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Abstract. This work provides algorithms and heuristics toder text
documents by determining important topics in theutoents. To index text
documents, the work provides algorithms to generafeic candidates,
determine their importance, detect similar and synotopics, and to eliminate
incoherent topics. The indexing algorithm usesddgquency to determine the
importance and the existence of the topics. Regepterases are topic
candidates. For example, since the phrase ‘indéxdt@cuments’ occurs three
times in this abstract, the phrase is one of tpesoof this abstract. It is shown
that this method is more effective than eitherrapé word count model or
approaches based on term weighting.

1 Introduction

One of the key problems in indexing texts by tojpéc® determine which set of words
constitutes a topic. This work provides algorithtosidentify topics by determining

which sets of words appear together within a cerpaibximity and how often those
words appear together in the texts.

To count the frequencies of topics in texts ac@lyata system must be able to
detect topic repetition, similarity, synonymy, péglism, and implicit references.
However, these factors are not all equally impdrtae have found that topic
repetition and topic similarity are the most usefot are sufficient to produce good
indices.

The work described in this paper provides algorghim detect similar topics in
texts. For example, if a text contains phrase tavegdmerican history book’ and ‘this
book is about the history of native Americangdex the implementation of this
work, detects that both phrases are similar, cotlesfrequency of topic ‘native
American history book’ as two, and makes the pheasendidate topic.

The ilndex system also detects topics that arergyns, sums their frequencies,
and represents them together as one synonym mediiiggis important because the
same topic can be expressed in several differegs.wador example, the phrases
‘topic identification’, ‘topic determination’, ‘tojg discovery’, ‘finding topic’,
‘locating topic’, and ‘topic spotting’ can all senas synonyms.

The ilndex system extracts shorter and best phréses texts to serve as
candidates. For example, the phrase ‘blood pressuselected over ‘pressure of the
blood'. In addition, unlike previous approachesgtsias [WEKO1], ilndex extracts



any important phrases from texts, not just simple npbrases. For example, terms
such as ‘high blood pressure has no symptoms’ d&mbd pressure should be
monitored more frequently’ are extracted from texsms that would be missed by a
noun phrase indexer.

The major contributions of this work are technigaesl algorithms to determine
and to order the most important topics in text doents and to index text documents
efficiently based on important topics in the tewithout employing complex English
parsers. It efficiently solves the problem of fimgliimportant topics in texts, the
problem which requires exponential computation titme carefully selecting subsets
of the problem that are practical to compute yefulsand cover 97% of the problem
domain. The approach also provides a method thfmedetopic synonyms with
inference complexityp(log n)or better.

2 Background

Over the past 30 years, a number of approachesfaariation retrieval have been
developed, including word-based ranking, link-basstking, phrase-based indexing,
concept-based indexing, rule-based indexing, amicdb inference-based indexing
[Ha92, Sa89].

The closest work to ilndex is that of Johnson [J@8Hand Aronson [ABC+00];
ilndex, however, applies a much richer set of téqpes and heuristics than these two
approaches. For example, ilndex allows one to gondi the maximum number of
words in a phrase (default is 10), whereas in priork the phrase size has been fixed
(3 in Johnson and 6 in Aronson). The ilndex systsp usedimited stemming
(which we will describe later) as opposed to stathdgiemming with its weakness
described in Section 3.3. ilndex also considerapiete text documents as its input,
rather than just the title and the abstract of dwemis as in Aronson. Finally, ilndex
uses a set of configurable matching techniqueppsesed to just one technique as in
Johnson.

Fagan [Fa87] examined the effectiveness of usingsgs for document retrieval.
His phrase construction is limited to 2-word phsaaad uses the standard stemming.
The precision improvement by the use of phrase fram —1.8% to 20.1%. Kelledy
and Smeaton [KS97] concluded that the use of phrasproves the precision of
information retrieval. They use upto 3-word phased employes standard stemming.
They only use phrases that appear in at least f&etit documents, whereas ilndex
uses any phrases that are repeated in any docu@ensequently, they will miss
phrases that are repeated in one document suchindted stemming’ in this
document. They do not consider phrase variantsadent of defence’ and ‘defence
department’ are equivalent, whereas ilndex doetraMit al. [MBSC97] repeated the
experiment by Fagan with a larger set of about @D documents. They also use 2-
word phrases that appear in at least 25 documeniploy standard stemming, and
ignore word order. They concluded that the usehwéges does not have significant
effect on the precision of the high rank retriekggults but useful for the low rank
results.

The work by Wacholder [WEKOL1] is also related, hoerethis work, as mentioned
above, indexes only simple noun phrases whereailrconsiders all types of



phrases. Moreover, Wacholder ranks the topics byfrdquency of the head of the
noun, which is a single word, whereas ilndex rahlestopics by the frequency of the
topic (phrase) as a whole.

Woods [Wo097] provides another approach to topiatifieation. Unlike ilndex it
does not use frequency in determining topic rarking

3 Indexing by Topic

A topicis a set of words that has meaning. A topic isnaily a phrase. Topics are
determinedby detecting which set of words appears togethimcertain proximity
and how often those words appear together in tleerdents. The more frequent the
set of words in the document, the better the chainaeset of words represents an
important concept or topic in the document. Gehgrdle more (significant) words in
a topic the more specific the topic is. We woule Ito find topics that are as specific
as possible. Similar topics are grouped (and Istiered) by a process that we call
topic canonizationThis process involves converting the words in aapérto their
base forms and then ordering the words alphablgticethe resulting phrase is called
the canonical phraseWe discuss our methods for determining topic tlen¢ppic
proximity, and topic frequency below.

A sentenceor aphraseis a string of characters between topic separal@pic
separatorsare special characters such as period, semicgoestion mark, and
exclamation mark that separate one topic from amoth word is a string of
characters consisting of only a-z, A-Z, and 0-%he Bpproach ignores tokens that are
numbers, hyphens, possessive apostrophes anddblardcters.

Thetopic lengthis the number ofignificant wordghat constitute a topic (sentence
or phrase.) Significant words are those that hatédaen predefined as stop words. A
stop wordis high-frequency word that has no significant meg in a phrase [Sa89].
ilndex uses 184 stop words. They are manually tsdeas follows: all single
characters from a to z, all pronouns, terms fretiyersed as variable names such as
t1, t2, s1, s2 and words that were selected manually, afteruailg the results of
indexing several documents using ilndex.

The maximum and minimum values for topic length @efigurable parameters of
ilndex (discussed in Section 4). ilndex also presidiefault settings. The default
value for maximum length of topics is 10 and thenimum length is 2. These
maximum and minimum were selected because it hes Eported that the average
length of large queries to a major search engirie (Aista) is 2.3 words [SHMM98].

Topic proximityis the maximum distance of words apart that cturtstia topic. For
example, phrase ‘a topic must be completely withisentence’ is about ‘sentence
topic’ and both words are apart by 6 positions. thar example, the topic proximity is
6.

The topic frequencyor reference count is the number of times thatpéct similar
topic, or synonymous topic is repeated in the damimin our approach, the
importance of a topic is measured by its frequercyopic isrelevantto a unit of a
document if the topic is referenced more than dndée unit. Aunit of a document
can be the whole document, a section, or a paragrap



3.1 Indexing Algorithm

Given a set of documenB, find a set ofw-word topics that are repeatedimes in
the documents. The words that constitute a topalshnot be separated by more than
p positions.

For example, given documebt= “abcdbc”, where each of the letters represents a
word, the list of phrases of any 2 words of at nfogbsition apart is {ab, bc, cd, db,
bc}. Each of the phrases has frequency 1 excemtsghibc’ with frequency 2. The
phrases with the highest frequency are the mosbiitapt topic. In this case, the only
topic recognized for this document is ‘bc’, a topith frequency of at least 2.

Let D be the set of all documents. Lebe a unit of a documedtin D. By default,

u represents the whole document. Xebe theindexof D, which is the set of topics
that are repeated at leastimes inu. Each index entrx in X represents a relation
between topid, unit u, and the frequency dfin u denoted ax(t, u, f) The whole
index is represented (T, U, F)whereT is the set of all topics iD, U is the set of
all units inD, andF is a set of integers. By definitiofx(t, u, f1)}union{x(t, u, f2)}=
{x(t, u, f1+f2)}i.e. we sum the frequenciestdh u. The frequency of topitin unitu
is denoted by(f) for a given index entrx(t, u, f)

Algorithm 1 Indexing Algorithm

1. For eachuind, do the following.
a. LetXube the index ofi. Initialize Xu to empty.
b. Letsbe a sentence in
c. Remove stop words and numbers frgnores if it is reduced to one word
or less.
d. For each senteneen u do the following.
i. Generate topic candidat&ésrom s (Section 3.2).
ii. For each topic¢ in T, do the following.
1. Perform limited stemming dr(Algorithm 2).
2. Perform topic canonization ¢n
iii. Eliminate topics inT that are overlapping in position.
iv. Merge and sum the frequencies of topiabat are the same, similar
or synonym, to produce index entxyt, u, f)and add it intoXu.
Notice thatx(t, u, f1+f2) replaces botk(t, u, fl)andx(t, u, f2)in
Xu.
e. Remove index entries from Xu that do not satisfy any of the following
conditions:
i. Topict consists of significant words less than
ii. Topic t contains duplicate words.
iii. Topic t is a subset of other topics anid not a stand-alone topic.
f. For each topic in Xu, remove extraneous words from(Algorithm 5).
Removet if it is reduced to one word or less.
2. For each documedtin D do the following.
g. LetXdbe the index ob. SetXdis the union oXu from eactu in d. In doing
so, replaces with d in index entryx(t, u, f)
h. Removex from Xd if x(f) <r.
3. The indexX is the union oXd andXu from eachu in d and from each in D.



3.2 Topic Generation

Given a sentence of length generate all possible phrases (topics) of le@gta w
words where words can be up popositions apart from each other. The algorithm
systematically generates all possible phrasesssitled in the following example.

3.2.1 An Example

Let's generate all 3-word phrases of at most 3tjpos apart from a text document
“abcde...z". In this case, each letter represents@wFor a 3-word phrase, there are
only 2 possible slots inside the phrase as shovpaiternXzXzX whereX represents
one word and represents a slot. For each dotve may skip 0, 1, or 2 words, i.e. at
most 3 positions apart. The list of patterns isashe Table 1. The dash signs in the
patterns represent words that are skipped.

Table 1. List of patterns for generating topic candidates

# Slots Patterns Phrases #Phrases

1 00 XXX abc, bcd, cde, ... 24 = 26-3+1-(0+0)

2 01 XX-X abd, bce, cdf, ... 23 = 26-3+1-(0+1)

3 02 XX--X abe, bcf, cdg, ... 22 = 26-3+1-(0+2)

4 10 X-XX acd, bde, cef, ... 23 = 26-3+1-(1+0)

5 11 X-X-X ace, bdf, ceg, ... 22 = 26-3+1-(1+1)

6 12 X-X--X 21 = 26-3+1-(1+2)
7 20 X--XX 22 = 26-3+1-(2+0)
8 21 X--X-X 21 = 26-3+1-(2+1)
9 22 X--X--X 20 = 26-3+1-(2+2)

The number of patterns is 3*2 = 9. The number oagds, 24 + 23 +... + 20 =
198, is less than 9 * 24 = 216, because there gratt@rns each of which cannot
generate more than 24 phrases (each phrase coatdéast 3 words).

3.2.2 Computational Complexity
The number of patterns consistwfwords of at mosp positions apart ispw_l. An
upper bound of the number of phrases consist wbrds of at mosp positions apart

generated from one sentence of lengiis (S—w+1) pw_l. Thus, the number of

phrasesf (S, W, p)is less than(S—w+1) p“™. The number of phrases consisting

of 2 tow words isg(S,w, p) = le f(si,p) .

3.2.3 Computational Performance

Worst Case
Table 2 shows the performance of ilndex on the worst-cgssmario on generating all
possible phrases fromne sentence consist of unique words wl, w2, ..., wiitie

value ofs = 124 is the longest sentence found among alldegstments evaluated in
this work. The value ofv = 10 is the default value set for ilndex.



The numbers in the table were computed by ilndehe Tomputer specified in
Section 4 ran out of memory when the ilndex triedcompute g(124, 10, 3).
Therefore, the computation times for g(124, 10ar@) estimated numbers as indicated
by the stars on them.

Table 2. The performance of a worst-case scenario

a(s, w, p) Patterns Phrases  Minutes
g(124, 10, 1) 9 1071 0
g(124, 10, 2) 1,022 114,437 14
g(124, 10, 3) 29,523 3,158,934 *386

(124, 10, 4) 349,524 35,767,926  *4,371
g(124,10,5) 2,441,405 238,647,305 *29,161

Average Case

Although the worst case scenarios are almost inifplesto compute, the empirical
results show that the average cases can be compaetgdefficiently (less than a
second) as shown iiable 3. The table shows the performance of generating all
possible phrases from one sentence consisting ohitfoie words. The value of s = 15
and w = 3 are based on the average sentence lemgthaverage topic length
computed from all text documents evaluated inwosk.

Table 3. The performance of an average-case scenario

a(s, w, p) Patterns Phrases Milliseconds
9(15, 3, 1) 2 27 30
g(15, 3, 2) 6 75 40
g(15, 3, 3) 12 138 40

9(15, 3, 12) 111 555 90

Best Case

The best-case scenario is the condition when alalbsf the cases are covered and it
is still practical to compute. The length of secesthat cover 97% of sentences in all
documents evaluated in this work is 43. The lergjthopic that cover 97% of the
topics generated from all the documents is 6. Basethose values, the performance
of the algorithm is computed as showrTiable 4. The empirical results show that we
can efficiently compute g(43, 6, 3) in 7 secondsatimeans it is practical to compute
the index of text documents that contains sentempés 43 words long, topics up to 6
words long, and topic proximities up to 3 positiamrt.

Table 4. The performance of the best-case scenario

a(s, w, p) Patterns Phrases Seconds
9(43, 6, 1) 5 200 0
g(43, 6, 2) 62 2,279 0




g(43, 6, 3) 363 12,327 7
g(43, 6, 4) 1,364 42,722 53
g(43, 6, 5) 3,905 112,250 156

With this approach, we efficiently solves the peshlof finding important topics in
texts, the problem which requires exponential caamn time, by carefully selecting
subsets of the problem that are practical to compat useful and cover 97% of the
problem domain.

3.3 Similar Topic Detection

Topic t1 is similar to topict2 if both of them have the same set of significaaseb
words. $gnificant words are those that are not stop woBkssewords are those that
have been converted to their root forms by the ggsccalled limited stemming
described below. Examples of similar topics argesged term’, ‘repeated terms’,
‘term repetition’, and ‘repetition of terms’.

Limited stemmingis the process of converting word forms to theasd forms
(stems, roots) according to a set of conversioest#, as part of the simple grammar
G described in Section 3.4. Only those wordE iare converted to their base forms in
addition to the automatic conversion of regulanferas described in the following
algorithm.

Set F includes a list of irregular forms and their cepending base forms as
defined in the WordNet [Mi96] list of exceptionsd{@xc, adv.exc, noun.exc,
verb.exc). Examples of irregular forms are ‘goésént’, and ‘gone’ with base form
‘go’. The stemming is represented by one rule=ggoes | went | gone .

Word forms that have the same sense in all phrhgesre not included in the
WordNet list of exceptions are manually added-tdExamples of such word forms
are ‘repetition’ with base form ‘repeat’ and the rdo'significance’ with base
‘significant’.

Algorithm 2 Limited Stemming Algorithm

This algorithm returns the base form of a givendweror null.
1. If wordwis defined irF then return its base form.
2. Else
a. |If either suffix 's’, ‘ed’, or ‘ing’ exists athe end of wordv then truncate the
suffix fromw to producew’.
b. Iflength ofw’ is at least 2 then retum.
c. Return null.

The limited stemming algorithm above has been dpezl to avoid some of the
errors that arise when a generic stemming algoritpuch as described in [Sa89])
predicts that two words have the same meaning whendo not [Ha92, Fa87]. For
example, the word ‘importance’ should not be steohrize‘import’ because the two
words are semantically unrelated.

As mentioned above, stop words and word order gmered when determining
topics. When these ideas are combined with limétiesnming, the following phrases
are detected as similar: ‘repeated terms’, ‘regktgam’, ‘term repetition’, ‘repetition



of terms’. This heuristic will not always work. Fexample, it will never be able to
distinguish between ‘absence of evidence’ and &wi# of absence’. However, we
have found very few cases of this sort.

Algorithm 3 Similar Topic Detection

The following algorithm determines if topit is similar to topid2.
Remove stop words froth andt2.

Perform limited stemming df andt2.

Order words il alphabetically.

Order words in2 alphabetically.

Return true ifl is identical ta2.

gl

3.4 Synonymous Topic Detection

Phrases that have the same meaning are qailege synonymsr topic synonymsn
addition to topic canonization, phrase synonyms lmamefined explicitly by adding
production rules,S to the simple grammaG defined below. For example, the
following production rule specifies that phrasespit identification’, ‘determine
topics’, ‘discover topics’, and ‘topic spotting’ealsynonyms: topic identificatio
determine topics | discover topics | topic spotting

The rules inS are manually constructed to improve the qualitytloé index.
However, the ilndex produces good indices withaftrdng any rules irs.

Phrase synonyms share one meaning calledsyfimnym meaningwhich is
represented by the string at the head of the ptadurule. In the above example, the
synonym meaning is string ‘topic identification'aéh phrase (node) in the production
rule represents a set of similar phrases.

Topic t1 is synonymougo topict2 if and only if the synonym meaning ¢f is
literally the same as the synonym meanintRof

A simple grammarG, is used to represent both stems for words andrgyns for
topics. It is called a simple grammar becausernitt@implemented with a simple look
up table with logarithmic complexit®(log n)wheren is the number of entries in the
table which is the number of terms (nodes) in thedpction rules. The grammar
could be implemented with constant complex@yl) by employing good hashing
technique.

There are 4519 rules defined in the current impleat®n of iindex. The rules
define 11452 mappings of one string to another.

Algorithm 4 Synonymous Topic Detection

Remove stop words froth andt2.

Convert topi¢1 andt2 to their canonical phrases.

Letgl be the set of synonym rules contaihsLet g2 be the set of synonym rules
that contain$2. Bothgl andg2 are subsets of the simple gramr@ar

4. If intersection oyl andg2 is not empty, theml andt2 are synonym otherwise
they are not.

whh



3.5 Topic Elimination

The ilndex generates sorimeoherentphrases such as ‘algorithm for determining’ and
‘automatic indexing involves’ during the indexingopess. Those phrases need to be
removed from the index.

Topics that contain duplicate words are also remobecause they are mostly
incoherent. An example of a phrase with duplicatgds is ‘string the string’. The
ilndex generates the phrase from [Ka96] becauseptimrase is repeated twice
(ignoring stop words) as follows.

“... denotes the emptstring, the stringcontaining no elements ...”

“... machine has accepted thiging or that the strindpelongs ...”

3.5.1 Remove Extra Wordsfrom Topics
This section describes heuristics to remove someherent phrases or to transform
them into coherent phrases.

DefineB as the set of words and phrases to be eliminabed the beginning of the
topics andE from the end of the topic§ is the set of stop words. SBtandE are
manually constructed and represent some sort oflegige for the ilndex. Examples
are B = {according to, based on, following, mentioned and E = {using, the
following, involves, for combining, for determinin make}.

Algorithm 5 Removal of Extraneous Words from Topics

1. Remove consecutive words or phrases from thimbieg of topict if they belong
toBorS

2. Remove consecutive words or phrases from the&nid they belong t&E or S.

3. Iftis reduced to one word or less then do nottustherwise useé

3.5.2 Noun PhraseFilter
Noun phrases can be recognized using algorithmb sisc [WEKO1]. However,
limiting the index entries to just noun phrasedads restrictive. It will ignore the
following important topics found by the ilndex: ¢hi blood pressure has no
symptoms’, ‘blood pressure should be monitored niaguently’.

Any indexer based on noun phrases suffers fronsainge problem. The ilndex, on
the other hand, finds any important topics in go¢uments.

4 |mplementation

The ilndex system has been written in C++. Companais performed on a laptop,
Pentium 4, 2 GHz, Microsoft Windows 2000 Profesalpi@68 MB memory, and 37
GB hard drive.

The inputs to ilndex are plain text documents inCASformat. The limited
stemming is defined in file forms.txt, topic synomy in rules.txt, stop words in
stopWords.txt, topic separators in topicSeparatpaind parameters suchss 50,w
=10,p =1,r = 2 are configurable in param.txt, whexés the maximum length of



sentencesy is the maximum length of topicg,is the proximity of topics, andis the
minimum phrase frequency to be qualified as a topic

5 Result and Evaluation

The ilndex correctly and efficiently finds the mastportant topics in various types
and lengths of text documents from sentences, pgphg, short papers, extended
papers, training manuals, to PhD dissertationseSand abstracts are not marked in
any special way and thus are not known to ilnddére fopics extracted from texts are
ordered by their importance (topic frequencies).

The ilndex finds 477 topics in [Wi98] training mawas shown imable 5 (N =
sequence number, TF = topic frequency, WF = worduieeqy average). It correctly
extracts topic ‘blood pressure measurement’ asthihrd most important topic, the
topic mentioned in the title of the text. It is @&tl true that the text is about blood
pressure, high blood pressure, and blood pressaesurement as suggested by the
first 3 most important topics.

Table5. List of important topics in blood pressure measwet manual

N TF WF Topics

1 250 306 blood pressure

2 56 227 high blood pressure

3 46 217 blood pressure measurement
4 19 38 american heart association

5 19 157 blood vessels

The ilndex finds 42 topics in [Ka96], a short papércorrectly extracts the topic
finite state technology’ as the second most imgatrtopic, which is exactly the title
of the paper. It is indeed true that the paper bsua finite state, finite state
technology, and regular language as suggestedetfyréh 3 most important topics.

The ilndex finds 2172 topics in [W097], an extenghagber. It correctly extracts the
topic ‘conceptual indexing’ as the first most immt topic, which is exactly the title
of the paper. It is indeed true that the text isubconceptual indexing, conceptual
taxonomy, and retrieval system as suggested bfir#ié€ most important topics.

The ilndex finds 2413 topics in [Li97], a PhD ttresit correctly extracts phrase
‘topic identification’ as the second most importaopic, the topic mentioned in the
title. It is indeed true that the text is aboutitogignatures, topic identification,
precision and recall as suggested by the first 8tinaportant topics.

5.1 Speed of Indexing

Overall, the ilndex is very effective and very eiint in finding the most important
topics in text documents. It takes 34 secondsdexra 100-page text [Wo97]. It takes
only 3 seconds to find 482 important topics amo8§656 possible phrases in [Wi98]
training manual and less than 1 second to find Mpoitant topics among 5017
possible phrases in [Ka96].



5.2 Comparisonsto the Word Count M odel

The word count model ranks the topics based onvtitd frequency average listed in
column WF ofTable 6. The word count model ranks topic ‘blood presscué’
extremely high (%), a topic that is mentioned just 2 times in [Wi@8lcument, higher
than topic ‘blood pressure measurement’, a topat th mentioned 46 times in the
document. It is incorrect to conclude that topilodal pressure cuff’ is more important
than topic ‘blood pressure measurement’ in the dmru. On the other hand, the
ilndex correctly infers that topic ‘blood pressumeasurement’ is much more
important (%) than topic ‘blood pressure cuff’ (28 in the document as shown in
Table 5. The ilndex order the importance of topics in teet document better than
the word count model does.

Table 6. List of important topics in blood pressure measwet manual by word count average
order

N TF WF Topics

1 250 306 blood pressure

2 2 242 blood pressure cuff

3 8 229 blood pressure to clients
4 56 227 high blood pressure

5 17 221 elevated blood pressure

5.3 Comparisonstothe TFIDF / Term Weighting M odel

The best term weighting modeltigdf according to Salton [Sa89] who evaluated 287
different combinations of term-weighting models.wéwer,tfidf fails to find the most
important topic ‘voting power’ from the Wall Stregburnal text [Li97, page 73] while
the ilndex correctly finds it as shown Trable 7. The ilndex finds more specific and
meaningful topics such as voting power, millionrglsaand eastern labor costs, while
tfidf finds less specific topics such as Lorenzo, holdeting, proposal, etc. The
ilndex is better at identifying important and sfiiediopics thartfidf.

Table 7. List of important topics in Wall Street Journaittélentified by tfidf and ilndex

tfidf ilndex
Rank Term Weight Phrase Frequentcy

1 Lorenzo 19.90 voting power 2

2 holder 9.66 million shares 2

3 voting 9.05 eastern labor costs 2

4 proposal 8.03

5 50.7% 7.61

16 power 5.01




6 Conclusions

This paper presents, ilndex, an effective and ieffic approach to indexing text

documents based on topic identification. A topiany meaningful set of words that is
repeated at least twice in the texts. The deteminimeof topics is based on the

repetition of the words that appear together withixis. To measure topic frequencies
in texts better, the ilndex detects topics thatsarelar or synonymous.
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