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Abstract

Data Mining is the application of algorithms for extracting valuable informa-
tion from large databases in order to make important business decisions. This
study explores a new technique for data mining — Latent Semantic Indexing
(LSI). LSI is an efficient information retrieval method for textual documents. By
determining the singular value decomposition (SVD) of a large sparse term-by-
document matrix, LSI constructs an approximate vector space model which rep-
resents important associative relationships between terms and documents that are

not evident in individual documents. This thesis explores the applicability of the

LSI model to numerical databases, especially consumer product data. By properly

chosing attributes of data records as terms or documents, a term-by-document in-
cidence matrix is built and then a distribution-based indexing scheme is employed
to construct a correlated distribution matrix. Hence a similar LSI vector space
model can be generated to detect useful or hidden patterns in the databases. The
extracted information can then be validated using statistical hypotheses testing or
resampling. LSI is an automatic yet intelligent indexing method, its application
to numerical data introduces a promising way to discover knowledge in important

commercial application areas such as retail and consumer banking.
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Chapter 1

Introduction

1.1 Motivation and Goals

Large amounts of data have been collected in daily operations of organizations due
to inexpensive storage and high computing power, but many companies have been
unable to extract useful information from the data and utilize the information to
benefit their business. Data mining is the application of algorithms for extract-
ing valid and useful information from large databases in order to make critical
business decisions. The fact that data is being accumulated at a faster rate than
it can be analyzed creates a significant demand for efficient data mining systems
[DF94, FPSSU96]. Techniques used for data mining include decision trees and

rule induction [Qui92], nonlinear regression and classification [Fri89, BFOC84],



genetic algorithms [MCMS86], and neural networks [CT94, GBD92]. This study
explores a new technique, Latent Semantic Indexring (LSI), for data mining.

LSI is an efficient information retrieval technique which has been commonly
used for textual documents [BDO95, DDF*90]. Traditional lexical-matching meth-
ods try to match words of queries with words of documents, which may fail to
retrieve related documents or may return unrelated documents to users. This kind
of failure to retrieve relevant documents or the retrieval of irrelevant documents
is called the word-matching problem. LSI overcomes the word-matching prob-
lem by using statistically derived conceptual indices instead of individual words
[BDO95). Using the singular value decomposition (SVD) [GL89)] of a large sparse
term-by-document matrix, LSI constructs a conceptual vector space in which each
term or document is represented as a vector in the space. The clustering of the
term or document vectors reveals the underlying semantic structure of association
between terms and documents in the data.

This thesis explores the applicability of the LSI vector-space model to numer-
ical databases. By properly chosing attributes of data records as terms or doc-
uments, a term-by-document frequency matrix is built, and then a distribution-
based indexing scheme is employed to construct a correlated distribution matrix
which reflects relationships between attributes of data records. Hence, the LSI-

like vector space model is generated so that the clustering of attributes in the



space can be analyzed for the detection of useful or hidden patterns. The ex-
tracted information can then be validated using statistical hypotheses testing or
resampling.

Applications for data mining extract information from the data to make im-
portant business decisions, predict business trends, and develop new products. A
common application is to analyze customer purchases to discover patterns among
existing customer preferences and then use those patterns for forecasting sales
and optimizing marketing strategies. Other uses of data mining methods in-
clude the analysis and selection of stocks, fraud detection and prevention, and
scientific applications in Astronomy and Molecular Biology [FPSSU96]. Data
mining systems have been effectively implemented in a number of sectors: chemi-
cal/pharmaceutical industry, retail and consumer banking, and financial transac-
tions [DF94]. This thesis focuses upon applications of the LSI model to consumer

product data.

1.2 Overview

The following chapters outline the development and application of LSI to nu-
merical databases. Chapter 2 is an overview of basic concepts of data mining
and reviews the background of the LSI vector space model. Chapter 3 illustrates

how terms and documents are chosen to construct the LSI model for numeri-



cal databases and demonstrates the application of LSI to a consumer product

database. A summary of this thesis and a discussion of future work are provided

in Chapter 4.



Chapter 2

Overview of Data Mining

2.1 Introduction

Advances in data collection and data storage make it possible for organizations to
generate large volumes of data during their daily operations. For example, elec-
tronic data-gathering devices and remote-sensing devices generate an enormous
amount of data. Due to inexpensive storage, corporations no longer need to be
careful about the accumulation of data [DF94]. This explosive collection of data
creates significant need to analyze the data for underlying or hidden yet crucial
information.

Data mining is the application of algorithms for extracting valid, useful, previ-

ously unknown and ultimately comprehensible information from large databases

o



[FPSSU96]. The extracted information can be used to form a prediction or classi-
fication model, identify relations between database records, or provide a summary
of database information. The retrieved information is not necessarily a faithful
copy of information stored in the database, rather it is information that can be
inferred from the database [FPSSU96.

There are a variety of computationally intensive data mining techniques based
on decision trees, rule induction and neural networks. Only now with the availabil-
ity of large amounts of computing power is it possible to mine large databases with
intelligent and automatic tools. For this reason alone, data mining has become

one of the most rapidly growing fields of research.

2.2 Primary Tasks of Data Mining

In practice, two primary goals of data mining are prediction and description. Pre-
diction uses known fields in the database to predict unknown values of other fields

of interest. Description determines human-interpretable patterns which describe

e b AR e

of prediction and description [FPSSU96]:

o Classification maps (groups) a data item into one of several predefined

classes. For example, a bank may want to group loan applicants into two



classes: offer loan or do not offer loan.

e Regression is learning a function which maps a data item to a real-valued
prediction variable. Sample regression applications might include predicting
consumer demand for a new product based on advertising expenditure, or
estimating the probability that a patient will die given the results of a set

of diagnostic tests.

e Clustering identifies a finite set of categories to describe the data. One ex-
ample of clustering applications is discovering homogeneous sub-populations

for consumers in marketing databases.

e Summarization involves methods for finding a compact description for a sub-
set of data. Used primarily for exploratory analysis, summarization might

involve a simple tabulation of means and standard deviations for all fields.

2.3 Inductive Learning

One interpretation of data mining is that data mining is the process of learning
useful knowledge from the databases. From an inductive learning or machine
learning point of view, where a model is created to infer knowledge from databases,
there are two basic ways of performing data mining: supervised learning and

unsupervised learning [HS95].

|



In supervised learning, an external teacher defines classes and provides the
data mining system with examples of each class. The system has to discover
common properties in the examples for each class. Since patterns are generalized
from known cases, this method is commonly known as learning from eramples.
Common properties form a class description which can be used to predict the class
of previously unseen objects.

In unsupervised learning, there is no external teacher and no pre-classified ob-
jects, the data mining system has to discover the classes itself based on common
properties of objects. So, patterns are found through observation. This tech-
nique is also known as learning from observation and discovery. The result of an
unsupervised learning is a set of class descriptions.

Based on the type of data and the underlying information to be derived, there
are different techniques for data mining as described in Chapter 1. For example,
the decision tree technique for data mining is discussed next in Section 2.4, and

the LSI model is introduced later in Section 2.5.

2.4 Decision Trees and Rule Induction

Decision trees and rule Induction are suitable for supervised learning. Assume
that the dataset of interest is a collection of data records in which each record has
the same structure, consisting of a number of attribute/value pairs. The attribute

8



to be modeled or predicted is usually chosen as the class attribute. There are two

sets of data required for a decision tree: training data and testing data. Using the

training data set, the decision tree method creates a tree structure which serves
as a classifier for the database [Qui92]. The result of the classification can then

be verified on the testing data.

2.4.1 Tree Structure

A decision tree is a tree structure in which
e 3 leaf indicates a class,
e an interior node specifies a test on a single non-class attribute, and
e an arc corresponds to a possible value of the tested attribute on the node.

A data record can then be classified by following a path from the root of the tree

to the appreciate leaf.

2.4.2 Algorithm

The algorithm to build a decision tree is based on a divide and conquer approach.
If the training set contains one or more cases which all belong to a single class,
then the tree is a leaf identifying this class. If the training set contains a mixture

of classes, then the training set is partitioned into subsets of cases based on some

9



splitting criterion. Applying the same algorithm to the subsets recursively will
eventually terminate the process and construct a decision tree [Qui92].

There are many splitting criteria such as the information gain criterion (see

Appendix E) which use information entropy to determine on which attribute to
split during the partitioning process. One can choose the attribute with greatest
information gain among the attributes not yet considered in the path from the

root to split on at each node [Qui92].

2.4.3 Production Rules

Since a decision tree may become quite complex, with long and very uneven tree
paths from the root to leaves, procedures to prune the tree are needed to simplify
the tree structure. Production rules, which are if-then like statements, can be
generated from the decision tree by following a path down the tree. Tree pruning
can simplify the production rules by replacing an entire subtree with a leaf node.
One replacement criterion is that if a decision rule establishes that the expected
error rate in the subtree is greater than in the single leaf, the subtree is replaced

by a leaf [Qui92|.

10



2.4.4 A Simple Example

A sample decision tree based on the training dataset provided in Appendix A is
given in Figure 2.1. Each data record has four fields: income level, education,
household size and the class attribute indicates whether a coupon is used for

purchasing a cereal product.

<50K

Household_Size

four/five

one/two/three

Figure 2.1: A Sample Decision Tree

2.5 Latent Semantic Indexing

The word-matching problem mentioned in Section 1.1 is due to fact that multiple
words may have the same meaning (synonymy) and many words have more than

11



one meaning (polysemy). For example, a text collection contains documents on
house ownership and web home pages with some documents using the word house
only, some documents using the word home only, and some documents using both
words. For a query on home ownership, traditional lexical-matching methods fail
to retrieve documents using the word house only, which are obviously related to
the query. For the same query on home ownership, lexical-matching methods
will also retrieve irrelevant documents about web home pages. LSI overcomes
the word-matching problem by retrieving information based on the meanings of
queried words and documents. Relevant documents can be retrieved even if they
do not share common words with users’ queries (BDO95).

By choosing a set of frequently used words in a database as terms to in-
dex documents, a term-by-document matrix can be constructed which defines
the relationship between terms and documents. Since LSI assumes that this re-
lationship is partially obscured by variability in word choice, a singular value
decomposition (SVD) of the sparse term-by-document matrix is used to approxi-
mate term-document associations by using only the k-largest singular values and

corresponding singular vectors. The k-dimensional conceptual vector space is con-

e

structed from the singular vectors (scaled by singular values), so that each term or

R ——

document can be represented as a point in the space. This reduced vector space

captures the implicit high-order structure in the association of terms and docu-

T et
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ments and eliminates much of the noise due to the variability of word usage, such

as synonymy and polysemy. Finally, a user’s query is projected into this vector

space and documents related to the query are returned to the user even though

they may not share terms with the user’s query. LSI is a completely automatic yet

intelligent method which improves the retrieval of information from databases.

2.5.1 Term-By-Document Matrix

For text document retrieval, a set of words are chosen as the terms, which are
used as indices of the document database. Each entry of the term-by-document

matrix represents the occurrences of each word in a document, i.e,
A = (ay),

where a;; is the frequency in which term 4 occurs in document j. Since every
word does not normally appear in each document, the matrix A is usually sparse

[BDO93).

Local and Global Weightings

In practice, a local and global weighting scheme can be applied to matrix A in

order to improve retrieval performance [Dum91] . Specifically, the raw frequency

13




a;; can be transformed to

ai; = L(3,7) * G (1),

where L(i, j) is the local weighting for term ¢ in document j, and G(3) is the global

weighting for term 7. Some common local weightings include:
e Term Frequency: L(i,j) =tfi;,
) LOgZ L(Z,]) = Ing(tfij + 1),

where tf;; = the frequency of term ¢ in document j. Possible global weightings

include:

Normal: G(3) =1/ (Z tf?j),

Gildf: G(i) = gf:/dfs,

e Idf: G(7) = log, (n4/df;) + 1,

_ < Pijlogy(py)
7 logy(na)

Entropy: G(i) =1 , pi; = tfi;/afs,

where
gf: is the global frequency of term ¢ in the document collection,
df; is number of documents containing term ¢, and

ng is number of documents in the collection.

14



While global weightings indicate the overall importance of terms in the document
collection, local weightings are used to stress the importance of terms within a

particular document [Dum91}.

2.5.2 Semantic Vector Space Model

Once a term-by-document matrix is constructed, LSI requires the singular value
decomposition (SVD) of this matrix to construct a semantic vector space which

can be used to represent conceptual term-document associations.

Singular Value Decomposition

Given an m x n matrix A, where m > n and rank(A) = r, the singular value

decomposition of A [GL89] is defined as

A=UZVT, (2.1)

where UTU = VTV = I, and £ = diag(01,...,0,), 0; > 0 for 1 < ¢ < r,
o; = 0 for j > r + 1. The o;'s are nonnegative square roots of the eigenvalues
of ATA and AAT, which are defined as the singular values of A. The associated
eigenvectors of AAT are columns of U which are referred to as the left singular
vectors; the associated eigenvectors of AT A are columns of V, which are called
the right singular vectors [GL89).

15




Equation (2.1) reveals a breakdown of the original yglationships into linearly

1ndependent factors These factors represent extracted common meaning compo-

nents of many different words and documents [DDF+90].

Reduced Vector Space

By using the first k factors or k-largest singular values along with their corre-

sponding left and right singular vectors, respectively, an approximation (Ax) to

the original matrix A is given by
Ap = Ui VE, (2.2)

where Uy and V; are comprised of the first & columns of the matrices U and V

[ S

(see Equation 2.1), respectively, and ¥; = diag(oy,...,0k). The A; is the best

rank-k approx1mat1on to A1i ina least squares sense, ie.,

an‘&gl 14 = Bll, = |4 = Ally = ok+1, (2.3)

where || X, = ma{|| Xl / loll,} [GRT1].
By reducing the dimensionality of the original matrix A, the matrix A, cap-
tures most of the important underlying structure in the association of terms and

documents while 1gnor1ng noise due to word choice. It is important that the

AR,




derived k-dimensional factor space does not reconstruct the original matrix com-
pletely in order to avoid the word-matching problem (e.g., polysemy and syn-

onymy) associated with lexical-matching information retrieval methods [BDO95].

2.5.3 Interpretation of Vector Space Model

In the reduced vector space model defined by Ay, each term or document is rep-

resented by a vector of welghts 1nd1cat1ng its strength of assomatlon with some

underlylng concepts The position of term (document) vectors reflects the corre-

lations in their usage across.documents (terms). Similar terms and documents are

typically positioned near each other in the space [Dum91].

Geometric Representation

Using a geometric interpretation of the SVD, the locatlons of the terms and ob-

Jects in k space are glven byl row vectors of Uy and V. Since A A¥ Jreflects the

i s, s e A B R R

51m11ar1t1es between terms as represented by

e e e e L A et T P Y

AAT = U207,




the rows of UrLy can be used as term vectorsé Similarly, Af A, represents rela-

tionships between documents as specified by
AT A, = iZRVT,

o that rows of VLT can be used as document vectors [DDF*0.

The cosine or Euclidean distance between term or document vectors in the
space corresponds to their estimated similarity. Retrieval proceeds by locating
a query vector in the space, and all documents and terms are compared to the
query and ranked by their similarity to the query. The terms and documents
whose vectors yield cosine or Euclidean distance values above some threshold
are returned to the user. In the reduced space, the similarity of documents is

determined by the major underlying patterns of term usage, so documents that

share no words with a user’s query may still be returned to the user [BDO95).

Query Matching and Relevance Feedback

A query composed of several terms may be represented as a pseudo-document,

i.e., as a weighted sum of its component term vectors in k-space. For example,
veign €Ctors In f-spac

— o e .

the vector ¢ defined by

q = qTUkEEI,

18



is a representation of the query ¢ whose non-zero elements contain the frequency
counts of the terms that appear in the query and have been properly weighted
if needed. To improve retrieval performance, relevance feedback [SL90] can be
used. This process involves altering the initial query based on user feedback or

judgement of which documents are more relevant to the initial request.

2.5.4 Advantages of LSI

Compared to other concept-based approaches for information retrieval, LSI has
several advantages [DDF*90, Dum91]. First, LSI uses a high-dimensional space

to better represent a wide range of semantic relations. Second, both terms and

documents are exphcltly represented 1n the same space. Therefore, new terms

can be placed at the centroid of the documents in which they appear; similarly,
new documents can be placed at the centroid of their constituent terms. Third,

LSI retrieves documents from query terms dlrectly, without interpretation of the

e s e g VA

underl_‘yﬂi_ngmdi.rnen‘sﬂio‘r}? as is the case swith«.manyw.factonr.analy_ticua‘pplica.tions. It
only assumes that these factors represent one or more semantic relationships in
the document collection. Finally, LSI is able to represent and manipulate large
datasets [DDF*+90, Let96].

Information retrieval performance is typically measured by g@on and re-

call. Precision is the ratio of the number of relevant documents to the total

e e R A
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number of documents retrieved by the system. Recall is the proportion of all

e P AT

relevant documents in the collection that are retrieved for a query. LSI has been

e s A USRS

demonstrated to improve retrieval precisions over different recall levels by an av-
erage of 20% over five standard document collections [Dum91]. In addition, LSI
is an automatic method and very easy to use. With relevance feedback using the
first relevant document from an initial query, LSI can improve retrieval precision

for different recalls by 33% on average [Dum91].

2.6 Related Fields of Data Mining

Data mining refers to a class of methods that can be used in Knowledge Dis-

covery in Databases (KDD) [FPSSU96]. KDD is the overall process of finding

T ————

and interpreting patterns from data, typically involving the repeated application

of specific data mining methods and interpretation of the patterns generated by
these algorithms.

Data mining is certainly related to Statistics, particularly in exploratory data

analysis. For example, data mining systems often use particular statistical proce-

dures to preprocess data. But they are also different. Statistics techniques tend

to assume some form for a model and then find appropriate values for the model’s

parameters, whereas data mining tends to gener

-

The fields of machine learning and pattern recognition also develop theories

20



and algorithms for extracting patterns and models from data. Such algorithms
tend to provide efficient data mining methods. Another related area is data ware-
housing, which refers to the recently popular MIS (Management Information Sys-
tems) trend for collecting and cleaning transactional data for on-line retrieval

[FPSSU96).

21




Chapter 3

LSI for Data Mining

3.1 Introduction

Although many data mining systems are derived from machine learning and neu-

ral networks, information retrieval techniques based on conceptual searching al-

to cluster s1m1lar obJects in the vector space so that objects related to a. given

query (but perhaps not containing the exact same terminology) can be retrleved

The success of LSI for textual documents inspires its qggli@tiOD,_4to,“11umerical

databases. As with textual objects, the attributes of numerical data records can

be represented in a vector space, and the clustermg of these attrlbutes in the space

e e,

can be analyzed to reveal patterns from databases.
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In order to apply LSI, a relationship matrix must be constructed from the given
database. A semantic vector space model can then be generated by computing the
truncated singular value decomposition [GL89] of the constructed matrix. This
LSI-based approach is an unsupervised learning technique and the process is fully
automatic and intelligent. The following sections illustrate how LSI can be applied

to consumer product data.

3.2 Distribution-by-Behavior Matrix

For textual documents, it is natural to select words used in the documents as
terms or referents, therefore a term-by-document matrix, which represents usage
patterns between terms and documents, can be constructed as described in Sec-

tion 2.5.1. For numerical databases, it is not clear how terms should be selected

from documents in order to build a matrix which reflects important relationships

embedded in the dataset(s).

3.2.1 Incidence Matrix

Consumer product databases may contain consumer demographic dataset(s) and

romn—

corresponding purchase behavior dataset(s). Here a dataset refers to a collection

o e

of data records, where each data record consists of a number of attribute vari-

23




ables. Rather than using all the attributes of each data record, several important

skt
e [ SEUR——

attributes which characterize the record can be selected. For the LST application

to consumer product databases, the documents can be selected as instances of pur-

chase behavior and the terms are instances of demographic variables. Once terms
and documents are determined, a term-by-document incidence matrix A = (a;;)

can be defined, where a;; is the to-occurrence frequency of a demographic variable

i e b S NS

category represented by telfnyl’z: and a characteristic of _Pngha‘se behavior repre-
sented by documer}.t- j. By defining the incidence matrix A this way, the purchase
belblev-i(’).f’ rcharacteristics are indexed by demographic variables, so that association
patterns between consumers and their purchasing behaviors can be encoded.

The incidence matrix A can be constructed in an efficient way. Each row

description of the incidence matrix A is the combination of a demographic variable

and itsieggegoric;ﬁvalue. Only the (variable, value) pairs which exist in the dataset

are selected as rows, since there is no entry in the matrix for those (variable, value)

pairs not existing in the data. One way to assign the rows is to make two passes
over a demographic dataset, the first pass could determine which rows actually
exist in the data, and the second pass would build the matrix. But for large
databases, making two passes is computationally expensive, hence the incidence
matrix should be created by assigning rows during one pass through the data. A

variable initialized to 1 can be used to keep track of the next available row number.
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Each time a new (variable, value) pair is encountered, it is assigned to the next
available row number. The row number for any particular demographic variable
associated with the database can then be easily found. A sample incidence matrix

is provided in Table 3.1.

Table 3.1: A Sample Incidence Matrix

o

Purchase
Behavior
Demographic Instance | p1 | p2 | p3
Age = 30 10} 7415
¢ “&‘ {pews Income = 40K 1|34
(_\IW“ ;ﬂ,a\n&'ﬂ' Age = 50 2 6 11
Income =50K 3 11015

3.2.2 Correlated Distribution Matrix

LSIFssum% that the variability of word (or term) choice partially obscures the (

e o s

Section 3.2.1 for categorical databases, however, does not necessarily satisfy this /) \

assumption since the instances of demographic variables do not typically vary

like word choice in textual documents. ThlS study proposes to use distributions /

of demographlc varlables as terms so that the variability of term- to-document. -,

— e ot e i

assomatlon can be measured by correlatlon coefﬁc1ents between dlstrlbutlons The

— et e e 3 S
R
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documents in this case, are chosen (similar to construction of the incidence matrix)

to define a distribution-by-behavior matrix, or simply a correlated distribution

e st

matrix (CDM). Each entry d;; of a CDM D = (d;;) is either 0 or 1 indicating

- i e kA 4

whether a specific characteristic of purchasing behavior (represented by a column

of D) has a particular demographic distribution.

3.2.3 Building the Correlated Distribution Matrix

A correlated distribution matrix can be constructed from an incidence matrix us-

ing correlation coefficients between distributions of demographic variables across
the variables’ categories. Consider two instances of purchasing behavior repre-
sented by columns j, 5’ of an incidence matrix A = (a;;), and let I be the set of all

possible row indices in the matrix A, which correspond to a demographic variable

one N 444 V. Define n to be the number of elements in I. The correlation coefficient between

distributions of this particular demographic variable V' for purchasing behaviors

represented by columns j, j' of A is

— (ai- - E)(ai G o— a—')
r(7,7) =D I , (3.1)
\/Q:(a,.,. 5> (asy — T7)?)
el el

where @ = Y a;i/n, and @7 = Y _ ai; /n.
i€l i€l

A correlation coefficient r € [—1,1] is a measure of the linear relationship
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between two random variables. In the LSI application to consumer product data,
if # > 0.7, a strong linear correlation between two variables is assumed. The
distributions of demographic variables that are unique (i.e., not strongly correlated

with other distributions) are chosen to index purchasing behaviors, a CDM can

then be constructed to reflect the relationships between consumers and purchasing
behaviors.

The algorithm to build a correlated distribution matrix from an incidence ma-
trix is described as follows. Let the instances of purchasing behavior represented
by columns of the incidence matrix be denoted by (B, B, ..., B,), and let the de-
mographic variables be represented by (V4, Vs, ..., Vi) for k,n > 0. Then, for each
demographic variable V; and each instance of purchasing behavior B;, there exists
a distribution of the demographic variable V;, denoted as (Vi, B;) for i = 1, ...k,
and 7 = 1, ...,n. Different behaviors have different demographic distributions. Let
the CDM be D = (d;;), whose columns are represented by the purchasing behav-
iors (By, By, ..., Bn,) and whose rows are generated during the construction. Let
h be an integer initialized to 1, which represents the next available row number
for the CDM D. Consider the purchasing behavior B first, for each demographic
variable V;, i = 1, ..., k, the distribution (V;, B;) is assigned the next row number

h, denoted as R(v;,b;) = h, and h is then incremented by 1. Thus, d;; = 1 for

i = 1,...,k. Now, consider each purchasing behavior B; for j = 2,...,n, with
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each demographic variable V;, i = 1,...,k. The correlation coefficient (4, j') be-
tween the distribution (V;, B;) and previously existing distributions (V;, Bj) for
j=1,.,nand j = 1,..,j can be computed using Equation (3.1). If the coef-
ficient 7(j,;j') > 0.7 and the R(V;, Bj) has already been defined, then dj; = 1,
where [ = R(V;, B;). Otherwise the distribution (V;, B;) is assigned to the current
row number h, dy; = 1, and h is then incremented by 1. A pseudo-code for the

above algorithm to build the correlated distribution matrix is provided below:

Begin
h=1;
for (i =1,....,k; j =1,...,n) {
R(V;,B;) =0;
dij = 0;
}
for (: = 1,...,k) {
di = 1;
h=h+1,
}
for (7 = 2,...,n) {
for i = 1,..., k) {
for (j' = 1,....5) {
Compute r(j, ;') according to Equation (3.1);
if (r(j,5') > 0.7 and R(V;, Byr) # 0) {
I = R(V;, Bj);
dlj = 1;
break;
} else {
R(V;, B;) = h;
dpj = 1;
h=h+1;
}
}
}
}
End

28




The correlated distribution matrix is built after one pass through all possible
purchasing behaviors. The CDM is a sparse matrix, since for each instance of
purchasing behavior and a demographic variable, there exists only one distribution
from the data. A sample correlated distribution matrix is shown in Table 3.2, in
which each column has only five 1’s corresponding to the distributions of five
demographic variables (HHsize, Income, MHage, Fhemp, MHemp, see Appendix

B).

Table 3.2: A Sample Correlated Distribution Matrix

Purchasing Behavior
Distribution | p1 [ p2 [ p3 [ p4 [ p5 | p6 | p7 | p8 | p9 | p10
HHsize:pl 110110} 1]0}1j0}]0 1
Income:pl 111|010 fj110]140 1
MHage:pl 11001 (0}]0]|1]|0]|O0 0
FHemppl |1 |1 |1 |00} 1]|]0(0]1 0
MHemp:pl {1 |O {1 |1 0|0 ;1]0]0 1
h HHsizep2 |0 |1 (0] O0|0]|1]0]|0|1] O
MHagep2 {0 |1 |0 001 ,0]|0]|O0]| O
MHempp2 O | 1|00 |1 |1]0]|1]1]O0
Incomep3 {0 | 0|10} 1 (0]1]0}]1 0
MHagep3 [0 (0} 1|0}|1|0]0}0}11}{ 0
FHempp4 | O | OO 1 |1 ]0]0]1]0 1
HHsize:p4 0{0|0]|]1]|0]0;0]0]O0 0
FHempp?7 | 0 |0 | 0| O0]O0|O0O|1]0]0] O
HHsize:p8 0|00 0}{0|0{0]|1]0 0
MHagep8 (00O (O[O |O0O|O0O}|O0]1]0O0 1
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3.3 Semantic Vector Space Model

Once the correlated distribution matrix D = (d;;) is constructed, a single-vector
Lanczos algorithm can be used to compute the singular value decomposition
(SVD) of the correlated distribution matrix [BDO%93]. The LSI vector space
model D; can then be constructed using the k-largest singular values and corre-
sponding singular vectors of the matrix D (see Section 2.5.2). Each distribution or
instance of purchasing behavior can then be represented as a vector in the space.
The similarity between or within distributions and possible purchasing behaviors
can be measured by Euclidean distance or the cosine of distribution or purchasing

behavior vectors.

3.3.1 The Query Engine

After the semantic vector space is constructed, a user’s query can be easily
projected into the k-dimensional vector space. Let (D, D, ..., Dp,) be the dis-
tribution vectors (row vectors of U,Z;) in the semantic subspace, where m is
the total number of distributions used in the correlated distribution matrix D,
and let the purchasing behavior vectors (row vectors of V;.X;) be (Cy, Cs, ..., Cy),
where n is the total number of possible purchasing behaviors in the matrix D. A
user’s query consists of a number of distributions, which can be represented as a

pseudo-purchasing-behavior vector. For example, if a query contains distributions
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(Dyy, ..., D;) for iy,...,4 € {1,...,m}, then the pseudo-purchasing-behavior vec-
tor, § = ¢TUxX;?, is at the centroid of queried distribution vectors (D, ..., D;,),
where g is a vector of length m with non-zeros corresponding to the distributions
(Di,, ..., D;,). If relevance feedback [SL90] is used, the projected query vector in

the space is represented by

h
qg= qTUkZ;1 + Z ij, (3.2)

p=1

where 1 < h < n and Cj,, ...,Cj, are selected purchasing behavior vectors.

The query vector ¢ in Equation (3.2) can be used as a pseudo purchasing be-
havior vector for making comparisons between or within distribution vectors and
purchasing behavior vectors. The cosines between the query vector ¢ and pur-
chasing behavior or distribution vectors can be computed using the dot products
(¢,C;j) or (¢, D;) for j =1,...,n, or i = 1,...,m. By sorting the cosines between
the query vector ¢ and purchasing behavior vectors in descending order, the clos-
est purchasing behavior vectors can be displayed and analyzed to find common
properties among all possible purchasing behaviors. In addition, the ordered list of
distribution vectors in descending cosine order can be used to explore relationships
between distributions and purchasing behaviors.

A command-line interface can be implemented for this query matching process,
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where a user can specify the dimensionality of the semantic vector space (the

number of factors) as well as a list of distributions which comprise the query.

3.3.2 Validation

The patterns generated from the LSI model can be validated using statistical
concepts and methods. One way to evaluate a relationship between two variables
is statistical hypothesis testing, such as chi-square independence testing [HC78].
If a pattern shows that two variables are dependent, chi-square testing can be
used to evaluate this result with some degree of certainty.

For categorical data, a contingency dataset can be used to express the relation-
ship that exists between two variables [Jam91]. Let V; and V, be two categorical
variables so that V; has h forms denoted by {A;, As, ..., Ap}, and V; has k forms
denoted by {Bs, Bs,...Bi}. A contingency dataset is a rectangular table, where
rows correspond to the forms of V;, and the columns correspbnd to forms of V5.
Each table entry is the number of observations, denoted byv‘nij)that possess the
forms A; and B, simultaneously.

Two variables are independent from each other if the following relation is

e
S

satisfied:

;:_'.1;_', VieI={1,2,..,h}andVje J={1,..,k}
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where
n;; = crossed frequency of the two forms ¢ and j,

n; = Y _ ny; = frequency of form 1,

jeJ
nj = Y n;; = frequency of form j, and
i€l
n= Z 5.
i€l,jeJ

Since the theoretical crossed frequency, assuming independence of i and j, is n;; =
n;n;/n?, the deviations between the observed and theoretical values (ni; — n;)
characterize the disagreement between the observations and the hypothesis of
independence [Jam91]. All of the deviations can be computed by
(nij — nj;)*
=3 L (3.3)

iel,jeJ N5

Assuming that nj; is not too small, x? is distributed according to Pearson’s law
with (k—1)(h—1) degrees of freedom [HC78]. The chi-square testing proceeds by
computing x? and v = (k—1)(h—1), then reading from the chi-square distribution
table the value corresponding to the v and the probability level p. If x? is greater
than the table look-up value, the hypothesis of independence is rejected with p
certainty.

Another way to validate a result is to assess its variability on datasets using

resampling. Several samples are generated from the original dataset, then analysis
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can be applied to each sampled data subset and results from each sampling are
compared with each other to evaluate the variability of results. A more compli-
cated way to validate a result is cross validation, in which a dataset is divided
into several equal-sized blocks and analysis is applied on all the datasets with one
block omited, then results from each such dataset are compared to each other to
assess the variability of conclusions [EG83]. Both resampling and cross-validation

approaches are computationally expensive. The chi-square testing and resampling

methods are used in the LSI application to consumer product data.

3.4 LSI Application to Nielsen Consumer Data

The LSI model as applied to the electronic consumer data obtained from the
A. C. Nielsen company is now presented. The ultimate goal of this study is to
demonstrate the applicability of the LSI model to find the relationships between

consumers and purchasing behaviors, which can be used for target marketing.

3.4.1 Nielsen Datasets

Two kinds of categorical data are available for this study: one is purchase data
for orange juice, cereal, yogurt consumer items and the other is consumer demo-

graphic data. Each data record in a dataset is comprised of a sequence of digits.
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The purchase datasets for orange juice, cereal, yogurt items contain 459,979 pur-
chase records respectively, and the demographic dataset has 28, 863 data records,
where each record represents a single consumer or household. The demographic
variables and corresponding numerical encodings are listed in Appendix B, and a
sample purchase data record showing selected record fields is provided in Appendix
C. Since the purchase datasets are quite large (459,979 data records), randomly
sampled subsets are used as sources to build correlated distribution matrices for

the LSI model.

3.4.2 Distributions and Purchasing Behaviors

The instances of a 5-tuple defined by
(Brand Name, Deal, Size, Type, Flavor)

are selected to represent purchase behaviors, where brand name is the brand name

of a consumer product, Deal indicates the type of purchase such as using a coupon
or a store sale, Size is the size of a product in ounces, Type indicates either a single
or multiple purchase is made, and Flavor indicates the flavor of products (which
is only applicable to the yogurt products). To better interpret the clustering
of purchasing behaviors, an artificial coding for brand name and deal attribute
categorical values is used (see Appendix D). A sample instance of purchasing

behavior is shown in Table 3.3. Here, OJ_TR is the orange juice brand Tropicana,
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the deal MC refers to the use of manufacturer coupons or double manufacturer
coupons, the size of the product is 64 ounces, the type of the product is single,

and there is no specified flavor for this product.

Table 3.3: A Sample Instance of Purchasing Behavior

[ Brand Name [ Deal [ Size | Type | Flavor |
[ OJTR | MC | 64 |Single | N/A |

The distributions of demographic variables for purchasing behaviors define the
rows for the correlated distribution matrix. Two-dimensional plottings are used
to visualize distributions, where z-axis represents the categories for a demographic
variable and y-axis represents the probability of a categorical value occurs among
some consumer population. For example, the distribution of variable household
size HHsize is shown in Figure 3.1 (see Section 3.4.3). Since each purchasing
behavior corresponds to a column of the correlated distribution matrix, a distri-
bution name can be denoted as V:H where V is a demographic variable and H is
a column of the CDM which represents some purchasing behavior.

Once distributions and purchasing behaviors are determined, a correlated dis-
tribution matrix can be constructed using the algorithms presented in Section

3.2.3. A semantic vector space model is then built for interactive query matching.
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Figure 3.1: Two Query Distributions for the Orange Juice Dataset
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Euclidean Distance versus Cosine

Either Euclidean distances or cosines can be employed to measure the similarity
of purchasing behaviors. The cosine, of course, computes the angle between a
query and purchasing behaviors or distributions, which deemphasizes the lengths
of vectors while Euclidean distance also takes the lengths of vectors into account.
In some cases, the cosine value is a more reliable measure of semantic similarity
of objects than the Euclidean distance between objects in the semantic subspace
[FBY92]. The cosine calculation is used throughout the LSI application to the

Nielsen consumer datasets.

3.4.3 Orange Juice Dataset

A random sample of 65,000 data records is extracted from the orange juice pur-
chase dataset, a 154 x 65 incidence matrix is then constructed from the sample

data using the log-entropy weighting scheme. A 276 x 65 correlated distribution

matrix is then created using the 154 x 65 incidence matrix. Query distributions
such as those in Figure 3.1 can then be matched in a 4-dimensional semantic space.
The distribution in Figure 3.1(a) is a distribution of the variable AgePresenceChild
(which represents childrens’ age), category 1 of the variable AgePresenceChild in-
dicates a household with children under 6 years old. The distribution of household

size (HHsize) is in Figure 3.1(b), where categorical values 2 and 3 of the variable
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HHsize indicates a household with 2 and 3 family members, respectively. The
top 10 returned purchasing behaviors to the query distributions (in Figure 3.1) in
descending closeness order are provided in Table 3.4.

Most purchasing behaviors in Table 3.4 indicate a TR (Trade-Only) behavior
which refers to the purchase of a sale item or using store coupons. Combining this
purchase behavior with the query distributions from Figure 3.1, one may conclude
that two-member or three-member households with children under siz years old are

very likely to buy orange juice on sale or use store coupons.

Table 3.4: Returned Purchasing Behaviors for Orange Juice Dataset (factor = 4)

[ Purchase Behavior | Cosine | Brand Name | Deal | Size | Type | Flavor ||
4 0.837 OJ_TR MC | 64 | Single| N/A
22 0758 | OJ.CB | TR | 32 | Single | N/A
39 0.725 OJ_.MM TR | 16 | Single | N/A
9 0.609 OJ_TR TR | 32 | Single | N/A
20 058 | OJ.CB | TR | 128 | Single | N/A
57 0.582 OJFG TC | 64 | Single | N/A
19 0534 | OJFN | TR | 64 | Single | N/A
7h) 0486 | OJMM | TC | 96 | Single | N/A
53 0430 | OJFG | ND | 96 | Single | N/A
55 0.430 OJFG TR | 64 | Single | N/A

Hypothesis testing for the independence of variable (HHsize) and the returned
purchasing behaviors in Table 3.4 can be applied to validate the above conclusion

about the relationship between household size and purchasing behaviors. Based
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on the original weighted 154 x 65 incidence matrix, a contingency table whose rows
are instance values of HHsize and columns are returned purchasing behaviors in
Table 3.4, is generated in Table 3.5. The chi-square testing is then carried out
with the degree of freedom (7 — 1)(6 — 1) = 30. If 85% probability level is used,
the chi-square table look-up value is 38.57. Since the observed chi-square value
x% = 39.35 is greater than the expected 38.57, the above conclusion about the
relationship of household size and orange juice purchasing behaviors can be made

| at 85% certainty.

Table 3.5: Contingency Table for the Orange Juice Dataset

Purchase Behavior

HHsize 4 22 39 9 20 57 [ 41 Total
2 16.146 | 3.871 0 3.871 | 10.741 0 4.310 | 38.939
3 13.641 | 1.673 | 1.673 | 2.651 | 11.015 0 0 30.653
4 12.515 | 2.651 | 4.695 0 10.144 | 1.672 0 31.677
5 10.392 | 1.653 0 0 7.146 0 0 19.191
6 7.379 0 0 0 6.300 0 0 13.679
7 2.510 0 0 0 3.156 0 0 5.657

Total || 62.574 | 9.848 | 6.368 | 6.522 | 48.502 | 1.672 | 4.310 | 139.796

With the purchasing behaviors in Table 3.4 as columns and the top 10 returned
distributions to the query in Figure 3.1 as rows, part of the correlated distribution
matrix is shown in Table 3.6. Consider the row of query distribution HHsize:8

in Table 3.6. The purchasing behaviors presented in Table 3.4 are clustered to-
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gether even though they do not all share the queried distribution HHsize:8, which

demonstrates the advantage of using LSI to find the underlying patterns.

Dimensionality

Different choices for the dimensionality of the reduced vector space model may
produce different clustering patterns. Too few dimensions could over-generalized
patterns or lose important information. Sufficient dimensionality is needed to
capture the underlying structure in a correlated distribution matrix. Because
the CDM may not truthfully represent the relationship between distributions and
purchasing behaviors, it is also important not to reconstruct the original CDM

completely [BDO95].

Table 3.6: Part of Correlated Distribution Matrix for the Orange Juice Dataset

Purchase Behavior
Distribution 4122]39]9/49]20 [ 57 | 41 | 53 | 42
HHsize:5 0j0(0|0]0}0O0}10]|0]0]O0
HHsize:8 o{oj1y1{0(0|O}J2]07]0
HHsize:24 of0o|l0jo0{0oj{0|0|0]|]0}O0
AgePresenceChild:24 |[0] 0 {0 |0| 0|0 |0}0]0]0
KitchenApplicances:26 {0 | 0 | 1 O[O0 |0 |1 {0 |00
MHage:32 ofojo0jo0o;1,010]0]01}1
MHoccupation:37 0j0{0|j0jO0O|jO0O|0|1]|0]|0O
HHsize:37 0,0}0(0[l0|0|O0O]|0]O0}O
NumDogs:49 0|o0o|0|0O{O0O|O|O}jO]|O]O
MHage:53 6y0,0|0|]O0O|O0O}JO|Oj0O]O
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Reconsider the query distributions in Figure 3.1 using a 10-dimensional vector
space as opposed to a 4-dimensional space (see Section 3.4.3), the purchasing
behaviors retrieved from the LSI model are listed in descending closeness order in

Table 3.7.

Table 3.7: Returned Purchasing Behaviors for Orange Juice Dataset (factor = 10)

Purchase Behavior | Cosine | Brand Name [ Deal | Size | Type | Flavor |

22 0.744 0J.CB TR | 32 | Single | N/A
4 0.588 OJ_TR MC | 64 | Single | N/A
49 0.555 OJ_FN TR | 64 | Single | N/A
20 0.485 0J.CB TR | 128 | Single | N/A
55 0.431 OJFG TR | 64 | Single | N/A
57 0.424 OJ FG TC | 64 | Single | N/A
29 0.362 0OJ_.MM ND | 32 | Single | N/A
41 0.340 OJ.MM TC | 96 | Single| N/A
42 0.302 OJ_FN ND | 64 | Single| N/A
53 0.299 OJFG ND | 96 | Single | N/A

The purchasing behaviors shown in Table 3.7 reveal the similar clustering
pattern from Table 3.4 except that the purchasing behaviors in Table 3.7 are
not as close to the query as those shown in Table 3.4 in the cosine sense. One
explanation for this result is that the added dimensions sometimes account for
the randomness and noise associated with the variability of distributions across
different purchasing behaviors.

Resampling can be used to assess variability of the returned purchasing behav-
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jors shown in Table 3.7. Hence, another randomly sampled orange juice dataset
with 65,000 records is generated, from which a 254 x 66 correlated distribution
matrix is constructed.

The query distributions in Figure 3.2, which are similar to the query dis-
tributions in Figure 3.1, represent two-member or three-member families with
children. Projecting this query distributions into a 10-dimensional vector space,
the LSI vector space model returns the purchasing behaviors shown in Table 3.8.
These purchasing behaviors demonstrate a similar pattern, namely that mid-size
families with children are likely to buy orange juice on store sale or using store

coupons.

Table 3.8: Returned Purchasing Behaviors for Resampling

[ Purchase Behavior | Cosine | Brand Name | Deal | Size | Type | Flavor |
38 0.479 OJ.MM TR | 128 | Single | N/A
24 0.454 0J.CB TR | 32 | Single | N/A
41 0.448 0OJ. MM TR | 16 | Single | N/A
13 0.431 OJ.TR TC | 32 | Single | N/A
52 0.428 OJFN TR | 96 | Single | N/A
44 0.384 OJ_MM TC | 16 | Single | N/A
48 0.329 OJ_FN MC | 64 | Single | N/A
51 0314 | OJFN | TR | 64 | Single | N/A
66 0.310 0JDDD TC | 96 | Single | N/A
1 0307 | OJTR | ND | 96 | Single | N/A
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Figure 3.2: Two Query Distributions for Resampling
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3.4.4 Cereal Dataset

A random sample containing 15,000 data records is extracted from the cereal pur-
chase data, from which a 430 x 166 correlated distribution matrix is built and
a 2-dimensional semantic vector space is then constructed. The distribution of
AgePresenceChild in Figure 3.3 is used as a query, which represents households
with children of different ages. The categorical values for the variable AgePres-

enceChild is listed in Table 3.9.

Table 3.9: AgePresenceChild Variable Coding

| Category ||| Value |

1 under 6 only

6/12 only

13/17 only

under 6 & 6/12

under 6 & 13/17

6/12 & 13/17

under 6 & 6/12 & 13/17
no children under 18

Q|| DU ]| W N

The query distribution in Figure 3.3 is then searched in the 2-dimensional
vector space, and the LSI query engine returns the top 10 closest distributions
and purchasing behaviors shown in Tables 3.10 and 3.11. The distribution names
in Table 3.10 are in the form of V:H as described in Section 3.4.2. For example,

the distribution HHsize:13 is shown in Figure 3.4, where the categorical values 1
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Figure 3.3: Query Distribution of AgePresenceChild for the Cereal Dataset

Table 3.10: Returned Distributions for the Cereal Dataset

[ Distribution Name ||
AgePresenceChild:0
NumCats:0
PetOwnership:10
HHsize:13
NumCats:89
NumDogs:4
AgePresenceChild:112
Race:9

Race:34

FHage:85
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Table 3.11: Returned Purchasing Behaviors for the Cereal Dataset

Purchase Behavior | Cosine | Brand Name | Deal [ Size | Type | Flavor ||
39 0.998 CE_KCF TR | 2025 | Single | N/A
95 0.997 CE_PGN MC | 20.25 | Single | N/A
139 0.993 | CE.GMG | TR |18.19 | Single | N/A
10 0.978 CECB TR | 9.12 | Single | N/A
56 0.977 CE_KFF TR 15 | Single | N/A
80 0.976 CE_KRB TR | 2025 | Single | N/A
78 0.958 CE_KRB MC | 2025 | Single | N/A
129 0.946 CE_PRB TC | 2025 | Single | N/A
124 0.940 CE_PRB MC 15 | Single | N/A
25 0.939 CE_GMC TR | 9.12 | Single | N/A

0.20 -
0.15
=
2 0104
a -
=
=
~™
0.05 H
0.00—-
1 3 5 7

HHsize Categories

Figure 3.4: Distribution of HHsize for the Cereal Dataset
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to 7 represent the number of family members in a household. The distribution
NumCats:01is shown in Figure 3.5, which represents the number of cats a household

owns. The detailed coding for all demographic variables are listed in Appendix

B.
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Figure 3.5: Distribution of NumCats for the Cereal Dataset

If we consider the distributions shown in Figures 3.4 and 3.5 in addition to
the query distribution in Figure 3.3, the conclusion that mid-size families with
children and pets are very likely to buy large bozes of cereal on sale can be made.

Chi-square testing for the independence of purchase behaviors in Table 3.11
and the variable AgePresenceChild is used to validate the above conclusion. The

contingency table whose rows are instance values of AgePresenceChild and whose
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columns are returned purchasing behaviors shown in Table 3.11, is generated from
the original weighted incidence matrix and is shown in Table 3.12. If 10% proba-
bility level is used, the chi-square value is about 42.5 with the degree of freedom
54. Since the observed chi-square value x? = 42.704 is greater than the expected
42.5, the above conclusion about the relationship between AgePresenceChild and
cereal purchasing behaviors can only be made at 10% certainty. The rank-2 ap-
proximation of the original 430 x 166 correlated distribution matrix doesn’t model
enough association to reveal underlying relationships between distributions and
purchasing behaviors. The above pattern concerning cereal purchasing may be

over-generalized.

Table 3.12: Contingency Table for the Cereal Dataset

Purchase Behavior
Child | 39 | 95 [139] 10 [ 56 | 80 | 78 | 129 | 124 [ 25 | Total
1 [183[365] 0 | 0 | O [424|4.72|2.89[1.83[183| 21.1
3 1296|483 0 |1.873.73|524|3.73|296 434|296 | 32:6
4 [294[37 | 0| 0 [294] 43 [294[294]294] 37 | 264
5 0 [165] 0 ] 0 | 0 | 0o | 0] 0] 0 0165
6 |[295[372] 0 | 0 [432[522[432{295]|2.95|1.86| 283
7 [168] 0 | 0] 0} 0 | 0| 0 | 0] 0 [266] 434
Total | 14.2 | 20.5 0 3.74 | 1563 | 246 | 21.6 | 13.6 | 12.1 | 17.3 143
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3.4.5 Orange Juice, Cereal and Yogurt Datasets

The previous examples consider orange juice and cereal purchase data separately.
Additional experiments involving all three types of purchase data (orange juice,
cereal, yogurt) are needed in order to study relationships between different product
types.

Three randomly sampled datasets from orange juice, cereal and yogurt pur-
chase data are generated, respectively, and combined together, from which a
949 x 306 correlated distribution matrix without weighting is constructed. From
this CDM, a 5-dimensional semantic vector space is created and patterns are
searched through query matching.

The query distribution in Figure 3.6 shows the probabilities of variable house-

hold composition (HHcomp) categories, which are listed in Table 3.13.

Table 3.13: Household Composition Coding

| Category [| Value |

1 married

female head living with others related
male head living with others related
female living alone

female living with non-related

male living alone

male living with non-related

[0.2] BN | ep] G 2] ROV] [ W)
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Figure 3.6: Query Distribution of HHcomp for the Mixed Datasets

The query distribution indicates that most households among some consumer
population are composed of married couples. The corresponding query vector is
projected into the 5-dimensional semantic space and the top 10 closest distribu-
tions and purchasing behaviors to this particular query are shown in Tables 3.14
and 3.15.

The distribution names in Table 3.14 is of form V:H as described in Section
3.4.2. For example, the distribution of number of dogs variable (NumDogs) for
the purchasing behavior represented by column 74 of the CDM is named as Num-
Dogs:73, which reflects household with many dogs (see Appendix B). The distri-

bution of female head employment variable (FHemployment) for the purchasing

91




Table 3.14: Returned Distributions for the Mixed Datasets

[ Distribution Name ||
HHcomp:0
NumDogs:73
NumCats:123
NielsenCounty:182
NielsenCounty:66
NielsenCounty:283
FHemployment:222
Race:303
MHeducation:76
HHcomp:28

Table 3.15: Returned Purchasing Behaviors for the Mixed Datasets

Purchase
Behavior | Cosine | Brand Name | Deal | Size | Type Flavor
264 0.871 YG.CB TR 8 | Single | Strawberry/Banana
59 0.743 CE.CB ND | 15 | Single N/A
285 0.714 YG_YO MC 3 | Single Plain
19 0.714 0J_.CB TR | 128 | Single N/A
82 0.655 CE_.GMC TR | 9-12 | Single N/A
271 0.612 YG.YO TC 6 | Single Strawberry
267 0.582 YG.CB ND 8 | Single Lemon
146 0.582 CE_.GMH TR | 12.3 | Single N/A
112 0.580 CEXKFF MC | 20 | Single N/A
198 0.577 CE_.GMG TC | 18 | Single N/A
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behavior represented by column 223 is labeled as FHemployment:222, which re-
flects household with female head not employed (see Appendix B). Both NumDogs
and FHemployment distributions are presented in Figure 3.7.

From the returned purchasing behaviors in Table 3.15, married consumers
who tend to buy yogurt Control Brands are likely to buy cereal and orange juice
Control Brands also. If the returned distributions in Figure 3.7 are also taken into
account, the conclusion that married consumers having lots of dogs, especially if
the female head of a family is not employed, are likely to purchase these three
products as Control Brands can be made.

A chi-square testing of the independence of variable household composition
(HHcomp) and returned purchasing behaviors in Table 3.15 can be determined.
The contingency table, whose rows are instance values of variable HHcomp and
columns are the top 9 instances of purchasing behavior in Table 3.15, is generated
in Table 3.16 from the original incidence matrix. The chi-square value is 63.2 for
85% probability level and 48 degrees of freedom. Since the observed chi-square
value is 87.4, which is greater than 63.2, the pattern concerning the purchase of
control brands can be made with at least 85% certainty. If the probability level
95% is considered, then the chi-square value is 67.5 for 48 degrees of freedom.
Since the observed chi-square value 87.5 is greater than 67.5, the extracted pattern

concerning control brands can actually be make at 95% certainty.
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Figure 3.7: Two Returned Distributions for the Mixed Dataset
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Table 3.16: Contingency Table for the Mixed Datasets

Purchase Behavior
HHcomp | 264 | 59 | 285 |19 [ 82 | 271 | 267 | 146 | 112 | Total

1 2 |115] 0 (65122 1 1 32 | 24 | 262
2 1 15§ 0 |13} 2 0 0 4 3 38
3 0 4 0 310| O 0 0 0 7
5 0 8 0 [ 4] 8 0 0 1 2 23
6 0 2 1 1|1 0 0 1 1 7
7 0 5 0 6|0 0 0 1 1 13
8 0 2 0 010 0 0 2 0 4

Total 3 151 1 192({33]| 1 1 41 | 31 | 354
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Chapter 4

Summary and Future Work

In addition to the efficient information retrieval from textual documents, LSI can
be applied to numerical databases for data mining. The LSI conceptual vector
space model represents similar objects in such a way that they can be retrieved
even though the objects may not share common attribute values. By projecting
user queries into the vector space and analyzing the clustering of nearby attributes
or categories, underlying patterns can be extracted from large databases. Further,
the extracted patterns can be validated by testing the independence of data vari-
ables or resampling to assess the variability of patterns on datasets. The following
future work may be conducted to further explore the application of LSI to data

mining.
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4.1 Loglinear Preprocessing

For consumer product datasets, the distributions of demographic variables have
been chosen as terms to index the purchase behaviors. Instead of using correlation

analysis, preprocessing with loglinear models [HL85] can be used to determine

which variables are strongly correlated. Only those demographic variables strongly

correlated to the purchase behaviors would be selected for the LSI model. In
general, the loglinear model can be used to choose variables for data mining based

on the dependence of all variables.

4.2 Decision Trees

Given a collection of data records with a predefined class attribute, supervised
learning from this dataset can be implemented. Decision trees, in particular, can
be used to classify data records.

Treating all instance values of the class attribute as documents and instances
of all other attributes as terms, a term-by-document matrix F' = (f;;) can be
defined for subsequent encoding by the LSI vector space model. The entries of
the term-by-document matrix can be normalized in such a way that distances
between row or column vectors in the space are chi-square distances [HL85].

Even though LSI does not intend to interpret the underlying dimensions of




the vector space, the importance of dimension o can be evaluated by 02/ o2,
o
where o, is a singular value of the term-by-document matrix and the ratio is the
proportion of total variance that is decomposed in dimension «. Since the sum
of weighted squared distances of row vectors (or column vectors) to the origin is
equal to o2 for dimension @, one can also evaluate the relative contribution of row
i to dimension a with the ratio ((fis/n)r2,)/c2, which can be interpreted as the
proportion of variance in dimension « accounted for by row ¢, where f;, = Z fij
J
and 7,4 is the coordinate of row 7 in dimension a [HL85]. With these measures of
importance, a decision tree may be constructed from a training dataset by splitting

on those important row attributes or developing a new splitting criterion. This

decision tree can then be validated against test datasets.
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Appendix A

The Training Dataset for Sample

Decision Tree
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Table A.1: A Sample Training Dataset

[ Income | Education | Household Size | class |
20 high four Coupon
30 college four Coupon
20 high three No Coupon
70 graduate four No Coupon
60 graduate three No Coupon
50 college five Coupon
70 high four No Coupon
30 grade four Coupon
60 high four No Coupon
30 high five Coupon
40 graduate three No Coupon
60 college one No Coupon
50 graduate two No Coupon
40 college three Coupon
40 college four No Coupon
70 graduate two No Coupon
30 high two No Coupon
40 grade three No Coupon
60 graduate two No Coupon
30 college three No Coupon
30 college three No Coupon
40 graduate three Coupon
30 college two Coupon
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Appendix B

Demographic Variable Coding
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Table B.1: Female/Male Head Age Variable Coding (FHage/MHage)

| Code ||| Value [

1 under 25 years

25-29 years

30-34 years

35-39 years

40-44 years

45-49 years

50-54 years

55-64 years

65+ years

No female/male head

OO0 ~J| O U ] LI ND

Table B.2: Female/Male Head Employment Variable Coding (FHemp/MHemp)

| Code [[ Value |
0 No female head or unknown
1 under 30 hours
2 30/34 hours
3 35+ hours
9 Not employed for pay
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Table B.3: Household Size Variable Coding (HHsize)

| Code || Value

1 single member
two members
three members
four members
five members
six members
seven members
eight members

00| ] S| U =} WO b0

Table B.4: Income Variable Coding (Income)

| Code ||| Value |

03 under 5000
04 5000-7999
06 8000-9999
08 10000-11999
10 12000-14999
11 15000-19999
13 20000-24999
15 25000-29999
16 30000-34999
17 35000-39999
18 40000-44999
19 45000-49999
21 50000-59999
23 60000-69999
26 70000-99999
27 100000 & over
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Table B.5: Kitchen Applicance Variable Coding (KitchenApplicances)

[ Code || Value |

1

microwave only

dishwasher only

garbage disposal only

microwave & dishwasher

microwave & garbage disposal

dishwasher & garbage disposal

microwave, dishwasher, & garbage disposal

R ~J{ | U =| W

none

Table B.6: Male Head Education Variable Coding (MHeducation)

[ Code ||| Value |

1

grade school

some high school

graduated high school

some college

graduated college

post college grad

OO U ]| W N

no female/male head or unknown
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Table B.7: Male Head Occupation Variable Coding (MHoccupation)

| Code |

Value

|

1

professional

prop, managers, officials

clerical

sales

craftsmen /foreman (skilled)

operative (semi-skilled)

military

service workers & private HH workers

farm owners, managers, foremen & laborers

(e Ve o] RoN] e ] 1Y I Sy ROLY I V)

students employed < 30 hours

laborers

| =
el =]

retired, unemployed

Table B.8: Numer of Dogs and Cats Coding (NumDogs/NumCats)

| Code [[ Value |

0 Zero
one
two
three
four
five
six
seven
eight
nine

O 0] | | U =] o)
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Table B.9: Pet Ownship Variable Coding (PetOwnership)

| Code ] Value |

no dog or cat
dog only

cat only

both dog and cat

Wil o

Table B.10: Race Variable Coding (Race)

[ Code [| Value |
1 white
2 black
3 oriental
4 other
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Appendix C

Sample Purchase Data Record

and Fields
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Table C.1: Sample Purchase Data Record

| Purchase Data Record |

0808894894059401271040165000690500000004850000001
02003940000000006034852MLOZ00000064000001000000
500002050E0000000290000030000044000005000016126
680000005000100000533000001000033000000000000

0810838194179404201040150000023600000001630015114
02004960000000006071007TMLOZ00000064000001000000
200002007N0000000290000030000044000003000016836
154000005000100000533000003000018000000000000

Table C.2: Sample Purchase Data Record Fields

| Field Title Columns |

Brand Name 67-72
Deal 57-58
Size 81-87

Type 87-90
Flavor 91-96
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Appendix D

Purchase Dataset Coding
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Table D.1: Orange Juice Brand Name Coding

[Code [[ Brand Name |
0OJCB || Control-Brand
OJDD || Donald-Duck
OJFG || FL-Gold
OJ_FN ||| FL-Natural
OJ.MM || Minute Maid
OJ_TR ||| Tropicana

Table D.2: Yogurt Brand Name Coding

| Code | Brand Name |

YG_BR Breyers

YG_CB Control-Brand

YG_CO Colombo

YG_DN Dannon

YG_LN Light N Lively Free 70
YG.YF Yoplait Fat Free
YG.YO Yoplait

YG_WW ||} Weight Watchers Ult 90
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Table D.3: Cereal Brand Name Coding
| Code | Brand Name ]
CE_CB Control-Brand
CE_GMC ||| General Mills Cheerios
CE_GMG || General Mills Total Whl Grain
CE_.GMH ||| General Mills Hny/Nut Cheerios
CE_GML || General Mills Lucky Charms
CE_.GMW ||| General Mills Wheaties
CEXKCF Kelloggs Corn Flakes
CE_KCP Kelloggs Corn Pops
CEKCX Kelloggs$ Crispix
CE_KFF Kelloggs Frosted Flakes
CE_KFL Kelloggs Froot Loops
CEKFW || Kelloggs Frosted Mini-Wheats
CE_KRB || Kelloggs Raisin Bran
CE_KRK || Kelloggs$ Rice Krispies
CE_KSK Kelloggs Special K
CE_NSW {|| Nabisco Spn Sz Shred Wheat
CE_PGN Post Grape-Nuts
CE_PRB Post Premium Raisin Bran
Table D.4: Deal Attribute Coding

| Code || Brand Name |

ND No-Deal

MC Mfr-Coupon

TR Trade-Only

TC Trade + Mfr-Coupon
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Appendix E

Information Gain Splitting

Criterion



The information gain criterion uses information entropy to determine on which
attribute to split during the partitioning process.

In general, given a probability distribution P = (p1,p2, ..., Pn), Where p; is the
probability over an attribute for i = 1,...,n. then the entropy of P, I{P), is defined
by

I(P) = —(p1 xlogyp1 + P2 x10gy p2 + ... + Pn * l0gy Pn).

If a set T of records is partitioned into disjoint classes (C}, Ca, ..., Cx) on the
class attribute, then the information needed to identify the class of an element of

T is info(T) = I(P), where the probability distribution of classes is
P = (|C1|/|T|, |Cel/IT], ., ICil/IT])-

If we partition T based on a non-class attribute X into (T3, T, ..., T), then the
information needed to identify the class of an element of T, infox(T), becomes

the weighted average of the info(T;) defined by:

infox(T) = SITW/IT) info(T)

The difference in the information needed before and after partitoning by an
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attribute X is defined as follows:

Gain(X,T) = info(T) —infox(T).

Using Gain(X,T), one can choose the attribute with greatest gain among the

attributes not yet considered in the path from the root to split on at each node

[Qui92].
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