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Abstract:

A novel way to encode text streamsis provided. The encoding allows for the application of computational
methods in the deter mination of semantic similarity between text units. Supervised and unsupervised
learning methods are used on a subset of the TDT Pilot Cor pus to deter mine the effectiveness of the encod-
ing in classification and clustering processes.
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1. The Problem

A large percent of information available to command and control systems exists in the form of text. Fast
and effective methods to classify and group automatically related information for further processing are
desirable. A critical step to the application of efficient computational methods is the encoding of the text
stream. This paper introduces a novel method for encoding the text stream, with highly desirable computa-
tional properties. Tests show that the encoding preserves enough semantic distinctivenessto allow for very
high rates of correct classification, where classification is based on measures of * semantic’ similarity com-
puted between encoded text units.

In Section 2 we will introduce the bigram proximity matrix (BPM) and the trigram proximity
matrix (TPM), the two structures resulting from the text stream encoding. The corpus used as atestbed, as
well as the similarity measures used, are presented in Section 3. Section 4 discusses the experiments con-
ducted to determine the encoding capacity to preserve distinctive features of the text stream content. The
‘shape of meaning’ viaparallel coordinates is discussed in Section 5, and Section 6 offers conclusions and
possible future work.

2. TheBigram Proximity Matrix (BPM) and the Trigram Proximity Matrix (TPM)

The BPM and the TPM are matrix structures used to encode each text unit, i.e., paragraph, section, chapter,
book, etc. A simple example using a sentence will make the encoding process clear. The BPM for the sen-
tence or text stream,

“ The wise young man sought his father in the crowd.”

isshown inTable 1. We see that the matrix element located in the third row (his) and the fifth column
(father) has avalue of one. This means that the pair of words his father occurs once in this unit of text. It
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should be noted that in most cases, depending on the size of the lexicon and the size of the text stream, the
BPM will be very sparse.

Table 1. Example of Bigram Proximity Matrix?

crowd his in father man sought the wise young

crowd 1

his 1

father 1

man 1

sought 1

the 1 1

wise 1

young 1

a. Zerosin empty boxes are removed for clarity.

By preserving the ordering of words of the discourse stream, the BPM captures a substantial
amount of information about meaning. Also, by obtaining the individual counts of word co-occurrences,
the BPM captures the ‘intensity’ of the discourse's theme. Both features make the BPM a suitable tool for
capturing meaning and performing computations to identify semantic similarities among units of discourse
(e.g., paragraphs, documents).

The TPM captures the occurrence of consecutive triplets of words by constructing a cube with the
lexicon on three axes. A trigramisthe point of intersection of the row, column and page in the cube, as
illustrated in Figure 1. The figure expands the same sentence given above. The trigram “sought his
father,” isthe point (sought, his, father), that is, the array element in the 7th row, 3rd column, and 5th page.

As can be seen, the resulting N® array structure, where N isthe size of the lexicon isvery sparse. The TPM
isatrivial extension of the BPM. Preliminary testing seemsto indicate that for some applications (e.g.,
change of topic determination) and for larger sizes of text units, the TPM performs better than the BPM.

Notice that the BPM and TPM are arrays whose rows, columns, and pages (in the case of the TPM)
are indexed by the lexicon of the text unit. We chose alphabetical ordering of the lexicon; however, thisis
not essential. In the pre-processing of the text, al punctuation marks, except the ending period, were
deleted. The end period was considered aword and placed at the head of the lexicon.

3. The Test Suiteand Similarity M easures

Documents from the Topic Detection and Tracking (TDT) Pilot Corpus (Linguistic Data Consortium, Phil-
adelphia, PA) were used as the textual testbed. The TDT corpus is comprised of closeto 16,000 newscasts
collected from July 1, 1994 to June 30, 1995 from the Reuters newswire service and CNN broadcast news
transcripts. A set of 25 events are defined in the TDT. Each of the 16,000 newscastsis flagged with one of
three possible flags: Yes, No, or Brief. Theflags are used to indicate that a newscast discusses one of the 25
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Figure1l Here we see an example of atrigram proximity matrix (TPM). Note that the indexes on each side of the cube correspond
to aword in the lexicon. The element in theith row, jth column and kth page indicates the number of timesthat sequence of three
words appears in the text unit.

events, or it does not, or it does so only briefly. In order to meet computational requirements, a subset of
the TDT corpus was used in thiswork. A total of 503 newscasts were chosen from the 16,000 available.
These news stories comprise 16 of the 25 events discussed in the TDT. SeeTable 2 for alist of topics. The
503 documents chosen contain only the Yes or No flags. This choice stems from the need to demonstrate
that the BPM and TPM capture enough meaning to make a correct or incorrect topic classification choice.

The 503 stories selected produced alexicon of 11,103 unique words. Conflated forms are counted
as different words. Using this lexicon and the structure already described, a BPM and TPM were created
for each of the 503 stories. The assertion is that each of the structures captures enough of the meaning in
the newscast to serve as a classification feature. We test this assertion using various methodsin exploratory
dataanaysis and computational statistics.

Table 3 lists the measures of semantic similarity used in this study. For definitions of these mea-
sures, see [Martinez, 2002]. It should be noted that some of these are distances and some are similarities;
however, for ease of exposition, we will refer to them all as measures of semantic similarity. All similarity
measures were first converted to distances so they could be used with the various methods. Also, some of
these measures are binary, in which case the frequencies of word pairs and triples are changed toaO or al.
Similarly, the proximity matrices are converted to distributions to use the probabilistic measures.

Two variants of the lexicons are considered. In one variant, common high-frequency words have
been removed from the Iexicon and the documents. In another variation, we stemmed the words as well as
removed the common high-frequency words from the documents. Part of this research examines how this



affects the discriminating power of the proximity matrices. Many NLP applications [Kimbrell, 1988], [ Salton,
Buckley and Smith, 1990], [Frakes and Baeza-Yates, 1992], [Berry and Browne, 1999] use a shorter version of
the lexicon by excluding words often used in the language. These words, usually called stop words or noise
words, are said to have low informational content and thus, in the name of computational efficiency, are
deleted. Not all agree with this approach [Witten, Moffat and Bell, 1994].

Taking the denoising idea one step further, we stemmed the wordsin the denoised text. Theideais
to convert all conflated forms of the words to their stem or root to increase the frequency of key words and
thus enhance the discriminatory factors of the features. Stemming is routinely applied in the area of infor-
mation retrieval (IR). In the IR application, stemming is used to enhance the performance of the IR system,
as well asto reduce the total number of unique words and save on computational resources. A popular
stemmer is the Porter stemmer [Baeza-Y ates and Neto, 1999], [Porter, 1980]. The Porter stemmer is sim-
ple; however, its performance is comparable with older established stemmers. The Porter stemmer works
on the suffix of words. These are stripped according to several parsing rules and replaced with one of alist
of endings or the null ending. On most occasions, these simple replacements work well, asis the case of
the words: protecting, protected, protects, protection, which are conflated forms of ‘protect.” However, in
other cases, it does not work as well. For example, aword like probate will be stemmed to probe, which
carries atotally different meaning. The same thing appliesfor relativity, which is conflated to relate. In
information retrieval applications, these anomalies of the stemmers do not seem to affect their usefulness.
Theissues are not so clear in our application.

Table2. List of 16 Topics

Topic Topic Description | Number of Topic Topic Description | Number of
Number Docu- Number Docu-
ments ments
Used Used
4 Cessna on the White 14 15 Kobe, Japan Quake 50
house
5 Clinic Murders (Salvi) 38 16 Lostin Iragq 30
6 Comet into Jupiter 45 17 NY C Subway bombing 24
8 Death of Kim Il Sung 35 18 Oklahoma City bomb- 76
ing
9 DNA in OJtrial 29 21 Serbians down F-16 16
11 Hall's copter in N. 75 22 Serbs violate Bihac 19
Korea
12 Humble, TX, flooding 16 24 US Air 427 crash 16
13 Justice-to-be Breyer 8 25 WTC bombing trial 12




Table3. Measuresof Semantic Similarity

1. Matching Coefficient 8. Sokal - Sneath

2. Sokal - Michner 9. Gower - Legendre 1

3. Dice Coefficient 10. Gower - Legendre 2

4. Jaccard Coefficient 11. Normalized Correlation Coefficient
5. Cosine - Ochiai 12. L, - Probabilistic Measure

6. Russell - Rao 13. IRad - Probabilistic Measure

7. Roger - Tanimoto

Table 4. Lexicon Sizes

Type of Lexicon Size of Lexicon
Full Lexicon 11,103
Denoised Lexicon 10,997
Stemmed Lexicon (also denoised) 7,146

To determineif thereis any deleterious effect of using the stemmer and denoising with the BPMs
and TPMs, the same experiments are conducted on all three versions: full, denoised, and stemmed docu-
ments. Table 4 summarizes the size of the lexicons in these three cases.

4. TheTests

In this section, we present the results of applying supervised (KNN classification) and unsupervised |earn-
ing (model-based clustering) to the collection of 503 news stories. In supervised |earning experiments, the
class membership of each observation isknown, and we are interested in how well we can classify the top-
icsgiven the BPM and TPM features. In the case of unsupervised learning, experiments start with very lit-
tleinformation, essentially the observations. No knowledge of the number of classes nor the observations
membership to these are available.

4.1 KNN Classfication

We first apply supervised learning approaches to the BPM and TPM features to determine whether these
features allow usto classify documents according to their meaning. If we can accurately classify using the
proximity matrix as afeature, then thisis an indication that these features preserve meaning. InkNN clas-
sification, the decision ruleisto assign x to the classthat has the greater number of members amongst the k
nearest neighbors [Web, 1999], [ Cover and Hart, 1967]. Due to the high-dimensional nature of these fea-
tures, we cannot apply classical supervised learning methods such as linear or quadratic classifiers. How-
ever, the KNN classifier is well-suited for our BPM and TPM features, since all we need are the pairwise
distances between all BPMs and TPMs.

The kNN classification method was applied using the following parameters:

»  Thirteen measures of semantic similarity (see Table 3)
e kvaues. k=1,3,5,7 and 10

*  Proximity matrix: BPM and TPM

e Threetext conditions: full, denoised and stemmed



The dotplot shown in Figure 2 shows the results for the rate of correct classification (CCR) using
denoised text and is representative of the other experimental results. Of the thirteen measures of semantic
similarity, 10 resulted in high CCRs. Three of them resulted in very low CCRs. These are the Sokal-Mich-
ner, Roger-Tanimoto, and Gower-Legendre 1. Summary conclusions from the experiments are;

1. The BPM and TPM seem to contain sufficient semantic information to allow for almost per-
fect classification results.

2. Binary similarity measures based solely on word pairs and triples that are common to two
documents worked better with denoised text

3. Probabilistic measures of semantic similarity performed the best with denoised and
stemmed text.

4. The Dice, Jaccard, Sokal-Sneath, Gower-Legendre 2, L, norm and IRad measures were the
best performers.

4.2 Unsupervised Learning

The method chosen for our unsupervised learning experiments is called model-based clustering [Banfield
and Raftery, 1993], [Fraley and Raftery, 1998]. Thismethod isbased on finite mixtures [Everitt and Hand,
1981] where the output model is aweighted sum of ¢ multivariate normals. See Martinez [2002] for more
information on model-based clustering for this application. One of the benefits of using model-based clus-
tering instead of some other method is that it includes a mechanism for determining the number of groups
in the data set. Thus, we hoped to see results with approximately 16 clusters (or topics).

As away to compare supervised and unsupervised learning methods, similar experiment variables
were used with model-based clustering. The following variable combinations were used:

»  Thirteen measures of semantic similarity (see Table 3)

»  Two values of k nearest neighbors for the Isomap dimensionality reduction: k=7, 10
*  Proximity matrix: BPM and TPM

* Three text conditions: full, denoised and stemmed

* One‘best’ dimension valuefrom Isomap

In order to use model-based clustering, the dimensionality of our observations (i.e., the BPMs and TPMs)

had to be drastically reduced from 11,1032 (in the case of thefull lexicon) to 2, 3, 4, 5, and 6 dimensions.
This reduction was effected through the Isometric Figure M apping (Isomap), a nonlinear dimensionality
reduction method [ Tenenbaum, deSilva and Langford, 2000]. Isomap is essentialy an extension of multi-
dimensional scaling (MDS) methods, where geodesic distances between k nearest neighbors are used as
inputsto MDS.

The assessment of the results was done viaavisualization aid we developed called ReClus. ReClus
takes the output from the model-based clustering procedure and draws onelarge rectangle. This rectangle
is subdivided into n smaller rectangles, where n is the number of clusters chosen according to the model-
based clustering procedure. The areaof each smaller rectangle is proportional to the number of casesin
the cluster. Inside each rectangle, and for each case assigned to that cluster, the class number is printed, or
optionally, the case number is printed. Each number is color-coded to denote the degree of certainty that
the particular case belongs to the cluster. A threshold is set to print in black bold type when the certainty is
0.8 or above. ReClus, thus, provides a quick visual way to examine the results from model-based cluster-
ing. Although, judging between two results entails a degree of subjectivity, thisis a problem only where



results are close. Additionally, ReClus provides information to guide the examination of confounding fac-
torsin the clustering process. An example of aReClusplot isgivenin Figure 3.

We now offer some specific observations on the results, keeping in mind that it is difficult to assess
the goodness of clusters. Of the 312 experiments, thirteen showed the correct number of clusters, sixteen.
Not surprisingly, however, none of these - and for that matter, none of the 312 - showed sixteen correct
(i.e., ‘pure’) clusters. In each of the thirteen results, two rectangles contained the same class cases (topic
number 6 was split into two groups). We note that the same situation for topic 6 arose in thoseresults con-
taining 15 and 17 clusters. Usually, more than half of the rectangles suffered from some degree of con-
tamination. If we consider agood result as one with the highest number of ‘pure’ rectangles, followed by
ahigh number of only lightly ‘ contaminated’ ones, and the fewest number of jumbled rectangles, then the
following are the best results:

*  Ochiai measure, full text, dimensionality 6, BPM and k=7
» Jaccard measure, stemmed text, dimensionality 6, BPM, and k=7

The above categorization of the best resultsis naive. It assumes that amix of 2 or more classesin a
rectangle is an undesirable result. However, in the case of our test bed, amix could point to ajustifiable
confusion. For example, in several of the ‘best’ results classes 8 and 11 are usually mixed; however, both
sets of documents are about North Korea. Also, topics 18 and 17 are sometimes mixed: both sets of docu-
ments deal with bombing, the Oklahoma City bombing and the NY subway bombing. The same happens a
few times with classes 21 and 22: both report on two different aspects of the Serbian conflict.

The intriguing case mentioned above, where class 6 had two pure rectangles containing class 6
cases, raisesthe issue of latent classes or sub-groups within the topics. A reading of the documents
involved does show two different foci. The main subject of the set is the crash of fragments of the comet
Shoemaker-Levy onto the surface of Jupiter. One group in the set emphasizes background information
about the comet as well as the fact that the space shuttleisin orbit ready to observe what is yet to take
place. The second group’s focus is predominantly on the event already taking place and observations of
the phenomenon.

5. The‘Shape of Meaning' and Parallel Coordinates

Examination of the model-based clustering results using ReClus seem to show two aspects of the semantic
content of the text units: (1) the possibility of latent topics, as was the case with topic 6, and (2) the detec-
tion of similarity between topics, asin the cases of topics8 and 11, 17 and 18, and 21 and 22. Visual detec-
tion of similarity between topics can also be seen using parallel coordinates [Wegman, 1990]. A matrix of
parallel coordinate plots was created by placing together in matrix form a parallel coordinate plot for each
topic. See Figure 4 at the end of the paper. By looking at the overall shape formed by thelines and the
points where these touch the five axes (5 dimensions), we are able to detect patterns. These patterns seem
to be manifestations of semantic content of the clusters. Notice the following:

» Theparalel coordinates for topics 8 and 11 show exact patterns for agood number of their lines. This
corroborates the confusion detected in the model-based clustering results viathe ReClus display. The
possible common theme repeated is North Korea and US rel ations.

» Thepardlel coordinate plots for topics 17 and 18 show agroup of lines with the exact pattern in both.
This corroborates the confusion detected in the model-based clustering resultsvia ReClus. A possible
common theme that is repeated is bombing and its immediate effects.

* Theparadlel coordinatesfor topics 21 and 22 show asmall group of lines with a common pattern. This
pattern may represent acommon core of the two topics about the Serbian conflict.



» Topic 6 showed invariably in two clustersin the ReClus figures. Notice the pattern from the lines of
the parallel coordinates for topic 6. On the second axis from top to bottom, one notices a separation of
lines. Thisindicates two different groups, separable at the dimension represented by that axis. These
groups may represent the two sub-themes found in reading the newscasts of topic 6.

Parallel coordinateswere acrucia help in making sense of our model-based clustering results. On
occasion, a permutation tour [Wegman, 1990] of asingle topic’s parallel coordinates was necessary. For
example, the parallel coordinate plot for topic 8 shows a simple structure. But, the ReClus view shows
topic 8 linked with topic 11 in three different clusters. |Is the model-based clustering result wrong? When
apermutation tour of topic 8 was performed, about three sub-groups became evident. This seemsto match
areading of the 35 newscasts from topic 8 as the next paragraph explains.

As mentioned above, classes 8 and 11 appeared mixed in the experiments. Topic 8 and topic 11
both deal with North Korea, one regarding the death of Kim Il Sung and the other the crash of the Ameri-
can helicopter in North Korean territory. Most of the time there are three rectangles containing cases from
8, of which two are mixed with 11 and one rectangle (almost purely 11) was only very slightly mixed with
8. Asisthe case with class 6, this may imply the existence of latent classesin groups 8 and 11. A quick
reading of the newscasts for topic 8 seems to show three major themes discussed over the background of
Kim Il Sung’s death and the probable succession of his son Kim Jong-il. The three latent topics are: (1)
US and North Korearelations; (2) North Korea and South Korea relations; and (3) North Kored s nuclear
plants.

Thevisualization tool ReClus made the examination of the results from the model-based clustering
experiment possible and fruitful. The BPMs and TPM s capture sufficient meaning to produce satisfactory
results with this unsupervised learning method. For best results, the Ochiai measure of semantic similarity
should be used in the Isomap dimensionality reduction method, and the dimensionality can be reduced to
fiveor six dimensions. Full and denoised text did well with the Ochiai measure. It seems that latent
classes are detected by the BPMs and TPM's, as made manifest by the results discussed above.

6. Conclusonsand Future Work

We introduced in this paper two transformations of the text stream amenable to computational methods,
called the bigram proximity matrix and the trigram proximity matrix. The usefulness of the BPM and
TPM depends on how much semantic information they preserve. In order to determine the adequacy of
these encodings to preserve semantic information, supervised learning using KNN classification and unsu-
pervised learning, using model-based clustering were applied. Variablesin the experiments consisted of
combinations of the following:

e Thirteen semantic similarity measures
e Threetext conditions (full, denoised and stemmed)
*  Variousvalues of k (KNN).

Supervised learning experiments were conducted on the full dimensiondlity of the feature space (see Table
4 for thelexicon sizes). Dimensionality was reduced to alower number (2 - 6) using the nonlinear dimen-
sionality reduction procedure called Isometric Figure Mapping (Isomap). With dimensionality reduced,
unsupervised learning experiments were conducted using model-based clustering.

Results from supervised |earning experiments showed that correct classification ratios in the range
of 0.95 - 0.99 were common for many of the semantic similarity measures used. This indicates that the
BPM and TPM capture sufficient semantic information for the discrimination of semantically dissimilar



text units. Results from the unsupervised learning experiments showed that the BPM and TPM capture suf-
ficient semantic information to group thematically related documents and seems to detect latent sub-
themes. In conclusion, we can state that the text stream transformations do capture enough semantic infor-
mation to allow for the semantic discrimination of text units.

Several obvious possibilities for future work are;

» To create efficient algorithms for lexicon expansion and subsegquent recomputation of
BPMs and TPMs.

» Toapply BPMsand TPMsto the problem of change of topic determination.

» Toexplorethe capability of BPMsand TPMsin combination with model-based clustering,
parallel coordinates and ReClus in the detection and identification of sub-topics.

» Toexaminethe effect of the following: size of documents, type of documents (scientific
article, news story, patent description, etc.), and number of text unitsin atopic.
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Figure2 Thisshowsthe results of applying thekNN classification method to the problem of correctly classifying the

newscasts according to their topic. We see that most of the measures of semantic similarity perform well.
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Figure 3. ReClus layout showing the results from the model-based clustering where the Jaccard measure is used with denoised text
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Figure 4. Parallel coordinates plot matrix for the 16 topics.
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