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ABSTRACT

Unlike a classical random variable which takes a single value, a symbolic random vari-
able takes multiple values. The values within a symbolic random variable form an internal
distribution that does not exist in a classical random variable. Statistical methodologies
developed for classical data can not be readily applied to symbolic data. Therefore, new
methodologies must be developed to take into account the internal structure of symbolic
variables. In this dissertation, we propose three methods of symbolic data analysis. The first
proposed method extends classical principal component analysis (PCA) to an analysis of
interval-valued observations, using a so-called symbolic variance-covariance structure. Using
the symbolic covariance structure ensures that the principal components explain the total
variance of interval-valued data. Furthermore, two representations of the principal compo-
nents resulting from the proposed PCA method are introduced. The first representation
shows interval-valued observations as polytopes in a principal components space. The poly-

topes constructed in this method represent the true structure of interval-valued observations



in a principal components space. The second representation gives histogram-valued prin-
cipal components constructed from a 2-dimensional projection of the polytopes resulting
from the first representation. Algorithms to construct the polytopes and to compute the
histograms representing the principal components are given in this dissertation along with
two examples to illustrate the method. The second method extends the PCA method pro-
posed for interval-valued data to a PCA method for histogram-valued data. This method
treats histogram-valued observations as a generalization of interval-valued observations. The
two representations proposed for interval-valued observations are then extended to repre-
sent histogram-valued observations. An algorithm for the extension along with an example
to illustrate this method are included. The third method proposes a construction of likeli-
hood functions for symbolic data. The proposed likelihood function is then used to derive
maximum likelihood estimators for the mean and the variance of three common types of sym-
bolic data: interval-valued data, histogram-valued data, and triangular-distribution-valued
data.
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CHAPTER 1

INTRODUCTION

The focus of this dissertation is to propose an approach to principal component analysis
(PCA) for symbolic data, specifically for interval-valued data and histogram-valued data
and to introduce the likelihood functions for symbolic data. Theory for principal component
analysis and the likelihood functions are well developed in the classical setting. However,
in the symbolic data setting, only a few adaptations of PCA exist in the literature for
interval-valued observations while none exists for the histogram-valued case. Furthermore,
no theoretical framework has been established for symbolic data to this point, not even the
likelihood functions which are fundamental foundation for many statistical methods. Unlike
a classical observation which takes a single value, a symbolic observation takes multiple
values. As a consequence, symbolic data have an internal structure which does not exist
in classical data. Traditional methods of analysis of classical data do not account for this
structure. Therefore, new analytical methods need to be developed to account for this special
characteristic of symbolic data.

Symbolic data was first introduced by Diday (1987). Whereas a classical variable takes
a single value, a symbolic variable may take a finite or an infinite set of values. A random
variable that takes a finite set of values is called a multi-valued variable. The values in a
finite set can be either quantitative or qualitative. Another type of symbolic variable may
take an infinite set of numerical values ranging from a low to a high value. This type of
variable is called an interval-valued variable. A more complex symbolic variable may have
weights, probabilities, or even a distribution associated with the values it takes. This class of

symbolic variable is called a modal-valued variable. An example of a modal-valued variable



is a histogram-valued variable. Classical data can be thought of as a special case of symbolic
data where the internal distribution puts the probability 1 on a single value.

Symbolic data can occur naturally or can be created by aggregating a very large dataset.
Billard and Diday (2006) gives many examples of natural and aggregated symbolic data.
Some data inherently take multiple values. Two examples of naturally occuring symbolic data
include daily temperatures measured in a city and colors of bird species. Daily temperatures
are reported at the lowest to the highest point in the day. The resulting observation is then
recorded as an interval. In the other example, some species of birds have more than one color
so the value for each observation is a finite list of colors which is a multi-valued variable.
Some data become symbolic after some processing such as data resulting from a database
query. One example of aggregated symbolic data is of claims records retained by an insurance
company. Such a dataset may contain thousands if not millions of individual observations,
i.e., claims. It is difficult to extract knowledge from a dataset this large. If the insurer’s
main interest is to understand expenses paid to the policy holders based on age and gender,
then the data can be aggregated into gender by age groups. The resulting dataset will then
contain variables with multiple values, hence, symbolic.

Symbolic data of the second type has become more common in recent years due to
advances in technology which enable storage of extremely large datasets. Larger datasets
provide more information about the subjects of interest, however they also present chal-
lenges in understanding all the information available. Performing even simple exploratory
procedures on these datasets requires a lot of computing power. As a result, much research
effort in recent years has been steered toward finding more efficient methods of analysis to
accommodate these enormous datasets. One of the methods to make an extremely large
dataset manageable is to aggregate the observations into groups of interest. Traditionally,
when data are aggregated, only a single value is used for each variable. This value is typically
the mean or the median of the group. Using one value to represent all values belonging to a

group naturally leads to some loss of information. The information lost during this process



may produce misleading results when the aggregated dataset is analyzed. With the intro-
duction of symbolic data, much of this information is retained by including all values taken
by observations in the group.

Principal component analysis (PCA) is a popular dimension reduction method in clas-
sical data analysis. Some adaptations of PCA to interval-valued data exist in the literature.
Cazes et al. (1997) proposes two methods known as the centers and the vertices methods. The
centers method computes the principal components using the centers of the original inter-
vals. Although the order of computation using this method is low, it ignores the internal
variation within each observation. The vertices method computes the principal components
using all vertices, treating each of them as an independent observation. An advantage of the
vertices method over the centers method is its partial accounting for the internal variation
by including all vertices belonging to the observations. However, it still does not account for
the total variance of interval-valued observations. Another drawback of the vertices method
is its treating all vertices as independent observations. Lauro and Palumbo (2000) attempts
to account for the dependency among vertices of the same observation by prosposing a multi-
stage method called the symbolic object PCA (SO-PCA). This method includes two separate
procedures. The first is a modification of the vertices method and the second involves trans-
formation of the interval ranges. The SO-PCA method still does not account for the total
variation structure of interval-valued data. Palumbo and Lauro (2003) proposes yet another
method known as the midpoint-radii method and Gioia and Palumbo (2006) introduces an
inteval matrix approach. Both the midpoint-radii and the interval matrix methods are based
on interval algebra. Interval algebra only works for very narrow intervals which poses a limi-
tation to these methods. To avoid the drawbacks associated with all current methods, in the
first part of this dissertation, we propose a new PCA method for interval-valued observations
using a so-called symbolic variance-covariance structure, referred to as the symbolic covari-

ance method from hereon. Our proposed method accounts for the total covariance structure



of interval-valued data as well as the dependency among vertices of the same observation.
This method can also be applied to data of all ranges.

Despite the existence of multiple PCA approaches to interval-valued data, none has been
proposed for histogram-valued data. In the second part of this dissertation, we propose a
method to compute the principal components for histogram-valued observations based on
the fact that a histogram is a generalization of an interval. We generalize our proposed PCA
method for interval-valued data to a PCA method for histogram-valued data. The method we
propose for histogram-valued data inherits all benefits from the symbolic covariance PCA
method for interval-valued data. The principal components computed from this method
account for the total variance of histogram-valued observations. This method can also be
applied to histograms of all sizes.

Likelihood functions play an imperative role in a statistical framework. They are tools for
solving problems from estimation to regression. Likelihood functions are well studied in the
classical environment. However, no extension to symbolic data exists at this time. Further
development of some symbolic methodologies can not proceed without these functions. As
the third and final part of this dissertation, we propose an approach to finding the likelihood
functions of symbolic data. We also derive the maximum likelihood estimators for some
common types of symbolic data based on the proposed likelihood functions in this part.

This dissertation consists of six chapters. Following the introduction, we give a review
of current literature on symbolic data, principal component analysis, and PCA methods for
interval-valued data in Chapter 2. Chapter 3 describes our proposed method for interval-
valued PCA. Besides details of the theoretical framework, Chapter 3 also includes an algo-
rithm to compute the principal components for interval-valued observations as well as appli-
cation of the symbolic covariance PCA to two real datasets. Chapter 4 describes an extension
of the symbolic covariance PCA method of Chapter 3 to histogram-valued data. Chapter 4
provides the framework for the proposed extension, an algorithm, as well as an application

of the proposed method to a histogram-valued dataset. In Chapter 5, we propose a method



to construct the likelihood functions for symbolic data. We also derive the maximum likeli-
hood estimators for the mean and the variance of some common types of symbolic variables.
Finally, a summary of contributions to symbolic data analysis resulting from this disserta-
tion along with a brief discussion of future work stemming from this work are presented in

Chapter 6.
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CHAPTER 2

LITERATURE REVIEW

To establish a foundation for Chapters 3, 4, and 5, we give a review of current literature
on material relating to our work in this dissertation. Section 2.1 introduces notation and
some basic terms necessary to discuss symbolic data. This section also provides descriptive
statistics for three different types of symbolic data. A brief summary of principal component
analysis methodology is given in Section 2.2. Five methods of PCA have been proposed for

interval-valued data up to this point. They are summarized in Section 2.3.

2.1 SyMmBoLIC DATA

Before starting the literature review, it is necessary to define common notation used in the
rest of this work. Let X = (X¢), X(2),..., X(p)) denote a p-variate random variable where
X(j) is the 4" variable for j = 1,2,...,p. Let X, denote the i observation of a data
matrix X where 1 = 1,2,...,n. Note the distinction between the subscripts. The subscript
enclosed in parentheses as in X(;) signifies the variable index whereas the subscript without
parentheses as in X; represents the observation index. Using this notation, a data matrix

X can be expressed as a vector of variables or a vector of observations, respectively,

X1

X
X=[XXp.. Xy =

Xy

Additionally, the random variable X;; represents the j variable of the i*" observation and

the lower case z;; is the realized value of X;; in the classical case and &;; denotes a realized

7



value of a symbolic random variable X;;. The notation ;; is used in the symbolic case to
emphasize that ;; takes multiple values unlike the single value z;; in classical data. Some
examples follow. For classical data, suppose X (i) is the birth-weight of a newborn in pounds;
then the 5" observed value may take a value x5; = 8.2 and suppose X, (3) is the newborn’s
eyes color then the observed value for the same baby may be x53 = blue. For symbolic
data, suppose X() is the daily temperature; then the recorded temperatures for the 1%
observation may take values &£, = [44,62] and suppose X9 is the color of species of birds;
then the observed value for the 1% species may take values &5 = {blue, green}.

In the following subsections we give formal definitions necessary to discuss distribution
functions and descriptive statistics for symbolic data. For a comprehensive treatment of the
topic, refer to Bertrand and Goupil (2000), Bock and Diday (2000), and Billard and Diday
(2006).

Let X(;) be the domain of X ;) and X = X1y x Xg) X ... x X = xg-':l)‘((j) be the domain
of X = (Xq),X(2), ..., X)) Then,

Definition 2.1.1. Every point @ = (x(1),2(2), ..., %)) € X is called a description vector.

Definition 2.1.2. Every D C X such that D = D) X Dg) X ... X D, where D(;) C &
is called a description set.

When D = Dy x D(g)X...x D, is the Cartesian product, D is called a Cartesian description
set.

When Dy;) is a singleton, i.e., D¢y = {z()} for all j = 1,2,...,p, a description vector
d = (Day,Dwy,...,Dp) = {rzm}{ze}, . . {zgp}) is called an individual description

vector.

Definition 2.1.3. Let A C D and B C D be two description sets and € X. Define a
logical dependency rule v as

v:|xe A =[x e B.



Equivalently, v is a mapping from X onto {0, 1} such that

1, fee(ANB)orx ¢ A,
v(z) =
0, otherwise.

The set of all logical dependency rules v defined on & is denoted by V.
Definition 2.1.4. The virtual description of the description vector d, vir(d), is the set of

all individual description vectors @ that satisfy all the rules v in X. That is,
vir(d) = {x € D|v(x) = 1,Yv € Vxy}.

Now that some preliminary terms have been established, the observed frequencies, the
empirical distribution functions, and some descriptive statistics can be defined. In Subsec-
tion 2.1.1 we give the definitions of these statistics for multi-valued variable. For detailed
derivations and examples, refer to Bertrand and Goupil (2000) and Billard and Diday (2006).
However, for interval-valued variable more details of these statistics will be given in Sub-
section 2.1.2. In Subsection 2.1.3, we give the empirical distribution function and some
descriptive statistics for histogram-valued variabel without derivation. Derivation of the dis-
tribution function and descriptive statistics for this type of variable can be generalized from
the interval-valued case; therefore, they are not presented in this dissertation. Again, to learn

more, see Bertrand and Goupil (2000) and Billard and Diday (2006).

2.1.1 MULTI-VALUED DATA

Given a random sample X, for i = 1,2,...,n, let the j* variable, X(j), be a multi-valued
random variable and &(;;) be a realization of X;;. Let W be a value in X ;). Then, the observed

frequency of W taking value & € §;; is given by

T € vir Ty =§
ZH € ‘W Iﬁ H

where |A| is the number of elements belonging to set A. Hence, the empirical distribution

function of W is

= % > Ow(&) (2.1)

Ep<§
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where n’ = n — ny and ng is the number of i for which |vir(d;)| = 0. Moreover, if W is
quantitative, the symbolic sample mean and the symbolic sample variance can be derived
using the empirical distribution function in Equation (2.1). Let W and S? be the sample

mean and the sample variance of W. Then, they are given by, respectively,

W

> &O0w(&)

1
n
SkEX()

and

=1 3 (G W)ow(&)

ELEX()

2.1.2 INTERVAL-VALUED DATA

Since Chapter 3 of this dissertation focuses on principal component analysis for interval-
valued data, more detailed information is given for the statistics of this type of variables. We
will show some derivations of the empirical distribution function, the mean, and the variance-
covariance for interval-valued variable in this subsection. Again, let X ;.72 = 1,...,n, be a
random sample. Let the j** variable, X (j), be an interval-valued variable. Then, a realization
&;; of X;; takes an interval of values [a;j, b;;] where a;; < b;;. Let W be a point in X(;). Assume
W is uniformly distributed over the interval X;; = [a;j, b;;] for all individual description

vectors & € vir(d;). Then, for each &,

07 5 < Aij,
P{W S §|m S U’L?"(dz)} = bfi_a;‘{ja Qg5 S 5 < bl])
1, bij <¢&.

Furthermore, assume each object is equally likely to be observed with probability 1/n, then

the empirical distribution function of W is,

Fin(e) = %ZP{W < o € vir(dy)}

—_

- Uy <bf‘&>+|<¢|§2bm>|

ety "
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Differentiating Fy (§) with respect to £ produces the empirical density of W,

1 1
fw(&) =~ > —0
1:6€&5;5 v &

). (2.2)

Bertrand and Goupil (2000) further defines the symbolic sample mean and symbolic sample

variance of W as,
n

- 1
i=1

and
2

(2.4)

1 < 1|
§? = I > (af + agby + b)) — e [Z (aj + i)
=1

=1

These two statistics are due to the following as shown in Bertrand and Goupil (2000) and
Billard and Diday (2006). First, the symbolic sample mean based on the empirical density

function in Equation (2.2) is,

Wo— / T ef(e)oe
1 n

1 o0
- ﬁ Zl |:bij — Q45 /—oo 585}

iy (oets)]

2n i bz’j — Q4
1 n

= 5, 2 by +ay).
i=1

Then, the symbolic sample variance can be written as,

§ = /OO (6~ WY(E)0¢

[e.9]

_ / e
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Now,
Terne = 1yt | o
oo n<= by —a; ) o
1 & { 1 b
- w2 |Goe)
3n p bij — CL” J
1 & 1 ,
= 5 7 bi'5_ i'3
Y (G )]
1 - 2 2
= 3n ’- (aij + aijbi; + bij)'
Therefore,
n n 2
2 1 2 2 1
ST = g ) (ai by +0) = g > (ai; +by)
i1 i=1

Now, extend Equation (2.4) to the bivariate case. Let S;; be the covariance for ;) and
Wy where W(;) is a point in X(;) and W, is a point in X for j,7" = 1,2,...,p. The
empirical symbolic covariance for ;) and W{;, analogous to S? is given by
1 n
Sjjr = In Z GiiGiy[QiQiy ' (2.5)
i=1
where,
Qi = (ay; — W) + (ai; — Wiy)(biy — Weyy) + (b — Wip)?,
—1, WZ < W ,
Gy = ’ J ' ()
L Wi > W),
and Wi; = (a;; + bi;)/2; see Billard (2007).

To verify that S;; = S? when j = j, let us look at

1 &
Sjj — %ZGUGU[QUQU]I/Q
=1

1 n

1 < - _ - -
= 3 [(ai; — W) + (ai; — W) (b — Wig)) + (b — Wip)?).
=1
_ 1 - 2 b b? WZ
=~ 3, [ai; + aijbi; + 0] — Wi

i=1
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which equals the S? in Equation (2.4).
Billard (2007) shows that the total sum of squares of interval-valued observartions X
for: = 1,...,n can be decomposed into the sum of the internal variation and the external

variation called the within sum of squares and the between sum of squares, respectively.

Formally,
nS? = SST = SSB + SSW (2.6)
where
SSB=> (Wi — W) (2.7)
=1
and
1 ¢ _ _ _ _
SSW = ¢ D llasy = Wig)® + (ay; — W) (biy — W) + (b — Wiy)?), (2.8)

This result is consistent with the assumption that for each observation X;, W;; is uniformly

distributed in the interval [aij, le] That iS, for Wz‘j ~ U((lw’, bij)7

bij — aij)’

Var(Ww,) — 0 = %i)" (2.9)
12

With n observations X;,7 = 1,...,n, the total variance is the sum of n variances defined in

Equation (2.9)
Analogously, when j # j’ the total sum of products (SPT') is the sum of the internal and

the external sum of products, respectively (SPW) and (SPB), is given by,

nSjj’ = SP]}j’ = SPBjj/ + SPWjj/ (210)
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where i
SPBjy =Y (Wi; — W) (Wi — W) (2.11)
=1
and :
SPW;jr = 1—12 > (ai; — bij) (g — big). (2.12)
=1

It is worth noting that Equations (2.6) and (2.10) can be extended to numerically modal-
valued data such as histogram-valued data or data with non-uniform internal distribution. In
these cases, the formula for the SSB and the SPB as defined in Equations (2.7) and (2.11)
remain the same. However, the SSTW and SPW vary depending on the internal distribution

of the data. This presents a potential direction for future research.

2.1.3 HISTOGRAM-VALUED DATA

Let X;,i = 1,...,n, be a random sample. Let the j** variable, X(j), be a histogram-valued
variable. Let &; be a realization of X,;. Then, §;; takes a histogram of values, i.e.,

§ij = {[az‘lja b'}j)Jpzlj; [a?ja b?j)7p12j; cee [af;ja bf}j],pf}j} ) (2.13)
where [a};, b;) is called the I subinterval of &; and pi; is the relative frequency associated
with the [ subinterval. Let s;; denote the number of subintervals in histogram &;;. Then,
al, < b forall 1 =1,2,... 55 and > " pl; = 1.

Billard and Diday (2003) extends the empirical distribution function derived by Bertrand
and Goupil (2000) for interval-valued data to a distribution function for histogram-valued

data. Based on the assumption that all values within each subinterval [al;, b},) are uniformly

distributed, Billard and Diday (2003) defines the distribution of a point W within subinterval

lal;, bl)] as,

07 §< aﬁja

—at.
P{Wl < §|$ S UZT(dz)} = H, af;j <¢E< bé]ﬁ

ij iJ

[
17 bij S é
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Billard and Diday (2003) further proposes an empirical distribution function for a random
variable W of X(;) in a similar manner to the empirical distribution function of an interval-
valued variable as described in Subsection 2.1.2. The empirical distribution function of W is

given by

n

Fu(@)=—3" ijf_ 34 (2.14)

=1 \lgeg, ” >0l

where & = [al;, bl;). Taking the derivative of Fy in Equation (2.14) with respect to & gives

the following empirical density function of W,

Z > pl] —a»» . (2.15)

i=1 lgegl v

The symbolic sample mean and the symbolic sample variance derived from the density

function defined in Equation (2.15) are, respectively,

W= ZZp”a +0L)) (2.16)
i=1 [=1
and
2

(2.17)

to LSS+ ——[zzpwaw

=1 [=1 =1 [=1

Billard and Diday (2006) extends the variance in Equation (2.17) to the bivariate case.
Let Sj; be the covariance of W, in X(;) and W(;y in X where j,j" = 1,2,...,p. The

empirical symbolic covariance for ;) and W, analogous to S? of Equation (2.17) is given

by
Sijr = %i GiiGijr ZJUZ1 zj 1] QUQ;/]W (2.18)
where
Q= (agy = Wiy)* + (af = Wip)) (b5 = Wip)) + (85 = W)™,
—1, Wy < W),
"o L, Wi > W,

and I/T/ij = 22;”—1 ’L](a +b )
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2.2 PRINCIPAL COMPONENT ANALYSIS

Principal component analysis (PCA) is a popular multivariate method in classical data
analysis. A PCA computes uncorrelated linear combinations of the original variables so that
the first linear combination has the largest variance, the second linear combination has the
second largest variance, and so on. These linear combinations are called the principal com-
ponents. Situations where PCA is most applicable include problems with high dimensional
data and problems with highly correlated data. Suppose a dataset has p variables where p is
very large. Then, the principal components can be computed and the first & (< p) principal
components which contain most of the variation from the original variables are selected for
further analysis. Then, analysis can be performed on these components without much loss of
information. In this situation, PCA reduces the dimension of the data, hence reducing the
computing power required to solve the problem. In another situation where correlation exists
among the variables, PCA creates uncorrelated variables, hence eliminates the problem of
collinearity. A PCA is typically used as an exploratory tool. After the principal components
are computed, analysis and interpretation can then be performed on the principal compo-
nents instead of the original variables. Due to its wide applicability, theories of PCA are well
developed. Most textbooks in multivariate methods include a chapter on PCA, for example
Anderson (2002), Mardia et al. (1979), Johnson and Wichern (2002). Jolliffe (2004) is a full
text dedicated to principal component analysis.

Let X = (X, X(2),-..,X(p)) be a p-variate random variable from a distribution with
mean p = (1), I4(2), ---» l(p)) and variance-covariance ¥ = [o;;] for j,j' = 1,2,...,p. The
first principal component is the linear combination Y(;) of X such that Y(;) = o} X has
the largest variance under the constraint that ajo; = 1. The a; that maximizes Var(Y())

under these conditions can be found using a Lagrange multiplier as follows. Since Var(Y(y)) =
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Var(a) X) = o Xay, let
Cbl = VCLT(Yv(l)) — )\(a’lal — 1)
= ajYa; — MNaja; —1).

Differentiate ¢ with respect to a; and set the derivative equal to zero,

o0

aal = 2(2011 — )\al) = 0.

Hence,
(X —-M)ay; =0. (2.19)
Then, take the derivative of ¢; with respect to A and set this derivative to zero,

9,
% = (aja; — 1).

This gives

aja; = 1. (2.20)

The A and « that satisfy both Equations (2.19) and (2.20) are an eigenvalue-eigenvector

pair of 3. Moreover, since
Var(Yn) = oiXay = aj oy = Aajag = A

and Y{1) has the largest variance, then A = A; where A; is the largest eigenvalue of 3 and
o the eigenvector corresponding to A;. Therefore, the first principal component is a linear
combination of X whose coefficients are the elements of the eigenvector corresponding to
the largest eigenvalue of 3.

The second principal component is a linear combination Y() = a5 X with the constraint
a0 = 1. Moreover, Y{9) has the second largest variance and it is uncorrelated to Y{y), i.e.,
the covariance, Cov(Y(1),Y(2)) = 0. Again, a Lagrange multiplier is used to find ar,. Since

Var(Ys)) = aj¥ay, and

Cov(Y1), Yp)) = a1 o = asXoa; = Miahoq = Majas =0, (2.21)
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¢2 = VCLT(YV(Q)) — /\(a’2a2 — ].) — (5()\1@2)/01

= ayYas — ANahay —1) — (M) ay. (2.22)

Differentiate ¢o of Equation (2.22)with respect to a and set it equal to zero,

s

aaz = 2(2(12 — )\ag) — 5)\1()51 = 0. (223)

Multiplying the left hand side of Equation (2.23) by a; and then using Equation (2.21), we

obtain
20 (Tay — Aag) — S\ ajag = 0\ = 0.
Since A; # 0, § = 0. Hence, Equation (2.23) becomes
Yoy — Aoy = 0.

Similar to the solution for the first principal component, a; is the eigenvector corresponding
to the second largest eigenvalue, Ao. That is, the second principal component, Y(y), is a linear
combination of X whose coefficients are the elements of the eigenvector corresponding to
the second largest eigenvalue of 3. The rest of the principal components are found the same

way. More formally, the k** principal component is the linear combination
Yoy = g X

where a, is the eigenvector corresponding to the k™" eigenvalue of ¥ and Cov(Yiy, Yury) =0
for k # K.

Vector «, is the vector of coefficients of principal component Y{;). The magnitude of
element j of ay, denoted by ajy, indicates the significance of variable X(;) to principal
component Y. Coefficient ayy, is also proportional to the correlation between X(;) and Y{y).

Let px,, v, be the correlation between X ;) and Y(y). Then,

gV A
PX ¥y = — ' (2:24)

V9ij
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The correlation defined in Equation (2.24) provides another avenue to understand the con-
tribution of variable X ;) to principal component Y. Unlike o), which indicates the impor-
tance of variable X ;) to principal component Y() when other variables are included, PX ()Y
measures the importance of variable X ;) to principal component Y, individually.

In situations where it is appropriate to standardize the variance, principal components

can be found using the correlation coefficient matrix p = [p,;/] where

for j,j' = 1,2,...,p where o(;y = ,/0;;. In this case, \; > Ay > ... > A, are the eigenvalues
and o, o, . . ., o, are the eigenvectors of the correlation matrix p. The correlation measure

between X(;) and Y{) of Equation (2.24) becomes

pxm’y(k) = OV )\k (225)

because element p;; of pis one for all j =1,...,p.

When the population distribution is not known, estimates for g and 3 are used to
compute the principal components. In the sample context, let X; = (X1, Xio, ..., X;,) be
the " observation where i = 1,2,...,n and p is the number of variables. Let S be the

sample variance-covariance matrix of
X =(X1,X,,....X,).
Let
X" = (X1, X5,...,X})
be the centered data matrix where
Xi=(Xg— X1, Xio— X2, Xip — Xp)'

and
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Then, S can be computed easily as,

N e
5- S
Let Ay > Ao > ... > j\p be the eigenvalues of S and vy be the eigenvector corresponding
to A for k = 1,...,p. Then, it turns out that the coefficients vector for the k** principal
component, Y(x), based on the data matrix X is vy.

The sampling distributions of A, and vy, are difficult to derive. Anderson (1963) and
Girshick (1939) derive asymptotic results for the sampling distributions of Ay and v, under
the following assumptions: observations X;,7 = 1,...,n, is a random sample from a normal

distribution and the eigenvalues of the population covariance matrix 3 are distinct and

positive. Johnson and Wichern (1984) gives the following summary of these results:

1. Let A be the diagonal matrix of eigenvalues Aj, Aa, ..., A\, of 3; then, \/5(5\ — ) is
approximately N,(0,2A%).
2. Let
Aw) =M Z O\ _])\ )2(a(j)a,(j));
j=Lgk 9Tk

then, \/n(v ) — o) is approximately N,(0, Ay).
3. Each ) is distributed independently of the elements of the associated v (y).

Based on these results, asymptotic estimation and inference for the eigenvalues and the
eigenvectors of 3 can be performed.

Furthermore, PCA can also be computed based on the sample correlation coefficient
vector, R, as in the population case. See, e.g., Anderson(2002), Mardia et al. (1979), Wichern
and Johnson (2002), and Joliffe (2004) for details.

2.3 CURRENT PCA METHODS FOR INTERVAL-VALUED DATA

Since principal component analysis is a popular multivariate method, naturally it is necessary

to extend PCA to application of symbolic data. Some extensions of PCA to interval-valued
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data currently found in the literature include the centers and the vertices method (Cazes et
al. (1997), Chouakria et al. (2000), and most extensively, Billard et al. (2007)); the symbolic
object approach by Lauro and Palumbo (2000), the midpoints and radii method by Palumbo
and Lauro (2003), and the interval algebra approach by Gioia and Lauro (2006).

Before presenting these methods, let us define an interval-valued data matrix. Let X be

an n X p data matrix. Then,

Su &2 - &y
x - | ) (2.26)
i gnl €n2 s gnp ]
If X is an interval-valued data matrix, then X of Equation (2.26) has the following form,
[an, bn] [CL12, 512] ce [alpa blp]
X - [a21, 1721] [a227 522] . [a2p7 pr] (2.27)
L [anh bnl] [an27 bn2] ce [anp7 bnp] ]

where a;; < b;; foralli=1,2,...,nand j =1,2,...,p.

2.3.1 CENTERS METHOD

Let the matrix of centers corresponding to the data matrix defined in Equation (2.27) be

X Xip ... Xj,
X5 XS ... XS
xXe=| " 7% 2 (2.28)
X Xoo o X5,
where
c Q4 + bl
Xl.j = % (2.29)

Note that for ¢ = 1,...,n and for j = 1,...,p, Xj; is a single point. Therefore, the matrix

of centers in Equation (2.28) is a classical data matrix.
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In this approach, classical PCA is performed on the centers matrix X°. The resultant
kt" centers principal component is
o =xWi
where v§ is the eigenvector corresponding to the k™ eigenvalue of the classical sample
variance-covariance matrix of X¢ of Equation (2.28). For observation i = 1,2,...,n, the
k™ interval-valued principal component is reconstructed as follows. Let Y = [yl2, y;7] be

the interval-valued principal component. Then, its lower and upper endpoints are formed by

=Y (b — Xpvi; + > (ai; — X))vi

jeJe jeJd
y =) (ay — Xgyvs + > (b — X))k
jeJs jeJs

where J = {j|vg; <0} and J = {j|vf; > 0}.

2.3.2 VERTICES METHOD

Before principal component analysis is performed in this method, the data matrix X is
first transformed into a matrix of vertices X". Again, let X be the data matrix defined in

Equation (2.27). Then, for i =1,2,...,n,
X; = ([aila bu], [%‘2, biQ]y cee [aipa bip])-

Define the matrix of vertices for observation 7 as,

[ a1 Qg ... Qp ]
a1 Qg ... by
Xi=1: i 1| (2.30)
bii bia ... ap
| bin bin .o iy |

Again, note that each element of X is a single point, i.e., X is a classical matrix. For each

p-variate observation X;, X is a (2" x p) matrix where m; is the number of variables in
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observation ¢ such that

a;j 7 bjj.
Each row of X represents the coordinate of a vertex of the hyper-rectangle formed by
observation i in a p-dimensional space. An interval [a;;, b;;] is said to be trivial if it reduces
to a single point a;; = b;;. Thus, if [a;;, b;;] is trivial for all j = 1,2,...,p, then X =
lai1, @iz, . . ., a;] reduces to one single point in a p-dimensional space which is a classical data
point.

The matrix of vertices for the full dataset X is

11 A2 ... Qip
bll b12 c. blp
Q21 Qg2 ... Q2p
XV = : (2.31)
621 b22 . b2p
Gp1 Qp2 ... Gpp
P

If m; = p for all i, X" has dimension n2?P x p.
Next, classical PCA is performed on X" of Equation (2.31). The k' principal component
of X" is
Y, =X"v]
where v¥ is the eigenvector corresponding to the k' eigenvalue of the sample variance-
covariance matrix of X". The k™ interval-valued principal component for observation i

based on this method is Y2 = [y, ;7] where

Yir = minger, (Y} (2.32)

Yk = matner {yy} (2.33)
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where L; is the set of rows in X" that belongs to observation i. That is, for N; = 2™

i—1 i—1 i—1
Li_{ Nm+1,ZNm+2,...,ZNm+Ni}. (2.34)

Equivalently, Equation (2.32) and Equation (2.33) can be computed by

v = (b — X{vi + Y (a; — X{))wi

jedy =08
vt = Y (ay = X+ Y (b — X))
JE€Ty jet

where X (”j)

See Billard et al. (2007) for details and examples. For each observation ¢ = 1,2,...,n, the

is the mean of the j* column of X", J = {ilvg; <0}, and Jf = {j|vg; > 0}.

interval [y, 7] includes all possible values of X; transformed by v¥. Moreover, for k, k' =
1,2,...,p and k # k', the rectangle formed by two interval-valued principal components
[yle yil] and [y, yib] is called the mazimum covering area rectangle (MCAR). This method

treats all vertices as independent observations.

2.3.3 SO-PCA: A MIXED STRATEGY

Lauro and Palumbo (2000) proposes a multiple stage approach based on 2 separate proce-
dures, the symbolic-object PCA and the range-transformation PCA. A review of symbolic-

object and range-transformation PCA methods follows.

1. Symbolic-object PCA (SO-PCA)
The SO-PCA modifies the vertices method by introducing a boolean matrix A of
dimension n2P x n where the ¢'* element of the column vector A; indicates if the ¢'*

vertex of X" as defined in Equation (2.31) belongs to the i’ observation. That is,

17 q € Liu
Let Z" be the standardized version of X". In this method, the vector of coefficients

vy, for the k™ principal component Y} is the eigenvector corresponding to the k"
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eigenvalue of the matrix

1
—Z"A(A'A)TA' ZY.
77 A(AA)

The interval-valued principal component [y}, %] is formed in a similar manner to its

counterpart in the vertices method, i.e., Equations (2.32) and (2.33), respectively.

2. Range transformation method (RT-PCA)
The second procedure proposed by Lauro and Palumbo (2000) uses only the range of
the data intervals. This is the same as translating the observed hyper-rectangles so
that the vertices closest to the origin are aligned at the origin. This method is used
mainly to analyze the size and shape of the interval-valued observations. Let X be
the p-variate vector whose elements represent the ranges of the i*" observation. That
is,

XE = (X;f,X;;,...,X;;)

= ((bir — an), (bia — ai2), .. ., (bip — Gip)). (2.35)

The range matrix of the full dataset is X% = (X X% ... X&) Classical PCA is
then performed on X%. For ease of reference later, call the k™ principal component
of X® T. If only the size and shape of the observed data are of interest, range
transformation PCA can be used alone. Otherwise, it can be coupled with SO-PCA to

form a multi-steps process as described in Lauro and Palumbo (2000).
The mixed strategy is based on three steps:

1. Perform RT-PCA on the data matrix X to extract the principal components matrix

T,
2. Transform Z° into Z = A(A’A)*A'Z", and
3. Perform classical PCA on PTZ where Pr is a projection matrix of T'.

The results of this method depend on the choice of Pr. The projection Pr is chosen to reflect

the importance of size and shape of the observed hyper-rectangles.
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2.3.4 MIDPOINTS AND RADII METHOD

Another extension of PCA to interval-valued data was proposed by Palumbo and Lauro
(2003) which uses the centers and radii of the observed data. The idea for this method is
based on interval algebra. A brief introduction of interval algebra follows. To learn more
about interval algebra, see Moore (1966), Alefeld and Herzberger (1983), Neumaier (1990),

and Kearfott and Kreinovich (1996). Let [a, b] be an interval of real values, i.e.,
[a,b] = {z|a < x < b}.

The arithmetic operations on [a, b] are defined as follows:

la,b] + [c,d] = [a+c,b+d],
[a,b] — [c,d] = [a—d,b—],
[a,b] X [¢,d] = [min(ac,ad,bec,bd), maz(ac,ad,be,bd)],

and finally, if ¢ = d # 0 then the ratio of [a, b] and [c, d] is defined as

11
bl = |c,d| = b - =1
il fed) = fat x| 7]
Now, the mean interval X (Ij) of the j** variable is defined as
X1 = li[a.. bij]
). ij> Vi
i=1

and the distance between X;; and X;/; for 7,7’ =1,2,...,n, is defined as
d(Xij, Xirg) = | X§; — Xioj| + 1 X — X,

where the midpoint X{; is as defined in Equation (2.29) and the radius X[, = 3(by; — a;;).

Note that X7, = 1X/* where X[ is defined in Equation (2.35). The variance of X;) is
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subsequently defined as

2
oy = —Z (X, X0)]

= ‘Z X())" + 21X5; — X0 1X7; — Xl + (X5 — X()]
]' - c ve \2 2 - c v e r Va ]' - r vro\2
= =D (XG5 = X507+ - D IXG - XGIXG - X3l + - D (X5 - X))
=1 =1 =1
= (o(y)* + 200 + (o) (2.36)

C

where ((f(j))2 is the sample variance of the midpoints, (a(j))2 is the sample variance of the
radii, and oi 1s called the inter-connection between the midpoints and radii. Compared
to the symbolic variance defined in Equation (2.4) and Equation (2.6), (a(cj))2 equals to
the variance between variables, SSB/n. Thus, comparing the symbolic variance S? to J(Qj) is
equivalent to comparing SSW/n to [(0’6)>2+20'(C;)]. The relation between these two quantities
depends on the data. The inter-connection, a( . is always positive unless X ) and X7 (j) are
uncorrelated. In the event they are uncorrelated then, S? > 0(2].) if the average variance
within the ranges is larger than the variation between the ranges, i.e., if the data consist of

wide intervals of approximately the same size. Otherwise, S? < a Generahzmg Equation

(2.36) to define the variance-covariance matrix V' for the interval-valued data matrix X as,
1 Cc *C 1 *7 *7 1 *C *kT *kT *kC
Vo= (X)X 4 (X (X)) A {(X) (X () (X))
— VC + V’V‘ _|_ 2VCT’

where the element of X *is X*7; = (X7, ij)) and the element of X™*" is X}, = (X;'"j—)?(rj)).

Hence, the correlation matrix R is

R = (29(2)+(2")(2") +(2(2")| + (2")(2°)|
= R°+R +2R”

Xxe—Xe. Xr—X7. .
where the elements of Z° and Z" are Zf; = (JU(—“)) and Z]; = M, respectively.

) 93

To understand the positions or the shapes and sizes of the data independently, partial

PCA can be performed on the midpoints matrix X° or the radii matrix X", respectively.
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Let (A{,v§) be the k' eigenvalue-eigenvector pair of R® and similarly (\;, %) be the k™"
eigenvalue-eigenvector pair of R". Then, the k" principal component of the i** observation

for the midpoints and the radii are, respectively,
yzck: - Z?Vza
Yir = ZiV}-

However, to account for all three components of the variance structure in Equation (2.36),
Palumbo and Lauro (2003) proposes constructing the interval-valued principal components
by superimposing the principal components of the radii on the principal components of
the midpoints and then rotating the radii proportionally to the inter-connection, o0 The
authors suggested Procrustes rotation (Gower (1975)) be used to maximize the connection
between the midpoints and radii. The rotation is defined by a rotation matrix A that mini-

mizes the trace,

trace ((X**— X*"A)(X* — X*"A)). (2.37)

Since Equation (2.37) equals to
(X0 (X)) +tr ((X)(X)) 207 (XY X7 A).
this is equivalent to finding A that maximizes
trace ((X*)' X*"A). (2.38)

Mardia et al. (1979) shows that the solution to Equation (2.38) is A = QP’ where Q and

P are the solution to the singular value decomposition
(X*c)lx*r — PACTQ.
As a result, the rotated radii are then

cr *xT T
Vi = X*via;
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where a; is the " vector of A. The k' interval-valued principal component for the i

observation obtained by this method is
lo , u c cr ¢ cr
Wik Yir | = ik — Vit Y + Yik |-

Although this PCA approach to interval-valued data accounts for all the variability in the
data, the interval arithmetic used in this method only works for very narrow intervals. This

poses a limitation on the applicability of this method.

2.3.5 INTERVAL-ALGEBRA METHOD

Another approach using interval algebra was proposed by Gioia and Lauro (2006). This
method is referred to as interval principal component analysis (IPCA). Given a data matrix
X as defined in Equation (2.26), the problem of finding the principal components of X as
seen in Section 2.2 is reduced to finding the eigen system of the sample variance-covariance
matrix S. This method uses the sample interval-valued variance-covariance matrix defined

as
S'=(zZ"(z" ={UW|U ¢ (Z"),W € Z"}

where Z7 is the standardized version of X. The k' interval eigenvalue and eigenvector of
ST are

M= {)\Sv =\, VS € ST},

vi = {v|Sv=\,VS eS8
More explicitly, AL is the set of all k' eigenvalues of all matrices S € 8’ and v} is the set of
all eigenvectors corresponding to Af. As a consequence of the interval solutions, the principal

components computed by this method are much larger than appropriate. Gioia and Lauro

(2006) also proposes a fix for this problem by including only the eigen solutions to

I'={2'2\Z ¢ (Z")}
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instead of S7. Since T'Y C 87, the resulting interval-valued principal components will be
narrower. However, similar to the midpoints-radii approach, the interval solutions only work
with small intervals whose ratio between radius and coordinate of the center is approximately

2-3%. Therefore, the applicability of this method is also very limited.
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CHAPTER 3

PRrRINCIPAL COMPONENT ANALYSIS FOR INTERVAL-VALUED DATA

Section 2.3 of Chapter 2 describes five extensions of classical principal component analysis
(PCA) to interval-valued data. However, all methods proposed up to this point have draw-
backs. The centers, the vertices, and the symbolic object methods only account for part of the
variance of interval-valued observations whereas the midpoints-radii and the interval algebra
methods only work for very narrow intervals. In this chapter, we propose a method of PCA
that takes into account the total variance of interval-valued observations, and that works for
intervals of all sizes. We also propose a method to construct interval-valued observations in
the principal components space to reflect their true internal structure.

In classical PCA, an observation remains a point in a principal components space. From
Section 2.2, the k' principal component for observation i is simply the inner product of
the vector of coefficients for the k' principal component and the data vector representing
observation i. However, a symbolic observation has an internal structure that does not exist
in classical data. The internal structure of a symbolic observation depends on its data type.
For example, a p-variate interval-valued observation is represented by a hyper-rectangle in
a p-dimensional space. The shape of a hyper-rectangle in a principal components space
may be different from its original shape in the sample space. Therefore, an interval-valued
observation must be reconstructed in a principal components space to reflect its internal
structure. Concepts of the proposed method are described in Section 3.2. A detailed algorithm
to compute the coefficients as well as the principal components is presented in Section 3.3.

Two applications using real datasets illustrate our method in Section 3.4.

33
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3.1 PRELIMINARIES

Section 2.1.2 describes an interval-valued variable and gives the derivation of its mean and
its variance-covariance. Some notation and results of interval-valued variable necessary for
the development of our proposed method are restated in this section without further details.
Refer to Section 2.1.2 for more information. For an even more extensive treatment of interval-
valued data, refer to Bertrand and Goupil (2000) and Billard and Diday (2003, 2006).

An interval-valued data matrix as defined in Equation (2.27) has the following form,

la11, bu1]  [a12,b12] .. [a1p7 b1p]
X — [a21,021]  [ag2,b2] ... [agy, by
L [anh bnl] [an27 an] cee [an;m bnp] ]
where a;; < b;; forall e =1,2,...,nand j = 1,2,...,p. The empirical density function of a

point W € &;; = [aij, b;;| given in Equation (2.2) is

1 1
fw (&) =~ > (—0
icet; 0 M

).

The symbolic sample mean and the symbolic sample variance of variable W as defined in

Equations (2.3) and (2.4) are, respectively,

n

- 1
W=o- ) (aij+bi)

i=1

and
2

1 n 1 n
2 2 2
=< D (af + aigbiy + b)) — yP [Z aj + b

=1 i=1

By extending Equation (2.4) to the bivariate case, the empirical symbolic covariance for W/,

in Xy and W,y in X(jy where j,j' = 1,2,...,p is given in Equation (2.5) as

1 n
Sir = 3 Y GGy Qi Qiy ]
=1
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where

Qi = (ay = W)+ (ai; — Wiy) (b — W) + (b — Wi)?,
—1, Wy < W),
Gy = ’ J ’ ()
1, Wij > W(j),
and W; = (ay; + bi;) /2. The sample symbolic variance-covariance resulting from S? and S;;

for j,7'=1,2,...,p as defined in Equations (2.4) and (2.5) is,

Sll 512 Slp
g_ | S 52 Sy )
| S S Sy

Billard (2007) shows that the total sum of squares of an interval-valued data matrix X
can be decomposed into the sum of the internal variation and the external variation called

the between sum of squares in Equation (2.7) and the within sum of squares in Equation
(2.8). Formally,

nS? = SST = SSB + SSW

When j # j' the total sum of products is the sum of the internal and the external sum of

products and is given by,
nSjj/ = SPJ}']'/ = SPBjj/ + SPWjj/

where SPB;; is defined in Equation (2.11) and SPW;; is defined in Equation (2.12).
Moreover, given an interval-valued data matrix X of Equation (2.27), X can be expressed
in terms of its vertices as a matrix of vertices X" defined in Equation (2.31). That is, for
i=1,2,...,n, the matrix of vertices for observation i is the (2™ x p) matrix X of Equation
(2.30) where m; is the number of variables in observation i such that a;; # b;;. Each row
of X represents the coordinate of a vertex of the hyper-rectangle formed by observation ¢

in the p-dimensional sample space. An interval [a;;, b;;] is said to be trivial if it reduces to
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a single point a;; = b;;. Therefore, if [a;;, b;;] is nontrivial for all j = 1,2,...,p, then X7

consists of 2P rows and it is given by,

[ Qi1 Q2 Qip ]
a1 Q2 bzp
XV = (3.2)
bii  bio Qip
i bii bia ... by |

If, for example, the interval [a;,, b;,| is trivial, then the last two lines of X7 in Equation (3.2)
reduce to one line only. If [a;;, b;;] is trivial for all j =1,2,...,p, then X = [a;1, a2, - . . , asp]
reduces to one single point in a p-dimensional space which is a classical data point.

The matrix of vertices for the full dataset X is defined in Equation (2.31) as

11 a2 ... Qip

b11 b12 . blp

Q21 Ag2 ... Q2p
X' =

b21 b22 ce bgp

Qp1 Qp2 ... Gpp

bnl bn2 bnp

3.2 METHODOLOGY

This section lays the foundation for our proposed PCA method for interval-valued obser-
vations. It explains the theoretical framework upon which our proposed method is built.

Detailed descriptions to construct the principal components based on this framework are
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given in Section 3.3 along with the algorithm. This section is divided into two subsections.
The first, Subsection 3.2.1, describes our approach to finding coefficients for the principal
components of an interval-valued dataset. The second, Subsection 3.2.2, explores the struc-
ture of interval-valued observations in a principal components space and provides the the-
oretical basis for our proposed construction of interval-valued observations in the principal
components space. In this subsection, we further propose two representations of the principal

components for this type of data.

3.2.1 FINDING THE COEFFICIENTS

Let X represent the data matrix defined in Equation (2.27). Based on the classical PCA
methodology reviewed in Section 2.2, the coefficients of the uncorrelated linear combina-
tions of X with maximum variances are the eigenvectors of the sample symbolic variance-
covariance matrix. For an interval-valued data matrix X, the sample variance-covariance
is the matrix S of Equation (3.1). Let A$ > A\§ > ... > 5\5 be the eigenvalues of S and

vivy, ..., 1/5 be their corresponding eigenvectors. By analogy, the vector of coefficients,

also called the loadings, for the k' principal component of X is v3.
Analogous to the classical PCA, the magnitude of the j element of v¥, denoted by ka,

indicates the contribution of variable X(; to the principal component Y(;). The measure of

correlation between an individual X ;) and Y{;) is given by

PX Yy — —ij Ag (3 3)
(')7 ( ) : :
e \/ Sj i

MOYGOVGI’, assuime XZ,Z = 1, e,y is a random sample and n is large. Let LLQ) be a

point from X; for j = 1,2,... p. In addition, assume W = (W), Wia),..., W(y) is from
a normal population and the eigenvalues of the population covariance matrix ¥ are distinct
and positive. Then, the asymtotic results regarding M, and vy, stated in Section 2.2 carry

through for ;\f and v{ forall k=1,2,...,p.
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In situations where PCA based on the sample correlation is more appropriate, coefficients

for the k' principal component of X are then the eigenvector corresponding to the k"
eigenvalue of the sample correlation matrix R. The jj' element of R, denoted by p;;:, is
b — St

i = :

VS5 Sy

Measures of contribution for the principal components based on the correlation matrix mirror

(3.4)

the results for the principal components based on the sample covariance matrix.

3.2.2 (CONSTRUCTING THE PRINCIPAL COMPONENTS

Having determined the coefficients of the principal components, we next reconstruct the
observations in the symbolic principal components space. This section is divided into two
parts. In the first part, we discuss the structure of an interval-valued observation in a principal
components space and propose a geometric representation of the observations in this space.
This representation can be used for visualization and data exploration. Since it is not possible
at the present time to perform statistical analysis of geometric objects, we propose another
representation which gives the principal components numerical values for further analysis.
In part two, we propose a method to construct histogram-valued principal components.
Again, this section only provides the concept of our proposal. Details of the construction are
presented in Section 3.3 along with the algorithm.

In current approaches to PCA for interval-valued data, a principal component for obser-
vation ¢ is constructed as an interval formed by the minimum and the maximum transformed
values of all vertices belonging to observation . Interval-valued representation of the principal
components presents two drawbacks which are explained in the following paragraphs.

First, in a plot of principal component k; versus principal component ks (PCk; x PCky),
an observation is visually represented by a rectangle bounded by the lower and the upper
endpoints of PCk; and the lower and the upper endpoints of PCky where the lower (upper)
endpoint is the minimum (maximum) PCk; and PCk,y, respectively, values of all vertices

belonging to that observation. This rectangle is called the maximum covering area rectangle
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(MCAR). This rectangle covers an area larger than the projection of observation i onto the
PCk; x PCky plane. When all observations are included in a PCk; x PCky plot, overage
from these rectangles creates unnecessary overlap among observations. As a result, it can be
difficult to visually distinguish clusters of observations.

Secondly, an assumption for interval-valued data is that all values between the interval
endpoints are uniformly distributed. However, values of the principal component for an
observation are not necessarily uniformly distributed between the minimum and maximum
transformed values. Uniformity only occurs as a special case when at least one of the principal
components is completely correlated with a variable in the dataset. A principal component
interval may not reflect the true distribution of values within the principal component.
Therefore, when interval-valued principal components are used for further analysis, use of
the lower and upper endpoints may lead to a wrong conclusion about the data.

In this section, we propose representations of principal components which are an improve-
ment over the interval-valued principal components constructed in the centers and vertices
methods proposed by Cazes et al. (1997) and Chouakria et al. (2000). First, we propose
constructing the true structure of the observations in a principal components space. The
geometric representation of the observations resulting from their true structure do not pro-
duce overlaps which do not exist in the observations. As a result, observations that belong
to different groups can be visually identified more easily. Secondly, we propose constructing
histograms as another representation of the principal components. Values within a principal
component are not necessarily uniformly distributed. Unlike an interval-valued variable, a
histogram-valued variable allows variability in the relative frequencies of values within the
histogram endpoints. Therefore, a histogram-valued principal component can be constructed
to reflect most of the internal variation of an observation in a principal components space.
Hence, results from statistical analysis using histogram-valued principal components reflect
most of the internal structure of interval-valued data. Details of the proposed methods are

given below.
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GEOMETRIC REPRESENTATION OF INTERVAL-VALUED OBSERVATIONS IN A PRINCIPAL

COMPONENTS SPACE

In the original sample space, an interval-valued observation is represented by a hyper-
rectangle which is a convex hull of its vertices. Let H; denote the hyper-rectangle representing
observation ¢ in the sample space. Before describing the structure of the linearly transformed
H; in a principal components space, it is necessary to define some geometric terms which

will be used in the remainder of this section. Ziegler (1995) gives the following definitions.

Definition 3.2.1. A point set X C R? is convex if, with any two points x,y € K, it also

contains the straight line segment [z, y] = {ax + (1 — a)y|0 < o < 1} between them.

Definition 3.2.2. For any K C R?, the smallest convex set containing K, called the convez

hull of K, can be constructed as the intersection of all convex sets that contain K:
conv(K) := ﬂ{K' C RYK C K', K’ convex}.

Equivalently, H; is also called a polytope in R®. There are two mathematically equivalent

definitions of polytope and they are stated in the following.

Definition 3.2.3. A V-polytope is a convex hull of a finite set of points in some R

An H-polyhedron is an intersection of finitely many closed halfspaces in some RY. An
‘H-polytope is an H-polyhedron that is bounded in the sense that it does not contain a ray
{x + ty|t > 0} for any y # 0 where a ray is a line originated at one point and extended
infinitely in one direction.

A polytope is a point set P C R? which can be presented either as a V-polytope or as an

‘H-polytope.

For a proof of the equivalence between a V-polytope and a H-polytope, refer to Ziegler
(1995).
With a formal definition of a convex set, we can now state and prove the following

theorem.
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Theorem 3.2.4. A linear transformation of a convex set is conver.

Proof. Let P; C R® be a convex set. Let T : R — R’ be a linear transformation. Let
P. =T(P;) be the image set of Py, i.e., P. = {B|8 = T(b) Vb € P,;}. Let 3, and 3, be two
points in P.. Then, B, = T'(by) and 3, = T'(b,) for some by, by € P,, respectively. Then, for

0<a<l,

af +(1-a)By, = aT(by)+ (1 - a)T(b,)
= T(ab; + (1 — a)by).

Since P, is a convex set and by, by € Py, then by = ab;+(1—a)b, isin P;. Hence, T'(b3) € P..

Therefore, P, is convex. [

To establish a framework for our proposed method, we need to define formally the interior

and the boundary of a convex set. Davidson and Donsig (2002) gives the following definitions.

Definition 3.2.5. The interior of a convex set K, denoted by int(K), is the largest open
set contained inside K. That is, a point a € int(K) if and only if there exist an € > 0 such
that B.(a) C K where B.(a) = {b||b — a| < €}.

The boundary of K, denoted by bd(K), is defined as the set K \ int(K) where K, the
closure of K, is the smallest closed set containing K, and where the notation A\ B is the

set of points in A not containing the points in B.

The theorem that plays the most crucial role in our proposed construction of the principal
components involves bijective linear mapping of a convex set. Davidson and Donsig (2000)

gives the following definition of a bijection.

Definition 3.2.6. A linear operator T maps a set A onto a set B or is surjective if for each
b € B there is at least one a € A such that T'(a) = b.

A linear operator T that maps a set A to a set B is one-to-one or injective if T'(a1) = T'(as)
implies that a; = a for all a;, ay € A.

A linear operator T that is both one-to-one and onto is bijective.
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Next, we need the following relationship between the interior of a convex set and its linear

transformation to prove our theorem.

Theorem 3.2.7. If K is a convez set in R® and T is a linear map from R® to RS, then

T(int(K)) = int(T(K)).
Proof. See Davidson and Donsig (2002) for a proof of this theorem. O
Using the result of Theorem 3.2.7, we can now prove the following theorem.

Theorem 3.2.8. If K is a convez set in R® and T : R* — R® is a bijective linear operator,

then T(bd(K)) = bd(T(K)).

Proof. First, we will show that T'(bd(K)) C bd(T(K)). Let b € bd(K) and let B8 = T'(b).
Then, 8 € T(bd(K))). For contradiction, assume that 8 € int(T(K)). By Theorem 3.2.7,
B € T(int(K)). That is, there must exist some by € int(K) such that 3 = T'(by). Since, T is
one-to-one, by = b but b € bd(K) so b ¢ int(K). Therefore, by contradiction 3 € bd(T(K)).
Hence,

T(bd(K)) C bd(T(K)). (3.5)

Next, we will show that bd(T'(K)) C T(bd(K)). Since T is bijective, there must exist a
bijective linear operatior T~! such that T(T~!) = T~Y(T) = I where [ is the operator that
maps an element to itself. Let 3 € bd(T(K)) and let b = T~(3), i.e., b € T~ (bd(T(K))).

Again for contradiction, assume that b € int(K). Since,
int(T"HT(K)) = T *(int(T(K))) (by Theorem 3.2.7),

b € T '(int(T(K))). That is, there must exist some 3, € int(T(K)) such that b=T"1(3,).
Since T~! is bijective, 3; = B. However, 8 € bd(T(K)) = B ¢ int(T(K)). Therefore, by
contradiction b € bd(K). Since b =T"'(8) & 3 = T(b), then 3 € T(bd(K)). Therefore,

bd(T(K)) € T(bd(K)). (3.6)



43
From Equation (3.5) and Equation (3.6), we conclude that
T(bd(K)) = bd(T(K)).
[l

Since observation ¢ in a principal components space is a linear transformation of H;
from the original sample space, let P; denote the polytope representing observation ¢ in the
principal component space. Then, P, = T'(H;). From Theorem 3.2.8, P, is bounded by the
transformed boundary of H;. The boundary of H; is formed by its vertices. Therefore, the
boundary of P; can be reconstructed from the transformed vertices of H;.

Therefore, let X of Equation (2.30) be the matrix of vertices of H; and let Y} be the

(N; x p) matrix of transformed vertices of observation i in the principal components space

which is the space spanned by eigenvectors vy, vs, ..., v,. Then,
S
Yi= (X)) (37)
is the matrix of vertices of P; where v° = [vy,v5, ..., 1/5]. Each row of X7 is the coordinate

of a vertex of the hyper-rectangle H; and each row of Y is the coordinate of a vertex
of the polytope P;. Moreover, the vertex of P; represented by row r, in matrix Y is the
transformed vertex of the vertex of H; represented by row r, in matrix X 7. That is, there
exists a one-to-one correspondence between the rows of X and the rows of Y. Hence, the
edges of P; can be reconstructed by reconnecting the rows of Y, which were connected in
X7

Note that an edge of a d-dimensional hyper-rectangle H; is a line connecting two vertices
whose coordinates have d — 1 identical elements. That is, let by = (b1, b12,...,b14) and
by = (ba1,baa,...,baq) be two vertices of H;. Then, by and by form an edge if and only if
bix # by at exactly one k for k = 1,2, ..., d. As a consequence, each vertex of H; is connected
to d other vertices.

Now we use this fact to create a matrix C; to store indices of the vertices of hyper-

rectangle H; that are connected. Matrix C; will be used to connect vertices of polytope
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P, in the algorithm of Section 3.3. Let C; be an (N; x (d + 1)) matrix where N; is the
number of vertices of hyper-rectangle H;. The first column of C; consists of numbers 1
through N; in ascending order. If we identify a vertex of H; by the row number of the row
of X} representing that vertex, then the first column of C; consists of the vertex number in
ascending order. The last d columns of C; keep indices of vertices connected to the vertices
of the first column. More specifically, row r, of the matrix C; consists of d+ 1 elements. The
first element identifies the vertex number, the 2" 374 ... (d + 1) elements are index of d
vertices connected to vertex r, of H,.

In addition, note that there are many ways to construct a matrix of vertices for an obser-
vation X;, and that C; is dependent on the construction of X ;. Without loss of generality,
assume d = p, i.e., assume H; has full dimension p. The matrix X of Equation (2.30) is
constructed by permuting the variables in ascending order starting from variable p working
back to variable 1. Since X was constructed in the same manner for all i = 1,2,...,n, C;
are identical for all 7. That is, we can write C; = C, Vi. Examples to illustrate matrix C' for
the case of p = 2 and the case of p = 3 follow.

For p = 2, let the vector of observed intervals be X; = ([a;1, bi1][ai2, bia]). If a;; < b;; for
all j = 1,2, then the rectangle H; representing X; has four vertices. The matrix of vertices

based on Equation (2.30) is

a;1 442
a; bl
xv=| =" (3.8)
bii  a;
bzl bi2

Therefore, Vertex 1 has coordinate (a;1,a;2), Vertex 2 has coordinate (a;1,b;2), Vertex 3
has coordinate (b;1, a;2), and Vertex 4 has coordinate (b;1, b;2). Figure 3.1 shows the rectangle
H; representing X; with the vertices labeled according to its row position in X of Equation

(3.8). Check that the vertices are connected as indicated in matrix C' as follows,
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Figure 3.1: Connected Vertices of a Two-Dimensional Rectangle

[\
—_
= ke W

4 2 3

That is, Vertex 1 is connected to Vertex 2 and Vertex 3, Vertex 2 is connected to Vertex 1
and Vertex 4, Vertex 3 is connected to Vertex 1 and Vertex 4, and Vertex 4 is connected to
Vertex 2 and Vertex 3.

For p = 3, the vector of observed intervals is X; = ([a;1, bi1][ai2, bia][ais, bis]). If a;; < by;
for all j = 1,2, 3, then the hyper-rectangle H; representing X; has eight vertices. The matrix

of vertices based on Equation (2.30) is
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Xv=| " o (3.10)

Figure 3.2: Connected Vertices of a Three-Dimensional Hyper-Rectangle
Therefore, Vertex 1 has coordinate (a;,a;2,a;3), Vertex 2 has coordinate (a;, a2, b;3),
Vertex 3 has coordinate (a;1, b, a;3), Vertex 4 has coordinate (a;1, by, biz), Vertex 5 has
coordinate (b;1, a;2, biz), and so on. Figure 3.2 shows the hyper-rectangle H; representing X;
with the vertices labeled according to its row position in X of Equation (3.10). Check that

the vertices are connected as indicated in matrix C' as follows,
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(3.11)

That is, Vertex 1 is connected to Vertex 2, Vertex 3, and Vertex 5; Vertex 2 is connected

to 1, 4, and 6; Vertex 3 is connected to 1, 4, and 7; Vertex 4 is connected to 2, 3, and 8, Vertex

5 is connected to 1, 6, and 7; Vertex 6 is connected to 2, 5, and 8; Vertex 7 is connected to

3, 5, and 8; and Vertex 8 is connected to 4, 6, 7.

PC;

iy

Figure 3.3: Connected Vertices of a Transformed Rectangle

Now, by applying the information from matrix C' of Equations (3.9) and (3.11) for p = 2

and p = 3, respectively, transformed vertices in Y] can be connected to form polytope P;

corresponding to H;. The polytope P; constructed this way represents the true structure

of observation ¢ in the principal components space. Figure 3.3 shows a polygon resulting

from connecting the transformed vertices using the matrix C' of Equation (3.9). Note that
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Figure 3.4: Connected Vertices of a Transformed Three-Dimensional Hyper-Rectangle

the resulting polygon in Figure 3.3 is a linear tranformation of the rectangle in Figure 3.1.
Figure 3.4 shows a polytope resulting from connecting the transformed vertices using the
matrix C' of Equation (3.11). Again, note that the resulting polytope in Figure 3.4 is a
linear tranformation of the hyper-rectangle in Figure 3.2. A detailed algorithm to construct
these polytopes is given in Section 3.3 which also includes the procedure to construct the
connected matrix C.

Furthermore, a polytope of dimension p > 3 is difficult to visualize. Our algorithm in
Section 3.3 also creates projections of the polytopes onto a two and a three dimensional
space. Because the first few principal components explain most of the variation in the data,
projection of the observations onto the first two or three principal components space can
convey significant patterns in the observed data.

One of the common graphics generated in PCA is a plot of PCk; x PCky where ki # ko
and ki, ke = 1,2,...,p. Figure 3.5 shows two representations of the same observation on
a PC1 x PC2 plot. The observation shown in this plot come from a sample space with

dimension p = 6. The green rectangle in this plot represents the maximum covering area
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Figure 3.5: True Projection of Interval-Valued Observation versus Maximum Covering Area
Rectangle

rectangle (MCAR) for this observation resulting from the vertices and the centers methods
proposed by Cazes et al. (1997) and Chouakria et al. (2000). The red polygon represents
the true projection of the observation onto the PC1 x PC2 plane as we propose. Clearly,
the green rectangle covers an area much larger than the projection of the polytope resulting
from the linear transformation of an interval-valued observation which is shown in red.
Therefore, when n observations are shown on the same plot, the overage from MCAR may
produce unnecessary overlaps between observations when these observations may be com-
pletely detached from each other in their true form. Our proposed visualization provides a

true projection of the observed data. It does not produce the overage seen in MCAR.
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HISTOGRAM-VALUED PRINCIPAL COMPONENTS

In addition to its role as a data exploration tool, PCA is also used as an intermediate
step in data analysis. In classical PCA, the principal components are inputs in models as
uncorrelated variables for further analysis. To treat the principal components of interval-
valued observations as independent variables in a model, it is necessary to give numerical
values to these principal components. In this dissertation we propose a method to translate
the polytopes resulting from the linear transformation of the observed data into histograms
of values. Symbolic data analysis methods can then be applied to histogram-valued principal
components.

Since the original variables X(;),7 = 1,2,...,p, take intervals of values, the resulting prin-
cipal components have multiple values. Therefore, they are symbolic variables. To determine
the internal structure of each principal component, it is necessary to examine the distribution
of all values belonging to that principal component.

In the case of interval-valued observations, the k" principal component of observation 7,

denoted Yj;, takes values in the set T;;, where

The polytope P; = T'(H;) is the convex hull of the transformed vertices of H; as established
in Subsection 3.2.2. An equivalent expression of Y, in Equation (3.12) in terms of a point

in the linearly transformed hyper-rectangle is

In Equation (3.13), y is a p-vector and y is the k™ element of vector y. The frequency that
yr takes value y inside P; is proportional to the volume of the (p — 1)-dimensional cross-
section of P; at y, = y. Let v(y) be the volume of the (p — 1)-dimensional cross-section of
the polytope P; at y, = y. Then, the relative frequency or the density of each value y € T

is the ratio of y(y) and the total volume of P;. Let V(P;) be the volume of the polytope P;.
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Then,
Ymax
V(P) = / v(y)dy

Ymin

where 9,,;, is the minimum value of the set T, and ¥4, is the maximum value of Y.
Therefore, for k = 1,2, ..., p, the density of the £ principal component at y has the following

form,

PV =) = YW/V(P), Ymin <Y < Ymaa, (3.14)
0, otherwise.
Obviously, 0 < P(Yx =y) < 1and [*°_~(y)/V(P;)dy = 1. Thus, the quantity P(Y; = y) as
defined in Equation (3.14) satisfies the definition of a density function. Although the density
for all values within Y, can be conceptually defined in Equation (3.14), computing the
density 7(y) presents some challenges. Two of these challenges are discussed in the following
paragraph along with our proposed solutions.

First, it is impossible to compute volume for infinitely many cross-sections. Therefore,
instead of trying to recreate a distribution for each value within the range of the principal
component, we propose creating a histogram with subinterval endpoints coinciding with the
vertices of the polytope. That is, instead of computing the volume of infinitely many (p —1)-
dimensional polytopes, the problem is reduced to computing the volume of at most (2 — 1)
p-dimensional polytopes.

Even with only a finite number of polytopes, the second challenge persists. Finding the
volume of a polytope is a computationally complex problem as explained in the following.
Volumes of polytopes can be computed by triangulation methods, signed decomposition
methods or a mixture of both approaches. The efficiency of each approach depends on the
exact shape of the polytopes. That is, in our case, for each observation i, we need to know
the exact shape of up to 27 — 1 polytopes. This information is impractical to obtain. Even
if the exact shape of each polytope was known and the most efficient approach was applied
to the polytope, computing volume still requires a lot of memory and time when p is large.

In addition, the triangulation method is based on the V-polytope representation whereas the
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signed decomposition method uses the H-polytope representation. Since the shape of a poly-
tope determines the method of computation, it determines if the polytope must be presented
as a V-polytope or a H-polytope. Converting between the V and the H representation for a
polytope can be more intensive than volume computation itself. Based on the computational
cost involved in computing volume of a polytope, it seems counterproductive to use volume
as a measure of density. One of the main purposes of PCA is to reduce the dimensionality of
a dataset with large p to reduce computational cost associated with its analysis. Considering
the total cost of all components involved in calculating volume of 27 — 1 polytopes, spending
resources to calculate volume in these situations seems counterproductive.

In this disseration we propose an approach that is more efficient and still accounts for
the internal variability of an interval-valued observation in a principal components space.
We propose using the area of the polygon formed by projecting polytope P; onto the PC1
x PCk plane for £k =2,...,p and onto the PC1 x PC2 plane for k£ = 1 instead of using the
volume of the polytope to calculate the relative frequency. Computing area of a polygon is
much more manageable than computing volume of a polytope. Of course, using the area of a
polygon to compute the relative frequency of values within the polytope P; only accounts for
internal variation of the polytope in one dimension. However, the first principal component
accounts for the largest amount of variation in the data. Including PC1 in computing the
relative frequency means the relative frequency created by our proposed method reflects the
most significant source of variation of values inside polytope P; along the PCk-axis.

Therefore, let P»; be the polygon resulting from projecting the p dimensional polytope
P; onto the PC1 x PCk plane. The subscript 2 in Ps; signifies that the polygon P; is a
two-dimensional projection of the polytope P; where P, has dimension p. Let Y be the
matrix of vertices of P;. Let Yo be the submatrix of Y consisting of the k* column and

the 1% column of YV

7

respectively. Then the rows of matrix Yo; represent the coordinates

of points that belong to polygon P;.
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Let T be a linear map from R? to R* and that if @ = (ay, as, ..., a, . .. ,ap) is a point in
R? then T'(a) = (ak, a1). Then, polygon P»; can be thought of as a result of applying linear
operator T' to polytope P;, i.e., Py; = T'(P;). Since T is a linear operator and F; is a convex
hull, it follows from Theorem 3.2.4 that P; is a convex hull. Furthermore, based on Theorem
3.2.7, all interior points of polytope P; remain in the interior of polygon P,;. Because T is not
a bijective transformation, Theorem 3.2.8 does not apply to this transformation. Therefore,
a boundary point of polytope P; may not necessarily remain on the boundary of the polygon
Py;, i.e., some of the vertices of P, may become an interior point of P,; under transformation
T: R® — R Therefore, Py; is a convex hull of the points represented by matrix Y;. If
we let V' be a matrix whose rows are the coordinates of vertices of polygon P;, then the
number of rows of matrix V is less than or equal the number of rows of matrix Y, i.e.,

polygon Ps; has at most the same number of vertices as polytope P;.

40 235 -30 25 -20 -15 -1.0
PCk

Figure 3.6: Two-Dimensional Projection of a Six-Dimensional Polytope

Figure 3.6 shows a projection of a 6-dimensional polytope onto a PC1 x PCk plane.

The lines shown in green are the edges which are line segments connecting vertices of the
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Figure 3.7: Polygon Formed by Convex Hull of Transformed Vertices

polytope. Figure 3.7 shows the same projection as in Figure 3.6. The red line segments in
Figure 3.7 outline the polygon which is the convex hull of the vertices of the 6-dimensional
polytope. Some vertices of the green polytope are inside the red polygon. All vertices of
the red polygon are vertices of the green polytope. The red polygon shown in Figure 3.7
has twelve vertices while the green polytope has 64 vertices. The number of vertices for the
polygon is much smaller than those for the polytope in this example.

Let pv denote the number of vertices of Py;, i.e., pv is the number of rows of matrix V.
Elements of the first column of V' are values of the vertices of polygon P;; along principal
component k£ and elements of the second column of V' are values of the vertices of polygon
P»; along principal component 1. For the k' principal component of observation i, denoted
by Y, we propose constructing a histogram with pv—1 subintervals. The relative frequencies

for subintervals of the histogram are computed using area of the polygon P,;. We propose
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dividing the polygon P,; into pv—1 pieces along the PCk-axis where the dividing lines coincide
with the vertices of the polygon along the PCk-axis. Figure 3.8 illustrates the division of
the polygon P,;. This figure shows the same green polytope and the red polygon of Figure
3.7. The number of vertices for the red polygon is 12, i.e., pv = 12. The blue vertical line
segments in Figure 3.8 divides the red polygon into pv — 1 = 12 — 1 = 11 pieces along the
PCFk axis. The vertices of the polygon in Figure 3.8 are labeled based on the order of their

PCk values where 1 is the smallest and 11 is the largest.

o
7 Sl 10
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40 a5 30 2 20 15 A0
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PC k

Figure 3.8: Subinterval Endpoints of Principal Component Histogram

Now, the endpoints for subinterval [ of the histogram representing Y;, are, respectively,
the I and the (I + 1) lowest values of the first column of matrix V', which consists of the
PCk values of the vertices. The relative frequency of the [t subinterval of Yj; is the ratio of
the area of the ['" piece of polygon P; along the PCk-axis, denoted by P, and the total area
of the polygon P,;. Figure 3.9 shows part of the polygon representing the first subinterval.
The part of the polygon bounded between the first and the second vertices, i.e., P, is a
triangle outlined in red in Figure 3.9. Values of the endpoints of this subinterval are the PCk

values of the points labeled as 1 and 2, respectively, in Figure 3.9. The relative frequency of
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Figure 3.9: Part of Polygon Representing First Subinterval of Principal Component His-
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ponent Histogram
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Figure 3.11: Parts of Polygon Representing All Subintervals of Principal Component His-
togram

this subinterval is the ratio of the area of triangle P; and the area of polygon P;. In addition
to P;, Figure 3.10 shows the second piece of the polygon Ps;, i.e., P, representing the second
subinterval which is the red trapezoid outlined in red. Values of the endpoints of the second
subinterval are the PCE values of the points labeled 2 and 3, respectively, in Figure 3.10.
The relative frequency of the second subinterval is the ratio of the area of trapezoid P, and
the area of polygon Ps;. The process is continued until the vertex of polygon P»; which has
the largest PCk value has been reached as shown in Figure 3.11. We can also see from Figure
3.11 that part of the polygon bounded between subinterval endpoints is either a triangle or a
trapezoid. Computing the area of a triangle or a trapezoid is much simpler than computing
the volume of a p-dimensional polytope. Therefore, computing histogram-valued principal
components based on the area of a projection of the polytope is much more efficient than

computing them based on the volume of a p-dimensional polytope. Our proposed histogram-
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valued principal components reflect the largest source of variation in the observations by

including the first principal component in the construction of the histograms.

3.3 ALGORITHM

This section includes detailed descriptions of two algorithms. The first algorithm, presented in
Subsection 3.3.1, builds n polytopes representing n observations in the principal components
space. This algorithm also plots the polygons which are the 2-dimensional projections of the
observed hyper-rectangles onto a PCk; x PCk, plane where ky # ko and ki, ko = 1,2,...,p.
The second algorithm, described in Subsection 3.3.2; constructs histogram-valued principal
components based on the polygons formed by projecting the polytopes constructed from the
algorithm of Subsection 3.3.1 onto a PC1 x PCk plane for k =2,3,...,p.

The following algorithms are based on the assumption that coefficients for the principal
components had been determined from the proposed method described in Subsection 3.2.1.

S _ 1,8 ,,8 S S 7. _
= [v7, vy, ..., vy wherevy k=1,...,p,

The coefficients of the principal components are v
are the eigenvectors of the covariance matrix S as defined in Equation (3.1) if the PCA is
based on the covariance structure of the data, and v¢,k = 1,...,p, are the eigenvectors of
the correlation matrix R whose elements are defined in Equation (3.4) if the PCA is based
on the correlation structure of the data.

Due to the large number of vectors and matrices involved in the algorithms, subscripts
are used in naming some vectors and matrices. Sometimes a computation only applies to one
element or a subset of a matrix. In these situations, we use an indexing convention similar to
the system used in the R language to specify the elements of a matrix. Indices of elements of
a subset are specified by a pair of square brackets placed next to the matrix (vector) name.
For a subset of a matrix, two numbers appear in the brackets separated by a comma. The
first number corresponds to the row number and the second to the column number. For a

subset of a vector, only one number appears in the bracket. It specifies the position of the

element in the vector. To specify a whole row of a matrix, the first number is left blank; and
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when a whole column is used, the second number is left blank. A set of consecutive numbers
in the brackets is denoted by a colon between the smallest and the largest integer. Following
are some examples to illustrate these notations. Let M be an n x p matrix. The 2"? column
of M is denoted by M|, 2|. The notation M1 : 15,5] denotes the vector consisting of the
first 15 elements of column five. In addition, let v be a vector of length n; then v[4] denotes
the 4" element of v.

Another note on notation, since the algorithms in this section compute principal compo-
nents of the observed data, we use a lower case letter to represent an observed data matrix
to distinguish it from a random data matrix. For example, & identifies the observed version
of the random data matrix X of Equation (2.26), @} represents the observed version of the
matrix of vertices X of Equation (3.2), and y} is the observed version of the matrix of

transformed vertices Y} defined in Equation (3.7).

3.3.1 INTERVAL-VALUED OBSERVATIONS IN A PRINCIPAL COMPONENTS SPACE

This subsection is divided into two parts: part one constructs the p-dimensional polytopes
representing interval-valued observations in the principal components space and part two
includes steps to make 2-dimensional and 3-dimensional projections of the polytopes created

from part one.

CONSTRUCTING THE POLYTOPES

Let @ represent the observed data matrix to be analyzed. Construction of the polytopes
representing the observed data involves four steps:
Step 1. First, construct the matrix of vertices ¥ defined in Equation (2.31) for the data

matrix @ using the following steps:
1. Initialize ¥ by letting ¥ be a (n2P X p) matrix of zeros.

2. Update the elements of ¥ by doing the following for each observation i =1,2,... n:
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(a) For j=1,2,...,p, do
e For j, =1,...,20=9),
— set V[(1 — 1)2P + j1, j] = «[i,2(j — 1)]
— set x¥[(i — 1)27 + 279 + 5, 4] = x4, 27].
(b) For j=2,...,p, do
e For jy =7,...,p,do
— For jo, =1,...,2wti—i-1)

set &V[(i — 1)2° 4+ 2011 4 jy 1] = x¥[(i — 1)2° + ja, 1)

Step 2. Next, create the matrix of vertices " for n polytopes representing the n observations,
one polytope for each observation, in the principal components space by transforming x".
This step involves the following two cases:

Case one. If the PCA is based on the symbolic covariance matrix, then v is the eigen
matrix of the symbolic covariance matrix S in Equation (3.1) and y® = (zV)(v°).

Case two. If the PCA is based on the symbolic correlation matrix, then v is the eigen
matrix of the symbolic correlation matrix R whose elements are defined in Equation (3.4)
and y = (2%)(v°) where 2° is the standardized matrix of vertices. That is, element mj of

2V comes from
x’[m, j| — w)
\/Sij

where ;) is the mean of the j variable defined in Equation (2.3) and s;; is the variance

zv[m’j] =

of the j* variable defined in Equation (2.4).

Step 3. Then, construct the matrix of connected vertices C' associated with & as follows:
1. Initialize C' by letting C be a 2P x p matrix of zeros.
2. Update C' by doing the following step for j =1,2,...,p:

e For j; =0,1,...,207D — 1, do
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~ For jy = ((20-7D)jy + 1), .., (2075, + 20-9),
set Clja, j] = jo + 277
— For j, = ((2(pfj+1))j1 4+ 2t—d) 1 1), o ((2(”*”1))]'1 + 2(p7j+1))7
set Clja, j] = jo — 2077,
Step 4. Conceptually, a p-dimensional plot of the polytopes can be constructed in the prin-

cipal components space by the following substeps:
1. Make a scatter plot of y".
2. Connect the vertices of each polytope by doing the following for i = 1,2,... n:

(a) Set v =2P(i — 1)

(b) For v; =1,2,...,2P, do
for j1 =2,3,...,p+1,
set vy = Clvy, j1], and

draw a line between points y*[v + v1,]| and y°[v + vy, ].
At the end of Step 4, we obtain a plot of n polytopes representing the n observations of data
matrix & in the principal components space.
MAKING TWO AND THREE DIMENSIONAL PLOTS

As mentioned in Subsection 3.2.2, it is difficult to visualize plots with dimension greater
than 3. Therefore, 2-dimensional plots of PCk; x PCky are commonly used in PCA. Replace
Substeps 4.1 and 4.2 of the algorithm described in the first part of this subsection by the

following steps:

1. Let y, be an n2? x 2 matrix whose first and second columns are the k™" and ko'

column of y*, respectively.

2. Make a scatter plot of y,.
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3. Connect corresponding points of y, by following Substep 4.2 of the algorithm described

in the first part of this subsection with y, in place of y"; now p = 2.

The same algorithm can be used to construct a 3-dimensional plot of PCk; x PCky x PCks

with the following modifications:

1. Let y5 be an n2P x 3 matrix whose first, second, and third columns are columns ky, ko

and k3 of y", respectively.
2. Make a scatter plot of ys.

3. Follow Substep 4.2 of the algorithm described in the first part of this subsection with

Y5 in place of y*; now p = 3.

Figure 3.6 shows an example of the projection of a 6-dimensional polytope onto a 2-

dimensional plane resulting from the algorithm described in Subsection 3.3.1.

3.3.2 (CONSTRUCTING HISTOGRAM-VALUED PRINCIPAL COMPONENTS

As discussed in Subsection 3.2.2, principal components constructed as histograms reflect
the internal variation of interval-valued observations. In Subsection 3.2.2, we propose con-
structing histograms of the principal components based on area of the polygons resulting
from projecting the polytopes onto a PC1 x PCk plane. The following algorithm creates
histogram-valued principal components. For each observation ¢ = 1,2,...,n, the histogram
representing the first principal component is based on the PC1 x PC2 plot as stated in
Subsection 3.2.2 and for principal component k for £ = 2,...,p, the histogram is based on
the PC1 x PCE plot. The following algorithm describes steps to construct histograms for
principal component k in general. Therefore, the computation is based on a polygon from the
PC1 x PCE plot. However, when computing a histogram for the first principal component,
keep in mind that the computation is based on a polygon from the PC1 x PC2 plot.

This algorithm uses the fact that the interior angle formed by two edges of a polygon

is less than 180°. Therefore, given a set of three vertices {y, ,¥,,, Ya,} Of the polygon, the
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angle inside the polygon formed by line segments y, g, and ¥, ¥, is unique where gy, g,

is the line segment connecting point y,, to point y, . The formula used in the algorithm to

compute the angle formed by the line segments ¥y, v, and ¥, v,,, denoted by Z4,q9a,, 18

(Yay = Yao)s Yoy — Yay)) )

Hyal _yaoH * Hyaz _yaoH

(3.15)

ZLayagay = GTCCOSINE <

where ((a1,az2), (b1,b2)) = aiby + asby and ||(a1,a2)|] = /{(a1,a2), (a1,a2)) = \/a}+ a.

Figure 3.12 shows the angle Z,,4a, formed by line segments y, vy, and ¥, Y,

ym

La1 aa,

e

yaO

yaQ

Figure 3.12: Angle Formed by Line ¥y, v, and Line y, y,,

As explained in Subsection 3.2.2, we propose using area of the polygon P»; to compute
the relative frequency for subintervals of the principal component histograms. It is further
illustrated in Figure 3.8 that part of the polygon that belongs to subinterval [, denoted by P,
is either a triangle or a trapezoid. We need to compute the area of P,. Let p;, be the matrix
of vertices of P.. Then, p, is a (4 x 2) matrix whose rows are coordinates of the vertices.

That is, when P, is a trapezoid, then

P11 P12
P11 P22
P21 P32

P21 P42
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When P, is a triangle, pss = p12, then

P11 P12

P11 P12
P21 P32

P21 Pa2

Therefore, the area of P, denoted by w(F), is simply

1
w(P) = 5(’1712 — Poa| + |32 — paz|) (P21 — p11) (3.18)

for a trapezoid, and it is
1
w(h) = §(|p32 — paz|) (P21 — p11) (3.19)

for a triangle.

Construction of the histogram-valued principal component k involves three steps. Details
of these steps along with illustrations are given as follows. The illustrating example shows
an interval-valued observation with p = 3. It is the same hyper-rectangle shown in Figure
3.4. The algorithm is easier to follow accompanied by an example using the hyper-rectangle
representing an observation with a low dimension.

Step 1. Let y, be an (n2? x 2) matrix whose first and second columns are the k™ and the
first column of y”, respectively.

Step 2. Let pey, be an (n x (3%27)) matrix to hold histogram values for principal component k.
The i*" row of pc;, contains values of the histogram representing the k' principal component
for observation 7. Initialize matrix pc; by letting it be a matrix of zeros.

Step 3. Step 3 includes eleven substeps. Each complete execution of Step 3 builds a histogram
representing one observation in the dataset. Therefore, Step 3 must be performed n times

for n observations. For + = 1,2,...,n, do the following:

1. Set up the following matrices of zeros with specified dimension. These matrices store
information to compute the frequency of subinterval | for [ = 1,2,..., (pv — 1) where

(pv — 1) is the number of subintervals belonging to the histogram representing the k"
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principal component of observation i. Therefore, these matrices are updated each time

a new subinterval is computed.

(a)

Matrix p, has dimension (4 x 2). It consists of vertices of polygon P, where P is
the part of polygon Py; belonging to subinterval [ as described in Equation (3.16)

and Equation (3.17).

Matrix pq has dimension (2 x 3). It holds coordinates of two connected vertices
which make a line segment that will be used in subsequent subintervals. The first
row of pg represents a point of P, that will be used in computing frequency of
the subinterval (I + 1). The first element of the first row of pg gives the label
of this point where the last two elements give its coordinate. The second row of
matrix pg stores information for the point connected to the point represented by
the first row of pg. The point represented by the second row of pg is a vertex of
the polygon Ps;. Again, the first element of the second row gives the label for this

point and the last two elements give its coordinate.

Vector s; has three elements. The first two elements of s; hold the endpoints of

subinterval [ and the last element stores the frequency of subinterval [.

PCA1

1 o5

e

4@

PCk

Figure 3.13: Points of Transformed Vertices on Principal Component Plane
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2. Let y,, be a (27 x 2) matrix where y,;, = y,[(2°(i — 1) + 1) : (2P9),]. That is, y,, is a
matrix of the k' and the first coordinates of all vertices belonging to observation i.
Matrix y,, is the observed version of matrix Y 9; defined in Subsection 3.2.2. Figure 3.13
shows the points represented by rows of matrix y,; plotted on the PC1 x PCk plane
with PCEk along the horizontal axis. The points in Figure 3.13 are labeled according
to their row number in matrix y,,;. As discussed in Subsection 3.2.2, the row numbers
of matrix y,, are identical to the elements of the first column of the connected matrix
C. The connected matrix C' associated with the observation shown in Figure 3.13 is

defined in Equation (3.11).

3. Let you = min{yy[, 1]}, i.e., yo1 is the minimum value of the elements of the first
column of y,,. Equivalently, yo; is the minimum value along the PCk-axis of the vertices

belonging to observation .

4. Let m be the number of rows of y,, whose first element equals ;. For the first subin-
terval, i.e., when [ = 1, the lower endpoint of the subinterval is the lowest value of the
elements of the first column of y,, which is g, and the upper endpoint of the subin-
terval is the second lowest value of the elements of the first column of y,,. Moreover,
P, is the part of the polygon P,; bounded between these lower and upper endpoints.
Polygon P; can take one of two possible shapes. The shape that P; takes depends on
the number of rows of matrix y,, whose value for the first column equals yg;. There

exist three possible cases as follows.

If there is only one vertex of P5; whose value along the PCk-axis equals to yo1, i.e., if
m of Substep 3.4 is one, then P; is a triangle. This constitutes Case one of the next
substep which is Substep 5. Figure 3.14 shows the points represented by matrix y,,.
In the example shown in Figure 3.14, Vertex 4 has the minimum value along the PCk-
axis. The vertical line intersecting Vertex 4 indicates the line representing the lower

endpoint of the first subinterval. Moreover, Vertex 4 is the only vertex whose PCk
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PC1

®
®

40

PCk

Figure 3.14: Unique Starting Point for First Subinterval

value equals to the minimum value yo;. That is, m = 1, and P, is a triangle in Figure

3.14.

If there is more than one vertex of P»; whose value along the PCk-axis equals o1, i.e.,
if m > 1, then two possible cases result from this situation. If all the vertices of Py;
whose value along the PCk-axis equals to yo; have the same value along the PCl-axis,
i.e., these vertices are identical, then P, is still a triangle. This makes up Case two of
Substep 5. Lastly, if m > 1 and the vertices whose values along the PCk-axis equal
yo1 have different values along the PCl-axis, i.e., these vertices are not all identical,
then P is a trapezoid. This constitutes Case three of Substep 5. Figure 3.15 shows an
example where there exist two distinct vertices of P; whose PCk value equals yg;. In
the example shown in Figure 3.15, Vertex 2 and Vertex 4 have the same value of yg;
along the PCk-axis and they are not identical points. Therefore, polygon P in this
example is a trapezoid. The vertical line intersecting Vertex 2 and Vertex 4 indicates

the line representing the lower endpoint of the first subinterval.
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Figure 3.15: Multiple Starting Points for First Subinterval

5. The first subinterval can now be computed based on the three possible cases explained

in Substep 4. The three cases follow:

Case one. If m =1, then:

(a)

Let ag be the row number of the vertex whose first element equals to yy;. In the
example of Figure 3.14, ag = 4 because Vertex 4 has PCk value equal to yp;. The
two points connected to y,;[ag, | that form the largest angle at y,,[ao, ] form two

edges of the triangle P;. These points are found in the steps that follow.

Set er = Cag,] which is the list of indices of the points connected to the point
Ys;lao, . In the example of Figure 3.14, er = C[4,] = (4,2, 3, 8) where (4,2,3,8)
is obtained from row four of the connected matrix C of Equation (3.11).

Let pa[l,1] = ao, i.e., Vertex aq is stored as a starting point of a line segment

that will be used again in computation of the second subinterval.
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Set cvert = ag where cvert is the set of all indices of vertices which had been used
in computing the frequency of the first subinterval and should not be considered

again in subsequent subintervals.
Set s;[1] = yo1 which is the lower endpoint of the first subinterval.

Set p;[1,] = yqlao,] and p;[2,] = yy,[a0, . Since the polygon bounded in the first
subinterval is a triangle in this case, coordinates for the first two rows of p, are

identical as defined in Equation (3.17).

Let ang be a 3-vector of zeros. This vector stores the angle and the indices of the
set of vertices connected to Vertex ap and they form the largest angle at Vertex

ag.

Go through all possible pairs of vertices connected to ys,[ag,] by:
For j=2,3,...,p, do
e Set a; = crlj].
e Fork=7+1,....,p+1,do
— Let ay = crlk].
— Let ang = Z4,a9a, using the formula shown in equation Equation (3.15).
— If ang > angl[l], let ang = (ang, a1, as).

At the end of this loop, the second and the third elements of ang are indices
of the two vertices connected to yy[ag,] and form the largest angle at y;[ao, |-
Figure 3.16 shows three possible pairs of vertices connected to Vertex 4 in this
example. They are pair 2 and 3, pair 2 and 8, and pair 3 and 8. Of all the angles
formed by these pairs, the angle formed by the pair of Vertices 2 and 3 is the
largest. Thus, at the end of this step, the second and the third elements of ang
are 2 and 3, respectively. Figure 3.17 shows the angle at Vertex 4 formed by the
line segment connecting Vertex 2 to Vertex 4 and the line segment connecting

Vertex 3 to Vertex 4.
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PC1

1 ®5

PCk

Figure 3.16: Angles Formed by Vertices Connected to Lower Endpoint of First Subinterval

PCA1

1 ®5

PCk

Figure 3.17: Largest Angle at Lower Endpoint of First Subinterval
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(i) Next, we find the upper endpoint of the first subinterval by finding the vertex of

polygon P,; which has the second smallest PCk value. Let y1; = yy,[ang(2], 1]

and Y12 = y,;[ang[3], 1]. That is, y1; and y;2 are PCk values of the two vertices of

polygon P,; that form two edges of the triangle P. Comparing the values of y;

and yy5 gives three possibilities, (al) y11 < y12, (b1) y11 > Y12, and (cl) y11 = Y12

Case (al). If y11 < y12, then:

i.

11.

1il.

1v.

Let ag = ang[2] and ay = ang]3|. That is, Vertex ag has a smaller PCk value
than Vertex a4. In the example of Figure 3.17, a3 = 2 and a4 = 3 because the

PCE value of Vertex 2 is smaller than the PCEk value of Vertex 3.

Set pa[2,] = (a4, Ys;[a4,]), 1-€., Yo;[aq,] is stored in the second row of matrix
pa to be used for the next subinterval. In the example of Figure 3.17, Vertex
3 is stored as the second row of matrix pg.

Let p[3,] = (yalas,]), i-e., yo;las,] is another vertex of triangle P;.

Let s;[2] = yy[as, 1], i.e., the upper endpoint for the first subinterval is the
vertex whose PCE value is the second smallest among the PCE values of all
vertices belonging to polygon P,;. The vertical line intersecting Vertex ag
forms the third edge of triangle P;. Figure 3.18 shows that the line segment
perpendicular to the PCk-axis intersecting Vertex 2 makes up the third edge
of triangle P, and the coordinate of Vertex 2 becomes the third row of matrix
p;.

Next, we find the last vertex of triangle P, by finding the point along the line

segment Y., [ag, |yy;[as, | intersecting the vertical line which is the third edge
of triangle P;. That is, set p;[4, 1] = yy;[as, 1] and

set P[4, 2] = yylao, 2] + (Pal2, 3] — Yuilao, 2])(s:[2] — ss[1])/ (Pal2, 2] — sil]).
In Figure 3.18, the last vertex of the triangle is the intersection of the line
segment, connecting Vertex 4 to Vertex 3 and the vertical line intersecting

Vertex 2.
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PCA1

i

PCk

Figure 3.18: Triangle Belonging to First Subinterval of Principal Component Histogram

vi. Set pall,] = (ao, p;[4,]). Vertex ag and the coordinate of the last vertex of
triangle P; is stored as the first point in matrix pg to be used in the next
subinterval.

vii. Since yy,[ao, ] forms a line with y,,[as, | to make an angle for the next subin-

terval, set a1 = ay.

End of Case (al).

Case (bl). If y11 > y12, then:
i. Let a3 = ang(3] and a4 = ang|2).
ii. Follow Steps ii-vii as described in Case (al).

End of Case (bl).

Case (cl) If y11 = y12, then:

i. Set a3 = ang|2], ay = ang|3].
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ii. Set p[3,] = wyylas,] and p[4,] = yylas,]. Since both line segments

Yailas, JYzilao, | and yy,las, Jys;fao, | end at yu, yylas, ] and yylas,] make

up the last two vertices of triangle P;.

ili. Set s;[2] = yo,las, 1], ie., the first element of y,;[as,] becomes the upper

endpoint of the subinterval.

iv. Let pa[l,] = (a4, yy[aq, ), i-e., yy;las,| is used as a starting point for the next
subinterval.

v. Since yy;[ag, | forms a line with y,,;[a4,]| to make the angle for the next step,
set a; = ag.

vi. To determine the second row of pg, find the vertex connected to ys;[a4, ] that

forms the largest angle with the line segment y.;[a4, |yy;[ao, ] at Vertex ay.
Set er = Clay, ], i.e., er contains indices of the points connected to Vertex
ay.

vii. Delete elements of er that belong to cvert to avoid multiplicity and let nc be

the number of elements of cr.
viii. Let ag be a 2-vector of zeros.
For k =2,... nc,
set ag = erlk], let ang = 24,4405, and if ang > ag[l] set ag = (ang, az).
ix. Set pq[2,] = (ag(2],yagp)-
X. Set a1 = ag.
End of Case (cl).
(j) Let area = w(P;) where P, is the triangle whose vertices are the rows of p;.

Having found the vertices of triangle Py, apply the formula for w(F)) to matrix p,

as defined in Equation (3.19) to give the area of triangle P;.

(k) Set s;[3] = area and hist = s;. Thus, the first row of hist represents the first

subinterval endpoints and the area of triangle P;.
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End of Case one.

Case two. If m > 1 and the vertices are identical, then:

(a) Add indices of all those identical vertices to the cvert list.
(b) Let one of the vertices whose PCk value equals to o1, say the first one, be ay.

(c¢) Proceed with Steps (b)-(k) described in Case one.

End of Case two.

Case three. If m > 1 and these vertices have different PC1 values, then:

(a) Add indices of all vertices whose PCk value equals yo; to cvert.

(b) Let ag be the index of the vertex among these vertices which has the smallest PC1
value, and let a; be the one with the largest PC1 value. In the example shown
in Figure 3.15, Vertices 2 and 4 have PCk value equal to yg; and Vertex 4 has a

smaller PC1 value than Vertex 2. Therefore, ag = 4 and a; = 2.
(c) Set s;[1] = yo1, i.e., yo1 is the lower endpoint of the first subinterval.

(d) Set p,[1,] = yqla0,] and p;[2,] = yo;[a1,], i-e., Vertex ag is the first vertex and
Vertex a; is the second vertex of the trapepozoid P;. In the example of Figure
3.15, Vertex 4 and Vertex 2 are, respectively, the first and the second vertices of

trapezoid P;.

(e) Set er = Clay,| and exclude all vertices belonging to cvert from cr and then, let
ne be the length of er. In the example illustrated by Figure 3.15, er = C[4,] =
(4,2, 3,8) and since Vertices 2 and 4 are in cvert by Step (a) in this case because

they have PCk value equal to yo1, er = (3,8). Now, nc = 2 in this example.

(f) Next, find the vertex among the vertices in er that forms the largest angle at

Yy;[ao, ] with the line segment y.;[a1,|ys;[ao,] by setting ag to be a 2-vector of
zeros. Then:

For k=1,2,...,nc,
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let ay = er[k], let ang = Ly 000y, and if ang > ag[l] set ag = (ang, as). Figure
3.19 illustrates this step. The line segment connecting Vertex 3 to Vertex 4 forms
the largest angle with the line segment connecting Vertex 2 to Vertex 4.

Set agy = ag[2]. Therefore, asy = 3 in the example of Figure 3.19.

Let y11 = Yq;]a00, 1]. Value yq; is a potential upper endpoint for the first subin-

terval which will be determined in Step (m) of this case.

o
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PCk

Figure 3.19: Largest Angle at First Vertex of Trapezoid Representing First Subinterval of
Principal Component Histogram

(i)

Set er = Clay, | and again exclude all vertices belonging to cvert from er and let
ne be the length of er. In the example illustrated by Figure 3.19, er = C|[2,] =
(2,1,4,6) and since Vertices 2 and 4 are already in cvert, cr = (1,6). Now, nc = 2

in this example. .

Find the vertex among the vertices of ¢r that forms the largest angle at y,;[a1, |

with the line segment y.,[ag,|ys;[a1,] by setting ag to be a 2-vector of zeros.
Then:
For k =1,2,..., nc,

let ay = er[k], let ang = Zyya,ay, and if ang > ag[l] set ag = (ang, as). Figure
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3.20 illustrates this step. The line segment connecting Vertex 6 to Vertex 2 forms
the largest angle with the line segment connecting Vertex 4 to Vertex 2.
(k) Set as; = ag[2]. Therefore, as; = 6 in the example of Figure 3.20.

(1) Let y12 = yo;]a01, 1]. Value yy; is a potential upper endpoint for the first subin-

terval which will be determined in the following Step (m).
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Figure 3.20: Largest Angle at Second Vertex of Trapezoid Representing First Subinterval of
Principal Component Histogram

(m) Next, compare y;; and yio to determine the subinterval upper endpoint. There
are three possible cases, (a2) y11 < y12, (b2) y11 > Y12, and (¢2) y11 = Y1o.

Case (a2). If y11 < y12, then:

i. Let a3 = asg and a4 = a9, i.e., Vertex as has a smaller PC1 value than Vertex
ay. In Figure 3.21, Vertex 3 has a smaller PC1 value than Vertex 6. Therefore,
a3 = 3 and a4y = 6.
ii. Set s;[2] = yo,las, 1], i.e., the PCk value of Vertex as is the upper endpoint
of the first subinterval.
iii. Let p;[3,] = yylas, |, i.e., Vertex az becomes the third vertex of trapezoid F,.

In Figure 3.21, Vertex 3 becomes the third vertex of trapezoid P;.
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Figure 3.21: Trapezoid Representing First Subinterval of Principal Component Histogram

1v.

vi.

Vil.

Let pa[2,] = (a4, Yoy;]a4,]), i.e., Vertex ay is stored as the second row of matrix
Pa to be used in the second subinterval. In the example of Figure 3.21, Vertex
6 is stored as the second row of matrix pg.

Set p;[4, 1] = yylas, 1] and

set 4. 2] = yular, 2] + (Pal2, 3] — yular, 20)(:[2] — sil1])/(pal2. 2] — si[1]),
i.e., the fourth vertex of trapezoid P; is the intersection of the line segment
connecting Vertices a; and a4 and the vertical line intersecting Vertex as. In
Figure 3.21, the fourth vertex of trapezoid P; is the intersection of the line
segment connecting Vertices 2 and 6 and the vertical line intersecting Vertex

3.

Let pg[l,] = (a1,p[4,]), i.e., the fourth vertex of trapezoid Pj is stored as
the first row of matrix pg for use in the second subinterval.

In the 2" subinterval, ay becomes an endpoint of an angle. Therefore, in

preparation, set a; = ayg.
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End of Case (a2).

Case (b2). If y11 > y12, then:

1.

1

iii

v

Let a3 = a9 and a4 = aqp.
Perform Steps ii-iv described in Case (a2).
Set pi[4, 2] = Yaslao, 2] + (Pal2, 3] — Yoilao, 21)(si[2] — si[1])/ (Pal2, 2] — s:[1]).

Let pa[l,] = (a0, p;[4.]).

End of Case (b2).

Case (¢2). If y11 = 912, then:

i.

ii.

1il.

1v.

vi.

vii.

Vviil.

Set az = agg and ay = asy.

Let p[3,] = yq;las, |, ie., Vertex as is the third vertex of trapezoid P;.

Let p;[4,] = yq;las, ], i.e., Vertex ay is the fourth vertex of trapezoid P;.

Let sub[2] = yy,]as, 1], i.e., the PCk value of Vertex ag is the upper endpoint
of the first subinterval.

Let pa[l,] = (a4, Ys;aq,]), i.e., Vertex a4 is stored as the first row of matrix
pq to be used in the second subinterval.

Next, to determine the vertex for the second row of matrix pg, set er = Clay],
remove all vertices belonging to cvert from er, and let nc be the length of

CTr.

Find the vertex among the vertices of er that forms the largest angle at

Vertex a4 with the line segment y,,[a1, |yo;as, | at yo;[aq, ] by letting ag be a
2-vector of zeros. Then:
For k =1,2,... nc,

set ag = erlk], let ang = 24,4405, and if ang > ag[l] set ag = (ang, az).

Set pd[Q;] = (ag[2]a yQi[ag[2]> ])

End of Case (c2).
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(n) Set area = w(P;) and let p; be the matrix consisting of vertices of trapezoid P;.
Then, the area of trapezoid P, can be computed by applying Equation (3.18) to

the matrix p;.
(0) Set s;[3] = area.

(p) Set hist = s;.

End of Substep 5. At the end of Substep 5, we obtain the endpoints and the frequency
for the first subinterval, i.e., in Substep 5, [ = 1. Now, to find the endpoints and the

frequency for subsequent subintervals, proceed with Substep 6.

. This substep computes the endpoints and the frequency for subsequent subintervals.
The first time this substep is executed, it computes the endpoints and the frequency

for the second subinterval.

(a) Let I =1+1.

(b) Since Vertex as of subinterval [ —1 becomes Vertex ag of this subinterval [, set ag =
asz. For the example in Figure 3.22, the new Vertex aq for the second subinterval,

ie., | =2, is Vertex 2.

(c) Let s;[1] = s;[2] and move p;[3 : 4,] to p[1 : 2,], i.e., the upper endpoint of
subinterval [ — 1 becomes the lower endpoint of subinterval [ and the last two
vertices of trapezoid P,_; (P, could be a triangle if [ = 2 and the first subinterval
falls into Case one or two of Substep 5) become the first two vertices of trapezoid

P,. Figure 3.22 shows an example for [ = 2 where P; is a triangle.
(d) For iy = 1,2,...,2P if y,,[l1, 1] = yy[as, 1] add {5 to cvert, i.e., add all vertices
of the polygon Ps; whose PCE value equals the lower endpoint of subinterval [ to

cvert because these points need not be used again for subsequent subintervals.
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Figure 3.22: Angles Formed by Vertices Connected to Lowest Vertex of Second Subinterval

(e)

Set er = Clao,] and exclude vertices belonging to cvert from er and let nc be
the length of cr. In the example of Figure 3.22, er = C|[2,] = (2, 1,4, 6) and since

Vertex 2 and 4 have been used already, then er = (1,6).

Find the vertex in cr that forms the largest angle with the line segment connecting
Vertices a; and ay at Vertex ag by letting ag be a 2-vector of zeros. Then:

For k=1,2,... nc,

set ag = erlk], let ang = Za apay, and if ang > ag[l] set ag = (ang, az). In the
example shown in Figure 3.22, the vertex that forms the largest angle with the
line segment connecting Vertices 4 and 2 at Vertex 2 is Vertex 6.

Update pg, p;, and s; by first comparing y,;[ag|2], 1] to pa[2, 2].

Case (a3). If y,,[ag[2], 1] > pa[2, 2], then:

Figure 3.23 shows an example of Case (a3) where Vertex 3 has a smaller PCk

value than Vertex 6.

i. Set a; = pg[l,1] and a3 = pg(2, 1], i.e., Vertex az has a smaller PCk value

than Vertex a;.
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Figure 3.23: Largest Angle at Lowest Vertex of Second Subinterval

ii.

iii.

1v.

vi.

Vii.

Set s;[2] = pal2,2], i.e., the PCk value of Vertex ag is the upper endpoint of

subinterval [.

Set p,[3,] = pa[2,2 : 3], i.e., the point represented by the second row of matrix

Pgq is the third vertex for trapezoid P,.
Update the second row of matrix pg by letting pq[2,] = (ag|2], y,;[ag(2],]).

Find the new coordinate of the fourth vertex of trapezoid P, by letting
p,[4,1] = pa(2,2] and

Pil4, 2] = ysilao, 2]+ (Pal2, 3] —yailao, 2]) (si2] = sill]) / (pal2, 2] — si1]). Figure

3.24 shows the trapezoid P, for [ = 2 in our example.
Update the first row of pg by setting pq[l, 1] = ag and set pg[1,2 : 3] = p,[4, .

Add ag to cvert since Vertex ag is used in this subinterval and will not be

used again in subsequent intervals.

End of Case (a3).

Case (b3). If y,;[ag|2],1] < pa[2, 2], then:
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Figure 3.24: Trapezoid Belonging to Second Subinterval of Principal Component Histogram

i. Set az = ag[2].
ii. Set s;[2] = yylas, 1].
iii. Update the third vertex of trapezoid P, by letting p;[3,] = (yo;]as, ]).
iv. Update the fourth vertex of trapezoid P, by letting p,[4,1] = y,,[as, 1] and
pi[4,2] = pa[l, 3] + (pal2, 3] — pall, 3])(s:[2] — si[1])/(pal2, 2] — s;[1]).
v. Set a1 = ag.
vi. Add ag to cvert.
End of Case (b3).
Case (¢3). If y,;[ag|2],1] = pa[2, 2], then:
i. Set az = ag[2], ay = pa(2,1] and a; = pg[1,1].
ii. Add a4 to cvert.
iii. Set p;[3,] = yylas,] and p,[4,] = yy;laq,].
iv. Set ;2] = yylas, 1].

v. Let pqg[l,] = (a4, yy[as, ).
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vi. Find the vertex connected to Vertex a, that forms the largest angle with the

line segment yo; a1, |ys;[aq, ] at yo;[aq, ] by setting er = Clay,| and removing

all vertices of er belonging to cvert and let nc be the length of cr.

vii. Let ag be a 2-vector of zeros.
For k=1,2,... nc,

set ag = cerlk], set ang = Za 4,4y, and if ang > ag[1] set ag = (ang, as).
viii. Set pa[2,] = (ag(2], y»lag[2],]).
End of Case (c3).
(h) Let area = w(P,) of Equation (3.18).
(i) Set s;[3] = area, i.e., the area of P, is the frequency of subinterval .
(j) Add s; as a row to the end of hist.

(k) Since polygon P, is symmetric about its centroid, we only need to compute subin-
tervals for the first half of the polygon, subinterval frequency for the subinter-
vals belonging to the second half of the polygon can be immediately deduced
from their counterparts in the first half. Substep 7 computes subinterval end-
points and frequency using this property of polygon Py;. If s;[2] < md where
md = (min{yy[, 1]} + max{yy[,1]})/(2) is the average PCk value of the points
belonging to polygon Py;, then, repeat Substep 6. If @;[2] > md, then go to Sub-
step 7. That is, if the upper endpoint of subinterval [ is still in the first half of
polygon Ps;, then compute the next subinterval using Substep 6. If the upper
endpoint of subinterval [ has reached the second half of polygon P,;, then the
subinterval endpoints and frequency for subsequent subintervals can be obtained
by applying Substep 7. Figure 3.25 shows trapezoid P3 belonging to the first half
of polygon P,; of our example. Since the upper endpoint of the third subinterval

in this example is larger than the midpoint md, we can go to Substep 7.

End of Substep 6.
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Figure 3.25: Trapezoid Belonging to Third Subinterval of Principal Component Histogram

7. This substep is divided into two different cases. The first case works for polygon P;
which has an odd number of subintervals, and the second case works for an even number
of subintervals. Let nrw be the number of rows in hzst resulting from Substep 6.

Case one: If s;[2] > md, then add (nrw — 1) rows of zeros to hist, i.e., if Py; has
an odd number of subintervals the midpoint md is located at the center of trapezoid
P, Therefore, we need to add (nrw — 1) more subintervals. Figure 3.26 shows an
example where the vertical line intersecting the midpoint md cuts through the center
of the trapezoid Ps. Therefore, there are only (nrw — 1) subintervals remaining in the
second half of the polygon P;.

Forl=1,2,...,(nrw — 1),

set histinrw +1,1: 2] = 2% md — hist[nrw — [,2 : 1] and

set hist[nrw + [, 3] = hist[nrw — [, 3].

End of Case one.

Case two: If s;[2] = md, then add nrw rows of zeros to hist, i.e., if P; has an even

number of subintervals the midpoint md is located at the upper end of trapezoid P,;,,.
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Figure 3.26: Symmetry of Polygon Formed by Transformed Vertices

Therefore, we need to add nrw more subintervals.
Forl=1,2,... nrw,

set histnrw +1,1: 2] = 2% md — histjnrw — 1+ 1,2 : 1] and
set hist[nrw + [, 3] = hist[nrw — [ + 1, 3].

End of Case two.
. Update nrw by letting nrw be the number of rows of hist.

. The elements of hist[,3] correspond to areas of the polygons bounded between the
subinterval endpoints. To obtained the relative frequency, do the following:

e Add a column to the end of hist.

e Let sum = )" hist[k, 3].

e Forl=1,2,... nrw,

set hist[l, 4] = (hist[l, 3])/(sum).
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10. Finally, transfer the information from matrix hist to the row ¢ of matrix pe;, which
is the matrix set up to keep the endpoints and relative frequencies for the histograms
representing principal component k for observations 1 through n.

Forl=1,2,..., nrw,
set peli, (3s — 2)] = hist[s, 1],
set pegli, (3s — 1)] = histls, 2], and

set peli, (3s)] = histls, 4].

11. At the end of Substep 10, we obtain a histogram representing principal component k
for observation . Information for the histogram for observation 7 is stored in row i of

the matrix pc,. If © < n, let ¢ =7+ 1 then repeat Step 3. If © = n, quit.

End of Step 3.
End of algorithm. At the end of this algorithm, we obtain matrix pc;, whose rows contain
histograms representing the k™ principal component of n observations in the data matrix

X. This algorithm must be executed for each principal component k of interest.

3.4 APPLICATIONS

In this section, we apply our proposed symbolic covariance PCA method to two datasets.
The first example includes a famous dataset known as the Fisher’s Iris data. There are two
reasons this dataset was chosen as our first example. The first reason is due to the fact that
as it is one of the most widely used examples in multivariate analysis, it gives a good frame of
reference to the effectiveness of our proposed method. Additionally, with only four variables,
it illustrates the internal structure of interval-valued observations more effectively than using
data with higher dimension. In the second example, we use a realistic application of symbolic
data analysis by using the interval-valued face measurements of a dataset collected by Leroy

et al. (1996). Each observation in this Face Recognition dataset is a compilation of sequences
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of images. Therefore, the resulting measurements for each observation cover a range of values.

They naturally have interval values.

3.4.1 IRIS EXAMPLE
THE DATA

In this example we apply our proposed PCA method for interval observations to the Iris
dataset. Although the Iris data were collected by Edgar Anderson to determine geographic
variation of Iris flowers (Anderson (1935)), it is known as the Fisher’s Iris dataset due to
an article published by R.A. Fisher in 1936. In Fisher (1936), the data were used as an
application of discriminant analysis. The Iris dataset gives measurements of 50 Iris flowers
each from three species: setosa, versicolor, and virginica. The measurements for each flower
include sepal length, sepal width, petal length, and petal width.

The original dataset consists of 150 classical observations. Suppose that each set of five
consecutive flowers listed in the original dataset came from the same location. Further sup-
pose that we are interested in the characteristics of groups of flowers by location instead
of features of individual flowers. Then, each set of five classical observations can be aggre-
gated into one interval-valued observation. The resulting interval-valued dataset consists of
ten observations of the setosa species, ten of the versicolor species, and ten of the virginica
species. There are four variables in this dataset: X(;) = Sepal Length, X3 = Sepal Width,
X(3) = Petal Length, and X4 = Petal Width. Table 3.1 shows the interval-valued Iris data
obtained from Billard and Diday (2006).

We first computed the symbolic variance-covariance matrix as defined in Equation (3.1)

of Section 3.2.1 for the data in Table 3.1. The resulting covariance matrix is given by

0.6007 —0.1275  1.2369  0.5271

0.1675 —0.4471 —0.1854
S = : (3.20)

29937  1.2711

0.5592



Table 3.1: Interval-Valued Iris Data

i Species Sepal Length Sepal Width Petal Length Petal Width
1 S1 [4.6,5.1] (3.0, 3.6] [1.3,1.5] [0.2,0.2]
2 S2 [4.4,5.4] [2.9,3.9] [1.4,1.7] [0.1,0.4]
3 S3 [4.3,5.8] (3.0,4.0] [1.1,1.6] [0.1,0.2]
4 S4 [5.1,5.7] (3.5, 4.4] [1.3,1.7] [0.3,0.4]
5 S5 [4.6,5.4] [3.3,3.7] [1.0,1.9] [0.2,0.5]
6 S6 [4.7,5.2] (3.0, 3.5] [1.4,1.6] [0.2,0.4]
7 S7 [4.8,5.5] (3.1,4.2] [1.4,1.6] [0.1,0.4]
8 S8 [4.4,5.5] (3.0, 3.5] [1.2,1.5] [0.1,0.2]
9 S9 [4.4,5.1] [2.3,3.8] [1.3,1.9] [0.2,0.6]
10 S10 [4.6,5.3] (3.0, 3.8] [1.4,1.6] [0.2,0.3]
11 Vel [5.5,7.0] [2.3,3.2] [4.0,4.9] [1.3,1.5]
12 Ve2 [4.9,6.6] [2.4,3.3] (3.3,4.7] [1.0,1.6]
13 Ve3 [5.0,6.1] [2.0,3.0] [3.5,4.7] [1.0,1.5]
14 Ved [5.6,6.7] [2.2,3.1] (3.9,4.5] [1.0,1.5]
15 Veb [5.9,6.4] [2.5,3.2] [4.0,4.9] [1.2,1.8]
16 Veb [5.7,6.8] [2.6,3.0] [3.5,5.0] [1.0,1.7]
17 Ve7 [5.4,6.0] [2.4,3.0] [3.7,5.1] [1.0,1.6]
18 VeS8 [5.5,6.7] [2.3,3.4] [4.0,4.7] [1.3,1.6]
19 Ve9 [5.0,6.1] [2.3,3.0] [3.3,4.6] [1.0,1.4]
20 VelO [5.1,6.2] [2.5,3.0] (3.0,4.3] [1.1,1.3]
21 Vil [5.8,7.1] [2.7,3.3] [5.1,6.0] [1.8,2.5]
22 Vi2 [4.9,7.6] [2.5,3.6] [4.5,6.6] [1.7,2.5]
23 Vi3 [5.7,6.8] [2.5,3.2] [5.0,5.5] [1.9,2.4]
24 Vi4 6.0,7.7] [2.2,3.8] [5.0,6.9] [1.5,2.3]
25 Vi) [5.6,7.7] [2.7,3.3] [4.9,6.7] [1.8,2.3]
26 Vi6 6.1,7.2] [2.8,3.2] [4.8,6.0] [1.6,2.1]
27 Vi7 6.1,7.9] (2.6, 3.8] [5.1,6.4] [1.4,2.2]
28 Vi8 6.0,7.7] (3.0, 3.4] [4.8,6.1] [1.8,2.4]
29 Vi9 [5.8,6.9] [2.7,3.3] [5.1,5.9] [1.9,2.5]
30 Vil0 [5.0,6.7] [2.5,3.4] [5.0,5.4] [1.8,2.3]

88
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Matrix S of Equation (3.20) shows that Petal Length, X(s), has the largest variance (2.9937)
whereas Sepal Width, X(,), has the smallest variance (0.1675). The variance for Sepal Length,
X(1), and variance for Petal Width, X4, are about the same. The symbolic correlation matrix

as defined in Equation (3.4) of section 3.2.1 for the Iris data is

1 —0.4019 09224  0.9095

1 —0.6313 —0.6056
R = . (3.21)

1 0.9825
1

The elements of the symbolic correlation matrix of Equation (3.21) indicate a strong corre-
lation between Sepal Length, Petal Length, and Petal Width. The coefficient of correlation
between Sepal Length and Petal Length is 0.9224. The coefficient of correlation between
Sepal Length and Petal Width is 0.9095. Petal Length has an almost perfect correlation
to Petal Width with a correlation coefficient of 0.9825. The correlation matrix of Equation
(3.21) also shows some negative correlation between Sepal Width and Petal Length and
Petal Width with coefficients of —0.6313 and -0.6056, respectively. With knowledge of the
covariance structure, we can find the principal components of the data of Table 3.1. The

symbolic PCA results are presented in the following subsection.

ANALYSIS RESULTS

For the first part of this analysis, we computed the coefficients for the principal components
of the interval-valued Iris data using the correlation structure as described in Section 3.2.1.
These coefficients are shown in Table 3.2 along with the proportion of total variance explained
by each principal component. The first principal component is mainly composed of Sepal
Length, Petal Length, and Petal Width. These three variables give approximately equal
contribution to the first principal component with coefficient of 0.5072, 0.5473, and 0.5423,
respectively. The first principal component explains 81.84% of the total variation in the data.

The second principal component is composed of mostly Sepal Width with a coefficient of
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Table 3.2: Principal Component Coefficients and Variance Proportion of Iris Data Based on
Symbolic Covariance Method

Variable PC1 PC2 PC3 pPC4
Sepal Length 0.5072 0.4372 0.7231 0.1694
Sepal Width -0.3861 0.8855 -0.2460 -0.0788
Petal Length 0.5473 0.0968 -0.2573 -0.7905
Petal Width 0.5423 0.1239 -0.5919 0.5833

Proportion of Variance  0.8184 0.1620 0.0160  0.0036
Cumulative Proportion  0.8184 0.9804 0.9964  1.0000

0.885. The second principal component explains another 16.20% of the total variation in the
data. With the last two principal components explaining less than 2% of the total variation,
they can be excluded from further analysis without causing significant loss of information to
the data. Thus, the dimension of the Iris dataset can be reduced from four to two.

Next, we plot the observations onto the space spanned by the first two principal compo-
nents as described in the algorithm of Section 3.3.1. A plot of the observations along the first
and the second principal component axis is shown in Figure 3.27. In this plot, observations
are colored according to species. Black represents setosa, red versicolor, and green virginica.

Looking along the first principal component (PC1) axis, observations belonging to the
species setosa clearly stand away from the other species. They form a distinct cluster of
observations with small PC1 values. Since Sepal Length, Petal Length, and Petal Width are
the major contributors to the first principal component, all with positive coefficient, it means
iris lowers with short sepal and short and narrow petal have small PC1 values whereas flowers
with long sepal and long and wide petal have large PC1 values. That is, irises of the setosa
species generally have shorter sepal, shorter and narrower petal than irises of the versicolor
and virginica species. A closer look at the red and green polygons along the PCl-axis shows

some overlap between these two groups. However, the red polygons generally have smaller
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PC1 values than the black polygons. That means, irises of species versicolor are generally

smaller than those of virginica.

pPC2
0
|

Figure 3.27: Plot of PC1 x PC2 for Iris Data Based on Symbolic Covariance Method (Color
Represents Species)

Studying the observations along the second principal component (PC2) axis shows no
distinct clusters. The irises of species setosa, represented by black polygons, cover a wide
range of PC2 values. Since PC2 is composed of mainly Sepal Width, it means sepal width
of setosa irises varies. Moreover, the red polygons generally have smaller PC2 values than
do the green polygons. Since Sepal Width contributes a positive coefficient to the second
principal component, it means irises belonging to species versicolor generally have narrower
sepal width than do those that belong to the species virginica.

The correlation between a random variable X ;) and a principal component Y4, for j,k =
1,...,p, as defined in Equation (2.25) provides another way to understand the relationship
between X ;) and Y(;). Table 3.3 shows the relationship between X ;) and Y3, in the absence

of all other variables.
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Table 3.3: Correlation between Principal Components and Random Variables of Iris Data
Based on Symbolic Covariance Method

Variable PC1 PC2 PC3 pPC4
Sepal Length | 0.9177 0.3519 0.1831 0.0204
Sepal Width | -0.6986 0.7128 -0.0623 -0.0095
Petal Length | 0.9903 0.0779 -0.0651 -0.0951
Petal Width | 0.9812 0.0997 -0.1499 0.0702

Tables 3.3 indicates strong correlation between PC1 and Sepal Length, Petal Length,
and Petal Width with correlation coefficients of 0.9177, 0.9903, and 0.9812, respectively.
These correlations agree with the observations based solely on the coefficients of the principal
components shown in Table 3.2. There also exists a negative correlation between Sepal Width
and the first principal component with a coefficient of -0.6986. In addition, Sepal Width
is positively correlated with PC2 with a coefficient of 0.7128. Although the magnitude of
the coefficient of Sepal Width for the first principal component is 0.3861 compared to its
coefficient for the second principal component of 0.8855, the magnitude of the correlation
between Sepal Width and PC1 is almost equal to its correlation to PC2 when other variables
are ignored. This is due to the fact that PC1 explains almost 82% of the total variation in
the data whereas PC2 only explains 16% of the total data variation.

Now, if numerical values for the principal components are required for further analysis,
histogram-valued principal components of the Iris dataset can be computed by the algorithm
described in Section 3.3.2. Table 3.4 gives histograms for the first principal component of
the Iris data of Table 3.1. Table 3.5 gives histograms for the second principal component of
the Iris data. The relative frequencies of the histograms are computed based on area of the
polygons shown in Figure 3.27. Since the first two principal components take care of 98% of
the variation in the data, these histograms reflect almost all of the internal variation of the

observations in the principal components space.
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Table 3.4: Histogram for the First Principal Component of Iris Data Based on Symbolic

Covariance Method

Frequency Histogram for the First Principal Component

10

11

{[—2.80, —2.47),0.25; [—2.47, —2.41),0.10; [-2.41, —2.23), 0.30; [-2.23, —2.17), 0.10;
[ —2.17,—1.84],0.25}

{[—3.25, —2.60), 0.24; [-2.60, —2.38), 0.18; [—2.38, —2.31), 0.07; [~2.31, —2.28), 0.02;
[—2.28, —2.21),0.07; [-2.21, —2.00), 0.18; [—2.00, —1.34], 0.24}
{[-3.51,—2.56),0.39; [-2.56, —2.52), 0.03; [—2.52, —2.45), 0.06; [—2.45, —2.40), 0.04;
[—2.40, —2.33), 0.06; [—2.33, —2.29),0.03; [—2.29, —1.35], 0.39}

{[~3.15, —2.76), 0.16: [—2.76, —2.69), 0.06; [—2.69, —2.56), 0.13; [—2.56, —2.30), 0.29:
[—2.30, —2.18), 0.13; [-2.18, —2.10), 0.06; [-2.10, —1.71],0.16}

{[~2.99, —2.61),0.18: [-2.61, —2.46), 0.14; [—2.46, —2.32), 0.14; [—2.32, —2.24), 0.08;
[—2.24, —2.11),0.14; [-2.11, —1.96), 0.14; [—1.96, —1.58], 0.18}

{[—2.60, —2.28),0.22; [-2.28, —2.13), 0.23; [—2.13, —2.13), 0.00; [-2.13, —2.07), 0.11;
[—2.07, —2.07), 0.00; [—2.07, —1.92), 0.23; [~1.92, —1.60], 0.22}

{[-3.27, —2.81),0.14; [—2.81, —2.60), 0.16; [—2.60, —2.53), 0.06; [2.53, —2.23), 0.28;
[—2.23, —2.17), 0.06; [—2.17, —1.95), 0.16; [~1.95, —1.50],0.14}

{[—2.94, —2.47),0.26; [-2.47, —2.37), 0.11; [-2.37, —2.30), 0.08; [—2.30, —2.22), 0.10;
[—2.22, —2.14),0.08; [~2.14, —2.05), 0.11; [—2.05, —1.58], 0.26}

{[-3.12, —2.66), 0.09; [—2.66, —2.37), 0.14; [-2.37, —2.18), 0.12; [-2.18, —1.70), 0.32;
[—1.70,—1.51),0.12; [~1.51, —1.22), 0.14; [-1.22, —0.76], 0.09}

{[=2.95, —2.50), 0.24; [-2.50, —2.42), 0.08; [—2.42, —2.36), 0.08; [—2.36, —2.20), 0.21;
[—2.20, —2.14), 0.08; [—2.14, —2.06), 0.08; [—2.06, —1.60], 0.24}

{[—0.18,0.67), 0.30; [0.67, 0.80), 0.09; [0.80, 0.95), 0.11: [0.95, 0.96), 0.01;
0.96,1.10),0.11; [1.10, 1.23), 0.09; [1.23, 2.08], 0.30}

Continued on next page
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Table 3.4 — continued from previous page

Frequency Histogram for the First Principal Component

12

13

14

15

16

17

18

19

20

21

22

23

{[~1.10, —0.26), 0.21; [~0.26,0.01), 0.13; [0.01, 0.19), 0.09; [0.19, 0.44), 0.13;
[0.44, 0.62), 0.09; [0.62, 0.89), 0.13; [0.89, 1.74],0.21}

{]=0.69,0.03), 0.19; [0.03, 0.25), 0.13; [0.25, 0.39), 0.09; [0.39, 0.63), 0.16:
0.63,0.77), 0.09; [0.77,0.99), 0.13; [0.99, 1.71], 0.19}

{[—0.27,0.45), 0.24; [0.45, 0.58), 0.09; [0.58, 0.77), 0.15; [0.77, 0.81), 0.03;
0.81,1.00), 0.15; [1.00, 1.13), 0.09; [1.13, 1.85], 0.24}

{]0.01,0.34),0.08; [0.34, 0.67), 0.24; [0.67, 0.77), 0.09; [0.77,0.96), 0.17;
0.96,1.06), 0.09; [1.06, 1.39), 0.24; [1.39, 1.72], 0.08}

{[—0.23,0.14), 0.10; [0.14, 0.49), 0.20; [0.49, 0.62), 0.08; [0.62, 0.99), 0.24;
0.99,1.13), 0.08; [1.13,1.47), 0.20; [1.47, 1.85], 0.10}

{[-0.37,0.03),0.11; [0.03, 0.20), 0.12; [0.20, 0.46), 0.20; [0.46, 0.64), 0.14;
[0.64,0.90), 0.20; [0.90, 1.08), 0.12; [1.08, 1.47],0.11}

{[=0.37,0.42), 0.25; [0.42, 0.64), 0.15; [0.64, 0.67), 0.03; [0.67, 0.86), 0.15:
0.86,0.89),0.03; [0.89, 1.11), 0.15; [1.11, 1.90], 0.25}

{[~0.76, —0.10), 0.23; [0.10, —0.04), 0.04; [—0.04, 0.25), 0.21; [0.25, 0.32), 0.04;
0.32,0.61), 0.21; [0.61, 0.67), 0.04; [0.67, 1.33], 0.23}

{[=0.71,—0.24),0.18; [—0.24,0.01), 0.20; [0.01, 0.15), 0.12; [0.15, 0.17), 0.01;
0.17,0.32),0.12; [0.32, 0.56), 0.20; [0.56, 1.04], 0.18}

{]0.63,1.20),0.16; [1.20, 1.49), 0.17; [1.49, 1.49), 0.00; [1.49, 1.99), 0.33;
[1.99,1.99), 0.00; [1.99, 2.28),0.17; [2.28, 2.84], 0.16}

{[—0.50, 0.54), 0.16; [0.54, 1.20), 0.22; [1.20, 1.27), 0.02; [1.27, 1.78), 0.19;
[1.78,1.85), 0.02; [1.85,2.51),0.22; [2.51, 3.55], 0.16}

{[0.70,1.36), 0.26; [1.36, 1.42), 0.05; [1.42, 1.52), 0.08; [1.52, 1.79), 0.22;
[1.79,1.89),0.08; [1.89, 1.94), 0.05; [1.94, 2.61], 0.26}

Continued on next page
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Table 3.4 — continued from previous page

Frequency Histogram for the First Principal Component

24

25

26

27

28

29

30

{[0.04,1.16), 0.18; [1.16, 1.55), 0.15; [1.55, 1.74), 0.08; [1.74, 2.15), 0.18;
[2.15,2.34),0.08; [2.34, 2.73), 0.15; [2.73, 3.85], 0.18}
{]0.44,1.01),0.11; [1.01, 1.58), 0.24; [1.58,1.81), 0.12; [1.81, 1.94), 0.06;
[1.94,2.18), 0.12; [2.18, 2.75), 0.24; [2.75, 3.31], 0.11}
{]0.69,1.06),0.12; [1.06,1.41), 0.23; [1.41, 1.44), 0.03; [1.44, 1.77), 0.24;
[1.77,1.80), 0.03; [1.80, 2.15), 0.23; [2.15, 2.52], 0.12}
{]0.07,1.20),0.26; [1.20, 1.25), 0.02; [1.25, 1.61), 0.17; [1.61, 1.83), 0.10;
[1.83,2.19),0.17; [2.19, 2.24), 0.02; [2.24, 3.37], 0.26}

{]0.58,0.95), 0.08; [0.95, 1.36), 0.20; [1.36, 1.69), 0.19; [1.69, 1.80), 0.07;
[1.80,2.12), 0.19; [2.12, 2.54), 0.20; [2.54, 2.91], 0.08}
{]0.71,1.27),0.20; [1.27,1.43),0.11; [1.43, 1.53), 0.07; [1.53, 1.86), 0.25:
[1.86,1.96),0.07; [1.96, 2.12), 0.11; [2.12, 2.68], 0.20}

{[=0.02,0.83), 0.26; [0.83,0.96), 0.08; [0.96, 1.10), 0.09; [1.10, 1.32), 0.15:

[1.32,1.46), 0.09; [1.46, 1.59), 0.08; [1.59, 2.44], 0.26}

Table 3.5: Histogram for the Second Principal Component of Iris Data Based on Symbolic

Covariance Method

Frequency Histogram for the Second Principal Component

{[-1.11,—0.82),0.12; [—0.82,0.18), 0.76: [0.18, 0.46], 0.12}
{[-1.39, —0.83),0.16; [—0.83,0.71), 0.67; [0.71,1.27],0.16}
{[~1.27, -0.42),0.22; [—0.42, 0.85), 0.56; [0.85, 1.70], 0.22}
{]0.30,0.64),0.11; [0.64, 2.21), 0.78; [2.21, 2.55], 0.11}

Continued on next page
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Table 3.5 — continued from previous page

Frequency Histogram for the First Principal Component

10

11

12

13

14

15

16

17

18
19

{[=0.48, —0.43),0.01; [—0.43, —0.38), 0.02; [—0.38, 0.07), 0.32; [0.07, 0.38), 0.31;
0.38,0.83),0.32; [0.83, 0.88), 0.02; [0.88,0.93],0.01}

{[~1.04,—1.01),0.01; [—1.01, —0.73), 0.16; [0.73, 0.03), 0.66; [0.03, 0.31), 0.16;
0.31,0.34],0.01}

{[=0.74, —0.34),0.11; [—0.34, 1.58), 0.78; [1.58, 1.98], 0.11}

{[~1.22,-0.60), 0.31; [—0.60, —0.17), 0.37; [~0.17, 0.45],0.31}
{[=2.71,—2.64),0.01; [~2.64, —2.25), 0.09; [~2.25, 0.50), 0.82; [0.50, 0.90), 0.09;
(0.90,0.96],0.01}

{[~1.08, —0.69), 0.13; [—0.69, 0.62), 0.73; [0.62, 1.01],0.13}

{[~1.71,-0.86), 0.25; [—0.86, 0.16), 0.48; [0.16, 1.00], 0.25}

{[-1.92, —1.82),0.01; [~ 1.82, —0.86), 0.30; [—0.86, —0.05), 0.37; [—0.05, 0.90), 0.30;

0.90,1.00], 0.01}

{[~2.73,-2.65),0.01; [—2.65, —2.03), 0.19; [~2.03, —0.64), 0.59; [—0.64, —0.02), 0.19;

[—0.02,0.07],0.01}

{[~1.97,—1.89),0.01; [—1.89, —1.27), 0.20; [—1.27, —0.06), 0.57; [—0.06, 0.56), 0.20;

[0.56, 0.64],0.01}
{[~1.10, —1.00), 0.03; [~ 1.00, —0.72), 0.14; [-0.72, 0.37), 0.66; [0.37, 0.65), 0.14;
[0.65,0.75],0.03}

{[~1.11,-1.02),0.01; [-1.02, —0.91), 0.04; [-0.91, —0.29), 0.43; [—0.29, —0.24), 0.04;

[—0.24,0.38), 0.43; [0.38, 0.50), 0.04; [0.50, 0.58], 0.01}

{[~1.70,—1.62),0.01; [~1.62, —1.52), 0.03; [-1.52, —1.18), 0.19; [~ 1.18, —0.40), 0.54;

[—0.40, —0.06), 0.19; [~0.06, 0.04), 0.03; [0.04, 0.12], 0.01}
{[-1.70, —1.02),0.17; [~1.02, 0.59), 0.64; [0.59, 1.27],0.17}

{[~2.16,—2.09),0.01; [-2.09, —2.02), 0.01; [—2.02, —1.40), 0.26; [—1.40, —0.65), 0.44;

Continued on next page
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Table 3.5 — continued from previous page

Frequency Histogram for the First Principal Component

20

21

22

23

24

25

26

27

28

29

30

[—0.65, —0.03), 0.26; [—0.03,0.04), 0.01; [0.04, 0.11],0.01}

{[~1.67,—1.60),0.01; [—1.60, —1.57),0.01; [~1.57, —0.95), 0.34; [0.95, —0.59), 0.28;

[—0.59, 0.03), 0.34; [0.03,0.06), 0.01; [0.06, 0.14],0.01}

{[=0.56,—0.44),0.02; [—0.44, 0.29), 0.34; [0.29, 0.69), 0.26; [0.69, 1.42), 0.34;
[1.42,1.54],0.02}

{[~1.48,—1.35),0.01; [-1.35,0.17), 0.37: [0.17, 0.78), 0.22; [0.78, 2.30), 0.37;
2.30,2.43],0.01}

{[~1.06,—0.98),0.01; [—0.98, —0.36), 0.25; [—0.36, 0.43), 0.47; [0.43, 1.05), 0.25:
[1.05,1.13],0.01}

{[~1.53,—1.40),0.01; [—1.40, —0.44), 0.18; [—0.44, 1.83), 0.60; [1.83, 2.78), 0.18;
[2.78,2.92],0.01}

{[~0.74,—0.63),0.01; [—0.63, —0.55), 0.01; [—0.55, 0.56), 0.46; [0.56, 0.63), 0.04;
0.63,1.75), 0.46; [1.75,1.83),0.01; [1.83, 1.93], 0.01}

{[~0.28,—0.21),0.01; [—0.21, —0.13), 0.03; [-0.13, 0.49), 0.42; [0.49, 0.59), 0.09:
0.59,1.21),0.42; [1.21, 1.29), 0.03; [1.29, 1.36],0.01}

{[=0.65, —0.52), 0.01; [—0.52, 0.50), 0.25: [0.50, 1.87), 0.48; [1.87, 2.89), 0.25;
[2.89,3.02],0.01}

{]0.13,0.21),0.01; [0.21, 0.31), 0.02; [0.31, 1.00), 0.37; [1.00, 1.26), 0.20;
[1.26,1.96), 0.37; [1.96, 2.06), 0.02; [2.06,2.13], 0.01}

{[=0.55,—0.45),0.02; [—0.45, 0.17), 0.30; [0.17, 0.70), 0.36; [0.70, 1.32), 0.30;
[1.32,1.42],0.02}

{[~1.48,—1.40),0.01; [—1.40, —0.44), 0.28; [—0.44, 0.45), 0.42; [0.45, 1.41), 0.28;
[1.41,1.49],0.01}
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COMPARISON OF SYMBOLIC COVARIANCE, VERTICES, AND CENTERS METHODS

To understand the differences between our proposed method and current PCA methods for
interval-valued observations, we apply the vertices and the centers PCA methods to the
Iris dataset of Table 3.1. Results from these methods and their performance compared to
the proposed symbolic covariance method are discussed in this subsection. We divide the
comparison into two parts. First, we will examine the differences in the coefficients of the
principal components. Then, we will study the differences between the principal components
constructed from these coefficients.

Of the current PCA methods for interval-valued observations, the vertices method is the
most comparable to our proposed method so we begin with the vertices method. First, we
compare the covariance and the correlation matrices of the data because they determine
the coefficients for the principal components. In the vertices method, the data matrix X is
transformed into a matrix of vertices X" as defined in Equation (2.31). Then, the classical
covariance and correlation matrices of X" are computed. The covariance matrix and the

correlation matrix of the interval-valued Iris data are given in the following,

0.8763 —0.0928  1.0865  0.4526

0.2910 —0.3405 —0.1355
S = (3.22)
3.1783  1.2300

0.5983

1 —0.1838  0.6510  0.6251

1 —0.3540 —0.3247
R= . (3.23)
1 0.8919

1
All diagonal elemements of Equation (3.22) have values larger than their counterpart
in Equation (3.20) as expected. This is due to the fact that the vertices method treats all

vertices of X" as independent observations. The covariance matrix in Equation (3.22) gives
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the covariance of (2P)n = (21)30 = (16)(30) = 480 data points instead of 30 data points as
in the symbolic covariance matrix of Equation (3.20). Moreover, the variances of Equation
(3.22) are the variances of the vertices of the hyper-rectangles representing observations in
the dataset. The vertices are the most extreme points of a hyper-rectangle and variances of
the extreme points are expected to be larger than variance of all points belonging to the
hyper-rectangle.

The correlation coefficients shown in Equation (3.23) indicate less correlation between
variables based on the vertices than the correlation between variables based on the symbolic
covariance structure shown in Equation (3.21). The largest correlation occurs between ver-
tices of Petal Length and Petal Width with coefficient of 0.8919. This coefficient is much less
than the coefficient of 0.9825 in the symbolic correlation matrix of Equation (3.21). More-
over, the correlation coefficients between Sepal Length and Petal Length and Petal Width
are reduced from 0.9224 and 0.9095, respectively, in the symbolic correlation of Equation
(3.21) to 0.6510 and 0.6251, respectively, in the vertices correlation of Equation (3.23).

Coefficients of the principal components resulting from the correlation structure of the
vertices shown in Equation (3.23) are listed in Table 3.6. Elements whose values are close
to zero are left blank in Table 3.6. In the vertices method, the first principal component
explains only 65.28% of the total variation in the data compared to 81.84% in the symbolic
covariance method. With the second principal component explains an additional 21.56% and
the third principal component explains an additional 10.50% of the total variance, the first
three principal components of the vertices method explains 97% of the total variation in the
data compared to the 98% explained by the first two principal components in the symbolic
covariance method.

More specifically, in the vertices method Petal Length and Petal Width contribute a
much larger share to the first principal component than does Sepal Length with coefficients
of 0.5820 (Petal Length) and 0.5740 (Petal Width) versus 0.4920 (Sepal Length). The share

is more comparable in the symbolic covariance method with coefficients of 0.5473 (Petal
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Table 3.6: Principal Component Coefficients and Variance Proportion of Iris Data Based on
Vertices Method

Variable PC1 PC2 PC3 PC4
Sepal Length 0.4920 -0.3370 0.8010
Sepal Width -0.3000 -0.9310 -0.2060
Petal Length 0.5820 -0.3520 -0.7280
Petal Width 0.5740 -0.1100 -0.4380 0.6830

Proportion of Variance 0.6528 0.2156 0.1050  0.0267
Cumulative Variance 0.6528 0.8684 0.9733  1.0000

Table 3.7: Correlation between Principal Components and Random Variables of Iris Data
Based on Vertices Method

Variable PC1 PC2 PC3 PC4
Sepal Length | 0.7951 -0.3130 0.5193
Sepal Width | -0.4843 -0.8646 -0.1334
Petal Length | 0.9408 -0.2280 -0.2377
Petal Width | 0.9269 -0.1025 -0.2836  0.2232

Length) and 0.5423 (Petal Width) versus 0.5072 (Sepal Length). The reduction in contribu-
tion of Sepal Length to the first principal component in the vertices method is probably a
result of its reduced correlation to Petal Length and Petal Width.

In the absence of other variables, the correlation coefficient between Sepal Length and
the first principal component shown in Table 3.7 is also reduced significantly from 0.9177 in
the symbolic covariance method to 0.7951 in the vertices method. This observation agrees
with other differences based on the correlation structure and the coefficients of the principal
components discussed in the previous paragraph.

Now, we compare the covariance and the correlation structure of the centers method to
the symbolic covariance method. In the centers method, the classical covariance is computed

using the midpoints of the observations as discussed in Section 2.3.1. The diagonal elements
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of the covariance matrix of the centers in Equation (3.24) are smaller then their counterpart

in the symbolic covariance of Equation (3.20) as expected,;

0.4630 —0.0928  1.0865  0.4526

0.1058 —0.3405 —0.1355
S = . (3.24)
2.9011  1.2300

0.5396

A variance in Equation (3.24) reflects the variation between observations whereas a variance
in Equation (3.20) reflects the variation between observations and variation within observa-
tion as discussed in Section 2.1.2 of chapter two and detailed in Billard (2007).

The correlation coefficients of the centers shown in the matrix of Equation (3.25) have
values almost equivalent to their counterpart in the symbolic correlation matrix of Equation

(3.21);

1 —0.4195 0.9375  0.9056

1 —0.6147 —0.5671
R= . (3.25)

1 0.9830
1

Therefore, the correlation structure for the centers and symbolic methods are similar in the
Iris dataset.

The coefficients of the principal components based on the centers method are shown in
Table 3.8, along with the proportion of variance and the cumulative proportion of variance
explained by the principal components. The composition of the principal components as
shown in Table 3.2 and Table 3.8 reflects the similarity in the correlation structure of the
centers and the symbolic covariance method. The first principal component in the centers
method accounts for 81.60% of the total variation compared to 81.84% in the symbolic
covariance method. In both methods, the first principal component is composed of Sepal

Length, Petal Length, and Petal Width, each with an approximately equal contribution.



102

Table 3.8: Principal Component Coefficients and Variance Proportion of Iris Data Based on
Centers Method

Variable PC1 PC2 PC3 PC4
Sepal Length 0.5130 -0.3880 0.7200  0.2600
Sepal Width -0.3790 -0.9020 -0.1780 -0.1030
Petal Length 0.5500 -0.1080 -0.1560 -0.8140
Petal Width 0.5390 -0.1560 -0.6520 0.5100

Proportion of Variance 0.8160 0.1621  0.0201  0.0018
Cumulative Variance 0.8160 0.9781 0.9982  1.0000

Table 3.9: Correlation between Principal Components and Random Variables of Iris Data
Based on Centers Method

Variable PC1 PC2 PC3 PC4
Sepal Length | 0.9276 -0.3121 0.2043  0.0217
Sepal Width | -0.6853 -0.7264 -0.0505 -0.0086
Petal Length | 0.9929 -0.0867 -0.0444 -0.0682
Petal Width | 0.9738 -0.1256 -0.1849  0.0427

The second principal components in both methods are composed of Sepal Width and explain
around 16% of the total variation.

The correlations between the random variables and the principal components for the
centers method are shown in Table 3.9. A comparison of Table 3.3 and Table 3.9 shows fur-
ther similarity in the two methods for this dataset. There exists strong correlation between
the first principal component and Sepal Length, Petal Length, and Petal Width with coef-
ficients of 0.9177, 0.9903, and 0.9812, respectively, for the symbolic covariance method and
0.9276, 0.9929, and 0.9738, respectively, for the centers method. Furthermore, the correlation
between the second principal component and Sepal Width is similar in both methods. The
correlation coefficient between PC2 and Sepal Width is 0.7128 for the symbolic covariance

method and 0.7264 for the centers method.
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Now, we are ready to compare the observations in the principal components space con-
structed from the proposed symbolic covariance method, the vertices method, and the centers
method. As stated in section 2.3.1 and 2.3.2, the principal components resulting from the
vertices and the centers methods have interval values. The lower endpoint of the interval
representing principal component k£ of observation ¢ is the minimum value of the trans-
formed vertices of observation i along the £** principal component. The upper endpoint of
the interval is the maximum value of the transformed vertices along the PCk-axis. As a
result, an observation is represented by a rectangle, called MCAR, as described in Section
3.2.1, on a PCk x PCK' plot created by the vertices and the centers method.

Figure 3.28 shows a plot of the Iris data along the first and the second principal component
based on the vertices method. Figure 3.29 shows a plot of the Iris data along the first and
the second principal component resulting from the centers method. Observations in Figures
3.28 and 3.29 are colored according to species similar to the PC1 x PC2 plot of the Iris
data resulting from the symbolic covariance method of Figure 3.27. In these plots, black
represents species setosa, red represents versicolor, and green represents virginica.

A pattern of species grouping emerges in the PC1 x PC2 plots for the vertices and
the centers methods. Similar to the pattern reveals in the symbolic covariance PC1 x PC2
plot of Figure 3.27, observations of species setosa have smaller PC1 value and form their
own cluster to the left of observations belonging to the other species. Comparison of Figure
3.28 and Figure 3.29 reveals that along the PC1 axis the cluster formed by the rectangles
representing observations of species setosa is more distinct in the vertices method than in the
centers method. There exists overlap in PC1 values between observation 9 and observations
12, 13, and 19 in Figure 3.29 of the centers method which does not exist between those
observations in the vertices method. Otherwise, the plots of Figures 3.28 and 3.29 show a
similar spread of observations along the second principal component axis.

To understand how transformation of the same observations can create overlap along

the PCl-axis in one method but not in the other, we need to look at principal component
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Figure 3.28: Plot of PC1 x PC2 for Iris Data Based on Vertices Method (Color Represents
Species)
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Figure 3.29: Plot of PC1 x PC2 for Iris Data Based on Centers Method (Color Represents
Species)
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analysis geometrically. A principal components space of a dataset is a coordinate system
that maximizes the variances in the data. The principal component axes can be obtained
by rotating the axes of the original sample space in such a way that the axis along the
first principal component coincides with the direction of the largest variation in the data,
the PC2-axis is orthogonal to the PCl-axis and coincides with the direction of the second
largest variation, and so on.

The direction of rotation for each principal component axis is determined by the coeffi-
cients for that principal component. We discussed earlier in this section that the coefficients
for Sepal Length, Petal Length, and Petal Width for PC1 are approximately equal in the
centers method whereas the coefficient of Sepal Length is smaller than the coefficients of
Petal Length and Petal Width in the vertices method. Therefore, the hyper-rectangles rep-
resenting observations in the Iris dataset are rotated differently in the principal components
spaces resulting from these methods. However, a PC1 x PC2 plot of an observation based
on the vertices and the centers method only shows the MCAR enscribing all vertices of the
observation. It does not show the rotation direction of the principal component axes.

The direction of rotation affects the size and shape of the resulting MCAR  as illustrated
in Figure 3.30. In Figure 3.30 the solid orange and solid green rectangles represent the same
interval-valued observation in a two-dimensional space. T'wo different colors for the rectangles
signify two differernt methods of PCA, the vertices and the centers methods, applied to the
same observation. The resulting principal components spaces are different for the orange
observation and the green observation. Now, if we make a PC1 x PC2 plot for each method
and put one plot on top of the other so that their PC1 and PC2 axes align we obtain the
picture in Figure 3.30. We can see that the rectangles have identical size and shape in their
respective sample space. That is, if we look at the orange rectangle in the direction of its
coordinate axes, annotated in orange and look at the green rectangle in the direction of
its coordinate axes, annoted in green; then the shape and size of these two rectangles are

the same. Figure 3.30 shows that the rotation applied to the orange rectangle gives it a
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pe,

PC;

Figure 3.30: Maximum Covering Areas from Two Different Rotations of One Rectangle (Color
Represents Original Sample Space)

wider range along the PC1 axis than the rotation applied to the green rectangle. At the
same time, the rotation applied to the green rectangle gives it a wider range of values along
the PC2 axis than the orange rectangle. The resulting MCAR for the orange rectangle on
the PC1 x PC2 plane, outlined in orange, is wider along the PC1 axis and shorter along
the PC2 axis than the MCAR for the green rectangle, outlined in green. The rectangles
representing different rotations of the same observation can be significantly different in a
principal components space. Therefore, we can see that the overlap between observations in
the centers method results from the rotation that stretched the MCAR more along the PC1
axis than the rotation in the vertices method.

The affect of rotation on the shape and the size of the rectangle representing an obser-

vation on a PCk; x PCky plane can be minimized when the observation is represented by



107

a polygon resulting from projecting an observation onto a PCk; x PCk, plane as proposed
in the symbolic covariance PCA method. In our proposed method, rotating the observations
about the origin of the PC1 x PC2 plane of Figure 3.27 does not change the shape of the
polygons. Another drawback of plotting an observation as a rectangle on a PCk; x PCk,
plane is that, given a maximum covering area rectangle, it is impossible to discern the exact
direction of rotation and the shape of the rectangle in its original sample space. Figure 3.31

shows two rectangles that could be rotated to produce the same MCAR outlined in black.

pe;

Figure 3.31: Maximum Covering Area from Two Different Rectangles (Color Represents
Original Sample Space)

By looking at the rectangles in Figures 3.28 and 3.29, it is impossible to tell the shape
and the direction of the observations. However, the polygons constructed by our proposed
symbolic covariance method shown in Figure 3.27 give the shape of the observations as well
as the direction of rotation of the principal components space in a two-dimensional plane.

The plot of Figure 3.27 based on the symbolic covariance method shows clearer clusters of
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species and gives better representation of the observations than do the plots of Figures 3.28
and 3.29 resulting from the vertices and the centers methods.

In this subsection, we have shown that the symbolic covariance principal components
maximize the total variance of an interval-valued dataset instead of maximizing only part
of the variance as in the centers and the vertices methods. We further showed that our
proposed symbolic covariance method reconstructs the true structure of the observed data
in a principal components space. The PC1 x PC2 plot of the observations we proposed shows
the projection of the true structure of the observations. True projection of the observations
eliminates unnecessary overlap between observations caused by the maximum covering area
rectangle used in the vertices and the centers methods. Without the unnecessary overlap,
our PC1 x PC2 plot allows the data to show clusters of observations with common features

more clearly.

COMPARISON OF SYMBOLIC COVARIANCE PCA AND crLassicaL PCA

Having shown the improvements of our proposed method over current PCA methods for
interval-valued data, we now compare the symbolic covariance principal components and
classical principal components for the Iris data. Prior to the introduction of symbolic data
analysis, symbolic observations had to be reduced to a classical data point before analysis
could be performed. In the case of interval-valued variables, the midpoint is typically used to
represent an interval. Another alternative is to treat the interval endpoints as two indepen-
dent variables. In this subsection, we will show how these two alternatives do not adequately
account for the total structure of interval-valued data.

First, we apply classical PCA to the midpoints of the Iris dataset of Table 3.1. The
covariance and the correlation matrix for the midpoints are identical to those of the centers
method which are shown in Equations (3.24) and (3.25) because the centers method is based
on the covariance structure of the interval midpoints. Similar to the discussion of the centers

principal components in the previous subsection, classical principal components using the
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midpoints only maximize the variance between observations and ignore the variance within
observations.

Next, we apply classical PCA to the interval endpoints of the Iris dataset. Since the
endpoints are treated as two independent variables, the number of variables in this analysis
doubled to eight, a lower endpoint and an upper endpoint each for Sepal Length, Sepal

Width, Petal Length, and Petal Width. The covariance matrix of the endpoints is given by

1 08174 —0.3261 —0.4107 0.8535 0.8267 0.7998  0.8121
1 —0.3932 —0.3224 09106  0.9342  0.8875  0.9044
1 06318 —0.5536 —0.5758 —0.4810 —0.5155

1 —0.5330 —0.5422 —0.5316 —0.5093

R-= . (3.26)
1 09743 09776  0.9815
1 09533  0.9762

1 0.9811

1

The covariance matrix of Equation (3.26) indicates strong correlation between the lower
and upper endpoints for all variables. The correlation coefficients between the endpoints are
0.8174 for Sepal Length, 0.6318 for Sepal Width, 0.9533 for Petal Length, and 0.9811 for
Petal Width. Principal component coefficients and the proportion of variance explained are
shown in Table 3.10. As a result of the extremely high correlation between the endpoints, each
set of endpoints contribute an approximately identical ammount to the first two principal
components. That is, the coefficients for Sepal Length are 0.347 and 0.369. They are 0.399
and 0.398 for Petal Length and 0.390 and 0.394 for Petal Width. Although there are eight
variables in this analysis it takes only two principal components to explain 90.27% of the
total variation in the data.

We further observe that the composition of the first two principal components based on

the endpoints is similar to the composition based on the midpoints. Variables Sepal Length,



110

Table 3.10: Principal Component Coefficients and Variance Proportion of Iris Data Based
on Classical Method Using Endpoints

Variable PC1 _ PC2  PC3  PC4  PC5  PC6  PC7  PCR
Sl Longr, 03470 02410 0.3240  0.8170 -0.1630 20.1530
epal Lengtl ) 3600 -0.2860 -0.1860 0.7740 -0.3010 0.2240
. 20.2440  -0.6460  0.6350 -0.3040 0.1160
Sepal Width 0 100 06450 -0.6650 0.1230 -0.2480
0.3990 02520 -0.2740  0.8310
Petal Length 000 0.1960  0.6270 -0.6190
. 0.3900 -0.3690 -0.3570 -0.4740 -0.4820 -0.3390
Petal Width 29 20.2730  -0.2780 0.4560 -0.1680 0.6670

Proportion 0.7680 0.1347 0.0506 0.0289 0.0125 0.0032 0.0012 0.0010
Cumulative 0.7680 0.9027 0.9533 0.9821 0.9947 0.9978 0.9990 1.0000

Table 3.11: Correlation between Principal Components and Random Variables of Iris Data
Based on Classical Method Using Endpoints

Variable PC1  PC2  PC3  pPC4a  pPCs,  PC6  PC7  PCR
Sonal Longt,  0-8601 02502 0.2061 03927 -0.0516 20.0148
cpal Leng 0.9146 -0.2969 -0.1183 0.2450 -0.0479 0.0200
. -0.6048 -0.6706  0.4040 -0.1461 0.0112
Sepal Width <03 06605 -0.4231  0.0591 -0.0785
0.9890 0.0798 -0.0436  0.0805
Petal Length ) g0 0.0621  0.0998 -0.0553
0.9667 01774 -0.1130 -0.0754 -0.0467 -0.0303

Petal Width 0.9766 -0.1312  -0.0880 0.0725 -0.0163  0.0596
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Petal Length, and Petal Width contribute approximately equal amounts to the first principal
component and Sepal Width is the largest contributor to the second principal component.
The similarity between classical PCA using the endpoints and using the midpoints is
also seen in the correlation between the principal components and the random variables. In
both methods, the first principal component is highly correlated with Sepal Length, Petal
Length and Petal Width with an average correlation coefficients for the endpoints being 0.89
versus a correlation coefficient of 0.92 for the midpoints for Sepal Length, 0.99 versus 0.99
for Petal Length, and 0.97 versus 0.97 for Petal Width. The second principal component is
highly correlated with Sepal Width with an average correlation coefficients of 0.67 for the

endpoints versus 0.72 for the midpoints.
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Figure 3.32: Plot of PC1 x PC2 for Iris Data Based on Classical PCA Method Using Mid-
points (Color Represents Species)

The midpoints PC1 x PC2 plot of Figure 3.32 and the endpoints PC1 x PC2 plot of
Figure 3.33 show similar patterns. Points representing setosa irises have small PC1 values and

form a distinct cluster from points representing other species. Because each observation is

represented by only one point in classical PCA | the plots of Figures 3.32 and 3.33 do not show
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Figure 3.33: Plot of PC1 x PC2 for Iris Data Based on Classical PCA Method Using End-
points (Color Represents Species)

the structure of interval-valued observations. Therefore, differences in internal variation of an
observation can not be detected in these plots. For instance, from the symbolic covariance
PC1 x PC2 plot of Figure 3.27 we can see that the size of observation 4 is only half as
wide as observation 3 and it is only half as long as observation 9; or observation 22 is much
shorter and much wider than observations 24 and 27. Moreover, without the structure of the
observation, classical PCA plots can show clusters where they do not exist. For example,
Figures 3.32 and 3.33 show no overlap between versicolor and viriginica species along the PC2
axis. However, the symbolic covariance plot of Figure 3.27 reveals that with the structure of
interval-valued observations, these two species have much overlap in PC2 values.

In this comparison, we showed that the symbolic covariance PCA method accounts for

the total variation of interval-valued observations instead of only part of the variation when
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classical PCA is used to anlyze interval-valued data. Plots from our proposed method further

show the structure of interval-valued observations which does not exist in classical PCA.

3.4.2 FACE RECOGNITION EXAMPLE

THE DATA

Figure 3.34: Diagram of Variables for Face Recognition Data

In the second example, we apply the proposed symbolic covariance PCA method to the
Face Recognition data published by Leroy et al. (1996). This dataset came from a study
of face identification using two dimensional images. Leroy et al. (1996) identified points
characterizing a person’s face. Images of the subjects were taken and distances between these
points were measured. The six variables for the Face Recognition data are shown in Figure
3.34, namely, AD, BC, AH, DH, HE, and HG. This dataset gives face measurements of nine
subjects, each with three observations. Therefore, the dataset consists of 27 observations.
Since measurements for each observation came from a sequence of images, they have interval
values. Table 3.12 gives the complete dataset. Each observation is labeled by three letters

identifying the subject and a number between 1 and 3 distinguishing observations for the
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Table 3.12: Interval-Valued Face Recognition Data

i Label AD BC AH DH EH GH
1 FRA1 [155,157] [58,61] [100,103] [105,107] [61,66] [64,68]
2 FRA2 [154,160] [57,64] [102,106] [104,107] [61,63] [63,66]
3 FRA3 [154,161] [57,63] [99,106] [101,109] [61,66] [60,66]
4 HUS1 [169,173] [59,63] [103,107] [122,125] [57,61] [60,65]
5 HUS2 [170,175] [60,64] [103,109] [120,125] [57,62] [60,67]
6 HUS3 [169,175] [61,64] [104,107] [121,125] [57,62] [58,67]
7 INC1 [155,160] [53,60] [96,98]  [92,94] [62,66] [59,63]
8 INC2 [156,161] [51,60] [96,99]  [91,97] [55,64] [54,62]
9 INC3 [154,160] [55,59] [94,99]  [90,96] [59,66] [56,66]
10 ISA1 [164,168] [55,60] [120,123] [118,121] [54,57] [51,53]
11 ISA2 [163,170] [54,59] [119,123] [117,120] [55,59] [52,55]
12 ISA3  [164,169] [55,59] [117,123] [117,122] [53,58] [52,55]
13 JPL1 [167,171] [61,65] [118,122] [108,111] [64,68] [57,61]
14 JPL2 [169,173] [60,65] [119,121] [109,113] [63,69] [57,62]
15 JPL3 [169,170] [59,65] [116,121] [110,112] [62,68] [59,63]
16 KHA1 [149,156] [54,59] [112,116] [105,111] [54,58] [48,51]
17 KHA2 [149,155] [52,58] [111,113] [105,111] [54,58] [49,53]
18 KHA3 [150,157] [52,60] [109,113] [105,111] [55,60] [49,53]
19 LOT1 [153,158] [51,56] [117,120] [115,117] [55,60] [53,57]
20 LOT2 [155,158] [52,56] [118,120] [114,117] [58,61] [54,58]
21 LOT3 [155,158] [50,55] [118,120] [114,117] [57,61] [55,58]
22 PHI1 [163,167] [66,68] [115,120] [116,121] [61,65] [57,60]
23 PHI2 [164,168] [65,68] [115,120] [115,121] [61,67] [55,62]
24 PHI3 [161,167] [64,69] [117,119] [115,119] [62,69] [57,60]
25 ROMI [167,171] [64,68] [124,127] [123,126] [51,55] [50,54]
26 ROM2 [168,172] [63,68] [122,127] [124,127] [50,57] [50,57]
27 ROMS3 [167,171] [63,68] [122,127] [123,128] [49,57] [51,60]

same subject. Further discussion of the data can be found in Leroy et al. (1996) and Billard
et al. (2007).
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We first computed the symbolic covariance matrix for the Face Recognition data of Table

3.12 based on Equation (3.1). The variance-covariance matrix is

46.80 21.47 23.78 41.13
21.01 11.09 19.67
80.67 59.28

88.27

—0.10
4.71

—12.18
—17.90

18.00

5.47
5.98
—27.67
—12.87
13.72
22.87

(3.27)

Matrix S of Equation (3.27) shows that AH and DH have the largest variance, 80.67 and

88.27, respectively. Variables BC, HE, and HG have variance of similar size, 21.01, 18.00,

and 22.87, respectively. Equation (3.28) gives the correlation matrix of the Face Recognition

dataset using the symbolic covariance matrix of Equation (3.27) as follows,

1 0.6846 0.3871 0.6400
1 0.2693 0.4567

1 0.7025

1

—0.0034
0.2423
—0.3197
—0.4490
1

0.1672

0.2729

—0.6443

—0.2865

0.6762

1

(3.28)

The correlation matrix of Equation (3.28) shows strong correlation between AD and BC with

a coefficient of 0.6846, AD and and DH with a coefficient of 0.6400. Variable AH is positively

correlated with DH with a coefficient of 0.7025 and AH is negatively correlated with HG

with a coefficient of -0.6443. In addition, HE and HG are correlated with a coefficient of

0.6762. With information about the correlation structure of the Face data, we proceed with

computing the principal components based on the symbolic correlation matrix of the Face

Recognition data.
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Table 3.13: Principal Component Coefficients and Variance Proportion of Face Recognition
Data Based on Symbolic Covariance Method

Variable PC1 PC2 PC3 PC4 PC5 PC6
AD -0.3894  0.4425 -0.2516 -0.3450 0.6801 0.0874
BC -0.2783 0.5368 0.1148 0.7844 -0.0627 -0.0435
AH -0.5177 -0.1067 0.5796 -0.2317 -0.0565 -0.5726
DH -0.5491  0.0888 -0.2282 -0.2502 -0.6366 0.4130
HE 0.3165 0.4562 0.6603 -0.2788 -0.0662 0.4166
HG 0.3181 0.5372 -0.3154 -0.2676 -0.3473 -0.5644

Proportion of Variance  0.4621 0.3442 0.0992 0.0491 0.0368  0.0087
Cumulative Proportion  0.4621  0.8063 0.9055 0.9545 0.9913  1.0000

ANALYSIS RESULTS

Now, we apply the proposed symbolic covariance PCA method to the Face Recognition data
of Table 3.12. The coefficients and the proportion of variation explained by the principal
components are listed in Table 3.13. The first principal component explains 46.21% and the
second principal component explains another 34.42% of the overall variability in the data.
Together they account for more than 80% of the total variation in the data. The biggest
contributors to the first principal component include AH and DH with coefficients of -0.5177
and -0.5491, respectively. Variables AH and DH give measurements along the length of a
face as shown in Figure 3.34. Therefore, longer faces have smaller PC1 values. The second
principal component is composed of AD, BC, HE, and HG with coefficients of 0.4425, 0.5368,
0.4562, and 0.5372, respectively. Variables AD, BC, HE, and HG measure points spread along
the width of the face. Therefore, wider faces have larger PC2 values.

With the first two principal components explaining 80% of the total variation in the data,
a plot of observations along the PC1 and PC2 axes should reveal important features in the
data. A plot of the symbolic PC1 x PC2 for the Face Recognition data is shown in Figure

3.35. Observations are colored by person. The polygons representing the observations are
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labeled by person in the same order as they are listed in Table 3.12. That is, person one is

FRA, person two is HUS, person three is INC, and so on.

PC2
0
|

Figure 3.35: Plot of PC1 x PC2 for Face Recognition Fata Based on Symbolic Covariance
Method (Color Represents Person)

An immediate observation from Figure 3.35 is that sets of three faces belonging to the
same person group together. Faces of the nine subjects form five distint groups. Figure
3.35 indicates that HUS (person 2), JPL (person 5), and PHI (person 8) have similar facial
features. All three subjects have wide faces of medium length. Subjects KHA (6) and LOT
(7) have similar features. Their faces are narrow with medium length. The person with the
longest face seems to be ROM (9). Whereas, ISA (4) has a long and narrow face which is
distinct from all others. The last group is formed by FRA (1) and INC (3). Both of these
subjects have short faces of medium width. However, measurements of INC’s face have higher
variability than do measurements of FRA’s.

The correlations between the principal components and the random variables are shown
in Table 3.14. The correlation coefficients of -0.8620 and -0.9143 indicate a strong negative

correlation between PC1 and AH and DH. Again, AH and DH are measurements along the
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Table 3.14: Correlation Between Principal Components and Random Variables of Face Recog-
nition Data Based on Symbolic Covariance Method

Variable PC1 PC2 PC3 PC4 PC5 PC6
AD -0.6484 0.6359 -0.1941 -0.1872 0.3195 0.0200
BC -0.4634 0.7715 0.0885 0.4257 -0.0294 -0.0099
AH -0.8620 -0.1534  0.4471 -0.1257 -0.0266 -0.1307
DH -0.9143  0.1277 -0.1761 -0.1358 -0.2991 0.0943
HE 0.5270 0.6557 0.5094 -0.1513 -0.0311 0.0951
HG 0.5296 0.7720 -0.2433 -0.1452 -0.1631 -0.1289

length of the face. Therefore, PC1 is correlated to face length. Correlation coefficients of
0.6359 for AD, 0.7715 for BC, 0.6557 for HE, and 0.7720 for HG in the second principal
component column indicate strong positive correlation between PC2 and these variables
which measure the horizontal span of the face. Hence, PC2 is correlated to face width. The
conclusions about the first two principal components drawn from the correlation coefficients
of Table 3.14 agree with our conclusions from the coefficients of the principal components
shown in Table 3.13.

After exploring the coefficients and the plot of the observations on a PC1 x PC2 plane,
we computed the histogram-valued principal components based on the PC1 x PC2 plot of
the Face data. The principal components in Table 3.15 can be used as input into a model

for further analysis.

Table 3.15: Histogram for the First Principal Component of the Face Recognition Data Based

on Symbolic Covariance Method

i | Frequency Histogram for the First Principal Component

1| {[1.74,1.92),0.06; [1.92,1.98), 0.04; [1.98,2.03), 0.05; [2.03, 2.17), 0.15; [2.17, 2.30), 0.17;
[2.30,2.33),0.04; [2.33, 2.46), 0.17; [2.46, 2.60), 0.15; [2.60, 2.66), 0.05; [2.66, 2.71), 0.04;

Continued on next page
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Table 3.15 — continued from previous page

Frequency Histogram for the First Principal Component

[2.71,2.89],0.06}

{[1.13,1.37),0.06; [1.37, 1.53), 0.10; [1.53, 1.56), 0.02; [1.56, 1.73), 0.15; [1.73, 1.90), 0.16;
[1.90, 1.91),0.01; [1.91, 2.07), 0.16; [2.07, 2.25), 0.15; [2.25, 2.28), 0.02; [2.28, 2.44), 0.10;
[2.44,2.67],0.06}

{]0.87,1.23),0.06; [1.23, 1.26), 0.01; [1.26, 1.61), 0.17; [1.61, 1.63), 0.01; [1.63, 1.97), 0.21;
[1.97,2.10),0.08; [2.10, 2.44), 0.21; [2.44, 2.46), 0.01; [2.46, 2.81), 0.17; [2.81, 2.84), 0.01;
[2.84,3.20],0.06}

{[~1.10, —0.83),0.08: [-0.83, —0.81), 0.01; [-0.81, —0.58), 0.19; [—0.58, —0.50), 0.08:
[—0.50, —0.45), 0.05; [—0.45, —0.29), 0.18; [—0.29, —0.24), 0.05; [—0.24, —0.17), 0.08;
[—0.17,0.06), 0.19; [0.06, 0.08), 0.01; [0.08, 0.35], 0.08}

{[~1.41,—1.16),0.04; [-1.16, —0.99), 0.07; [-0.99, —0.86), 0.07; [—0.86, —0.61), 0.17;
[—0.61, —0.56), 0.04; [—0.56, —0.28), 0.22; [—0.28, —0.23), 0.04; [—0.23,0.02), 0.17;
0.02,0.14), 0.07; [0.14, 0.31), 0.07; [0.31, 0.57], 0.04}

{[~1.45,—1.32),0.01; [-1.32, —0.96), 0.15; [-0.96, —0.85), 0.07; [—0.85, —0.71), 0.11;
[—0.71,—0.53), 0.15; [—0.53, —0.52), 0.01; [-0.52, —0.34), 0.15; [—0.34, —0.19), 0.11;
[—0.19, —0.09), 0.07; [—0.09, 0.27), 0.15; [0.27, 0.40], 0.01}

{[2.35,2.63),0.07; [2.63, 2.78), 0.09; [2.78,2.91), 0.11; [2.91, 3.06), 0.14; [3.06, 3.07), 0.01;
3.07,3.22),0.15; [3.22, 3.23), 0.01; [3.23, 3.38), 0.14; [3.38, 3.51), 0.11; [3.51, 3.66), 0.09;
3.66,3.94],0.07}

{[1.25,1.73),0.08; [1.73, 1.80), 0.03; [1.80, 2.09), 0.13; [2.09, 2.41), 0.19; [2.41, 2.62), 0.13;
[2.62,2.96),0.19; [2.96, 3.24), 0.13; [3.24, 3.31), 0.03; [3.31, 3.79], 0.08}
{[1.83,2.07),0.03; [2.07, 2.40), 0.11; [2.40, 2.48), 0.04; [2.48, 2.75), 0.15; [2.75, 2.99), 0.15;
[2.99,3.07), 0.05; [3.07, 3.31), 0.15; [3.31, 3.57), 0.15; [3.57, 3.66), 0.04; [3.66, 3.99), 0.11;
3.99,4.23],0.03}

Continued on next page
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Table 3.15 — continued from previous page

Frequency Histogram for the First Principal Component

10

11

12

13

14

15

16

17

{[—2.18, —2.02),0.04; [—2.02, —1.88), 0.09; [~1.88, —1.79), 0.08: [-1.79, —1.65), 0.15;
[—1.65, —1.63), 0.02; [—1.63, —1.45), 0.22; [~1.45, —1.43),0.02; [~ 1.43, —1.29), 0.15;
[—1.29, —1.20),0.08; [—1.20, —1.06), 0.09; [—1.06, —0.90], 0.04}

{[~2.00, —1.81),0.03; [~1.81, —1.70), 0.06; [—1.70, —1.58), 0.08; [~ 1.58, —1.33), 0.21;
[—1.33, —1.30), 0.03; [~1.30, —1.12), 0.17; [-1.12, —1.09), 0.03; [~ 1.09, —0.85), 0.21;
[—0.85, —0.72), 0.08; [~0.72, —0.61), 0.06; [~0.61, —0.42], 0.03}

{[~2.29, —2.07), 0.04; [-2.07, —2.05), 0.01; [~2.05, —1.76), 0.15; [1.76, —1.66), 0.07;
[—1.66, —1.43),0.19; [—1.43, —1.33), 0.08; [~1.33, —1.10), 0.19; [~1.10, —1.00), 0.07;
[—1.00, —0.71), 0.15; [—0.71, —0.69), 0.01; [—0.69, —0.47], 0.04}
{[-0.88,—0.65),0.07; [—0.65, —0.41), 0.19; [—0.41, —0.35), 0.06; [-0.35, —0.24), 0.12;
[—0.24, —0.14), 0.11; [—0.14, —0.03), 0.12; [—0.03, 0.03), 0.06; [0.03, 0.26), 0.19;
0.26,0.26), 0.00; [0.26, 0.50], 0.07}

{[~1.15,—0.87),0.07; [—0.87, —0.85), 0.01; [~0.85, —0.62), 0.15; [~0.62, —0.39), 0.20;
[—0.39, —0.37), 0.02; [—0.37, —0.27), 0.10; [-0.27, —0.25), 0.02; [-0.25, —0.02), 0.20;
[—0.02,0.21),0.15; [0.21,0.23), 0.01; [0.23, 0.51],0.07}

{[=0.89, —0.66), 0.05; [—0.66, —0.52), 0.07; [—0.52, —0.46), 0.04; [—0.46, —0.34), 0.10;
[—0.34, —0.17), 0.15; [—0.17, —0.02), 0.15: [—0.02, 0.15), 0.15; [0.15, 0.27), 0.10;
0.27,0.33),0.04; [0.33,0.47), 0.07; [0.47, 0.70], 0.05}

{[=0.60, —0.45), 0.02; [—0.45, —0.30), 0.06; [~0.30, —0.15), 0.09; [—0.15, 0.05), 0.17;
[0.05,0.07), 0.01; [0.07, 0.39), 0.28; [0.39, 0.40), 0.01; [0.40, 0.61), 0.17;
0.61,0.75),0.09; [0.75, 0.90), 0.06; [0.90, 1.06], 0.02}

{[=0.35,—0.12), 0.04; [—0.12, 0.03), 0.07; [0.03, 0.21), 0.13; [0.21, 0.32), 0.10;
0.32,0.37), 0.04; [0.37, 0.66), 0.26; [0.66, 0.70), 0.04; [0.70, 0.82), 0.10;

0.82,1.00), 0.13; [1.00, 1.15), 0.07; [1.15, 1.37], 0.04}

Continued on next page
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Table 3.15 — continued from previous page

Frequency Histogram for the First Principal Component

18

19

20

21

22

23

24

25

{[=0.43, —0.15), 0.04; [—0.15, 0.06), 0.09; [0.06, 0.19), 0.07; [0.19, 0.40), 0.14;

[0.40, 0.46), 0.04; [0.46, 0.77), 0.23; [0.77,0.83), 0.04; [0.83, 1.04), 0.14;
[1.04,1.16),0.07; [1.16, 1.38), 0.09; [1.38, 1.66], 0.04}

{[=0.73,—0.49), 0.06; [—0.49, —0.44), 0.03; [—0.44, —0.19), 0.21; [—0.19, —0.15), 0.04;
[—0.15,—0.02), 0.15; [—0.02, 0.01), 0.03; [0.01, 0.15), 0.15; [0.15, 0.18), 0.04;
[0.18,0.43), 0.21; [0.43, 0.49), 0.03; [0.49, 0.73], 0.06}

{[=0.48, —0.24),0.09; [—0.24, —0.23), 0.01; [~0.23, —0.06), 0.17; [~0.06, —0.02), 0.05;
[—0.02,0.10),0.16; [0.10, 0.12), 0.02; [0.12, 0.24), 0.16; [0.24, 0.29), 0.05;

0.29,0.46), 0.17; [0.46, 0.47), 0.01; [0.47, 0.70],0.09}

{[=0.42, —0.24), 0.04; [—0.24, —0.12), 0.08; [~0.12, 0.05), 0.17; [0.05, 0.09), 0.04;
0.09,0.21),0.16; [0.21, 0.34), 0.16; [0.34, 0.37), 0.04: [0.37, 0.54), 0.17;
0.54,0.67),0.08; [0.67, 0.84], 0.04}

{[~1.52,—1.39),0.02; [~1.39, —1.33),0.03; [~1.33, —1.17), 0.11; [-1.17, —1.01), 0.15;
[—1.01, —0.88), 0.13; [—0.88, —0.76), 0.13: [=0.76, —0.63), 0.13; [~ 0.63, —0.47), 0.15;
[—0.47, —0.30), 0.11; [—0.30, —0.24), 0.03; [—0.24, —0.12], 0.02}

{[-1.68, —1.50),0.03; [~1.50, —1.27),0.09; [~ 1.27, —0.93), 0.21; [0.93, —0.80), 0.10;
[—0.80, —0.64), 0.13; [—0.64, —0.51), 0.10; [~0.51, —0.18), 0.21; [~0.18, 0.05), 0.09;
0.05,0.24],0.03}

{[~1.38,—1.15),0.04; [-1.15, —1.08), 0.03; [~1.08, —0.74), 0.21; [—0.74, —0.61), 0.11;
[—0.61, —0.49),0.11; [0.49, —0.37), 0.11; [—0.37, —0.24), 0.11; [~0.24, 0.10), 0.21;
0.10,0.16), 0.03; [0.16, 0.40], 0.04}

{[—3.69, —3.44), 0.08; [—3.44, —3.42), 0.02; [-3.42, —3.21), 0.18; [—3.21, —3.16), 0.05;
[—3.16, —3.01), 0.17; [=3.01, —3.00), 0.01; [—3.00, —2.85), 0.17; [—2.85, —2.80), 0.05;
[—2.80, —2.59), 0.18; [—2.59, —2.56), 0.02; [~2.56, —2.32], 0.08}

Continued on next page
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Table 3.15 — continued from previous page

i | Frequency Histogram for the First Principal Component

26 | {[—3.88,—3.58),0.06; [—3.58, —3.41), 0.08; [~3.41, —3.35), 0.03: [-3.35, —3.17), 0.12;
[—3.17,—2.90), 0.21; [—2.90, —2.89), 0.01; [-2.89, —2.61), 0.21; [-2.61, —2.43), 0.12;
[—2.43, —2.37), 0.03; [~2.37, —2.20), 0.08; [—2.20, —1.90], 0.06 }

27 | {[—3.81,—3.51),0.04; [-3.51, —3.28), 0.09; [~3.28, —3.18), 0.05: [3.18, —2.97), 0.11;
[—2.97, —2.69), 0.18; [—2.69, —2.59), 0.07; [-2.59, —2.31), 0.18; [-2.31, —2.10), 0.11;
[—2.10, —2.00), 0.05; [—2.00, —1.77), 0.09; [—1.77, —1.47],0.04}

Table 3.16: Histogram for the Second Principal Component of Face Recognition Data Based

on Symbolic Covariance Method

i | Frequency Histogram for the Second Principal Component

1 | {]0.23,0.34), 0.05; [0.34, 0.69), 0.25; [0.69, 1.10), 0.38; [1.10, 1.45), 0.25;
[1.45,1.57),0.05}

2 | {[=0.18,0.05),0.07; [0.05, 0.20), 0.07; [0.20, 0.45), 0.16: [0.45, 1.02), 0.39;
[1.02,1.27),0.16; [1.27,1.41),0.07; [1.41, 1.65), 0.07}

3| {[=0.53,—0.45),0.01; [—0.45, 0.00), 0.14; [0.00, 0.05), 0.02; [0.05, 0.70), 0.33;
[0.70,0.72), 0.01; [0.72, 1.38), 0.33; [1.38, 1.42), 0.02; [1.42, 1.87), 0.14;
[1.87,1.95),0.01}

4 | {[0.40,0.63),0.08; [0.63, 0.87), 0.12; [0.87, 1.20), 0.24; [1.20, 1.33), 0.11;
[1.33,1.66), 0.24; [1.66, 1.89), 0.12; [1.89, 2.13), 0.08}

5 | {[0.61,0.64),0.01;[0.64,0.94), 0.09; [0.94, 1.24), 0.14; [1.24, 1.43), 0.11;
[1.43,1.96),0.31; [1.96, 2.15), 0.11; [2.15, 2.45), 0.14; [2.45, 2.76), 0.09;

[2.76,2.79),0.01}

Continued on next page
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Table 3.16 — continued from previous page

Frequency Histogram for the Second Principal Component

10

11

12

13

14

15

16

{[0.49, 0.90), 0.13; [0.90, 0.97), 0.03; [0.97, 1.15), 0.09; [1.15, 1.98), 0.47;
[1.98,2.16),0.09; [2.16, 2.22), 0.03; [2.22, 2.64), 0.13}

{[=0.88, —0.54), 0.09; [0.54, —0.47), 0.03; [—0.47, 0.00), 0.28; [0.00, 0.28), 0.20;
0.28,0.76), 0.28; [0.76, 0.83), 0.03; [0.83, 1.16), 0.09}

{[-2.36, —2.04),0.05; [-2.04, —1.37), 0.19; [~ 1.37, —0.98), 0.16; [—0.98, —0.57), 0.19:;
[—0.57, —0.18), 0.16; [—0.18, 0.48), 0.19; [0.48, 0.81), 0.05}

{[-1.38,—1.01),0.09; [-1.01, —0.65), 0.13; [~0.65, —0.55), 0.04; [—0.55, 0.45), 0.45;
[0.45,0.55),0.04; [0.55,0.92), 0.13; [0.92, 1.29), 0.09}

{[~1.92, —1.66),0.12; [-1.66, —1.59), 0.05; [—1.59, —1.31), 0.22; [~1.31, —1.07), 0.22;
[—1.07, —0.80), 0.22; [—0.80, —0.73), 0.05; [-0.73, —0.47), 0.12}

{[~1.79, —1.44),0.14; [-1.44, —1.35), 0.06; [~ 1.35, —1.13), 0.16; [—1.13, —0.77), 0.28:
[—0.77,—0.55), 0.16; [—0.55, —0.46), 0.06; [—0.46, —0.11), 0.14}
{[-1.97,—-1.92),0.01; [-1.92, —1.60), 0.12; [~ 1.60, —1.31), 0.17; [-1.31, —1.13), 0.13;
[—1.13,-0.95), 0.14; [—0.95, —0.76), 0.13: [=0.76, —0.48), 0.17; [—0.48, —0.17), 0.12;
[—0.15,—0.10), 0.01}

{]0.68,0.92),0.10; [0.92, 1.10), 0.11; [1.10, 1.39), 0.23; [1.39, 1.50), 0.10;
[1.50,1.79),0.23: [1.79,1.97), 0.11; [1.97, 2.22), 0.10}

{]0.58,0.85),0.07; [0.85, 1.26), 0.20; [1.26, 1.43), 0.11; [1.43, 1.74), 0.22;
[1.74,1.91),0.11; [1.91, 2.32), 0.20; [2.32, 2.58), 0.07}

{[0.58,0.62),0.01; [0.62, 0.65), 0.01; [0.65, 1.32), 0.33; [1.32, 1.35), 0.02;
[1.35,1.72),0.26; [1.72, 1.74), 0.02; [1.74, 2.42), 0.33: [2.42, 2.44), 0.01;
[2.44,2.49),0.01}

{[-3.33,-3.29),0.01; [—3.29, —2.88), 0.18; [—2.88, —2.86), 0.01; [—2.86, —2.60), 0.18;
[—2.60, —2.29), 0.24; [—2.29, —2.03), 0.18: [-2.03, —2.02), 0.01; [-2.02, —1.62), 0.18;

Continued on next page
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Table 3.16 — continued from previous page

Frequency Histogram for the Second Principal Component

17

18

19

20

21

22

23

24

25

26

27

[—1.62, —1.56),0.01}

{[—3.42, -3.03),0.13; [3.03, —2.97), 0.03; [-2.97, —2.59), 0.23; [~2.59, —2.31), 0.20;
[—2.31,—1.93),0.23; [~1.93, —1.87),0.03; [~1.87, —1.48),0.13}

{[-3.18, —2.73),0.13; [-2.73, —2.70), 0.01; [-2.70, —2.23), 0.23; [-2.23, —1.78), 0.25;
[—1.78,—1.31),0.23; [~1.31, —1.28),0.01; [-1.28, —0.83), 0.13}

{[=2.70, —2.39),0.11; [—2.39, —2.26), 0.07; [~2.26, —1.86), 0.30; [~1.86, —1.82), 0.03;
[—1.82, —1.42),0.30; [~1.42, —1.29), 0.07; [-1.29, —0.98),0.11}

{[~2.09, —1.89),0.08: [~1.89, —1.77), 0.08; [~ 1.77, —1.42), 0.31; [~ 1.42, —1.37), 0.05;
[—1.37,—1.02),0.31; [—1.02, —0.89), 0.08; [-0.89, —0.70), 0.08}
{[-2.32,-2.12),0.07; [-2.12, —1.84),0.17; [~ 1.84, —1.55), 0.25; [~1.55, —1.26), 0.25;
[—1.26,—0.98),0.17; [—0.98, —0.79), 0.07}

{]0.71,0.76),0.01; [0.76, 1.02), 0.15; [1.02, 1.23), 0.18; [1.23, 1.26), 0.02;

[1.26,1.55), 0.28; [1.55, 1.57), 0.02; [1.57, 1.79), 0.18; [1.79, 2.04), 0.15;
[2.04,2.09),0.01}

{]0.46,0.51),0.01; [0.51, 0.77), 0.09; [0.77, 1.13), 0.18; [1.13, 1.20), 0.04;

[1.20,1.83), 0.38; [1.83,1.89), 0.04; [1.89, 2.25), 0.18; [2.25, 2.51), 0.09;
[2.51,2.57),0.01}

{]0.40,0.78),0.11; [0.78, 1.15), 0.19; [1.15, 1.36), 0.14; [1.36, 1.55), 0.13;
[1.55,1.76),0.14; [1.76,2.13),0.19; [2.13,2.51),0.11}

{[~1.11,—0.85),0.11; [—0.85, —0.75), 0.06; [—0.75, —0.38), 0.28; [—0.38, —0.29), 0.09:
[—0.29,0.08), 0.28; [0.08, 0.18), 0.06; [0.18, 0.44), 0.11}

{[-1.21, —0.98), 0.05: [—0.98, —0.46), 0.21; [~0.46, —0.40), 0.03; [—0.40, 0.33), 0.39;
0.33,0.39), 0.03; [0.39, 0.90), 0.21; [0.90, 1.13), 0.05}

{[~1.25,—0.99),0.05: [—0.99, —0.42), 0.20; [—0.42, —0.40), 0.01; [—0.40, 0.64), 0.46;

Continued on next page
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Table 3.16 — continued from previous page

i | Frequency Histogram for the Second Principal Component

[0.64,0.66), 0.01; [0.66, 1.24), 0.20; [1.24, 1.49), 0.05}

COMPARISON OF SYMBOLIC COVARIANCE, VERTICES, CENTERS, AND CLASSICAL PCA

To compare the results of our proposed method to other PCA methods, we apply the vertices
method, the centers method, and the classical PCA method to the Face Recognition data of
Table 3.12. In the Iris data example, there was an extensive discussion of the differences in
the correlation structure between the symbolic covariance method, the vertices method, the
centers method, and the classical PCA using the midpoints and the endpoints. The general
differences also apply in this example so we only discus the plots resulting from the principal
components of these methods. However, the covariance and the correlation matrices along
with tables of coefficients of the principal components for the vertices, the centers, and the
classical PCA methods are included in the appendix.

Figure 3.36 shows the MCAR/’s representing faces on the PC1 x PC2 plane for the vertices
method and Figure 3.37 shows faces for the centers method. These plots show a similar
pattern and similar position for the observations. We can also see that sets of observations
belonging to a person are close together. However, all groups are connected to some other
group. They do not form distinct clusters as revealed in Figure 3.35. This is a result of
overlap caused by the maximum covering area rectangles in the vertices and the centers
methods. For example, observations belonging to ISA (person 4) have distinct features and
form a cluster completely separated from the others in the symbolic covariance plot of Figure
3.35. In contrast, in Figures 3.36 and 3.37, observations belonging to ISA are connected to
observations belonging to ROM (9) on their left and observations belonging to KHA (6) and

LOT (7) on their right. Moreover, a large intersection between observations of FRA (1) and
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Figure 3.36: Plot of PC1 x PC2 for Face Recognition Data Based on Vertices Method (Color

Represents Person)

pC2
0
|

1

Figure 3.37: Plot of PC1 x PC2 for Face Recognition Data Based on Centers Method (Color

Represents Person)
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INC (3) in Figure 3.36 and Figure 3.37 turns out to be much less significant in Figure 3.35
which shows the projection of the true observations onto the symbolic PC1 x PC2 plane.

Our proposed presentation of interval-valued observations shows more clearly the clusters of

observations.
-
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Figure 3.38: Plot of PC1 x PC2 for Face Recognition Data Based on Classical PCA Using
Midpoints (Color Represent Person)

Figure 3.38 shows points representing observations along the PC1 and PC2 axes based
on the classical PCA method using the midpoints. Figure 3.39 shows points representing
observations along the PC1 and PC2 axes based on the classical PCA method using the
endpoints. Both plots show identical pattern of grouping of points on slightly different scales.
Figures 3.38 and 3.39 clearly show five distinct clusters as seen in Figure 3.35 of the symbolic
covariance method. However, a closer look at the group of points with the largest PC1
values indicates this cluster can be further separated into two or even three groups. Without
the whole structure of an observation, the points seem more separated. One of the points
representing INC (3) is as far away from the other points belonging to INC as points belonging

to FRA (1). However, with the shape and direction of rotation for the observations clearly
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Figure 3.39: Plot of PC1 x PC2 for Face Recognition Data Based on Classical PCA Using
Endpoints (Color Represents Person)

shown in the plot of Figure 3.35, we can see that all three observations belonging to INC
are mostly intersected while the overlap between observations belonging to FRA and INC is
very small.

Another feature that can not be discerned from the plots of classical PCA of Figures
3.38 and 3.39 is the size of the observation. For example, observations belonging to KHA
(6) and LOT (7) form a cluster in Figures 3.38 and 3.39. All points in this cluster have the
same size. However, the symbolic PC1 x PC2 plot of Figure 3.35 shows that the structure
of observations belonging to LOT (7) is much smaller than is the structure of observations
belonging to KHA (6). In fact, the size of observations belonging to LOT is half the size of
observations belonging to KHA.

Comparison of the symbolic covariance, the vertices, the centers, and the classical PCA

methods shows that the principal components constructed from the symbolic covariance
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method maximize the total variation in the data. Plots of interval-valued observations on a
principal components plane as polygons resulting from projecting the observations onto the
PC planes give clearer features of the observations. These plots also show the size, shape,
and direction of rotation for the data which can not be discerned on plots based on the

vertices, the centers, and the classical PCA methods.
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APPENDIX

Tables of covariance, correlation, and coefficients of the principal components resulting from

the vertices, the centers, and the classical PCA methods are included in this section.

Table 3.17: Vertices Covariance Matrix for Face Recognition Data

50.91 19.95 2246 39.26 0.14 5.70
2548 11.23 18.69 3.33 4.63
83.31 5855 -13.29 -24.64

91.58 -17.39 -10.25

22.60 1241

27.27

Table 3.18: Vertices Correlation Matrix for Face Recognition Data

1 0.5540 0.3450 0.5750 0.0041 0.1529
1 0.2438 0.3869 0.1386 0.1757

1 0.6703 -0.3063 -0.5171

1 -0.3822 -0.2051

1 0.4999

1

Table 3.19: Principal Component Coefficients and Variance Proportion of Face Recognition
Data Based on Vertices Method

Variable PC1 PC2 PC3 PC4 PC5 PC6
AD -0.403 0439 -0.214 -0.257 0.723 0.104
BC -0.306 0.497 0.175 0.779 -0.146

AH -0.523 -0.147 0.463 -0.273 -0.248 0.595
DH -0.557 -0.206 -0.283 -0.423 -0.620
HE 0.297 0.466 0.700 -0.329 -0.311
HG 0.268 0.563 -0.421 -0.253 -0.465 0.392

Proportion  0.427 0.300 0.107 0.079 0.056 0.031
Cumulative  0.427 0.726  0.833 0.913 0.969  1.000
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Table 3.20: Correlation between Principal Components and Random Variables of Face Recog-
nition Data Based on Vertices Method

Variable PC1 PC2 PC3 PC4 PC5 PC6
AD -0.6445 0.5889 -0.1717 -0.1771 0.4183 0.0453
BC -0.4903 0.6662 0.1402 0.5375 -0.0845

AH -0.8372 -0.1968 0.3707 -0.1883 -0.1437 0.2584
DH -0.8914 -0.1648 -0.1954 -0.2447 -0.2689
HE 0.4747 0.6248 0.5608 -0.2268 -0.1351
HG 0.4284 0.7555 -0.3377 -0.1746 -0.2689 0.1700

Table 3.21: Centers Covariance Matrix for Face Recognition Data

4475 19.95 22.46 39.26 0.14 5.70
18.78 11.23 18.69 3.33 4.63

79.35 5855 -13.29 -24.64

86.62 -17.39 -10.25

15.70  12.41

20.67

Table 3.22: Centers Correlation Matrix for Face Recognition Data

1 0.6883 0.3770 0.6306 0.0052 0.1873
1 0.2910 0.4635 0.1937 0.2351

1 07062 -0.3765 -0.6086

1 -04716 -0.2423

1 0.6889

1

Table 3.23: Principal Component Coefficients and Variance Proportion of Face Recognition
Data Based on Centers Method

Variable PC1 PC2 PC3 PC4 PC5 PC6
AD -0.383  0.453 -0.235 -0.165 0.752

BC -0.297 0.515  0.189 0.743 -0.238

AH -0.517 -0.115 0.565 -0.331 -0.535
DH -0.545 -0.277 -0.339 -0.511 0.492
HE 0.334 0.458 0.628 -0.310 0.433
HG 0.299 0.546 -0.345 -0.316 -0.335 -0.530

Proportion  0.465 0.341 0.091 0.054 0.039 0.010
Cumulative  0.465 0.805 0.897 0.951 0.990 1.000
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Table 3.24: Correlation between Principal Components and Random Variables of Face Recog-
nition Data Based on Centers Method

Variable PC1 PC2 PC3 PC4 PC5 PC6
AD -0.640 0.648 -0.174 -0.094 0.364

BC -0.496 0.736  0.140 0.423 -0.115

AH -0.863 -0.164 0.418 -0.189 -0.134
DH -0.910 -0.205 -0.193 -0.247 0.123
HE 0.558 0.655 0.464 -0.177 0.108
HG 0.499 0.781 -0.255 -0.180 -0.162 -0.132

Table 3.25: Classical Correlation Matrix for Face Recognition Data using Endpoints

1 098 0.70 0.65 0.37
1 0.69 0.66 0.33

1 095 0.30

1 023

1

0.42 0.64
0.37 0.62
0.34 0.51
0.27 0.38
0.99 0.70
1 0.71

1

0.62
0.62
0.52
0.40
0.69
0.71
0.99

1

-0.03  0.07
-0.06  0.04
0.14 0.23
0.12  0.26
-0.35 -0.37
-0.37 -0.37
-0.43 -0.46
-0.47 -0.48

1 092

1

0.15 0.23
0.11 0.22
0.19 0.28
0.16 0.26
-0.56 -0.64
-0.55 -0.61
-0.21 -0.22
-0.27 -0.25
0.75 0.57
0.69 0.63

1 090

1

Table 3.26: Principal Component Coefficients and Variance Proportion of Face Recognition

Data Based on Classical Method Using Endpoints

Variable PC1 PC2

PC3 PC4 PCH

PC6 PC7 PC8

AD -0.28 -0.32 0.14 0.51
-0.28 -0.31 0.20 0.54 -0.18
BC -0.23 -0.36 -0.11 0.39 -0.31 -0.61
-0.20 -0.36 -0.13 0.57 -0.20 -0.20 0.54
AH -0.36  0.10 -0.43 -0.21 0.33
-0.37 -0.40 -0.18 0.40
DH -0.39 0.18 -0.33 -0.31 -0.23 0.15
-0.39 0.19 -0.24 -0.33 -0.33 0.30 0.11
EH 0.24 -0.31 -0.45 -0.29 -0.43 -0.30 -0.26
0.22 -0.35 -0.43 0.14 -0.11 0.62 0.33
GH 021 -0.38 0.13 -040 -0.25 0.25 -048 0.24
0.19 -040 031 -0.12 -0.14 0.51 0.39 -0.26
Proportion  0.46 0.33 0.09 0.06 0.04 0.01 0.01 0.00
Cumulative 046 0.79 0.88 093 097 0.99 0.99 1.00
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Table 3.27: Correlation between Principal Components and Random Variables of Face Recog-
nition Data Based on Classical Method Using Endpoints

Variable PC1 PC2 PC3 PC4 PC5 PC6 PC7T PC8
AD -0.65 -0.64 0.15 0.35
-0.65 -0.62 0.20 0.38 -0.07
BC -0.54 -0.72 -0.11 0.33 -0.21 -0.13
-0.47 -0.71 -0.13 0.48 -0.14 -0.06  0.11
AH -0.84 0.20 -0.44 -0.18 0.12
-0.87 -0.41 -0.15 0.15
DH -0.90 0.19 -0.27 -0.21 -0.08 0.03
-0.92 0.19 -0.20 -0.23 -0.12 0.09 0.02
EH 0.55 -0.61 -0.47 -0.24 -0.16 -0.09 -0.05
0.51 -0.69 -0.45 0.10 -0.04 0.18 0.07
GH 049 -0.75 0.14 -0.33 -0.17 0.09 -0.14 0.05
045 -0.79 032 -0.10 -0.09 0.18 0.11 -0.05




CHAPTER 4

PRrRINCIPAL COMPONENT ANALYSIS FOR HISTOGRAM-VALUED DATA

In this chapter we propose a method of principal component analysis (PCA) for histogram-
valued observations. This method is the first such methodology developed for a principal
component analysis for histogram-valued data. It is a generalization of the PCA method
for interval-valued observations proposed in Chapter 3. This chapter is divided into four
sections. Some notation and statistics for histogram-valued data are given in Section 4.1.
Section 4.2 explains the basis for generalization of interval-valued data to histogram-valued
data. Section 4.3 gives an algorithm to compute the principal components for histogram-
valued observations along with detailed descriptions of the method. An example illustrating

the proposed method is given in Section 4.4.

4.1 PRELIMINARIES

Section 2.1.3 gives a brief introduction to histogram-valued data as well as some descriptive
statistics for this type of data. In this section, we restate some notation and results necessary
for the development of our proposed method. A more extensive treatment of histogram-valued
data can be found in Billard and Diday (2003) and Billard and Diday (2006).

Let X be an n X p symbolic data matrix

511 512 B flp
x| o
L fnl §n2 s fnp ]
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The matrix X is a histogram-valued data matrix if an element ij of X is a histogram &;

defined in Equation (2.13), where ¢ = 1,2,...,n, and j = 1,2,...,p. That is,

gij {[ z]a bzlj) ng) [a'Z]7 b?j) pZQ]’ cee [af]lj)bfj”]?pf;j )

where [a};, b};) is called the I subinterval of &; and pi; is the relative frequency associated
with the [ subinterval. Let s;; denote the number of subintervals in histogram &;;. Then,
al, < b foralll=1,2,... s and > pl; = 1.

Billard and Diday (2003) gives the following empirical density function of a point W €

X(j) as defined in Equation (2.15),

53 > ity

=1 lgegl o ij
The symbolic sample mean and the symbolic sample variance derived from the density

function of Equation (2.15) are given in Equations (2.16) and (2.17), respectively, as follow,

n Sij

W= anzpw ;i +bl

=1 [=1

and
2

= LSS il + 07 - [zzb

zlll =1 =1

Billard and Diday (2006) extends the variance in equation (2.17) to the bivariate case to
obtain the empirical symbolic covariance for W;) in X ;) and W(;, in X ;) defined in Equation

(2.18) as

Sijr = I Z (GUGU ZZPUPW QZ‘/P”)

l1=112=1

where
lj lj T lj T lj T L T
Qi = (aj—=Wiy)?+ (0 = W) — W) + (b5 — Wip)?,
<

Gij -

and Wy, = L Y35, pla(alh + ).

1,=1P i
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If all subintervals of a histogram have equal relative frequencies, then p}j = p?j =...=
pfj . Let pi; = p;;. Then, S pl; = sipi; = 1. In this case, the histogram &;; as defined in

Equation (2.13) can be rewritten as
gij - {[a%ﬁ bzlj>7plj7 R [af;j7 bzs;J]upZ]}

Since the relative frequency is the same for all subintervals, all values within the entire

histogram are uniformly distributed. Combining the subintervals into one interval gives
1 Sij Sij
&ij = {lai;, b)), sipis} = {ai;, 03], 1}

or simply &;; = [a;;, b;;] which is an interval with lower endpoint a;; = a}j and upper endpoint
bij = bfjj . Therefore, interval-valued data can be thought of as a special case of histogram-
valued data. Based on this special relationship between a histogram and an interval, we
propose a method of principal component analysis for histogram-valued data by generalizing
our proposed PCA method for interval-valued data presented in Chapter 3. In Section 4.2
of this chapter, we present details of this generalization. Section 4.3 includes two algorithms
to compute the principal components of a histogram-valued dataset. The first algorithm
reconstructs histogram-valued observations in a principal components space and the second

algorithm computes histogram-valued principal components for those observations.

4.2 METHODOLOGY

For ease of reference, the layout of this section mirrors that of Section 3.2. This section
is divided into two subsections. The first subsection, Subsection 4.2.1, explains how the
coefficients of the principal components are obtained. The second subsection, Subsection
4.2.2, explains the basis for extending our proposed PCA method for interval-valued data
to histogram-valued data. Subsection 4.2.2 is further divided into two parts. Part one of
Subsection 4.2.2 explores the geometric structure of a histogram-valued observation and its

relation to the structure of an interval-valued observation. It also explains how the algorithm
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of Subsection 3.3.1 can be applied to histogram-valued observations. Part two of Subsection

4.2.2 describes the process of creating histogram-valued principal components.

4.2.1 FINDING THE COEFFICIENTS OF THE PRINCIPAL COMPONENTS

In our proposed method, coefficients of the principal components for histogram-valued data
matrix X are obtained in the same manner as in classical and in interval-valued PCA. The
theory for coefficients of classical and interval-valued PCA carries through for histogram-
valued data. Therefore, the approach to finding the coefficients in this subsection mirrors
that of Subsection 3.2.2 with one exception; the symbolic covariance matrix, S, used in this
subsection is the sample variance-covariance matrix of a histogram-valued data matrix X
whose elements are as defined in Equation (2.13). That is, the sample variance-covariance of

X is given by

S S Stp
g_ So1 Sa2 Sap (4.2)
I Spi Spz ... Spp |

where S;;/ is defined in Equation (2.18) and S;;» = Sj; for j, 7' =1,2,...,p. Let ;\f > j\g >
cee > 5\5 be the eigenvalues of § and vy, v5, ... ,Vg be their corresponding eigenvectors. By
analogy, the vector of coefficients, also called the loadings, for the k' principal component
of X is vy,

Analogous to classical and interval-valued PCA, the magnitude of the j* element of vy,
denoted by yfk, indicates the contribution of the variable X(;y to the principal component
Y(1). Therefore, the measure of correlation between an individual variable X ;) and a principal

component Y for histogram-valued data is the same as that defined in Equation (3.3) for

interval-valued data which is given by,

A

. S
Vik\/ A}

PX ) Yay = :
NED
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Again, similar to the PCA method for interval-valued observations, assume X;,i =
1,...,n,isarandom sample and n is large. Let W(;y be a point from X ;) for j =1,2,...,p. In
addition, assume W = (Wy), W(a), ..., W) is from a normal population and the eigenvalues
of the population covariance matrix 3 are distinct and positive. Then, the asymtotic results
regarding A, and vy, stated in Section 2.2 carry through for A¥ and v$ for all k = 1,2,. .., p.

In situations where PCA based on the sample correlation is more appropriate, coefficients
for the & principal component of X are then the eigenvector corresponding to the k'*

eigenvalue of the sample correlation matrix R. The jj" element of R, denoted by p,j:, is
P

i = :

/5505

The measures of contribution to the principal components based on the correlation matrix

(4.4)

mirror the results for the principal components based on the sample covariance matrix.

4.2.2 CONSTRUCTING THE PRINCIPAL COMPONENTS

Due to the complexity of histogram-valued data, we describe the process for constructing
observations in a principal components space by working with one observation at a time.
That is, the method proposed in this section works on observation X; for:=1,2,...,n, and

must be applied n times.

(GEOMETRIC REPRESENTATION OF HISTOGRAM-VALUED OBSERVATIONS

First, let X; = (&1, &2, - - ., &p) be a histogram-valued observation in a p-dimensional space.

As defined in Equation (2.13), each variable j, for j = 1,2,...,p, is a histogram,
&j = {({aé‘]ﬁ bi])vpi])ll - 17 27 sty Sij};

where s;; is the number of subintervals. Since all points within each subinterval [a;, b.;) of &;
are assumed to have uniform density, the subinterval itself can be thought of as an interval-
valued variable with the relative frequency pﬁj as its weight. Thus, each histogram §;; can

be thought of as a compilation of s;; observed intervals with associated weights. Based on
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this idea, a histogram-valued observation X; can be divided into r weighted interval-valued

observations where
p
r = H Sij- (45)
j=1

As stated in Chapter 2, an interval-valued observation is represented by a hyper-
rectangle in a p-dimensional sample space whose density is uniform. Therefore, a histogram-
valued observation can be thought of as a hyper-rectangle that is partitioned into r sub-
hyperrectangles in the sample space. Each sub-hyperrectangle has uniform density. However,

the density may differ from one sub-hyperrectangle to the next.

Histogram-valued observation Interval-valued observation

Figure 4.1: Histogram-Valued Observation and Interval-Valued Observation

Figure 4.1 shows a rectangle representing a histogram-valued observation (left) versus one
representing an interval-valued observation (right) in a 2-dimensional space. Each variable
in the histogram-valued observation shown in this example has two subintervals. Therefore,
the rectangle representing this observation contains r = 4 sub-rectangles. The differences in
density for these sub-rectangles are illustrated by the different colors. Whereas, the rectangle
representing the interval-valued observation in this example is made up by only one rectangle,
with the uniformity of its density illustrated by a single color.

Having established that a histogram-valued observation can be represented by a hyper-
rectangle in the sample space, an observation X; can be expressed in terms of its vertices.

That is, X; has an equivalent expression as a (2Pr x p) matrix, say X2, where r is the

7 )
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number of sub-hyperrectangles contained in observation X; and is as defined in Equation
(4.5). Each row of X 32 is the coordinate of a vertex of a sub-hyperrectangle belonging to

X;. Let Ej; be the set of subinterval endpoints for histogram &;;. Then,

1 2 sij 78i
El]_{ lj’sz7 z]?bzy"w Ujvbljj : (46)

The rows of X?? include all possible permutations of the elements of E;;, E, . .. , Eip.
Without loss of generality, assume bgl-_l) = aé» for { =1,...,s;;. By eliminating redun-

a;?,b;7}. For the consistency of

dant subinterval endpoints, we obtain F;; = {aw, e Qg by

notation, let af;ﬁjﬂ = b, Then,
Eij = {aij“ = 1727"')3ij+1}- (47)

Let X be the matrix whose rows include all possible permutations of the elements of
Ei, Eips, ..., E;, defined in Equation (4.7). Then, X has N; = H§:1 (si; + 1) rows whereas
X" has 2Pr = 2°([ I}, sij)- The quantity []7_, (sij + 1) is less than or equal to 2P(J[}_; si;).

The amount of difference between these two quantities depends on the number of subintervals

for each histogram j and the number of variables, p. When s;; =1 forall j =1,...,p,
P (s +1 P2 P
7j=1 ( J ) j 1 -2 1 (48)

2]7( Jj= IS'LJ) 2]7( Jj= 11> 2v

When s;; is large for most &;;,

? 1 (s +1) 1

_ H —_—
QP(H] 181]) 2p

For example, when p = 2, suppose observation ¢ is the histogram-valued observation

(4.9)

shown in Figure 4.2. Both variables of this example take histograms of values consisting

of two subintervals. Therefore, the matrix of vertices X represents the histogram-valued
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(d,a)) (a1.4)) (a),a)) (a,.b,) (B1,by)

( “y'll ; ai22 31 ’ ayzz )

(d),a,) (a’,a.) (a.a)) (a.4,) br.a,)

Histogram-valued observation Interval-valued observation

Figure 4.2: Vertices of Histogram-Valued Observation and Interval-Valued Observation

rectangle in Figure 4.2 has N; = HJQ':1 (24 1) =9 rows and

aj
%11 ‘%22
ay g
aj aj
X = a? dZ |- (4.10)
Qi a:z'32
aj ag
agy %22
i iy a§2 ]
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Thus, when p is large, it is more efficient to use the matrix of vertices X given by

1 1 1
Qi Qo Qip
1 2
a1 Qo Qjp
1 3
Qjq ) Qip
1 1 Sip
Qjy Qo Qi
1 1 5ip+1
a;, Uiy -or Gy
1 2 1
Qjy Qo Qip
1 2 2
;1 Qo Qip
1 2 3
. Qi Qi Qi
X, = . (4.11)
2 Sip
5 Qo aip
1 2 siptl
si1+1 sio+1 1
a;; ;s cee
si1+1 Sio+1 2
si1+1 si2+1 3
a;; ;5 ceeay,
si1+1 sio+1 Sip
a;; ;5 B
si1+1 sia+1 sip+l
| g ;5 Cee Gy |

Now, the vertices belonging to observation ¢ in the sample space which are represented by
the matrix of vertices X can be transformed into points in a principal components space.

Let Y] be the matrix consisting of these transformed vertices of observation ¢. That is,
Y! = X"’ (4.12)

S = WS v S

where v vy, vy, ..., v, is the eigen matrix of the symbolic covariance matrix S of

Equation (4.2) if the PCA is based on the covariance structure of the data and v is the
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eigen matrix of the symbolic correlation matrix R whose elements are defined in Equation
(4.4) if the PCA is based on the correlation structure of the data.

As explained in Subsection 3.2.2, a hyper-rectangle representing an interval-valued obser-
vation when transformed into a principal components space becomes a polytope. Similarly,
each sub-hyperrectangle belonging to a histogram-valued observation 7 becomes a polytope
in a principal component space. The vertices of the polytope are the transformed vertices of
the sub-hyperrectangle. The algorithm described in Subsection 3.3.1 reconstructs polytopes
for a set of n interval-valued observations. To construct the polytopes for a histogram-
valued observation ¢ based on this algorithm, we treat the r sub-hyperrectangles belonging
to histogram-valued observation ¢ as r interval-valued observations. That is, each histogram-
valued observation 7 is treated as a dataset of r interval-valued observations but with weights,
i.e., with densities, say d?, for h =1,2,... 7.

To apply the algorithm of Subsection 3.3.1 to a histogram-valued observation i, we need
to construct a matrix of vertices for each sub-hyperrectangle h belonging to observation .
Let X f be a matrix of vertices for sub-hyperrectangle h of observation 7. Then, the rows of
X" come from the matrix of vertices XV. Detailed construction of matrix X! and matrices
X" is given in Subsections 4.3.1 and 4.3.2. Using the coordinates in X", algorithm 3.3.1 can
now be readily applied. To illustrate the construction of matrix X ?, go back to the example

of Figure 4.2. Observation 7 in this example is composed of four sub-rectangles.

When h = 1, i.e., for the first sub-rectangle, the matrix of vertices X is given by

1
;1 Qi

12

a; a;
1 il 12

X, = 1 (4.13)

a7 Qg

2 2

| Qi1 Qg |
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which is a matrix consisting of rows 1, 2, 4, and 5 of matrix X in Equation (4.10).

When h = 2, i.e., for the second sub-rectangle, the matrix of vertices X f is given by

2
;1 Qo
3
a;, a:
il 12
X7 = (4.14)
2 2
;1 Qo
2 3
| Qi1 Q2 |

which is a matrix consisting of rows 2, 3, 5, and 6 of matrix X in Equation (4.10). Matrices
of vertices for the third and fourth sub-rectangle can be constructed in the same manner.

Although densities (or weights), d* for h = 1,2,...,r, of the sub-hyperrectangles in
observation ¢ vary, illustrating this variability presents some challenges. The first challenge
is due to the fact that only the surface of a hyper-rectangle is visible in a plot. Interior
points of a hyper-rectangle are shielded by the boundary points. Therefore, it is impossible
to illustrate the densities of the interior sub-hyperrectangles of a hyper-rectangle. Hence,
only densities of the sub-hyperrectangles formed by the first or the last subintervals can be
visualized. The second challenge includes computational complexity. If densities are specified
by different colors, then all polytopes must be filled with the color associated with their
density. Writing a program to automate this process is a time-consuming and a challenging
project. This can be a potential future project extended from this dissertation.

With the challenges presented in the previous paragraph in mind, we propose an alternate
approach to understand the variability in densities of the sub-hyperrectangles by constructing
a matrix of densities associated with the sub-hyperrectangles. Let d; be an r-vector of den-
sities. Then, the A" element of d; is the density of the A" sub-hyperrectangle of observation

ij
ik

t.For j=1,2,...,p,and [; =1,2,...,5
P
d?:Hpié. (4.15)
j=1

where h = Z?;} (l; = 1)s;j+1 + 1. That is, e.g., for h = 1, the first sub-hyperrectangle of

observation ¢ is formed by the first subinterval of histograms §;; for all j = 1,...,p. Then
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[; =1 for all j. Thus,

—_

p—
h = (lj—l)Si,j_g_l—i‘lp:O—i‘l:l.
1

<.
I

Hence, the first element of d; is

p } p
1 _ i o 1
d; = sz‘j = Hpij'
j=1 j=1

Similarly, for h = 2, the second sub-hyperrectangle of observation ¢ is formed by the first
subinterval of histograms ;; for all j =1,...,p — 1, and the second subinterval of &;,. Then

lj=1for j=1,...,p—1, and [, = 2. Therefore,

—

p—
h= (lj_l)si,j+1+lp:0+2:2-
1

<.
Il

Hence, the second element of d; is
P l p—1
2 j 1) .2
a; =] 1»; = (H%‘) Pip:
j=1 j=1

Other elements of d; can be found the same way. Now, the value of d? is the density of the
sub-hyperrectangle whose vertices are expressed in matrix X i‘ . In addition to their usage
in constructing the polytopes for observation ¢ in a principal components space, matrices
X ? for h = 1,2,...,r and vector d; are used in constructing histograms for the principal

components as explained in the second part of Subsection 4.2.2 as follows.

HISTOGRAM-VALUED PRINCIPAL COMPONENTS FOR HISTOGRAM-VALUED OBSERVATIONS

To construct histogram-valued principal components for histogram-valued observations, we
use the same approach used in constructing the polytopes of these observations, see part one
of Subsection 4.2.2 immediately above. We propose treating each histogram-valued observa-
tion ¢ as itself a dataset. Each sub-hyperrectangle of observation 7 is treated as an interval-
valued observation in this dataset. Now, for the £** principal component, the algorithm
detailed in Subsection 3.3.2 can be applied to create r histograms for r sub-hyperrectangles

of observation i where r is as defined in Equation (4.5). Since observation ¢ is composed of
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r sub-hyperrectangles, we propose combining the r histograms, constructed from the r sub-
hyperrectangles, into one histogram representing observation i. This is done in Section 4.3

where Subsection 4.3.2 describes specific steps involved in creating a histogram of histograms.

4.3 ALGORITHM

This section includes descriptions of two algorithms. The first algorithm, presented in Sub-
section 4.3.1, constructs matrices of vertices for histogram-valued observations and builds
polytopes representing these observations. The second algorithm, presented in Subsection
4.3.2, constructs histograms for the principal components of histogram-valued observations.

Similar to the algorithms proposed for interval-valued observations described in Section
3.3, the following algorithms are based on the assumption that coefficients for the principal
components have been determined from the proposed method described in Subsection 4.2.1.

S_ 1,5 8 S S 7. _
= [vy, vy, ... vy wherevy k=1,...,p,

The coefficients of the principal components are v
are the eigenvectors of the covariance matrix S as defined in Equation (4.2) if the PCA is
based on the covariance structure of the data and v{,k = 1,...,p, are the eigenvectors of
the correlation matrix R whose elements are defined in Equation (4.4) if the PCA is based
on the correlation structure of the data.

In the following algorithms, we use the same indexing system as described in the algo-
rithms of Section 3.3. The position for an element of a vector, a matrix, or an array is
specified in a pair of square brackets, [ ]. The index for an element of a vector is enclosed
in the brackets. An element of a matrix is specified by a pair of numbers separated by a
comma. The first number specifies the row and the second number specifies the column. The
position of an array is specified by three numbers separated by commas corresponding to
the row, the column, and the matrix, respectively.

For a variable j in a histogram-valued dataset, a histogram representing observation

71 may have a different number of subintervals from observation iy for iy # iy and 71,75 =

1,2,...,n. Due to its complexity, the structure and the principal components are constructed
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one observation at a time. Therefore, the algorithm described in this section must be exe-
cuted n times once for each of the n observations. Therefore, the data used in the following
algorithm comes from the data vector X; for i =1,2,... n.

Moreover, since the algorithms presented in this section compute principal components
of the observed data, we use a lower case letter to represent an observed data matrix to
distinguish it from a random data matrix. For example, x; represents the observed version
of the matrix of vertices X of Equation (4.11) and y? is the observed version of the matrix
of transformed vertices Y} defined in Equation (4.12). In addition, the matrix of vertices of
sub-hyperrectangle h, X ?, constructed in the second algorithm of Subsection 4.3.1 is denoted
by . The lower case in «” signifies that this matrix consists of observed values. Because
the algorithm is executed separately for each 7, then i is fixed inside the algorithm; we drop
the subscript ¢ to keep the notation simple.

Before running the following algorithms, an n x 3(sn) matrix pe, is created to store
histogram values for principal component k where sn is the number of subintervals desired

for principal component k.

4.3.1 HISTOGRAM-VALUED OBSERVATIONS IN A PRINCIPAL COMPONENTS SPACE

This subsection is divided into two parts: the first part constructs the matrices of vertices
X7 for observation i = 1,2,...,n, as defined in Equation (4.11) and the second part builds

the polytopes representing observation ¢ for ¢ = 1,2,...,n, in a principal components space.

CONSTRUCTING THE MATRIX OF VERTICES

First, assume that the observed data vector x; has been separated into a vector of subin-
terval endpoints and a vector of relative frequencies. That is, let x., be the vector of subin-
terval endpoints and let @, be the vector of subinterval relative frequencies. Then x, has

Z§:1 (si; + 1) elements and has the following form,

- 1 2 s+l 1 2 si2+1 1 2 sip+1
Tep [%1 at ... aj al, a4 ... a} S S N (4.16)
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where aéj fori =1,...,s;+1,and j = 1,...,p, are elements of the set E;; as defined in

equation (4.7). The vector @, has 3 °7_, s;; elements and has the following form,

Sil

Trp = | ply Ph - D Pl Ph oo D Dy D oo Diy (4.17)

where pﬁj is the relative frequency of the I subinterval of the observed histogram &;;. Before
creating the matrix of vertices for observation i, a p-vector whose elements are the number
of subintervals for §;; is also needed. Let ns denote the vector consisting of the number of

subintervals of &;;. Then,

ns = [ Si1 Sig ... Sip |- (4.18)

With the information in x.,, «,f, and ns, we can proceed with constructing the matrix of
vertices x; using the following five steps:

Step 1. Create a (p 4 1)-vector mr whose (j 4+ 1) element, for j = 1,...,p, is the number
of times that points aéj, for 1 =1,...,s;; + 1, must be repeated in Step 5 below. The first
element of nr is the number of rows of the matrix of observed vertices, x;.

1. For j=1,2,...,p,

set nr(p — 7+ 1] =[1/_, (si5 +1).
2. Set nrjp+ 1] = 1.

Step 2. Create a (p + 1)-vector mr, whose (j + 1) element, for j = 1,...,p, is the number

of sub-hyperrectangles present in observation ¢ when all variables up to j are excluded.

1. For j=1,2,...,p,
set nr,[p—j+1] = {:1 Sij-
2. Set nry[p+ 1] =1.

Step 3. Create a p-vector sp whose j element is the position of the element of @, which

is the first subinterval endpoint for variable j.
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1. Set sp[l] = 1.
2. Forj=1,2,....,p—1,
set splj + 1] = 320 (siy +J +1).

Step 4. Initialize the matrix of observed vertices x! by letting x? be an (N; X p) matrix of
zeros where N; = [[¥_, (si; + 1).

Step 5. Update the elements of x} by
1. For j=1,2,...,p,do
(a) Let nj = ns[j].
(b) Let rj =nrlj + 1].
(c) Let sj = splj].
(d) Forl,=0,1,...,nj,

e Forl, =1,2,...,7j,

set V[l,(1)) + 1o, 7] = Tep[sg + 1]

2. For 7 =2,3,...,p, do

(a) Let tj = Zﬂﬂ — 1.
(b) Let rj = nr[j].
(c) Forl, =1,2,...,ty,
o Forl, =1,2,...,rj,
set @ [1(5) + b 3] = [l 7]
End of Step 5. At the end of Step 5, we obtain the matrix @} whose rows are coordinates of

the vertices of observation 7.
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CONSTRUCTING THE POLYTOPES

We now present the algorithm to construct the polytopes representing the sub-hyperrectangles
of observation ¢ in a principal component space. The following algorithm includes seven
steps:
Step 1. First, compute the matrix of transformed vertices, y7, for the polytope representing
observation ¢ in a principal components space based on the two cases:

Case one. If the PCA is based on the symbolic covariance matrix, then v is the eigen
matrix of the symbolic covariance matrix S in Equation (4.2) and y° = (zV)(v°).

Case two. If the PCA is based on the symbolic correlation matrix, then v is the eigen
matrix of the symbolic correlation matrix R whose elements are defined in Equation (4.4)
and y° = (2%)(v°) where 2V is the standardized matrix of vertices. That is, element mj of

z¥ comes from
x’[m, j] — w)

V/5ii

where ;) is the mean of the j* variable defined in Equation (2.16) and s;; is the variance

2fm. ] =

of the j variable defined in Equation (2.17).

Step 2. Next, create a three-dimensional array @, to hold the matrices of vertices of the sub-

hyperrectangles, " for h = 1,2,...,r. The array x, is a result of combining r = H§:1 Sij
matrices " where h = 1,2,...,7 where each matrix " of dimension (2” x p) contains

coordinates of all vertices belonging to sub-hyperrectangle h.
1. Initialize array x, by letting &, be an array of zeros with dimension (27 x p x r).
2. Update the elements of x, by running the following nested loop:

(a) Set krg =0 and niy = 0.
(b) Forj=1,...,p—1,
e For lj:O,...,Sij,

i. Let kr; = krj_1 + (nrlj + 1]);.
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ii. Let ni; = ni;—1 + (nrylj + 1])I;.
ili. For k =1,2,...,nsp|,

Set kr = krp—1 + k.

Set ni = nip_1 + k.

Set x,[1,,ni] = y,[kr,].

S a w ~»

Foro=1,...,p, do,
For r =1,...,20"1,
set x,[2C7Y + 1, ni] = y,[kr[r] + nrlp —o+2],], and

set kr = (kr,krr] + nr[p — o + 2|).

End of Step 2.

Step 3. Next, reconstruct the polytopes corresponding to the sub-hyperrectangles of obser-
vation 7 by following Steps 3 and 4 of Section 3.3.1 by replacing y* by y;. Similarly, two and
three dimensional plots can also be created for observation ¢ by following all steps described
in Subsection 3.3.1 with y} in place of y".

At the end of Step 3 of the present subsection, polytopes representing observation ¢ in a prin-
cipal components are plotted. To create the vector of densities for these polytopes, follow
the next 4 steps, Steps 4-7.

Step 4. Create a p-vector sp, whose 4™ element is the position of the element of @,; which

is the first subinterval relative frequency for variable j.
1. Set sp,[1] = 1.

2. Forj=1,2,....,p—1,

set sp,[j + 1] = T (s +1).

Step 5. Let x, be an (r x p) matrix of subinterval relative frequencies. The row h of x;
contains the relative frequencies of subintervals making up sub-hyperrectangle h. Initialize
x, by setting all elements of &} to zeros.

Step 6. Update the elements of x, by
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1. For j=1,2,...,p,do

(a) Let nj = nslj].

(b) Let rj =nr,j + 1].

() Let 57 = sp,lj].

(d) Forl,=0,1,...,n5 — 1,

e Forl, =1,2,...,7j,
set [l (1)) + 1, §] = Trp[s] + 1]

2. For 7 =2,3,...,p, do

nry
nrl)

(a) Let tj =
(b) Let rj = nr,[j].
(c) For [, =1,2,...,tj

e Forl, =1,2,... 7y,

set ) [l;(r]) + Ir, j] = x} [l j]-

Step 7. Let d; be an r-vector whose elements are the densities of the sub-hyperrectangles
belonging to observation 7. The density for each sub-hyperrectangle is the product of the
relative frequencies of the p subintervals making up that sub-hyperrectangle. That is, for
h=1,...,r, dilh] = [T}_, =y [h, 5.

At the end of Step 7, we obtain a vector of densities d; whose A" element is the density

of sub-hyperrectangle h of observation 7. It is now possible to construct the histograms

representing the principal components for histogram-valued observation i; see Section 4.3.2.

4.3.2 CONSTRUCTION OF HISTOGRAM-VALUED PRINCIPAL COMPONENTS

The steps described in the following algorithm construct a histogram representing the k"

principal component for observation ¢ based on the algorithm described in Subsection 3.3.2.
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by first computing the histograms representing the principal components for each of the r
sub-hyperectangles of observation ¢, then combining the r histograms to form one histogram
representing principal component k for observation i. This algorithm is performed for k£ =
1,2,...,p. This algorithm includes eight steps as follows:

Step 1. Let i be the index for the r sub-hyperrectangles of observation ¢, h =1,2,... r.
Step 2. Let pc;;, be an (r x 3(27)) matrix of zeros. The h'" row of pe;, contains the endpoints
and the relative frequencies of the histogram representing the k™ principal component for
sub-hyperrectangle h of observation .

Step 3. Let pc, be an r-vector of zeros. This vector is used to store the number of subintervals
belonging to the histogram representing sub-hyperrectangle h that have relative frequency
greater than 0.

Step 4. Execute the following loop, which is Step 3 of the algorithm described in Subsection
3.3.2 with 7 replaced by h and other modifications, as shown in the following six substeps:

For h=1,2,...,r,

1. Set up the following matrices of zeros, ps, pd and s;, as in Step 3.1 of the algorithm

in Subsection 3.3.2.

2. Let y, be an (2P x 2) matrix whose first and second columns are the k' and the
first column of the matrix of vertices for sub-hyperrectangle h, ", where x" is the
h'" matrix of array @, constructed in Step 2 of the second algorithm described in

Subsection 4.3.2. That is, y,, = (@.[, k, h|, z.[, 1, h]).

3. Follow Substeps 3.3 through 3.9 of the algorithm in Subsection 3.3.2 with y,, in place
of y,;. At the end of this step, we obtain a matrix hist of dimension nrw x 4 where
nrw is the number of subintervals of the histogram representing sub-hyperrectangle h.
The first two columns of hist store the subinterval endpoints. The third column stores
the areas of the polygons bounded by those endpoints. Finally, the fourth column gives

the relative frequencies of the subintervals by dividing the areas in column three by
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the total area of the polygon that resulted from projecting polytope h onto the PC1
x PCEk plane.

4. Before combining all histograms belonging to the r sub-hyperrectangles to make one
histogram representing observation ¢, we need to account for the differences in density
among the sub-hyperrectangles by multipling the relative frequencies of the subinter-
vals by the densities of the sub-hyperrectangles. Therefore, add a fifth column to the

matrix hist and for each element s = 1,2,... nrw of this column, set hist[s,5| =

(hist[s, 4)(d[h)).

5. Update matrix pe, which was initialized in Step 3 of this algorithm by letting pe,[h] =

nrw.

6. To combine the nrw rows of matrix hist into one row in matrix pc;;,, do the following
which is equivalent to Substep 3.10 of algorithm in Subsection 3.3.2:
For s =1,2,..., nrw,
set pc;i|h, (3s — 2)] = hist]s, 1],
set pc;[h, (3s — 1)] = histls, 2], and

set pc;i[h, (3s)] = hist[s, 5].

End of Step 4.

Step 5. Let ¢, be the largest number of non-zero subintervals for each sub-hyperrectangle
h. That is, ¢, = maz(pc,).

Step 6: Delete the columns 3c,. + 1 through 3(2?) of pc;, to keep the computation of the
following Step 7 more efficient.

Step 7. This step includes seven substeps. Each complete execution of Step 7 makes a his-
togram representing the k* principal component of observation i out of the 7 histograms in

stored in matrix pc;.. The resulting histogram has subintervals with equal width.

1. Let lo and hi be the lowest and the highest endpoints of the histogram representing

observation i. Then, lo = min(y,[, k]) and hi = max(y,|, k]).
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2. Specify the number of subintervals to create for the histogram representing the k"
principal component for observation ¢ by letting sn be the number of subintervals

desired.
3. Let sw be the width of the subintervals. Then, sw = (hi — lo)/sn.

4. Let hm be an (sn x 4) transition matrix used to combine r histograms into one
histogram for principal component k of observation i. Each row of hm stores values for
subinterval s of the histogram representing the k" principal component of observation
1. The first two columns of hm store the subinterval endpoints. The third column stores
the total relative frequencies of the r subintervals that intersect with the subinterval
formed by the endpoints specified in the first two columns of hm. Finally, the last
column of hm gives the relative frequency for each subinterval by dividing the values
of column three by the sum of the elements of column three. Initialize hm by setting

its elements to zero.

5. Update hm by doing the following:

For s=1,...,ns, do

(a) Set the endpoints of subinterval s by letting hmls, 1] = lo + (sw)(s — 1) and

hm[s, 2] = lo + (sw)s.

(b) Let fr be an r x ¢,. matrix whose h X ¢ element corresponds to the proportion of
subinterval ¢ of polytope h that falls within the interval formed by hm/[s, 1] and

hms, 2|. Initialize fr by setting its elements to zero.
e Forh=1,...,r,do
For g =1,...,pc,[h], do
Case a: If (pc;h, 3¢ — 2] > hms, 1]) and (pc;[h, 3¢ — 1] < hms, 2]),

set frlh, q] = pc[h,3q|.
Case b: If (pc[h, 3¢ — 2] > hmls,1]) and (pe;[h, 3¢ — 2] < hm|s,2]) and
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pc;.lh, 3g — 1] > hmys, 2],
set. frlh,ql = (peglh,3q))(hm[s, 2] — peylh,3q — 2)/(pe[h. 3¢ — 1] —
pc;.lh, 3g — 2]).
Case c: If (pc;plh,3q — 2] < hm|s,1]) and (pc;[h,3q — 1] > hm]s, 1]) and
(pein[h, 3q — 1] < hms, 2]),
set frih,ql = (peylh,3q])(peylh,3q¢ — 1] — hm([s,1])/(pc;[h, 3¢ — 1] —
pc;i[h, 3g — 2]).
Case d: If (pc;.[h,3q — 2] < hm]s,1]) and (pc;,|h, 3¢ — 1] > hms, 2]),
set frih, ql = (peglh, 3q])(hmls, 2] —hmls, 1])/(pe;[h, 3¢ — 1] —pey.[h, 3¢ —
2]).
(c) Let hmls,3] = 555, Y0G" frih.q).
6. Lot sh= 3", hm]s,3).

7. Let hm[s,4] = hmls, 3]/sh.

End of Step 7. At the end of Step 7, we have all information for the histogram representing
the k' principal component for observation i stored in matrix hm. This information can be
entered into row 7 of the matrix pc;, by performing Step 8 as follows.

Step 8. For s =1,...,ns, do

set pegli, 3s — 2] = hms, 1],

set peli, 3s — 1] = hm|s, 2], and

set peli, 3s| = hmys, 4].

Step 8 concludes the construction of the histogram for the k™* principal component for
observation 1.

End of algorithm. At the end of this algorithm, we obtain a histogram representing principal
component k of observation i. All eight steps of the algorithm described in this subsection
must be executed n times to obtain histograms for the &* principal component of all n

observations.
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4.4 MEDICAL INCOME APPLICATION

As stated in Chapter 1, symbolic data can occur naturally or they can result from aggregating
very large datasets. With large databases becoming more common in recent years, symbolic
data will become relevant for a wide range of applications in the near future. One area
that can benefit tremendously from symbolic data analysis is medicine. A more particular
example of applications in this area includes hospitals where records of patient visits are
maintained electronically. Hospital databases contain millions of records. These databases
provide an enormous amount of information on patient demographics, illnesses, treatments,
and treatment results. When the subject of interest is not on individual patients but on
groups of patients, individual records in a database may be aggregated; the resulting database
is perforce a symbolic-valued dataset. We use an example in this area to illustrate our

proposed method of principal component analysis for histogram-valued data.

4.4.1 'THE DATA

The dataset used in this section contains ten variables on 40,000 patients. The variables
included Age, Race, Diabetes, Income, Glucose, Cholesterol, Hemoglobin, Hematocrit, Red
blood, and White blood. This dataset is referred to as the Medical Income dataset. Table 4.1
lists the variables and their possible values. Each observation in the Medical Income dataset
describes one patient and each variable takes only one value. That is, this dataset consists
of 40,000 classical observations.

Suppose we want to study medical characteristics of groups of patients categorized by
their age, race, and diabetes status. Classical observations of the Medical Income dataset
can be aggregated into groups by crossing the first three variables, Age, Race, and Diabetes.
Since Age is a continuous variable, we turned it into a categorical variable consisting of seven
groups: 15-24 years, 25-34 years, 35-44 years, 45-54 years, 55-64 years, 65-74 years, and over
74 years. Crossing seven categories of age, two categories of race, and three categories of

diabetes produces 7 x 2 x 3 = 42 groups. Each of the 42 groups becomes an observation in
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Table 4.1: Variables for Classical Medical Income Data
Variable Possible Values

Age count in years

Race black and white

Diabetes no, mild, and yes

Income amount in dollars

Glucose concentration in miligram/deciliter

Cholesterol | concentration in miligram/deciliter

Hemoglobin | concentration in gram/deciliter

Hematocrit | percentage of red blood cell volume in one microliter of blood
Redblood count in million cells in one microliter of blood

Whiteblood | count in thousand cells in one microliter of blood

the symbolic dataset. The aggregated dataset now consists of 42 symbolic observations versus
40,000 classical observations in the original dataset. Table 4.2 gives a list of observations,
their label, and characteristics for the aggregated Medical Income dataset.

With three classical variables from the original dataset used in creating symbolic obser-
vations where each observation consists of patients belonging to an Age x Race x Diabetes
group, the aggregated dataset ended up with seven variables. These seven variables are
labeled X(;),7 =1,2,...,7 as shown in Table 4.3.

Each variable X(;) for j = 1,...,7, of a symbolic observation, ; for ¢« = 1,2,...,42, in
the aggregated dataset contains values from all classical observations in the orginal dataset
that belong to &;. A histogram was constructed from these values. That is, the realized values
for each variable &; is a histogram. Tables 4.4 through 4.10 gives observed histograms for the
first five observations for each variable. The complete dataset is available upon request.

We computed the symbolic variance of Equation (2.17) and the symbolic covariance of

Equation (2.18) for the Medical Income dataset shown in Tables 4.4 through 4.10. The



Table 4.2: Observation Labels for Symbolic Medical Income Data

i | Label Age Race Diabetes
Code Years | Code Race | Code Diabetes
1 100 1 15-24 0 white 0 no
21 101 1 15-24 0 white 1 mild
3| 102 1 15-24 0 white 2 yes
4 110 1 15-24 1 black 0 no
51 111 1 15-24 1 black 1 mild
6| 112 1 15-24 1 black 2 yes
71 200 2 25-34 0 white 0 no
8| 201 2 25-34 0 white 1 mild
91 202 2 25-34 0 white 2 yes
10 | 210 2 25-34 1 black 0 no
11| 211 2 25-34 1 black 1 mild
12| 212 2 25-34 1 black 2 yes
13 | 300 3 35-44 0 white 0 no
14 | 301 3 35-44 0 white 1 mild
15| 302 3 35-44 0 white 2 yes
16 | 310 3 35-44 1 black 0 no
17| 311 3 35-44 1 black 1 mild
18| 312 3 35-44 1 black 2 yes
19 | 400 4 45-54 0 white 0 no
20 | 401 4 45-54 0 white 1 mild
21 | 402 4 45-54 0 white 2 yes
22 | 410 4 45-54 1 black 0 no
23 | 411 4 45-54 1 black 1 mild
24| 412 4 45-54 1 black 2 yes
25 | 500 5 55-64 0 white 0 no
26 | 501 5 55-64 0 white 1 mild
27 | 502 ) 55-64 0 white 2 yes
28 | 510 5 55-64 1 black 0 no
29 | 511 5 55-64 1 black 1 mild
30 | 512 5 55-64 1 black 2 yes
31| 600 6 65-74 0 white 0 no
32| 601 6 65-74 0 white 1 mild
33 | 602 6 65-74 0 white 2 yes
34| 610 6 65-74 1 black 0 no
35| 611 6 65-74 1 black 1 mild
36 | 612 6 65-74 1 black 2 yes
37| 700 7 over 74 0 white 0 no
38 | 701 7 over 74 0 white 1 mild
39 | 702 7 over 74 0 white 2 yes
40 | 710 7 over 74 1 black 0 no
41 711 7 over 74 1 black 1 mild
42 | 712 7 over 74 1 black 2 yes

160
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Table 4.3: Variables for Symbolic Medical Income Data

Variable
X1y Income
X(2) Glucose
X3 Cholesterol
X(4) Hemoglobin
X5y Hematocrit
X Redblood
X7y Whiteblood

Table 4.4: Histograms of Income for the First Five Observations

Label | Frequency Histogram for Income
1| 100 | {[6500,10500),0.022;[10500,14500),0.377; [14500, 18500), 0.412;
[18500, 22500), 0.166; [22500, 265001, 0.024 }
2| 101 | {[6500,10500),0.007; [10500, 14500), 0.344; [14500, 18500), 0.437;
[18500, 22500), 0.181; [22500, 26500], 0.030}
)’ [ )?
);

3| 102 | {[6500,10500),0.008; [10500, 14500), 0.453; [14500, 18500), 0.331;
[18500, 22500), 0.176; [22500, 26500], 0.033}

4] 110 | {[2500,6500),0.047; [6500, 10500), 0.375; [10500, 14500), 0.428:
[14500, 18500), 0.111; [18500, 22500), 0.015; [22500, 26500), 0.012;
[26500, 30500), 0.006; [30500, 34500], 0.006 }

5| 111 | {[2500,6500),0.050; [6500, 10500, 0.450; [10500, 14500), 0.300;
[14500, 18500], 0.200}

Table 4.5: Histograms of Glucose for the First Five Observations

Label | Frequency Histogram for Glucose

100 | {[51, 63),0.005; [63, 75), 0.034; [75, 87), 0.193; [87, 99), 0.403; [99, 111), 0.239;
[111,123),0.115; [123, 135), 0.009; [135, 147], 0.001}

101 | {[96.25,103.75),0.211; [103.75, 111.25), 0.381; [111.25, 118.75), 0.304;
[118.75,126.25), 0.096; [126.25, 133.75), 0.004; [133.75, 141.25], 0.004}

102 | {[95,105),0.233; [105, 115), 0.331; [115, 125), 0.192; [125, 135), 0.192;
[135,145],0.053; [1,2),0.000}

110 | {[63,75),0.041; [75,87),0.161; [87,99), 0.349; [99, 111), 0.276; [111, 123), 0.170;
[123,135],0.003}

111 | {[96.25,103.75),0.225; [103.75, 111.25), 0.300; [111.25, 118.75), 0.200;
[118.75,126.25], 0.275: [1, 2), 0.000; [1, 2),0.000}
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Table 4.6: Histograms of Cholesterol for the First Five Observations

Label | Frequency Histogram for Cholesterol

100 | {[62.5,87.5),0.007; [87.5,112.5),0.058; [112.5,137.5), 0.244; [137.5, 162.5), 0.362;
[162.5,187.5),0.252; [187.5,212.5),0.070; [212.5, 237.5],0.007}

101 | {[62.5,87.5),0.004; [87.5,112.5),0.056; [112.5,137.5), 0.244; [137.5, 162.5), 0.422;
[162.5,187.5),0.204; [187.5,212.5),0.063; [212.5,237.5],0.007}

102 | {[62.5,87.5),0.004; [87.5,112.5),0.069; [112.5,137.5),0.229; [137.5, 162.5), 0.367;
[162.5,187.5),0.253; [187.5,212.5),0.057; [212.5, 237.5), 0.016; [237.5, 262.5], 0.004 }

110 | {[87.5,112.5),0.021; [112.5,137.5),0.144; [137.5,162.5), 0.370; [162.5, 187.5), 0.340;
[187.5,212.5),0.120; [212.5, 237.5), 0.003; [237.5, 262.5], 0.003}

111

{[112.5,137.5),0.125; [137.5, 162.5), 0.375; [162.5, 187.5), 0.400; [187.5, 212.5],0.100}

Table 4.7: Histograms of Hemoglobin for the First Five Observations

Label

Frequency Histogram for Hemoglobin

100

101

102

110

111

{[12.25,12.75), 0.009; [12.75, 13.25), 0.100; [13.25, 13.75), 0.357; [13.75, 14.25), 0.375;
[14.25,14.75),0.137473831: [14.75, 15.25], 0.022}

{[12.25,12.75), 0.007; [12.75, 13.25), 0.093: [13.25, 13.75), 0.296: [13.75, 14.25), 0.430;
[14.25,14.75),0.156; [14.75, 15.25), 0.015; [15.25, 15.75], 0.004}

{[12.25,12.75), 0.008; [12.75, 13.25), 0.090; [13.25, 13.75), 0.388; [13.75, 14.25), 0.363;
[14.25,14.75),0.135; [14.75, 15.25],0.016}

{[12.25,12.75),0.009: [12.75, 13.25), 0.132; [13.25, 13.75), 0.346; [13.75, 14.25), 0.375;
[14.25,14.75),0.123; [14.75, 15.25],0.015}

{[12.75,13.25), 0.100; [13.25, 13.75), 0.300; [13.75, 14.25), 0.475; [14.25, 14.75), 0.100;
[14.75,15.25],0.025}

Table 4.8: Histograms of Hematocrit for the First Five Observations

Label

Frequency Histogram for Hematocrit

100

101
102

110

111

{[33.75, 36.25), 0.003; [36.25, 38.75), 0.099; [38.75, 41.25), 0.370; [41.25, 43.75), 0.392;
[43.75,46.25),0.127; [46.25, 48.75], 0.009}

{[36.25, 38.75), 0.096; [38.75, 41.25), 0.396; [41.25, 43.75), 0.385; [43.75, 46.25],0.122}
{[36.25, 38.75), 0.127; [38.75, 41.25), 0.327; [41.25, 43.75), 0.416; [43.75, 46.25), 0.127;
[46.25, 48.75],0.004}

{[36.25,38.75), 0.117; [38.75, 41.25), 0.396; [41.25, 43.75), 0.372; [43.75, 46.25), 0.103;
[46.25, 48.75],0.012}

{[36.25, 38.75), 0.050; [38.75, 41.25), 0.300; [41.25, 43.75), 0.575; [43.75, 46.25],0.075}




Table 4.9: Histograms of Red Blood for the First Five Observations

Label | Frequency Histogram for Red Blood

1| 100 | {[3.4,3.8),0.003;3.8,4.2),0.080;[4.2,4.6),0.372;[4.6,5),0.409;
[5,5.4),0.125; [5.4,5.8),0.010; [5.8,6.2],0.001}

2] 101 |{[3.4,3.8),0.011;[3.8,4.2),0.093; [4.2,4.6),0.326; [4.6, 5), 0.400;
[5,5.4),0.156; [5.4, 5.8],0.015}

31 102 | {[3.4,3.8),0.004;[3.8,4.2),0.069; [4.2,4.6),0.347; [4.6,5),0.441;
[5,5.4),0.135; [5.4, 5.8],0.004}

41 110 | {[3.8,4.2),0.097;[4.2,4.6),0.314;[4.6,5), 0.460; [5,5.4), 0.120;
[5.4,5.8],0.009}

51 111 | {[3.8,4.2),0.075;[4.2,4.6),0.375; [4.6, 5), 0.450; [5, 5.4), 0.075;

[5.4,5.8],0.025}

Table 4.10: Histograms of White Blood for the First Five Observations

Frequency Histogram for White Blood

Label
1| 100
2| 101
3 102
41 110
51 111

{[1.5,3),0.004; [3,4.5),0.043; [4.5, 6), 0.134; [6, 7.5), 0.290;
[7.5,9),0.307; (9, 10.5), 0.165; [10 5,12),0.049; [12,13.5],0.008}
{[1.5,3),0.007; [3,4.5),0.052; [4.5,6),0.137; [6, 7.5), 0.293;
[7.5,9),0.296; [9, 10.5), 0.170; [105 12),0.041: [12, 13.5], 0.004}
{[1.5,3),0.004; [3, 4.5), 0.053; [4.5, 6), 0.151; [6,7.5), 0.265;
7.5,9).0.269: 9, 10.5), 0.184: [10.5, 12], 0.073}

{[1.5,3),0.003; [3,4.5),0.044; [4.5, 6), 0.152; [6, 7.5), 0.261;
[7.5,9),0.331;[9,10.5), 0.147; [105 12),0.053: [12, 13.5], 0.009}
) [7.5,9),

{[4.5,6),0.075; [6,7.5),0.375; 0.325; [9 10.5],0.225}

163
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symbolic variance-covariance matrix for this dataset as defined in Equation (4.2) is given by

i 46452198 1202 33432 —1331
206.34 13.94 —0.60

1077.29 —9.61

S = 0.60

—4264 —436
—-2.64 —0.17
—33.73 —8.85
1.70 ~ 0.11
8.13  0.38
0.14

The symbolic correlation matrix as defined in Equation (4.4) is

1 0.0123 0.1495 —-0.2527 —-0.2194 —-0.1681 —
1 0.0296 —0.0542 —0.0645 —0.0306
1 —0.3788 —0.3603 —0.7085 —
R = 107721 0.3707
1 0.3516
1

—3407 ]
1.59

—3.25
0.35
1.28
0.04
3.64

0.2618
0.0581
0.0519
0.2392
0.2358
0.0511

1

(4.19)

(4.20)

The symbolic correlation matrix in Equation (4.20) reveals the following observations:

the correlation coefficients between Glucose (X(2)) and other medical variables (X3 — X(7))

are less than 0.1. That is, there is essentially no correlation between Glucose (X(2)) and the

concentration of red blood and white blood cells; White blood count (X(7)) is not correlated

with Glucose (X(s)), Cholesterol (X(3)) and Red blood count (X)) ; Cholesterol(X(s)) is

negatively correlated to Red blood count (X)) with a coefficient of -0.7085; and Hemoglobin

(X(4)) is highly correlated with Hematocrit (X(s5)) with a coefficient of 0.7721. The negative

correlation between Cholesterol and Red blood count makes sense because cholesterol is a

lipid circulating in the blood stream. When there is more cholesterol in the blood, there is

less room for the red blood cells in the blood stream and vice versa. The high correlation

between Hemoglobin and Hematocrit also makes sense because they are both measurements
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Table 4.11: Coefficients and Variance Proportion of Principal Components for Medical
Income Data Using All Variables

Variable PC1 PC2 PC3 PC4 PC5 PC6 PC7
Income -0.2609  0.4074 -0.0417 0.6622 0.5693 -0.0248 0.0336
Glucose -0.0464 -0.1641 0.9151 0.3087 -0.1954 -0.0015 -0.0098
Cholesterol -0.4429 -0.4359 -0.2059 0.2007 -0.1712 -0.7083 0.0129
Hemoglobin 0.5025 -0.1560 -0.1643 0.3941 -0.1709 -0.0044 0.7153
Hematocrit 0.4920 -0.1550 -0.1884 0.4365 -0.1445 -0.0116 -0.6978
Red blood 0.4414 04313 0.2097 -0.2341 0.1510 -0.7054 -0.0071
White blood 0.2103 -0.6186 0.1098 -0.1592 0.7319 -0.0046 0.0050

Proportion of Variance  0.3788 0.1764 0.1451 0.1255 0.1002 0.0416 0.0324
Cumulative Proportion  0.3788 0.5553 0.7004 0.8259 0.9260 0.9676  1.0000

of concentration of red blood cells. Now that we have determined the covariance structure of
the dataset, we can proceed with the principal component analysis. The symbolic principal
component analysis results for the Medical Income dataset are presented in the following

subsection.

4.4.2 ANALYSIS RESULTS
PCA USING ALL VARIABLES

We first apply our proposed principal component method to all seven variables in the
histogram-valued dataset of Tables 4.4 through 4.10. Table 4.1 shows that standard mea-
surements for the variables vary widely in both scales and of measurement units. In datasets
with such high variability between the variable measurements, it is more appropriate to
perform principal component analysis based on the correlation matrix than based on the
covariance matrix. We apply the proposed principal component method to the correlation
matrix of Equation (4.20). Table 4.11 gives the coefficients and the proportion of variation
explained by the principal components of the Medical Income data when all seven variables

are included.
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We can see from Table 4.11 that the first principal component is composed of Hemoglobin
with a coefficient of 0.5025, Hematocrit with a coeficient of 0.4920, and Red blood with a
coefficient of 0.4414. Since Cholesterol is negatively correlated to Red blood counts, it makes
sense that Cholesterol contributes a negative amount to the first principal component with a
coefficient of -0.4429. Therefore, the first principal component describes the overall red blood
concentration and it accounts for 37.88% of the total variation of the data. The next three
principal components, each accounts for about 18%, 15%, and 13% of the overall variation.
The first four principal components altogether contribute almost 83% of the total variation in
the data. A closer look at the coefficients of principal components two, three, and four shows
that they are composed of mainly White blood with a coefficient of -0.6186, Glucose with
a coefficient of 0.9151, and Income with a coefficient of 0.6622, respectively. Since each of
these principal components is mainly composed of one variable and each principal component
explains an approximately equal proportion of data variation, it means the variables that
make up principal component two, three, and four are relatively uncorrelated with other
variables. That is, White blood, Glucose, and Income have very low correlation with other
variables.

To help identify observations in each plot, labels for observations are displayed in a
corner of the plot where space allows. In each plot, colors of the polygons representing the
observations are based on one of the following characteristics of the observations: age, race,
and diabetes status. These characteristics are coded in an observation’s label as shown in
Table 4.2. A specific characteristic for a plot is chosen to illustrate a significant feature of
the principal components revealed in the plot. In all plots, a label has the same color as its
corresponding observation.

Plots of the observations along the first principal component (PC1) and the second prin-
cipal component (PC2) are shown in Figure 4.3. In Figure 4.3, color represents age (the
first digit of the labels) of the observation. That is, the polygons representing groups whose

age fall in the age range of 15-24 is displayed in black, the polygons representing groups of



167

patients in the age range of 25-34 is colored in red, and so on. See Figure 4.3 for details. At
first look, the PC1 x PC2 plot suggests the observations form one cluster. All observations
cover a wide range of values along the PCl-axis. A closer look shows a pattern of slight
degeneration of red blood concentration for older groups of patients. More specifically, the
black polygons representing the youngest group of patients form a cluster and this cluster
has the largest first principal component values. As age increases, the polygons associated
with these observations slightly move toward the smaller end of the PC1-axis. Examining the
observations along the PC2 axis shows the range of white blood concentration are about the

same for all groups. There exists no special feature along the second principal component.

o
—

PC2
0
|

-10

-10 -5 0 5 10
FC1

Figure 4.3: Plot of PC1 x PC2 for Medical Income Data Using All Variables (Color Repre-
sents Age)

Figure 4.4 shows a plot of principal component one versus principal component three
(PC1 x PC3) and Figures 4.5 shows a plot of PC2 x PC3. In both of these plots, a polygon
is colored according to diabetes status (the last digit of the labels) of the group it represents.

That is, the polygons representing groups of patients who do not have diabetes are colored
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in black, the polygons representing groups with mild diabetes are in red, and the polygons
representing groups with severe diabetes are in green. The third principal component values
for groups with no diabetes (whose labels end with zero) ranges from -8 to 6 whereas PC3
values for groups with diabetes (whose labels end with one or two) range from -3 to 7. The
black polygons covers a wide range of values for the third principal component which is
mostly composed of Glucose. That means for patients who do not have diabetes, some have
a low level of glucose and some have a high level of glucose. The red and the green polygons
stand out in a cluster with high PC3 values whose lowest value is much higher than the lowest
PC3 values of the group with no diabetes. That is, patients with diabetes consistently have
high level of glucose in their blood. The third principal component confirms the relationship

between Glucose and Diabetes.

o}
2ot

PC3
]
|

-10

-10 -5 0 5 10

Figure 4.4: Plot of PC1 x PC3 for Medical Income Data Using All Variables (Color Repre-
sents Diabetes)

The correlations between a variable X(;) and a principal component Y for j, &k =

1,2,...,p, as defined in Equation (2.25) are shown in Table 4.12. The coefficients in Table
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Figure 4.5: Plot of PC2 x PC3 for Medical Income Data Using All Variables (Color Repre-

sents Diabetes)

Table 4.12: Correlation between Principal Components and Random Variables of Medical
Income Data Using All Variables

Variable PC1 PC2 PC3 PC4 PC5 PC6 PC7
Income -0.4249  0.4527 -0.0420 0.6206 0.4767 -0.0134 0.0160
Glucose -0.0755 -0.1823 0.9223 0.2893 -0.1636 -0.0008 -0.0046
Cholesterol | -0.7213 -0.4845 -0.2075 0.1881 -0.1434 -0.3821 0.0061
Hemoglobin | 0.8183 -0.1734 -0.1656 0.3694 -0.1431 -0.0024 0.3406
Hematocrit 0.8011 -0.1723 -0.1899 0.4091 -0.1210 -0.0063 -0.3323
Red blood 0.7188 0.4793 0.2113 -0.2194 0.1264 -0.3806 -0.0034
White blood | 0.3425 -0.6875 0.1106 -0.1492 0.6128 -0.0025 0.0024
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4.12 show the correlation between variable X(;) and principal component Y{;) in the absence
of all other variables. The first principal component is highly correlated with Cholesterol,
Hemoglobin, Hematocrit, and Red blood with correlation coefficients of -0.7213, 0.8183,
0.8011, and 0.7188, respectively. The second principal component has the highest correlation
with White blood whose coefficient is -0.6875. The third principal component is highly cor-
related with Glucose with a coefficient of 0.9223. These correlation coefficients concur with
the conclusions drawn from the coefficients of the principal components as shown in Table
4.11.

After exploring the plots of Figures 4.3, 4.4, and 4.5 as well as the coefficients of Table
4.11 and Table 4.12, if further analysis of the principal components becomes necessary,
histogram-valued principal components can be computed. Table 4.13 shows histograms of
the first principal component for observations one through five. The number of subintervals
for the histograms representing the principal components can be specified in the algorithm.
In this example, the number of subinterval was set at eight; however, some of the lowest
and highest subintervals have relative frequency less than 0.001 and they are excluded from
the histograms shown in Table 4.13. Therefore, the resulting histograms have less than five

subintervals.

PCA BASED ON INCOME, GLUCOSE, HEMOGLOBIN, AND HEMATOCRIT

Besides the analysis based on all seven variables, we also apply the proposed PCA method to
various combinations of subsets of variables from the Medical Income dataset. Plots for some
of these examples are included in the appendix at the end of this chapter. As can be seen in
the plots of Figures 4.3 through 4.5, the internal structure of a histogram-valued observation
can be complex when the number of variables, p, is high. In the following subsection, we
illustrate the proposed method using a subset of four variables from the Medical Income

dataset. The internal complexity of a histogram-valued observation is reduced significantly
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Table 4.13: Histograms for the First Principal Component of Medical Income Data Using
All Variables

Label | Frequency Histogram for the First Principal Component
1| 100 | {[-0.675,0.893),0.046;[0.893,2.461),0.489; [2.461, 4.029), 0.433;
[4.029, 5.598], 0.032}

2| 101 | {[-1.939,—0.516),0.001;[—0.516,0.906), 0.051;[0.906, 2.328), 0.432;
[2.328,3.751),0.458; [3.751, 5.173), 0.058; [5.173, 6.595), 0.001 }

3| 102 | {[-0.792,0.667),0.032;[0.667,2.126), 0.379; [2.126, 3.585), 0.511;
[3.585,5.044),0.077; [5.044, 6.504), 0.001}

4| 110 | {[-0.629,0.817),0.039;[0.817,2.263),0.417; [2.263, 3.709), 0.480;
[3.709, 5.155), 0.062; [5.155, 6.601), 0.001}

51 111 | {[—0.501,0.548),0.008; [0.548, 1.597),0.139; [1.597, 2.646), 0.454;
2.646,3.694), 0.340; [3.694, 4.743), 0.057; [4.743, 5.792), 0.002}

Table 4.14: Coeflicients and Variance Proportion of Principal Components of Medical Income
Data Using Income, Glucose, Hemoglobin, and Hematocrit

Variable PC1 PC2 PC3 PC4
Income -0.3461 -0.1714 0.9218 -0.0335
Glucose -0.0914 0.9845 0.1491 0.0092
Hemoglobin 0.6634 0.0335 0.2295 -0.7114
Hematocrit 0.6571 0.0128 0.2746 0.7019

Proportion of Variance  0.4760 0.2488 0.2184  0.0568
Cumulative Proportion  0.4760 0.7248 0.9432  1.0000

from p = 7 to p = 4. An additional example with a simpler structure gives a clearer picture
of our methodology.

In the following example we compute the principal components using Income, Glucose,
Hemoglobin, and Hematocrit. The coefficients and the proportion of variance explained by
the principal components based on the correlation structure of these variables are shown in

Table 4.14.
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Hemoglobin and Hematocrit are the major contributors of the first principal component
with coefficients of 0.6634 and 0.6571. The size of their contribution is almost identical. The
first principal component explains almost 50% of the total variation in the data. The second
principal component is made up of mostly Glucose and it explains about 25% of the total
variation. The third principal component is composed mostly of Income and contributes
another 22% to the total variation. Together, the first three principal components explain
94% of the data variation leaving only 6% to the last principal component. The tiny per-
centage of the variance contributed by the fourth principal component indicates that one
of the variables is almost completely dependent on the other variables. That is, the space
spanned by Income, Glucose, Hemoglobin, and Hematocrit has dimension of three. Based
on the correlation matrix of Equation (4.20), we know that Hemoglobin and Hematocrit are
highly correlated.

The principal components can further be explored in Figures 4.6 through 4.8. Plots of
the observations along the first and the second principal components are shown in Figure
4.6. The polygons in this plot are colored based on age group. Visually, the first principal
component based on Income, Glucose, Hemoglobin, and Hematocrit gives a general pattern
similar to the first principal component based on all variables. We can see that the youngest
groups of patients, represented by the black polygons, have the highest values of PC1. Their
PC1 values range from about -1 to 6. This pattern also appears along the PC1-axis of Figure
4.7. Polygons representing other age groups cluster toward the smaller end of the PCl-axis.
Their values range from approxiamtely -6 to less than 4.5.

Another feature of the second principal component is clearly visible in Figure 4.8. Obser-
vations are plotted along the second and third principal components in Figure 4.8. The
polygons in this plot are colored based on diabetes status with black represents groups with
no diabetes, red for groups with mild diabetes and green for groups with severe diabetes.
Values along the PC2-axis range from -6 to 4 for the black polygons, from -2 to 4 for the red

polygons, and from -2 to 5 for the green polygons. Since Glucose is the primary contributor
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PC1

Figure 4.6: Plot of PC1 x PC2 for Medical Income Data Using Income, Glucose, Hemoglobin,
and Hematocrit (Color Represents Age)

to the second principal component, we can say that groups of patients with diabetes have
a higher level of glucose in their blood. Groups of patients with severe diabetes have espe-
cially high levels of blood glucose compared to the other groups. Again, this confirms the
correlationship between glucose and diabetes.

The general pattern for the third principal component is more subtle than for PC1 and
PC2. Close examination of Figure 4.7 along the PC3-axis shows that groups of patients
in the 45 to 64 age range have the highest PC3 values. The older groups of over 65 and
younger groups have lower PC3 values. Further inspection of the polygons within the same
age group shows what groups of black patients (whose labels have the second digit of zero)
have PC3 values lower than their white counterpart. Since the third principal component

is composed of mostly Income, we can conclude that the income is somewhat related to
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Figure 4.7: Plot of PC1 x PC3 for Medical Income Data Using Income, Glucose, Hemoglobin,

and Hematocrit (Color Represents Age)

pC2

Figure 4.8: Plot of PC2 x PC3 for Medical Income Data Using Income, Glucose, Hemoglobin,

and Hematocrit (Color Represents Diabetes)
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Table 4.15: Correlation between Principal Components and Random Variables of Medical
Income Data Using Income, Glucose, Hemoglobin, and Hematocrit

Variable PC1 PC2 PC3 PC4
Income -0.4776 -0.1710 0.8616 -0.0160
Glucose -0.1261 0.9822 0.1394 0.0044

Hemoglobin | 0.9154 0.0334 0.2145 -0.3390
Hematocrit 0.9067 0.0128 0.2567 0.3345

both age and race. More specifically, groups of middle-aged white patients have the highest
income level. The correlation between a variable X(;) and a principal component Y, in
the absence of other variables as defined in Equation (2.25) are shown in Table 4.15. The
correlation coefficients of the first principal component show a very high correlation between
the first principal component and Hemoglobin with a coefficient of 0.9154. The first principal
component is also highly correlated to Hematocrit with a coefficient of 0.9067. Table 4.15
also indicates an almost perfect correlationship between the second principal component
and Glucose with a coefficient of 0.9822. Income is highly correlated with the third principal
component whose coefficient is 0.8616. Again, these correlations concur with the results
drawn from the coefficients of the principal components shown in Table 4.14.

If further analysis of the principal components is needed where numerical values are
necessary, histogram-valued principal components can be computed. Histograms for the first
three principal components for a subset of observations are shown in Tables 4.16, 4.17, and

4.18.

4.4.3 COMPARISON OF SYMBOLIC PCA AND cLASSICAL PCA

Without a method to analyze symbolic data, a midpoint would be used to represent all
values in a symbolic variable. When only one point represents many points, information

including variability and distribution of the points is lost. Principal component analysis
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Table 4.16: Histograms for the First Principal Component of Medical Income Data Using
Income, Glucose, Hemoglobin, and Hematocrit

Label | Frequency Histogram for the First Principal Component

1| 100 |{[-0.662,0.295),0.003;[0.295,1.252),0.071; [1.252,2.210), 0.354;
[2.210,3.167),0.429; [3.167,4.124),0.135; [4.124, 5.082],0.009}

2| 101 | {[—0.180,0.646),0.013;[0.646, 1.472),0.129;[1.472,2.299), 0.375;
[2.299,3.125),0.359; [3.125, 3.952), 0.114; [3.952, 4.778],0.009}

3] 102 | {][-0.182,0.667),0.019;[0.667,1.515),0.161;[1.515,2.364), 0.393;
[2.364,3.213),0.332; [3.213, 4.062), 0.089; [4.062, 4.910], 0.006 }

41 110 | {[-0.431,0.511),0.004;[0.511,1.454),0.087; [1.454,2.396), 0.370;

[2.396, 3.339), 0.407; [3.339, 4.281), 0.123; [4.281, 5.223],0.009}

51 111 | {[-0.076,0.606),0.002; [0.606, 1.288),0.029; [1.288, 1.969), 0.155;
[1.969,2.651),0.357; [2.651, 3.333), 0.330; [3.333,4.015), 0.114;
[4.015,4.697],0.014}

6| 112 | {[-0.398,0.325),0.001;[0.325,1.048),0.027;[1.048,1.771),0.148;
[1.771,2.494),0.317; [2.494, 3.217), 0.314; [3.217, 3.940), 0.158;

[3.940, 4.663), 0.033; [4.663, 5.386],0.001}

71 200 | {[—3.555,—-2.419),0.004;[—2.419, —1.282),0.116;[—1.282, —0.145), 0.481;
[—0.145,0.991), 0.354; [0.991, 2.128), 0.045; [2.128, 3.265],0.001 }

8| 201 | {[-3.631,—2.607),0.002;[—2.607,—1.583),0.071; [—1.583, —0.559), 0.373;
[—0.559,0.465), 0.432; [0.465, 1.489), 0.116; [1.489, 2.513],0.006 }

9| 202 |{[-3.738,—2.827),0.001;[—2.827,—1.917),0.026; [—-1.917, —1.007), 0.204;
[—1.007,—0.096), 0.429; [—0.096, 0.814), 0.281; [0.814, 1.725), 0.056;
[1.725,2.635],0.003}

10 | 210 | {[-2.766,—1.600),0.030; [—1.600, —0.433),0.318; [—0.433,0.733), 0.520;
[0.733,1.899), 0.128; [1.899, 3.065], 0.003 }

37| 700 | {[—3.669, —2.569),0.001; [—2.569, —1.470), 0.063; [—1.470, —0.370), 0.396;
[—0.370, 0.730), 0.446; [0.730, 1.829), 0.092; [1.829, 2.929],0.003}

38| 701 | {[—3.715,—2.679),0.001; [~2.679, —1.643), 0.048; [~ 1.643, —0.607), 0.338;
[—0.607, 0.429), 0.460; [0.429, 1.465), 0.142; [1.465, 2.501],0.011}

39 | 702 | {[—3.818,—2.766),0.002; [—2.766, —1.714), 0.055; [—1.714, —0.662), 0.347;
[—0.662, 0.389), 0.454; [0.389, 1.441), 0.133; [1.441, 2.493], 0.008}

40| 710 | {[~2.641, —1.875),0.005; [—1.875, —1.109), 0.063; [—1.109, —0.343), 0.258;
[—0.343,0.423), 0.394; [0.423, 1.188), 0.232; [1.188, 1.954), 0.046;

[1.954, 2.720], 0.002}

41| 711 | {[-2.755, —1.859),0.011; [—1.859, —0.963), 0.119; [—0.963, —0.068), 0.355;
[—0.068, 0.828), 0.360; [0.828, 1.723), 0.136; [1.723, 2.619), 0.019;
2.619,3.514],0.001}

42| 712 | {[~3.080, —2.219), 0.003; [—2.219, —1.358), 0.052; [—1.358, —0.497), 0.254;
[—0.497, 0.364), 0.413; [0.364, 1.224), 0.234; [1.224, 2.085), 0.042;

[2.085, 2.946], 0.002}
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Table 4.17: Histograms for the Second Principal Component of Medical Income Data Using
Income, Glucose, Hemoglobin, and Hematocrit

Label | Frequency Histogram for the Second Principal Component

1| 100 |{[-2.610,—1.855),0.104;[—1.855, —1.100),0.262; [—1.100, —0.346), 0.332;
[—0.346,0.409), 0.198; [0.409, 1.164), 0.092; [1.164, 1.918), 0.010;
[1.918,2.673],0.002}

2| 101 | {[-1.252,-0.605),0.071;[—0.605,0.041),0.354;[0.041,0.688), 0.406;
[0.688,1.335),0.157; [1.335, 1.982), 0.010; [1.982, 2.629], 0.002}

3| 102 | {[-1.247,-0.582),0.091;[—0.582,0.083), 0.262; [0.083,0.747), 0.275;
[0.747,1.412),0.187; [1.412,2.077),0.147; [2.077,2.742],0.038}

4|1 110 | {[—2.785,—1.889),0.080; [—1.889, —0.993),0.247; [—0.993, —0.096), 0.347;
[—0.096, 0.800), 0.243; [0.800, 1.696), 0.081; [1.696, 2.592], 0.001 }

51 111 | {[—1.246,—0.724),0.008; [-0.724, —0.201), 0.184; [—0.201, 0.322), 0.285;
[0.322,0.844),0.227; [0.844, 1.367), 0.250; [1.367, 1.889], 0.046 }

6| 112 | {[-1.072,—0.456),0.086;[—0.456,0.160), 0.222; [0.160,0.777), 0.263;
[0.777,1.393),0.209; [1.393, 2.009), 0.180; [2.009, 2.625], 0.041}

71 200 | {[—3.144,—-2.322),0.067; [—-2.322, —1.500), 0.222; [—1.500, —0.679), 0.380;
[—0.679,0.143),0.217; [0.143,0.965), 0.100; [0.965, 1.787), 0.013;
[1.787,2.609],0.001}

8| 201 | {[-1.223,—0.498),0.199;[—0.498,0.228), 0.498; [0.228,0.954), 0.253;
[0.954,1.679), 0.046; [1.679, 2.405], 0.004 }

9| 202 |{[-1.602,—0.905),0.040;[—0.905,—0.209), 0.205; [—0.209, 0.488), 0.266;
[0.488,1.184),0.211; [1.184, 1.880), 0.239; [1.880, 2.577), 0.030;
[2.577,3.273],0.009}

10 | 210 | {[—4.226,—3.164),0.007; [—3.164, —2.102),0.079; [-2.102, —1.039), 0.367;
[—1.039,0.023),0.367; [0.023,1.085), 0.168; [1.085, 2.147),0.011;
[2.147,3.210],0.001}

37| 700 | {[~3.685, —2.810),0.003; [—2.810, —1.935),0.036; [—1.935, —1.060), 0.189;

[—1.060, —0.185), 0.302; [—0.185, 0.690), 0.309; [0.690, 1.565), 0.136;

[1.565,2.440), 0.023; [2.440, 3.315], 0.002}

38| 701 | {[—1.184,—0.439),0.117; [—0.439,0.306), 0.417; [0.306, 1.051), 0.353;
[1.051, 1.796), 0.098; [1.796, 2.541), 0.013; [2.541, 3.286], 0.002}

39 | 702 | {[~1.916,—1.145),0.001; [—1.145, —0.374),0.084; [~0.374, 0.397), 0.213;

[0.397, 1.168), 0.283; [1.168, 1.939), 0.320; [1.939, 2.710), 0.088;

2.710,3.481],0.012}

40 | 710 | {[~3.712, —3.000), 0.002; [—3.000, —2.288), 0.013; [—2.288, —1.575), 0.043;

[—1.575, —0.863), 0.213; [~0.863, —0.150), 0.271; [~0.150, 0.562), 0.250;

[0.562, 1.274),0.174; [1.274, 1.987], 0.034}

41| 711 | {[~1.780, —0.986),0.001; [—0.986, —0.193), 0.169; [—0.193, 0.601), 0.455;

0.601,1.395), 0.319; [1.395, 2.188), 0.045; [2.188, 2.982], 0.012}

42| 712 | {[~1.679,—0.828),0.006; [—0.828, 0.022), 0.103; [0.022, 0.873), 0.226;

[0.873,1.724), 0.383; [1.724, 2.574), 0.240; [2.574, 3.425], 0.041}
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Table 4.18: Histograms for the Third Principal Component of Medical Income Data Using
Income, Glucose, Hemoglobin, and Hematocrit

Label | Frequency Histogram for the Third Principal Component

1| 100 | {[-1.855,—1.100),0.004;[—1.100,—0.346),0.132; [—0.346, 0.409), 0.455;
[0.409,1.164),0.334; [1.164, 1.918),0.071; [1.918, 2.673],0.004 }

2| 101 | {[-1.252,-0.605),0.014;[—0.605,0.041),0.203;[0.041, 0.688), 0.429;
[0.688,1.335), 0.280; [1.335, 1.982), 0.068; [1.982, 2.629], 0.005}

3| 102 | {[-1.247,-0.582),0.021;[—0.582,0.083),0.251; [0.083,0.747), 0.417;
[0.747,1.412),0.240; [1.412,2.077), 0.065; [2.077, 2.742],0.005}

4| 110 | {[—2.785,—1.889),0.002; [—1.889,—0.993),0.116; [—0.993, —0.096), 0.530;
[—0.096, 0.800), 0.302; [0.800, 1.696), 0.036; [1.696, 2.592), 0.011;

[2.592, 3.489],0.003 }

51 111 | {[-1.769,—1.246),0.015; [—1.246, —0.724),0.130; [—0.724, —0.201), 0.329;
[—0.201,0.322),0.298; [0.322,0.844),0.179; [0.844, 1.367), 0.047;
[1.367,1.889],0.001}

6| 112 | {[—2.305,—1.688),0.002;[—1.688,—1.072),0.038; [—-1.072, —0.456), 0.216;
[—0.456,0.160), 0.390; [0.160, 0.777), 0.259; [0.777, 1.393), 0.080;
[1.393,2.009],0.015}

71 200 | {[—2.322,—1.500),0.013;[—1.500, —0.679),0.197;[—0.679, 0.143), 0.445;
[0.143,0.965), 0.293; [0.965, 1.787),0.051; [1.787, 2.609], 0.001 }

8| 201 | {[-1.949,—1.223),0.018;[—1.223, —0.498),0.194; [—0.498, 0.228), 0.401;
[0.228,0.954), 0.302; [0.954, 1.679), 0.080; [1.679, 2.405], 0.004 }

9| 202 |{[-2.298,—-1.602),0.001;[—1.602,—0.905),0.044; [—0.905, —0.209), 0.264;
[—0.209, 0.488), 0.380; [0.488,1.184),0.239; [1.184, 1.880), 0.067;
[1.880,2.577],0.005}

10 | 210 | {[-3.164,—2.102),0.022; [—2.102, —1.039), 0.392; [—1.039, 0.023), 0.476;
[0.023,1.085),0.103; [1.085,2.147), 0.005; [2.147, 3.210], 0.001 }

37| 700 | {[~2.810,—1.935),0.001; [~1.935, —1.060), 0.073; [~1.060, —0.185), 0.444;
[—0.185, 0.690), 0.403; [0.690, 1.565), 0.076; [1.565, 2.440], 0.003}

38| 701 | {[—1.929, —1.184),0.035; [—1.184, —0.439), 0.288; [—0.439, 0.306), 0.464;
0.306, 1.051), 0.186; [1.051, 1.796), 0.025; [1.796, 2.541], 0.001}

39 | 702 | {[~1.916,—1.145),0.031; [—1.145, —0.374), 0.275; [~0.374, 0.397), 0.461;
[0.397, 1.168), 0.202; [1.168, 1.939), 0.030; [1.939, 2.710], 0.001}

40 | 710 | {[~3.000, —2.288),0.010; [~2.288, —1.575), 0.173; [~ 1.575, —0.863), 0.477;
[—0.863, —0.150), 0.291; [—0.150, 0.562), 0.042; [0.562, 1.274], 0.005}

41| 711 | {[~3.367, —2.573),0.001; [~2.573, —1.780), 0.073; [—1.780, —0.986), 0.443;
[—0.986, —0.193),0.381; [—0.193, 0.601), 0.079; [0.601, 1.395), 0.020;
[1.395, 2.188],0.004}

42| 712 | {[~3.380, —2.529),0.001; [-2.529, —1.679), 0.073; [~ 1.679, —0.828), 0.435;
[—0.828, 0.022), 0.395; [0.022, 0.873), 0.079; [0.873, 1.724), 0.014;
[1.724,2.574],0.003}
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using the midpoints only accounts for part of the total variation in the dataset. The variance

maximized by the principal components is the variance between observations. These principal

components were determined in the absence of the variation within observations as defined

in Equation (2.6) through Equation (2.12) of Chapter 2 and detailed in Billard (2007). The

classical variance-covariance matrix of the midpoints is given by

S = 0.32

26898268 —1790 18636 —1139 —3480
7457 1462 -0.41 —-1.19
355.99 —5.54 —16.48

—158 —172
—-0.21 0.11
—-2.75  0.17

0.96 0.05 0.02

289 0.14 0.05

0.03 0.00

0.02

(4.21)

All variances in Equation (4.21) are much smaller than their counterparts in Equation (4.19).

The smaller values of the variances using the midpoints reflect the omission of the internal

variation that is inherent in symbolic data.

The classical correlation matrix resulting from the covariance matrix of Equation (4.21)

for the Medical Income dataset is

1 —0.0400 0.1905 -0.3891 -0.3951
1 0.0897 —0.0851 —0.0815

1 —0.5202 —-0.5142

R = 1 0.9986
1

—0.1834
—0.1436
—0.8770
0.5098
0.5059

1

—0.2541
0.0953
0.0683
0.2364
0.2406

—0.0194

1

(4.22)

Compared to the symbolic correlation matrix of Equation (4.20), the correlation between

the midpoints are in general stronger than the correlation between the histograms. In this
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example, observations have centers that are close together and the range of values for each
observation is large. Therefore, it makes sense that the correlation between the midpoints
are stronger than the symbolic correlation because the symbolic correlation accounts for
all values belonging to the observations. These values spread out around the midpoints so
they weaken the correlation between variables. More particularly, the correlation between
the midpoints of Hemoglobin (X)) and Hematocrit (X)) is 0.9986 versus 0.7721 in the
correlation between histograms of these two variables. Similarly, the correlation between the
midpoints of Cholesterol (X(3)) and Red blood (X)) is -0.8770 versus the correlation of
-0.7085 between the histograms.

Having seen the differences in the correlation structure of histogram-valued Medical
Income data and classical Medical Income data using the midpoints, we next apply classical
PCA to the midpoints based on the correlation matrix of Equation (4.22). The coefficients
and the proportion of variance explained by the principal components resulting from the
classical PCA using the midpoints are shown in Table 4.19. Coefficients too close to zero are
left blank in Table 4.19. The coefficients in Table 4.19 show that the general composition of
the principal components based on the midpoints is similar to that based on the histograms,
with only slight differences in the magnitudes of the coefficients. However, the first principal
component using the midpoints accounts for 45% of the total variation compared to 38% in
the case of the histograms. The next two principal components also contribute more to the
total variation in the data than those in the histgorams results in Subsection 4.4.2. Together
the first three principal components account for a total of 79% of the data variation.

Plots of the observations along the first three principal components are shown in Figures
4.9, 4.10, and 4.11. Color schemes for these plots are the same as those for Figures 4.3, 4.4,
and 4.5. That is, observations in PC1 x PC2 plots are colored according to age group and
observations in PC1 x PC3 and PC2 x PC3 are colored according to diabetes status. The
plot of observations along the PC1 and the PC2 axes of Figure 4.9 shows three distinct

clusters of observations. One cluster consists of observations which represent the youngest
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Table 4.19: Coefficients and Variance Proportion of Principal Components for Medical
Income Data Using Midpoints of All Variables

Variable PC1 PC2 PC3 PC4 PC5 PC6 PC7
Income -0.2720  0.4090 0.8370  0.2400

Glucose -0.3400  0.9200 0.1620

Cholesterol -0.4430 -0.3730 -0.2630 0.2950 -0.7130
Hemoglobin 0.5070 -0.1610 -0.1050 0.1260 0.4350 -0.7070
Hematocrit 0.5060 -0.1680 -0.1040 0.1220 0.4350 0.7070
Red blood 0.4420 0.3680 0.1960 -0.3740 -0.6970

White blood 0.1220 -0.6230 -0.1540 0.5090 -0.5570

Proportion of Variance  0.4534 0.1995 0.1351 0.1006 0.0943 0.0170  0.0002
Cumulative Proportion 0.4534  0.6529 0.7880 0.8885 0.9828 0.9998  1.0000

age group. These observations have the highest PC1 values which cluster around 4. The
next cluster consists of observations in the second and the third youngest age group. These
observations have smaller PC1 values which range from 0 to 1. The last cluster consists of
all observations in the older groups with PC values ranging from -2 to -0.5.

The pattern of degeneration in values of the first principal component as age increases
described here coincides with the trend of the first principal component based on histogram-
valued observations discussed in Subsection 4.4.2. However, in Figure 4.9 observations form
distinct clusters along the PCl-axis. The complete separation between observations in this
plot reflects a drawback of using the midpoints to represent multiple values of a symbolic
observation. With only one point, we can not see that each observation actually covers an
area much larger than the point shown in Figure 4.9. We can not see from the plot of Figure
4.9 that along the first principal component groups of patients have more common values
than not and that the range of red blood concentration is large for all groups of patients.

Similar conclusions can be drawn from studying plots of the midpoints values along the
third principal component in Figure 4.10 and Figure 4.11. Observations in these plots indicate

that patients with no diabetes have lower values of PC3. Patients with mild diabetes have
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Figure 4.9: Plot of PC1 x PC2 for Medical Income Data Using Midpoints of All Variables
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Figure 4.10: Plot of PC1 x PC3 for Medical Income Data Using Midpoints of All Variables
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Figure 4.11: Plot of PC2 x PC3 for Medical Income Data Using Midpoints of All Variables

higher level of PC3 and patients with severe diabetes have the highest values in the third
principal component. Since the third principal component is mainly composed of Glucose, we
can conclude that in general glucose is correlated with diabetes. This conclusion agrees with
the general trend of PC3 obtained in Subsection 4.2.2. However, we can not see from Figures
4.10 and 4.11 that the histograms representing groups with no diabetes have a much larger
internal variation than those of mild and severe diabetes. About half of each group of patients
with no diabetes has glucose level as high as those of diabetes groups. Therefore, using only

the midpoints does not capture the full structure of histogram-valued observations.
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APPENDIX

We also apply the proposed method to the Medical Income data using Glucose, Cholesterol,
Hemoglobin, Hematocrit, Red blood, and White blood. The resulting composition for the
first three principal components in this analysis is very similar to the analysis using all
variables. Two-dimensional plots of the first three principal components for this analysis
are shown in Figures 4.12, 4.13, and 4.14. Plots resulting from application of our proposed
method on the Medical Income dataset using other subsets of variables are also included in

this appendix.
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Figure 4.12: Plot of PC1 x PC2 for Medical Income Data Using Glucose, Cholesterol,
Hemoglobin, Hematocrit, Red blood, and White blood (Color Represents Age)
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Figure 4.13: Plot of PC1 x PC3 for Medical Income Data Using Glucose, Cholesterol,
Hemoglobin, Hematocrit, Red blood, and White blood (Color Represents Diabetes)
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Figure 4.14: Plot of PC2 x PC3 for Medical Income Data Using Glucose, Cholesterol,
Hemoglobin, Hematocrit, Red blood, and White blood (Color Represents Diabetes)
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Figure 4.15: Plot of PC1 x PC2 for Medical Income Data Using Glucose, Cholesterol,
Hemoglobin, Hematocrit, and Red blood (Color Represents Age)
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Figure 4.16: Plot of PC1 x PC3 for Medical Income Data Using Glucose, Cholesterol,
Hemoglobin, Hematocrit, and Red blood (Color Represents Diabetes)
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Figure 4.17: Plot of PC2 x PC3 for Medical Income Data Using Glucose, Cholesterol,
Hemoglobin, Hematocrit, and Red blood (Color Represents Diabetes)
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Figure 4.18: Plot of PC1 x PC2 for Medical Income Data Using Income, Glucose, Cholesterol,

and Hemoglobin (Color Represents Diabetes)
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Figure 4.19: Plot of PC1 x PC3 for Medical Income Data Using Income, Glucose, Cholesterol,
and Hemoglobin (Color Represents Age)
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Figure 4.20: Plot of PC2 x PC3 for Medical Income Data Using Income, Glucose, Cholesterol,
and Hemoglobin (Color Represents Age)



CHAPTER 5

SYMBOLIC LIKELIHOOD FUNCTIONS AND SOME MAXIMUM LIKELIHOOD ESTIMATORS

FOR SYMBOLIC DATA

In this chapter, we introduce likelihood functions for symbolic random variables. In sym-
bolic data, each observation contains multiple values. A symbolic observation can be a list
of values, a range of values, a histogram of values or, more generally, a distribution of values.
The proposed likelihood function in Section 5.1 is based on the general case where each obser-
vation is a distribution of values. In Section 5.2, we derive maximum likelihood estimators
(MLE) for the mean and the variance of three of the most common types of symbolic vari-
ables: interval-valued variable, histogram-valued variable, and triangular-ditribution-valued

variable.

5.1 SyMBoOLIC LIKELIHOOD FUNCTIONS

Let X4, Xo,..., X, be a symbolic random sample from a population with distribution H and

parameter vector §. A random variable X from a distribution H with parameter § means
Hx(x;0) = Pg(X < z). (5.1)

Let h be the density function corresponding to distribution function H of Equation (5.1).
Then,
hx(r;8) = P§(X = ). (5.2)

Now let &; denote a realization of X; for + = 1,2,... n. Since X; is a symbolic random

variable, &; consists of a set of values where each value has an associated relative frequency.
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That is,
&= {fil, f(fil);fiza f(fzz); R . f(fm)}

where n; is the number of values in observation &; and f(&;) is the relative frequency that &;
occurs within & for [ = 1,2,...,n,. When n; is countable, &; is itself a discrete distribution
of values and Y ", f(£;) = 1. When n; is uncountable, &; is itself a continuous distribution
of values and [~ f(w)dw =1 for all real-valued w.

In general, assume X; consists of a distribution of values. The values within X; come
from a parametric family of distributions with density function f and parameter vector ©;.
It is important to note that f and ©, are the density function and the parameter vector
for values within X;. We refer to f as the internal distribution of X; to distinguish it from
h which is the distribution of X;, and refer to ©; as the vector of internal parameters to
distinguish it from § which is the vector of parameters of X; associated with the density
function h.

Since O; is an internal parameter vector of X; and X; is a random variable, ©; is not a
fixed vector but a random vector. Suppose O, O, ..., 0, come from a family of distributions

with density function g and parameter matrix 7. Then,

Furthermore, given a parametric family, a distribution is uniquely determined by its
parameters. Hence, there exists a one-to-one correspondence between X; and ®; based on
the assumption that X; consists of a distribution of values from a parametric family. That
is, a realization & of X; can be reconstructed if the realized vector 6; of ®; is known and
vice versa. Therefore,

Pé(X:fz’) :PT(@:Gi)

or equivalently,

h(&:;0) = g(0:;7) (5.4)
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where h and g are as defined in Equations (5.2) and (5.3). The likelihood funtion of § given
&1,&,...,&, is defined as,

=1

Given Equation (5.4), the likelihood function of Equation (5.5) can be expressed in terms of

T and 04, ...,0, by replacing h(§;;d) with g(8;; T) as follows,

n n

L(8;&1, 6, .. &) = [[ (& 6) = [[ 9(6i:7) = L(7:61,65,....6,,). (5.6)

i=1 i=1

That is, the symbolic likelihood function of § given &;,&,,...,&, can be stated as a
classical likelihood function of 7 given 04,80,,...,0,. Now classical maximum likelihood
methods from estimation to regression can be applied to symbolic data via the relationship
stated in Equation (5.6). Some examples of estimating the mean and the variance of symbolic

data based on the proposed maximum likelihood functions follow.

5.2 SOME MAXIMUM LIKELIHOOD ESTIMATORS BASED ON THE PROPOSED LIKELIHOOD

FUNCTIONS
All examples shown in this section are based on the following assumptions. Let Xy, Xo, ..., X,
be a symbolic random sample. Let ©1, @5, ..., 0, be the corresponding vectors of internal

parameters. Assume further that ©; = (0,1, 0;2) and ©; ~ Ny(pu, X). It is also reasonable to
assume that ©;; and ©;5 are independent. If an indication of dependency exists, the following
method can be generalized to the multivariate case. In the future, we plan to extend this
method to the multivariate case. Therefore, with the assumption of independence and that

Oi1 ~ N(p1,0?) and O5 ~ N(us,03), the joint distribution of ©; becomes
9(0i; 11, %) = g(01; 1, 07) 9 (0io; 2, 73).
The likelihood function of (u, ) is then

L(pn, pa, 07, 05; 61,03, ..., 0,,) H Oii; 11, 07)g (912;/12705)}

=1
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n 2

= H Hg(%; 115, 07)

=1 j=1
n 2

- TIII L —0y-u)?/202

i=1 j=14/27m0;

N

Now, the estimators of i1, 1o, 0% and o7 can be obtained using the classical maximum like-

lihood method. Thus we find

5.2.1 INTERVAL-VALUED DATA

Let X; be an interval-valued random variable. Then the realization of X; is & = [a;, b;] and
for any W in the interval [a;, b, W ~ U(a;, b;), i.e.,

1
bi—ai'

fW =wl&) =

Furthermore, let ©;1 = E(W|X; = &) and O, = Var(W|X; = ). Then 0, = (a; + b;)/2

and ©;, = (b; — a;)?/12. Now, the overall mean of X; fori =1,2,..., n, is
E(W) =E(EW[X; =§)) = E(©u) = m (5.8)
and its variance is

Var(W) = EVar(W|X; =&))+ Var(E(W|X; = &))
= E(@Zg) —+ VCLT(@Z‘l)

Note that the estimator for Var(W) in Equation (5.9) is the sum of two components, the
mean of the variances within each observation and the variance of the means of the obser-
vations. These two components correspond to the mean of squares within observations and

the mean of squares between observations shown by Billard (2007).



194

Now, replacing ji1, ji2, 0% and ¢2 by their MLE in (5.7) gives the following estimators for

(5.8) and (5.9), respectively,

o —

E(W):,&lzizeilzgzai;bi
i=1

=1

and
Var(W) = [y + 63
l & 1 &
= =) Oo+—) (0a—in)
n; 2-1—”;( 1 — fi1)
1 & R
= 52(91‘2““91'21_292'1#1"'#%)
i=1
1 ¢ 2 )
= _Z(9i2+‘9¢1>_ﬂl
b—al CLi—FbiQ “
- —z( P ()

n

1 .
= m ((@z — 61)2 + 3(@1 + bl)2) — Uy
i=1
1 2 2 2
= — ) (af = 2a;b; + b7 + 3a; + 6a;b; + 3b7) —
12n —
1 < -
= m 4((1 + a;b; + b; )
_ L " (a2~|—a-b-—|—b2)— T
3n —

n

i=1

1 9 1 a; + b;
= & (a2 + a;b; + b?) (5;

(5.10)

(5.11)

The MLE’s in (5.10) and (5.11) match the empirical mean and the empirical variance for

interval-valued data as defined in equations (2.3) and (2.4) which were derived by Bertrand

and Goupil (2000) based on the empirical density for an interval-valued variable.

5.2.2 HISTOGRAM-VALUED DATA

Let X; be a histogram-valued random variable. Then,

51 {[azvbzl) pi?[azvb12> p?;"';[zsl7bfl]a Sl}
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where s; is the number of subintervals in & and pl is the relative frequency associated with

interval [al, b]. That is, a histogram-valued variable is a generalized version of an interval-

valued variable. Again, let 0, = E(W|X; = &) and O, = Var(W|X; = &). Then,

Z (ot b) +bl (5.12)

and

sz a)? + alb + (Zla—l—bl) . (5.13)

By analogy, the mean and the variance of X; for : = 1,2,...,n here are the same as those
of interval-valued data shown in Equation (5.8) and (5.9). Now, replacing jy, iz, 03 and o3
by their MLE’s shown in (5.7) with ©; as defined in Equation (5.12) and (5.13) gives the

following estimators for E(W) and Var(W), respectively,

/-\

E(W Zeu - ZZ (o +b (5.14)

7,1l1

and

Var(W) = fig+ 67

_ %i@ﬁ%i(%—ﬂl)?

_ %ieﬁ +1 an (63 — 20 jus + 12)

_ %g( sz -+ alb + (1) 9%) 29
_ lz( sz )2 + b + (bg)z]—ezwﬁ)—ﬂ%
- ZZI@ )2+ albl + (b)) — ji?

i=1 [=1
= ZZM )2+ alvl + ( Y Zpia —i—bl> . (5.15)
=1 [=1 i=1 =1

Again, the MLE’s in (5.14) and (5.15) match the empirical mean and the empirical variance
for histogram-valued data as defined in equations (2.16) and (2.17) which were derived by
Billard and Diday (2003).



196

5.2.3 TRIANGULAR-DISTRIBUTION-VALUED DATA

In this example, we will derive the MLE’s for the mean and the variance of another common
type of symbolic data known as the triangular-distribution-valued data (for convenience, it
will be refered to as triangular-valued data from here on). Let X, X5, ..., X, be a random
sample of triangular-valued variable. Let &; be a realization of X; where all values of ¢; fall

inside an interval [a;, b;]. Then for all W in the interval [a;, b;],

?ISZU_;‘:“)@ for a; <w< (‘“;Lb"),
FW =wl&) = (5.16)
—?libi;?)’% for (“i;rb’) <w<b

That is, the curve f(wl|¢;) of Equation (5.16) forms an equilateral triangle with the w-axis

whose base is the interval [a;, b;] and peak located at (%F%, bfa)
Now given X; = &;, the expected value of W is
BV =) = [ wfwlg)d
GO?erz‘
> 4w —a;) b4 — w)
= —d ——d
A = / Tl a2
4 — bi
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and its variance is

Var(W|X; = &)

Now,

L.

(w)? f(wl&:)dw
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: (5.17)

/ (w — BOW|X, = &) f(w]&)dw
a;+b; b

> 4w —a;) ‘
/ai w (bi_ai)de+ #w

(w)? f(w]&)dw — (BE(W|X; = &))>. (5.18)
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Substituting the right handside of Equation (5.19) for [*°_(w)?f(w|&;)dw in Equation (5.18)

gives

Var(W|X; = &)

m (8aj + 8b} — (a; + b;)*) — (ai —2|— bi)2

m (8a; +8b; — (a;i + b;)" — 6(a; + b;)*(b; — a;)?)

24(b; — a;)? (aj 4+ b} — 4alb; + 6a7b; — 4a;b})

it '

% (5.20)

Again, let ©;; = E(W|X; = &) of Equation (5.17) and ©;, = Var(W|X; = &) of

Equation (5.20). The MLE’s for E(W) and Var(WW) are

N 1 ¢
EW) =y = ﬁzeil = %Z(ai‘irbi)
i=1

n

(5.21)

i=1
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and

Var(W) = fia+6;

= %Zem + %2(91‘1 — fin)?
i=1 i=1

1 & 1 &
= = Op+-—d 04 -2

n; 2 n; i1 M1

1 = (ai—bi>2 1 " az—l—bz 2 ~9
=X (t)

=1
1
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24n P
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1 n
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24n —
R 1 & ’
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2 (766 +10aibi £ T8) <2n;(a+ )) (522)

Let w = E?/(I/I7) of Equation (5.21), Equation (5.22) can be rewritten as,

n

=1

— 1

VGT(W) = m

5.3 SUMMARY

The likelihood funtions proposed in Section 5.1 provide a method to perform maximum
likelihood analysis of symbolic data such as regressions and inferences. In Section 5.2,
we derived the maximum likelihood estimators for the mean and the variance of interval-
valued, histogram-valued, and triangular-valued variables assuming their internal mean and
internal variance are independent and normally distributed. Maximum likelihood estimators
of parameters for other types of symbolic random variable can be derived using the same
approach we showed in Section 5.2. This method can be used to estimate the mean and
the variance of symbolic data with all combinations of internal and external distributions.
Furthermore, when internal parameters are not independently distributed, multivariate dis-

tribution functions are used in the likelihood funtions instead of the product of univariate
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distribution functions. One potential future project is to extend our proposed likelihood

functions to the multivariate case.
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CHAPTER 6

CONCLUSIONS AND FUTURE RESEARCH

In this dissertation, we made three contributions to the area of symbolic data analysis. First,
we proposed a method of principal component analysis (PCA) for interval-valued data. Next,
we extended this proposed method to a PCA method for histogram-valued data. Finally, we
introduced a method to construct the likelihood funtions for symbolic data.

Although many extensions of classical PCA had been proposed for interval-valued data,
they either account for only part of the variance structure of interval-valued observations or
only work for very narrow intervals. In Chapter 3 of this dissertation, we proposed a method
to compute the principal components using a so-called symbolic covariance structure of
interval-valued data. This symbolic covariance structure accounts for all variation inherent in
interval-valued observations. Therefore, our proposed method creates principal components
that explain the total variance of interval-valued data.

Moreover, all current methods construct the principal components as intervals. In this
work, we showed that the true structure of an interval-valued observation is a polytope in
a principal components space. We proposed a method to reconstruct these polytopes in a
principal components space. Our method can also be used to make plots of projections of
the observations onto a 2-dimensional plane or a 3-dimensional space. Applications of the
proposed method using real datasets illustrate that the plots of observations onto a PCk;
x PCky resulting from our proposed method reveal clusters of obervations with common
features more clearly than plots resulting from other methods. For further analysis where
numerical values of the principal components are required, we proposed creating histograms

of values to represent the principal components based on our proposed PC1 x PCk plots.
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Histogram-valued principal components reflect most of the internal structure of interval-
valued observations in a principal components space.

Next, using the fact that histograms are extensions of intervals, we generalized the pro-
posed PCA method for interval-valued observations to a method for histogram-valued obser-
vations. The method presented in Chapter 4 of this dissertation is the first PCA method
proposed for histogram-valued data. This method inherits all advantages of the symbolic
PCA method of Chapter 3. The principal components resulting from this approach explain
the total variance structure of histogram-valued observations. The plots resulting from this
method show the true structure of the observations and the histograms representing the
principal components also reflect most of the internal variation of histogram-valued obser-
vations.

The third part of this dissertation introduced a method to construct likelihood func-
tions for symbolic data. A symbolic random variable is itself a distribution of values. In
this method, we assume that a symbolic variable is a parametric distribution belonging to
a family of distributions. Using a one-to-one relationship between a parameter and its para-
metric distribution, we contructed the likelihood function for a symbolic random variable as
the classical likelihood function of the variable’s internal parameters in Chapter 5. We then,
used the proposed likelihood function to derive estimators for the mean and the variance of
symbolic variables that take an interval of values, a histogram of values, and a triangular
distribution of values. The likelihood function presented in Chapter 5 is the first piece of
theoretical work proposed for symbolic data. This likelihood function can serve as a frame-
work to extend classical maximum likelihood estimation or classical maximum likelihood
regression methods to symbolic data.

Having been introduced only recently, many areas of symbolic data analysis remain unex-
plored. Therefore, a wealth of research problems in theory as well as applications exists for

symbolic data. Many potential research problems arise from this dissertation alone. Some
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future research directions stemmed from the methods proposed in this work are presented
in the following paragraphs.

In the symbolic PCA method for interval-valued data, we proposed constructing his-
tograms to represent the principal components of the interval-valued observations. As
explained in Subsection 3.2.2, the true relative frequency of a subinterval of the histogram
representing a p-dimensional interval-valued observation in a principal components space is
the volume of the (p — 1)-cross-sectional polytope bounded between the subinterval end-
points. Subsection 3.2.2 further explains that the cost of computing volume for a polytope
can be prohibitive when p is large. Therefore, we proposed computing the relative frequency
based on the area of the polygon resulting from projecting an interval-valued observation
onto a PC1 x PCEk plane. The PCl-axis is included in computing the relative frequency to
ensure that the largest variability in the data is accounted for. One potential extension from
this method is to compute the relative frequency of a subinterval based on the volume of a
3 (or 4) dimensional polytope resulting from projecting an obervation onto a PC1 x PC2
x PCk (x PC3) space. Volume computation for polytopes with 3 (or 4) dimensions is more
manageable than it is for polytopes with higher dimension. In situations where it takes three
(or four) principal components to explain a reasonable amount of variation in the data,
relative frequency for the histogram based on the volume of a 3 (or 4) dimensional polytope
may reflect the internal variability in the data better than does the relative frequency based
on the area of a polygon as proposed in our method.

Another potential future problem comes from the PCA method proposed for histogram-
valued data. A histogram-valued observation can be represented as a hyper-rectangle par-
titioned into sub-hyperrectangles. Each sub-hyperrectangle resulting from this partition
has uniform density. However, the density may differ from one sub-hyperrectangle to the
next. Refer to Subsection 4.2.2 for more details. To depict density differences between sub-

hyperrectangles in a plot, we propose using color to represent density. However, writing a
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program to implement this proposal requires time and extensive computing effort. It makes
for a challenging future project.

Yet, more future work can be generated from the likelihood function proposed in Chapter
5 than from the other methods proposed in this dissertation. Likelihood functions serve
as the theoretical foundation for so many statistical applications. Based on the proposed
likelihood function, we derived estimators for the mean and variance of three common types
of symbolic data. Estimators for parameters of symbolic data of all possible combinations
of internal and external distributions can be derived following the approach of Chapter
5. The likelihood function proposed in this dissertation is based on the assumption that
the internal parameters of a symbolic variable are independent. It is possible to extend
this likelihood function to include the case where the internal parameters are dependent
by applying theory of multivariate statistics. Finally, many applications such as estimation,
modelling, and regression methods based on maximum likelihood can be extended in the

future.



