; if it is a document being classi?ed, the 
Scope attribute is set to Document. 

[0073] The classi?cation process is akin to a matrix mul 
tiplication in that each document’s feature vector 100 is 
applied to the matrix. For each feature in the vector 100, for 
each column of the matrix, the Weight in the matrix element 
for the roW indexed by the TermID of the feature is multi 
plied by the count of the feature in the vector 100 and the 
result is added to a running sum associated With the concept 
represented by that column. Once all features in vector 100 
have been processed in this manner, the value in each 
running sum is the score of its concept. If a score is beloW 
a threshold (Which is a parameter), that concept is elimi 
nated. The remaining concepts are sorted by score into a list, 
and the top N concepts on the list are selected. These N 
concepts are the categories into Which the document is 
classi?ed, and the score provides a con?dence measure of 
the classi?cation. 

[0074] FIG. 9 shoWs a mathematical representation of 
topic spotting as a matrix multiplicationithe matrix is 
multiplied by the vector of features, and the result is a vector 
of concepts. The equation in FIG. 9 is comprised of three 
elements: concept CJ- (concept), Wij (Weight), and (feature). 
Feature vector F represents a document/query. It is multi 
plied by a matrix W to provide a concept vector C. Matrix 
W is a feature-concept matrix. Each matrix element Wil 
represents the strength of association betWeen feature and 
concept Cj. If Wii is non-Zero, then is evidence for Cj. 
Values for matrix element Weights Wij are real numbers 
betWeen —1.0 and 1.0. Such matrix processing is Well knoWn 
in the art and techniques for e?icient multiplication using a 
sparse matrix representation are knoWn. A user can set the 
Weights via REE table 50, Which in one embodiment, is the 
only Way to introduce negative Weights. A Weight of Zero 
means in a document (or query) D does not in?uence 
Whether D gets tagged to Cj. A positive Weight means D is 
more likely to get tagged to C], and a negative Weight means 
D is less likely to get tagged to Cj. The classi?cation step as 
described above is augmented With several novel aspects 
that use the matrix element attributes (evidence attributes) to 
affect the classi?cation procedure. A matrix element con 
tributes to a concept’s score if that matrix element’s Weight 
times its feature’s count is added to the running sum for that 
concept. In order to affect classi?cation, the running sum has 
several attributes in addition to the sum itself, and as the 
running sum becomes the score for the concept, the score 
carries these attributes. Feature vectors 100 and feature 
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vector elements 710 also have attributes determined during 
the operation of feature ?nder 10. If any of the matrix 
elements that contribute to a concept’s score have the 
RejectConcept attribute set, the RejectConcept attribute of 
the running sum is set. Prior to selection of the top N 
concepts, any concept Whose score carries the RejectCon 
cept attribute is eliminated. If any of the matrix elements that 
contribute to a concept’s score have the DirectHit attribute 
set, the DirectHit attribute of the running sum is set. Prior to 
selection of the top N concepts, any concept Whose score 
carries the DirectHit attribute is moved to the front of the 
list. If there are more than N concepts carrying the DirectHit 
attribute, all of them are selected. If any of the matrix 
elements that Would contribute to a concept’s score have the 
Stop or FilteredOut attribute set, such a matrix element does 
not contribute to the concept’s score. (In other Words, the 
presence of the stop or ?ltered out attribute causes the matrix 
element’s Weight times its feature’s count not to be added to 
the running sum). If any of the matrix elements that Would 
contribute to a concept’s score have the Case attribute set 
and its feature does not have the Case attribute set in the 
feature vector 100, such a matrix element does not contrib 
ute to the concept’s score. If any of the matrix elements that 
Would contribute to a concept’s score have the Stemming 
attribute set and its feature does not have the Stemming 
attribute set in the feature vector 100, such a matrix element 
does not contribute to the concept’s score. If any of the 
matrix elements that Would contribute to a concept’s score 
have the Overlap attribute set to DisalloWed and its feature 
has the Overlap attribute set in the feature vector 100, such 
a matrix element does not contribute to the concept’s score. 
If any of the matrix elements that Would contribute to a 
concept’s score have the Scope attribute set to QueryOnly 
and its feature has the Scope attribute set in the feature 
vector 100 to Document, such a matrix element does not 
contribute to the concept’s score. Correspondingly, if any of 
the matrix elements that Would contribute to a concept’s 
score have the Scope attribute set to DocumentOnly and its 
feature has the Scope attribute set in the feature vector 100 
to Query, such a matrix element does not contribute to the 
concept’s score. 

[0075] There is a system parameter that controls Whether 
statistically de?ned features (learned evidence) are to be 
used during classi?cation. If the system parameter is set to 
HumanOnly, then any of the matrix elements that Would 
contribute to a concept’s score that do not have the Edited 
attribute set do not contribute to the concept’s score. 

[0076] Unlike prior art statistical text classi?ers, the 
present invention alloWs users to not only to specify fea 
tures, but to identify the categories to Which those features 
are relevant. The result is that a speci?ed feature may have 
an effect on classi?cation largely or only to a speci?ed 
concept (depending on the parameter that controls the con 
tribution of human evidential terms versus the contribution 
of learned evidential terms). The importance of this in 
preventing false correlations can be easily seen. Suppose 
one concept is Litigation and another concept is Product 
Recalls. A person might Well identify “laWsuit” as a feature 
With the Litigation concept in mind. In a standard statistical 
classi?er, in Which it is not possible to specify that “laWsuit” 
is relevant to Litigation, its distribution in the training data 
Will completely determine its effect on classi?cation. If the 
classi?er is trained on neWs articles, a higher than average 
number of occurrences of “laWsuit” is likely to appear in 
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articles about Product Recalls. The resulting classi?er Will 
contain a false correlation betWeen “laWsuit” and Product 
Recalls. That is, it Will tend to classify documents about 
litigation to the Product Recalls category even if they do not 
concern recalls. In the present invention, it is possible to 
specify that “laWsuit” is relevant to Litigation (via the REE) 
and it is possible to control the contribution of human 
evidential terms versus the contribution of learned evidential 
terms. In other Words, the effect of the appearance of 
“laWsuit” in the training data for Product Recalls can be 
minimiZed or eliminated. The effect can be eliminated by 
setting the system parameter controlling the use of statisti 
cally learned features to HumanOnly. Note that this is not 
the same as ignoring the training data. The Weights assigned 
to the human-speci?ed features Which are used re?ect the 
distribution of those features in the training data. The effect 
can be minimiZed While still using statistically learned 
features by setting the system parameter to UseAllFeatures 
rather than to HumanOnly and by setting the default value 
for the Count attribute used When loading REE table 50 to 
a high value, setting the scaling factor S to a loW value, or 
setting the mixing parameter lambda to a loW value. 

[0077] One embodiment of the present invention can 
group categories, or use distinct (exclusive) sets of related 
categories, it can classify against multiple sets of categories 
(perspectives) as a single operation, and classi?cation 
against one perspective can affect classi?cation against other 
perspectives. Each perspective relates to a distinct aspect of 
the text to be classi?ed. Consider three perspectives on neWs 
stories: geography (Where the story took place), business 
entities (What companies the story is about) and topic (What 
the story is about). The features that are relevant to geog 
raphy (typically place names) and their desired effect on 
classi?cation are largely different from the features relevant 
to business entities (typically company names) and their 
desired effect, Which are largely different from the features 
relevant to topic (a much broader class of features) and their 
desired effect. Note that the same textual feature may Well be 
relevant to multiple perspectives (“Apple” may refer to a 
business entity or a crop Whose price just fell). The catego 
ries or concepts that make up a perspective “compete” 
against one another for documents but do not “compete” 
against other perspectives. That is, an article about the 
Japanese ?shing industry that happens to mention a cannery 
in Canada may be more relevant to Japan than to Canada, but 
it is not more relevant to Japan than to ?shingithose aren’t 
competing concepts. Therefore parameters such as the 
threshold above Which a score must be to classify a docu 
ment to a concept, and the number of concepts selected from 
those scored by the topic spotter (the top N) are speci?ed per 
perspective. 

[0078] The ability to avoid or minimiZe the effect of false 
cross-correlations that stem from training data is crucial 
When building a classifer that classi?es against multiple 
perspectives. Suppose a category in a Topic perspective is 
Litigation and a category in a Business Entity perspective is 
Microsoft. If the classi?er Were trained on neWs articles 
during the antitrust suit against Microsoft. “Microsoft” 
Would very likely become a statistically-learned feature 
correlated With Litigation, because so many neWs articles 
that Were about Litigation Were about that antitrust suit, and 
mentioned Microsoft. 
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[0079] Recall that the Weights in the topic spotter matrix 
elements are set based not only on the appearance of a 
feature in training data tagged to a category and in an REE 
table entry for a category, but also based on the distribution 
of that feature in other categories. It is desirable to limit that 
dependence to the distribution of that feature in other 
categories in the same perspective. The relative frequency of 
the term “Microsoft” in training data tagged to the Microsoft 
category should be very high compared With its frequency of 
occurrence at other categories in the Business Entity per 
spective (such as IBM, Proctor & Gamble, . . . ). Its relative 
frequency may not be as high if categories in other perspec 
tives are included-such as Software Products. For this rea 

son, the training formula, When calculating the Weight for a 
matrix element in the column of a particular category, takes 
into account Which perspective that category is in, and limits 
its computation of ICE to those categories in the same 
perspective. In one embodiment of the present invention, all 
?lter parameters are per perspective. 

[0080] In the classi?cation phase, the relationships iden 
ti?ed in the training phase are used to classify documents, 
and identify the most closely related categories. In opera 
tion, the topic spotter processes one document at a time. In 
other Words, a ?rst document is completely tagged by the 
topic spotter before a second document is inputted for 
processing. This continues until all of the documents have 
been processed. In this Way, the present invention may be 
con?gured to tag documents in a hierarchical sequence. A 
tagging hierarchy of perspectives is input; it speci?es an 
association betWeen a category C in one perspective P1 and 
a second perspective P2 (Which is thereby considered to be 
loWer in the tagging hierarchy). A document is classi?ed to 
categories in P2 only if it is classi?ed to category C. Thereby 
the results of document classi?cation for a second perspec 
tive loWer in the tagging hierarchy depend on the results of 
document classi?cation for a ?rst perspective higher in the 
tagging hierarchy. Note that this can assign a document to 
quite a different set of categories than if no hierarchical 
tagging Were done. In one embodiment, each document is 
?rst classi?ed against a set of perspectives. Depending on 
the resulting set of tags, it is tagged against other perspec 
tives in accordance With the tagging hierarchy. For example, 
assume the folloWing: there are four perspectives, P1 With 
categories C1 and C2, P2 With categories C3 and C4, P3 
With categories C5 and C6, and P4 With categories C7 and 
C8. Assume that a document D Would tag to C1 in P1, to C3 
in P2, to C6 in P3, and to C7 in P4. Assume the tagging 
hierarchy is as folloWs: P1 is at the top. C1“controls” P2, 
that is, documents are tagged against P2 only if they Were 
tagged to category C2. C2“controls” P3. C3 controls per 
spective P4. In this embodiment, D Would ?rst be tagged 
against P1, resulting in a tag to C1. It Would then be tagged 
against P2, according to the tagging hierarchy, and this 
Would result in a tag to C3. It Would then be tagged against 
P4, resulting in a tag to C7. It Would never be tagged against 
P3, because it Was not tagged to C2, Which controls P3, so 
it does not receive tag C6 (C is not classi?ed into category 
C6). In another embodiment, each document is classi?ed 
against all perspectives in a single operation. Resulting tags 
that violate the tagging hierarchy are eliminated. Given the 
same example, in this embodiment, D initially receives tags 
C1, C3, C6, and C7. Tag C6 violates the tagging hierarchy 
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because it is in P3, Which is controlled by C2, but there is no 
tag to C2, so it is eliminated. Both embodiments produce the 
same set of ?nal tags. 

[0081] Another capability of the present invention is to 
classify based upon particular regions of the documents. 
Consider a document that ?rst discusses a symptom, then the 
cause of the symptom, then the remedy. If this document 
Were classi?ed against a Symptoms perspective it Would 
classify Well if it Were classi?ed based on the text of the 
symptoms region of the document, and may classify poorly 
if it Were classi?ed based on the entire text of the document 
(for example, the symptom region of the document may talk 
about fainting and the cause section of the document may 
talk about loW blood sugar. LoW blood sugar may itself be 
a symptomisay, of diabetes). This capability is achieved by 
additional input parameters, additional functionality in fea 
ture ?nder 10 and additional functionality in updating topic 
spotter 90. An input parameter XMLRegions de?nes a set of 
XML tags. Text enclosed in those tags (such a region of text 
is called an XML region) are used in classifying a document; 
text not enclosed in those tags are ignored When classifying 
the document. If none of the XML tags is present in the 
document, a second input parameter UseWholeDoc controls 
Whether the entire document is used for classi?cation or the 
entire document is ignored (the document is not classi?ed). 
When feature ?nder 10 is processing a document, it con 
structs one feature vector 100 for the Whole document, and 
one feature vector 100 for each XML region. It does this as 
folloWs: a feature vector has an XMLTag attribute identify 
ing an XML tag; if this attribute is null, the feature vector is 
for the entire document. When feature ?nder 10 encounters 
an XML beginning tag in the text, it looks the tag up in the 
XLMRegions parameter. If it ?nds it, it checks to see if a 
feature vector for that XML tag already exists, and if not, 
makes one setting its attribute to that tag. It also sets a ?ag 
in its memory to the effect that it is processing Within that 
XML region. When it matches a feature, it creates a feature 
vector element in each feature vector for an XML tag for 
Which the ?ag is set, along With a feature vector element for 
a feature vector for the entire document. When feature ?nder 
10 encounters an XML end tag in the text, it looks the tag 
up in the XLMRegions parameter. If it ?nds it, it clears the 
?ag to re?ect the fact that it is no longer processing Within 
that XML region. No feture vector elements Will be added to 
the feature vector for that XML region until another begin 
ning XML tag for that region is encountered. Topic spotter 
90 is updated during training and computes scores for 
categories during classi?cation With all feature vectors 
Whose XMLTag is not null. If no such feature vectors exist 
for a document, then if the UseWholeDoc attribute is set, 
topic spotter 90 is updated during training and computes 
scores for categories during classi?cation With the feature 
vector for the entire document. In this Way, the present 
invention may be con?gured to train and topic spot Within 
speci?c XML regions. 
[0082] This is extended to alloW the use of a different 
(possible overlapping) sets of XML regions for each per 
spective. Its easy to see that if a document Were classi?ed 
against a Symptoms perspective, a Causes perspective, and 
a Remedies Perspective, the document Would classify Well 
if it Were classi?ed against the Symptoms perspective based 
on the text of the symptoms region of the document, if it 
Were classi?ed against the Causes perspective based on the 
text of the causes region of the document, and if it Were 












