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ABSTRACT

The Bootstrap in Supervised Learning and
its Applications in Genomics/Proteomics. (May 2011)
Thang Vu, B.S., Hanoi University of Technology;
M.S.E, The University of Michigan, Ann Arbor

Chair of Advisory Committee: Dr. Ulisses M. Braga-Neto

The small-sample size issue is a prevalent problem in Genomics and Proteomics to-
day. Bootstrap, a resampling method which aims at increasing the efficiency of data usage,
is considered to be an effort to overcome the problem of limited sample size. This disserta-
tion studies the application of bootstrap to two problems of supervised learning with small
sample data: estimation of the misclassification error of Gaussian discriminant analysis,
and the bagging ensemble classification method.

Estimating the misclassification error of discriminant analysis is a classical problem in
pattern recognition and has many important applications in biomedical research. Bootstrap
error estimation has been shown empirically to be one of the best estimation methods in
terms of root mean squared error. In the first part of this work, we conduct a detailed
analytical study of bootstrap error estimation for the Linear Discriminant Analysis (LDA)
classification rule under Gaussian populations. We derive the exact formulas of the first
and the second moment of the zero bootstrap and the convex bootstrap estimators, as well
as their cross moments with the resubstitution estimator and the true error. Based on these
results, we obtain the exact formulas of the bias, the variance, and the root mean squared
error of the deviation from the true error of these bootstrap estimators. This includes the
moments of the popular .632 bootstrap estimator. Moreover, we obtain the optimal weight
for unbiased and minimum-RMS convex bootstrap estimators. In the univariate case, all

the expressions involve Gaussian distributions, whereas in the multivariate case, the results
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are written in terms of bivariate doubly non-central F distributions.

In the second part of this work, we conduct an extensive empirical investigation of
bagging, which is an application of bootstrap to ensemble classification. We investigate
the performance of bagging in the classification of small-sample gene-expression data and
protein-abundance mass spectrometry data, as well as the accuracy of small-sample er-
ror estimation with this ensemble classification rule. We observed that, under t-test and
RELIEF filter-based feature selection, bagging generally does a good job of improving
the performance of unstable, overtting classifiers, such as CART decision trees and neural
networks, but that improvement was not sufficient to beat the performance of single sta-
ble, non-overtting classifiers, such as diagonal and plain linear discriminant analysis, or
3-nearest neighbors. Furthermore, the ensemble method did not improve the performance
of these stable classifiers significantly. We give an explicit definition of the out-of-bag es-
timator that is intended to remove estimator bias, by formulating carefully how the error
count is normalized, and investigate the performance of error estimation for bagging of
common classification rules, including LDA, 3NN, and CART, applied on both synthetic
and real patient data, corresponding to the use of common error estimators such as resubsti-
tution, leave-one-out, cross-validation, basic bootstrap, bootstrap 632, bootstrap 632 plus,
bolstering, semi-bolstering, in addition to the out-of-bag estimator. The results from the
numerical experiments indicated that the performance of the out-of-bag estimator is very
similar to that of leave-one-out; in particular, the out-of-bag estimator is slightly pessimisti-
cally biased. The performance of the other estimators is consistent with their performance
with the corresponding single classifiers, as reported in other studies. The results of this
work are expected to provide helpful guidance to practitioners who are interested in apply-

ing the bootstrap in supervised learning applications.
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CHAPTER I

INTRODUCTION
This chapter provides a broad overview of the interface between the biomedical research
and the quantitative methods, which is now generally known as Computational Biology,
Systems Biology or Genomics Signal Processing. It also touches on the small sample
problem, one of the major obstacles of the field. Despite of still being in the primary stage,
Computational Biology has been showing very potential applications, some of which will
also be highlighted in this chapter. Finally, some contributions of this dissertation are

introduced and its organization is outlined.

A. Introduction

Quantitative methods are indispensable components of biomedical research in the 21st cen-
tury. In the report ”Catalyzing Inquiry at the Interface of Computing and Biology,” by the
National Institute of Health [1], Systems approach and the power of computation and engi-
neering were considered as essential constituents of the life science research this century.
In the same report, life science, in particular biology was characterized as “empirical”,
“descriptive” and “experimental”. With the recent advent of genome sequencing and high-
throughput data, computation is now integrated into biological sciences as a crucial com-
ponent. Computation means not only storage and visualization of but also the analysis and
inference of biologically meaningful information from the data. While the former can be
supported by information technology and software engineering, it is the statistical learning
that fulfills the latter.

A tremendous amount of effort is invested to apply the statistical learning into biomed-

The journal model is IEEE Transactions on Automatic Control.



ical research and mining the high-throughput data. There are a plethora of research work on
applying engineering and quantitative sciences into life science and medicine in the last ten
years. It gave birth to new fields which are interdisciplinary between life sciences, physi-
cal sciences, and engineering. They are now generally known as Computational Biology,
Systems Biology, Genomics Signal Processing, or Bioinformatics.

This field is still in its infancy [2]. Despite of commonplace critics among the medical
research community about its reproducibility and reliability, the initial achievements of
Computational Biology are promising and deserves appreciation. Some applications in

cancer research will be mentioned in the next sections.

B. Supervised Learning

Supervised learning is an important quantitative method. It is one major type of statistical
learning, in which a system is mathematically modeled and designed from the available
information, which is usually in the form of numerical data sets. The supervised method
is different from the unsupervised method in the way that, in the former we know the
label of the data we have, instead of discovering them in the latter. More precisely, super-
vised learning is concerned with the problem of learning from the available information to
be capable of predicting unknown information in the future. It has been also known un-
der different names such as pattern recognition, machine learning, decision theory, pattern
analysis, data mining or artificial intelligence. Besides Computational Biology, it has al-
ready demonstrated wide varieties of practical applications in diverse fields such as Image
Analysis, Remote Sensing, Medical Image Diagnosis, Speech Recognition, Robotics etc
for a long time [3].

Supervised learning problems can be sub-classified into three categories: classifica-

tion, error estimation, and feature selection. The ultimate goal of a supervised learning



problem is to design a reliable system which can accurately predict a future observation. In
practice, the available information , i.e the number of data points is typically limited. This
data set need to be used to design a predictor which is capable of predicting properties of
future samples such as their labels (classification) or their values (regression). Generally
the more samples are used for designing, the more accurate the predictor. The prediction
accuracy also depends significantly on the classification rule used to build it (classifica-
tion). In order to know how correctly the classifier work, we need to evaluate by estimating
its error rate. A good estimator requires, in principle, a large amount of independent infor-
mation or data set (error estimation). Furthermore, there are a known relation between the
accuracy of the classifier with the number of training samples and the number of character-
istics or features based on which the classification is made. For a fixed number of training
samples, it is not always the best to use as many features as possible. That leads to the
problem of selecting the optimal subsets of features with the best discriminatory powers,
which is known as the feature selection problem. The three problems have interacting re-
lations. Given the restricted source of information, finding an optimal solution for these
three closely interrelated problems is not an easy task.

Some more fundamental points of supervised learning are presented in Chapter II.
The next section presents some observations and applications of supervised learning in

biomedical research.

C. Genomics and Proteomics

The advent of biotechnology allow to measure simultaneously the activity of tens of thou-
sands of biological entities in cellulars such as mRNA, protein, noncoding RNA, DNA
methylation status of CpG sites, the numbers of copies of genes etc. For example, based on

the hybridization technology, the Human Genome U133 Plus 2.0 Array by the Affymetrix



Corp. can measure the expression levels of about 47,400 transcripts [4]. The Agilent Hu-
man Genome CGH Microarray 244A is able to quantify the genome copy number variations
by performing Comparative Genome Hybridization (CGH) with about 236,381 biological
features [S]. The Infinium HumanMethylation27 BeadChip allows to investigate the methy-
lation status of 27,578 highly informative CpG sites located within the proximal promoter
regions of transcription start sites of 14,475 consensus coding sequencing (CCDS) in the
NCBI Database (Genome Build 36) [6]. The Liquid-Chromatography Mass Spectrometry
(LC-MS) and tandem Mass Spectrometry (LC-MS/MS) technology enable the quantitative
assessment of protein expression level through the relation between the mass over charge
ratio and the time of flight of the enzyme-digested peptides of the proteins.

These technologies obviously generate an enormous amount of data about the activity
of the cellular biological systems. Even though there are some current technical issues of
these technologies namely noise, image analysis, experimental design of microarray chips
etc and the low resolution, low accuracy of the proteomics instruments etc, these high-
throughput datasets can be considered as precious sources of information of the underlying
cellular biological processes, which was generally unavailable to the life science research
before. In order to mine the biological knowledge hidden in these numbers, the quanti-
tative methods need to be applied, and more specifically statistical inference are regarded
as a nature choice. One of the problems that the statistical inference of these data sets is
presently facing is the small number of samples in comparison to the number of features.
As mentioned before, most of the chips measure tens of thousand of biological features
while the number of biological replicates, i.e the number of tissues are often as limited
as hundreds in most of current biomedical research. The classical statistical inference has
been established for the context of having large numbers of samples. In the settings of
limited samples, these traditional inference methods work unsurprisingly differently. More

small-sample studies need to be done to ensure the reliable and accurate outputs of these



statistical inference algorithms in the contexts of Genomics and Proteomics.

D. Case Examples of Applications

The growth of advanced high-throughput technology and the sequencing technology of
human genomes, together with some other factors, is a milestone of the new revolutionary
period of medical science [7]. There have been a considerable amount of research efforts in
applying the supervised learning using these genomics and proteomics data sets in solving
biomedical research problems. The range of Computational Biology is very large, includ-
ing the intersections of engineering, statistics and quantitative sciences with life sciences
and medicine. As a result, Computational Biology has been appearing in a wide variety
of biomedical research topics using different classes of quantitative research, which are
applied for all kinds of high-throughput and sequencing data. Due to the constraint of this
dissertation, we focus on applications of supervised and unsupervised learning in Genomics
and Proteomics with the emphasis on the supervised method, which is more relevant to this
dissertation. Following is a very brief highlight of Genomics-based and Proteomics-based
applications in biomedical research generally, and in cancer research particularly.

Genomics and Proteomics have been integrated into studies of different cancers. Read-
ers can obtain details about the genomics-based literature for each cancer type in many
comprehensive reviews, namely for breast cancer in [8, 9, 10, 11, 12], for lung cancer in
[13], for acute myeloid leukemia in [14], for melanoma in [15], for epithelial ovarian cancer
in [16], for colorectal cancer in [17] etc.

For each type of cancer, statistical inference of high throughput data sets has been
used to study some problems of oncology research. The applications of statistical learning
can be mostly classified into three main categories: class discovery, class prediction, and

class comparison. Besides these, it has also been employed in survival prediction, clinical



trial design and biomarker discovery and validation.

First, class discovery has been playing roles in studing the biological mechanism of
cancer to get more insights into oncogenesis [18, 19]. It is also used to either discover
new cancer class or classify tumors to known classes, for which there have been no general
approach [20]. It is now well known that tumors with similar phenotypes can be geneti-
cally very different. Understanding the pathogenesis of cancer subtypes is very important,
because cancer in different subtypes can develop from different causes or cells of origin.
As a result, a more suitable therapeutic approach for each specific subtype need to be used
to provide better drug efficacy. For example in [21], Verhaak et al, using statistical analysis
mostly based on hierarchical clustering - one of the most common unsupervised meth-
ods, identified clinically relevant subtypes of Glioblastoma Multiforme. They also found
that Glioblastoma subtypes are reminiscent of distinct neural cell types and show different
treatment efficacy. Another example is the works by Bhattacharjee et al in [22], in which
distinct adenocarcinoma subclasses were revealed by mRNA expression profiling. Similar
attempts in identifying molecularly cancer subtypes can be found in [23, 24, 25].

Second, genomics- and proteomics-based studies have been used to find significantly
differently expressed genes or proteins, which are usually known as studies of class predic-
tion and comparison. These differentially expressed genes or proteins can be considered as
molecular biomarkers serving a wide varieties of applications namely diagnosis, progno-
sis, staging or selecting optimal personal therapy [26]. They can be used for early cancer
detection. Also, they can be clinically relevant therapeutic biomarkers, based on which a
better treatment plan is applied with expectedly better efficacy [27]. These tasks are to be
archived by using supervised learning methods together with well designed clinical trials.

Moreover, the microarray-based clinical trial research has been emerging as a new and
active area [28].They have been also used in studying of survival prediction [29, 30]. The

identification of new targets and new drug in drug discover, application of individualized



medicine based on pharmagenomic biomarkers is significantly assisted by the statistical
inference [31].

Even though most of the findings of these research have not yet become part of the
medical practice today [32, 33, 34, 35, 9, 13, 36, 27, 37, 38], and obviously more works
needs to be done to realize them, they are unprecedented and deserve appreciation as the
initial step in directing the biomedical research to a new direction. The main drawbacks
of using microarray-based studies are reproducibility and validity [33]. The reasons for
these two problems, besides technical issues, are related to the small-sample size and the
computational models used. The basic points of the small-sample size problem is addressed

in the next section.

E. Small-sample Challenges and Resampling Technique

While the challenge of small-sample sizes was long time ago raised in the research liter-
ature of statistical pattern recognition regarding the relation between the sample sizes and
the optimal subsets of features used to design classification systems and the effect of that
relation on the system performance in [39, 40], it becomes particularly prevalent today in
the application of genomics and proteomics [41, 42, 43].

As a highly application-oriented field, statistical discriminant analysis received con-
siderable attention on its issues regarding practical design and implementation [44, 39, 45,
46, 47]. The basic question was, for a fixed number of samples, what was the optimal sub-
set of features that gives the best classifiers. The topic has been long known as the peaking
phenomenon or the curse of dimensionality. Given a fixed limited dataset, designing a clas-
sification system should be conducted as a process involved all the three closely interrelated
stages: feature selection, which involves picking the best subset of features to design the

classifiers on; the classifier design, which is concerned with formulating a predictor; and



very importantly error estimation which determines how accurate the designed classifier
can be. As a general principle, the more data we have, the more accurate each stage. In
many practical applications, all these three stages must be implemented using one dataset
of limited samples.

So, the first difficulty of small-sample problems is naturally concerned with the design
and validation of the system. Small training set makes classifiers unstable and variable
[47]. Data is limited and has to be split to first design the system and then evaluate its
performance, not to mention the process of feature selection. It is a trade-off because
the fewer samples are used to design, generally the less accurate the classifier; the fewer
samples are left out to test the classifier, the more unreliable the estimators are.

The problem of sample sizes is remarkably important to the practitioners who want to
design a reliable and accurate system in practice. In principle, the small sample size can
easily contaminate the design and evaluation of the systems. Because first, data sets of few
samples fail to statistically represent the underlying distributions. Consequently, the classi-
fiers designed on this sparse data often perform poorly when validated on the independent
future observations. This fact can be explained clearly for parametric classification rules
where small-sample estimates for parameters of the label-feature distributions are far from
reliable and accurate. As a consequence, the parametrically designed classifiers are unsta-
ble and inaccurate [48]. The linear classifier with unknown covariances under Gaussianity
assumption is a clear example, when the covariance matrix is to be estimated by the pooled
sample covariance matrix. These matrices are even singular when the numbers of samples
are smaller than the number of features; the classification design fails consequently.

Small samples results in severe model selection bias [49] and overfitting. Overfitting
generally means while the classifiers perform very well on the training data, or even on
the hold-out test data, which gives the apparent error or the hold-out error almost zero,

they show disappointing performance on the validation samples. This behavior typically



happens for classification rules of complexed structure, which normally require a large
amount of data to work well [48]. Apparently, these overfitting classification rules fail to
work well in the small-sample settings.

This small-sample problem is particularly prevalent in genomics and proteomics to-
day [27, 37, 33, 42, 50, 49, 51, 52, 53]. While high-throughput biotechnology chips can
be regarded as a breakthrough in the life sciences allowing activity measurement of tens
of thousands of cellular entities at the same times, it also poses a challenge for those
who want to statistically mine them by offering only a small number of replicates due
to subjective constraints such as the tissue sources, time, and, cost etc. One reason which
hinder the applications of molecular biomarker in cancer research, found by genomics-
based and proteomics-based classifiers, into clinical practice is the lack of valid validation
[35, 14, 27, 54, 13, 36, 32, 8, 33, 17, 34, 55, 56, 16, 9, 57, 58, 53, 59].

Cross-validation has been used an effort for validation [37]. It is good giving an almost
unbiased estimate. Problem with cross-validation is its high variance, in particular for
estimating the misclassification error of expression-based classifiers of small sample sizes.
While giving an almost unbiased estimate, the wide variability of cross-validation can ruin
its reliability.

Bootstrap can be regarded as a smooth version of cross-validation. It performs bet-
ter than cross-validation by giving smaller variance; and so ultimately the superior per-
formance in term of root-mean-squared error to most of other error estimation methods.
Moreover, bootstrap resampling increases the efficiency of data usage when it can reuse
the samples through the process of uniform resampling with replacement. That property
of bootstrap has been applied in designing more accurate classifiers. The ensemble clas-
sification rules are considered as typical application of that idea. The ensemble classifiers
combine the classification decisions of an ensemble of individual classifiers, which are

designed either on bootstrap samples (bootstrap aggregation or bagging) or on different
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subspace of features (random subspace method). So basically data are reused in design-
ing member classifiers of the ensemble; and the member classifers are clearly correlated.
Empirical studies have generally shown better performance for ensemble classifier, in par-
ticular when the individual classifiers are diverse and weakly correlated with each other.

The major drawback of the resampling method is computation time when it needs a
larger number of iterations, in comparison with cross-validation. This was a problem for
the effort to implement bootstrap about twenty years ago. Nowadays with the revolutionary
growth of information technology with strong personal computers and supercomputers, this
is no longer a big problem.

As a conclusion, resampling is one approach to beat the problem of limited samples.
This dissertation studies the applications of this method for the first two problems of super-

vised learning; bootstrap error estimation and ensemble classification rule.

F. Contributions

In the first part of this work, we conduct a detailed analytical study of bootstrap error es-
timation for the Linear Discriminant Analysis (LDA) classification rule under Gaussian
populations. We derive the exact formulas of the first and the second moment of the zero
bootstrap and the convex bootstrap estimators, as well as their cross moments with the re-
substitution estimator and the true error. Based on these results, we obtain the exact formu-
las of the bias, the variance, and the root mean squared error of the deviation from the true
error of these bootstrap estimators. This includes the moments of the popular .632 boot-
strap estimator. Moreover, we obtain the optimal weight for unbiased and minimum-RMS
convex bootstrap estimators. In the univariate case, all the expressions involve Gaussian
distributions, whereas in the multivariate case, the results are written in terms of bivariate

doubly non-central F distributions.
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In the second part of this work, we conduct an extensive empirical investigation of
bagging, which is an application of bootstrap to ensemble classification. We investigate
the performance of bagging in the classification of small-sample gene-expression data and
protein-abundance mass spectrometry data, as well as the accuracy of small-sample error
estimation with this ensemble classification rule. We observed that, under t-test and RE-
LIEF filter-based feature selection, bagging generally does a good job of improving the
performance of unstable, overfitting classifiers, such as CART decision trees and neural
networks, but that improvement was not sufficient to beat the performance of single stable,
non-overfitting classifiers, such as diagonal and plain linear discriminant analysis, or 3-
nearest neighbors. Furthermore, the ensemble method did not improve the performance of
these stable classifiers significantly. We give an explicit definition of the out-of-bag estima-
tor that is intended to remove estimator bias, by formulating carefully how the error count
is normalized, and investigate the performance of error estimation for bagging of common
classification rules, including LDA, 3NN, and CART, applied on both synthetic and real
patient data, corresponding to the use of common error estimators such as resubstitution,
leave-one-out, cross-validation, basic bootstrap, bootstrap 632, bootstrap 632 plus, bolster-
ing, semi-bolstering, in addition to the out-of-bag estimator. The results from the numerical
experiments indicated that the performance of the out-of-bag estimator is very similar to
that of leave-one-out; in particular, the out-of-bag estimator is slightly pessimistically bi-
ased. The performance of the other estimators is consistent with their performance with
the corresponding single classifiers, as reported in other studies. The results of this work
are expected to provide helpful guidance to practitioners who are interested in applying the

bootstrap in supervised learning applications.
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G. Dissertation Outline

Concerning the coverage of individual chapters, Chapter I introduces briefly the super-
vised learning as well as its applications in biomedical research, in particularly Genomics
and Proteomics. It also presents the main points of the small-sample problems and de-
scribes the resampling method, which is considered as an approach to resolve the problem
of the limited samples. The first part of this dissertation is about the theoretical analysis
of bootstrap error estimation for the linear classification rule. First, Chapter II provides
the preliminaries on supervised learning and a review on error estimation, with emphasis
on the bootstrap methods. Chapter III presents the theoretical analysis of some variants
of bootstrap estimations for linear discriminant analysis under univariate Gaussian model,
while Chapter IV provides the results for the multivariate Gaussian model. The second
part of this dissertation begins with Chapter V, which reports the performance of a varieties
of bagging classifiers in small-sample settings applied for some Genomics and Proteomics
datasets. Chapter VI provides the results of an extensive empirical study on estimating
errors of bagging classifiers. The last chapter, Chapter VII, presents some concluding re-

marks.
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CHAPTER 1I

REVIEW ON ERROR ESTIMATION
This chapter first provides the preliminaries on supervised learning and the basic notations
which are used throughout the dissertation. Then a review on error estimation problem is
given with the emphasis on the bootstrap methods. Finally, we highlight the importance of

error estimation via some applications in computational biology.

A. Preliminaries on Supervised Learning

There are excellent references on supervised learning. Here, we present the main points
of supervised learning, which acts more as the introduction of the notation we will use,
other than a review of the subject. Thorough material of the subject can be found in the
works by Duda, Hart, and Stork [60], Devroye, Gyorfi, and Lugosi [61], Fukunaga [62],
Mclachlan [63], Jain, Duin, and Mao [64], the panel on Discriminant Analysis, Classifica-
tion, and Clustering of the committee on Applied and Theoretical Statistics of the Board
on Mathematical Sciences, National Research Council [65] or elsewhere.

Almost all the supervised problems can be modeled mathematically as following. Sup-
pose we need to classify an object, named X into one kind out of C categories. For sim-
plicity, we assume there are only two categories: IIy and II; (C = 2). For C > 2, all the
concepts apply with slight modifications for which readers are referred to the previously
mentioned references. The classification problem with two classes are often referred to as
binary or dichotomous. The class of an object is also called its label. Let use Y to de-
note the label of object X. For binary classification, object X can either have label Y =0
(X €Ilp) or label Y =1 (X € I1y). The object X is classified based on its characteris-
tics or features. Features can be either numerical or categorical, or converted to either of

these. Different characteristics makes up different features. The number of characteristics,
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p, available about the object X is called number of features and the set of p features create

the feature space of X.
X = xZrx-xZ, (2.1)

From now on, we use X to denote the object and the its features interchangably. For
supervised learning, we usually have a set of data with known labels for both classes.
Let call the data set S, = So US| where So = {(X1,Y1), (X2,12), -+, (Xpy,Yp,)} and Sy =
{Xng+1:Yng+1)s++ » Kng+ny > Yng+n, ) }» Where X; € IIp or ¥; = 0, for all 1 < i < ngy and
X;elljorY; =1, for all ng+1 <i<ng+n;. The data collected often contain ran-
dom noise. The relationship between the features and their labels, therefore, is statistically
random. It is modeled as the joint distribution between label and features, often referred
to simply as the feature label distribution or the conditional distribution or underlying
distribution Fx y(.). This distribution is often unknown. It is subjectively ideal to find a

deterministic function f(.) such that

[+ —{0,1},

Y = £(X).

Given the random nature of the relationship between label and features mentioned above,
it is generally impossible to find such a deterministic f(.). The classification instead is im-
plemented via the discriminant function W (S,,X) or the classifier y(X) found by applying

the classification rule ¥ on the training sample S,,.

0 ifW(S,X)>c
y(X) = (2.2)

1 otherwise

where c is a threshold found when designing the classifier.
There are varieties of classification rules, which can be classified into different types

based on different classification criterion. They can be sample-based v.s. optimization-



15

based. They are parametric v.s. non parametric. They are stable v.s weak. They can be
individual or ensemble. More details can be found in the review paper by Jain [64].
One of the ultimate goals of designing the classifier y(X) is to be able to accurately

predict the unknown label of new observations X. The probability of incorrectly classifying

X is
e=P{Y £ y(X)}. 2.3)
More precisely,
e=P{y(X)=1|Y=0}P{Y =0} +P{y(X)=0|Y =1} P{Y =1}, (2.4)
or
e=(1—7)e"+ye! (2.5)

where €0 = P{y(X)=1|Y =0},¢' = P{y(X)=0|Y =1} and y = P{Y =1} is the
class priori probability.
The Bayes rule is the classification rule ¥* which produces the Bayes classifier y*(X) with

the minimum misclassification error €*.

& = mine (2.6)
y

In the literature of error estimation in classification, € is often referred to as the conditional
error to denote the given condition of training sample S, i.e the classifier y is still a
function of §,,. It is often of interest to investigate € over the distribution of S, i.e consider
the expectation of € (conditional error) and its other moments over the distribution of
Sn. In this dissertation, € is used to denote the conditional error and Eg, €] = E[g] for

unconditional error.
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B. Linear Discriminant Analysis

Because the major part of this work is concerned with the bootstrap error estimation method
for linear classifiers under Gaussianity assumptions, details about this classification rule
under this standard condition is provided in the following.

Linear Discriminant Analysis (LDA) employs Anderson’s W discriminant [66], which

18 defined as follows:

T
W(X)=( —“"““) £ (fo— fur) @7

where

(2.8)

are the sample means of the sample sets Sy and Sy, respectively. This defines the LDA
classification rule, whereby the designed LDA classifier is defined by:
1, ifW(X)<0
v(X) = : (2.9)
0, ifwW(X)>0
that is, the sign of W (X) determines the classification of X. Here we are assuming that the
covariance matrix X is known.
For the case with the assumption of unknown covariance matrices, they are estimated

by the pooled sample covariance matrix

1 0 r no+n; ;
S= Y (Xi—fo)(Xi— o) + ), (Xi—p)(Xi— )" | (2.10)
no+ny \ ;= i=ng+1
The W becomes

N N T
W(X) = (X—@) S~ (fo— fu).- @.11)
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In the univariate case, both (4.1) and (2.11) reduce to

1, (X —R5R) (pg— ) <0
w(X) = ( ’ ) . (2.12)

0, otherwise
Under the standard assumption of Gaussinity, i.e X; ~ N(uo,X) fori = 1,...,ng, and
X; ~N(up,X) fori =ng+1,...,n9+np, the conditional true error € has the closed form as

follows: with assumption of known covariance,

e=(1-7% (‘%\/(NO_IM)TZ_l(.uO_.UI)) +rP (%\/(NO—HI)TZ_l(HO—IJI)) ;
(2.13)

and with assumption of unknown covariance,

E =

B — (1o — )" S (ko — ) (ko — )" (1o — 1)
1=n <2\/(u0—,u1)TSlZSl(uo—H1)> e (2\/(H0—H1)TSIZSI(H0—N1)> .

(2.14)
Moreover, the unconditional error in the case of known covariance matrix is
441 1—P0) (W3 1+P0)
Ele] = (1—-y)P| — < +YP | — > , (2.15)
el ={1-7 (Wz 1+ po Y Wy 1—po

where Wi, W,, W3, and W, (W, W, are independent and so are W3, Wy) are distributed as
noncentral chi-square variables with p degrees of freedom with noncentrality parameters

A, A2, A3, and A4, respectively with

2

nomni 1 1 ) 2
M=MA= — A,
! 4 2(1—{—[)0) <\/no+n1 Vno +ny +4ngny

noni 1 1 2
ho = s — N > N, @6
? : 2(1—=po) (\/n0+n1 Vo +ny +4non;

ny —np

\/(n0+n1)(n0—|—n1—}—4n0n1),

po =
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where AZ = (u; — o)X~ (41 — wo) is the Mahalanobis distance between the populations.
The unconditional error E[€] in the case of unknown covariance matrix has very complexed
distributional properties involving the distribution of Hotelling’s 72 distributions [67]. In
[68], Sitgreaves obtained a complicated closed form for E[g] involving five infinite sum-
mations. There was a line of work on the topic of asymptotic expansion of the moments of
the conditional error. Such typical studies includes [69, 67, 70, 71, 72, 73, 74, 75, 76, 77,
78, 79]. The part of this dissertation on bootstrap error estimation for LDA is concerned
only with the case of known covariance matrix.

LDA is a simple rule but has been shown to work quite competitively in small-sample
settings. LDA can be trained/designed quickly, in comparison to other such as Classifica-
tion and Regression Tree (CART), or Neural Networks, etc which takes much longer time
to train. It also acts as the base rule for the nonlinear classification rule to be projected to
higher dimensional space. For example, the nonlinear Support Vector Machine is usually
projected onto higher-dimensional space, on which it is linear. The effectiveness of LDA
when there are limited sample points was affirmed in the works by Raudys [39]. Moreover,
in a study comparing the performance of ensemble classifiers with their corresponding in-
dividual classifiers [80] in the context of Genomics and Proteomics, LDA was shown to be

consistently one of the best in term of accuracy and training time.

C. Classical Error Estimation Methods

In practice, pattern recognition systems are often designed based on a fixed set of available
data; the accuracy of designed classifiers is evaluated based on the conditional error. While
the unconditional error gives us a global view of the performance of the classification rule
under a certain conditions and/or assumptions i.e. the average performance over all pos-

sible training sets, it is the conditional error that is useful in practice. Therefore, it is the
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conditional error that needs estimating. All of the following estimation methods, unless
otherwise stated, are for estimating the conditional error.

Together with inventing estimation methods of the conditional error, evaluating their
performance is a critical issue, as well. This important issue was mentioned in the seminal
paper of Raudys [39]. Being functions of the data, the estimates themselves are statistics
with distributional properties. The estimators £s are often evaluated based on the moments
of their deviation from the true error €. The common moments of interests often are the
first (the bias E[& — €]), second (the variance E[(& — E£)?]), and the cross-moment (E[£¢]),
which are involved in forming the RMS error E[(& — €)?], the usual metric used to evaluate
the behavior of estimators.

There have been some excellent reviews on estimating the misclassification rates in-
cluding [81, 82, 83, 84, 85]. These papers provide thorough overviews of the statistical
properties of the true error and its classical estimators including resubstitution, holdout,
cross-validation and kernel-based estimators as well as their performance in simulation
studies. We therefore in the first part of the followings mention concisely about these with
focus on the most up-to-date progress. The emphasis of this review is largely on the boot-

strap methods presented in the later part.

1. Resubstitution Estimation

Data in practice are often limited, and the training sample S, has to be used for both de-
signing the classifier y;, and estimate the true error €. An obvious method to estimate € is
thus to use S, itself as the test set. This is called the resubstitution estimator:
no+n
:—Z|y P ( ZI =1+ Y Ty (2.17)
i=np+1

This method has been well known as often, although not always, optimistic, especially

in small sample settings. Zollanvari, Braga-Neto, and Dougherty provided some theoret-
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ical results of distributional properties of resubstitution estimator for linear discriminant
analysis under Gaussianity assumption with known covariance matrix. The key part of
their results includes the exact formula for bias, variance, and the root-mean-square of the
deviation of the resubstition estimator from the true error in the univariate case; and the

asymptotic exact approximation in the multivariate case. More details can be found in

[86].

2. Cross-validation Estimation

In k-fold cross-validation, Sy 1s partitioned into k folds S(;), for i = 1,... k (for simplicity,
we assume that k divides n), each fold is left out of the design process and used as a testing
set, and the estimate is the overall proportion of error committed on all folds [60]:

K n/k

B = — ZZIY W(5:\S) (X[, (2.18)

niz 1j=1

where (X ]( .),Y]( )) is a sample in the i-th fold. The process may be repeated, where several
cross-validated estimates are computed, using different partitions of the data into folds,
and the results averaged. In leave-one-out estimation, a single observation is left out each
time, which corresponds to n-fold cross-validation. The leave-one-out estimator is nearly
unbiased as an estimator of E[g]. Zollanvari et al presented some theoretical distributional
properties of this special case of cross-validation, again for linear discriminant analysis
under Gaussianity assumption with known covariance matrix in [86].

On one hand, this has been one of the most widely used methods thanks to its almost
unbiased property. On the other hands, it is also known for the high variance. This behavior
of cross-validation has been explicitly identified in a number of extensive empirical studies.

Braga-Neto and Dougherty [43] did a substantial simulation study of error estimation in the

small-sample settings of Genomics application and illustrated clearly the high-variability
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of cross-validation estimators in that scenario.

3. Kernel-based Estimation

Most of the misclassification estimation methods are counting-based. There are some ef-
forts to introduce the kernel-based methods, which are also known as smooth estimation.
This is basically the continuity-corrected version of the regular counting methods, in order
to reduce variance. These works [87, 88, 89, 90, 43] presented promising performances of
kernel-based estimators, in term of RMS error. While it is arguably competitive with the
best methods, the major problem of smooth estimators is to choose the best kernel with its

optimal kernel bandwidth.

4. Specific Estimation for Linear Classifiers

Under the assumption of Gaussian distribution with equal covariance matrix, the error rate
of LDA has the closed form as in (2.13) and (2.14). Based on these formulas, the following

estimators were proposed by different authors and summarized in [63]:

e D method: The Mahananobis distance between the two classes is estimated by plug-

ging in the sample means and sample covariance matrix.

D = /(B0 — i)TS (o — 1) (2.19)

e DS method: This is a modified version of the D method, in which the estimator of

Mahananobis distance is scaled with a weight to make it unbiased.

n—p-—1 - R - -
Das = /22 o — )75 (0 — ), (2.20)

where fly, fl;, and S are defined as in (2.8) and (2.10), respectively.

e O method: This is based on Okamoto’s asymptotic expansion of € and £! [69] with
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A replaced by D.

e OS method: This is the unbiased version of the O method where D is obtained as in

the DS method.

e U method treats the discriminant function as a Gaussian random variable and esti-
mates €” and €' separately by using cross-validation in combination with the above

normal-based approach.

D. Bootstrap Estimation Methods

The bootstrap method originated from Quenouille [91], Tukey [92] and Hartigan [93, 94,
95]. Efron first officially proposed it as a general statistics method in [96]. Bootstrap was
then further developed in [97, 98, 99, 100, 101, 102]. It has been used in a very wide
range of applications, namely engineering, social science [103], economics [104], biology
[105], and in particular statistics. This section gives a brief review on the application of the
methods in discriminant analysis and statistics, which is, in one way or another, related to
this dissertation. Details about implementation of bootstrap in other fields can be found in

the mentioned references and many others elsewhere.

1. Bootstrap in Classical Statistics

In [96], Efron presented a general principle for the bootstrap method, which was then
applied for multiple kinds of statistic including the error rate of prediction rules. That prin-
ciple can be briefly described as follows. First, consider the one-sample situation. Suppose

we have a random sample of size n observed from a completely unknown distribution F'.

Xi:x,-,Xin, ‘v’i:1,2,...,n. (221)
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Denote X = {X1, X5, ..., X} and x = {x1, x2, ..., x,} the random sample and its observed
realization. Suppose R(X, F) is an statistic of interest, which we wish to estimate based on

the observation x. Then the bootstrap estimate R* of R(X, F') can be constructed as follows:

e Construct the empirical distribution £ by putting mass 1/n at each point x;, Vi =

(1,2...,n).
e Draw a random sample of size n from F ,say
X =xX'~F Vi=12,...,n. (2.22)

In simple words, this process means resampling X uniformly with replacement n

times.
e Approximate R(X,F) by R*(X*, F)

In practice, when it is not possible to get a closed form of R*(X*,F), it is often estimated
by the sampling estimators of R* (X*,F )by implementing the Monte Carlo approximation
i.e repeating the above process multiples of times.

The two-sample situation can be expanded using the same principle. For example, in
the case of binary classification, we have the training sample S; from the class I'l;, i =0, 1.
A bootstrap sample S* can be defined in two ways: S* may contain n samples drawn uni-
formly, with replacement, from S (full bootstrap sampling); or the process may be applied
to Sp and Sy independently, producing bootstrap samples S; and S7, and one lets §* = S5 US]
(stratified bootstrap sampling). The development that we present in this paper is valid in
either case; but the latter case is sometimes preferred due to smaller computational com-
plexity when applying the complete bootstrap method in the next section, and also due
to the fact that it is consistent with the stratified sampling of the data into Sy and S, the

sampling setting that is assumed here.
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In either the full or stratified bootstrap sampling case, some of the samples in S may
appear multiple times in S*, whereas others may not appear at all. Let C be a vector of
size n, where the i-th component counts the number of appearances in §* of the i-th sample
in S. In addition, we consider the partition C = Co UCy, where Cy (resp. Cy) is the vector
containing the first ng (resp. last n;) components of C. We call C a bootstrap vector. For
given S, the vector C (or, equivalently, Cy and C) uniquely determines the bootstrap sam-
ple S*. In the full bootstrap sampling case, C has a multinomial distribution with parameters

(n,1/n,...,1/n), that s,

1 n!

iyl

P(C=(i1,...,in)) = i1+ +in=n, (2.23)

whereas in the stratified bootstrap sampling case, the distribution of C is a product of two

multinomial distributions with parameters (ng, 1/ng,...,1/ng) and (ny,1/ny,...,1/ny),

1 no'ng!

P(C = (i1,..,in)) = T

Bootstrap has been used extensively in estimating a number of standard statistics such
as mean, median, confidence interval, and particular variance. There are mathematically
rigorous works on the asymptotic behaviors of bootstrap, i.e when the number of samples
goes to infinity [106, 107, 108].

Even though there are some controversial opinions about whether or not bootstrap is
valid in every scenarios, bootstrap has been still receiving positive feedback on its wide
applicability. There are other versions of resampling scheme. More can be found in the
statistics literature.

While the asymptotic behavior of bootstrap has been studied, small sample properties
are not well understood, in particular when it comes to estimating the error rates of clas-
sification rules. Young [109] calls for more practical research on bootstrap, i.e., for the

case of finite samples. According to Chernick, Murthy and Nealy [110], “Although large
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sample properties of bootstrap have been studied, little is known about its small sample
behavior”. Shao and Tu [111] state: “Fixed sample (especially small sample) properties
are also important. Unfortunately, the bootstrap estimators are usually complicated, so that
we can only assess their fixed sample properties by empirical simulations carried out under

some special circumstances.”

2. Bootstrap Error Estimation

There has been a considerable amount of research on bootstrap error estimation methods
and they have been shown to usually outperform the traditional methods of resubstitution
and cross-validation, in terms of root mean square (RMS) error. [99, 102, 100, 112, 113,
114, 84, 115, 116, 117, 118, 110, 119, 120, 121, 43, 122].

Bootstrap was originally used to estimate the optimistic bias of the resubstitution error

from the the true error [96, 99].

RX,F)=w=¢—8@ (2.25)

The bootstrap estimate of w, W’ is

1 *
L (; —F ) IY,-—w(SLXi)] (2.26)

« _ HX=x}l _ c) .
wherePi:’T:ﬂVz:(l,Z,...,n).

n

The standard bootstrap was defined as
& =& +Wp. (2.27)

The actual proportion of times a data point (X;,Y;) appears in a bootstrap sample S},

can be written as P = %2721 I(X;‘,Y;‘):(Xi,Yi)’ where Ig = 1 if the statement S is true, zero
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otherwise. The basic bootstrap is given by (note that S, is fixed here):

. 25212?:1 Y; _\Pn(S;klb)<Xi)|IP%b:O

& = o —. (2.28)
Yp=1 Li=1 1 Pv=0

with the number of bootstrap sample B being between 25 and 200, as recommended in [99].

This is known as the bootstrap zero estimator [99].]

Bootstrap 632 is a variant of bootstrap which tries to correct the bias of the basic bootstrap

estimator by performing an average with the resubstitution estimator [99]:
€p6320 = (1 - 0.632)@} +0.632&, (2.29)

Bootstrap 632 plus is another modified version of bootstrap, proposed in [102], which is
intended for highly-overfitting classification rules. Bootstrap 632 attempts to adaptively
find the weights in (3.9) that offset the effects of overfitting. The weights depend on the
relative overfitting rate R and no-information error rate ¢. In dichotomous classification,
R and « are estimated from p, the proportion of observed samples belonging to class 1 and

41, the proportion of classifier outputs belonging to class 1. The relations are as follows

a=p1(1—q)+a(1-p1),

L 8- &,
R:a(c) g’
A 632 (2.30)
Wh632+:1——3681§’

Epea+ = (1 —wpesa+ )& +wies2+€o-
In [99], Efron also proposed a set of variants of resampling schemes including double,

randomized, and randomized double bootstrap, which are corresponding to the variants of

bootstrap estimators.
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3.  Empirical Bootstrap Error Estimation

In this section, we highlight some of the most substantial papers on the topic of empirical
bootstrap error estimation since Efron proposed the idea until recently.

In [99], Efron expanded the resampling scheme idea for predicting the error rate of
a prediction rule. Besides formulating the problem, he ran a simulation study to compare
the five variants of bootstrap with the synthetic data of Gaussian distribution of 2 and 5
dimensions, sample size 14 and 20. In [102], Efron presented an improved version of
the bootstrap .632 estimator called the bootstrap .6324-, which is specifically designed for
dischotomous classification when the classification rules is highly overfitting. The overfit-
ting property makes the apparent error almost zero, which eliminates the ability of balanc-
ing between optimistic and pessimistic biases in the bootstrap .632 estimation. As a result,
a more appropriate convex scalar is needed to find and the bootstrap .632-+ estimator is
expected to find give a better balanced combination in term of unbiasedness.

In [117], Chatterjee and Chatterjee presented a comparison empirical study of boot-
strap and other estimation methods including parametric substitution, resubstitution, split-
sample, and jackknife for linear classifiers. Their results on the synthetic data of univariate
gaussian model with three sample size 10, 20, and 50 and three real datasets of small,
medium, and large sample size gave complementary remarks on bootstrap methods.

In [113, 110], Chernick, Murthy, and Nealy studied bootstrap in the context of small-
samples for classification problem of two and three classes (n = 12, 20, and 29 for two-
and five-dimensional Gaussian vectors. By using two other resampling procedures other
than the original one by Efron [96], they proposed two more variants of bootstrap named
MC estimator and convex bootstrap, corresponding to their new resampling methods. Their
first new resampling procedure was based on the observation in another work by the same

authors [110] that while the asymptotic probability of a sample point that will not be in-
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cluded in the bootstrap sample is approximately .368, this probability is much smaller for
small n. For example for n = 14, the odds are 0.354. So in the MC estimator, the individual
bootstrap samples were controlled to contain a certain proportion of the training set. The
other new resampling of Chernick et al was to construct the new samples by taking convex
combinations of the original data. Based on those, they compared seven estimators includ-
ing the apparent, leave-one-out, zero bootstrap, .632 bootstrap, standard bootstrap, MC and
convex estimators for linear discriminant analysis.

Jain, Dubes, and Chen reported in their paper [118] favorable results of bootstraps
in term of the estimated confidence intervals with respect to the other estimation methods
with 1-NN, quadratic, and Fisher classification rules on simulation and three real data sets.

In [119], Raudys suggested that the well-known decrease in bias of the standard boot-
strap was due to the negative correlation between the apparent error and the bias w. He
stated that this correlation increased as the sample size got smaller or the classification
problem became more difficult, i.e the asymptotic error was larger, which was supported
by his theoretical establishment under asymptotic settings. Raudys also presented compli-
mentary simulation results for linear and Parzen-windown classification rule under Gaus-
sian and mixed Gaussian models.

In [114], a study of the effects of finite sample sizes on the performance of classifiers
by Fukunaga and Hayes, statistical properties of the bootstrap was analyzed. They pro-
vided a general framework for theoretical analysis of the standard bootstrap in the form of
“manageable” expressions for linear and quadratic classifiers under Gaussian assumptions.

The dominance of the bootstrap estimation was again confirmed in a review of ad-
vances in estimating the misclassification rate in 1987 by McLachlan [84]. The bootstrap
technique and its variants from the seminal paper of Efron [96, 99] were considered as the
main factor which trgiggered a series of works leading to improved estimators of error rates

by appropriate bias correction and small vatriance.
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Molinaro, Simon, and Pfeiffer published an extensive comparison study on the resam-
pling error estimation methods in [123]. Different estimation methods including twofold,
fivefold, tenfold, leave-one-out, split one-third, split one-half, .632+ were implemented
on the microarray and mass spectrometry proteomics data. They ran the simulations for
a number of classification rules such as diagonal linear discriminant, linear, CART and
nearest-neighbor classification rules. The .632+ was reports as the best methods when the
signal-to-noise ratios are moderate or weak. Moreover, the differences between resampling
methods were observed to decrease as the sample sizes increase.

In [124], Fu and Carroll presented a study of combining the two competing resampling
methods, bootstrap and cross-validation on microarray data. In their methods, a cross-
validation estimation was implemented on each bootstrap sample and the final estimate
was the sample mean of a number of cross-validation estimates. The simulation results
using that simple combination idea was reported to be promising for small sample sizes
and applicable for both parametric and nonparametric classification rules.

In [120, 121, 43], the authors provided substantial experimental studies on the per-
formance of error estimation methods for different classification rules when the sample
sizes are limited. Based on the root-mean-squared errors obtained on both synthetic mod-
els and microarray data, bootstrap error estimation were confirmed to be among the most
competitive methods.

In [112], Sima and Dougherty presented a study, in which the bias of the bootstrap
estimators were to be removed by finding the optimal convex scalar.

There also other works on the resampling methods for non-normality situations [125,
126].

This review on the empirical bootstrap is by no means exhaustive. It mostly focuses on
featuring some of the most typical works in the applications of resampling error estimation

methods. More references on the topic can be found in the papers [122, 127, 128, 129, 130,
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131, 132].

4. Complete Bootstrap Estimation in Small-sample Settings

In practice, bootstrap estimators are often obtained by Monte Carlo approximation, mean-
ing the resampling process is iterated a number of times, each times will yield an estimate.
The bootstrap estimator is the sample mean of these estimates. Choosing the optimal num-
ber of iteration has been a topic in the research of bootstrap methods.

Since each possible bootstrap sample S* from the training data S is associated in one-
to-one correspondence with a unique bootstrap vector C, we may write S* = T¢(S), for
some C. Note that the original sample set itself is included: if C = (1,...,1) = 1,, then
§* =T,(S) =S, since each original sample point appears once in the bootstrap sample.
Note however that the number of distinct bootstrap samples, i.e., values for C, is equal to
(*1) and (2”,010_1) (2";”_1) in the full and stratified bootstrap sampling cases, respectively;
even for small ng, n1, and n, these are very large numbers. For example, in the full bootstrap
sampling case, the total number of possible bootstrap samples of size n = 20 is larger than
6.8 x 1010

Given the fact that the total number of distinct bootstrap samples C grows exponen-
tially fast when n increases, it is almost impossible to compute the exact bootstrap as n
is moderate or large. In stead, a Monte Carlo approximation is often implemented as the
second method proposed by Efron [96]. For small sample case, which is prevalent in many
genomics and proteomics application, complete bootstrap becomes feasible and is of prac-
tical interest.

The complete bootstrap method, which goes through all the distinct bootstrap samples
and is assumed here, was argued to be competitive and practical for small samples by
Fisher and Hall [133], and to be sometimes even computationally cheaper than the more

common Monte-Carlo bootstrap by Diaconis and Holmes [134]. Other papers have studied
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the properties of the complete bootstrap method in small sample cases [135, 136, 137].
The first part of this dissertation including chapter III and IV is dedicated to theoret-
ical analysis of complete bootstrap error estimation of linear discriminant analysis under
standard Gaussian assumption. The analysis is concerned with establishing the moments
of the bootstrap estimation , and as a result, the bias, variance, and root mean square of
deviation from the true error, which are the usual metrics to globally evaluate estimation

methods.

E. Applications of Misclassification Error Estimation

Error estimation plays a very important roles in every statistical inference problem. When-
ever it comes to evaluation of the statistical inference algorithm, estimating the error rate
needs to be implemented. This fact is explicitly demonstrated in the practical applications
of statistical learning, in particular supervised learning, in biomedical research.

First, in the area of genomics-based and proteomics-based class prediction and com-
parison, the outputs are predictors such as genes, peptides etc which expectedly have dis-
criminatory power to classify different disease states, i.e normal v.s diseased, or different
cancer subtypes. How accurately these predictors can work is a crucial question in the
process of biomarker discovery and validation. It is the evaluation process that examines
the validity of the discovered biomarkers. The efficacy of these biomarkers when they are
integrated in future practical routine of diagnosis and prognosis of cancer and other dis-
eases entirely depends on the reliability and accuracy of the validation procedures. One of
the drawbacks, which hinder the realization of the quantitatively found biomarkers into the
clinical practice routine is the failure of validation process required by the FDA [37, 38].

Second, in the problem of class discovery such as classifying cancers into subtypes

or biclustering in functional Genomics, evaluation of the statistical algorithms used to dis-



32

cover classes is even more important given the fact that we do not know the ground truth
under the dataset but are trying to discover it. This interprets literally as the problem of
error estimation for unsupervised learning or clustering, which is generally harder than the
supervised learning. In future medicine, distinct subtypes of diseases which originate from
different causes are to be handled with different treatments with hopefully better efficacy.
Failure to correctly distinguish cancer subtypes can result consequences such as treatment
cost and efficacy.

Another typical example of the important role of error estimation lies in inferring
gene regulatory networks [138]. Studying the biological pathways, in particular the regula-
tory mechanism of the genomes is crucial in accelerating the understanding the molecular
mechanism of cancer and other diseases. Based on the high-throughput data, gene regula-
tory networks are attempted to be inferred using different models. Interested readers can
find more about this topic in the review paper [139, 140]. Obviously, in order to ascertain
our knowledge of cancers and diseases from these findings, it is foremost to confirm the
validity of the discovered gene networks.

In addition, estimation of the accuracy prediction of transcriptional binding factors
deserved more attention regarding its wide applicability in understanding the regulatory
mechanism of the genome [141].

This chapter covers the main points of supervised learning and provides a review of
error estimation as well as some highlights of its applications. The next chapter is devoted

to the analysis of bootstrap estimation methods.
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CHAPTER III

BOOTSTRAP ERROR ESTIMATION - UNIVARIATE MODEL *
This chapter presents the theoretical analysis of complete bootstrap error estimation for
linear discriminant analysis under univariate Gaussian model. The variances of the label
feature distribution are assumed to be known. The analysis is concerned with some boot-
strap estimators including zero, .632, and convex bootstrap estimation. The results include
the first moments, the second moments, the correlation of these bootstrap estimators with
the true error and the resubstitution estimator. As a result, we obtain the exact formulas for
the bias, variance, and the root mean square of the estimation deviations from the true error,
which are the usual metrics for evaluation of estimation methods. Also, we propose unbi-
ased bootstrap estimation by zeroing the deviation bias and optimal bootstrap estimation
by minimizing the root mean square of the deviation. All the formulas are involved with
multivariate Gaussian random variables, up to dimension 4. Given the increasing difficulty
of complete bootstrap computation as the number of samples increases, an efficient algo-
rithm is introduced to compute the complete enumeration for up to moderate sample sizes.
Finally, some figures of the optimal convex scalar for the unbiased bootstrap estimation are

provided for different number of samples under various Gaussian models.

* Part of this chapter is reprinted with permission from ”Unbiased Bootstrap Error Es-
timation for Linear Discriminant Analysis.” by T. T. Vu, U. M. Braga-Neto, and E. R.
Dougherty, 2010. submitted, copyright 2010 of IEEE Transactions on Pattern Analysis

and Machine Intelligence.
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A. The Bias, Variance, and RMS of Estimation Deviation

Let € be an estimator for the true error €, then the bias, variance, and RMS of estimation

deviation are defined as followings:

Bias[¢] = E[¢ —¢], 3.1)
Var,[€] = Var[€ — €] = Var[¢] — 2Cov[é€] + Var]e], (3.2)
RMS[] = \/E[(e — £)?] = | /E[¢?] — 2E[e€] + E[¢2]. (3.3)

It is simple to check that
RMS?[&] = Bias®[2] + Var,[2]. (3.4)

While the bias represents that average centrality of the estimator around the true error, the
deviation variance measures the dispersion of the estimator from the true error. The optimal
estimator is the uniformly unbiased minimum variance one. There is a trade-off between
the bias and the variance. So, the ultimate metric to evaluate an estimator is RMS, which
combines bias and variance. From (3.3), we can see that to compute RMS[€], we need
to know the second moments of the true error and the estimator, as well as the correlation
between them. The main sections of this chapter present theorems to compute the moments
of some bootstrap estimators and their correlation with the true error, and so ultimately

allows us to obtain the RMS of these bootstrap estimators using the relation (3.3).

B. The Bootstrapped Linear Discriminant Analysis

Let S* denote the bootstrap sample uniformly taken with replacement from § with the same
size like S and the corresponding weight vector C. All the probability formulas derived
herein assume C is given. Otherwise, it is explicitly stated. For brevity, we will omit the

conditional notation of C. Let y¢ = ¥(S5*) be the classifier designed on S* using the same
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classification rule V.
The classification error rate gc of classifier y¢

ec = (1-7)P(ye(X) =1[X €Ilp) + yP(yc(X) = 0| X €I1))
(3.5)

def 0 1
= (1-7)ec+rec.
We can define a “test-set” error estimator & for & as the average error committed by the
bootstrap classifier Y on the data left out of the bootstrap sample:
no+np
& = Z I ZIC ye(x)=11 Z Ie(i)=0Tye(x)=0 (3.6)
i=1"C(i i=np+1
where C(i) denotes the i-th component of vector C.
With our assumption of complete bootstrap, the zero bootstrap error estimator is de-

fined as the expected value of & over the bootstrap sampling mechanism, i.e., over the

distribution of C:

& = E[éc|S] = Z.SCP (3.7)

It can be seen that the zero bootstrap error estimator defined as in (2.28) is a Monte Carlo
approximation version of (3.7).

The more popular variants of bootstrap estimation are .632 bootstrap estimator and
convex bootstrap estimator. The .632+ bootstrap estimator is a special case of the latter for
the dichotomous classification problem, in which the convex scalar w is found adaptively

with the “relative overfitting rate” (See (2.30).

B3z = (1—0.632)8,40.632%, (3.8)

8632+ = (1 —Wpe3at) &+ W32+ &0, (3.9)
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More generally, we have the convex bootstrap estimate:

= (1—w)&+w. (3.10)

In the followings, we establish some useful relations of the error rate & to compute its

moments. Define the following notations:

no no+nj
=Y lIet=0, mi(C)= Y Igi=o, m(C)=mo(C)+mi(C), (3.11)
i=1 i:n0+1
no+nj
ZC2 s1(C Y C*(i), s(C)=s50(C)+s51(C), (3.12)
nOz nlz no+1
1 no+ny
ro(C1,G) = 2ZC1 )C2(i), r1(C1,Cr) = Z C1(i)C (i) (3.13)
ng i= 11 no+1

It is clear that r;(C,C) = s;(C) for i € {0,1}. While these numbers m, s, and r are functions
of C, we will omit the notations Cs throughout the work for brevity in some of the re-
sults, unless keeping them is necessary to differentiate different bootstrap vectors Cs. Also,

suppose X * € Iy, and X** € I1; are two samples independent of S,,.

1. First Moment

From (3.6), we have:

. 1 no no+n
E[éc| = E{ = [ZIC(i)—OIIVC(Xi)—1+ )y 1c<f>—01w(x,~>—01 }
i=1

i=ng+1
1 no 1 no+nj
= — Y Ie=oElly.(x +— Y, e X,)=0)
m i=1 l no+1
1 no+n
:_ZIC —oP{yc(X, )—1}+— Y. Iepy—oP{we(X) =0}

m;_ no+1

So,

Eléc] = TUP{ye(X") = 1} + =P {ye(X™) =0} (3.14)



2. Second Moment

From (3.6), we have:

R 1 | &
E[&] = E{ﬁ [ZIC(z’)—OIVJC(X

1
_E{mz [ZIC OIWC

no 1o

+Y Y Iciy—o.c

i=1 j#i

no+n; no+ny

+ Y ) Icp—oc

i=no+1 j#i
nyg np+n

+Y, Y L=

i=1 j=np+1

no+ny ng

+Z ZIC

i=np+1 j=

So,

no+n

=1t X Te-olyerx-o

i=np+1

no+n

S+ Y Iep- )=0+
i=np+1

=0 I‘I/C(Xi)zl,llfc(x/‘):l—i_

—0 Ly (x)=0Tye(x)=0t
)=0 Ly (x)=1, ye(x;)=0T

}

Ye(X)=0, ye(X))=1

B[e] = m—SP{w(X*) = 1} + P{ye(X) = 0}+

ng 1o

ped DIPM TR
i=1j#i

no+n; no+np

+ Y X lep=och)

i=ng+1 j#i
ng no+ng

+), Y lew=o

i=1 j=no+1

no+np no

+Z ZIC

i=ng+1 j=

0.c()=oP{We(Xi) = 1, we(X;) = 1}+

—oP{wc(Xi) =0, yc(X;) =0} +

c(j)=oP{we(Xi) = 1, ye(X;) = 0} +

]):OP{WC(Xi) = 07WC(X]) = 1} :
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(3.15)
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3. Cross Correlation

From (3.6), we have for C; # C;:

A A 1 1o no+ny 7
E[éc, &c,)] zE{m ;ICI(,-)_ 1+l §’+1IC1 0Ty, (x)—0| X
no no-+ny -
x m(Cy) grllcz(j)ZOIWCz(Xj)Zl+j:nzo,+IIC2(j):OIl//C2(Xj):0_ }
no no
:E{ (Ci ;JZIQ =tley(j)=0Lye, (xj)=17F

not+ny no+ng

+ ) ) lew=olye (xp=oley(jy=olye, (x,)=0t

i=np+1 j=nop+1

nog no+np
+ Z Z Iey (=0 IlI/cl (Xi)zllcz(j):()lll/cz (x))=07
So, the correlation between “hold-out” errors of any two distinct C-bootstrap linear classi-

i=1 j=ng
no+ny ngo

+ Z ZICI x)=0lc,(j)= OIWCZ(XJ):l

ln()]

fiers is
nop no
E[écl écz] - Z Z IC1 =0,C2(j OP{IVQ( ) = 17WC2(XJ) = 1}_'_
i=1j=

no+n; no+ny

+ Y Y Igi0c=oP{ve (Xi) =0, v, (X)) = 03+
i=ng+1 j=np+1

I (3.16)
+Z Z IC] =0,C,(j OP{V[Cl( >_ 17WC2(X]) :O}+

i=1 j=n0

no+n; ngp
+ ) Zlcl —0.65(j)=0 P{Wc, (Xi) = 0, ye, (X;) = 1}|.

i=ny j=

4. Cross Moment with Resubstitution Estimator

We are interested in the correlation between the "hold-out” error & of the C-bootstrapped

classifier yo(X) and the resubstitution estimator &, of the original classifier y(X). From
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(2.17) and (3.6), we have

1 no no+n
E[éc&] =Bq —1 ) Tei-olyerxy=1+ X Tei-oTyerxy=o| X
i=1 i=ng+1
no+n
><— ZI T D
Jj=no+1
nyg ng no+ny no+ng
= ZZIC =0Ty (x;) =1t Y X Te—oTye—olyxy)—ot
nm i=1j= i=ng+1 j=np+1
ng no+ng no+ny no
+) Y lep=olyemy=ilyxy=o+ X ZIC x)=0ly(x;)=
i=1 j=ng+1 i=np+1 j=
So,
ng ng
E[écé‘r]— ZZIC —oP{yc(X) = L,y(X;) =1}+
i=1j=

no+ny no+ng

+ Y Y Icp—oP{we(X) =0,w(X;) = 0}+
i=ng+1 j=np+1 (317)

no np+ny

+3 Y Iep=oP{we(X) = 1, y(X;) = 0}+

i=1 j=ng

not+ny no

+ L Y lew-oPlve(X) =0.y(X) =1}

i=ny j=

5. Cross Moment with True Error

It is useful to know the correlation between &c of the C-bootstrapped classifier and the true

error € in the next sections. From (2.5) and (3.6), we have

no+ny
Eleéc] :E{((l -7) g’ +y8 [ZIC ve(X))=1"T Z IC(i)—OIwC(Xi)—OI }

i=np+1
n0+l’l1
:—ZIC _oE [€"Tyc(x)= +—ZIC _oE [€°Ty(x)=0] +
i=ny
n0+n1
+ — ZIC OEEI +_ZIC OESI ()0:|

l}’lo
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N mo(1 — my(l—
Eleéc] = %E (€ Tyen)—1] + %E [y 1-0] +
m m .
+ P [y ] + 2T E [.SIIWC(X%H):O] , with C(X) = C(Xuy 1) = 0.
m m
(3.18)
We have
E[SOIVIc(Xl):l] = E[P{W(X) = 1|)( € HOasn}Illlc(Xl):l]
= E[E(Ly(x)=1] X € o, Sn)ly,(x,)=1]
= E[E(Lyx)=1 Lyc(x,)=11X € o, Sy)]
= Ellyx)=1 Tye(x)=1]
=P{y(X") =1,yc(X;) =1}.
Similarly for E[e'T _4], E[€"1 _o, E[e'l _o)- So
y lI/C(Xl)—l Y lﬁc(Xn0+1—O Y WC(Xn0+1_O 9
a mo(1 — * m *%
Eleec] = " Dbty (0) = Lyetn) = 11+ P {y(x) = 0,ye(x) = 11+
my(1— % m *ok
+ %P{W(X ) =1, ¥c(Xny1) =0} + %P{W(X ) =0, ¥ (Xny11) = 0}
(3.19)

with C(Xl) = C(Xno—H) =0.

6. The True Error

The first two moments of the true error, E[¢] and E[€?] (also of the resubstitution estimator
Ele,] and E[€?]), were expressed in the forms involved with probabilities of discriminant
functions W in [86]. Based on that, Zollanvari et al [86] then derived the exact formulas
for the univariate case and obtained approximation ones for the multivariate case. Because
we need the second moment of the true error, E[Sz], to compute the root mean square of
the bootstrap estimators, we rewrite Zollanvari’s formulas and his univariate results in our

notation in this chapter, and present the exact results of the true error and the resubstitution
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estimator for the multivariate case in Chapter IV.

e The first moment of the the true error

From (2.5),
Ele] =E[(1 —y)& + vei]
—E[(1-7)P{y(x*) = 1[S,} + (1 - DP{y(x™) =0Is,)]  (3:20)

= (I =pP{y(X") =1} + (1 - 7)P{y(X™) =0}

e The second moment of the the true error

From (2.5),

E[e*] =E[((1-y)eo + ve1)?]

= (1—7)?E[eog0] +2y(1 — 7)E[eoe1] + YE[e1 €]
Also,

E[eogo] = E[P{y(X") = 1S, }P{y (X" ) = 1|, }],
where X* and X*' € Iy are independent with each other and of S,
=E[P{y(X") =1, y(X") =1|S,}

—PLy(X) = 1, y(x") = 1}
Similarly for E[e; &1 and E[gy€]. So,

E[e?] = (1-y)*P{y(X") = 1, y(X*) = 1} +2y(1 — )P{y(X") = 1, y(X**) = 0} +

+PP{y(X™) =0, y(X**) =0}
(3.21)
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7. The Zero Bootstrap Estimation

& = E[éc|S] = ZSCP (3.22)

The first moment of zero bootstrap estimator

E[&)] = ) P(C)E[&] (3.23)
C

The second moment of zero bootstrap
12
—E [ZP(C)eC}
C

—ZPZ ] +2 Y. P(C)P(CH)E [, &)
C1#C

(3.24)

The correlation of zero bootstrap estimator with the resubstitution estimator
E[&.&)] = [er ZP ]
= Y PRl ]
C

(3.25)

The correlation of zero bootstrap estimator with the true error
E[eg)) = [8 Z P(C ]
=Y P(C)E[e4
C

(3.26)

8. The Convex Bootstrap Estimation

e The first moment of convex bootstrap estimator

E[&] = B[ (1- )&, +wé|
(3.27)
= (1-w)E[&]+w) P(C)E[&]
c
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e The second moment of convex bootstrap estimator

2
E[62] =E [(1 W)+ wéy
(3.28)
= (1 w)E[£2] + w2E[&] + 2w(1 — w)E[2.2]
e The correlation of convex bootstrap estimator with the true error
E[e,] = E|e((1 —w)e, + we())}
= (1 —w)E[e&,] + wE[e&] (3.29)

= (1-w)E[e&]+ ) P(C)E[e&]
C

All the expressions in this section are applicable for any conditional distributions in-
cluding both univariate and multivariate models. Following are the results derived for uni-

variate Gaussian model.

C. Univariate Model

Let X; NN(,uo,Gg) fori=1,...,np, and X; NN(,ul,Glz) fori=ng+1,...,n9+n; be aset
of n = nyp + np i.i.d. observations. In this univariate case, the W statistic becomes greatly
simplified, being a function only of the sample means, and the LDA classifier is given by

1, if (X—%) (flo— f11) <0

v(X) = , (3.30)

0, otherwise
The C-bootstrap LDA classifier designed on §* corresponding to the bootstrap vector C is
obtained by replacing u; by ,ul-C ,i=0,1,1n (3.30):

nC_ pC
i (X—%) (1S — ) <0

Ve (X) = ; (3.31)
0, otherwise



where
al = 2 HZOC( )X,
= — i
u no &= i
c 1 no+n
Hy = — Z C(i)Xi
g W —

are C-bootstrap sample means.
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(3.32)

Define the following Gaussian vectors with X, ,X,, € Iy, X, ,X,, € II}, 1.e. 1 <wup,up <

no,no+ 1 <vy,vy <np+nj. In the following definitions for F's, assume Cj(u;) = Ci(v;) = 0

fori=1,2:
Fo(u1,u2,C1,C) = :Xu, M,ﬂl‘ — 08" X,y —
Foo(u1,u2,C1,C2) = :Xul M,ﬂfl 0
Ffi(v1,v2,C1,C) = :le M, 05t — 7", X, —
Pl C1.C) = [, - BEBL g o
F§y (u1,v2,C1,C2) = :Xul —M,ﬂll—ﬁg‘x —
iltunm.C1.02) = [, - B0 EA e g B

~Co
Lo by +

Cy  ACH
0>+ 07 oo Ao
-2 al -] 333)
ac C o’
L X 05— 07 334
~Cy ~Cy -
.uo U . c Nk
SR AR (339)
+.U1C2 ., T
V27.u] ‘LL I (336)
R P RNeA L)
OTv ()CZ_.LHCZ ’ (337)
NG -
+U . R T
T X - 457, (3.38)

Basic algebra gives us the mean vectors and the covariance matrices as following:

u K T
ElFg) =Bl = |5.—w.5.—u| . EIF

E[F] = [—N e

Tylvl; a.u] 5

where 1t = o — U1, and the covariance matrices are

F01]_[» M, #]T,

E[F{] = [ “,u,“ H]T-
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mNyU, _yU,N,A, _.Av _“n&w

— (Durnji-

2 T Tt 00
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Jo() 15 + fo(®)0s

| mom t wim (i +1) + o _ (o my
ot %00 lo(f— ) ~fof— lo(10)i5+ Lo(19)0s ) !
90(& — i) —0f— do(wis — ) ~ 0w~ 1)~ i~ wiom s+ (1)
1o(20)1s +80(©)0s
| whmtmbne el@n ) o _ ey
2Ol — o0~ mbmw - E_WGV + 204, 20(10)1s + 20(10)0s . - !
(% - ) +i0% to(mis-Y+o(ms-t) whE-wmhm ot ldE+)
lo()1s-+ Lo(7)0s |
m_b%bv s mbtmuvo__l %b ?wv:v. + N_.ODNQJ e ﬁv , _ (Drorala) )y
loli— Y00/~ dof + mbm_m - E_w\_uv 0(19) 15+ Yo (19)0s . : !
off — ) +o8 Lod—doffim =) wih

¥ ¥
9o(19)0s — To(15)1s mubﬁ_bv& + mbp 15)1s + Q
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In the following definitions for Gs, assume C(u;) = C(v;) = O:

Ghou1,12,€) = |X,, —M,ﬂf—ﬂ&xuz—ﬁo;m,m S ICEY)
Gl (u1.102,€) = | Xu —M,ﬂf—ﬂ&ﬁ‘);“l Xepho-fu|, G40)
Gl (vrown.) = [~ BLRE ge_pe o BB g p ] G
GHh(vrn €)= [, - B g Bor By g p]’ G
G&(ul,Vz,C)::Xu,—%cgﬂ‘c,ﬂ? 15, Xy, — u0+“1>.aO—HIT; (3.43)
G (11,2.€) = |X,, ﬁg;ﬂf,ﬂf— Aoc,ﬁ‘);f“ X fo| . G4
Glo(v1,u2,C) = [X,, ﬂg;ﬂ‘c,ﬂg ac X, “O;m,ﬁl—A_T, (3.45)
Glo(v,2,€) = [, ﬂg;ﬂfﬁg—ﬂf,ﬂ(’;ﬁl wlo—f], (340

ElGh] = ElGH] =[5t ] Bl =BiGh] =[5, -, ]

BGH) =BGl = [Fu ] Bl =Gl = [ u]

and

Gy (u1,u2,C)
(1 +Po? + Lo} S°§5—s'§12 (Iul u2+l_iio(“)>60+4m —%—;—,}21

B 005 + 5107 %%”2)03—;—;1 2—324—2—12

) <1 4310)60 +4n21 ;_50_% |

%, o

no ny
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ZG{)I()(uth?C) -
2 2 2 2 2
S0\ ~2 | 5152 5093 _ S10j 2C(up)—1 2_% % 4 9
(1 +3os + %o 2 2 ( ano Luy=u, ‘70 Iy ng T om;
2 2 2C(up)—1 % _of
. SOGO +S161 Zn() + an no ni
B 3 e
(1 4no>Go t e~ 2mr
2 2
% o
no ni
ZGI]](thZvC) -
50 <2 1 4 51 2 51612 sOGg i 1-2C(v;) 612 Gg
T05+(1+Pof - n=vn T 4, |C +4n0 2 T g
2 2 1-2C(v)) ~2 _ G of | 5
B 5107 + 5007 2 Ol 2y i
- 2 2 2 ’
_3\52 4 % _%1 _ %
<1 4nl>61 + 4ny 2n;  2ng
2 2
o, %
ni no
EG%(VWz,C) =
2 2 2 2 2
50 ~2 S\s2  S100 _ %09 (2C(v2)—1 2_% _9 _ %
20 + (L+Po; 2 2 < any vi=n)O1 T ng T2 T 2ng
2 2C(n)-1 2, o5 of  of
B 5107 1500 “n, 01t T o
- 2 2 2 ’
1~ 3\o24 % _ot o
4n1 1 4n0 2}’11 2n0
2 2
of %
ni no
2 2 2 2 2
S0\ 2 | S1y2 500 _ 8167 1=2C(w) 2 Oh S _ of
(1 +3Pos + %o ) In, 01— 4n0 g 2ny
2C(vp)—1 of o
5 B 004 + 5107 T i+ 2n0 % o
Gy (u1,v2,C) — 3 o7 op |’
(1 4n1>61 + 4n0 o " 2
2 2
op n of
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2 2 2 2
SO\ ~2 | 5L ~2  S00% 510} 2C(v2) o |, Of
(+Pos +3oi =3 3 4n0 + —an o} Ing T 2
2 2 1-2C(m) 2 o5 of | o
5 500( + 510} %1 "y wm T m
/) -
Gy (u1,v2,C) 1_ 3 02+0—3 e
4n )1 4ng 2ny 2ng
% , ot
no ni
2 2 2 2
50 2 S\ <2 S10 500} 1-2C(uz) -2 Of o | Oy
205 + (1 +Pop 7 Iy 00 —dn;  2m T Zng
2C(up)—1 o |, OF ol of
5 _ §107 + 500} e 0T E TS
GIIO(VIJ’Q)C) - 1 3 0' + 0'_(% _ 6_12 ’
4ng) -0 4n1 2ng  2nmy
2 2
O'O + ﬂ
ng ny
2 2 2 2 2
50 ~2 S\~2 S107 _ %00) 2C(w)-1 2  Of O Oy
2oy +(1+Pof ) dg 00t I T T g
2 2 1-20w) 2 o o G
5 B $107 + 500} e o) ~ oy n_1+%
Gl (viu2,C) — 3 o2 2 o
(1 4n0)60 Yo T Iy
og +G_12
no ni
In the following definitions for K, assume C(u;) = C(vy) = 0, again X* € I, X*™* €

IT; are independent of S,,:

- NC 1 nC 0 y
‘LL +l'l’ A A % + A A T
Koo(C) = | Xuy — ° > S A -G X —“Oz'ulvﬂl—lio] , (3.47)
11 [ ASHAT o o Bt .o T
KI(C) = X = 2 af - 0§ T X po— ] (348)
- NC 1 nC
‘LL +:u“ A A sksk A A
K, (€) =[x, - B TR g pf e BB g n ] Gag)
~ ~C ~C ~ A~
+ 0 n~ + *k A ~
k(€)= [~ PS5 a6 —af B X ] 3s0)




50

AC L aC N
Au’ +:u“ A~ ~ kk 0+ 1 A A T
K (€)= [Xu -0l S x = BB po-p] . 65D
~C ~C A A
u +u A A~ o+ U *% A ~ r
KHHC) = [ — 0 Fh af a6 B E X -], B2)
nC o nC PN
u +.u“ N ~ * o+ M1 . " T
Kio(©) = [x, - B af —af x - BB -, 653
~C ~C A A
Qo +0y 0 oo+ ., . .7
KIDC) = X, =0 0§ —af B X o -], 359
[H H 17
E[K(SO(C)]:E[K(ﬁ(C)]: _Ev_uaza_.u_ ’
(K —u 97
ElK)(0)] = ElKh () = £ - 2 )"
r—u —u 1T
EIK] ()] = BikiC) = [ 2w ]
L e b
EIK} (€)= EIKly () = [ 2 % —n]
5008 $107 ol o} of ot
(+Pog+3Fof 50— Ty~ A ~ 2 " 2ny
o2 o2 o2 o2
S woj kot amtm et
Ky (C) — 1\ o? 2 o2 )
. . (1+%)oo+mg o
o o}
2.2
2 2 505 5107 o ot ol o}
(I+Pog+4of -7 Tng ~ dny 207 T 2ng
ol o} of o}
5o $00( + 510} Z_rzll_ﬁ % ﬁ
Koo (©) ™ 22 o2 |
(1 + 4n0)60 + 4n1 Z_r(z)o - ﬁ
0§+c_12
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(3.55)
(3.56)
(3.57)
(3.58)
(3.59)
(3.60)

(3.61)

Basic algebra gives us the mean vectors and the covariance matrices as following.

Eltoo] = 4. -

_[H _, H]
E[JOO]_|:23 Hs |

ZHOO -

E[H} ] = [_7“#7_7 E[Hy| = [u —U,

Y

=

2] g [2nk]
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|- 3\g24 0 % _of %, 9}
4ng )20 T 4ny 2ng  2m 4ng ' 4ny
2 2 2 2
= S 4 o1 ~% _ of
ZHO] no + ny 2ng 2n; !
O
1-2 >62 + &
4I’l| 1 4n0
2 2 2 2 2
1_3\g24 0 _% O o _ 9o
4}’10 0 4n1 2}’10 2n1 4}’11 4}10
2 2 2 2
Y= S 4 51 S _ of
Joo : no + ny 2ng 2n; !
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O
1+ L)GZ 1o
4n0 0 4n]
2 2 2 2 2
1_3\g21 0 _% O 9 _ of
4}’11 1 4n0 2}’10 2)’[1 4}’10 4n 1
2 2 2 2
X, = S 4 9 5P %
i1 no + ny 2ng 2ng !
2
O
1+ 4 )62+ ran
4n1 1 4}1()
2 2 2 2 2
1_3\g24 0 _o O 9 _ of
4n0 0 4n1 21’10 2}’[1 4n0 4n1
2 2 2 2
Y, = S 4 9 Si %
JO] no + ni 2}’11 2}10 !
2
O
1+ L)GZ 4+ 20
4n1 1 4n0
2 2 2 2 2
|- 3)\e24 % 9% of % of
4n 1 1 4n0 21’10 2n 1 4I’l() 4n 1
2 2 2 2
Y= S 4 9 5P %
J]O no + ni 2!’11 2n0 ’
O
L+ )og + 4L
dng )70 T 4ny

D. The C-bootstrap Linear Classifier

This section presents the theorems to compute the first and the second moment of the
hold-out error & of the C-bootstrap linear classifier y¢(X) and it cross moment with the

resubstitution estimator and the true error of the original linear classifier y(X).

Theorem 1 LetXin(,uo,Gg)fori: 1,...,ng, andX;NN(ul,Glz)fori:no+1,...,no+

ny be a set of n = ny+ny i.i.d. observations used to derive the classifier in (3.31). Then we
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have:

Elec] = — (mo(C)P{Bo(C) > 0} + moP{Bo(C) < 0}-+
mn (3.62)

+mP{B1(C) > 0} +mP{B(C) < 0}),
where Bo(C) and B1(C) are bivariate Gaussian random vectors with the following means

and covariance matrices:

L 1+ o3+ %o} Yog—3Yof
) 4) 00+ 301 720570

E[By(C)] = s Zpy(c) = , (3.63)
—u . s003+s16]2
—Uu S0 ~2 SN2 S1 A2 S0 2
2 205+ (1 +Pof Fog— 3o

E[Bl (C)] = ) ZBl(C) = ) (3.64)
u : 5004 + 5107

where m, m;, s, s;, (i = 0,1) are defined as in (3.11) and (3.12), respectively, and n =

Ho — Hi.

Proof: See appendix.

Theorem 2 Let X; ~ N(uo,03) fori=1,...,no, and X; ~ N(W,0%) fori=no+1,...,no+
ny be a set of n = ny+ ny i.i.d. observations used to derive the classifier in (3.31). Then

given a bootstrap weight vector C, we have:

E[62] = # 1m0 (P{Bo(C) = 0} +P{Bo(C) < 0} )-+ my (P{B1(C) > 0} + P{B1(C) < 0} ) +
+ (m3 — mo) (P{TOO(C) > 0} + P{Tpo(C) < 0}) +
+ 2momy (P{Tr(C€) > 0} +P{Tr (C) < 0} )+

+ (m%—m1)<P{T11(C) >0} +P{T11(C) < 0}”’

(3.65)

where By(C) and B|(C) are bivariate Gaussian random vectors defined as in (3.63) and

(3.64), respectively. Too(C), T11(C), and Ty (C) are trivariate Gaussian vectors with the



following means and covariance matrices:

4 1+
E[Too(C)] = | —u | > Zne(c) =
=3
| 2
2 4o
E[T1,(C)] = JI ETH(C) =
—H
| 2
4 L+
E[To1(C)] = | —p | » Eryy(0) =
H
| 2

[$)

2

$00)) 5107
2 T T2

2

S()GO + 5107

2 2
_500'0 + 5107

S()Gg —|—81612

[$)

5005 5107

2 2

SoGg + 51 612

where sg and sy are defined as in (3.12), mas in (3.11), and U = Ho — U;.

Proof: See appendix.

Theorem 3 Let X; ~ N(uo,08) fori=1,...

, 10, andXiNN(ul,Glz)fori:no+l,...

55

yho+

ny be a set of n = ny + ny i.i.d. observations used to derive the classifier in (3.31). Then

given two distinct bootstrap vectors Cy and C», we have:

Eléc &c,| =

A(C1,G) (Z Ic, (=065 (j)=0Fo00 (i, /,C1,C2) + Y, ey

1,j=1
ng no+ny

i=lj=np+1

i=np+1j=

no+np

i,j=ng+1
no+ny ng

+Y ) Ie, (=06, (j)=0F01 (i, j,C1,C2) + ) ZIcl(i):o,cz(j):oFm(j,i,C27C1)>,

1

—0.6,(j)=0F11 (8, 7,C1,C2) +

(3.66)
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where A(Cy,Cy) = and

1
m(Cy)m(C2)’

Fab(i,j,C],CZ) P{ b(l ]7C17C2) > O}+P{ b(l ]7C17C2> < O}+
+P{Fall£(i>j7cl >C2) > O} +P{Fall€(i’j7clac2) < 0},
where FL (i, j,C1,Ca),FHL(i,j,C1,C3), a,b=0,1 are 4-dimensional Gaussian random vec-
ab ab

tors defined as in (3.33), (3.34), (3.35), (3.36), (3.37), and (3.38), respectively, and m as in
(3.11).

Proof: See appendix.

Theorem 4 Let X; NN(,uo,Gg)fori: 1,...,n0, and X; ~ N(w1,0%) fori=no+1,...,ng+
ny be a set of n = ng + ny i.i.d. observations used to derive the classifier in (3.31). Then

given a bootstrap vector C, we have:

no+nj
E[&c&] (Z Ie(i=0Goo (i, ,C) + Y Te=0Gni (i, J,C)+
i,j=1 i,j=ng+1
ny no+ny no+ny ny (3.67)
+Y Y Ie=0Goi(i,j,C)+ Y, ZIC oGlolJC)>
i=1 j=np+1 i=no+1 j=

where m is defined as in (3.11), and

Gap = P{G!,(i,},C) > 0} +P{G', (i, j,C) < 0} +

+P{Gab(l J? ) > O}+P{Gab(l .]7 ) < 0}7

where Géb(i,j,C), G%(l}j,C), a,b =0, 1 are 4-dimensional Gaussian random vectors de-

fined as in (3.39), (3.40), (3.41), (3.42), (3.43), (3.44), (3.45), and (3.46), respectively.

Proof: See appendix.
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Theorem 5 Let X; NN([,LQ,O'OZ)fori: 1,...,ng, and X; NN(,ul,Glz)fori:no-l—l, ...np+
ny be a set of n = ng + ny i.i.d. observations used to derive the classifier in (3.31). Then

given a bootstrap vector C, we have:

. mo(1—7) Y moy

E[éce] = Koo(C) + "%K“ (€)+ 2 Ko () +

my(1 _}/)Klo(C), (3.68)
m

where m, mg, and my are defined as in (3.11), and
Kab(C) = P{Ky,(C) < 0} +P{Kp,(C) > 0} +P{Ky;,(C) < 0} +P{Ky;,(C) > 0},

where Kéb(C ), Kalé (C),a,b=0,1 are 4-dimensional Gaussian random vectors defined as

in (3.47), (3.48), (3.49), (3.50), (3.51), (3.52), (3.53), and (3.54), respectively.

Proof: See appendix.

E. The Zero Bootstrap Error Estimation

The followings present the theorems to compute the first and second moments of zero boot-

strap estimator and its correlation with the true error as well as the resubstitution estimator.

Theorem 6 Let X; NN(,uo,Gg)fori: 1,...,ng, and X; NN(/,Ll,Glz)fori:no+1, ..o+
ny be a set of n = ny+ny i.i.d. observations used to derive the classifier in (3.31). Then we

have:

Bl = 1y (mo(CP{BC) 2 0} +mo(C)P{Bo(C) < O}-+
(3.69)

+m1 (C)P{B1(C) > 0} +mi (C)P{B1(C) < 0}),
where By(C) and B (C) are defined as in Theorem 1, m, my, and my as in (3.11), and P(C)
as in (2.24).
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Proof: This is the immediate result of Theorem 1 and (3.23).

Theorem 7 Let X; NN(,uo,Gg)fori: 1,...,n9, and X; NN(,Lll,Glz)fori:n0+l, e, no+
ny be a set of n = ny+ny i.i.d. observations used to derive the classifier in (3.31). Then we

have:

E[é‘g] = Z?LZ(C) [mo(C)P{BO(C) > 0} +my(C)P{By(C) <0} +m(C)P{B;(C) >0} +
C

+my (C)P{Bl(C) < 0} + (m(z)(C) —I’I’ZQ(C))<P{T00(C) > 0} +P{T00(C) < 0}}+
+ (€)= mi(€) (P{T(C) = 0} +P{T11(€) < 0} )+

+2mo(C)m (C) <P{T01 (€) 2 0} +P{T0: (C) < O})] *

+Z7L3(C1,C2 Z Ie, (i)=0,65(j)=0F00(i, j,C1,C2) +
Ci1#C, i,j=1
no+ng ny no+ny
+ Y g i=00()=oF11(6,4,C,C) + Y, Y ey (=0.0(j)=0F01 (i, C1,C2)+
i,j=no+1 i=1j=ng+1
not+n; ng
+ ) ZIQ —0.6,(j)=0F01(J,4,C2,C1) |
i=np+1 j=

(3.70)

where A, (C) = ’5((@) A3(Cy, () % By(C) and B (C) are defined as in Theorem
)

1, T,,(C) as in Theorem 2, F (i, j,C1,C>) as in Theorem 3, a,b =0, 1; m, my, my as in

(3.11), and P(C) as in (2.24).

Proof: This is the immediate result of theorem 2, 3, and (3.24).

Theorem 8 LetXiNN(uo,Gg)foriz 1,...,n0, and X; ~ N(p1,0%) fori=no+1,...,ng+

ny be a set of n = ng+n; i.i.d. observations used to derive the classifier in (3.31). Then we
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have
no+ny
E[&¢&] = Z Z Ic()=0Goo(i,/,C)+ Y. Ie(i=oGi1 (i, j,C)+
C 1 1
i,j= i,j=no+ 3.71)

ny no+ny no+n; ng

+Y Y Ic=0Goi(i,j,O)+ Y, ZIC —0G10(i,7,0) |,
i:1j=n0+1 = n0+1]

where G (i, j,C),a, b =0, 1 are defined as in Theorem 4, m as in (3.11), and P(C) as in
(2.24).

Proof: This is the immediate result of theorem 3 and (3.25).

Theorem 9 Let X; NN(uo,Gg)fori: 1,...,n0, and X; ~ N(p1,0%) fori=no+1,...,ng+
ny be a set of n = ng+ny i.i.d. observations used to derive the classifier in (3.31). Then we

have:

E[éos] =

— Zm [(1 —7) (mo(C)Koo(C) +my (C)Klo(c)) + Y(ml (C)K11(C)+mo(C)Ko (C>)] ;

= m(C
(3.72)

~—

where K,,(C), a,b =0, 1 are defined as in theorem 5; m, my, and m; as in (3.11), and

P(C) as in (2.24).

Proof: This is the immediate result of theorem 5 and (3.26).

F.  The Convex Bootstrap Error Estimation

We first rewrite in our notations the moments E[e], E[e?], E[&,], E[22], and E[e&,] which
were were derived for the univariate model in [86]. This section then presents theorems
to compute the first and second moments of the convex bootstrap estimator with arbitrary

scalar w (3.10) and its correlation with the true error.
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1. The Moments of the True Error
a. The First Moment

Under univariate Gaussian model, (3.20) becomes

Ble] = (1-7) (P{Bo(T) > 0} + P{Bo(T) <0} ) +7(P{B1(T) > 0} + P{Bi(T) < 0}),
(3.73)

where By and B; are defined in Theorem 1.

b. The Second Moment

Under univariate Gaussian model, (3.21) becomes

E[e?] = (1 — 7)2 (P{Roo > 01 + P{Ro < 0}) +2y(1—7) (P{Rol >0} +P{Ro1 < 0}) +
+ 72<P{R11 > 0} +P{R11 < 0}),
(3.74)

where Ry, Ri1, and Ry are trivariate Gaussian random variables with the means and co-

variance matrices as followings

2 2
E[ROO]: u s LRy = . Z_?j_'—%z ;—50—% , (3.75)
> | : : (1+ﬁ)og+%
T 2 2 2 2 2
ERnl= | —u | Zr, = . % 4o a_a . (3.76)
5 (Hﬁ)c%%
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2 2 2 2
—u 1 2,01 G _ o _%1 _ %
- (1 + 4n0>60 + 4ny 2ng 2n) 4ny 4ng
2 2 2 2
= = % , 91 9 _ %
E[RO]] ,LL 7ZR01 . no + ny 2}'11 2110 ’ (377)
K 1 24 9
2 (1+4n]>61 +4n0

2. The Moments of the Resubstitution Estimator

a. The First Moment

) 1 no no+n
EG]=E || Ly + L Ty
i=1

i=np+1

3.78
= "P{y(X1) = 1 X €T} + " P{y(Xy 1) = 0| X € 11} G719

_ % (P{Do >0} +P{Dy < o}) + % (P{D1 >0} +P{D; < 0}>,

where Dy, D are bivariate Gaussian vectors with the following means and covariance ma-

trices: ~
2 2
1 (1_L>G2+<’_12 % o
E[Do]= | * |, Zn,= dng) 70 T Am 2 (3.79)
B no ni
i 2 2 2
= (1_i>62+0_0 _% _ o
p) Z 173 2 2
E[D] = , Ip, = "l "0 GZO 62”' , (3.80)
K : aA4%

where U = ug — Up.



b. The Second Moment

[ no+ny 2
E[8’]=E| = (Zl S+ Y Iy ) ]

i=np+1
1 no+ng
—E —2(21 Y Iy
i=ng+1
ng no no+ny no+ng
2 Y o=yt T X Y Iyeo—olyix)—ot
i=1 j#£i i=ng+1  j#i
ny np+n no+ny no
+Y X hyeo—lyog—ot X Zl )
i=1 j=np+1 i=ny j=

_ ”_gp{w(xl) =1} + ﬂP{y/(Xno+1) =0}+

+%P{w(&) — 1, y(X) = 1}+
—i—%P{W(XnM-l) 0, y/(Xng+2) = 03+
2non1

+ P{y(X1) = 1, y(Xyy+1) = 0},

E[e?) =13 (P{Do > 0} +P{Dy < 0} ) + 3 (P{D1 > 0} +P{Dy < 0})+

4 W (P{Hoo >0} +P{Hp < 0}) +

—l—%z_l)(P{H“ ZO}—l—P{H]] <O})+

n
2n0n1

(P{Hm >0} +P{Hy < O})
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(3.81)

where Hyo, Hy1, Hy are trivariate Gaussian random variables defined as in (3.55), (3.56),

and (3.57) respectively.



c. The Correlation with the True Error

E[eg]=E [((1 —1)e’+yeh) (Zl 1+ noill Ly >]

i=np+1
0 (1—y) &
Ty(x)=1] + Y. Ele’ypq=ol+
n i=np+1
Y& YIS
+ Y Ele y—ol + Y Ele'yx)=0l
= S

= 1;y(mP{w(X*) =1L, y(X)) = 1} +mP{y(X*) =1, y(Xpys1) = 0}>+

+ L (noPw(X) = 0,9 (X1) = 1} +mPLW(X"™) = 0,y (X,1.1) = 0}).

E[é €] = % (P{JOO >0} +P{Joo < 0}) (P{Jll >0} +P{J;1 < 0})

+ % <P{J01 >0} +P{Jy < 0}> + %

(P{Jm >0} +P{Jjp < 0}),
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(3.82)

where Joo, J11, Jo1, and Jyg are trivariate Gaussian random variables defined as in (3.58),

(3.59), (3.60) and (3.61) respectively.
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3. The Moments of the Convex Estimator

This section presents the theorems to compute the first and second moments of the convex

bootstrap estimate with arbitrary scalar w, as well as its correlation with the true error €.

Theorem 10 LetXiNN(uO,Gg)fori: 1,...,ng, andX,-NN(,ul,Glz)fori:no—I—l,...,n0+

ny be a set of n = ng+ny i.i.d. observations used to derive the classifier in (3.31). Then we

have:
B2, — no(ln— w) (P{Do >0} +P{Dy < 0}) n @(p{pl >0} +P{D; < 0}>+
+Y V’V:((CC)) (mo(C)P{Bo(C) > 0} +mo(C)P{By(C) < 0} +mi(C)P{B1(C) < O}+
C

+m (C)P{B1(C) >0} ),
(3.83)

where Dy and D are defined as in (3.79) and (3.80), Bo(C) and B (C) as in Theorem 1; m,
mg, and my as in (3.11), and P(C) in (2.24).

Proof: This is the result of theorem 1, (3.27), and (3.78).
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Theorem 11 Let X; NN(uO,Gg)fori: 1,...,ng, and X; NN(,ul,Glz)fori:no—i—l, oo+
ny be a set of n = ng+ny i.i.d. observations used to derive the classifier in (3.31). Then we

have:

(1—w)? [% (P{Do >0} +P{Dy < 0}) + ’% (P{D1 >0} +P{D; < 0}) +

no(ngp—1 n1(n — 1
+ o( ’;)2 ) (P{Hoo >0} +P{Hy < 0}) + %(P{HU >0} +P{H); < 0}>+
2non
+ O 1 (P{HOI > 0}+P{H01 < 0}>:|
no+nj
+Z Z IC OGOO i,j,C + Z OGII I ],C)—f—
i,j=1 i j= n0+1
1o, Mo notni ng
Y Y low=0Gm (/.0 + ) ZIC —0G10(4,/,C) |+
i=1lj=ng+1 il

+Y Au(w,C) [mo (C)P{Bo(C) > 0} +mo(C)P{By(C) < 0} +my (C)P{B;(C) > 0} +
C

+mi(C)P{B1(C) < 0} + (m5(C) — mo(C)) (P{Too(C) > 0} +P{Too(C) < 0}) +
+ (mi(C) —m(C)) (P{T11(C) > 0} +P{T;;(C) < 0}) +

+2mo(C)mi (C) (P{To1(C) > 0} +P{To1(C) < 0}) } +

+ ¥ As(,C1,Ca) [ZICI _oy(j)—0Foo(is ,C1,Ca) +

Cl7éC2 L]
no+nj
+ ), Io(=00()=0F11 (i, ,C1,Co)+
i,j=nop+1
ny no+n no+ny nop
+Y Y Ie@=olo(j=oFoi1(i,/,C1,.C)+ Y. Y Iey(j)=ole, ()=oFo1(j,i,C2,C1) |,
i=1 j=np+1 i=np+1j=1

where Do and D1 are defined as in (3.79) and (3.80), H,,, a,b=0,1 as in (3.55), (3.56), and
(3.57), Bo(C) and By(C) as in Theorem 1, Ty,(C), a,b = 0,1 as in theorem 2, G (i, j,C)

as in theorem 4, Fy(i, j,C1,C2) as in theorem 3, and Ay(w,C) = (( )) As(w,C1,C) =

2 MR and P(C) as in (2.24).
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Proof: This is the result of theorem 7, theorem 8, (3.28), and (3.81).

Theorem 12 Let X; NN(uO,Gg)fori: 1,...,ng, and X; NN(,ul,Glz)fori:no—i—l, oo+
ny be a set of n = ng+ny i.i.d. observations used to derive the classifier in (3.31). Then we

have:

E[g,e] =
—(1-w) [(1_’1& (P{Joo > 0} +P{Joo < 0}) + % (P{J11 >0} + Py < 0})+

+ 7o (P{Jm >0} +P{Jo < 0}> + (l_nﬂ (P{Jlo >0} +P{Jjo < 0})] +

n

+; v’f(((g) [(1 —7) (mo(C)Koo(C) +m1(C)K10(C)> + 7<m1(C)K11(C)+ mO(C)KOI(C)H ’

where J,, a, b =0, 1 are defined as in (3.58), (3.59), (3.60), and (3.61); K.p, a,b =0, 1 as

in theorem 5, m, mo, and my as in (3.11), and P(C) as in (2.24).

Proof: This is the result of theorem 9, (3.29), and (3.82)

G. The .632 Bootstrap Error Estimation

Setting w = .632 in the formulas of the convex estimator yields the moments of the classic

.632 bootstrap estimate.

H. The Optimal Bootstrap Error Estimation

The above theorems allow one to compute the optimal weight w*, which minimizes the

root mean square of the deviation of the convex bootstrap estimate €, from the true error €.

w* = argminRMS|&,] = argminRMS?[2,,]
w w
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RMS?[8,] =E (&, —¢)*
=E[8]] —2E[&,¢] +E [¢?]
= (1 —w)’E[&] + w’E[&5] +2w(1 — w)E[&&] +
—2((1—w)E[e&,] +wE[e&)]) +E[e?]

=w?E(& —&)> +2E [~e&o + &8 + €& — &2 w+E(& —¢)’

The root mean square of the convex estimator RMS?[2,,] is a quadratic function of w.

Thus, w* can be found to be

2E [—8@0 + &8+ €&, — éﬂ
2E (&, —&)*
E [e&) — &8 — €&, + &7
T E[82-28,8+£]]

W= —

The optimal minimum RMS w* can be computed using Theorem 7, 8, 9, and the results
of (3.81), (3.82). In .632 bootstrap estimation, the combination scalar .632 was chosen
heuristically, which represents the proportion of the original sample points in the bootstrap
samples [99]. In .632+ bootstrap estimation, w was chosen heuristically adaptively in
accordance with the overfitting rate [102]. While both of them have been shown to be

among the best, they do not guarantee the minimum root mean square.

I.  The Unbiased Bootstrap Error Estimation

While the minimized root mean square can be considered as the global criterion for esti-
mation evaluation, unbiased estimation is also of interest to many. Based on Theorem 10,

(3.78) and (3.20), we can find w, that guarantees an unbiased bootstrap estimation.

E[&, — €] = E[(1 — wy)& +wulo— €] =0
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Ele — &/
w, — ————
“~ El&— 8]

(3.84)

The unbiased scalar w, can be obtained based on Theorem 3.23, (3.78), (3.20). In
order to compute E[&], we need to go through all Cs. However, note that

E[&] = Y P(C)E[ec] = Y. P(s0,51)E[ec(sy.s,)] (3.85)

¢ (s0,51)

where C(sg,s1) is any bootstrap vector C that satisfies (3.12). Since the number of all
configurations of the vector (sg,s;) is much smaller than the number of all configurations
of C, this provides the basis for an efficient way to calculate E [&], provided that we have a
method of directly calculating P(sg,s;) without having to go through all C. Problem arises
for large n, which can be greatly alleviated by using (3.85) and we create a method for
computing P(sg,s;) efficiently that is described in the Appendix.

We present below examples of application of the formulas derived in the paper for
the unbiased weight w,. Figure I displays the exact w, as a function of Bayes error for
different sample sizes, and as a function of number of samples for different Bayes error, in
the univariate case. We can see that for small Bayes error, the unbiased weight tends to be
closer to the heuristic 0.632 weight than for large Bayes error. We also see that as sample
size increases, the unbiased weight appears to be converging to a fixed value, which is not

the heuristic 0.632 weight.
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Fig. 1. Optimal weight w,, in the univariate case. The top figure displays w, as a function

of Bayes error for different sample sizes, whereas the bottom figure displays w, as a

function of the number of samples for different Bayes errors.
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CHAPTER IV

BOOTSTRAP ERROR ESTIMATION - MULTIVARIATE MODEL *
This chapter presents the theoretical analysis of complete bootstrap error estimation for
linear discriminant analysis under standard multivariate Gaussian model with the same
covariance matrix. The covariance matrix of the label feature distribution is assumed to be
known. The analysis is concerned with some bootstrap estimators including zero, .632, and
convex bootstrap estimation. The results include the first moments, the second moments,
the cross moments of these bootstrap estimators with the true error and the resubstitution
estimator. As a result, we obtain the exact formulas for the bias, variance, and the root mean
squared error of the estimation deviations from the true error, which are the usual metrics
for evaluation of estimation methods. Also, we propose unbiased bootstrap estimation by
zeroing the deviation bias and optimal bootstrap estimation by minimizing the root mean
square of the deviation. Different from the univariate case, the formulas in the multivariate
case are involved with doubly noncentral F' random variables, including univariate and
bivariate F'. The efficient algorithm introduced in Chapter III is also applicable for the
multivariate models. Finally, some figures of the optimal convex scalar for the unbiased
bootstrap are provided for different number of samples under various multivariate Gaussian

models.

* Part of this chapter is reprinted with permission from ”Unbiased Bootstrap Error Es-
timation for Linear Discriminant Analysis.” by T. T. Vu, U. M. Braga-Neto, and E. R.
Dougherty, 2010. submitted, copyright 2010 of IEEE Transactions on Pattern Analysis

and Machine Intelligence.
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A. Multivariate Model

1. Bootstrapped Linear Discriminant

Let X; ~ N(uo,X) fori=1,...,np, and X; ~ N(u;,X) fori =ng+1,...,n9+n; be a set of
n = ng+ n; ii.d. observations. The covariance matrix X is assumed to be known. Linear

Discriminant Analysis (LDA) employs Anderson’s W discriminant, which is defined as

follows:
N A\ T
+ 1 N
W(X) = (X— al 2“1) 2 (o — ) 4.1
where
N 1 %X
Ho = no ;= ;
| noi{” 4.2)
(1 = — X;
L Gr—

are the sample means of the sample sets Sy and Sy, respectively. This defines the LDA
classification rule, whereby the designed LDA classifier is defined by:
1, ifW(X)<0
v(X) = , 4.3)
0, ifwW(X)>0
The C-bootstrap LDA classifier is obtained by substituting ,ﬂic , defined in (3.32), for
i, i=0,1,in (4.1):

nC nC
+ i (aC a
We(X) = (X —%) 1 (a§ - af) (4.4)
o ~ T
1, if (X—@) =-1(a€ — ) < 0

ve(X) = : 4.5)
0, otherwise
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2.  Some Definitions

The multivariate model is different from the univariate one, in which we can break down
all the moments of error estimators to Gaussian distribution. In multivariate case, they are
involved with F distributions. Given the scarce literature of bivariate F distributions, we
will need to define the following functions to help represent the results.

Suppose Z;, j € {1,2,3,4} are jointly p-dimensional Gaussian random vectors with
expectations E[Z j], the covariance matrix X;, and the cross-covariance matrices X;;. Then
Y = [z Z0T and Z = (2T ZT 7T ZT'|T are Gaussian random vectors of dimension 2p and

4p, respectively. We have:

T T
E[Y]= [E[z1]"E[,)"]" . E[Z]= [E[z\]"E[Z])" E[z5)" E[z4)"] ",
X X2 X3 Xy
X X Xy Xz Xy
ZY = ’ ZZ:
p3 . . Y3 Xay

Xy

Because Z;s are jointly Gaussian distributed, E[Z;|s and X7 fully specify Z;s and their
relations.

Define the following probabilities:

Go(Y)=P{zlz, - 7Y 7, < 0},
G(Y)=P{zlz, - 7Y 7, > 0},
Goo(2) =P{zF 2, - 717, < 0,2} 23 — 7Y 74 < 0},
(4.6)
G (2)=P{zt 2, -7 7, > 0,2 25 — 71 74 > 0},
Go1(Z2)=P{zt 2, - 717, < 0,2} 25 — 7Y 74 > 0},

Gi0(Z2)=P{zV 2, - 217, > 0,2 7, — 7} 7, < 0}.
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s 7Tz . .
We can see that Gg, G are probabilities of a F = ¢ Z]TZl (c is a normalization constant)
2 L2

random variable if Z;, Z, are independent; Gqo, G11, Go1, and Gy are probabilities of a

. . 7'z 7175 . .

bivariate F' = (F}F>) random variable where F] = Clle_z;’ B = CQZ%—Zz if Zy, Z, are inde-
2 4

pendent, and so are Z3, Z4. Given the scarce literature of bivariate F' distributions [142],

we will use Gs, the previously defined functions of multivariate Gaussian distribution, as

standard notations in the following results.

B. The C-bootstrap Linear Classifier

This section presents the theorems to compute the first, second moment of the hold-out
error of the C-bootstrap linear classifier y¢(X) and it cross moment with the resubstitution

estimator and the true error of the original linear classifier y(X).

Theorem 13 Let X; ~ N(uo,X) fori=1,...,n9, and X; ~ N(W,X) fori=no+1,...,no+
ny be a set of n = ng + ny i.i.d. observations used to derive the classifier in (4.5). Then

given a bootstrap vector C, we have:
Eléc] = —— [m0(C)Go (Z0(C)) +m (C)G1 (1(C)) . (47

where m, mgy, my are defined as in (3.11), Gg and Gy in (4.6), and Zy, Z, are 2p-dimensional

Gaussian random vectors with Z;(C) = [(Z1)T (z})T] g ,1=0,1 with

E[2)] =E[Z]] = |s 2+ (s+4) 7 72,
E[Z3] =E[zl] = s 2~ (s+4) 7 272p,
20+p)l,  Opxp
2(1=p)i,

S0—S1

Vg

where p = s, 80, §1 are defined as in (3.12), and | = Hg — ;.
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Proof: See appendix.

Theorem 14 Let X; ~ N(uo,X) fori=1,...,n9, and X; ~ N(u,X) fori =no+1,...,no+
ny be a set of n = ng+ ny i.i.d. observations used to derive the classifier in (4.5). Then we

have:

Bléc] = %Go(zo(c)) + %Gl(zl (C))+ Moz_l)

ml(ml — 1) momn|

G (1) += 3 [Go1(T01(C))+G10(T01(C)) :

Goo (Too(C)) +

where the functions G are defined as in (4.6), mg, my, and m in (3.11), Zy and Z; as in
theorem 13, Ty, a,b = 0,1 are 4p-dimensional Gaussian vectors with
T
Ty = [(T,)" (T) " (T;)" (T,y)"]" and
1 1 1
E|[Tyn] =E [T =E[T4] =E[T{)] =E[Ty,] =E[Iy}] = [s_? + (s+4)—i] T,

E[Ta] =E[Ti] = E[T\] =E[T3] B[] =E[15)] = [s 2 = (s+4) 7| 2724,

and
S O
Xr, =Xn, =Xy = . 2(1=p)1p Z:Jfflp (2;:? o 2(21(;:21))>1p )
2(1+p)I, 0pxp
- 2(1-p)l,
where s, s, s1 are defined as in (3.12), p = —2L=L_.
\/ s(s+4)

Proof: See appendix.

Theorem 15 Let X; ~ N(uo,X) fori=1,...,n9, and X; ~ N(W,X) fori=no+1,...,no+

ny be a set of n = ng+n i.i.d. observations used to derive the classifier in (4.5). Then for
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C| # Cy we have:

L]

Z Z IC1 =0,C5(j OG()()(FO()(C17C27i7j))+
i=1j=

1
m(C1)m(Cy) [

no+ny no+ng
+ Z Z IC1 =0,C5(j OGll(Fll(ChCZaiaj))—i_
i=nyg+1 j=ng+1
1y no+ng
+ Y Y I 9=065()=0 Got (For (C1,Cavi )+
i=1 j=ng
no+nyp ng
+ Y ZIC1 =0,C5(j OGIO(F01(C27C17j7i))]>

i=ny j=

E[écl écz] =

where the functions G are defined as in (4.6), mas in (3.11), F,,(C1,Ca,i,j),a,b=0,1 are

4p-dimensional Gaussian vectors with Fy;, = [(F alb)T (F azb) (F a3b) (F ;b)T} T, and

—
—

] = [s(C)7F+(s(C1) +4)~ [=n,

I\)\»—A
M
F

Fsi| = :S<C1) —(s(Cy)+4)”

| =E| [
| =E| [

E[Fn] = B [F}] =E[F] = :S(Cz)_7+(S(C2)+4)_7_ by,
| =E[ [

E[Fo] =E[Fii] =E[F] = _S(CZ)f% —(S(C2)+4)7%_ Lo2u,
and
2(1+p(Ci))Ip 0psp Kap1lp Kavol)p
5 2(1 —p(Cl))Ip KabSIp Kab41p
Fah(C17C2>i7.j) = )
2(14p(C2))1 Opxp

2(1—p(C))I,



where

Koo1 =
Kooz =
Kooz =
Koo4 =
Ki11 =
Ki12 =

K113 =
Ki14 =
Koi1 =
Ko12 =
Ko13 =
Ko14 =
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r0+rl 2C1() — 70 _|_r ZCZ() — 71 +r1 r0+r1 2C1 +2C2
+ +
(\/s Ci)s V/s( 01 5(Cy) +4) \/s C2 s(Cr)+4)  /(s(C1)+4)(s c2 )+4) )
r0+r1 2C1() — 70 +r 2C2() — 70 +I’1 r0+r 2C1 +2C2
(\/s Cs(Ca) /sl C1 5(C2)+4) \/s cz s(C1) +4) \/( (C)+4)(s C2 +4) )
( ro+r1 + ZC;;()()_TO‘FH 2ano() ro+ri ro+r — 26(/)326:(0) ch )
V/s(Cy)s VSCNGC)+4)  SC)C)+4) /(G +4)(s C2 )+4)
ro+r1 2C1() —ro 1 2C2() — 1o+ o+ 7 — 2C1 +2C2
+
(\/s (C))s(Cy) \/s cl 5(Cy) +4) \/s C2 s(C1)+4)  /(s(C1)+4)(s cz ) +4) )
ro+r1 2C1() —rotr 2C2() —rotr o+ 7| — 2C1 +2C2
ny ny +
(\/s (C1)s(Cy) \/s (C))(s(C2) +4) \/s (C)(s(Cr)+4)  /(s(C1)+4)(s Cz )+4) )
r0+r1 2C1() —ro ZCZ() —ro ro+r — 2C1 +2C2
_l’_
(\/s C1)s V/s( C1 (s(Cy) +4) \/s C2 s(C1)+4) \/( (C1)+4)(s C2 +4) )
ro+ 11 2C1() —ro+r ZCZ() —ro+r o+ 7 _2C1(J)*F26(0)
ni
(\/s Cs(Ca) /s C1 5(Cy)+4) \/s C2 s(CH)+4)  /(5(C1)+4)(s (Cz)+4))
r0+rl 2C1() — o +r 2C2() —ro +r1 r0+r1 2C1( )+2C2()
+ ni ni
(\/s (C))s V/s(C1)(s(Cr) + 4) \/s Cz s(Cr)+4)  /(s(C1)+4)(s (C2)+4))
r0+r1 2C](]) r0+r1 ZCZ() —ry +’”1 r()"_rl _ 2C1(]) _ ZCZ()
no + ni ng
(\/s C1)s(C) \/s C] s(Cy) +4) \/s G)(s(C)+4)  /(s(C1)+4)(s (Cz)+4))
r0+r1 2c1() Crotr 2c2() o rot 1y — 2610) _ 26:(0)
+ ni no
(\/s C1)s V/s( C1 5(Cy) +4) \/s Cz s(C1)+4) \/(s(C1)+4)( (C2)+4)>
ro+r1 2C1() —rotr 2C2() —ro r0+r1_2C1()_2C2()
np no ni no
(\/s (C1)s(Cy) \/s (C))(s(C2) +4) \/s (G)(s(Cy) +4) \/(S(C1)+4)( (Cy) +4)>
(o, S nen | BPonin | e B
V/s(Cy)s V/s(Cr)( C2)+4) \/s Cg s(C1)+4)  /(s(C1) +4)(s(C2) +4)
: — _S0—S1
where s, 5o, 51, 1o, 11 are defined as in (3.12), (3.13), p(C) = WAL

Proof: See appendix.

Theorem 16 Let X; ~ N (o, X) fori=1,...

,ng, and X; ~ N(uy,X) fori=no+1,...,n0+
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ny be a set of n = ng+ny i.i.d. observations used to derive the classifier in (4.5). Then we

have:
1 ny no no+ny no+ng
E[é‘cér]: m(C) ZZIC —0Goo(Moo(C,i, )+ Y, Y ety Gu(Mn(C,i, j)+
i=1j= i=ng+1j=np+1
ny ho+ny not+ny no
+Y Y Iey=0Gor(Moi (Ci, /) + Y. Y Ie(jy—0 Gio(Mio(C, i, j)) |
i=1 j=ng i=ng j=l1

where the functions G are defined as in (4.6), m as in (3.11), My, (C,i,j),a,b = 0,1 are

4 p-dimensional Gaussian vectors with

Moy = [(Mgy)" (M) (M3)" (M3)"]7
E [Moo] = E[M}\] = B [My] = E[Mio] = [s‘% +(s+4)—%] a7

E [M(%o} =E [MH =E [MOZJ :E[Mllo] _ [s—% ~(s+4 - Z_%‘u,

E [Mgo] =E [Mfy] = <
E[MJ] =E [Mj,] = (L n
E[M}] =E[M] = (

E M| =E[M] = <l+l

and s, sg and sy are defined as in (3.12), and

2(1+p)i, Opxp Nab11p Nav21p
20=p)l,  Napslp Navalp
21+ pp)l, 0pxp

2(1—pp)i,

Y ab(Ciinj) =




where po = | =5 mmne s PV =\ Tngm =3ng s P = S;’(_SL) with
Moot — 1 <\/;—|- 2mC(j) —ny +no n dnonili—j —2n1C(j) —m —|—n0>
Vhony s \/s(4n0n1—3n1—|—n0) s+4 \/(s+4)(4n0n1 3n1 +ng
Mooz — 1 n_ 2mC(j) —ni +no n 4non11, i—2nC(j) —ni+no
0 W(\/: \V/s(4nony —3ny +no) s+4 /(s +4)(4nony —3ny +no) )
Noos — 1 <\/ﬁ+ 2mC(j) —ny +no B n 4n0n11, i—2mC(j)—m —|—n0>
V/hony S \/s(4n0n173n1+n0) s+4 \/(s+4)(4n0n1 3ny +ng
Noos 1 n_ 2mC(j) —ni +no B n dnonili—j —2n1C(j) —ni +no
0 V/nony (\/: \/s(4n0n1 —3ny +ngp) s+4 \/(s+4)(4n0n1 3ny +ngp) )
i = 1 n_ 2noC(j) —no+ny B n 4nonili—j — 2noC(j) —no +n
e M(\/: \/s(4n0n173n0+n1) s+4 \/(s+4)(4n1n073n0+n1 )
- 1 <\/ﬁ—|— 2noC(j) —no+ny B n 4n1n01,_]—2n0C —no—i—m)
Vhony \\V s \/s(4n1n0—3n0—|—n1) s+4 \/(s+4)(4n1n0—3n0—|—n1
- 1 n_ 2noC(j) — no+ny n 4ninoli—j — 2noC(j) —no +mn
1 non, <\/: V/s(4ning —3ng+ny) s+4 V/ (s+4)(4nng — 3ng+ny) )
- 1 (\/ﬁ_i_ 2noC(j) —no+ny n 4ninoli—j — 2noC(j) no+n1>
noni \V's  \/s(4ning—3no+ny) s+4  \/(s+4)(4ning —3no+ny
Mot = 1 (\/ﬁ_ 2noC(j) —no+n; n no —2noC(j) —ny )
non| s \/s(4n0n1 —3np+np) s+4 \/(4n0n1 —3np+ny)(s+4) ’
o2 = 1 (\/ﬁ_i_ 2n0C(j) —no+m no no —2noC(j) —ny )
Vioni \V s /s(4nony —3ng+my)  \ s+4 \/(dnony —3ng+n1)(s+4))
o3 = 1 (\/ﬁ_ 2n0C(j) —mo+m_ no no —2noC(j) —my )
non| s \/s(4n0n1—3n0+n1) s+4 \/(4n0n1 —3no+ny)(s+4) ’
Mot = 1 (\/ﬁ_i_ 2n9C(j) —mo+m_ n no —2noC(j) —my )
V/hony S \/s(4n0n1 —3np+np) s+4 \/(4n0n1 —3ng+ny)(s+4) ’

78



79

Mot = 1 ﬁ—l— 2mC(j) —ni +no B n " n —2mC(j) —no
O ot \V's T\ /s(nony —3ny +no)  Vs+4 " Jnons —3n1 +no)(s+4))
- 1 n o 2mC(j)—nm+ny n_ ny —2nC(j) —no
27 Unomi \V's T\ /s(nony —3ny +no)  Vs+4 Jlnons —3n1 +no)(s+4))
1 n 2nC(j) —n1+no n ny —2nC(j) —no
N3 = -+ + - )
N \/ 4nony —3ny +ngp) s+4 \/(4non1 —3n;+np)(s+4)
n 1 n_ 2nC(j) —n1+no n n n ny —2nmC(j) —no
104 v/ 1oni s \/ 4non; — 3m +n0) s+4 \/(41’!0}’11 —3n +I’l0)(.§‘+4) '

Proof: See appendix.

Theorem 17 Let X; ~ N(uo,X) fori=1,...,n9, and X; ~ N(W,X) fori =no+1,...,n0+
ny be a set of n = ng+ny i.i.d. observations used to derive the classifier in (4.5). Then we

have:

E[éce] = wGoo(Koo(C)) + I%YGM(KH(C)H

my(1—

+ %WGm(Km(C)) + y Gro(K10(C)).

where the functions G are defined as in (4.6), m as in (3.11), K,,(C,i,j),a,b = 0,1 are

4 p-dimensional Gaussian vectors with K, = [(K;b)T (Ksb)T (K3b>T (K;lb)T]T’ and
1 1 -3 1 1 -3
1
E Ky =E[Kh] =E [Kp ] = E[Kip] = (_ + _) + (4+ —+ — ) i,

1
1 1Y) 2 1 -2
B [Kjo] =E [Ki1] = E[Ka)] = E [Ko] = (—+—) 2—(4+—+—1) i,

B [Ko] = E[K1)] = E [KG1] = E[Kio] = :S’%+(s+4)*%} Ty

E [Kio] =E[K7] =E [K3] =E [Ki] = [s 77 = (s+4) 72| 270,
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and
2(1 —|—p*)lp 0p><p Cabllp CabZIP
20—p)l,  Capsly Cavalp
LKp(Cirf) =
2(04+p)p,  Opyp
2(1=p)I,
_om—ny _S0TS1 v
where p, = \/W m with
Vstd+s ( no —n )
_ _ - n—+
Coo1 = Co11 = iz = G102 = nonrs(s +4) v Vénoni +n
Vst+d—/s no —ny
ooz = Co12 = G111 = G101 = noms(s +4) \/’”\/W
VETAEVG (o men
G003 = G013 = Ci1a = G104 = roms(s +4) V- Vanon; +n
Nz BN
Cooa = Go14 = 11z = C103 = 7or15(5 + 4) Vi VAnon +n

where s, 5o, and s1 are defined as in (3.12), L = Ug — Uj.

Proof: See appendix.

C. The Zero Bootstrap Error Estimation

Theorem 18 Let X; ~ N(uo,X) fori=1,...,ng, and X; ~ N(W,X) fori=no+1,...,no+
ny be a set of n = nyg + ny i.i.d. observations used to derive the classifier in (4.5). Then

given a bootstrap vector C, we have:

Bl = £ 12 (m(€0G0 (2(C) +m (€161 (24(C)) ) 8

where the functions G are defined as in (4.6), mg, my, and m as in (3.11), Zo(C) and Z,(C)

as in theorem 13.
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Proof: This is the immediate result of theorem 13 and (3.23).

Theorem 19 Let X; ~ N(uo,X) fori=1,...,ng, and X; ~ N(W,X) fori =no+1,...,no+
ny be a set of n = nyg+ ny i.i.d. observations used to derive the classifier in (4.5). Then

given a bootstrap vector C, we have:

- L 5 (m(©G @) +m (€6 )+

(0)
ng ng no+ny no+np
+Y Y Tet=o.c(j)=0Go0 (Too (C,i, )+ Y, Y Iew=oc(j=oGii (T (C,i, ) +
i=1j#i i=no+1 j#i
ny no+n no+nip  no
+Y Y Icg—oc(h=0Gor (Tor(Coi, j)+ Y, Y o= (j):OGIO(TOI(C7j7i)>)+
i=1 j=np+1 i=ng+1 j=1
2P(C ..
+ ) (C— Z Ie, (1)=0,63(j)=0 Goo (Foo(C1, Ca, 4, ) +
C1#C, ( 1> ( i,j=1
no+nj
+ Y Ie)=0.0(j)=0 G11 (F11(C1,Ca,0, j)) +
i,j=nop+1
nog no+n
+Y Y I 6)=06()=0 Got (For(C1,Ca, i, j)) +
i=1 j=ng
no+np ng
+ ) ZIC] —0.65(j)=0 G10 (Fo1 (C2, C1, i, 1))
i=ng j=

where the functions G are defined as in (4.6), Zo and Zy as in theorem 13, Ty, as in theorem

14, and F,, a,b = 0,1 as in theorem 15, mg, my, and m in (3.11), and P(C) in (2.24).

Proof: This is the immediate result of theorem 14, 15 and (3.24).

Theorem 20 Let X; ~ N(Uo,X) fori=1,...,n9, and X; ~ N(u,X) fori=no+1,...,no+

ny be a set of n = nyg + ny i.i.d. observations used to derive the classifier in (4.5). Then
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given a bootstrap vector C, we have:

no+ng

E[&¢&] = [ Z IC —0Goo(Moo(C,1i,j))+ Z IC —0G11(M1(C,i,)))+
c i,j=1 i,j=nop+1
ny no+ng no+ny no
+Z Y. Ic=oGor(Mo1(C,i )+ ), ZIC —0G10(M10(C,i,j)) |,
i=1 j=ng i=ny j=1

where m is defined as in (3.11), the functions G as in (4.6), the random vectors Myys as in

theorem 16.

Proof: This is the immediate result of theorem 16 and (3.25).

Theorem 21 Let X; ~ N(uo,X) fori=1,...,n9, and X; ~ N(u,X) fori =no+1,...,n0+
ny be a set of n = ng + ny i.i.d. observations used to derive the classifier in (4.5). Then

given a bootstrap vector C, we have:

P(C)

E[&e] = Y m(C) [mo(C)(l —¥)Goo(Koo(C)) +m1(C)YG11(K11(C))+
C

+mo(C)YGoi(Ko1 (C)) +m1(C)(1 - ?’)Glo(Klo(C))] :

where the functions G are defined as in (4.6), the random vectors K., a,b = 0,1, as in

theorem 17, m, my, and my in (3.11), P(C) in (2.24).

Proof: This is the immediate result of theorem 17 and (3.26).

D. The Convex Bootstrap Error Estimation

This section first presents the exact formulas for the moments of the true error and the re-
substitution estimators. Given that the proofs for these results are similar to that of theorem
15 provided in appendix B, they are omitted here. The theorems to compute the moments

of the convex bootstrap estimator and its correlation with the true error are then presented.



1. The Moments of the True Error

a. The First Moment

Under multivariate Gaussian model, (3.20) becomes

Ele] = (1-1)Go(Zo( 1)) + 761 (Z1 (1)

where Zy and Z; are defined in theorem 13.

b. The Second Moment

Under multivariate Gaussian model, (3.21) becomes

E[e?] = (1 —)*Goo(Roo) +2¥(1 = 7)Go1 (Ro1) + ¥*G11 (R11)
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4.9

(4.10)

where the functions G, a,b = 0,1 are defined as in (4.6), Ryo, Ri1, and Ry are 4-

dimensional Gaussian random variables with the means and covariance matrices as fol-

lowings:

E[Rj] = E[Ro] = E[R}y] = E[R})] = E|

(1
==+
no

1

ni

E 1+ ! + !
dng  4ny

@.11)

4.12)



and
20+p)lp,  Opsp vilp
2(1=p)l, v,
LRy = ZRy; = XRy = 21 y
%—P* p
— n—ng
where p, = o)’ and
v 2(ng—ny) 4nony +2n
1 p—
n(4nony +n)  4noni +n
dnony +2n
VV=V3=—"—
4nony +n
y 2(ny —ngp) 4nony +2n
e
n(4non; +n)  4noni +n

wi,
V4l

OPXP
2(1=p)lp

2. The Moments of the Resubstitution Estimator

a. The First Moment

E[2]

no n
= —Gy(D —Gq (D
. o o)+n 1(D1),

CP{(X) = 11+ Py (X™) = 0}
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. (4.13)

(4.14)

(4.15)

(4.16)

4.17)

where Dy, D; are 2p-dimensional Gaussian vectors, D;(C) = [(D})" (D?)T] T i=0,1 with

E[Dy] =

E [D§] =

1

Iz,

(4.18)

(4.19)

(4.20)

(4.21)



and

2(14pi)I, Opp
Sp = ,

2(1 = pi)lp

n—no
\/n(4non1 —3ny1+ng)

ny—ng
\/n 4ngny—3ng+ny)

where pp =

y P1 =

b. The Second Moment

5 _1 0 no+ng 2
E[er]:E ; Z[ 1+ Z I

i=np+1
i no+ny
—E (Zl Y Iy
i=ng+1
ng no no+ny; no+ng
+Zzlw(xi):11w(Xj):1+ Y L yy—olye)-ot
i=1 j#i i=ng+1 j#i
ng notng no+ny ng
+) 2 hyo—ilyx—ot+ L Z’ 1)
i=1 j=np+1 i=ng j=

= ”—SP{WI) = 1} + 5 P{Y (X 1) = 0}+

+ mp{w<){n0+]) 0, l,l/( n0+2) O}+
n 2n0n1P{y/(X1) = 1,¥(Xpys1) =0},
E[¢?] = @Go (Do) + n—;Gl (Dy) + MGOO(HOO%L
+ @GM(HH) + 2n0n1 Goi (Hon),
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(4.22)

(4.23)
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where Hy, = [(HL)T (H2,)T (Hsb)T(Hjb)T}T, a,b = 0,1 are 4p-dimensional Gaussian

vectors, with the means and covariance matrices as followings:

1 1
1 1Y\ ?2 1\ 2 1
E [Hy| =E[Hy| =E[Hy| =E[Hjp] = || — +— l———+— X2
[Hoo) [Hoo] [Hio) [Hio] n0+n] + ang | any K
- . -
1 1Y\ ?2 3 1\ 2 1
E[Hy| =E[Hgp] =E[Hf| =E[Hj] = |(—+—) —(1-—+-— D
[He] [Hoo] [Hio] [Hio] n0+n1 dng | am K
- . -
1 1Y) 2 3 1\ ?2 1
E[H!\| =E[H}|| =E[Hy| =E[Hy]=|(—+—) —(1-—+-— r2
[ 11} [ 11] [ 01} [ 01] n0+n1 4n1+4n0 H,
- | .
1 2 3 1\ 2 1
E[H},| =E[H,| =E[H}| =E[Hy] = | — +— L rm2
[Hiy] =E[H}\| =E [Hg | = E [Hy)] w m) T an, | dng H,
2(1+ pa)lp Opsp Oap11p Oap2lp
. 2(1— 1 Oyup3l Oupal
S, = (=pallp dandy e (4.24)
2(1+ pp)Ip Opxp
2(1—pb)1p
_ ny—ngy _ ny—ng
where Po = \/n(4non1—3n1+n0)’ pr= \/n(4n0n1—3n0+n1)
ng+ny ng — 3n
=142 4.25
Cloor < * \/4n0n1—3n1—|—n0+4n0n1—3n1+n0>’ ( )
4ngn

4nony —3n1 +no’

_3
%04:(1—2\/ motm Mo om ) (4.27)

dnony —3ny+ng  4nony —3n; +ng

no +np ni1 —3ng
o= (1-2 4.28
i ( \/41’101’11 —3n1 +ny + dnony — 3nq —|—l’l0) ’ ( )
4I’l()l’l1
A2 = 013 = (4.29)

4nony —3ng+ny’

3
a114:<1+2\/ fotm Mz Om ) (4.30)

dnony —3ny +ng  4nony — 3n1 +ng




41’10111
—3n1+np’

011 = Op14 =
4n0n1
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no+ny
=(1-2
012 ( \/4n0n1 —3n1 +ng +

no+ny
=114+2
13 < + \/4n0n1 —3n1 +no +

c. The Cross Moment

=S

Ele&]=E [((1 — 7)€’ +ye!) x

x)=1+ Y, Ty

4.31)
ni1+ng
4.32
dnony — 3n —|—n0> ’ ( )
1+ 7 4.33)
4nony —3n;+ng ) '

no+n
= n0+l

n
1 _ noy 1 _ n()+l’l1
-4 nY)ZE[Eolwxi):lH( nw Y. E[e'y )]+
i=1 i=no+1
n0—|—}’l1

VZEkz o]+

n;Z no+1

Z E[e'l,«x

)=o)

= L (noP{w(X) = L,w(X) = 1} +mP{W(X") = 1L,y(Xp1) = 0} )+

+ 2 (noP{y(X™) = 0.y (X1) = L} +mP{y(X™) = 0,y (X, 11) =0} ).

So,

E[é,-g] _ (1 _nY)nO

n n
Goo(Joo) + %Gn(fn) + %Gm(Jm) +

(1-7)m

Gio(J10). (4.34)

where Jy;, = [(J2)T (J2)T ()T (J3,)7] " a,b=0,1 are 4p-dimensional Gaussian vectors

with the means and covariance matrices as followings:



1 1)\ 2 3 1\
1 v (L, b o2 b 3
e =E= | () (1) |F e
1 17
1 1)\ ?2 3 1\ 2 1
o 2 o (2 -3
00! [Jo1] <n0+n1> <1 dng 4n1) roou,
1 17
A I A T 0 o
1] = E[J3o] <n0+n1 1 dn; | dng roou,
(/1 1\ 2 31\ 2]
2 2 o o2 b -3
E[JT] = EJio] <n0+n1> +<1 o 4n0> X2,
| -3 o1\ 7]
B = BV = EUR =0 = | (ot 2 ) o+ (14 3t ) ]zw,
1 1
1 1Y)\ 2 1 1\ 2 1
4 4 3 s (P b _ L b -3
R R R [ C S I (R ]2%
and
2(1 +pa)lp 0p><p ﬁabllp ﬁabZIp
¥ 2(1 - pa)lp Bab31p Bab4lp
Jab:
2(1+pa)I, 0pxp
2(1=p)lp
where p, = ———=— py=,/7—"—— p1 =,/ 75—, and
/n n+4n0n1 4ngny—3n1+ng 4ngny —3ng+n;
ﬁ ﬁ n()—m 1 4
001 = POt = \/4n0n1+n N T 3n1+n0
ng—nj 1
—= — _+
Booz = Por (\/_ \/4n0n1—|—n) <\/_ Vanon, — 3n1+n0)
nog—np 1
= n+ -
Boos = Pors = (\/_ \/4n0n1—|—n>( n \/4n0n1 3n1—|—n0)
B nog—nj 1
Poos = Pons _(\/_ \/4n0n1—|—n>< n o +/4ngn — 3n1+n0>
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(4.35)

(4.36)

(4.37)

(4.38)

(4.39)

(4.40)

(4.41)

(4.42)

(4.43)

(4.44)

(4.45)



&9

ﬁlll —ﬁIOI

(4.46)

B Vangn, — 3n()+l’l1

n
1
n
nog—nj 1
- — 4.48
Biiz =P = | Vn+ ——x \/— Nz 3n0+n] (4.48)
1

Biia = Pios = (4.49)

(v i) ( )

e =z = (Vi ) (2 3no+n1> @4
( ) (G )
( )

no—nj
— +
Vi Vanon; +n +”> (\/ﬁ Vénony — 3no+n1
3. The Moments of the Convex Estimator

Theorem 22 Let X; ~ N(Uo,X) fori=1,...,n9, and X; ~ N(u,,X) fori =no+1,...,no+
ny be a set of n = ng + ny i.i.d. observations used to derive the classifier in (4.5). Then

given a bootstrap vector C, we have:

~ no
E[&,] =

@GKDO—I—

wP(C) - "
+ L ey (m0(€)6 Z(O) +mi (G @ (€))).

where the functions Gy and G| are defined as in (4.6), the random variables Zy(C) and

Z1(C) in theorem 13, Dy and Dy in (4.17), mo and my in (3.11), P(C) in (2.24).

Proof: This is the immediate result of theorem 13 and (3.27).
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Theorem 23 Let X; ~ N(uo,X) fori=1,...,np, and X; ~ N(u1,X) fori=no+1,...,no+
ny be a set of n = ng+ ny i.i.d. observations used to derive the classifier in (4.5). Then

given a bootstrap vector C, we have:

E[&)] =
no n
(1—w)? 260 (Do) + 3G (D) +
o(no—1 1(n1—1 2nony
+¥G00(H00)+¥G11(H11)+ Go1(Ho1) |+
no+ny
+Z Zlc —0Goo(Moo(C,i, i)+ Y, Ieiy=oGui(Mi1(C,i, )+
i,j=1 i,j=np+1
nog no+np no+n; no
+Y Y Iciy—0Gor(Moi(Ci, )+ Y, Y Ici=0 Gio(M10(C,i, j)) | +
i=1 j=ng i=ng j=1
(C)Go (Zo(C)) +m1(C)G1 (Z1(C)) +
no no no+ny np+ny
+ Y Y Ie—ole(j=0Goo (Too(C,is )+ Y., Y. Iei=ole(j)=0G1 (T (C,i, j)) +
i=1j#i i=ng+1 j#i
ng no+ny no+n; ng
+Y Y Icgy—ole(y=0Gor (Tor(C,i, )+ Y, Y ew=olc(j=0Gro (Tor(C, j,i)) |+
i=1j=np+1 i=np+1 j=1
+ ) C Z Ie, ()y=0lc, (j)=0 Goo (Foo(C1,C2, 1, j)) +
C1#C ( 1 ( i,j=1
no+ng
+ Y I i=oley(j)=0Gr1 (Fi1(C1,Casiy ) +
i,j=no+1
nog no+n
+Y Y I/ (h=0lcy(j)=0 Got (For (C1,Ca, iy j)) +
i=1 j=ng
no+n; ng
+ Z ZICI IC2 OGIO(FOI(C27C17j7i)) 5
= =ngo ]

where the functions G are defined as in (4.6), the random variables Zy and Z in theorem
13, Dy and Dy in (4.17), Ty, Fyup, a,b = 0,1 in theorem 14 and 15, respectively, my and m
in (3.11), P(C) in (2.24).
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Proof: This is the immediate result of theorem 19, theorem 20, and (3.28).

Theorem 24 Let X; ~ N(uo,X) fori=1,...,n9, and X; ~ N(u,,X) fori =no+1,...,n0+
ny be a set of n = ng + ny i.i.d. observations used to derive the classifier in (4.5). Then

given a bootstrap vector C, we have:

E[g,e] = (1—w) [@Goo(]oo) + %GH(JH) + %GOIUOI) + (l_nﬂ(}lo(]m)] +

+) wm(C) [mO(C)(l —¥)Goo(Koo(C)) +m1 (C)yG11 (K11 (C))+
+my(C)YGo1 (Koi (C)) +m1 (C) (1 — 7)Gio(K10(C)) |

where the functions G are defined in (4.6), the random variables J,;, and K, as in (4.34)

and theorem 17, respectively, m as in (3.11).

Proof: This is the immediate result of theorem 21, and (3.29).

E. The .632 Bootstrap Error Estimation

Similarly to the univariate case, setting w = .632 in the formulas of the convex estimator

yields the moments of the classic .632 bootstrap estimate.

F.  The Optimal Bootstrap Error Estimation

The above theorems allow one to compute the optimal weight w*, which minimizes the

root mean square of the deviation of the convex bootstrap estimate €, from the true error €.

w* = argminRMS|&,] = argminRMS?[2,,]
w w
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RMS?[8,] =E (&, —¢)*
=E[8]] —2E[&,¢] +E [¢?]
= (1 —w)’E[&] + w’E[&5] +2w(1 — w)E[&&] +
—2((1—w)E[e&,] +wE[e&)]) +E[e?]

=w?E(& —&)> +2E [~e&o + &8 + €& — &2 w+E(& —¢)’

The root mean square of the convex estimator RMS?[2,,] is a quadratic function of w.

Thus, w* can be found to be
2E (&, — &)*
_ Elegy— &8 —eé + &7
E [é,z — 28,8 + é(ﬂ

W= —

In principle for the multivariate case, the optimal minimum RMS w* can be computed
using Theorem 19, 20, 21, and the results of (4.23), (4.34). In .632 bootstrap estimation,
the combination scalar .632 was chosen heuristically, which represents the proportion of
the original sample points in the bootstrap samples. In .632+ bootstrap estimation, w was
chosen heuristically adaptively in accordance with the overfitting rate. While both of them
have been shown to be among the best, they do not guarantee the minimum root mean

square.

G. The Unbiased Bootstrap Error Estimation

By Theorem 10, (4.17) and and (4.9), the unbiased bootstrap scalar w, for the multivariate
case can be found similarly using (3.84). An issue that arises in the multivariate case is
the computation of the probabilities in (4.17), (4.9), and (4.8). This computation is very
difficult since it involves the ratio of noncentral chi-square random variables, which has

a doubly noncentral F distribution. Computation of this distribution is a hard problem.
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Moran proposes in [143] a complex procedure, based on work by Price [144], to compute
this probability, which only applies to even dimensionality p. To compute (4.8), we employ
an accurate approximation, based on the use of the Imhof-Pearson three-moment method
[145]. This consists of approximating a non-central X,% (A) random variable with a central
x}% random variable, by equating the first three moments of their distributions. This ap-
proach, which was originally employed in [146], is not restricted to even dimensionality p.

For example,

W 11—

~ 2
W iT pe> ~ P(x;; <), (4.50)

where W} and W, are two independent noncentral xl% with non-centrality parameters A; and

Ay, repectively, and x}% is a central chi-square random variable with & degrees of freedom,

with 3
h="22
Cz’
3 (4.51)
[ h
y = h—|—C1 DR
(60)
and
1 i 1—p.\'
¢ = ( +29e) (p+i7Ll)+< 2Pe) (p+iky), i=1,2,3. (4.52)

The approximation is valid only for ¢3 > 0 [145]. However, since 11,4, > 0,—1 < p, < 1,
so it is always the case that ¢z > 0 and the approximation applies. The same approximation
applies to (4.17), (4.9), and (4.8) by substituting the appropriate values.

Figure 2 is as Figure 1, but displays the multivariate case, with p = 2. The plots
are exact save for the accurate Imhof-Pearson approximation described in the previous
section. Some of the same behavior observed in the univariate case is seen here. Unlike the
univariate case, here the unbiased weight can be quite far from the heuristic 0.632 weight,

even for small Bayes error.
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Fig. 2. Optimal weight w, in the multivariate case, p = 2. The top figure displays w, as a
function of Bayes error for different sample sizes, whereas the bottom figure displays

wy, as a function of the number of samples for different Bayes errors.
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CHAPTER V

SMALL-SAMPLE PERFORMANCE OF BAGGING CLASSIFICATION RULES *
There has been considerable interest recently in the application of bagging in the classifi-
cation of both gene-expression data and protein-abundance mass spectrometry data. The
approach is often justified by the improvement it produces on the performance of unsta-
ble, overfitting classification rules under small-sample situations. However, the question of
real practical interest is whether the ensemble scheme will improve performance of those
classifiers sufficiently to beat the performance of single stable, non-overfitting classifiers,
in the case of small-sample genomic and proteomic data sets. To investigate that question,
we conducted a detailed empirical study, using publicly-available data sets from published
genomic and proteomic studies. We observed that, under t-test and RELIEF filter-based
feature selection, bagging generally does a good job of improving the performance of un-
stable, overfitting classifiers, such as CART decision trees and neural networks, but that
improvement was not sufficient to beat the performance of single stable, non-overfitting
classifiers, such as diagonal and plain linear discriminant analysis, or 3-nearest neighbors.
Furthermore, as expected, the ensemble method did not improve the performance of these
classifiers significantly. Representative experimental results are presented and discussed
here, whereas the full results of the empirical study are available on a companion website

http://www.ece.tamu.edu/~ulisses/bagging/index.html.

* Reprinted with permission from ”Is Bagging Effective in the Classification of Small-
sample Genomic and Proteomic Data?” by T. T. Vu and U. M. Braga-neto, 2009. volume

2009, p.1-10, Copyright 2009 of EURASIP Journal on Bioinformatics and Systems Biol-

ogy.
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A. Introduction

Randomized ensemble methods for classifier design combine the decision of an ensem-
ble of classifiers designed on randomly perturbed versions of the available data [147, 148,
149, 150, 151]. The combination is often done by means of majority-voting among the
individual classifier decisions [150, 152, 151], whereas the data perturbation usually em-
ploys the bootstrap resampling approach, which corresponds to sampling uniformly with
replacement from the original data [96, 153]. The combination of bootstrap resampling and
majority-voting is known as bootstrap aggregate or bagging [150, 151].

There has been considerable interest recently in the application of bagging in the clas-
sification of both gene-expression data [154, 155, 156, 157] and protein-abundance mass
spectrometry data [158, 159, 160, 161, 162, 163]. However, there is scant theoretical justi-
fication for the use of this heuristic, other than the expectation that combining the decision
of several classifiers will regularize and improve the performance of unstable, overfitting
classification rules, such asunpruned decision trees, provided one uses a large enough num-
ber of classifiers in the ensemble [150, 151]. It is also claimed that ensemble rules “do not
overfit”, meaning that classification error converges as the number of component classifiers
tends to infinity [151].

However, the main performance issue is not whether the ensemble scheme improves
the classification error of a single unstable, overfitting classifier, or whether its classifi-
cation error converges to a fixed limit; these are important questions, which have been
studied in the literature (in particular when the component classifiers are decision trees)
[164, 165, 151, 166, 167, 168], but the question of main practical interest is whether the
ensemble scheme will improve the performance of unstable, overfitting classifiers suffi-
ciently to beat the performance of single stable, non-overfitting classifiers, particularly in

small-sample settings. Therefore, there is a pressing need to examine rigorously the suit-
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ability and validity of the ensemble approach in the classification of small-sample genomic
and proteomic data. In this chapter, we present results from a comprehensive empirical
study concerning the effect of bagging on the performance of several classification rules,
including diagonal and plain linear discriminant analysis, 3-nearest neighbors, CART de-
cision trees, and neural networks, using real data from published microarray and mass
spectrometry studies. Here we are concerned exclusively with the performance in terms
of the true classification error, and therefore we employ filter-based feature selection and
holdout estimation based on large samples in order to allow accurate classification error
estimation. Similar studies recently published [156, 157] rely on small-sample wrapper
feature selection and small-sample error estimation methods, which will obscure the issue
of how bagging really affects the true classification error. In particular, there is evidence
that filter-based feature selection outperforms wrapper feature selection in small sample
settings [169]. In our experiments, we employ the one-tailed paired t-test to assess whether
the expected true classification error is significantly smaller for the bagged classifier as op-
posed to the original base classifier, under different number of samples, dimensionality, and
number of classifiers in the ensemble. Clearly, the heuristic is beneficial for the particular
classification rule if and only there is a significant decrease in expected classification error,
otherwise the procedure is to be avoided; however the magnitude of improvement is also a
factor — a small improvement in performance may not be worth it the extra computation
required (which is roughly m times larger for the bagging classifier, where m is the number

of classifiers in the ensemble).

B. Randomized Ensemble Classification Rules

Randomization approaches based on resampling can be seen as drawing i.i.d. samples

Sy ={(X{,Y7),(X5,Y5),.... (X, Y) } from a surrogate joint-feature label distribution F*,
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which is a function of the original training data S,,. In the bootstrap resampling approach,
one has k = n, and the randomized sample S}, corresponds to sampling uniformly 7 training
points from S, with replacement. This corresponds to using the empirical distribution of
the data S, as the surrogate joint-feature label distribution F*; the empirical distribution
assigns discrete probability mass % at each observed data point in S,,. Some of the original
training points may appear multiple times, whereas others may not appear at all in the boot-
strap sample S;. Note that, given S,,, the bootstrap sample S}, is conditionally independent
from the original feature-label distribution F.

In aggregation by majority voting, a classifier is obtained based on majority voting
among individual classifiers designed on the randomized samples S} using the original
classification rule P,,. This leads to an ensemble classification rule ¥X, such that

1, E[¥,(S))(x) ]S, > 1
W (x) = Wi (Sa) (x) = (5.1)

0, otherwise
for x € V, where expectation is with respect to the random mechanism F*, fixed at the
observed value of S,,. For bootstrap majority voting, or bagging, the expectation in (5.1)

usually has to be approximated by Monte-Carlo sampling, which leads to the “bagged”

classifier:
, Lo > )
Y (X) = (52)
0, otherwise

()

where the classifiers I;I:f

()

are designed by the original classification rule ¥,, on bootstrap
samples S, for j=1,...,m, for large enough m (notice the parallel with the development
in [99], particularly egs. (2.8)—(2.10) and accompanying discussion).

The issue of how large m has to be so that (5.2) is a good Monte-Carlo approximation

is a critical issue in the application of bagging. Note that m represents the number of classi-
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fiers that must be designed to be part of the ensemble, so that a computational problem may
emerge if m is made too large. In addition, even if a suitable m is found, the performance
of the ensemble must be compared to that of the base classification rule, to see if there is
significant improvement. Even more importantly, the performance of the ensemble has to
compared to that of other classification rules; that the ensemble improves the performance
of an unstable, overfitting classifier is of small value if it can be bested by a single stable,
non-overfitting classifier. In the next section, we present a comprehensive empirical study

that addresses these questions.

C. Experimental Study

In this section, we report the results obtained from a large simulation study based on
publicly-available patient data from genomic and proteomic studies, which measured the
performance of the bagging heuristic through the expected classification error, for varying

number of component classifiers, sample size, and dimensionality.

1. Methods

We considered in our experiment several classification rules, listed here in order of com-
plexity: diagonal linear discriminant analysis (DLDA), linear discriminant analysis (LDA),
3-nearest-neighbors (3NN), decision trees (CART), and neural networks (NNET) [61, 170].
DLDA is an extension of LDA where only the diagonal elements (the variances) of the
covariance matrix are estimated, while the off-diagonal elements (the covariances) are as-
sumed to be zero. Bagging is applied to each of these base classification rules and its
performance recorded for varying number of individual classifiers. The neural network
consists of a one-hidden layer with 4 nodes and standard sigmoids as nonlinearities. The

network is trained by Levenberg-Marquardt optimization with a maximum of 30 iterations.
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CART is applied with a stopping criterion: splitting is stopped when there are fewer than
3 points in a given node. This is distinct from the approach advocated in [151] for random
forests, where unpruned, fully-grown trees are used instead; the reason for this is that we
did not attempt to implement the approach in [151] (which involves concepts as random
node splitting and is thus specific to decision trees), but rather to study the behavior of
bagging, which is the centerpiece of such ensemble methods, across different classifica-
tion rules. Resampling is done by means of balanced bootstrapping, where all samples are
made to appear exactly the same number of times in the computation [171].

We selected data sets with large number N of samples (see below) in order to be
able to estimate the true error accurately using held out testing data. In each case, 1000
training data sets of size n = 20,40,and 60 were drawn uniformly and independently from
the total pool of N samples. The training data are drawn in a stratified fashion, following
the approximate proportion of each class in the original data. Based on the training data,
a filter-based gene selection step is employed to select the top p discriminating genes; we
considered in this study p = 2,3,5,8. The univariate feature selection methods used in
the filter step are the Welch two-sample t-test [172] and the RELIEF method [173] —
in the latter case, we employ the 1-nearest-neighbor method when searching for hits and
misses. After classifier design, the true classification error for each data set of size n is
approximated by a holdout estimator, whereby the N — n sample points not drawn are used
as the test set (a good approximation to the classification error, given that N >> n). The
expected classification error is then estimated as the sample mean of classification error
over the 1000 training data sets. The sample size n is kept small, as we are interested in
the small-sample properties of bagging. Note also that we also must have N >> n in order
to provide for large enough testing sets, as well as to make sure that consecutive training
sets do not significantly overlap, so that the expected classification error can be accurately

approximated. As can be easily verified, the expected ratio of overlapping sample points
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between two samples of size n from a population of size N is given simply by n/N. In all
cases considered here the expected overlap is around 20% less, which we consider to be
acceptable, except in the case of the lung cancer data set with n = 60. This latter case is
therefore not included in our results. An unpaired one-tailed t-test is employed to assess
whether the ensemble classifier has an expected error that is significantly smaller than that

of the corresponding individual classifier.

2. Data Sets

We utilized the following publicly-available data sets from published studies in order to

study the performance of bagging in the context of genomics and proteomics applications.

e Breast Cancer Gene Expression Data. These data come from the breast cancer
classification study in [174], which analyzed N = 295 gene-expression microarrays
containing a total of 25760 transcripts each. Filter-based feature selection was per-
formed on a 70-gene prognosis profile, previously published by the same authors
in [175]. Classification is between the good-prognosis class (115 samples), and the
poor-prognosis class (180 samples), where prognosis is determined retrospectively

in terms of survivability [174].

e Lung Cancer Gene Expression Data. We employed here the data set “A” from the
study in [176] on non-small-cell lung carcinomas (NSCLC), which analyzed N = 186
gene-expression microarrays containing a total of 12600 transcripts each. NSCLC is
subclassified as adenocarcinomas, squamous cell carcinomas and large-cell carcino-
mas , of which adenocarcinomas are the most common subtypes and of interest to
classify from other subtypes of NSCLC. Classification is thus between adenocarci-

nomas (139 samples) and non-adenocarcinomas (47 samples).
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e Prostrate Cancer Protein Abundance Data. Given the recent keen interest on de-
riving serum-based proteomic biomarkers for the diagnosis of cancer [177], we also
included in this study data from a proteomic study of prostate cancer reported in
[178]. It consists of SELDI-TOF mass spectrometry of N = 326 samples, which yield
mass spectra for 45,000 n/z (mass over charge) values. Filter-based feature selection
is employed to find the top discriminatory n/z values to be used in the experiment.
Classification is between prostate cancer patients (167 samples) and non-prostate pa-
tients, including benign prostatic hyperplasia and healthy patients (159 samples). We
use the raw spectra values, without baseline subtraction, as we found that this leads

to better classification rates.

3. Results and Discussion

We present results for sample sizes n = 20 and n = 40 and dimensionality p = 2 and
p =5, which are representative of the full set of results, available on the companion web-
site http://www.ece.tamu.edu/~ulisses/bagging/index.html. The case p = 2 is displayed in
Tables 1-3, each of which corresponds to a different data set. Each table displays the ex-
pected classification error as a function of the number m of classifiers used in the ensemble,
for different base classification rules, feature selection methods, and sample sizes. We used
in all cases an odd number m of classifiers in the ensembles, to avoid tie-breaking issues.
Errors that are smaller for the ensemble classifier as compared to a single classifier at a 99%
significance level, according to a one-tailed paired t-test, are indicated by bold-face type.
This allows one to immediately observe that bagging is able to improve the performance
of the unstable, overfitting CART and NNET classifiers; in most cases, a small ensemble is
required, and the improvement in performance is substantial. In contrast, bagging does not
improve the performance of the stable, non-overfitting DLDA, LDA, and 3NN classifiers,

except via a large ensemble; and even so the improvement in magnitude is quite small, and
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Table I. Expected classification error of selected experiments with breast cancer gene ex-
pression data (full results available on the companion website). Bold-face type
indicates the values that are smaller for the ensemble classifier as compared to a
single component classifier at a 99% significance level, according to a one-tailed

paired t-test.

Rule p n Single m=5 m=11 m=15 m=21 m=25 m=31 m=35 m=41 m=45 m=51
LDA 2 20| 0212 0237 0224 0220 0217 0217 0216 0216 0215 0.215 0.214
LDA 2 40 | 0204 0217 0209 0208 0207 0206 0206 0.206 0205  0.205 0.205
LDA 2 60 | 0203 0.212 0207 0205 0205 0.204 0204 0.204 0204 0.204 0.204
LDA 5 20| 0240 0.285 0.261 0255 0.251 0249  0.247 0248 0246 0246  0.245
LDA 5 40 | 0207 0.233 0219 0216 0213 0212 0212 0211 0211 0210 0210
LDA 5 60| 0196 0216 0205 0203 0201 0201 0200 0.199 0199 0.199  0.199
3NN 2 20| 0230 0.281 0.246 0.241 0235 0.234 0231 0.231 0230 0.229  0.229
3NN 2 40 | 0228 0274 0241 0235 0231 0229 0228 0227 0226 0.226  0.225
3NN 2 60 | 0225 0.269 0.238 0232 0228 0227 0225 0.224 0224 0.223  (.222
3NN 5 20| 0220 0270 0235 0229 0224 0223 0221 0220 0219 0219 0.219
3NN 5 40 | 0217 0262 0229 0224 0220 0219 0217 0216 0216 0215 0.215
3NN 5 60 | 0219 0261 0230 0225 0221 0220 0219 0218 0217 0217 0.216
CART 2 20 | 0259 0297 0263 025 0250 0.247 0246 0.244 0.243 0242  0.242
CART 2 40 | 0257 0294 0258 0252 0.245 0244 0242 0240 0239 0.239  0.237
CART 2 60 | 0255 0287 0256 0249 0.243 0241 0.237 0236 0235 0234 0234
CART 5 20 | 0261 0291 0.257 0248 0.240 0238 0.235 0235 0.233 0.232  0.231
CART 5 40 | 0260 0287 0.249 0240 0.233 0231 0.228 0.226 0.225 0.224  0.223
CART 5 60 | 0262 0290 0.248 0240 0.232 0229 0.226 0225 0.223  0.222  0.221
NNET 2 20 | 0252 0.293 0.246 0240 0230 0.230 0225 0.224 0223  0.222  0.221
NNET 2 40 | 0226 0.256 0.225 0219 0215 0213 0212 0210 0210 0.209  0.209
NNET 2 60 | 0216 0.241 0.216 0211 0208 0.206 0.204 0.204 0203  0.203  0.203
NNET 5 20 | 0.282 0.321 0265 0250 0242 0239 0235 0.233 0231 0.230  0.229
NNET 5 40 | 0253 0.286 0.238 0.228 0.221 0.218 0.215 0.213 0212 0.210  0.209
NNET 5 60 | 0236 0.268 0.226 0.218 0212 0.210 0208 0.206 0205 0.204  0.204

certainly does not justify the extra computational cost (note that in the case of the simplest
classification rule, DLDA, there is no improvement at all). This is in agreement with what
is known about the ensemble approach (e.g., see [151]).

However, of larger interest here is the performance of the ensemble against a single
instance of the stable, non-overfitting classifiers. This can be better visualized in the plots
of Figures 3-5, which display the expected classification errors as a function of number of
component classifiers in the ensemble, for the case p = 5. The error of a single classifier

is indicated by a horizontal dashed line. Marks indicate the values that are smaller for



104

Table II. Expected classification error of selected experiments with the lung cancer gene

expression data (full results available on the companion website). Bold-face type

indicates the values that are smaller for the ensemble classifier as compared to a

single component classifier at a 99% significance level, according to a one-tailed

paired t-test.

Rule p n Single m=5 m=11 m=15 m=21 m=25 m=31 m=35 m=41 m=45 m=51
LDA 2 20| 0201 0206 0.203 0203 0202 0202 0203 0.202 0202 0.202  0.203
LDA 2 40 | 0.192 0.194 0.193 0.193 0.193 0.193 0.192 0.192 0.193  0.192  0.192
LDA 2 60 | 0190 0.191 0.190 0.190 0.190 0.190 0.190 0.190  0.190  0.190  0.190
LDA 5 20| 0227 0.241 0.232 0231 0230 0.228 0228 0.227 0228 0.227 0.227
LDA 5 40| 0200 0.205 0.202 0201 0200 0200 0200 0.200 0200  0.200  0.200
LDA 5 60 | 0.194 0.197 0.196 0.195 0.194 0.194 0.194 0.194 0.194 0.194  0.194
3NN 2 20| 0122 0.151 0.130 0.126 0.124 0.123  0.122 0.121 0.121  0.121 0.120
3NN 2 40| 0.123 0.147 0.129 0.127 0.125 0.124 0.123  0.123  0.122  0.122  0.121
3NN 2 60 | 0.128 0.148 0.132 0.130 0.128 0.127 0126 0.126 0.125 0.126  0.125
3NN 5 20| 0126 0.160 0.136 0.132 0.129 0.128 0.127 0.127 0.126  0.126  0.126
3NN 5 40| 0.123 0.147 0.130 0.127 0.125 0.125 0.123 0.123  0.122 0.122  0.122
3NN 5 60| 0125 0.147 0.130 0.128 0.126 0.125 0.124  0.124 0.123 0.123  0.123
CART 2 20 | 0.160 0.182 0.161 0.155 0.152 0.151 0.150 0.149 0.148  0.148  0.147
CART 2 40 | 0.156 0.177 0.155 0150 0.146 0.145 0.144 0.143 0.142 0.142  0.142
CART 2 60 | 0.158 0.177 0.154 0.149 0.146 0.144 0.143 0.142 0.141 0.141 0.140
CART 5 20 | 0.161 0.181 0.159 0154 0.151 0.149 0.148 0.148 0.147 0.146  0.146
CART 5 40 | 0.158 0.181 0.156 0.151 0.148 0.146 0.144 0.143 0.143 0.142  0.141
CART 5 60 | 0.159 0.178 0.154 0.148 0.143 0.143 0.140 0.140 0.139 0.138  0.138
NNET 2 20 | 0216 0244 0235 0232 0231 0229 0228 0228 0.227 0.227 0.226
NNET 2 40 | 0.195 0.232 0215 0212 0208 0207 0205 0204 0203 0.202  0.202
NNET 2 60 | 0.187 0.222 0200 0.194 0.189 0.188 0.185 0.184 0.182 0.182 0.183
NNET 5 20 | 0244 0.255 0.252 0251 0251 0250 0251 0249 0250 0250  0.250
NNET 5 40 | 0238 0.254 0251 0250 0.250 0250 0249 0.249 0249 0.249  0.249
NNET 5 60 | 0228 0254 0250 0248 0.248 0248 0.247 0246 0.247  0.247 0.246
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Table III. Expected classification error of selected experiments with prostate cancer protein

abundance data (full results available on the companion website). Bold-face type

indicates the values that are smaller for the ensemble classifier as compared to a

single component classifier at a 99% significance level, according to a one-tailed

paired t-test.

Rule p n Single m=5 m=11 m=15 m=21 m=25 m=31 m=35 m=41 m=45 m=51
LDA 2 20| 0212 0241 0225 0.222 0219 0218 0216 0216 0215 0215 0.215
LDA 2 40 | 0.198 0.224 0210 0.208 0205 0204 0203 0202 0.202 0202  0.201
LDA 2 60 | 0.194 0216 0204 0202 0199 0.199 0198 0.197 0.197 0.196  0.196
LDA 5 20| 0214 025 0229 0223 0219 0217 0216 0215 0213 0212 0.212
LDA 5 40| 0183 0212 0.193 0.189 0.187 0.18  0.184 0.183 0.183 0.182  0.181
LDA 5 60| 0166 0.192 0.175 0.171  0.169 0.168 0.167 0.167 0.166 0.166  0.165
3NN 2 20| 0187 0251 0203 0195 0.192 0.189  0.187 0.187 0.186  0.185  0.185
3NN 2 40 | 0.153 0.208 0.168 0.162 0.158 0.156 0.154 0.153  0.152 0.152  0.151
3NN 2 60 | 0.148 0.199 0.160 0.154 0.150 0.149 0.148 0.147 0.146 0.146 0.145
3NN 5 20| 0184 0249 0205 0.197 0.193  0.191 0.189  0.189  0.187  0.187 0.186
3NN 5 40| 0.143 0.187 0.157 0.152 0.149 0.147 0.146 0.145 0.144 0.143 0.143
3NN 5 60| 0128 0.164 0.139 0.135 0.131  0.130 0.129 0.128  0.128  0.127 0.127
CART 2 20| 0232 0247 0223 0218 0213 0210 0.209 0209 0208 0.209  0.208
CART 2 40 | 0213 0219 0.198 0.194 0.189 0.189 0.187 0.185 0.185 0.185  0.184
CART 2 60 | 0204 0205 0.8 0.180 0.176 0.175 0.172 0.172 0172 0.171 0.171
CART 5 20 | 0220 0244 0216 0210 0.206 0204 0.201 0200 0.199 0.198 0.199
CART 5 40 | 0.187 0.215 0.188 0.182 0179 0.176 0174 0.173 0.172 0.172  0.171
CART 5 60 | 0.169 0.192 0.166 0.160 0.156 0.154 0.152 0.151 0.150 0.150  0.149
NNET 2 20 | 0297 0300 0271 0266 0260 0259 0.256 0.256 0.254 0.254  0.253
NNET 2 40 | 0277 0274 0254 0248 0244 0244 0240 0.241 0239 0.239  0.239
NNET 2 60 | 0276 0.268 0.246 0243 0239 0.238 0236 0.235 0234 0.234  0.234
NNET 5 20 | 0305 0307 0270 0261 0255 0.250 0248 0.247 0246 0.243  0.244
NNET 5 40 | 0.288 0.274 0.249 0242 0238 0.235 0233 0.233 0231 0.230  0.230
NNET 5 60 | 0281 0267 0244 0.238 0234 0232 0.229 0.228 0.227 0.227  0.226
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the ensemble classifier as compared to a single component classifier at a 99% significance
level, according to a one-tailed paired t-test. One observes that as ensemble size increases,
classification error decreases and tends to converge to a fixed value (in agreement with
[151]). But we can also see that the error is usually larger at very small ensemble sizes,
as compared to the error of the individual classifier. We can again observe that, in most
cases, bagging is able to improve the performance of CART and NNET, but that is not
significantly so, or at all, for DLDA, LDA and 3NN. More importantly, we can see that
the improvement on the performance of CART and NNET is not sufficient to beat the
performance of single DLDA, LDA, or 3NN classifiers (with the exception of the prostate
cancer data with RELIEF feature selection, which we comment on below).

As we can see in Figures 3-5, the breast cancer gene-expression data produces linear
features that favor single DLDA and LDA classifiers (the latter do not perform so well at
n = 20, due to the difficulty of estimating the entire covariance matrix at this sample size,
which affects DLDA less), while the lung cancer gene-expression data produces nonlinear
features, in which case, according to the results, the best option overall is to use a single
3NN classifier, followed closely by a bagged NNET in t-test feature selection and a bagged
CART in RELIEF feature selection. The case of the prostate cancer proteomic data is
peculiar in that it presents the only case where the best option was not a DLDA, LDA, or
3NN classifier, but in fact a single CART classifier, namely, the case n = 20 (with either
p =2 or p =135) for RELIEF feature selection (the results for t-test feature selection, on
the other hand, are very similar to the ones obtained for the lung cancer data set). Note
that, in this case, the best performance is achieved by a single CART classifier, rather than
the ensemble CART scheme. We also point out that the classification errors obtained with
t-test feature selection are smaller than the ones obtained with RELIEF feature selection,
indicating that RELIEF is not a good option in this case due to the very small sample size

(in fact, there is evidence that t-test filter-based feature selection may be the method of
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choice in small sample cases [169]) In the case n = 40, the difference between 3NN and
CART essentially disappears. It is also interesting that in the case n = 20 and p =5, for
RELIEF feature selection, bagging is able to improve the performance of LDA by a good
margin in the case of the prostate cancer data. This is due to the fact that the combination
LDA and RELIEF feature selection produces a unstable, overfitting classification rule at
this acute small-sample scenario.

The results obtained with t-test feature selection are consistent across all data sets.
When using RELIEF feature selection, there is a degree of contrast between the results
for the prostate cancer protein-abundance data set and the ones for the gene-expression
data sets, which may be attributed to the differences in technology as well as the fact that
we do not employ baseline subtraction for the proteomics data in order to achieve better
classification rates.

We remark that results are not expected to change much if ensemble sizes are increased
further (beyond m = 51), as can be seen from convergence of the expected classification

error curves in Figures 3-5.
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Fig. 3. Expected classification error as a function of number of component classifiers in the

ensemble for selected experiments with the breast cancer gene expression data (full

results available on the companion website). Error of single component classifier

is indicated by a horizontal dashed line. Marks indicate the values that are smaller

for the ensemble classifier as compared to a single component classifier at a 99%

significance level, according to a one-tailed paired t-test.
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Fig. 4. Expected classification error as a function of number of component classifiers in the

ensemble for selected experiments with the lung cancer gene expression data (full

results available on the companion website). Error of single component classifier

is indicated by a horizontal dashed line. Marks indicate the values that are smaller

for the ensemble classifier as compared to a single component classifier at a 99%

significance level, according to a one-tailed paired t-test.
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Fig. 5. Expected classification error as a function of number of component classifiers in
the ensemble for selected experiments with the prostate cancer protein abundance
data (full results available on the companion website). Error of single component
classifier is indicated by a horizontal dashed line. Marks indicate the values that are
smaller for the ensemble classifier as compared to a single component classifier at a

99% significance level, according to a one-tailed paired t-test.
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D. Conclusion

In this chapter we conducted a detailed empirical study of the ensemble approach to classi-
fication of small-sample genomic and proteomic data. The main performance issue is not
whether the ensemble scheme improves the classification error of an unstable, overfitting
classifier (e.g., CART, NNET), or whether its classification error converges to a fixed limit;
but rather whether the ensemble scheme will improve performance of the unstable, over-
fitting classifier sufficiently to beat the performance of single stable, non-overfitting clas-
sifiers (e.g., DLDA, LDA, 3NN). We observed that this never was the case for any of the
data sets and experimental conditions considered here, except in the case of the proteomics
data set with RELIEF feature selection in acute small-sample cases, when nevertheless the
performance of a single unstable, overfitting classifier (in this case, CART) was better or
comparable to the corresponding ensemble classifier. We observed that in most cases bag-
ging does a good (sometimes, admirable) job of improving the performance of unstable,
overfitting classifiers, but that improvement was not enough to beat the performance of
single stable, non-overfitting classifiers.

The main message to be gleaned from this study by practitioners is that the use of
bagging in classification of small-sample genomics and proteomics data increases compu-
tational cost, but is not likely to improve overall classification accuracy over other, more
simple, approaches. The solution we recommend is to use simple classification rules and
avoid bagging in these scenarios. It is important to stress that we do not give a definitive
recommendation on the use of the random forest method for small-sample genomics and
proteomics data; however, we do think that this study does provide a step in that direction,
since the random forest method depends partly, if not significantly, for its success on the

effectiveness of bagging. Further research is needed to investigate this question.
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CHAPTER VI

SMALL-SAMPLE ERROR ESTIMATION FOR
BAGGING CLASSIFICATION RULES *
Application of ensemble classification rules in gene-expression microarray classification
problems has become increasingly common. Among ensemble classification rules, boot-
strap aggregating (“bagging”) is the most popular, and has generated a considerable amount
of literature. However, the problem of error estimation for these classification rules, par-
ticularly under the small-sample settings prevalent in genomics, is not well understood.
Breiman proposed a general method, which he called “out-of-bag”, for estimating statistics
of bagged classifiers, which was subsequently applied by other authors to estimate the clas-
sification error. In this chapter, we give an explicit definition of the out-of-bag estimator
that is intended to remove estimator bias, by formulating carefully how the error count is
normalized. We conducted an extensive simulation study of bagging of common classifi-
cation rules, including LDA, 3NN, and CART, applied on both synthetic and real patient
data, corresponding to the use of common error estimators such as resubstitution, leave-
one-out, cross-validation, basic bootstrap, bootstrap 632, bootstrap 632 plus, bolstering,
semi-bolstering, in addition to the out-of-bag estimator. The results from the numerical
experiments indicated that the performance of the out-of-bag estimator is very similar to
that of leave-one-out; in particular, the out-of-bag estimator is slightly pessimistically bi-
ased. The performance of the other estimators are consistent with their performance with

the corresponding single classifiers, as reported in other studies. Bolstered error estima-

* Reprinted with permission from ”Small-sample Error Estimation for Bagged Classifi-
cation Rules,” by T. T. Vu and U. M. Braga-Neto, 2009. volume 2010, 12 pages, Copyright

2010 of EURASIP Journal on Bioinformatics and Systems Biology.
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tors showed consistent superior performance to the others, in terms of accuracy (RMS) and

computational cost.

A. Introduction

Ensemble classification methods combine the decision of multiple classifiers designed on
randomly perturbed versions of the available data [147, 148, 149, 150, 151]. The most
popular version of this scheme is known as bootstrap aggregating, or “bagging” [150, 151]
where the ensemble classifier corresponds to a majority-vote among classifiers designed on
bootstrap samples [96] from the available training data.

There has been considerable interest recently in the application of bagging in the clas-
sification of both gene-expression data [154, 155, 156, 157] and protein-abundance mass
spectrometry data [158, 159, 160, 161, 162, 163]. The popularity of bagging is based on the
expectation that combining the decision of several classifiers will regularize and improve
the performance of unstable, overfitting classification rules (the so-called “weak learners”).
In Chapter V, we have investigated this claim, in the context of small-sample genomics and
proteomics data. On the other hand, a different issue is the performance of error estima-
tors for bagged classifiers. Accurate error estimation is a critical issue in Genomics, as it
decisively impacts the scientific validity of hypotheses derived from application of pattern
recognition methods to biomedical data [43, 179, 180]. On the topic of error estimation,
Breiman proposed a general method, which he called “out-of-bag”, for estimating statistics
of bagged classifiers [181], and, subsequently, other authors applied it to the estimation
of the classification error [182, 183]. In this chapter, we give an explicit definition of the
out-of-bag estimator that is intended to remove estimator bias, which is done by formulat-
ing carefully how the error count is normalized. The performance of out-of-bag estimators

with general bagged classification rules is not in fact well understood, especially in connec-
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tion with bagging ensemble classifiers derived from classification rules other than decision
trees (which was Breiman’s primary interest). In addition, to our knowledge, no studies
have attempted to assess the performance of error estimators for bagged classifiers in the
context of Genomics data, particularly in the prevalent small-sample setting usually found
in these applications.

To investigate these issues, we conducted an extensive simulation study of bagging of
common classification rules, including LDA, 3NN, and CART, applied on both synthetic
and real patient data, corresponding to the use of common error estimators such as re-
substitution, leave-one-out, cross-validation, basic bootstrap, bootstrap 632, bootstrap 632
plus, bolstering, semi-bolstering, in addition to the out-of-bag estimator itself. We present
here selected representative results; the full set of results can be found on the companion
website, at http://gsp.tamu.edu/Publications/supplementary/oob. The results from the nu-
merical experiments indicated that the performance of the out-of-bag error estimator is very
similar to that of leave-one-out; in particular, the out-of-bag estimator is slightly pessimisti-
cally biased. The performance of the other estimators are for the most part consistent with
their performance with the corresponding single classification rules assessed in other stud-
ies, with the best performance being provided by the bolstered error estimators, in terms of

root mean square error.

B. Error Estimation for Bagging Classification Rule

1. Classical Methods

Classical error estimation methods including resubstitution, cross-validation, and bootstrap
are reviewed in Chapter II. Readers are encouraged to refer back to chapter II for more

details. All these estimation methods are to be applied to the bagging classification rules.
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2. Bolstered Error Estimation

Bolstered estimation was proposed in [120]. It has shown promising performance for small
sample sizes in terms of root mean square error. While it is comparable to bootstrap meth-
ods in many cases, bolstered estimators are typically much more computationally efficient
than the bootstrap. The main idea of bolstering is to put a kernel at each of the sample point,
called “bolstering kernel” to smooth the variance of counting-based estimation methods (in
this chapter, we adopt Gaussian bolstering kernels). When the classifiers are overfitted, and
hence, resubstitution estimates are optimistically biased, then bolstering at a misclassified
point will increase this bias. Semi-bolstering is suggested for correcting this, by conducting
no bolstering at misclassified points. We refer the reader to [120] for the full details (in this

chapter, we employ the bolstered and semi-bolstered resubstitution estimators of [120]).

3. Out-of-bag Error Estimation

Breiman [181] originally proposed the out-of-bag method to estimate the generalization
error of bagged predictors of CART and the node priority probabilities. Bylander [182]
later did a simulation study comparing out-of-bag and cross-validation for tree classifica-
tion C4.5 and concluded that both are biased. Banfield et al [183] used out-of-bag in a
large simulation of investigating performances of a variety of ensemble methods. Martinez
[184], in an attempt to find the optimal number of components of ensembles, employed
out-of-bag as the optimization criterion. Despite that, the properties of the out-of-bag es-
timator remain largely unclear, in particular, the issue of bias. We propose in the sequel
a modification to the standard out-of-bag estimator that removes nearly all of its bias (as
evidenced by the numerical experiments in Section C).

In bagging, component classifiers are designed based on bootstrap sets, each of which

contain on average 63% of the original sample set. Hence, there are approximately 37%
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of the data which are not used to build the classifier and are therefore uncorrelated with
it. Out-of-bag estimates are obtained by testing the majority-voting classifier via those
individual classifiers in the ensemble that are uncorrelated with the testing point, i.e., those
classifiers whose training sets do not contain the testing points. Suppose we resample the
original sample set k times, leading to k bootstrap sample sets S*/. Let Pl.j =1 if sample i

appears in the bootstrap sample S*/, and Pl-j = 0, otherwise, fori = 1,...,n. Denote
Z M-yl =0y

k
Z. (pi—op (s o) =1 =0}

. (6.1)
= gl{gf:o#{n:l}
Zl{pf oyl (sh)x)=0) [ pyi=1)
for i =1,...,n. Notice that A, (i) is equal to the number of times that sample i in class m

appears across all bootstrap sample sets, while B,,(i) is equal to the number of times that
sample i in class m appears and is misclassified across all bootstrap sample sets. Then the

out-of-bag error estimator, as proposed by Breiman in [150], can be written as

A 1 &
Eoob = p ; I{Bo(i)z*‘OT@}I{AO(")>O} +I{Bl(i)ZA12(i)}I{Al(i)>0} . (6.2)

The estimator, as formulated above, will be optimistically biased, in general, according to
the following rationale. Clearly, when ¥; = j and A (i) = 0, then the i-th sample point
belongs to all of the bootstrap samples, so there are no individual classifiers to test on the
i-th point. In other words, the “out-of-bag ensemble” of classifiers for that point is empty
in this case. That means that, with training sample size of n, we often have fewer than
n samples to perform the out-of-bag estimation. In computing the proportion of incorrect

classification by the ensemble, one should therefore divide not by 7 as in (6.2), but rather
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by n minus the number of times when the out-of-bag ensembles are empty, which leads to

the following modified out-of-bag estimator:

1 n
gn = .
" n-yr, ian()=0) +T1a, )= ;1 {Bo(0)

03 {40(0)>0} T 15410y Fia (9)>0)
(6.3)

As shown by the numerical results in Section C, this estimator has approximately the bias
of leave-one-out, i.e., it is only slightly pessimistically biased. As far as we know, this

formulation of the out-of-bag estimator has not been explicitly given in the literature.

C. Simulation Study

This section reports the results of an extensive simulation study, which were conducted on
both synthetic and publicly available microarray data and protein abundance mass spec-
trometry data. We present here selected representative results; the full set of results can be
found on the companion website, at http://gsp.tamu.edu/Publications/supplementary/oob.
We simulated bagged ensembles of linear discriminant analysis (LDA), 3-nearest-neighbors
(3NN), and decision trees (CART) [60], and computed actual and estimated errors, accord-
ing to the different estimation methods. These estimators were evaluated based on the
distribution of their deviation from the true error, and in terms of bias, variance, and root-

mean-square (RMS) errors.

1. Methods

We compared the performances of estimators for varying number of training samples with
different dimensions of the feature space. The dimensionality and number of samples are
selected to be compatible with a small-sample scenario (in this chapter, the dimensionality
is kept fixed at p = 2). For patient data, a small number of features (once again, p =2 in this

chapter) are first selected by the t-test. We afterwards randomly draw a number of samples
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to be used as the training set and employed the rest as a testing set. The number of training
points are chosen to be small to keep the small sample setting, and to have a large enough
testing set. This was repeated 1000 times to get the empirical deviation distribution [43],
that is, the distribution of estimated minus actual errors, for the different error estimators.
The results are presented in forms of beta-fit curves, box-plots, and bias, variance, and
RMS curves in order to provide as detailed as possible a picture of the empirical deviation

distributions of the error estimators.

2. Simulation Based on Synthetic Data

We employ here the spherical gaussian model, where the covariance matrix is identity and
the two mean vector are symmetric over the origin. With that assumption, we varied the
Bayes error of the model by changing the distance between the two means. Models with
different Bayes errors and dimension are compared over varying number of samples. The
feature-label distribution is known and this allows us to exactly compute the true error of
the designed classifier, which is then used to derive the empirical deviation distribution for

the different estimators.

3. Simulation Based on Patient Data

We utilize the same three patients data sets described in Chapter V in order to study the

performance of bagging in the context of genomics and proteomics applications.

4. Results and Discussion

a. Synthetic Data

The various error estimators can be grouped into four groups according to performance.

The first group corresponds to resubstitution, which showed to be optimistically biased for
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the bagged LDA, 3NN, and CART classifiers, with a root mean square error that increases
substantially with increasing Bayes error; resubstitution had been previously known to be-
have as such for single LDA, 3NN, and CART classifiers. The second group contains
leave-one-out, five-fold cross-validation and out-of-bag. As we can see from Figure 6, the
out-of-bag estimator, with the formulation given in (6.3), is almost identical to leave-one-
out. This second group shows very small bias but considerably high variance. The re-
semblance of out-of-bag to cross-validation, which had been pointed out already in [182],
is explained by the similar way of partitioning the sample set. This group shows much
smaller bias than resubstitution, and this is consistent as the Bayes error increases. How-
ever, this group displayed larger variability than resubstitution and the bootstrap group, as
we already knew from [179] on single classification rules. The third group includes the
basic bootstrap, bootstrap 632 and bootstrap 632 plus; this group displays very competitive
performance in terms of root mean square error. Even though they often perform better
than the two previous groups, the estimators in this group took the longest time to com-
pute across all experiments. The last group consists of the bolstered and semi-bolstered
error estimators, which exhibit superior performance to the other groups, in terms of RMS
error, despite being far less computationally expensive than cross-validation and bootstrap
estimators.

Generally, for a fixed model, almost all the estimates work better when the sample size
increase and this holds for all three bagged classifiers. In Figure 7, we see that there is a
consistent trend: as the Bayes error increases or, equivalently, the classification problem be-
comes harder, error estimation performance decreases steadily, in term of root mean square
error; this is true for all error estimation methods. Bolstered error estimators showed con-
sistent superior performance to the others, in terms of accuracy (RMS) and computational
cost. These conclusions are also supported by Figures 8 and 9.

We observed that the performance of error estimators other than out-of-bag (which
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Table I'V. Bias, variance (standard deviation), and RMS for different error estimators, with
different base classification rules, for breast cancer gene expression data, dimen-

sionality p = 2.

Rule n stat resb boot bresb loo b632 oob sbresb  b632plus cv5
Ida 20 bias | -0.0388  0.0287  -0.0104  0.0063 0.0039  0.0076  0.0244 0.0092 0.0143
sd 0.0908 0.0944  0.0789  0.1004  0.0912  0.1003 0.0933 0.0938 0.1140
rms | 0.0988 0.0986  0.0795 0.1006  0.0913 0.1006  0.0964 0.0942 0.1149
Ida 40 bias | -0.0198  0.0082  -0.0084 -0.0012 -0.0021  0.0002  0.0168 -0.0011 -0.0044
sd 0.0657 0.0642  0.0614  0.0671 0.0638 0.0673 0.0676 0.0641 0.0714
rms | 0.0686  0.0647  0.0620  0.0671 0.0639  0.0673 0.0696 0.0641 0.0716
Ida 60 bias | -0.0157 -0.0000 -0.0097 -0.0045 -0.0058 -0.0036  0.0104 -0.0054  -0.0011
sd 0.0577 0.0559  0.0544  0.0580  0.0560  0.0581 0.0586 0.0560 0.0586
rms | 0.0598 0.0559  0.0553 0.0582  0.0563 0.0582  0.0595 0.0563 0.0587
cart 20 bias | -0.1554  0.0456  -0.0330 0.0226  -0.0284  0.0267  -0.0225 0.0096 0.0094
sd 0.0653 0.1047 0.0671 0.1210  0.0798 0.1229  0.0700 0.1059 0.1187
rms | 0.1686  0.1142  0.0747  0.1231 0.0847 0.1258 0.0735 0.1063 0.1190
cart 40 bias | -0.1583  0.0323  -0.0358  0.0095 -0.0378  0.0143  -0.0284  -0.0094 0.0058
sd 0.0484  0.0697  0.0502  0.0774  0.0533 0.0799  0.0516 0.0671 0.0810
rms | 0.1655 0.0769  0.0616  0.0780  0.0653 0.0812  0.0589 0.0677 0.0812
cat 60 bias | -0.1722  0.0211  -0.0377  0.0001  -0.0501  0.0043  -0.0317  -0.0232  -0.0050
sd 0.0400  0.0624  0.0473 0.0705 0.0473 0.0701 0.0472 0.0590 0.0695
rms | 0.1768 0.0658  0.0605 0.0705 0.0689  0.0703 0.0569 0.0634 0.0697
3on 20 bias | -0.0964  0.0575  -0.0478  0.0270  0.0009  0.0269  -0.0176 0.0273 0.0076
sd 0.0716  0.0996  0.0649  0.1174  0.0835 0.1167 0.0778 0.1005 0.1156
rms | 0.1201 0.1150  0.0806  0.1204  0.0835 0.1197 0.0798 0.1041 0.1159
3on 40  bias | -0.0952  0.0406  -0.0481  0.0109 -0.0094 0.0139  -0.0214 0.0075 0.0036
sd 0.0529  0.0687  0.0493 0.0787  0.0590  0.0785 0.0577 0.0669 0.0801
rms | 0.1089  0.0798  0.0689  0.0794  0.0598 0.0797 0.0615 0.0673 0.0802
3on 60 bias | -0.0962  0.0316  -0.0504  0.0034 -0.0154  0.0054  -0.0261 -0.0012  -0.0008
sd 0.0432  0.0625 0.0452  0.0693 0.0526  0.0693 0.0514 0.0595 0.0680
rms | 0.1054  0.0701 0.0677  0.0694  0.0548 0.0695 0.0576 0.0595 0.0680

can only be applied to ensemble rules) were consistent with their performance with the

corresponding single classifier, as reported in other studies [43, 120].

b. Patient Data

The results for the real patient data sets were entirely consistent with those for the synthetic
data, as can be seen in Figures 10-12 and Tables 4—-6. We again observed the division of
the error estimators in the same four groups according to performance. We also observed
that the bolstered error estimator group displayed the best performance, as measured by

RMS.



121

0.25

0.15

0.05

0.10

0.06

Bagged LDA Bagged 3NN Bagged CART
'\_' S : 'S'Q'\'==h===v=v——=v=v=v=v lcg i ‘§'\_'\v——'§v—v= V—y
~— 8 | 3\‘\ S | .\M‘—o—-‘—o_,_—t
‘\ ________ S ] \’§!= l“\l’ ] .\.‘E__
N—— 8! 1 \\g» ° ] N~ ———
~— | \“_‘““—A—A—Eg. S | ———
E. 1 \‘\. 1
0o, (=) —s\'_.‘._'_‘,_o_. g | O,
20 40 60 80 100 12 20 40 60 80 100 12 S 0 40 60 80 100 12
(a)
Bagged LDA Bagged CART
Ay
Q‘ 7 4
N
2 S \
d 1 4
] 8| \ ~ .
g | S \\ —~ S —
S \ \\ —— —
i g .\‘\AN‘\A—:
g S '\o—-oho\‘\’__
S 20 40 60 80 100 12

0.02

oob mm loo mm

ig. 6. Comparison of out-of-bag and leave-one-out for different Gaussian models over the

number of samples p = 2 (a) Sample mean, (b) Sample standard deviation.



122

Bias Std. Deviation RMS
] | /‘/.\‘ - =
| Q Q e A
Sl § S
3 S
Q-. | \ \,,

0.06

-0.06
0.06

0 . — « |
S —— o S
S ‘C:}x/y§ =1 -
| = — S 2]
+- ™~
— — - |
8 T~ S
Q| \* g o
] T~ 3 =
(=]
2 ]
S | // 0
Y < Q |
S S
S

0.05 010 0.15 020 025 0.3

f
\
\

— / N
\, ] ; // ' A
. //

] Q,:/A "'E
S S s S

] ‘/"’f/
S g _— 0 p—
005 0710 015 020 025 03 <005 070 0.15 020 025 03 <005 010 0.15 0.20 025 0.3

resub mm  boot mm bresubmm loomm b632mm oobmm sresub b632p cvh mm

Fig. 7. Bias, variance (standard deviation), and RMS of as a function of the bayes error,
for the synthetic data, sample size n = 20, dimensionality p = 2, with different base
classification rules: LDA, 3NN, and CART on the first, second, and third row, re-

spectively.



123

LDA 3NN CART
0.1 0.1
0.08
0.08- 0.08-
0.06-
0.06- 0.06-
0.04 0.04 0.04
0.02 0.02 0.02
45 03 0 85 03 0 45
0.2y , l I _:- . _§_ 0.3 ° : i ° e 0.3 - 2 2 -
'R N A T R I I : o o 3 0.21 P +
o LIALEITEL e b didagt o Dalply
e AR AR RN P oo
STTOEOTEE w0 LHsg80888 o & [ T T
01_;_00-;-...-;- 01-£--'--;_i_'“"‘_x_* v0.2—'§"LT-L'L-L+'LJ'
9 52 9N S +9 9 52 9N o +9 9 52 9N 9 +9
$38°2g83¢88¢3 $38°2g83¢8¢3 $38°g83¢8¢3
s ° s 8 s 9 88 s % g8
] (] ]
= |
(=]
2 g
Q" (=]
S S .
° S S | T——
87 S
(<) bi\ltqo‘,
— A——uan
8| =SSN B Y — =~
©2 4o 60 &0 100 1 © 20 40 60 80 100 120 S 20 40 60 80 100 1
resub mm  boot mm  bresub loomm b632mm oobmm sresub b632p cvh mm

Fig. 8. Empirical deviation distribution (top row), box plots (middle row), and RMS as a

function of sample size (bottom row), for synthetic Gaussian model with Bayes error

= 0.05, sample size n = 20, dimensionality p = 2, with different base classification

rules.



124

LDA 3NN CART
0.08'
0.06
0.06
0.04
0.04-
0.02 0.02
-8.5 -8. 0.3 0
0.4 ° ° 0.4 o ° ° °
TR AN A i+ o+ g
0.2 I S 0.2 o
! Bl o=Haer SN
SHEHEEH | 0 [PsHBEsEE . e ¢ PeHsHseRH
AR I I U B B PSS p A AR B A I R P e A
020 L~ 5y~ 4 " v L v ¥ -
959 9NQ 9% S 59 9NQ Qw9 S 59 9NQ Q%W
gggeggaaa 898238883 89 8238¢88 s
s ° 58 =98 2° 758§ =98 2° 758
] (] ]
\l37 e
S Q| S | n\_.~.__.—*—o—~—4——°—°
| S |
'S, [+) ‘N.
S g S|
) s © |
Q | ] 1
S S g
| — 3 ]
8.7 \4;*\* S g QEN’
© 20 40 60 80 100 12 20 40 60 80 100 120 ° 0 100 12
resub mm  boot mm  bresub loomm b632mm oobmm sresub b632p cvh mm

Fig. 9. Empirical deviation distribution (top row), box plots (middle row), and RMS as a
function of sample size (bottom row), for synthetic Gaussian model with Bayes error

= 0.15, sample size n = 20, dimensionality p = 2, with different base classification
rules.



125

LDA
0.05

0.04
0.03
0.02

0.01

04| . .

s : : 0.4 .

PRI B 0.4 HEE R | R
o 4 2 &+ 2 T 8 T s = ] i P
ozt T T T e LT 02 L e T 7|

N T T A A N RN IR A N | i i
b e ode. 0o, 1 BeHsH=HB
oo BEEEEEEE | o LHLBEs80 o) LTeRerast
= e ol O T R R A N A R A
02 L i1 i 41 1 L i R e A R | <
S S S H [ Y E N | ‘
Q’GQONQ-Q'I-'Q -Q"S-QQN-Q-Q'F“) -Q"S-QQN-Q-Q'F'O
gggg8ggs 8gg82g3¢ggs ggg2g3¢ggs
Q Q 9 Q Q 9 Q Q 9

] (7] (7]
resub mm  boot mm bresub loomm bG32mm oobmm sresub b632p cvh mm

Fig. 10. Empirical deviation distribution (top row) and box plots (bottom row), for breast

cancer gene-expression data, sample size n = 20, dimensionality p = 2, with dif-
ferent base classification rules.
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Fig. 11. Empirical deviation distribution (top row) and box plots (bottom row), for lung can-

cer gene-expression data, sample size n = 20, dimensionality p = 2, with different

base classification rules.
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Fig. 12. Empirical deviation distribution (top row) and box plots (bottom row), for prostate

cancer mass-spectrometry data, sample size n = 20, dimensionality p = 2, with
different base classification rules.
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Table V. Bias, variance (standard deviation), and RMS for different error estimators, with
different base classification rules, for lung cancer gene expression data, dimension-

ality p = 2.

Rule n stat resb boot bresb loo b632 oob sbresb  b632plus cvS
Ida 20 bias | -0.0243 0.0238  -0.0070  0.0075 0.0061  0.0103  0.0294 0.0094 0.0106
sd 0.0938  0.0938  0.0827  0.0989  0.0923  0.0988  0.0910 0.0932 0.1025
rms | 0.0969  0.0967 0.0830  0.0992  0.0925  0.0993  0.0956 0.0937 0.1031
lda 40 bias | -0.0118 0.0109 0.0012  0.0017  0.0025 0.0044  0.0273 0.0033 0.0045
sd 0.0675  0.0655  0.0628  0.0684  0.0656  0.0685  0.0652 0.0656 0.0694
rms | 0.0685  0.0664 0.0628  0.0684  0.0657 0.0686  0.0707 0.0657 0.0695
Ida 60 bias | -0.0092 0.0067  0.0023  -0.0004  0.0009 0.0015  0.0235 0.0012 0.0020
sd 0.0606  0.0587  0.0570  0.0608  0.0590  0.0608  0.0586 0.0590 0.0610
rms | 0.0613  0.0591 0.0570  0.0608  0.0591  0.0609  0.0632 0.0590 0.0610
cart 20 bias | -0.0945 0.0321 -0.0025 0.0100 -0.0145 0.0139  0.0076 0.0031 0.0017
sd 0.0502  0.0852  0.0623 0.0916  0.0683  0.0945  0.0676 0.0811 0.0849
rms | 0.1069  0.0911  0.0623 0.0921 0.0699  0.0955  0.0681 0.0812 0.0849
cart 40 bias | -0.0926 0.0226  -0.0230  0.0071  -0.0198 0.0088 -0.0141 -0.0071 0.0022
sd 0.0384  0.0630  0.0439  0.0694  0.0504 0.0705  0.0472 0.0577 0.0654
rms | 0.1003  0.0670  0.0496  0.0698  0.0542  0.0710  0.0493 0.0581 0.0655
cart 60 bias | -0.0938 0.0202 -0.0277  0.0043  -0.0218 0.0068 -0.0210  -0.0103 0.0012
sd 0.0335  0.0544  0.0397  0.0590  0.0438  0.0597 0.0414 0.0496 0.0571
rms | 0.0996 0.0580 0.0484  0.0592  0.0490 0.0601  0.0464 0.0507 0.0571
3on 20 bias | -0.0483 0.0474 -0.0185 0.0114  0.0122  0.0132  0.0027 0.0238 0.0040
sd 0.0552  0.0803  0.0529  0.0876  0.0677  0.0870  0.0623 0.0765 0.0787
rms | 0.0734  0.0932  0.0561 0.0884  0.0688  0.0880  0.0624 0.0802 0.0788
3nn 40 bias | -0.0489 0.0236  -0.0270  0.0043  -0.0031  0.0055 -0.0094 0.0027 -0.0004
sd 0.0435  0.0602  0.0411 0.0626  0.0519  0.0624  0.0484 0.0555 0.0593
rms | 0.0655 0.0646  0.0492  0.0627  0.0520 0.0626  0.0493 0.0555 0.0593
3on 60 bias | -0.0500 0.0198 -0.0317  0.0031  -0.0059 0.0036 -0.0147  -0.0009  -0.0028
sd 0.0381  0.0526  0.0383 0.0555 0.0459  0.0553  0.0439 0.0486 0.0514
rms | 0.0629  0.0562 0.0497  0.0556  0.0462  0.0555  0.0463 0.0486 0.0514
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Table VI. Bias, variance (standard deviation), and RMS for different error estimators, with
different base classification rules, for prostate cancer mass-spectrometry data, di-

mensionality p = 2.

Rule n stat resb boot bresb loo b632 oob sbresb  b632plus cvS
Ida 20 bias | -0.0506 0.0181 -0.0277 -0.0033 -0.0072 -0.0044 -0.0050  -0.0019 0.0006
sd 0.0871  0.1025  0.0879  0.1031 0.0949  0.1037 0.0993 0.0985 0.1071
rms | 0.1007  0.1041  0.0921 0.1031 0.0951 0.1038 0.0994 0.0985 0.1071
lda 40 bias | -0.0283 0.0079 -0.0189 -0.0051 -0.0054 -0.0042 -0.0029  -0.0039  -0.0031
sd 0.0609  0.0688  0.0626  0.0673 0.0647  0.0683 0.0674 0.0655 0.0693
rms | 0.0672  0.0693  0.0654  0.0675 0.0649  0.0684  0.0675 0.0656 0.0694
Ida 60 bias | -0.0192 0.0045 -0.0141 -0.0042 -0.0042 -0.0044 -0.0008  -0.0035  -0.0017
sd 0.0514  0.0572  0.0524  0.0542  0.0542  0.0549  0.0559 0.0546 0.0577
rms | 0.0549  0.0573 0.0542  0.0544  0.0544  0.0550  0.0560 0.0547 0.0577
cart 20 bias | -0.1504 0.0409 -0.0500 0.0164 -0.0295 0.0248  -0.0441 0.0014 0.0059
sd 0.0693  0.1082  0.0765 0.1198  0.0847  0.1223 0.0791 0.1053 0.1169
rms | 0.1655  0.1157  0.0914  0.1209  0.0897 0.1247 0.0905 0.1054 0.1170
cart 40 bias | -0.1412 0.0320 -0.0436  0.0047  -0.0317  0.0096 -0.0418  -0.0108 0.0044
sd 0.0461  0.0701  0.0497  0.0753 0.0539  0.0773 0.0503 0.0646 0.0787
rms | 0.1485  0.0771  0.0661 0.0755 0.0625  0.0779  0.0654 0.0655 0.0788
cart 60 bias | -0.1397 0.0284 -0.0404  0.0021  -0.0334  0.0088  -0.0393  -0.0155 0.0049
sd 0.0347  0.0580  0.0418  0.0626  0.0441 0.0648 0.0424 0.0521 0.0636
rms | 0.1439  0.0646  0.0581 0.0627  0.0554  0.0654  0.0578 0.0544 0.0637
3on 20 bias | -0.0820 0.0554 -0.0488  0.0165 0.0048 0.0200  -0.0371 0.0233 0.0104
sd 0.0748  0.1041  0.0757  0.1100  0.0871 0.1129  0.0805 0.0993 0.1037
rms | 0.1110 0.1179  0.0901 0.1112  0.0872  0.1147 0.0886 0.1020 0.1043
3on . 40 bias | -0.0673  0.0405 -0.0377  0.0029  0.0008 0.0067  -0.0271 0.0099 0.0040
sd 0.0458  0.0643  0.0460  0.0679  0.0536  0.0695 0.0504 0.0585 0.0644
rms | 0.0814  0.0760  0.0595 0.0680  0.0536  0.0698 0.0572 0.0593 0.0645
3on - 60 bias | -0.0660 0.0304 -0.0375 0.0015 -0.0051  0.0040  -0.0269 0.0016 0.0006
sd 0.0389  0.0534  0.0393 0.0560  0.0451 0.0563 0.0435 0.0482 0.0557
rms | 0.0766 ~ 0.0614  0.0543 0.0560  0.0454  0.0564  0.0511 0.0482 0.0557
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D. Conclusion

We presented an extensive study of several error estimation methods for bagged ensembles
of typical classifiers. We provided here an explicit formulation for the out-of-bag error es-
timator, which is intended to remove estimator bias. We observed that this out-of-bag error
estimator was almost identical to leave-one-out, under spherical Gaussian models, and con-
jectured a very close relationship between the two. The results of our simulation study were
consistent between synthetic and real patient data, and the performance of error estimators
that can be applied to single classifiers (i.e., all of them save for the out-of-bag estimator)
with the bagged classifiers was comparable to their performance with the corresponding
single classifier, as reported elsewhere. The bolstered error estimators exhibited the best
performance, in terms of RMS error, in our simulation study, despite being far less compu-
tationally expensive than cross-validation and bootstrap estimators. We hope this work will
provide useful guidance to practitioners working with bagged ensemble classifiers designed

on small-sample data.
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CHAPTER VII

CONCLUSION

In this dissertation, we have presented a study of bootstrap technique in error estimation
and ensemble classification methods. This study is aimed at applications in Genomics and
Proteomics where the small-sample challenge is prevalent. Reuse of data is expected to
increase the accuracy and reliability of error estimation and classification.

In the first part, we have provided the exact formulas for the moments of the variants
of bootstrap error estimators, which have been empirically known among the best methods.
Based on these results, we obtained the closed form of RMS, which allows us to evaluate
the methods globally and hence, to find the optimal bootstrap estimator with the minimum
RMS. We believe that this is the first time, as far as we are aware of, that such analysis of
bootstrap error estimation is provided.

The second part give us more insights into the bagging classification rules, with respect
to the resampling efficiency for different classification rules used to build members of the
ensemble. It also provides new observations of the problem of error estimation for bagging
classifiers.

Some issues remain to be addressed. In the first part, we assumed the covariance
matrix is known. In the case of unknown covariance matrix, the bootstrap estimators
have more complexed distributional properties, which require different techniques to solve.
Also, our analysis provided here is based on the complete bootstrap, while the bootstrap
methods in practice is often its Monte Carlo approximation. Moreover, in the multivariate
case, the results are in the forms of noncentral bivariate F* distributions, the computations

of which are needed to establish. These problems are to be under consideration.
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APPENDIX A

PROOFS IN CHAPTER III

Proof of theorem 1:

According to (3.14),
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Bo and B, are two bivariate Gaussian random vectors with the means and covariance ma-



trices as follows:
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—Ho + Ly
1 —Ho
E[B] = , Lp, =
Mo — My

Proof of theorem 2:
Following (3.15), we have:

=75

P{yc(X)=1| X €Io} +
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(1+ %) 63+ 262 (~s1(C)0+50(C)0F) /2

s0(C)og +51(C)of

(A.1)

(1+249) 07 491963 (~5,(C)af +50(C)) /2

s0(C)oj +51(C)o}

ml(C)
m?(C)

(A2)

P{yc(X) =0/ X € IT; } +

J/

1o
+ Y lcw=ole)

i#j=1

no+n

>

i#j=no+1

ny no+ng

+Y, ) lew=ol

c(j=o P{ye(Xi) = 1, ye(X;) = 0} +

i=1 j=ng+1

ng no+ng

+), ) Iegy=ol

c(iy=0 P{ye(Xi) = 0,yc(X;) = 1}

j=li=ng+1

Ic(iy=olc(jy=0 P{ye(Xi) = 0, yc(X;) = 0} +

-~

(1)

—oP{wc(Xi) = Lye(X;) = 1} +

-

2)

3)

J/

-~

)

-~

)

According to Theorem 1, we have:

m()(C)

(1) = 2572 (P{Bo(C) > 0} +P{Bo(C) <0} ) +

m*(C)

m; (C)
2(C

~—

3

(P1B1(C) 2 0} +-P(B1(C) <0} ).
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Also,

o= (- 52) ) <

2
C
( 0+ 1) f <0|X,,X eno}
C
1

2

AC AC . nC
:P{X—“‘)zu >0, 45 — ul<0,Xj—I“L0J2FH1 >0}+

AC LA AC L AC
+P{Xi—“0;“1 0, i§ — af>o,xj—“0;“1 <o}

:P{TOO(ivjaC) > 0}+P{T00(l7.]7c) < 0}7

where Tyo(i, j,C) is defined as in the statement of the theorem. It is clear that the mean
vector and covariance matrix of Tyo(i, j,C) are the same for all pairs (i,j). So denote

TOO(ia j7 C) = TOO(C)
Similarly,

(3) =P{T11(i,j,C) = 0} + P{T:1(i, j,C) <0} = P{T1(C) = 0} + P{T1:(C) < 0}

(4) =
(5) =
Theorem 2 follows immediately with m(C),mo(C) and m;(C) defined as in (3.32)

P{To1(i,j,C) > 0} + P{Tv1(i, j,C) < 0} = P{T01(C) > 0} + P{Tp:(C) < 0}

P{To1(,i,C) = 0} + P{T01(j,#,C) <0} = P{To1(C) = 0} + P{To: (C) < 0}
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Proof of theorem 3:

Following (3.16), we have:

no
Eléc,c)) = Y Ieyi-olcy(j)=o0 Plye, (Xi) =1, v, (Xj) = 1} +
i=1 ~-
(1)

no+nj

+ Y Ieyi=olos(j—0 P{ve, (Xi) = 0, v, (X)) = 0} +
i, j=mo+1 ~~
(2)
no no+n
+ Z Z Iey()=0lcy(jy=0 P{We, (Xi) = 1, e, (Xj) = 0} +
i=1 j=ng (3V)
no no+n
+2 ) loi=olc,(j=o P{ve, (Xi) = 1, v, (X)) =0} .
i=1 j=n0 v
4)

~C| ~C|
fo' + 0 o
(1>=P{ (Xl-——o S >(u€1—ufl) <0,

ACZ AC2
+ N N
(Xj_u> (56 12) <01 %, HO}

2
:P{Xi—M>O,ﬁg‘—ﬁf1 <0,Xj—M>o,n§2—n?<o}+

+P{X,-—M>o,ﬂgl—afl <0,X,~—M<o,a§2—ﬁ?>o}+

+P{X,-—M<o,ﬂgl—afl >0,X,~—M<o,a§2—ﬁ?>o}+
+P{X,-—M<o,ﬂgl—afl >0,&—M>O,ﬁ€2—ﬁ?<0}

= P{Fly(i,j,C1,C2) > 0} + P{Fll(i.j,C1,C2) > O}+

+P{F()10(i,j,C1,C2) < O}—'_P{F()Ié(lJ]aClaCZ) < 0}7

where F({O(i,j,Cl,Cz) and FOI(I)(i,j,CI,Cz) are defined as in (3.33) and (3.34).
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Similarly,

(2) = F{,(i,j,C1,C2) > 0} +P{F}, (i, j,C1,C) < O}+
+P{Fll(i,j,C1,C) >0V +P{Fll(i,j,C,C;) < O}

(3) = P{Fl,(i,j,C1,Cy) > 0} + P{F}, (i, j,C1,C5) < 0} +
+P{F{(i,j,C1,Cy) > 0} + P{F{i (i, j,C1,Ca) < 0}

(4) = P{F},(j,i,C2,C1) > O} + K}, (j,i,C2,C1) < 0} +

+P{F31(j,i,C2,C1) > 0} + P{Fy{(j,i,C1,C1) < 0}

where F], and F]! are defined as in (3.35) and (3.36) and F{; and FJl are defined as in
(3.37) and (3.38). Theorem 3 follows immediately.
Proof of theorem 4:

Following (3.17), we have:

E[écE Z Ie(—0 P{Ye(X)) = 1,y(X;)) = 1} +
i,j=1 -
(1)
no+nq
+ ) Jep—o P{yc(Xi) =0,y(X)) =0} +
i,j=n+0+1 —~
2)
ny no+ny
+Y ) e —o P{yc(Xi) = 1,y(X;) =0} +
i=1 j=ngy —~
(3)
noy no+ni

+), Y legj—o P{yc(X)) =0,y(X;) =1}

i=1 j=ng
4)
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)(aoc—ﬂf) <0,

>07u’0_

AC 1 nC A
+ N N

Xi_llozlil <0,H5—N?>0,Xj—u0;“1<0,m

Ag +Af

“O;’"“ >0, flg—fi <0

+P
<07 Ag_naIC>O7Xj_

+ P {Xi —
= P{G}y(i, j,C) > 0} + P{Gly(i, j,C) > 0}+

+P{Gy(i, j,C) < 0} + P{Gl(i, j,C) < 0},

where GL,(i, j,C) and G)(i, j,C) are defined as in (3.39) and (3.40).

Similarly,
(2) = G11(i,j,C) > 0} + P{G}, (i, j,C) < 0}+
+P{GY(i,j,C) > 0} + P{GH! (i, j,C) < 0}
(3) = P{G{y (i, j,C) > 0} + P{Gy (i, j,C) < O}+
+P{G (i, j,C) > 0} + P{Gp (i, j,C) < 0}
(4) = P{Gio(i,),C) > 0} + G (i, j,C) < 0}+
+P{Gy(i, j,C) > 0} + P{GI{(i, j,C) < 0}

where GI11 and GIII1 are defined as in (3.41) and (3.42) and G61 and G(I)I1 are defined as in

(3.43) and (3.44). Theorem 4 follows immediately.



Proof of theorem 5:

Following (3.19), we have:

Blete] = "0 PLy(X) = 1 ve(X) = X €T} +
(1)
e & L0 = LWy 1) = O € o)+
(2)
PP W00 = 0.ye(X) — 1IX €T+
mi(C)y )

+

m(C) f){lll(X) = 07 II/C(%!(H—I) = O|X € Hl} .
(4)

(1) =P{yc(X1) =1L, y(X)=1|X;,X € o}
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AC L nC A
+ N N + N N
ZP{ (Xl Mo h >(IJ(§—N1C> <0, (X—u>(#o—lil) <0]X,X EHO}

2 2

AC AC A A

+ N R N N
:P{Xl—uo 2”1 >O,u€—uf<O,X—“0;“1 >0,uo—u1<0}+

AS+HAT e e fot+f o
+P{X1— 5 >0, iy — iy <0,X — 7 <O,uo—u1>0}+

ag +ary ~C_ aC Qo + A
+P{X1— > <0,y —pfy >0,X — 5 <O,uo—u1>0}+

ASHAT o e fotfn _ o o .
+P{X1— > <0,y —pfy >0,X — > >O,uo—u1<0}

= P{K{(C) = 0} +P{K(C) = 0} ++P{Ki(C) < 0} + P{Kg)(C) < 0},
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Similarly,

(2) =K{,(C) > 0} + P{K{,(C) < 0}+
+P{K{}(C) > 0} + P{K]} (C) < 0}

(3) = P{K{,(C) > 0} + P{K}, (C) < 0} +
+P{Ki (C) > 0} + P{K; (C) < 0}

(4) = P{K{,(C) > 0} + Ko (C) < 0} +

+P{Kio(C) > 0} + P{Kio(C) < 0}

where K/, and K{| are defined as in (3.49) and (3.50) and K}, and K} are defined as in
(3.51) and (3.52). Theorem 5 follows immediately.
Algorithm to compute P(s,s)

In the full bootstrap sampling case, P(sg,s1) = P(s), where
1 &
$=— Y iy, (A.3)
i=1

whereas in the stratified bootstrap sampling case, P(sg,s1) = P(so)P(s1). We limit our-
selves therefore to describe the algorithm to compute P(s) for a generic bootstrap vector of
size n. Let

n! x?
Suley) == Y, . wyeZha>1,=<y<x (Ad
T = e n
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Clearly, P(s) = S,(n,n?s). Now, notice that

n! n! & 1
X = — = — N
Swbey) = n X il iy D IDY TN
11+ +zn—x j=0 12+ +z =x—j n
ll+ +ln y 12+ ‘Hn y_jz

n—l)”“ X ] n—l) 1
- ] — (A.5)
t2+~-~+i%:y—j2

n—1\"1& 1 o
:( ) ZﬁSn_l(x—J,y—Jz)-

n 10
This, together with the fact that
1/x!, ify=x*

S1(x,y) = ; (A.6)
0, otherwise

provides an efficient recursive algorithm to compute P(s) up to moderate sample size n.
The details of the computation for the purposes of this paper were as follows: we set the
maximum value of n to 200 and stored values of S, (x,y) as a matrix of size 200 x 200, for
each n. For n= 1, S (x,y) has nonzero values at the positions (i,i%), fori =1,2,...200 only,
c.f. (A.6). Then we compute S,(x,y) based on the value of S, (x,y) recursively through
(A.5). Each matrix of size 200 x 200, corresponding to one value of n, took around three
minutes to compute on a state-of-the-art computer®. In all, it took less than twelve hours
for compute all the values of S, (x,y) up to n =200. For each value of n, the probabilities
P(s) = S, (n,n%s) were extracted from the table for S, (x,y) and saved separately to be used

in the numerical examples.

*An [-Mac Intel Core 2 Duo 2.4 GHz with 2GB RAM.
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APPENDIX B

PROOFS IN CHAPTER IV

Proof of Theorem 13:
From (3.14),
~ 1 mo(C) _ mi(C) _
_ mo(C) ¢ ~c\ vt a§ +of
_m(c)P{<”0_“1> > (Xl_ 2 <0}+

/

+m1(C) P{ (ﬁg—,ﬂf)TZ_l (Xno+1 _ ‘aoc‘i‘ﬂlc) >0}

N J/

(1) =P{UTV <0}
=P{U+V)"U+V)-U-V)I(U-V)<0}

=P{(2)" 2y~ (25)" Z5 < 0}

= Go (%)
where
U =s252(uf — if), v:z(s+4)—éz—i(xl—@),
Zy=U+V, Zi=U~V, Zo=1(25)"(z5)"]",

where s is defined as in (3.12). It is clear that U and V are p-dimensional Gaussian random

variables with dispersion matrix /. As aresults, Z(l) and Z(% are also p-dimensional Gaussian



random variables with the means and covariance matrices as followings:

1 1

E[Z] =2+ (s+4)2) 2 (1o — ),

E[Z] = (2 —(s+4) )X 2 (o — ),

o o o B _So— 81
Z’Z&,Zg = 0pxp, ZZ(% =2(1 —l—P)Ip, ZZ% =2(1 p)lp7 where p = —s(s—}—4).
Similarly for (2)
(2)=P{(z))"Z = (Z})" 21 > 0} = G\(Z1).
Theorem 13 follows immediately.
Proof of Theorem 14:
From (3.15), we have
21 _ mo(C) mi(C)
E8] = ——=P{yc(X)=1| X ey} + ———=P{yc(X)=0| X €II
2] = iy PLVe(X) = 11X € Mo} + T PLye(X) = 0] X T}
(1)
1 nop no
+ 2(C) Y Y Ic—odey—o P{we(Xi) = 1 we (X)) = 1} +
=1 j£i ~~
(2)
no+n; no+np
+ ) le=oley=o P{we(X:) = 0,yc(X;) =0} +
i=ng+1 i ~~
3)
ng no+ny
+Y. Y Icp—ole(y—o P{we(Xi) = 1, we(X)) = 0}5+
i=1 j=no+1 ~-
(4)
ng no+ng

+y ) Ie(y=ole(jy=o P{Wc(Xi) = 0, yc(X;) = 1} |.

j=li=ng+1 a

(5)

164
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The term (1) is obtained using Theorem 13. Consider (2)

(2) = P{l[/c(Xi) = 1,Illc(X‘) = 1|Xl‘,X' € H()} with C(l) = C(_]) =0

= p{(ag - asye (x- M ) <o

(f5 — ﬂlc)TZ_l( j— M) <0[X;,X; € HO}
=P{U"V; <0,U"V; <0}
=P{(U+V) (U+Vi)—(U-V)"(U-V) <0,
U+V)T(U+V)) = (U -V)T(U-V;) <0}
= P{(Too)" Too — (Tio) " Too < 0, (Ti) " T — (Top)” Top < 0}

= Goo(Too)

where

where s is defined as in (3.12), and Ty = U +V;, Tgy =U —V;, Tgy =U +V;, Ty, = U — V.
It is clear that U, V;, and V; are p-dimensional Gaussian random variables with dispersion

matric /,. As aresults, Toio, i =1,2,3,4 are also p-dimensional Gaussian random variables.



Basic algebra gives us

1 1

(72 (s+4) 7222 (1o — ),
E[Top] =E [T = (2 — (s+4) ") 2 (1o — 1),

Zpy =g =2(14p(C)]

o
sl
S
I
&
S5
I

S0 — 81
Yo =Y =2(1—-p(C))I,, where p(C) = —————.
T020 T&) ( P( )) 14 P( ) S(S+4)
11 = F15 i, = Vo
We are to compute ZTOIO T3
- H + 1y
~C |~ T
x(z(s+4)525( j—% —EVJ> ]
s
=—
s+47

Ty, =E |(sTIZ72 (@ - A - EU ) x

~C |~ T
X (2(s+4)525(Xi—% —EV,> 1X; € T

! by oaly Vet
T s(s+4) 278G T AT

|
[\
™
B —

=Xy,

Ly 13 = Cov(U+Vi,U+V)) =Zuy +Zyy, +Luy, + Ly,

2(sy —
Gl I,
s(s+4) s+4

166
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I s =Cov(U+Vi,U=Vj) =Xy +Xuy, — vy, — Iy,
B 2s+4

=—»I>, =Y 3
s+4 7 Tio-Too”

ZTozovTéO = COV(U -V,,U — Vj) =Xy — ZU,V,- - Zij —i—Zthj

(s _ 2(s1—s0) /
s+4 s(s+4) b

So,
s 2(s1—s s
200+p),  Opxp <2s++f+\}sl(sTZ)>>IP peud
s s 2(s1—s5
Xy = . 2(1=p)I, i:flp <2S:44 - \}ﬁ)lp
2(1+p)Ip Opxp
: 2(1—-p)I,

Similarly for (3), (4), and (5):
3) =P{(T)" T, — (T3)" T3 >0, (1) T}, — (1) T}y > 0} = G (Thy),
(4) = P{(To))" Ty, — (T5) " T < 0, (T5)" T, — (Toy) " Tgy > 0} = Goi (Ton),
(5) = P{(To)" Ty — (T5) " T > 0, (T5)" T, — (Toy) " Ty < O} = Gio(Ton).

with

—_

o
=
]
=
~
—G
I
=
S5
I
=
4

I

(S‘% - (s+4)‘7)2‘%(uo — ),

E [lel] =E [Tlﬂ =E|[Iy| =E [T041] = (Si% +(s+4)72)E72 (1o — ),

—_
—_

ETII = ZTm = ZTOO‘

Theorem 14 follows immediately.

Proof of Theorem 15:

The same technique in the proof of Theorem 14 is applied for Theorem 15. From (3.16),
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we have
ny no
E[éclécz] m( ( Z ZICI OICZ =0 P{WCI( ) - 17‘VC2<X]) - 1}+
i=1j= (T)
no+nyp no+n
+ Z Z Iey (=01cy(j) P{‘VC1( Q)= OvWCZ(Xj):O];—I—
i=nog+1 j=np+1 ~~
(2)
noy no+ng
+) ) lei=oloy) —o P{we,(Xi) = 1, y, (X;) = 0} +
i=1 j=ng ~-
3)
1y no+ni
+Z Z ICz OIC1 OP{WCZ( )—LII/C](XJ'):O} .
i=1 j=ng ~~
(4)
Consider (1)

(1) = P{l//c1 (X,) = l,l[/CZ(Xj) = 1|X,',Xj c Ho} with C1 (l) = Cz(]) =0
~C| ~C|
—pr{(a" - af") 21<X,-— w> <0,
T 24
(85— af?) = (Xj %) < 01X, X; € Ty}
= P{U]V; <0,U] V, < 0}
= P{(U +V) (U + V) — (U —v)T (U = W) <0,
(Ur+ Vo)1 (Uy + V) — (U — V)T (U, — V5) < 0}
= P{(Fp)" Foo — (Fg) " Fio <0, (Fgo) Foy — (Foo) T Fopy < 0}

= Goo (Foo(C1,Ca, i, )



where

Ui =s(C)~ P2 (i

Vi =2(s(Cy) +4)" 22z (X,- -

Vo = 2(s(C5) +4)—1/22—% (X,-

~Ci\
_.ul )716
~C ~C
H01+N11

(1,2)

> >7Xi€HOa

1o + )

2 ),XjEHo,

Foo = [(Foo)" (Foo)" (Fao)" (Foo) 1"

gy =2(1+p(C)1p
2y =201+ p(C2)1y

L Fi =Lp3 Foly = Opxp

00 00

Basic algebra give us:

Z“U17U2 =

Xy, v, =

ro+rn

2C1( )

s(Cs(C) "

—ro+r1

\/S C1

I
5(G) +4)

z“Uz,V1 -

Ly v, =

2C2() —ro _|_rl

I,,
\/S C2 s(Cy) +4)

2C1(j)+2G(4)
ny

ro+r—

N COED
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-Vi ,F03O =U,+ V2,F6‘0 = U, — V. Basic algebra gives us
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Lp R = LUt T 0, TRy vy,

:( r0+r1 Zc;io(j)_”O"’rl "
\/s (Cy)s \/s (C1)(s(Cy) +4)
2C, (i) ) 2C1(j)+2C, (i)
ngy

—ro+ri N rotrn - )I
T ACGE) 18 Ve D) 1))

= Kpo1 (C17C27 la.])lp

Similarly,

ZF(}()’F“ =2u 0, — XU v, T XU~ Xv
2C1 ()

< ro+nr T_r0+r1 n
\/S (C)s(Cr) \/S (C)(s(C2)+4)
206, (i) o411 ro+ri 2C,(j)+2G(i)

ng

R T

= k002(C1,Ca,1, j)I,

Z“FOZO,F3 =20, T XU v — X — Iy,
2C,(j)

:( ro—l—r1 1o —ro+rq
V/s(C1)s \/s C)((C)+4)
2c2(> ot ro+ 1y — 2CL+26:(0)

\/S Cz s(Cy)+4) \/(s(C1)—|—4)(s(C2)—|—4)>Ip
= K003(C1,C2,i,j)lp,

Xr2 ma = Zonu — Lo, — L T I v,

e
_( ro+ri Crio(])_r0+r1
V/s(C1)s(Ca) \/s (C1)(s(Cy) +4)

2c2() 2C,(j)+2G (i)

—ro+r N ro+r— 0 )I
s C2 s(CH+4)  /(5(C)+4)(s(Cr)+4)/ "

= k004 (C1,Ca,1, j)I,.



So,
(L+p(Ci))p 0pxp

Lo (C1,Cain)) =

Similarly for (3), (4), and (5).

3)=P{(F)"F\ — (F) Fji >0, (F})"F,
(4) =P{(F))" F),

(5) = P{(Fo)" Foo—

2\F 2 3\T -3
— (Fo)" Fgy <0, (Fg))" Ky,

(1=p(C))Ip

2\F 2 3T 3
(Foo)" Foo > 0, (Fgo) " Fgo —
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Koo11p Koozl
Koo3lp Kooal
(1+p(C))I Opsp

(1=p(C))1p

- (F141)FF]41 > O} = GII(FII(C17C27i7.j)>7
— (F)FESy > 0} = Goi (Foi (C1,Ca,1, ),

(Fob)F Foty < 0} = Goo(For (G2, C1,4 i, 0))-

Fi1 and Fy; are 4p-dimensional Gaussian random variables specified as in Theorem 15.

Proof of Theorem 16:

The same technique in the proof of Theorem 14 is applied for Theorem 16. From (3.17),

we have
. nop no
E[éc&) = ZZIC o P{ye(Xi) =1, y(X;) =1} +
i=1j= (‘6
no+n; no+np
+ Y Y Iei—o P{we(X) = 0.y(X;) = 0} +
i=ng+1j=ng+1 N~
(2)
nog no+np
+Y ), Te=o P{ye(Xi) = 1, y(X;) =0} +
i=1 j=ng N~
3)
nog no+n

+Y ) Ic-

P{‘Ifc

)=0y(x) =1) |

i=1 j=ng

@)



Consider (1)

(1) = P{ye(X) = Ly(X;) = 1|X.,X; €Ty}, C(1)=0

b+ af
2

)

P{(as - asye (x

fo+ [y

(fo— )"zt (Xj -

= P{U'V <0,U] V, < 0| X;,X; € T}

<0,

= P{Ui+ V)" (U + V1) — (U1 =) (U = W)

) < O|Xi,Xj S H()}

<0,

(U2 —l—Vz)T(Uz —l—Vz) — (U2 — Vz)T(Uz — Vz) < 0’Xi,XJ‘ < H()}

where X; € Iy, X; € Iy, C(i) = 0, and

| 2 2 3 3 4 4
"My — (Mgo)" Mgy < 0, (Mgg)" Mgy — (M) Mgy < 0}

1€ 1 13€C
U= (@ - ) vi=2ay i (x - AL,
1 1
LN 3, 1\ 2 1 fo + iy
Uy=—+—) Z2(o—f1), Va=(1-7—+—] Z2(X;—
> <n0+n]) (Ho—H1), V2 ( o 4m> (] 2

and, Moo = [(Mgg)" (Mgy)" (Mgo)™ (Mgo) 17,

M(])O =U —|—V1,M§O =U; -V ,MSO =U, —I—Vz,MgO = U, — V. Basic algebra gives us

E [Mig] = |s72 4 (s +4) 72| 272 (o — pu),
I 1 1 1
E M) = |s75 = (s+4) 72 272 (o — pu),
- . -
1 1Y) 2 3 1\ 2
EM, =|—+— l——+— X
[ 0] (no+n1> +( 4ny 4n1)
- . -
1 1Y\ 2 3 1\ 2
EMY=—+—) —(1-4+— ¥
[ O] (n0+n1) ( 4n0 4n1)

2

N —

(‘U()—‘LL]),

(Mo — H1)-
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S0 — 51
s(s+4)

n
)y = I, = onl
e \/411()}11 —3n; +ng p = Polp

ZUI,VI = p(C)IP7 p(C) -

Ly

00

MS() = COV(UI + Vl 3 UZ + Vz) = Z[_[I’U2 + ZU1,V2 —+ ZUQ,Vl +ZV1,V2

1
~C  ~ 1 1Y 21,
((50+S1)7%27%(H0C—#1C)—EUl) (<—+—) X é(Ho—l~l1)—EUz)

ZUI,Uz =E
np np

no +nq
nony (so+s1) "

1

20(j)—1 1 3 1\

( 2ng +2n1>[(so+s1)( 4n0+4n1>] P
no+2n1C(j)—n1

- V/nony (4nony —3ny +ng)s

_\/ no+nj P
nony (so+s1+4)"7
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1
3 L\ 2 Ho +
-2 2 (X — —Ey, | X, X; H]
(( 4n0+4n1) <] 2 > V2>|l e

2C(H+1 1 3 1 B
=4 — ———+— Hl1——4— I
( / no * n1> {(S—i_ )( 4ng + 4ny >] p
B 4n0n11,~:j—2n1C(j)—n1—|—n0
\/nonl (4nony —3ny +no)(s+4) b

B —

5 no +ny 2n1C(j) —n1 +ng
1 3 =
Moo-Moo noni (so +s1) \/nonis(4nony —3ny + no)
no +ny 4nonili—j —2nC(j) —ni +no /
noni(s+4) * \/noni (s +4)(dnony — 3ny +np)
= Nooi!p
v \/ nony 2n1C(j)—n1+n0
1 4 — —
Moo-Moo (no+mn1)(so+s1) \/nonls(4n0n1 —3n1+ng)
no +n B 2n0n11i:j—2n1C(j)—n1—i—n0 I
noni(s+4)  \/noni (s +4)(4nony —3ny +np)
= Noo2lp
5 no +ny 2n1C(j) —ny +ng
2 3 = - —
Mao-Moo noni (so +s1) \/nonys(4nony —3ny + no)
no+nj 2n0n11,~:j—2n1C(j)—n1+no I
noni (s +4) V/noni (s +4) (4nony — 3ny +np)

= Noo3lp
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5 no +np 2n1C(j)—n1—|—no
2 g4 = - —
Moo-Maoo noni (so+s1) \/nonls(4n0n1 —3n;+np)
no +ny 2nonli—j —2nC(j) —ni1 +no /
noni (s+4) ~ \/noni (s +4)(4nony — 3n; +np)
= Nooslp
2(1+p(CO)I, Opxp Moot 002
5 2(1=p(C)I)p 1003 1004
Moo —
2(1+po)lp Opxp
2(1 = po)lp

Similarly for (2), (3), and (4):

(2) = P{(M]))"M], — (M7))MMF, > 0, (M7 )M, — (MT)M MY, > 0} = Gy (My1(Ci, j))
(3) = P{(My;)M Mg, — (M) M5, < 0, (M) Mg, — (Mg,)" Mg, > 0} = Got (Mo1 (C.i, )

(4) = P{(Mio)" My — (MT)M M3y > 0, (M) M3, — (M{y)" MYy < 0} = Gio(Mi0(C, j, 1))

M1, My, and M, are specified as in Theorem 16. Theorem 16 follows immediately.
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Proof of Theorem 17:
The same technique in the proof of Theorem 14 is applied for Theorem 17. From

(3.19), we have

Eledc] = Wf{wm — 1e(X) = 1X € Tlo} +
m
+ %p{wm 1 Ye(Xnge1) = 1]X € T} +
my(C) ? (B.1)
+r(r)1(—C)p!){W(X) =0,yc(Xi) = 11X € i} +
5
" mnla((?)pf{"’(x) =0,Yc(Xnp41) = 11X €11 }.

(4)
Consider (1)
(1) =P{y(X) =1Lyec(X;) =1|X, X, €Ip}, C(I)=0
— Pzt (x- P78 ) <o

nC . nC
" . _ s+
(as —pHTx 1(Xl——° > 1><O|X,X1€H0}

= P{U['V| <0,U] V5 < 0|X,X; € T}
I \T 1 2\T 2 3T 13 4\T 4
= P{(Kpp)" Koo — (Kgo)" Koo <0, (Kp)" Ko — (Kop) ™ Koo < 0}

= Goo(Koo)



where

K60:U1+V1, K§0:U1—V1,

K3y = Uy + V5, Kgy=U>— V5.

Ik k3, = Cov [Uy,Up| 4 Cov [Uy, V2] + Cov [V1,Up] 4+ Cov [V, V3],

00’

Zxi ki = Cov[Uy,Us] = Cov[Uy, Vo] + Cov [Vy, Us] = Cov [V1, V2],

ZKZ K3, —COV[U],UQ]—f—COV[Ul Vz] COV[V],Uz]—COV[Vl,Vz],

00’

ZKZ K& —COV[U],Uz] COV[U],Vz]—COV[Vl,U2]+C0v[V1,V2].

00>
—i—l COV[(A N nC _ nC\T
p» fo— ) (g —Ay)

1
1 1 1 1
no ni no ni
no+nj

= I
nonis b

:lH
w\»—

Cov[Uy,Us] = { —1/2(

177



178

Cov[Uy, Vs =
_1 T
1 3 nC nC
n
1
1 1 21 /1 1
zw () ()
n n 2 no ni
no+ni
nonl(s—|—4)
COV[Vl,Uz] =

1
1 1 2
[S ( +41’L()+4111)} o
1
1 1 21 /1 1
[s ( +4n0+4n1>} (2 (nl ”O)) P
. nop—ny
\/n0n1(4n0n1 +no+np)s

Cov [Vl ) V2] =

|
1 1 2
:2{(4+S)1/2 (14—%4-%)} Cov

1
1 1] 2 1 1
=2|(4+s) 2 (14— +— 2t )
{( +s) (+4n0+4n1>} ( 4’10—|—4’11> g

. nop—ny
\/nonl (4non1 +nop+ nl)(s +4)




no+n no+ny
)y = —_—
KG0-K5o (\/ nonis + \/n()nl (s+4) *

n no—ni n ny —ni I
Vnoni (dnony +no+ny)s  /noni (dnony +no+ny)(s+4) P
1 1 Ing+n ng—n
= (— + ) 0 ! + 0 . Ip
Vs Vs+4 nonp \/non1(4n0n1 +no+np)
= Cootlp
no+np no+ny
r = —y—
K0-Koo (\/ nonys \/nonl(s+4) +
no—nmn nop—n
+ - Ip
\/n0n1(4n0n1 +ng+ny)s \/n0n1(4n0n1 +no+ny)(s+4)
_( 1 1 ) no+n1+ nog—ny I
VS s+4 noniy \/n0n1(4n0n1 +no+np) b
= Coo2lp
no+ni no+ny
T = L
K30-K5o (\/ nonis + \/n()m (s+4) *

no—nj no —ni i
Vnoni (dnony +no+ny)s  \/noni (4nony +no+ny)(s+4) P

_(1+ ! ) ot "o 1 I
Vs Vs+4 nont /nomy (4nony +no+ny) ) "

= Goo3lp
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5 _ (ot motm
K5o-Koo — non1s noni (s +4)

no—nj no —np
+ I
Vnoni (dnony +no+ny)s  /noni (dnony +no+ny)(s+4)

_(i_ 1 ) no+ni ny —ny /
VS s+4 noni \/n0n1(4n0n1+no—l—n1) u
= Gooal
Similarly for (2), (3), and (4).
(2) = P{(K]))"K{, — (K}))"K}, >0, (Ki)) K}, — (Ki)) K]} > 0} = G11(K11(C)),
(3) =P{(Kg)) Ko, — (K5,)"K§1 <0, (Kg)) K3y — (Kiy)" Koy > 0} = Goi (Ko1 (C)),

(4) = P{(Kio) Ky — (Kio) Ky > 0, (Kio) Kiy — (Kio) Kiy < 0} = G1o(K10(C)).

K11, Ko1, and Kjo are 4-dimensional Gaussian random variables as specified in Theorem

17.
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