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AUTOMATICTEXT SKIMMING USING 
LEXICAL CHAINS 

RELATED APPLICATION 

0001 Under provisions of 35 U.S.C. S 119(e), the Appli 
cant claims the benefit of U.S. provisional application No. 
60/956,160, filed Aug. 16, 2007, which is incorporated herein 
by reference in its entirety. 

BACKGROUND 

0002 Automatic text skimming using lexical chains is a 
process for enabling people to skim electronic documents. In 
Some situations, a person who is blind or sight-impaired, 
reading any printed information is difficult. For example, 
reading with a sight impairment is difficult and time consum 
ing. Also, listening to text read out loud is slow. When search 
ing for the right Scientific paper, a blind or sight-impaired 
researcher cannot (as a sighted reader might) quickly skim 
through a paper, identifying key points to determine if the 
paper is relevant. 

SUMMARY 

0003. Automatic text skimming using lexical chains may 
be provided. First, at least one lexical chain may be created 
from an electronic document. Next, a list of positions within 
the electronic document may be created. The positions may 
include where at least one concept represented by one of the 
at least one lexical chain is mentioned. In addition, a list of the 
position where the at least one concept is mentioned may be 
assembled. A selection of at least one concept may be 
received from the list. 
0004. It is to be understood that both the foregoing general 
description and the following detailed description are 
examples and explanatory only, and should not be considered 
to restrict the invention's scope, as described and claimed. 
Further, features and/or variations may be provided in addi 
tion to those set forth herein. For example, embodiments of 
the invention may be directed to various feature combinations 
and sub-combinations described in the detailed description. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0005. The accompanying drawings, which are incorpo 
rated in and constitute a part of this disclosure, illustrate 
various embodiments of the present invention. In the draw 
1ngS. 
0006 FIG. 1 is a block diagram of a system including a 
computing device; 
0007 FIG. 2 is a flow chart of a method for providing 
automatic text skimming using lexical chains; 
0008 FIG. 3 is a flow chart of a subroutine used in the 
method of FIG. 2 for creating at least one lexical chain from 
an electronic document; 
0009 FIG. 4 is a table of contents for a paper; 
0010 FIG. 5 is an annotated table of contents: 
0011 FIG. 6 is a listing of global chains for a paper; 
0012 FIG. 7 shows a screenshot of a text skimmer; 
0013 FIG. 8 show a screenshot of a text skimmer having 
highlighted text; 
0014 FIG. 9 shows lexical chains scoring: 
0015 FIG. 10 shows a table consisting of terms that share 
the headword function; 
0016 FIG. 11 shows lexical chains generated using the 
shared modifier relation; 
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0017 FIG. 12 shows lexical chains: 
0018 FIG. 13 shows asymmetric comparisons between 
two lexical chains; 
0019 FIG. 14 shows a table showing technical terms: 
(0020 FIG. 15 shows examples of adjectives from the ACL 
Anth Corpus; 
0021 FIG. 16 shows some adjectives taken from the ACL 
Anth Corpus along with results from a Predication test; 
0022 FIG. 17 shows some adjectives taken from the ACL 
Anth Corpus along with the results from the Gradability test; 
0023 FIG. 18 shows a table showing conjunction test 
results; 
0024 FIG. 19 shows a table showing characteristic adjec 
tives; 
0025 FIG. 20 shows variation in the number of chains 
created by annotators; 
0026 FIG. 21 shows the number of terms used in lexical 
chains; 
(0027 FIGS. 22 and 23 show identical lexical chains by 
different annotators for papers P, and P. respectively; 
0028 FIG. 24 shows percentages of human-generated 
lexical chains that contain one or more terms involving an 
adjective; 
(0029 FIGS. 25 and 26 show examples of all adjectives 
used by annotators for paper P : 
0030 FIG. 27 shows adjectives used by humans from 
paper P that were deemed to be characteristic by adjective 
tests; 
0031 FIG. 28 shows adjectives used by humans with a 
non-characteristicness score; 
0032 FIG. 29 adjectives used by an annotator and 
assigned high non-characteristic-ness scores by filters. 
0033 FIG. 30 shows some human-generated lexical 
chains comprising terms that share the same head; 
0034 FIG. 31 shows pairs of terms: 
0035 FIG. 32 shows lexical chains: 
0036 FIG. 33 shows examples of two human-generated 
lexical chains created by the same annotator for two different 
concepts in the same text; 
0037 FIG. 34 shows an example of a comparison of lexi 
cal chains created by two annotators; 
0038 FIG. 35 shows chains from annotators that were 
chosen in the Coarse gold standard; 
0039 FIG. 36 shows statistics of how choices: 
0040 FIG. 37 shows type-based agreement scores; 
0041 FIG.38 shows instances when measures agree with 
a gold Standard; 
0042 FIG. 39 shows disagreement between measures 
shown in FIG. 38; 
0043 FIG. 40 shows different chain matches under differ 
ent similarity measures; 
0044 FIG. 41 shows different chain matches under differ 
ent similarity measures for a second case; 
0045 FIG. 42 shows coarse comparison results for the 12 
similarity measures; 
0046 FIG. 43 shows the fine comparison results for the 12 
similarity measures; 
0047 FIG. 44 shows task 1 (paper P) as the characteris 
tic-ness threshold varies; 
0048 FIG. 45 shows task 1 (paper P) as the characteris 
tic-ness threshold varies; 
0049 FIG. 46 shows similarity scores for task 1 (paper P) 
with X=3; 
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0050 FIG. 47 shows significance for task 1 (paper P) 
with X=3; 
0051 FIG. 48 shows similarity scores for task 1 (paper P) 
with X=16: 
0052 FIG. 49 shows significance for task 1 (paper P) 
with X=16: 
0053 FIG. 50 shows task 2 (paper P) as the characteris 
tic-ness threshold varies; 
0054 FIG.51 shows similarity scores for task 2 (paper P) 
with X=20; 
0055 FIG. 52 shows significance for task 2 (paper P) 
with X=20; 
0056 FIG. 53 shows task 2 (paper P) as the characteris 
tic-ness threshold varies; 
0057 FIG. 54 shows similarity scores for task 2 (paper P) 
with X=12; and 
0058 FIG. 55 shows significance for task 2 (paper P) 
with X=12. 

DETAILED DESCRIPTION 

0059. The following detailed description refers to the 
accompanying drawings. Wherever possible, the same refer 
ence numbers are used in the drawings and the following 
description to refer to the same or similar elements. While 
embodiments of the invention may be described, modifica 
tions, adaptations, and other implementations are possible. 
For example, Substitutions, additions, or modifications may 
be made to the elements illustrated in the drawings, and the 
methods described herein may be modified by substituting, 
reordering, or adding stages to the disclosed methods. 
Accordingly, the following detailed description does not limit 
the invention. Instead, the proper scope of the invention is 
defined by the appended claims. 
0060 Automatic text skimming using lexical chains may 
be provided. Consistent with embodiments of the present 
invention, the difficulty that sight-impaired (e.g. blind) 
people have in accessing information from text may be 
addressed. In particular, Such users may be provided with an 
aid for finding content in texts. To assist readers, sight-im 
paired or otherwise, topics may be represented by lexical 
chains. The lexical chains may connect directly to individual 
text units (e.g. individual terms or multi-word terms). The 
lexical chains may be presented to a user Such that the user can 
select a particular lexical chain. Once the lexical chain is 
selected, text within a document may be highlighted to allow 
the user to focus only on relevant text. In addition, text not 
associated with the selected lexical chain may be hidden, so 
as to not be visible to the user, leaving only relevant text 
visible. 
0061. Other concepts consistent with embodiments of the 
invention include, but are not limited to, evaluating the quality 
of automatically-identified lexical chains in text, improving 
the quality of automatically-generated lexical chains in text, 
identifying adjectives used in technical terms, navigating 
through an electronic text usinglexical chains, and navigating 
through a collection of electronic texts using lexical chains. 
0062. A list of definitions follows. While the following 
definition list states how each term may be defined, other 
definitions may apply and the terms are not so limited. 
0063 Lexical Chain: A collection of words or multiword 
phrases, (henceforth terms) that are related to each other or to 
the same concept or topic. For example, words in a lexical 
chain may be related by Semantic relations (e.g., they may be 
synonyms). 
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0064 Collocation: Adjacent words that occur together 
with probability (or frequency) greater than chance. 
0065 Technical Term: A type of collocation that has spe 
cial meaning in a technical domain or field (i.e., technical 
terminology). 
0.066 Characteristic Adjective: An adjective that is char 
acteristic (or necessary) in representing the meaning of a 
technical term in a text. If a characteristic adjective is 
removed from a technical term then the meaning of the origi 
nal term is lost. For example, “intellectual property” is a 
technical term in the field of law. If the adjective “intellectual 
is removed (leaving the word “property”) then the meaning of 
the original term is lost. This is a novel definition and the 
algorithm for recognizing characteristic adjectives is also 
novel. 
0067. Non-characteristic Adjective: A non-characteristic 
adjective as an adjective that is not characteristic (or neces 
sary) in representing the meaning of a technical termina text. 
If a non-characteristic adjective is removed from a technical 
term (or collocation) then the original term is not lost. For 
example, “valuable property” refers to property that has high 
value. However, “valuable property” is not a technical term 
having a separate meaning from “property, as is the case 
with “intellectual property”. This is a novel definition and the 
algorithm for distinguishing between characteristic adjec 
tives and non-characteristic adjectives is also novel. 
0068 Annotated Table of Contents: A representation (or 
visualization) of the contents of a text that may consist of the 
following: 

0069. 1. A list of chapter titles or section/subsection 
titles in a text may be presented. 

0070 2. Under each title from stage 1, a list of concepts 
(or lexical chains) referred to in that chapter/section/ 
Subsection may be presented. 

0071 3. Each concept (or lexical chain) from stage 2 
may be associated with Some or all sentences in the text 
that refer to that concept. Clicking on a concept may 
highlight some or all sentences in the text that refer to the 
concept. 

0.072 4. Each concept (or lexical chain) from stage 2 
may be associated with one or more pages from the text 
that refer to the concept somewhere on the page. 

0073. To construct an Annotated Table of Contents 
0074 1. Start with a text. 
0075 2. Create lexical chains from the text. Each lexical 
chain represents a concept discussed in the text. 

0.076 3. For each lexical chain, create a list of positions 
in the paper (denoted by sentence numbers and possibly 
page numbers) where the concept represented by that 
lexical chain is mentioned. 

0.077 4. Using chapter, section, or subsection heading 
information (provided by the paper's author as part of 
the written paper), make records of how many times 
each chain is mentioned in each section or Subsection. 

0078 5. For each chapter/section/subsection, make a 
list of the most used lexical chains in that chapter/sec 
tion/subsection. 

0079 6. Assemble a list of all of the chapters, sections, 
or subsections and their titles from the paper and all of 
the lists of lexical chains used in each section or Subsec 
tion. This makes up the Annotated Table of Contents. 
The user is presented with the concepts (or lexical 
chains) directly in the Annotated Table of Contents. 
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0080. To build a document index for a search engine using 
lexical chains: 

I0081 1. An annotated table of contents (including lexi 
cal chains) is created for every document to be indexed 
by the search engine. 

I0082 2. Each lexical chain is recorded along with the 
locations of all sentences in the document that reference 
that lexical chain. 

0083. 3. The contribution of each lexical chain to the 
representation of the document is computed. For 
example, a lexical chain representing a key concept in 
the document receives a higher score thana lexical chain 
representing a minor point in the document. 

I0084. 4. All technical terms (one or more words) used in 
any lexical chain for the document are recorded in a list. 

0085 5. For each technical term, and for each lexical 
chain for the document, the contribution of the term to 
the content of the lexical chain is computed. 

I0086. The document index may include the following 
information for each document: 

0087. 1. A list of lexical chains created for the docu 
ment. For each lexical chain, the following may be pro 
duced: 
I0088 (a) a list of all locations in the document (de 
noted by sentence numbers and possibly page num 
bers) referencing the lexical chain; 

I0089 (b) a list of all page numbers in the document 
that correspond to pages containing one or more sen 
tences referencing the lexical chain; 

0090 (c) a number (score) denoting the contribution 
of that chain to the representation of the document; 

0091 2. A list of all terms used in lexical chains for that 
document. For each term, the following may be pro 
duced: 
0092 (a) a list of all lexical chains (denoted by chain 
identifiers) for the document that contain that term; 

0093 (b) a number (score) denoting the contribution 
of that term to the representation of the document— 
This score may be computed using the following: 
0094) i. for each lexical chain containing the term, 
a number (score) denoting the contribution of the 
term to that lexical chain; 

0.095 ii. for each lexical chain containing the term, 
the contribution of that lexical chain to the repre 
sentation of the document; 

0.096 iii. for each lexical chain containing the 
term, the contribution of the term to that lexical 
chain; 

0097 3. A list of all single words used in any technical 
terminany lexical chain for the document. For each Such 
single word, the following may be produced: 
0.098 (a) a list of all lexical chains (denoted by chain 
identifiers) for the document that contain that word in 
a technical term or by itself: 

0099 (b) for each lexical chain containing a term that 
includes that word, a number (score) denoting the 
contribution of the word to that lexical chain. This 
score may be computed using the following: 
0.100 i. the number of terms in the lexical chain 
that contain the word; 

0101 ii. for each term used in the lexical chain that 
contains the word, the number of words in that 
term; 
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0102 iii. for each term used in the lexical chain 
that contains the word, whether the word is the head 
word of that term (right-most word) or a modifier 
(to the left of the head); 

0103 (c) a number (score) denoting the contribution 
of that word to the representation of the document— 
This score may be computed using the following: 
0104 i. for each lexical chain that includes that 
word, the contribution of that chain to the represen 
tation of the document; 

0105 ii. for each lexical chain that includes that 
word, the contribution of the word to that lexical 
chain; 

0106 iii. for each technical term containing the 
word, the number of words in that term; 

0107 iv. for each technical term containing the 
word, whether the word is the head word of that 
term (right-most word) or a modifier (to the left of 
the head); 

0108. The index also includes the following global infor 
mation: 

0.109 1. A list of all terms used in any lexical chain for 
any document in the index. For each term in the index, a 
sorted list of documents (denoted by document identifi 
ers) containing the term in a lexical chain The list of 
document identifiers is sorted in descending order based 
on the contribution scores of the term to the documents. 

0110 2. A list of all single words used in any lexical 
chain for any document in the index. For each single 
word in the index, a sorted list of documents (denoted by 
document identifiers) containing the word in a lexical 
chain. The list of document identifiers is sorted in 
descending order based on the contribution scores of the 
word to the documents. 

0111. The text of a document may or may not be stored in 
the document index. 
0112 To perform a concept-based search using the lexical 
chain index: 

0113 1. A user submits a query to the search engine. 
0114 2. Check combinations of adjacent words in the 
query to see if the query contains one or more multiword 
terms from the list of terms in the index. 

0115 3. For each single word in the query, retrieve from 
the index the list of all documents that have a lexical 
chain that includes the word. Note that this list also 
contains all documents containing multiword terms that 
include that word. 

0116 4. Take the union of the lists of documents 
retrieved above. 

0117 5. For each document in the combined list, com 
pute the relevance of that document to the query—This 
may be computed using the following: 
0118 (a) the number of words in the query; 
0119 (b) the number of words in the query that are 
used in the document by a lexical chain; 

I0120 (c) for each word in the query that is used in the 
document by a lexical chain, the contribution of the 
word to the representation of the document; 

I0121 (d) the number of multiword terms in the index 
that were found to be present in the query; 

I0122) (e) for each multiword term in the query, the 
contribution of that term to the representation of the 
document; 
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0123 Note that since only words or terms in the query that 
appearin lexical chains are used in the search, there is no need 
for a stop-list (i.e. a list of common words like the that may 
add noise to a search). A stoplist may or may not be used in 
this algorithm or in conjunction with this algorithm. 
0.124. The method described above for performing a key 
word search can be applied to entire sentences or even entire 
paragraphs as follows: 

0.125 1. Extract a list of words, technical terms, or col 
locations from a natural language query (i.e., a sentence 
or paragraph). 

0.126 2. Perform the concept-based search described in 
Section 6 using the list of terms produced in the previous 
step as the final search query. 

0127. The Adjective Filtering Algorithm produces as out 
put a list of adjectives deemed to be non-characteristic by the 
algorithm. Adjectives in this list can be treated as adjectives 
that do not occur in technical terminology. 
0128. This algorithm can be used to identify characteristic 
adjectives and to distinguish between characteristic adjec 
tives and non-characteristic adjectives. 
0129. Since technical terms make up a subset of all collo 
cations, methods of identifying collocations can return as 
output collocations that are not technical terms. 
0130. The Adjective Filtering Algorithm can be combined 
with an existing independent algorithm for identifying collo 
cations to produce a more accurate list of technical terms. 
This can be done by either of the following two algorithms. 
0131 Algorithm 1: 
I0132 1. Start with a list of characteristic adjectives 
produced by the Adjective Filtering Algorithm. 

0.133 2. Take a collocation that was identified by any 
collocation recognition algorithm. 

0.134 3. If the collocation begins with an adjective A, 
check to see if A is included in the list of characteristic 
adjectives. 

I0135 4. If the answer to stage 3 is YES then mark the 
collocation as a technical term. 

0.136 5. If the answer to stage 3 is NO then mark the 
collocation as not being a technical term. 

0137 Algorithm 2: 
0.138 1. Start with a list of non-characteristic adjectives 
produced by the Adjective Filtering Algorithm. 

0.139 2. Take a collocation that was identified by any 
collocation recognition algorithm. 

0140. 3. If the collocation begins with an adjective A, 
check to see if A is included in the list of characteristic 
adjectives. 

(0.141. 4. If the answer to Step 3 is YES then mark the 
collocation as not being a technical term. 

0142 5. If the answer to Step 3 is NO then mark the 
collocation as a technical term. 

0143 An embodiment consistent with the invention may 
be implemented within a system for automatic text skimming 
using lexical chains. The system may include a processor in 
which the invention may be embodied. The processor may 
comprise a memory storage and a processing unit coupled to 
the memory storage. The aforementioned memory, process 
ing unit, and other components may be implemented within a 
system for automatic text skimming usinglexical chains. Any 
suitable combination of hardware, software, and/or firmware 
may be used to implement the memory, processing unit, or 
other components. By way of example, the memory, process 
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ing unit or other components may be implemented with com 
puting device 100 shown in FIG. 1. 
0144. As shown in FIG. 1, computing device 100 may 
include a processing unit 125 and a memory 130. Memory 
130 may include a software module 135 and an application 
140. While executing on processing unit 125, software mod 
ule 135 may performany process including, for example, any 
process (or Sub-part of any process) described below Such as, 
but not limited to, method 200. Application 140 may be used, 
for example, to temporarily store various information while 
executing one or more stages of any process described below. 
0145 Computing device 100 may be implemented using a 
personal computer, network computer, mainframe, or other 
similar microcomputer-based workstation. The processor 
may though comprise any type of computer operating envi 
ronment, such as hand-held devices, multiprocessor Systems, 
microprocessor-based or programmable sender electronic 
devices, minicomputers, mainframe computers, and the like. 
The processor may also be practiced in distributed computing 
environments where tasks are performed by remote process 
ing devices. Furthermore, the processor may comprise a 
mobile terminal. Such as a Smartphone, a cellular telephone, 
a cellular telephone utilizing wireless application protocol 
(WAP), personal digital assistant (PDA), intelligent pager, 
portable computer, a hand held computer, a conventional 
telephone, a WiFi access point, or a facsimile machine. The 
aforementioned systems and devices are exemplary and the 
processor may comprise other systems or devices. 
0146 Generally, consistent with embodiments of the 
invention, program modules may include routines, programs, 
components, data structures, and other types of structures that 
may perform particular tasks or that may implement particu 
lar abstract data types. Moreover, embodiments of the inven 
tion may be practiced with other computer system configu 
rations, including hand-held devices, multiprocessor 
systems, microprocessor-based or programmable consumer 
electronics, minicomputers, mainframe computers, and the 
like. Embodiments of the invention may also be practiced in 
distributed computing environments where tasks are per 
formed by remote processing devices that are linked through 
a communications network. In a distributed computing envi 
ronment, program modules may be located in both local and 
remote memory storage devices. 
0147 Furthermore, embodiments of the invention may be 
practiced in an electrical circuit comprising discrete elec 
tronic elements, packaged or integrated electronic chips con 
taining logic gates, a circuit utilizing a microprocessor, or on 
a single chip containing electronic elements or microproces 
sors. Embodiments of the invention may also be practiced 
using other technologies capable of performing logical opera 
tions such as, for example, AND, OR, and NOT, including but 
not limited to mechanical, optical, fluidic, and quantum tech 
nologies. In addition, embodiments of the invention may be 
practiced within a general purpose computer or in any other 
circuits or systems. 
0148 Embodiments of the invention, for example, may be 
implemented as a computer process (method), a computing 
system, or as an article of manufacture, Such as a computer 
program product or computer readable media. The computer 
program product may be a computer storage media readable 
by a computer system and encoding a computer program of 
instructions for executing a computer process. The computer 
program product may also be a propagated signal on a carrier 
readable by a computing system and encoding a computer 
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program of instructions for executing a computer process. 
Accordingly, the present invention may be embodied inhard 
ware and/or in Software (including firmware, resident soft 
ware, micro-code, etc.). In other words, embodiments of the 
present invention may take the form of a computer program 
product on a computer-usable or computer-readable storage 
medium having computer-usable or computer-readable pro 
gram code embodied in the medium for use by or in connec 
tion with an instruction execution system. A computer-usable 
or computer-readable medium may be any medium that can 
contain, store, communicate, propagate, or transport the pro 
gram for use by or in connection with the instruction execu 
tion system, apparatus, or device. 
014.9 The computer-usable or computer-readable 
medium may be, for example but not limited to, an electronic, 
magnetic, optical, electromagnetic, infrared, or semiconduc 
tor System, apparatus, device, or propagation medium. More 
specific computer-readable medium examples (a non-ex 
haustive list), the computer-readable medium may include 
the following: an electrical connection having one or more 
wires, a portable computer diskette, a random access memory 
(RAM), a read-only memory (ROM), an erasable program 
mable read-only memory (EPROM or Flash memory), an 
optical fiber, and a portable compact disc read-only memory 
(CD-ROM). Note that the computer-usable or computer 
readable medium could even be paper or another suitable 
medium upon which the program is printed, as the program 
can be electronically captured, via, for instance, optical scan 
ning of the paper or other medium, then compiled, inter 
preted, or otherwise processed in a Suitable manner, if neces 
sary, and then stored in a computer memory. 
0150 Embodiments of the present invention, for example, 
are described above with reference to block diagrams and/or 
operational illustrations of methods, systems, and computer 
program products according to embodiments of the inven 
tion. The functions/acts noted in the blocks may occur out of 
the order as shown in any flowchart. For example, two blocks 
shown in Succession may in fact be executed Substantially 
concurrently or the blocks may sometimes be executed in the 
reverse order, depending upon the functionality/acts 
involved. 

0151. While certain embodiments of the invention have 
been described, other embodiments may exist. Furthermore, 
although embodiments of the present invention have been 
described as being associated with data stored in memory and 
other storage mediums, data can also be stored on or read 
from other types of computer-readable media, Such as sec 
ondary storage devices, like hard disks, floppy disks, or a 
CD-ROM, a carrier wave from the Internet, or other forms of 
RAM or ROM. Further, the disclosed methods stages may be 
modified in any manner, including by reordering stages and/ 
or inserting or deleting stages, without departing from the 
invention. 
0152 While the specification includes examples, the 
invention's scope is indicated by the following claims. Fur 
thermore, while the specification has been described in lan 
guage specific to structural features and/or methodological 
acts, the claims are not limited to the features oracts described 
above. Rather, the specific features and acts described above 
are disclosed as examples for embodiments of the invention. 
0153 FIG. 2 is a flow chart setting forth the general stages 
involved in a method 200 consistent with an embodiment of 
the invention for automatic text skimming using lexical 
chains. Method 200 may be implemented using a computing 
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device 100 as described in more detail above with respect to 
FIG. 1. Ways to implement the stages of method 200 will be 
described in greater detail below. Method 200 may begin at 
starting block 205 and proceed to subroutine 210 where com 
puting device 100 may create at least one lexical chain from 
an electronic document. For example, computing device 100 
may determine at least one major topic from the electronic 
document. Creating the at least one lexical chain from the 
electronic document will be described in greater detail below 
with respect to FIG. 3. 
0154 When working with lexical chains, rules about 
which words (or terms) can belong in lexical chains may be 
required. For example, it may be conventional to allow a term 
to be added to no more than one chain. Such similarities could 
be defined with thesaurus relations. 

0155 Lexical chain “strength” is used as an indication of 
the relevance of a lexical chain to a text. Three possible factors 
that may contribute to a chain's strength include reiteration, 
density, and length. Reiteration is the repetition of a lexical 
chain's terms in a text and adds to the strength of that chain. 
The more the terms from a lexical chain occur in a text, the 
more that chain is referenced and thus the more prominent the 
chain is. For density, the denser a lexical chain is in a text, the 
stronger it is in that text. The length of a lexical chain (e.g., the 
number of terms in that chain) adds to the strength of the 
chain. 

0156 Abasic lexical chaining algorithm may be described 
as follows: For each noun w in the text, check to see if there 
exists a lexical chain c that contains a word that shares a 
relation with w. If so, then add word w to chain c. Otherwise, 
create a new lexical chain for w. 

0157. The process of automating the text skimming task 
may involve extracting a hierarchy of topics that may describe 
a text and allow a user to jump directly to passages anywhere 
in the text that discuss concepts of interest. Lexical chains 
may be used as a method of choosing topics that represent a 
paper. Existing lexical chain algorithms may be adapted for 
Scientific papers. 
0158 Text skimming may attempt to simulate non-linear 
skimming that may be used by sighted readers. Non-linear 
reading may be achieved by using a table of contents, that 
may link titles representing a text unit (e.g., a chapter or a 
section) with the text it describes, and a back-of-book index 
(which links terms used in a text with a list of locations in the 
text where that term is used). A text skimming application 
may join these two components into an annotated table of 
COntentS. 

0159 From subroutine 210, where computing device 100 
creates at least one lexical chain from an electronic document, 
method 200 may advance to stage 215 where computing 
device 100 may create a list of positions within the electronic 
document where at least one concept represented by one of 
the at least one lexical chain is mentioned. 

0160 Section titles may be extracted from a paper to cre 
ate a table of contents like the one for paper, such as that 
shown in FIG. 4. Lexical chains may be created automatically 
from the paper. Each lexical chain may have a link to each 
location in the text that refers to that chain. 
0.161 For the purposes of a text skimming application, a 
distinction between global chains, which may refer to key 
topics in a paper, and local chains, which may represent 
localized topics in a paper (e.g., a section) may be made. 
Local chains may be shown in the annotated table of contents. 



US 2009/0083027 A1 

Global chains, which are not particular to any one section, 
may be presented separately, as the ones shown in FIG. 6. 
0162. A text skimming application may have two tasks. 
First, a set of lexical chains that together represent important 
topics in the text may be created. The lexical chains in this set 
may describe the text overall; each key topic in the document 
may be represented by a lexical chain, and no 'spurious’ 
lexical chains (i.e., chains not describing a recognizable topic 
in the document) may exist in the set. Second, a user may be 
presented with lexical chains that (in isolation) the user can 
recognize as meaningful topics. 
0163 For each section title in a table of contents that may 
have been created earlier, the lexical chains with the highest 
density in the text of that section may be displayed underneath 
the section title with links to sentences involving the chains. 
Lexical chains need not be presented in any particular order. 
The resulting product may be an annotated table of contents. 
Since each lexical chain may be used as an entry in the 
annotated table of contents, it may be recognizable by 
humans, as is an entry in a standard table of contents. 
0164. Once computing device 100 creates the list of the 
positions within the electronic document in stage 215. 
method 200 may continue to stage 220 where computing 
device 100 may assemble a list of positions where the at least 
one concept is mentioned. For example, the at least one con 
cept may be mentioned in a particular chapter, on a particular 
page, within a particular figure, etc. 
0165 FIG.7 shows a screenshot of a text skimmer when a 
user opens a paper. The annotated table of contents may be 
presented in a box on the left of the screen. Each section title 
from the paper may be listed. Indented under each section title 
may be abbreviated lexical chains that may occur in that 
section. The text of the paper may be reproduced in the box on 
the right of the screen. 
0166 If a user clicks on a lexical chain in the annotated 
table of contents, that lexical chain may be highlighted. Each 
sentence from the text containing that term may also be high 
lighted as shown in FIG.8. The arrows in the top left corner of 
the screen may allow the user to skip from one highlighted 
sentence to the next. A menu option may allow a user to hear 
the selected text read aloud with a speech synthesizer. 
0167. After computing device 100 assembles the list of 
positions where the at least one concept is mentioned in stage 
220, method 200 may proceed to stage 225 where computing 
device 100 may create an annotated table of contents. For 
example, in creating the annotated table of contents, comput 
ing device 100 may merge an index and a table of contents of 
the electronic document. An annotated table of contents may 
be generated by presenting each lexical chain underneath the 
section in which that chain occurs most frequently, such as 
that shown in FIG. 5. 
0168 From stage 225, where computing device 100 cre 
ates the annotated table of contents, method 200 may advance 
to stage 230 where computing device 100 may receive a 
selection of the at least one concept from the list. For example, 
in receiving the selection of the at least one concept from the 
list, computing device 100 may receive the selection from the 
annotated table of contents. 
0169. Once computing device 100 receives a selection of 
the at least one concept from the list in stage 230, method 200 
may continue to stage 235 where computing device 100 may 
determine whether or not to hide or highlight text. For 
example, if computing device 100 determines that text is to be 
hidden, method 200 may continue to stage 240 where com 
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puting device 100 may hide text within the electronic docu 
ment that is not associated with the selected concept. If com 
puting device 100 determines that text is to be highlighted, 
method 200 may continue from stage 235 to stage 245 where 
computing device 100 may highlight text within the elec 
tronic document that is associated with the selected concept. 
Once computing device 100 has hidden or highlighted text, or 
both in stages 240 and 245, respectively, method 200 may 
then end at stage 250. 
(0170 FIG. 7 shows a screenshot of a text skimmer when a 
user opens a paper. The annotated table of contents may be 
presented in a box on the left of the screen. Each section title 
from the paper may be listed. Indented under each section title 
may be abbreviated lexical chains that may occur in that 
section. The text of the paper may be reproduced in the box on 
the right of the screen. 
(0171 If a user clicks on a lexical chain in the annotated 
table of contents, that lexical chain may be highlighted. Each 
sentence from the text containing that term may also be high 
lighted as shown in FIG.8. The arrows in the top left corner of 
the screen may allow the user to skip from one highlighted 
sentence to the next. A menu option may allow a user to hear 
the selected text read aloud with a speech synthesizer. 
0172 FIG. 3 is a flow chart setting forth the general stages 
involved in subroutine 210 consistent with an embodiment of 
the invention for creating at least one lexical chain from the 
electronic document. Subroutine 210 may begin at starting 
block 305 and proceed to stage 310 where computing device 
100 may create a term list. For example, the computing device 
100 may create the term list listing the terms in the at least one 
lexical chain. 
0173 From stage 310, where computing device 100 cre 
ates the term list, subroutine 210 may advance to stage 315 
where computing device 100 may determine if the terms in 
the term list are to be represented in one of the at least one 
lexical chains. For example, computing device 100 may 
determine if the term corresponds to at least of the at least one 
lexical chains. If the term corresponds to at least one of the at 
least one lexical chains, then computing device 100 may add 
the term to the at least one of the at least one lexical chains the 
term corresponds to. In addition, computing device 100 may 
create a new lexical chain when the term does not correspond 
to at least one of the at least one lexical chains. Note that while 
computing device 100 may add the term to a lexical chain or 
create a new lexical chain, the term does not have to belong to 
a lexical chain. 
0.174. Once computing device 100 determines if the terms 
in the term list are to be represented in one of the at least one 
lexical chains in stage 315, subroutine 210 may continue to 
stage 320 where computing device 100 may calculate a con 
tribution for each of the terms. For example, computing 
device 100 may calculate a contribution that may denote a 
relevance of each of the terms. 
0.175. After computing device 100 calculates the contribu 
tion for each term in stage 320, subroutine 210 may proceed 
to stage 325 where computing device 100 may rank the terms 
in the terms list based on the contribution. Once computing 
device 100 ranks the terms in the terms list in stage 325, 
subroutine 210 may then end at stage 330. 
(0176 Alexical chain is a collection of related terms that 
together represent a concept or a topic, and includes terms 
found in the text that are related to the concept. For example 
the terms morpheme, prefix, suffix, affix} form a lexical 
chain representing the morpheme/morphology concept. Note 
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that the members of a chain are not necessarily only Syn 
onyms, but can be otherwise semantically related. 
0177. Each term in a lexical chain may be a single word or 
a string of words taken directly from the text. These may 
appear either alone or together. It is possible for a single chain 
to contain a mixture of nouns, adjectives, and adverbs. It is not 
the case that all nouns, adjectives, or adverbs found in the text 
must be part of a chain. For example, if the string “robust 
statistical parser' occurs in a document, the entire string 
could be used as a term. Alternatively or additionally, a sub 
string like “statistical parser could be used as a term. The 
words in a term need not be contiguous, so “robust parser 
could also be an acceptable term. 
0.178 For complex terms it may often happen that the 
entire term, or part of the term, will belong to more than one 
chain. For example, the term “confusion probability” could 
belong to a chain about confusion matrices and also in a chain 
about probability. It could also be the case that the word 
“probability” is taken on its own as a term. 
0179 To form a lexical chain, a lexical annotator may 
choose relevant terms (words or phrases) from the text based 
on rules. Multiple occurrences of the exact same term in the 
text count only once. The same term can appear in more than 
one chain but may not appear more than once in the same 
chain. 

0180. There are certain relations that can hold between 
words in lexical chains. Synonymy: Two terms belong to the 
same chain if they are synonyms in the context of the docu 
ment (i.e. grammar and syntax). Meronymy (Part/whole rela 
tionship): Two terms belong to the same chain if one term is 
part of another in the context of the document (i.e. wolf and 
pack, or door and handle). Hyponymy/Hypernymy (is-a rela 
tionship): Two terms belong in the same chain if one describes 
a more specific version of the other (i.e. person and human). 
Antonymy: Two terms can belong to the same chain if they 
are antonyms in the context of the document (i.e. continuous 
and discontinuous). 
0181 An embodiment consistent with the invention may 
comprise a method for automatic text skimming usinglexical 
chains. The method may comprise creating at least one lexical 
chain from an electronic document and creating a list of 
positions within the electronic document where at least one 
concept represented by one of the at least one lexical chain is 
mentioned. The method may also comprise assembling a list 
of the position where the at least one concept is mentioned 
and receiving a selection of at least one concept from the list. 
In response to the selection, sections of the electronic docu 
ment that contain the selected at least one concept may be 
highlighted. 
0182 Another embodiment consistent with the invention 
may comprise computer-readable medium which stores a set 
of instructions which when executed performs a method for 
automatic text skimming using lexical chains. The method 
executed by the set of instructions may comprise creating at 
least one lexical chain from an electronic document and cre 
ating a list of positions within the electronic document where 
at least one concept represented by one of the at least one 
lexical chain is mentioned. The method executed by the set of 
instructions may further comprise assembling a positions list 
indicating where the at least one concept is mentioned and 
receiving a selection of at least one concept from the list. In 
response to the selection, sections of the electronic document 
that do not contain the selected at least one concept may be 
hidden. 
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0183 Yet another embodiment consistent with the inven 
tion may comprise a system for automatic text skimming 
using lexical chains. The system may comprise a memory 
storage and a processing unit coupled to the memory storage. 
The processing unit may be operative to create at least one 
lexical chain from an electronic document and create a list of 
positions within the electronic document where at least one 
concept represented by one of the at least one lexical chain is 
mentioned. In addition, the processing unit may be further 
operative to assemble a list of the positions where the at least 
one concept is mentioned and receive a selection of at least 
one concept from the list. 
0.184 All rights including copyrights in the code included 
herein are vested in and the property of the Applicant. The 
Applicant retains and reserves all rights in the code included 
herein, and grants permission to reproduce the material only 
in connection with reproduction of the granted patent and for 
no other purpose. 
0185. Lexical chains may have attractive properties. For 
example, each lexical chain created from a text may represent 
one concept discussed in the text. Lexical chains may be 
associated with text units (e.g., sections or paragraphs) to 
allow for navigation within a text. Lexical cohesion may exist 
in text from any text type, so the lexical chain creation process 
may be text type independent. 
0186. It is also possible to use WordNet as a source of 
additional cohesive relations. The following WordNet rela 
tions may be recognized: synonymy, hypernymy, and mero 
nymy. Hypernymy: Word w1 is a hypernym of word w2 if w2 
belongs to the class of objects described by w1. For example, 
tool is a hypernym of hammer. Word w1 is a meronym of w2 
if w1 forms a part of w2. For example, finger is a meronym of 
hand. 
0187 FIG. 9 shows the five highest scoring lexical chains 
produced when WordNet relations are used. The chains in 
FIG. 9 are longer and thus have higher scores. There is also 
one case of WordNet introducing extra words that alter the 
sense of a chain; the function chain from FIG. 10 consists 
only of terms that share the headword function (and thus 
requires no WordNet relations). Allowing WordNet relations 
causes the words use, role, and purpose to be added. The word 
sense disambiguation may favor this longer chain over the 
function chain from FIG. 10. 

0188 The terms that may be extracted as candidates for 
inclusion in lexical chains are noun phrases of the form A*N+ 
(i.e., Zero or more adjectives followed by one or more nouns). 
Adjectives may be allowed to be considered for inclusion in 
lexical chains. One immediate question that may arise is 
which adjectives should be included in technical terms and 
which should be ignored. 
0189 Alinguistic analysis of adjectives may be adapted to 
produce a computational model for ignoring adjectives that 
are likely to be unrepresentative of a scientific text. There may 
be positive effects from including some carefully chosen 
adjectives can have on the quality of lexical chains. Since 
many technical terms consist of more than two words (i.e., 
natural language processing), no limit needs to be placed on 
the number of modifiers that are used in a lexical chain term. 
0.190 Lexical cohesion and lexical chain may belong to 
the same chain for a paper that is about lexical chains, even 
though cohesion and chain may share no relation. Humans 
may associate multi-word technical terms that share the same 
noun modifier (e.g., similarity function and similarity rank 
ing). To account for this, a shared modifier relation may be 
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added to a lexical chaining algorithm. FIG. 11 shows lexical 
chains generated using the shared modifier relation. 
0191) A modifier may act to select the head noun that it 
modifies. Two nouns modified by the same adjunct may be 
more likely to be related than two modifiers that modify the 
same head. Thus, two terms that share a modifier (e.g., using 
the shared modifier relation) may be more likely to be related 
than two terms that share a head. 
0.192 Humans use adjectives when identifying terms for 
lexical chains. For example, the lexical chains in FIG. 12 
include the scientific terms empirical distribution and condi 
tional probability. Humans group terms together that have 
common modifiers. The lexical chains in FIG. 12 include the 
terms probability estimate and probability estimation. 
Although the syntactic and semantic heads of these two terms 
are estimate and estimation, respectively, the topic that the 
two terms share is probability. Therefore, both terms were 
selected to be in the same lexical chain as conditional prob 
ability. 
0193 Judging the similarity between two lexical chains 
may be an asymmetric decision. In FIG. 13, XandY represent 
lexical chains and each rectangle represents a termina lexical 
chain. Lines connect matching terms between the two chains. 
Consider a search task where, given a lexical chain from the 
user representing a query, relevant lexical chains from papers 
that may also be interesting should be found. Suppose that 
lexical chain X, from FIG. 13, is the “query' chain and the 
system finds chain Y as a potential match. Chain Y Stands a 
good chance of being a relevant match because it contains 2/2 
of the query terms, therefore, we would want the system to 
show us this chain. Now suppose that chain Y is the “query' 
chain and the system finds chain X. Chain X does not appear 
to be very relevant to chain Y because it only contains 2/5 of 
the query terms, so the system should give chain X a low 
SCO. 

0194 The corpus of scientific text used for experiments 
throughout this specification is the ACL Anth Corpus. ACL 
Anth Corpus is an XML corpus derived from the ACL Anthol 
ogy, which is an archive of PDF versions of the journal. The 
process of converting the ACL Anthology PDF files into 
XML files used a process described in U.S. patent application 
Ser. No. 1 1/479,819, filed Jun. 30, 2006, which is incorpo 
rated herein by reference in its entirety. 
0.195 Each lexical chain may consist of terms that form 
the concept corresponding to that lexical chain. Which par 
ticular terms should be chosen for a lexical chain may be one 
of the tasks of a lexical chainer, and which terms are charac 
teristic may differ from text type to text type. 
0196) Technical terms are representative oftechnical writ 
ing. Technical terms may be primarily noun phrases com 
posed of nouns and adjectives. 
0197) If modifiers are used compositionally with a noun 
phrase, then these modifiers tend not to be repeated with the 
noun phrase. The modifiers, however, tend to be replaced with 
synonyms or dropped altogether whenever the noun phrase is 
used again. Thus, adjectives that are part of technical terms 
may play a different role from adjectives not used in technical 
terms. An algorithm may identify certain multi-word noun 
phrases that are repeated in a text as candidates for technical 
terms. This approach may overlook technical terms that may 
be used only once in a paper. 
0198 Lexical chains may consist primarily of technical 
terms. However, lexical chains with high relevance in a paper 
may only occur once. Therefore, including those terms that 

Mar. 26, 2009 

either occur only once or comprise a single word may be 
necessary. For instance, a terms probability distribution and 
euclidean distance may be overlooked. 
0199. A plausibility rating given by human subjects may 
correlate significantly to co-occurrence frequency of adjec 
tive-noun pairs. This correlation, however, may overlook 
newly introduced (or highly specialized) technical terms that 
are infrequent in a corpus while still being representative of 
an individual paper. 
0200 For example, a term genetic algorithm may refer to 
a specific type of machine learning algorithm that simulates 
the evolutionary process. In this case the algorithm is not 
genetic. The term genetic algorithm would be central in char 
acterizing a paper about this method, while the term algo 
rithm by itself would not. The adjective genetic in this case is 
a characteristic adjective. However, a fast algorithm is simply 
an algorithm that is fast, and therefore fast algorithm is not a 
technical term. In this case the adjective fast does not help to 
characterize the term and may be called a non-characteristic 
adjective. Only characteristic adjectives may be included in 
terms, which are chosen for lexical chains. Adjectives may be 
frequent in technical writing. They may often occur as pre 
modifiers in Scientific text. Ignoring adjectives in various 
noun phrases could introduce serious deterioration in terms 
characterizing the topics of a paper, as demonstrated by the 
examples in FIG. 14. 
0201 One type of collocation is a rigid noun phrase; such 
a collocation typically cannot be shortened without losing its 
meaning. Rigid noun phrases may represent important con 
cepts in a particular domain (e.g., Dow Jones industrials and 
Dow Jones industrial average). The head nouns industrials 
and average do not share a semantic relation. The technical 
terms Dow Jones industrials and Dow Jones industrial aver 
age are related by the shared modifiers Dow Jones. 
0202 While some adjectives cannot be removed from sci 
entific terms without changing the basic meaning, or sense, of 
the terms, some adjectives do not contribute technical infor 
mation and thus may be removed without losing the repre 
sentative value of the term. For example, removing genetic 
from genetic algorithm would result in a different term while 
removing fast from fast algorithm would not. The roles of 
particular adjectives may depend on the domain. The distinc 
tion is not merely a consequence of writing style or word 
distribution, but rather, that there is a difference in usage 
between characteristic and non-characteristic adjectives. 
0203 Non-characteristic adjectives may be recognized 
automatically based on their usage. A system for finding 
non-characteristic adjectives is a clear improvement over a 
stop-list, as it is adaptable to specific domains. For example, 
the system should reject adjectives in column 1 of FIG. 15 
while keeping the adjectives in column 2. 
0204 A simplifying assumption is that the contexts in 
which an adjective is either non-characteristic or characteris 
tic are genre-specific. That is, within one genre, it may be 
assumed that an adjective is almost always either non-char 
acteristic or characteristic, independent of the noun context. 
Note however, this is only an assumption and there are cases 
where an adjective is both non-characteristic and character 
istic in the same genre (e.g., both musical clock and musical 
criticism might occur in the same genre), but such cases are 
a. 

0205 Gradability (henceforth called the Gradability prop 
erty) is that degree adverbs (e.g., very and too) do not modify 
characteristic adjectives. This is in analogy with nouns, which 
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also cannot follow a degree adverb without producing 
ungrammatical phrases. 
0206 Conjunction of like constituents observation 
(henceforth called the Conjunction property) is that two con 
stituents of different types can be conjoined only if they are 
derived from the same type. Nouns can be conjoined with 
characteristic adjectives, but cannot be conjoined with non 
characteristic adjectives. 
0207. In analogy, characteristic adjectives can conjoin 
with other characteristic adjectives, and non-characteristic 
adjectives can conjoin with other non-characteristic adjec 
tives. However, they should not mix. 
0208 Nominalization (henceforth called the Nominaliza 
tion property) states that characteristic adjectives are not 
nominalized. Like nouns, which are already nominals, char 
acteristic adjectives possess a nominal property because they 
share the same derivational origins as nouns. The ability of an 
adjective to be nominalized can be predicted by its ability to 
be used as a predicate, and, thus, non-characteristic adjectives 
can be nominalized. 
0209 Since an adjective's classification as characteristic 
or non-characteristic may depend heavily on usage, the pro 
cess for building adjective filters may be data-driven. The 
adjective filter may be trained on a large corpus, and the 
results may be stored so that the adjective tests do not have to 
be run again during a lexical chaining process. 
0210 Each adjective test may assign to each adjective type 
in the corpus a score representing the degree of “non-charac 
teristic-ness” of that adjective. This may be done for each test 
by analyzing each token of an adjective and incrementing the 
non-characteristic-ness score of the adjective type by one if 
the token under consideration is deemed to be non-character 
istic by the test. For example, consider the sentence “The 
grass is green.” The Predication test would deem the above 
token of green to be non-characteristic because it directly 
follows a copula Verb. In this case the non-characteristic-ness 
score for the adjective type green would be increased by a 
predetermined value Such as 1. 
0211 Because each test is making a “fuzzy' decision 
based on frequency, the results of one test alone do not have to 
be relied upon. In addition, no test may “veto any other test. 
One problem with relying on one property over the others is 
that the number of adjective tokens that qualify for one given 
test may below. For example, the Predication test can only 
consider adjective occurrences that follow a copula verb. To 
avoid this problem the results of all adjective tests may be 
combined. This has the benefit of maximizing the number of 
tokens that are evaluated. 
0212. The adjective tests used in a filter may be compat 

ible. That is, if tests T and T independently make similar 
judgments about the classification of adjectives, then the 
results of one test may be reinforced by the other. 
0213 Since the process of deciding whetheran adjective is 
characteristic or non-characteristic is independent of the con 
text of the test data, it is possible for an input text to contain an 
adjective (already deemed to be characteristic) that is used in 
Such a way as to be deemed non-characteristic by one of the 
adjective tests. For this reason it is important to train the 
adjective filter on a corpus of text that is in the same domain 
as the test data. This is based on an assumption that an adjec 
tive's characteristic-ness remains the same within the genre. 
The output of running the adjective tests on a training corpus 
is a database containing statistics describing each adjective's 
performance on each test. 
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0214. The Predication test may determine the ability of an 
adjective to occur in a predicative construction. This test may 
be performed by searching the training corpus for adjectives 
that are preceded by a copula Verb (e.g., is, are, etc.). If a token 
of an adjective is found to follow a copula verb and it is not 
part of a noun phrase, then the non-characteristic-ness score 
for that adjective type is increased by a preset value Such as 1. 
0215. Once this test has been performed over the entire 
training corpus, each adjective type may be assigned a Predi 
cation score. This score may be the ratio of the Predication 
non-characteristic-ness score for the adjective to the total 
frequency of the adjective. FIG. 16 shows some adjectives 
taken from the ACL Anth Corpus along with results from the 
Predication test. 

0216. The Gradability test uses the Gradability property, 
which states that non-predicating adjectives cannot take 
degree adverbials as premodifiers. A token of an adjective is 
deemed to be non-characteristic by this test if that token is 
found to be immediately preceded by a degree adverbial in the 
training corpus. In Such a case, the Gradability non-charac 
teristic-ness score for the adjective type is increased by a 
preset value Such as 1. 
0217. Once a test has been performed over the entire train 
ing corpus, each adjective type may be assigned a Gradability 
score. This score may be a ratio of the Gradability non 
characteristic-ness score for the adjective to the total fre 
quency of the adjective. FIG. 17 shows some adjectives taken 
from the ACL Anth Corpus along with the results from the 
Gradability test. 
0218. As evidenced from the previous examples, the 
scores produced by the Predication test and the Gradability 
test may differ but the classification of adjectives as charac 
teristic or non-characteristic may be similar. Despite this 
similarity, they are not identical. For example, the adjective 
related was deemed to be non-characteristic by the Gradabil 
ity test 17.5% of the time. However, it only deemed to be 
non-characteristic by the Predication test 0.4% of the time, 
making it characteristic overall. This indicates that of all 
occurrences of the adjective related in the corpus, only 0.4% 
of them followed a copula verb. The absence of examples of 
an adjective being non-characteristic by a particular test does 
not mean that it could not be deemed non-characteristic by 
that test given a larger corpus. 
0219. The Conjunction test uses the Conjunction property 
which states that only like constituents can be used togetherin 
a conjunction. In particular, non-characteristic and character 
istic adjectives cannot conjoin. The Conjunction test is dif 
ferent from the tests described above because it cannot be 
performed until the status (non-characteristic or characteris 
tic) of both adjectives in the conjunction are known. There 
fore, the Conjunction test cannot be executed during the same 
processing stage as the other two tests. Instead, it relies on the 
output of the Predication test and the Gradability test. 
0220 Given an adjective token that is used in an adjective 
conjunction, if that adjective has already been deemed to be 
non-characteristic by the other two tests then the conjoining 
adjective is deemed to be non-characteristic by the Conjunc 
tion test. In Such a case the non-characteristic-ness score for 
the adjective type is increased by a predetermined value Such 
as 1. 

0221 Unlike the Predication test and the Gradability test, 
the non-characteristic-ness scores produced by the Conjunc 
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tion test do not clearly separate the adjectives into character 
istic adjectives and non-characteristic adjectives, as FIG. 18 
shows. 
0222. The Conjunction test considers the adjective rel 
evant to be characteristic based on its low non-characteristic 
ness score, while the other two tests deemed it to be non 
characteristic (which is more in line with intuition). One 
reason for this is that the fuzzy decision made by the Con 
junction test is based on fuZZy decisions made by other rules. 
Also, the frequency of adjective conjunctions is Small so there 
are not many data samples. 
0223) Given an adjective type A, the final non-character 
istic-ness score is computed from the individual non-charac 
teristic-ness scores with the following formula: 

p(A) + g(A) 
ne(A) = i 

0224 where p(A) is the Predication non-characteristic 
ness score for A, g(A) is the Gradability non-characteristic 
ness score for A, and f(A) is the frequency of A in the training 
corpus. 
0225 Characteristic adjectives are identified using a 
threshold X. All adjectives with final scores less than X are 
identified as characteristic while all others are identified as 
non-characteristic. For example, the threshold X for the ACL 
Anth Corpus was set as 3% by manually inspecting the list of 
all adjectives in the corpus. This means that, in order for an 
adjective to be characteristic, no more than 3% of the occur 
rences of that adjective may be deemed to be non-character 
istic by the adjective tests. FIG. 19 lists the 152 most charac 
teristic adjectives as scored by the adjective filter. 
0226 Note that all adjectives presented in FIG. 19 are 
strings that were tagged as adjectives by a part-of-speech 
tagger. The first entry in the list is “ith and is used in texts in 
the context of specifying an index (e.g. “take the ith ele 
ment'). The adjective filter does not remove non-adjectives: 
given the information that a string is an adjective, it computes 
how characteristic the adjective is based on its usage. 
0227. When porting the adjective filter to a different 
domain, the threshold could be changed. Language use varies 
across domains and across writing styles within the same 
domain, and an adjective can be non-characteristic in one 
context (e.g., nervous applicant) and characteristic in another 
(e.g., nervous disorder). The threshold used in determining 
the boundary between characteristic adjectives and non-char 
acteristic adjectives may differ from domain to domain. This 
is because the distribution of adjectives (i.e. which adjectives 
are used and at what frequency they are used) varies with the 
style and Subject of the corpus. 
0228. A lexical chain is not a coherent piece of text, so a 
lexical chain is more difficult to read than a sentence or a 
Summary. Good lexical chains may be defined by chains that 
are similar to human-generated lexical chains. The quality of 
automatically-generated lexical chains may be measured 
based on the agreement between these chains and the human 
generated lexical chains. Not every lexical chain created by 
one annotator has to match a chain created by another anno 
tatOr. 

0229. The following properties may be used for a lexical 
chain similarity measure: 

0230. 1. Missing terms: If a lexical chain (representing 
a topic) misses terms present in another lexical chain, 
then the match should be penalized. 
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0231 2. Superfluous terms: Ifa lexical chain (represent 
ing a topic) contains terms not present in another lexical 
chain, then the match should also be penalized. 

0232 3. Term similarity: A similarity measure should 
be sensitive to types of similarity other than strict term 
identity; it should identify chains in different documents 
that refer to the same (or a similar) topic even if the terms 
used in the chains differ. 

0233. The purpose of this annotation task is for an anno 
tator to manually define a set of lexical chains which suffi 
ciently describes the important points and purposes of a docu 
ment. 

0234 Multiword terms may play an important role in sci 
entific text. Thus, comparing lexical chains is not a trivial 
task. A “good lexical chain may be an automatically-gener 
ated lexical chain that may be similar to lexical chains in a 
gold Standard of human-generated chains. Good lexical 
chains are then by definition chains that are similar to human 
generated lexical chains. The term “chain set to denote a 
collection of lexical chains that describe one text document 
(e.g., a scientific paper or a news story). 

OPERATION EXAMPLE 

0235. In an operation example, two papers from the ACL 
Anth Corpus to construct the gold standard are: 
0236 P. Lillian Lee (1999). “Measures of Distributional 
Similarity”. Proceedings of the 37th Annual Meeting of the 
Association for Computational Linguistics. 

0237 P. Barbara Di Eugenio, Pamela W. Jordan, Johanna 
D. Moore, and Richmond H. Thomason (1998). An 
Empirical Investigation of Proposals in Collaborative Dia 
logues'. Proceedings of the 36th Annual Meeting of the 
Association for Computational Linguistics and 17th Inter 
national Conference on Computational Linguistics. 

0238 Lexical chains from 13 annotators (referred to as 
annotators A-M) were collected. These lexical chains com 
prise 6 chain sets for paper P and 7 chain sets for paper P. 
with two human Subjects providing chains for each paper. 
Annotators A and I are the same person and annotators F and 
Mare the same person. The task took each person roughly two 
hours to complete. 
0239 Each annotator was given a set of materials as 
described below, and was given unrestricted time to create 
lexical chains describing the paper (i.e., sets ofterms that they 
judged to be related given the context of the paper). The 
guidelines (presented above) are essentially as follows: 

0240. There were no limits placed on the size of lexical 
chains or the number of chains needed to describe a 
document. 

0241. A term can comprise a single word or a combina 
tion of words, and must be taken directly from the text. 
Words used in terms may be nouns, adjectives, or 
adverbs. Possible relationships between terms in a chain 
are mentioned which include inflectional variance, Syn 
onymy, hypernymy/hyponymy, holonymy, and mero 
nymy. 

0242 Each subject that created lexical chains from a 
paper was given a printed copy of the paper as well as an 
electronic copy in PDF form. Subjects were given the 
option of either performing the task using the paper copy 
and marking or writing their lexical chains, or perform 
ing the task online and typing their lexical chains. 

0243 Extra materials were additionally given to the 
Subjects (in printed and electronic formats). These 
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included: 1) a list of all words in the paper together with 
part-of-speech tags generated by a tagger provided with 
the RASP system, 2) an XML version of the paper in 
which each sentence was given a unique identifier, and 
3) a list of non-recursive noun phrases automatically 
extracted from the paper together with, for each noun 
phrase, a list of all sentences (using the XML IDs men 
tioned above) containing that noun phrase. 

0244. It was explained that the use of these extra mate 
rials was optional. They were included to provide more 
information about the frequency and distribution of 
words and noun phrases that may or may not be useful to 
an annotator in determining to which lexical chain (if 
any) a word or noun phrase should belong. 

0245. The Lexical Chain Gold Standard contains 230 lexi 
cal chains (106 for Paper P and 124 for Paper P). There is a 
variation in the numbers of chains created by the annotators 
(as shown in FIG. 20) and in the numbers of terms used in the 
lexical chain (as shown in FIG. 21). Note that the variation in 
number of chains is considerable, ranging from 4 to 27 for 
paper P and from 7 to 35 for paper P. The average length of 
chains per annotator ranges from just under 3 terms to just 
over 16 terms. Despite this seemingly large variation, in the 
13 chain sets there are 9 chains having an identical copy in a 
different chain set. FIGS. 22 and 23 show identical lexical 
chains by different annotators for papers P, and P. respec 
tively. 
0246 Human-generated lexical chain data show that 
humans tend to include adjectives when creating lexical 
chains for scientific text. FIG. 24 shows, for each of papers P. 
and P, the percentage of human-generated lexical chains that 
contain one or more terms involving an adjective (columns 2 
and 5) and the percentage of human-generated terms that 
involve one or more adjectives (columns 3 and 5). Each 
annotator included one or more adjectives in at least half of 
their lexical chains and in at least 18.7% of their terms. 
0247 FIGS. 25 and 26 give examples of all adjectives used 
by annotators for paper P. Column 1 shows, for each adjec 
tive, an example of a term using that adjective included in a 
lexical chain by at least one of the annotators. Columns 2-7 
indicate which of the annotators used the adjective in column 
1 (not necessarily in the same term). We can see from these 
figures that humans not only use many adjectives, but that 
there is also considerable overlap in the adjectives that they 
US 

0248 FIG. 27 shows adjectives used by humans from 
paper P that were deemed to be characteristic by adjective 
tests. FIG. 28 shows adjectives used by humans with a non 
characteristic-ness score just above the characteristic-ness 
threshold of 3% mentioned above (i.e., adjectives that would 
have been identified as characteristic using a slightly higher 
threshold). Recall that the output of the adjective filter for 
each adjective is a non-characteristic-ness score; thus the 
characteristic adjectives have the lowest scores. 
0249. As seen in the data, some annotators used more 
adjectives than others. There were adjectives used by at least 
one annotator that were assigned high non-characteristicness 
scores by filters, such as the ones shown in FIG. 29. 
0250. As described above, earlier lexical chainers have 
allowed two terms to be included in the same lexical chain if 
they shared a head. This shared head relation accounts for 
13.3% of relations between all pairs of terms in the same 
lexical chain created by the human annotators from paper P. 
It accounts for 5.5% of such relations from paper P. FIG.30 
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shows some human-generated lexical chains comprising 
terms that share the same head. 
0251. The data show that humans also add to the same 
lexical chain complex terms that share the same modifier 
(e.g., similarity measure and similarity function). In fact this 
shared modifier relation accounts for an additional 10.5% of 
term relations from paper P and 1.2% of term relations from 
paper P. The human-generated chains in FIG. 31 involve 
pairs of terms that are 1) not in WordNet, 2) do not share the 
same head noun, and 3) share the same modifier. 
0252. There are many intuitively similar chains among 
those by the different annotators. The four chains in FIG. 32 
differ in length and exact term use, but they all refer roughly 
to the concept of similarity measures. 
0253) Since it is not clear whether a comparison of two 
lexical chains should involve type counts or token counts or 
both, comparing two chains is not necessarily equivalent to 
comparing two bags of words. How to compare the "sizes of 
two lexical chains is not obvious since it is not clear how to 
measure the “size of a chain. In addition to the type/token 
question, comparing the contents of two lexical chains is even 
harder because two complex terms in the same lexical chain 
may share parts of the terms (e.g., single words), or a part of 
one term may also be a term on its own. This leads to a conflict 
between set comparison on full terms and comparison of 
atomic term parts (i.e., words). Twelve different similarity 
measures may be evaluated and compared. 
0254 The quality of automatically-generated lexical 
chains is measured based on the agreement between these 
chains and the human-generated lexical chains in the Human 
Gold Standard. FIG. 33 gives examples of two human-gen 
erated lexical chains created by the same annotator for two 
different concepts in the same text. Both chains share some of 
the same words but do not represent the same concept. In this 
example, the intersection of chains C7 and C15 comprises the 
three words base language model. This intersection accounts 
for 60% of the words in chain C7 and 37.5% of the words in 
chain C15 (cf., FIG. 3.13). Although it seems intuitive that 
chain C7 is related to language modelling while chain C15 is 
more related to probability, finding a similarity measure to 
successfully characterize these lexical chains as different is 
not trivial. 
0255 Determining the similarity between two lexical 
chains is a difficult task for the following reasons: 

0256 1. Partial chain overlap: Lexical chains can share 
Some terms and not others. 

0257 2. Differing lengths: Different lexical chains may 
have different lengths. This can pose a problem when 
using some traditional set metrics which are sensitive to 
differences in set size. 

0258. 3. Partial term overlap: Terms can be similar with 
out being identical. For example, cooccurrence prob 
ability and conditional cooccurrence probability par 
tially overlap and should probably be identified as 
matching terms. 

0259 4. Types or tokens: Chain length can be calculated 
based on the number of term types in the chain or by the 
number of term tokens. 

0260 Therefore a priori is needed before an intuitive defi 
nition of lexical chain similarity, so that the measure which 
performs closest to that intuition can be selected. A good 
lexical chain similarity measure should be able to make simi 
larity judgments distinguishing those chains that are very 
different from a comparison chain from those which are simi 
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lar. It should also be able to make fine distinctions between 
similar lexical chains. To quantify similarity between lexical 
chains in the human-generated collection, two gold standards 
of similarity judgments were created. 
0261) A gold standard is referred to as coarse because each 
chain was compared against all of the chains from another 
annotator's chain set, so that at most one or two lexical chains 
can be expected to match at all. The comparisons were made 
using four chain sets (for paper P from annotators A, B, C, 
and D). 
0262 For each pair of annotators C. and C, a manual 
comparison between each lexical chain from C, with all 
chains from C was made. For each chain Y in C., the chain in 
C. that most closely matched w was identified. If no chain in 
C. was similar to Y, then it was recorded that w had no match 
in C. The same process was used to compare each chain in C. 
with all chains in C. 
0263 FIG. 34 illustrates an example of a comparison of 
lexical chains created by annotator A to those created by 
annotator B. The table shows that of all of the chains created 
by annotator B, the chain that AI overlaps the most is B7, and 
the chain that A2 overlaps the most is B8. Similarly, I com 
pared the chains created by annotator B to those created by 
annotator A by doing a reverse comparison. Doing this for all 
four annotators resulted in 12 sets of comparisons (246 indi 
vidual comparisons). Note that the comparisons need not be 
symmetric. For example, the chain created by annotator B 
judged to be the best match to chain A6 is chain B2. However, 
the chain created by annotator A that was judged to be the best 
match to chain B2 is chain A10. 

0264. Not every lexical chain created by one annotator 
will match a chain created by another annotator. While there 
seems to be widespread agreement about the global topics in 
a document (e.g., each annotator for Paper P created a lexical 
chain related to similarity measures), there is less agreement 
about local topics that are discussed in sections or Subsections 
Such as a chain related to training corpora. For example, 13 
lexical chains have exactly one match among the other anno 
tators, and 11 chains do not match any of the other chains. An 
example of a lexical chain created by one annotator that had 
no matches from any of the other annotators is Chain £16: 
0265 Since four annotators were used in creating the gold 
standard for the coarse-grained comparison data, each lexical 
chain for a given annotator is compared with three other sets 
of chains. This means that each lexical chain has up to three 
matches that should be expected to be similar (one match for 
each of the other three annotators). 
0266 For each lexical chain, the most similar chain from 
the (up to) three matching chains from the other annotators 
were chosen. FIG.35 shows, for eachchain from annotator A, 
the chains from the other annotators that were chosen in the 
Coarse gold standard as the best matches. Asterisks mark 
chains for the Fine gold standard as the best match for anno 
tator A out of all corresponding chains in the Coarse gold 
standard. Thus the Coarse gold standard was a precondition 
for the Fine gold standard. 
0267 Chains that were judged to have no matches or 
exactly one match in the Coarse Gold Standard were not used 
in the Fine Gold Standard, as no choice was possible in these 
cases. FIG. 36 shows the statistics of how many choices of 
matches (out of the possible three) there were in the fine 
comparison (i.e., 58 cases were available for the gold stan 
dard). 
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0268. Two possible gold standards of lexical chain simi 
larity judgments are: 

0269. 1. Coarse Gold Standard: This consists of human 
judgments of the similarity between lexical chains cre 
ated by different annotators. It represents a “coarse' 
comparison because for each lexical chain c created by 
Some annotator C, the best matching chain for c created 
by a different annotator B is chosen from all chains from 
annotator B (many of which may be unrelated). 

0270 2. Fine Gold Standard: This gold standard con 
tains, for each lexical chain c in the Coarse Gold Stan 
dard, the lexical chain judged to be the most similar to c 
among the (up to three) lexical chains already judged to 
be similar to c. This comparison is called “fine” because 
it makes finer judgements of similarity between similar 
lexical chains. 

0271 The following may be desired properties for a lexi 
cal chain similarity measure: 

0272 1. Missing terms: If a lexical chain (representing 
a topic) misses terms present in another lexical chain, 
then the match should be penalized. 

0273 2. Superfluous terms: Ifa lexical chain (represent 
ing a topic) contains terms not present in another lexical 
chain, then the match should also be penalized. 

0274 3. Term similarity: A similarity measure should 
be sensitive to types of similarity other than strict term 
identity; it should identify chains in different documents 
that refer to the same (or a similar) topic even if the terms 
used in the chains differ. 

0275. It is reasonable to consider similarity metrics for 
comparing sets, as lexical chains can be seen as sets ofterms. 
Four standard similarity metrics that are used in Information 
Retrieval are the Dice Coefficient, Jaccard's Coefficient, the 
Overlap metric, and the Cosine metric. Each of these metrics 
takes two sets as input and produces a number between 0 (for 
disjoint sets) and 1 (for identical sets). They are defined as 
follows (where AUB denotes the union of A and B, A?h B 
denotes the intersection of A and B, and |A| denotes the 
number of elements in A): 
0276 1. Dice Coefficient 

2X Y 
D(X,Y) = x,y 

(0277 2. Jaccard's Coefficient 

|Xn Y J(X,Y) = xiii 
(0278. 3. Overlap Metric 

|Xn Y O(X,Y) = nix, y, 
0279 4. Cosine Metric 

|X Y 
C(X, Y) = 

WXY 

0280 All four metrics above for comparing sets X and Y 
are based on the number of elements in the intersection (i.e., 
IX?hYI). The metrics differ from each other in their normal 
ization. The intersection of X and Y is the set of elements that 
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are contained in both X and Y. We can see, therefore, that 
0sIX?hYIsmin(X, Y). In order to form a metric that pro 
duces values between 0 and 1, IX?)Y is normalized by some 
thing greater than or equal to min(X, Y). 
0281 All four metrics above use different normalizations 
and produce slightly different scores when comparing two 
sets. For instance, Suppose that all of the elements in X are 
also contained in Y and that Y is much larger than X (con 
taining several elements not in X). The Overlap metric 
ignores the size ofY (normalizing by XI), and thus produces 
a higher comparison score for X and Y than the Dice coeffi 
cient (which normalizes by X|+|YI). In fact, when Y is larger 
than X (and their intersection is not empty), the Overlap 
metric produces a higher similarity score between X and Y 
than any of the other metrics. Although such differences can 
be seen from the formulae above, it is not immediately intui 
tive which metric is the most Suited for comparing lexical 
chains. 
0282. The first class of similarity measures that I consider 

is the Type-based class. The type length of a lexical chain X 
(denoted IX) is the number of term types contained in the 
chain (type-based set operations are denoted with a Subscript 
t.). 
0283. The type-based intersection of two chains X and Y. 
denoted by XY, is defined as the collection of all term types 
which belong to both chain X and chain Y. The type-based 
union, denoted by, U, is defined similarly. All four type-based 
metrics and their formulae are presented here: 

Metric Formula 

TD (Dice) 2X?, Y, 
X + IY, 

TJ (Jaccard) X? Y, 
XU Y. 

TO (Overlap) X? Y, 
min(X, Y) 

TC (Cosine) X?, Y, 
X, Y, 

0284. The second class of similarity measures considered 
is the Token-based class. The token length of a lexical chain X 
is the number of term tokens in X and is denoted IX. The 
intersection of two chains X and with respect to token fre 
quency is defined, denoted by Xn,Y, as the collection of all 
term tokens that belong to both chain X and chain Y. The 
token-based union, denoted by U, is defined in a similar way. 
All four token-based metrics and their formulae are presented 
here: 

Mar. 26, 2009 

-continued 

Metric Formula 

FO |X n Yif 
min(X, Ylf) 

FC |X n Yif 

NIX, Y, 

0285. The type-based approach has the advantage of not 
over-weighting a small chain (e.g., one with two words) that 
may not contribute much conceptually to a document but 
contains a frequently used word. For example, the following 
lexical chain from paper P has a type length of 5 but a token 
length of 12: 

0286 similarity metric (5), metric (3), cosine metric 
(2), type metric (1), value difference metric (1) 

0287. The above chain describes a key topic in paper P. 
(i.e. similarity metric). However, the following chain has a 
higher token length (18) and describes a topic that is not 
central to paper P. 

0288 divergence (17), total divergence (1) 
0289. To reward overlap between chains, while taking into 
account which (of two chains being compared) is used as the 
basis of the comparison (or “search”), the Overlap metric is 
modified as follows to arrive at the asymmetric Partial Over 
lap measure: 

0290. As seen, P(X, X)=1, and P(X,Y)=0 when X and Y 
are disjoint. Otherwise, 0<P<1. Also P(X,Y)=P(Y,X) only 
when IX=Y1, in which case P is equivalent to the Overlap 
metric presented earlier. 
0291 P is used to produce the following additional mea 
sures, where 0s).s 1: 

Metric Formula 

PD 2X?, Y, X?, Y, 
- + (1 - XLIY,t(1-) IX, 

PJ X? Y, X?, Y, 
1 - XU, y + (1-)- IX 

PO X? Y, X?, Y, - - - - - - + (1 - A nin IX, Y,t(1-) IX, 
PC X?, Y, + (1 - ) X?, Y, 

VIX, Y, X, 

0292. Each class above can be divided into the following 
two Subclasses: 

0293 1. Term Identity: A term T in one lexical chain is 
considered to match a term T in another lexical chain 
only if T and T are identical. This comparison is a 
binary decision; two chains sharing a multi-word term 
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are not considered to be more of a match than two chains 
sharing a single-word term). 

0294 2. Partial Term Overlap: Two (non-identical) 
terms that have a word, or multiple adjacent words, in 
common are considered to be a partial match. The 
strength of this match varies with the number of adjacent 
words that they share. 

0295) This produces four kinds of lexical chain similarity 
measures, shown in FIG. 27. Note that it is possible to imple 
ment a token version of the Partial Overlap measures. The 
three classes of measures considered are: 1) type-based with 
term identity (metrics), 2) token-based with term identity 
(metrics), and 3) type-based with partial term overlap (asym 
metric). 
0296 For each similarity measure, the scores are used to 
choose the best match (match with the highest similarity 
score) for each comparison. For example, according to the TD 
measure the best match for chain AI among annotator-B’s 
chains is chain BI with a score of 33.3 while the best match 
according to the TO measure is chain 512 with a score of 50. 
0297. In analogy to the creation of the two types of simi 

larity gold standards, the similarity measures are evaluated 
based on the following two tasks: 

0298 1. Given a lexical chain C and a chain set S, find 
the chain in S that best matches C (if a match exists). 
This decision is executed for each chain in a chain set. In 
this task each chain from one annotator is compared with 
a chain set from another annotator. The automatic 
matches are compared to the Coarse Gold Standard data 
described in Section 6.3.1. 

0299 2. Given a chain and a set of up to 3 similar chains, 
the measures are to determine the best match, or report 
no match (if they believe that there is no match). The 
automatic matches are then compared to the Fine Gold 
Standard and graded as correct or incorrect. 

0300. An automatic comparison measure must be capable 
of deciding between matches and non-matches. Given any 
pairoflexical chains, the measures presented here will always 
return a numerical score, which is sometimes but rarely Zero. 
However, it is not the case that human-judged non-matches all 
correspond to Zero values. In fact a score of 0.1 is most 
definitely not a match, although it is unclear what should 
happen in the case of 0.3. This decision is therefore made 
using a score threshold A. If a metric returns a score less than 
t for any pair of chains, that pair is deemed not to be a match. 
The results that follow were obtained using the value t—0.25. 
0301 For each comparison involving a lexical chain c. 
there are five possibilities: 

0302) 1. The human and the machine chose the same 
match for chain c. 

0303 2. The human and the machine chose different 
matches for chain c. 

0304 3. The human and the machine both judged chain 
c not to have a match. 

0305. 4. The human judged chain c not to have a match, 
but the machine found a match for c. 

0306 5. The human found a match for chain c, but the 
machine did not. 

0307 The Precision and Recall metrics from Information 
Retrieval are used to evaluate the performance of the lexical 
chain similarity measures. To compute Precision and Recall, 
three numbers are computed: 

0308 1. Agree: The number of times the system agreed 
with the human (corresponding to cases 1 and 3 above). 
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0309 2. Disagree: The number of times the system and 
the human did not agree (cases 2, 4, and 5 above). 

0310. 3. Incorrect Returned: The number of times the 
system disagreed with the human and the system found 
a positive match (cases 2 and 4 above). 

0311 Precision, Recall, and F-measure are then defined as 
follows: 

Precision = Agree 
(CSO Agree + Incorrect Returned 

Recall = Agree 
(C3II Agree + Disagree 

2x PrecisionX Recall 
T Precision + Recall 

0312 The two comparison types described above are used 
to evaluate the ability of each similarity measure to make the 
same similarity judgments (when comparing lexical chains) 
as a human. Moreover, they do not measure the overall simi 
larity between two sets of lexical chains. 
0313 FIG. 37 shows examples of similarity scores pro 
duced by the type-based metrics. 
0314. From FIG.38 it can be seen that all of the measures 
(and the human gold standard) agree some of the time on 
which chains are determined to be best matches (the obvious 
cases). As FIG. 39 shows, there are also disagreements 
between the measures. For example, the TD (Dice) and TJ 
(Jaccard) metrics chose chain B1 as the best match for chain 
A3 while the TO (Overlap) metric and the TC (cosine) metric 
chose chain B26 as the best match. 
0315 Chain A3 in FIG. 40, for example, is one such chain 
involved in a disagreement between measures. Since chain 
A3 is the only chain from annotator A that contains the word 
distance (and no chain from annotator A contains the word 
euclidean) it is the only chain to overlap chain B26, though it 
is a very weak match. Conversely, since chain B26 only 
consists of two terms, both of which refer to distance, chain 
A3 overlaps B26 more completely than it overlaps any other 
chain. This overlap-based decision was made by TO and TC 
(Cosine). However TD and TJ chose chain B1 as the best 
match for chain A3 because they share two terms, namely 
distributional similarity and similarity-based. 
0316. In another case, chains AI and B1 (shown in FIG. 
41) share 3 term types (i.e., distributional similarity measure, 
similarity function, and similarity metric). Chains A1 and 
B12 only share one term type (i.e., divergence). However, the 
term divergence has a frequency of 14 in paper P. 
0317. The type-based version of the Overlap metric also 
chose B12 as a match for AI. The reason for this can be seen 
from the definition of the Overlap metric. Since the denomi 
nator is the minimum of the lengths of the two chains being 
compared, the Overlap of A1 with B12 (producing a denomi 
nator of 2) produces a higher score than the Overlap of A1 
with B1 (producing a denominator of 9). 
0318 FIG. 42 shows the coarse comparison results for the 
12 similarity measures. The cosine metric gives the highest 
performance when term types are counted rather than tokens. 
FIG. 42 also shows the 2-way comparison results for the 
token-based metrics. The Jaccard Coefficient yields the high 
est performance when token frequency is considered. 
0319. As seen in FIG. 42 all of the type-based metrics 
performed better than the highest performing token-based 
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metric. Each score produced by comparing two lexical chains 
c and d using the token-based metrics is influenced by the 
frequencies of all terms that c and d share. This leads to 
incorrect choices when (for example) two chains representing 
dissimilar concepts share a high-frequency term. This is the 
case with chain B26 in FIG. 40. Chain B26 was chosen as the 
best match for chain A3 by all four token-based metrics 
because 50% of chain B26 is contained in chain A3. However, 
chain BI was chosen as the best match for chain A3 by two of 
the type-based metrics because 2 of the term types used in 
chain B1 are used in chain A3, compared to only 1 in chain 
B26. Doing the reverse comparison, chain A3 was chosen by 
a human as the best match (from annotator A) for chain B26. 
0320 FIG. 42 also shows the Coarse Comparison results 
for the Partial term overlap measures using a weighting coef 
ficient of w=0.5. The PC (Cosine) measure gives the best 
performance. In fact, all of the Partial term overlap measures 
perform better than the highest performing type-based met 
1C. 

0321. There is overlap in the concepts described by chain 
A3 and chain BI; they both describe aspects of similarity. 
However, chain A3 overlaps chain B26 more than it overlaps 
chain BI since the concept of distance described by chain B26 
is contained in chain A3. According to the Coarse Gold Stan 
dard data, the chain from annotator A that best matches chain 
B1 is chain AI. 
0322. In this case annotator A has created two lexical 
chains whose concepts overlap, namely chain A1 and A3. If 
annotator A had not created chain A3 then the issue encoun 
tered in FIG. 40 would not have happened. If annotator A had 
not created chain AI, then chain A3 would still have been 
judged to overlap chain B26 more than it overlaps chain B1. 
This is because the manual judgments in the Coarse and Fine 
Gold Standards were done independent of all other judgments 
(i.e., not taking into account previous matches). 
0323 FIG. 43 shows the fine comparison results for the 12 
similarity measures. In this comparison, the PJ and PC mea 
sures received the same F-Measure of 81.9%, outperforming 
all other measures. Since the PC measure received the highest 
F-Measure in the Coarse comparison (outperforming PJ). 
only the PC measure in the similarity experiments will be 
used (discussed further below). 
0324 Generally, the evaluations of the measures were 
based on two tasks: 

0325 1. Use each measure to find the best match for a 
lexical chain given several different chains from one 
chain set. The candidate matches may refer to similar 
concepts or to completely irrelevant concepts. 

0326 2. Use each measure to find the best match for a 
lexical chain given multiple chains that were already 
judged by a human to be similar. This task is harder than 
the previous task and thus rewards measures that are able 
to scrutinize the chains more closely. 

0327. The similarity measure that achieved the highest 
F-measure for the Coarse comparison is the Cosine metric 
with the Partial Overlap measure (PC). This measure tied with 
the Jaccard metric together with the Partial Overlap measure 
(PJ) in the Fine comparison. 
0328. The PC measure from above is used to evaluate the 
nine lexical chaining algorithms introduced above using two 
experiments. As motivated above, the text skimming task 
application has the following two tasks: 

0329. 1. Automatically generate a set of lexical chains 
from a paper Such that 1) each key topic discussed in the 
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paper is represented by a lexical chain, and 2) each 
lexical chain represents an important topic in the paper 
(i.e., no 'spurious chains'). This task takes into account 
the interrelationship between lexical chains in the same 
chain set. 

0330 2. Create lexical chains that can be recognized 
individually by humans as representing a topic in a 
paper. This task is concerned with the quality of lexical 
chains in isolation. 

0331. For each set of human-generated lexical chains 
(containing in chains for Some n>0), these chains are com 
pared against n chains from a set of automatically-generated 
lexical chains. The methodologies for the two experiments 
presented here differ only in the way that a subset of lexical 
chains are chosen from the entire set of automatically-gener 
ated lexical chains. 
0332 The first lexical chain comparison is performed as 
follows: For each set of human-generated lexical chains (hav 
ing in chains), and for each of the nine lexical chaining algo 
rithms, the n strongest lexical chains created by the lexical 
chain algorithm are automatically select. The strength of each 
chain is determined by its score as described above. This 
method for selecting the “best” in lexical chains from a (poten 
tially large) set of automatically-generated lexical chains cor 
responds to Task 1 described above. 
0333 By comparing the strongest lexical chains as judged 
by the lexical chainer, this comparison not only evaluates the 
quality of the lexical chains that are created but it also pro 
vides the basis of an evaluation of the lexical chainer's ability 
to identify the strongest lexical chains. This is because an 
algorithm is penalized if a human creates a lexical chain for a 
topic that does not correspond to a lexical chain selected by 
the lexical chainer (even if such a chain was created but was 
not one of the n strongest chains). 
0334. The goal of Task 2, as described above, is to create 
high quality lexical chains that can be read and interpreted by 
humans. This task is not concerned with choosing the “right 
number oflexical chains in a set, but rather focuses on lexical 
chains in isolation. To take this into account, the second 
lexical chain comparison is performed in the following way: 
For each set of human-generated lexical chains (having in 
chains), and for each of the nine lexical chain algorithms, the 
in automatically-generated lexical chains (using the PC simi 
larity measure from above) that most closely match the n 
human-generated chains are automatically selected. 
0335. This approach has the advantage of not penalizing a 
lexical chain algorithm for generating more chains than a 
human but has the obvious drawback of requiring human 
input in order to choose the “best” lexical chains as output. 
Therefore, while this is a suitable evaluation of the quality of 
lexical chains in isolation, this system is not fully automatic. 
0336 For each of the two comparisons described above, a 
set of automatically-generated lexical chains is compared 
directly with a set of human-generated lexical chains as fol 
lows: For each human-generated lexical chain Ch, the PC 
similarity measure from above is used to find the automati 
cally-generated lexical chain ca that is most similar to ch. An 
automatically-generated lexical chain ca may be selected as a 
best match (out of all automatically-generated chains) for 
more than one human-generated chain. For each algorithm, a 
comparison score is computed for each human by Summing 
all similarity scores involving that human and dividing by the 
number of chains created by that annotator. An average score 
is computed for each algorithm by averaging the comparison 



US 2009/0083027 A1 

scores mentioned above for that algorithm. Significance tests 
(between the results of two lexical chaining algorithms A and 
B) are performed by comparing all similarity Scores obtained 
from algorithm A (one score for each human-generated 
chain) with all scores obtained from algorithm Busing the 
paired t-test. 
0337 As described in above, the characteristic adjective 

filter allows adjectives with a non-characteristic-ness score 
below some given threshold X to be included in lexical 
chains. AS X approaches 0, the bc algorithm approaches the b 
algorithm (no adjectives) in functionality. Similarly, as X 
approaches 100, bc approaches the ba algorithm (all adjec 
tives). For each task described above, and for each of the two 
papers P and P., X is allowed to vary from 1 to 100. 
0338 Each of the two comparison tasks was performed on 
papers P and P. using the gold standard of human-generated 
lexical chains from above. Significance results were com 
puted using the paired t-test to compare the performance of 
the different algorithms. 
0339 Consider Comparison Task 1 (choosing the n-stron 
gest automatically-generated chains). We can see from FIGS. 
44 and 45 (which show values of X on the horizontal axis and 
similarity scores on the vertical axis) that, for both papers P1 
and P2, there exist characteristic-ness thresholds X such that 
the use of characteristic adjectives produces lexical chains 
that are more similar than chains produced using all adjec 
tives to the human-generated lexical chains in the gold stan 
dard. 
0340 For paper P, a characteristic-ness threshold of X=3 
(filtering out 93.80% of all adjectives in the ACL Anth Cor 
pus) results in the similarity scores shown in FIG. 46. Algo 
rithm bc receives a score of 56.08 and significantly outper 
forms algorithm ba (with a score of 48.50), as does the base 
algorithm b. Algorithm bc is the highest scoring algorithm 
and significantly outperforms every algorithm except for b 
and bs (cf. FIG. 47). 
0341 For paper P, algorithm be starts outperformingba 
at X=10 (filtering out 78.31% of the adjectives), as can be 
seen from FIG. 45. This improvement is significant at X=16 
(filtering out 69.48% of the adjectives), at which point be is 
the highest scoring algorithm (with a score of 53.64) and 
significantly outperforms algorithms ba (52.34), b (47.93), 
bw (43.69), and bws (42.10) (cf. FIGS. 48 and 49). 
0342. Now consider Comparison Task 2 (choosing the 
automatically-generated lexical chains that most closely 
match the human-generated chains). For paper P, algorithm 
ba received a score of 57.77, significantly outperforming b, 
which received a score of 53.78. As seen in FIG. 50 the bc 
algorithm has performance peaks at X-3 (resulting in a score 
of 60.45) and X-20 (resulting in a score of 59.31). In each 
case, bc outperforms ba. However, the improvement is only 
significant at the second peak (i.e., at X=20 which filters out 
64.11% of all adjectives). In this case the slightly higher 
average score of 60.45 does not yield a significant increase 
while the score of 59.31 does. This is because significance is 
performed by comparing (for two lexical chaining algo 
rithms) similarity scores from the union of all human-gener 
ated chains while the average similarity score is the average of 
the annotator scores. FIGS. 51 and 52 show that bc is the 
highest-scoring algorithm and significantly outperforms all 
algorithms except bwc, bwsc, and bsc (the other algorithms 
that included characteristic adjectives). 
0343 For paper P, as seen from FIG. 53 algorithm ba 
outperforms be for all values of X. Algorithms ba and bc 
become identical at X=61, but the difference between ba and 
bc ceases to be significant at X=12 (filtering out 75.09% of all 
adjectives). FIGS. 54 and 55 show results for all algorithms at 
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X=12. The five highest scoring algorithms are the five that 
involve adjectives; the bc algorithm has the second highest 
score (58.66) followed by bsc (58.11), bwsc (58.10), and bwc 
(57.43). 
0344) For both comparison tasks, and both papers, the 
inclusion of adjectives significantly increases the similarity 
between automatically-generated lexical chains and human 
generated lexical chains over using no adjectives at all. In 
three out of four of the experiments, lexical chains created 
when using the characteristic adjective filter were more simi 
lar to the human-generated chains than the chains created 
when considering all adjectives for inclusion in lexical chain 
terms. As expected, all similarity scores for Comparison Task 
1 (the strongest automatically-generated chains are compared 
to the human-generated chains) are lower than the similarity 
scores for Comparison Task 2 (the automatically-generated 
chains that most closely match the human-generated chains 
are used for comparison). 
0345 For Comparison Task 2, algorithm ba significantly 
outperforms algorithm bc for paper P. Perhaps this is 
because, while the human annotators used many characteris 
tic adjectives, they also used non-characteristic adjectives. 
Only two annotators created lexical chains for both papers P. 
and P. 
0346. The following two comparison tasks (described 
above) are performed: 

0347 1. Strongest chains: Given a set of n human-gen 
erated lexical chains, then strongest lexical chains (from 
a set of automatically-generated lexical chains) are com 
pared to the human-generated lexical chains. This com 
parison task corresponds to the task of a text skimmer to 
create a set of lexical chains that represents the key 
topics in a paper. 

0348 2. Closest matching chains: Given a set of n 
human-generated lexical chains, the n automatically 
generated chains that most closely match the human 
generated lexical chains are selected for the final com 
parison. This comparison corresponds to the task of a 
text skimmer to create lexical chains that can be recog 
nised by humans in isolation. It has the benefit of not 
penalizing a lexical chain algorithm for not selecting the 
right chains (based on strength). However, this compari 
Son has the disadvantage of requiring human data in 
order to select the “best chains. 

0349. A significant improvement in the quality of lexical 
chains (according to comparisons with human-generated 
chains) can be made when characteristic adjectives are 
included in terms used in lexical chains. This improvement is 
evident independent of the other properties of the chaining 
algorithm. 
0350 Embodiments of the present invention, for example, 
are described above with reference to block diagrams and/or 
operational illustrations of methods, systems, and computer 
program products according to embodiments of the inven 
tion. The functions/acts noted in the blocks may occur out of 
the order as shown in any flowchart. For example, two blocks 
shown in Succession may in fact be executed Substantially 
concurrently or the blocks may sometimes be executed in the 
reverse order, depending upon the functionality/acts 
involved. 
0351 While certain embodiments of the invention have 
been described, other embodiments may exist. Furthermore, 
although embodiments of the present invention have been 
described as being associated with data stored in memory and 
other storage mediums, data can also be stored on or read 
from other types of computer-readable media, Such as sec 
ondary storage devices, like hard disks, floppy disks, or a 
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CD-ROM, a carrier wave from the Internet, or other forms of 
RAM or ROM. Further, the disclosed methods stages may be 
modified in any manner, including by reordering stages and/ 
or inserting or deleting stages, without departing from the 
invention. 
0352 All rights including copyrights in the code included 
herein are vested in and the property of the Applicant. The 
Applicant retains and reserves all rights in the code included 
herein, and grants permission to reproduce the material only 
in connection with reproduction of the granted patent and for 
no other purpose. 
0353 While the specification includes examples, the 
invention's scope is indicated by the following claims. Fur 
thermore, while the specification has been described in lan 
guage specific to structural features and/or methodological 
acts, the claims are not limited to the features oracts described 
above. Rather, the specific features and acts described above 
are disclosed as example for embodiments of the invention. 
What is claimed is: 
1. A method for automatic text skimming using lexical 

chains, the method comprising: 
creating at least one lexical chain from an electronic docu 

ment; 
creating a concept list of positions within the electronic 

document where at least one concept represented by one 
of the at least one lexical chain is mentioned; 

assembling a positions list of positions where the at least 
one concept is mentioned; 

receiving a selection of at least one concept from the posi 
tions list; and 

highlighting, in response to receiving the selection, sec 
tions of the electronic document that contain the selected 
at least one concept. 

2. The method of claim 1, wherein creating the at least one 
lexical chain from the electronic document comprises deter 
mining at least one major topic from the electronic document. 

3. The method of claim 1, further comprising: 
creating an annotated table of contents, wherein creating 

the annotated table of contents comprises merging an 
index and a table of contents of the electronic document; 
and 

wherein receiving the selection of the at least one concept 
from the position list comprises selecting the at least one 
concept from the annotated table of contents. 

4. The method of claim 3, wherein creating the annotated 
table of contents, wherein the annotated table of contents is a 
representation of contents of the electronic document and 
creating the annotated table of contents comprises: 

constructing a list of at least one of the following: chapter 
titles, section titles, and subsection titles in the electronic 
document; 

for each of the chapter titles, the section titles, and the 
Subsection titles, constructing a list of at least one of the 
following: concepts and lexical chains referred to in 
each of the chapter titles, the section titles, and the sub 
section titles; 

associating the chapter titles, the section titles, and the 
subsection titles with a portion of the text in the elec 
tronic document. 

5. The method of claim 1, wherein at least one lexical chain 
is created from a text Such that each lexical chain represents a 
concept discussed in the text. 

6. The method of claim 1, wherein for each lexical chain 
creating a list of positions in the text, denoted by at least one 
of the following: sentence numbers and page numbers, cor 
responding to a use of the lexical chain. 
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7. The method of claim 1, further comprising using a sec 
tion heading information, provided by an author of the elec 
tronic document, to make a record of how many times the at 
least one lexical chain is mentioned in the section. 

8. The method of claim 1, further comprising creating a list 
of the most used lexical chains for at least one of the follow 
ing: a chapter, a section, and a Subsection. 

9. The method of claim 1, further comprising: 
assembling a chapter list of at least one of a chapter, a 

section, and a Subsection in the electronic document; and 
assembling a usage list of lexical chains used in each of the 

chapters, sections, and Subsections. 
10. The method of claim 1, further comprising: 
hiding all unhighlighted text; and 
presenting the user with a Summary of the paper. 
11. The method of claim 1, further comprising transmitting 

the at least one lexical chain to a remote computing device. 
12. The method of claim 1, further comprising broadcast 

ing the at least one lexical chain via a speech synthesizer. 
13. A method for usinglexical chains to construct a search 

index for at least one text document for use by a search 
engine. 

14. The method of claim 13, further comprising creating an 
annotated table of contents, including the lexical chains, for 
every document to be indexed by the search engine. 

15. The method of claim 13, further comprising, for each of 
the lexical chains, recording a location of all sentences in the 
document that reference each lexical chain. 

16. The method of claim 13, further comprising computing 
a contribution of each lexical chain to a representation of the 
document, wherein a lexical chain representing a key concept 
in the document receives a higher contribution score than a 
lexical chain representing a minor point in the document. 

17. The method of claim 13, further comprising recording 
all technical terms used in any lexical chain in the document 
in a technical term list. 

18. The method of claim 17, further comprising: 
computing a contribution of each lexical chain to a repre 

sentation of the document, and 
computing a term contribution for each technical term to 

each lexical chain for the document. 
19. The method of claim 13, further comprising creating a 

document index including a lexical chain list of the lexical 
chains created for the document, for each of the lexical chains 
in the lexical chain list, creating at least one of the following: 

a location list of all locations in the document, denoted by 
at least one of the following: a sentence number and a 
page number, referencing the lexical chain; 

a page list of all page numbers in the document that corre 
spond to pages containing a sentence referencing the 
lexical chain; and 

a contribution score denoting the contribution of each lexi 
cal chain to a representation of the document. 

20. The method of claim 13, further comprising creating a 
document index, wherein the document index includes a 
terms list of terms used in lexical chains for each document in 
the document index. 

21. The method of claim 13, further comprising creating a 
document index, the document index comprising a list of all 
terms used in any lexical chain for any document in the index, 
for each term in the index, a sorted list of documents, denoted 
by document identifiers, containing the term in a lexical 
chain. 

22. The method of claim 13, further comprising creating a 
document index, the document index comprising a list of all 
single words used in any lexical chain for any document in the 
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index, for each single word in the index, a sorted list of 
documents, denoted by document identifiers, containing the 
word in a lexical chain. 

23. A method for providing a search engine: 
receiving a query; 
determining if the query contains at least one multiword 

term from a terms list of terms in the search index; and 
for each single word in the query, retrieving from the search 

index a document list of at least one document that 
contains the lexical chains that include the word. 

24. The method of claim 23, further comprising computing 
the relevance of each document in the document list to the 
query. 

25. The method of claim 24, wherein computing the rel 
evance of each document comprises utilizing at least one of 
the following to compute the relevance: a number of words in 
the query, a number of words in the query that are used in the 
document by a lexical chain, for each word in the query that 
is used in the document by a lexical chain, a contribution of 
the word to the representation of the document, a number of 
multiword terms in the index that are in the query, and for 
each multiword term in the query, the contribution of that 
term to the representation of the document. 

26. A computer-readable medium which stores a set of 
instructions which when executed performs a method for 
automatic text skimming using lexical chains, the method 
executed by the set of instructions comprising: 

creating at least one lexical chain from an electronic docu 
ment; 

creating a concept list of positions within the electronic 
document where at least one concept represented by one 
of the at least one lexical chain is mentioned; 

assemblingapositions list indicating where the at least one 
concept is mentioned; 

receiving a selection of at least one concept from the posi 
tions list; and 

in response to the selection, performing at least one of the 
following: 
(i) hiding sections of the electronic document that do not 

contain the selected at least one concept, 
(ii) highlighting sections of the electronic document that 

contain the selected at least one concept, and 
(iii) both (i) and (ii). 

27. The computer readable medium of claim 26, further 
comprising: 

creating an annotated table of contents, wherein creating 
the annotated table of contents comprises merging an 
index and a table of contents of the electronic document; 
and 

wherein receiving the selection of the at least one concept 
from the positions list comprises selecting the at least 
one concept from the annotated table of contents. 

28. A system for automatic text skimming using lexical 
chains, the system comprising: 

a memory storage; and 
a processing unit coupled to the memory storage, wherein 

the processing unit is operative to: 
create an annotated table of contents from an electronic 

document; 
create concept list comprising a list of positions within 

the electronic document where at least one concept 
represented by one of at least one lexical chain is 
mentioned; and 

receive a selection of at least one concept from the anno 
tated table of contents. 
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29. The system of claim 28, wherein the processing unit 
being operative to receive the selection of at least one concept 
from the annotated table of contents comprises the processing 
unit being operative to hide sections of the electronic docu 
ment that do not contain the selected at least one concept. 

30. The system of claim 28, wherein the processing unit 
being operative to receive the selection of at least one concept 
from the positions list comprises the processing unit being 
operative to highlight sections of the electronic document that 
contain the selected at least one concept. 

31. The system of claim 28, wherein the processing unit is 
operative to create an annotated table of contents, wherein the 
processing unit being operative to create the annotated table 
of contents comprises the processing unit being operative to 
merge a collection of lexical chains and a table of contents of 
the electronic document. 

32. A method for filtering adjectives from a lexical chain, 
the method comprising: 

receiving the lexical chain comprising an adjective; 
testing the adjective to determine if the adjective is at least 

one of the following: a characteristic adjective and a 
non-characteristic adjective; 

when the adjective is a non-characteristic adjective, remov 
ing the adjective from the lexical chain; and 

when the adjective is a characteristic adjective, leaving the 
adjective in the lexical chain. 

33. The method of claim 32, wherein testing the adjective 
comprises determining if the adjective is a non-characteristic 
adjective, wherein a non-characteristic adjective can be 
removed from the collocation without changing the meaning 
of the collocation. 

34. The method of claim 32, wherein determining if the 
adjective is at least one of the following: the characteristic 
adjective and non-characteristic adjective comprises deter 
mining a gradability property. 

35. The method of claim 32, wherein determining if the 
adjective is at least one of the following: the characteristic 
adjective and non-characteristic adjective comprises deter 
mining a nominalization property 

36. The method of claim 32, wherein the lexical chain 
comprises a collocation. 

37. The method of claim 36, further comprising determin 
ing if the collocation is a technical term. 

38. The method of claim 32, further comprising transmit 
ting the at least one lexical chain to a remote computing 
device. 

39. The method of claim 32, further comprising broadcast 
ing the at least one lexical chain via a speech synthesizer. 

40. A method for filtering adjectives before or during for 
mation of a lexical chain, the method comprising: 

receiving an adjective; 
testing the adjective to determine if the adjective is at least 

one of the following: a characteristic adjective and a 
non-characteristic adjective; 

when the adjective is a non-characteristic adjective, form 
the lexical chain without using the adjective; 

when the adjective is a characteristic adjective, form the 
lexical chain, wherein the lexical chain comprises the 
adjective. 


