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Abstract of the Dissertation
Joint Analysis of Gene and Protein Data
by
Chen Ji
Doctor of Philosophy
in
Applid Mathematics and Statistics
Stony Brook University

2007

Early detection is critical in the successful treatment of life
threatening diseases such as cancer. A vital component of this re-
search is the identification and correlation of disease-related genetic
and proteomic biomarkers based on gene micro-array data and pro-
teomic mass spectra data from diseased and control subjects. Such
knowledge is crucial in discovering the underlying genetic disease

pathways, in drug development and in early diagnosis.

In this work, we first propose a quality control algorithm to
improve proteomic data acquisition from the mass spectrometer.
We then demonstrate a novel variance component approach for

biomarker detection and for population homogeneity examination.
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A major contribution of this thesis is the development of the scoring
method that would yield the predictive disease probability rather
than the traditional crude binary (yes/no) diagnosis. We present
the s-CART and s-RF classifiers - the improved scoring variants of
the binary classification and regression tree (CART) and Random
Forest (RF) classifiers. Finally, we illustrate the biological and
statistical process of integrating the genomic and proteomic data
through a human platelet study conducted at the Stony Brook

University Medical Center.
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Chapter 1

Introduction

1.1 (Genomics and proteomics

The fundamental working units of every living system are defined as
cells. All the instructions needed to direct their activities are contained within
the chemical DNA (deoxyribonucleic acid). Whilst DNA from all organisms is
made up of the same chemical and physical components, the DNA sequence is
the particular side-by-side arrangement of bases along the DNA strand (e.g.,
ATTCCGGA).

This order spells out the exact instructions required to create a particular
organism with its own unique traits. The genome is an organism’s complete set
of DNA. Genomes vary widely in size: the smallest known genome for a free-
living organism (a bacterium) contains about 600,000 DNA base pairs, while
human and mouse genomes have some 3 billion. Except for mature red blood
cells, all human cells contain a complete genome. DNA in the human genome

is arranged into 23 distinct chromosomes—physically separate molecules that



range in length from about 50 million to 250 million base pairs. A few types of
major chromosomal abnormalities, including missing or extra copies or gross
breaks and rejoinings (translocations), can be detected by microscopic exam-
ination. Most changes in DNA, however, are more subtle and require a closer
analysis of the DNA molecule to find perhaps single-base differences. Each
chromosome contains many genes, the basic physical and functional units of
heredity. Genes are specific sequences of bases that encode instructions on
how to make proteins.

Genes comprise only about 2% of the human genome; the remainder con-
sists of non-coding regions, whose functions may include providing chromo-
somal structural integrity and regulating where, when, and in what quantity
proteins are made. The human genome is estimated to contain 30,000 to 40,000
genes. Although genes get a lot of attention, it’s the proteins that perform most
life functions and even make up the majority of cellular structures. Proteins
are large, complex molecules made up of smaller subunits called amino acids.
Chemical properties that distinguish the 22 commonly occurring amino acids
cause the protein chains to fold up into specific three-dimensional structures
that define their particular functions in the cell. Whilst humans are estimated
to have between 30,000 and 40,000 genes potentially encoding 40,000 different
proteins, alternative RNA splicing and post-translational modification may in-
crease this number to in the region of 2 million proteins or protein fragments.
The constellation of all proteins in a cell is called its proteome. Unlike the
relatively unchanging genome, the dynamic proteome changes from minute to
minute in response to tens of thousands of intra- and extracellular environ-

mental signals. A proteins chemistry and behavior are specified by the gene



sequence and by the number and identities of other proteins made in the same
cell at the same time and with which it associates and reacts. Studies to ex-
plore protein structure and activities, known as proteomics, will be the focus
of much research for decades to come and will help elucidate the molecular
basis of health and disease. Specifically, it enables correlations to be drawn
between the range of proteins produced by a cell or tissue and the initiation
or progression of a disease state. As a consequence, the proteome is far more
complex than the genome.

In order to enable the diagnosis for an insidious disease producing few
symptoms in early stages, such as ovarian cancer, proteomics is employed to
detect the protein marker pattern from the database of proteomic mass spec-
trometry and to make a better understanding of the molecular mechanisms of
cancer development. Proteomics is a scientific discipline which detects proteins
that are associated with a disease by means of their altered levels of expres-
sion between control and disease states. It enables correlations to be drawn
between the range of proteins produced by a cell or tissue and the initiation
or progression of a disease state. Whilst humans are estimated to have be-
tween 30,000 and 40,000 genes potentially encoding 40,000 different proteins,
alternative RNA splicing and post-translational modification may increase this
number to about 2 million proteins or protein fragments.

Proteins, which carry out and modulate the vast majority of chemical
reactions that together constitute ’life’, are the direct links to diseases and
abnormalities. The proteome reflects both the intrinsic genetic program of the
cell and the impact of its immediate environment.

Proteomics is the study of proteins and one of its central themes is the



development of proteomic biomarker-based tests using easily accessible biolog-
ical fluids such as urine, blood, feces, sputum, and bladder or bronchioalveolar
lavage to identify potential diseases and to monitor the progress of certain

therapeutic treatments.

1.2 Microarray technology

A DNA microarray (also commonly known as gene or genome chip,
DNA chip, or gene array) is a collection of microscopic DNA spots, commonly
representing single genes, arrayed on a solid surface by covalent attachment
to chemically suitable matrices. DNA arrays are different from other types
of microarray. They either measure DNA or use DNA as part of its detec-
tion system. Qualitative or quantitative measurements with DNA microarrays
utilize the selective nature of DNA-DNA or DNA-RNA hybridization under
high-stringency conditions and fluorophore-based detection. DNA arrays are
commonly used for expression profiling, i.e., monitoring expression levels of
thousands of genes simultaneously, or for comparative genomic hybridization.

Arrays of DNA can either be spatially arranged, as in the commonly
known gene or genome chip, DNA chip, or gene array, or can be specific DNA
sequences tagged or labelled such that they can be independently identified in
solution. The traditional solid-phase array is a collection of microscopic DNA
spots attached to a solid surface, such as glass, plastic or silicon chip. The
affixed DNA segments are known as probes (although some sources such as
journalists will use different nomenclature), thousands of which can be placed

in known locations on a single DNA microarray. Microarray technology evolved



from Southern blotting, whereby fragmented DNA is attached to a substrate

and then probed with a known gene or fragment.

1.3 Mass spectrometry

The most widely used techniques for the characterization of proteins are
two dimensional gel electrophoresis (2-DGE), amino acid composition analysis,
peptide sequence tagging, and mass spectrometry (MS). In particular, the pro-
tein mass spectrometry technology, nicked named ”protein chips”, has given
a major impetus to proteomics being the sole high-throughput technology for
protein identification and sequencing. It spans the vast expanse of proteomics
and drug discovery. Three unique ionization techniques facilitated the char-
acterization of proteins by MS. One is electrospray ionization (ESI) [Fenn89]
where a liquid solution of the peptide is sprayed through a fine capillary held
at a high potential. This produces charged droplets that are then rapidly
desolvated producing charged ions of the peptide, which are in turn directed
into a quadrapole type mass analyzer. Another ionization technique, matrix-
assisted laser desorption ionization (MALDI) [Kar88], involves co-crystallizing
the sample with an organic matrix which strongly absorbs UV laser light. Upon
irradiation under vacuum there is an energy transfer from matrix to peptide
analyte, which produces gaseous ions that are typically measured by a time-of-
flight (TOF) mass analyzer. The advent of these ionization techniques has ex-
tended the application of MS to study proteins in complex biological systems.
The MALDI-MS method is one of the main contemporary analytical methods

reviewed at length in [Gev00]. Surface-enhanced laser desorption-ionization



(SELDI), oringinally described by [Hut93|, overcomes many of the problems
associated with sample preparations inherent with MALDI-MS. Chiphergen
Biosystems (Fremon, CA) has developed the SELDI PrtoeinChip MS technol-
ogy that brings to the field of proteomics a user friendly methodology. It is
rapid, highly sensitive and is readily adaptable to a diagnostic format. With
the help of these biological technologies and analytical methods, researchers
have been able to study the pathology of diseases and show a path to cure.
[Pet02] applied the SELDI technology for the early detection of ovarian cancer.
ILZR02] also applied SELDI to identify serum biomarkers for the detection of
breast cancer.

[Adam02] focused on the prostate cancer and [Wads04] the head and
neck cancer. A concise summary on proteomic pattern recognition methods
and their applications for early cancer diagnostics can be found in [Vee04]. De-
spite the rapid progress in proteomic mass spectrometry technology, there is
substantial room for improvement in the following areas: (1) high-quality ac-
quisition of mass spectra data and (2) identification of significant and meaning-
ful biomarkers. The most commonly used instrument for acquiring proteomic
mass spectra is known as ProteinChip Biomarker System - II (PBS-II). It has

relatively high sensitivity but low resolution and mass accuracy.

1.4 Thesis structure and overview

In Chapter 2, we present a new algorithm to improve the mass spectra
acquisition quality using PBS-II. Furthermore, we also propose a systematic

approach for examining the reproducibility of mass spectrometer results using



repeated measures ANOVA for point-wise reproducibility test and the random
field theory for multiple-test correction.

To date, many statistical groups have proposed various proteomic biomarker
identification strategies. Two notable ones were [Zhu03] where they pro-
posed a continuous marker detection method using the random field theory for
multiple-test correction, and [Yasui03] where they developed a data-analytic
approach to detect biomarkers based on peaks from mass spectrum only.

In Chapter 3, we propose a new strategy for significant biomarker selec-
tion by examining the total variance of each data point along the mass spec-
trum. Comparisons are made between the new strategy and those of [Zhu03]
and [Yasui03| using the head and neck data as an example.

In Chapter 4, we develop the scoring method that would yield the pre-
dictive disease probability rather than the traditional crude binary (yes/no)
diagnosis. We present the ss=CART and s-RF classifiers - the improved scoring
variants of the binary classification and regression tree (CART) and Random
Forest (RF) classifiers.

In Chapter 5, we examine how integration of transcriptomics and pro-
teomics improves efficiency of protein identification and study correlation be-
tween mRNA and protein expression for thoroughly selected group of genes.

Finally, we give the concluding marks and discuss future works in chapter



Chapter 2

Data Acquisition and Quality Control

2.1 Data acquisition

Ciphergen’s Protein Chip technology is the mot common pre-chromatography
step prior to mass spectrometry analysis. Patterns are derived from surface-
enhanced laser desorption and ionization (SELDI) protein mass spectra. The
most common analytical platform comprises a ProteinChip Biomarker System-
IT (PBS-II, a low-resolution time-of-flight mass spectrometer). We present a
new algorithm for PBS-II to generate a mass spectrum and show its advantage
by an example.

A typical SELDI experiment is illustrated in Figure2.1. Chip processing -
i.e., adding the protein sample, washing, adding the energy adsorbing molecule
(EAM). The chips are then processed in the mass reader where the bound
proteins are liberated by ionization, and fly through a ”time-of-flight” tube
where they separate based on mass and charge. The ProteinChip Software
then converts the TOF data to generate a mass spectrum profile. The two

useful formats for viewing the data are the raw spectrum and the grey-scale.
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Figure 2.1: ProtinChip SELDI Protocol (Modified by William
E.Grizzle,0.John Semmes et al. with permission from Ciphergen Biosystem,
Inc.)

SELDI

Readar

We always analyze the raw spectrum that has the markers (mass-to-charge
ratio or m/z values) as the horizontal axis and intensity as the vertical axis.
There are eight samples in each protein chip. The analytical platform PBS-II
fires a laser beam on the middle stripe on each sample repeatedly. Fach sample
can be accessed through 100 different positions: position 1 is at the bottom
and position 100 is at the top. The positions contain important information
are called "hot spots” and those contain no useful information are a ”cold
spot”. It is expected to fire the laser on the hot spots only, but it is impossible
because "hot spots” and ”cold spots” are not easy to distinguish.

To extract the information as much as possible from "hot spots”, PBS-II
fires the laser beam several times at each chosen position, and Ciphergen’s

ProteinChip software takes the average of all shots of chosen positions and the



Laser Beam

“Cold Spot”

“Hot Spot”

Figure 2.2: ”Cold spots” and "Hot spots”.

average will be the final mass spectrum of the sample. However, the average
of all shots is not good if the laser beam fired on too many ”cold spots”. The
garbage information is included and this is not acceptable. We use adjusted
mean to generate more accurate mass spectrum:

1) Eliminate the instrument noise. For PBS-II, the intensities without
sample on the protein chip are below 6.

2) Take the average of all shots between 25th percentile and 75th per-
centile at each m/z value. Example. Eight wild type rats are on one protein
chip. The laser beam starts firing from position 19 to position 79. The interval
between the starting position and ending position is 6. The laser will fire 15
times at each position. Therefore the total number of shots is 11*15 = 165.

The m/z range is (0, 20,000). There are many instrument noises at each m/z

10



Sample | M/Z = 5997.97 | M/Z = 8195.01
1 2% 59%
2 37% 15%
3 38% 25%
4 27% 0%
) 2% 4%
6 3% 8%
7 10% 0%
8 1% 3%

Table 2.1: Proportion of 165 shots that have intensities <6.

value.

For example, five samples have more than 10% shots below the noise level
at m/z = 5997.97 and 3 samples have same situation at m/z = 8195.01, more
than half of shots for sample number 1 are noises(Figure 2.3). We should not
use those noises to generate mass spectra.

After eliminating the noises, we take the average of shots between 25th
percentile and 75th percentile at each m/z. This algorithm considers only
those stable shots after excluding the noise with small intensities. Therefore
the mass spectra have higher intensities and are more accurate.

In Figure 2.4 Regular means taking the average of all 165 shots and
then subtract baseline. Improved means eliminating the instrument noise and
take the average of shots between 25th percentile and 75th percentile, finally

subtract the baseline.
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Figure 2.4: Comparison between the regular and improved methods on sample
3.
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2.2 Data quality control

In many mass spectrometry datasets, each protein serum sample is gen-
erated multiple times. If the spectra of the same serum sample are not re-
producible, we cannot trust them and do further analysis. One-way repeated
measure ANOVA is implemented to perform the reproducibility test.

Method. Suppose we have N protein serum samples, and the mass
spectrum of each sample contains intensities at M markers (mass-to-charge

ratio or m/z). The intensity of each sample has the model:
Vij=ai+0j+e5i=1,...,N,j=1,..., M.

where «; is the ith subject effect (random effect), 3; is the jth repeated
measure effect (fixed effect), and ¢;; is the random error.
The null hypothesis for test is that data is reproducible, which means the

repeated measure effects are equal.

Hy:01=02="=pn

It is rejected if
M Sw

F—
0 MSr

> Py v—n-1)

This test is performed at each marker. Considering the interactions among
markers, the multiple test correction should be done when we calculate the

F-threshold. It is derived by the Gaussian random field theory:

13
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where f is the threshold, « is the significant level, FWHM is the smoothing

kernel, v and w are the degrees of freedom. v = N-1, w = (N-1)(M-1).

Rat Age | Subjects | Replicates | Total

Inputs 4 19 A7
Classes 3 7 2
8 Weeks 22 2 44
10 Weeks 22 3 66
12 Weeks 22 3 66
14 Weeks 22 2 44
21 Weeks 22 3 66

Table 2.2: Description of rats data.

Example. Five groups of mass spectra are generated from twenty-two wild
type rats at their different ages, from 8 weeks to 21 weeks (Data is provided
by Department of Pharmacology, SUNY at Stony Brook. Table 2.2). Each rat
sample is divided into two or three equivalent parts and randomly assigned
to the ProteinChip arrays. The m/z range is from 0 to 20,000 and there are
about 13,500 m/z values for each sample. We will test if those two or three
replicates are reproducible for the rats at different age.

There are less than 40 out of 13,500 markers at which the null hypothesis
is rejected. Thus the data of rats is reproducible. However, when rats are 14
weeks, the mass spectra are relatively less reproducible than those of rats at
other ages. This difference can also be seen in the F-Map(Figure 2.5), where

the red line is the F-threshold by the Gaussian random field theory.
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Data Set | 1st d.f. | 2st d.f. | F threshold | No. Markers Reject HO
8 Weeks 1 21 26.85 0
10 Weeks 2 42 12.94 11
12 Weeks 2 42 12.94 2
14 Weeks 1 21 26.85 37
21 Weeks 2 42 12.94 3
Table 2.3: Result of the reproducibility test.
F - Map
40 :
26.85

i |‘ “ i i 8 weeks
0

12.94 [+ 4
mh u h‘mlllih A I.“ T . ﬂm‘ 18 weeks
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Figure 2.5: F-map of the reproducibility test.
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Chapter 3

Data Preprocessing, Biomarker Detection and

Classification

In this chapter, we will use the head and neck cancer data set (Table 3.1))
to illustrate the three steps in proteomic biomarker analysis. The flow chart
of the whole procedure is shown in Figure 3.1l

For biomarker detection, we developed a novel method based on vari-
ance analysis. In comparison with two previous methods, it improved the
classification results. We proposed a new classification method called major-
ity k-nearest neighbor which is better than the traditional k-nearest neighbor

method. A new classifier combination scoring system is also developed.

Head & Neck Data Set
M/Z Range 0 ~ 100,000
# M/Z 34,378
HSNCC 73
Normal Control 76
Blinded 49

Table 3.1: Head and neck cancer data.
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Figure 3.1: Flow chart of the proteomic mass spectrometry analysis.

3.1 Data preprocessing

Preprocessing is an important step for mass spectra based data analysis.
The goal is to remove experimental noise and adjust mass spectra baseline.

1) Calibration and smoothing. Each original mass spectrum has to be
externally calibrated to be in the same coordinate system and to be smoothed
via a Gaussian filter.

2) Baseline subtraction. Eliminate the baseline signal caused mostly by
chemical noise from matrix molecules without contamination of true protein
or peptide peaks. The result is a spectrum with a spectrum with a baseline
signal hovering slightly above zero with protein peaks maintaining their true
intensity.

3) Normalization. Adjust for the system effects between samples due to

varying amounts of protein or degradation over time in the sample or variation
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in the instrument detector sensitivity. Each spectrum is divided by the average

intensity.
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Figure 3.2: Data preprocessing.

In the head and neck cancer study, each raw mass spectrum consists of
34,378 mass-to-charge ratios (m/z values) ranging from 0 to 100,000. The
m/z range of 2,000 to 20,000 is selected because the lower MS range is too
noisy and the signal is too sparse in the higher MS zone. These mass spectra
were also standardized and smoothed using the method developed by Zhu and
colleagues (2003, Figure [3.2). Now the mass spectra are aligned on a common

scale and ready for the next two steps of analysis.

3.2 Biomarker detection

We will present three algorithms. All of them are based on the statgram.
Method 1 detects the biomarkers over the entire m/z range. Method 2 employs
a peak detection algorithm and look for the significant biomarkers at the peak

with maximum intensity. The focus of Method 3 is on those disease related
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markers that highly appear in the peak region. The new biomarker is the
peak area instead of a single marker intensity. This method is applied by
the variance component analysis. In the last section Head and Neck data is
investigated by the three methods. There are 73 samples that have head and
neck squamous cell carcinoma (HNSCC) and 76 are normal control. In the
validation set, 49 samples (22 HNSCC and 27 control) will be classified using
the detected biomarkers.

Method 1.Zhu’s continuous biomarker approach. (1) Statgram(t-Map). A
two-independent samples t/z test was performed at each m/z value to compare
the intensities between the two training samples (disease and normal control).
The null hypothesis is that the intensities are equal between the two groups
for each particular biomarker, and the alternative one is they are different.
For each biomarker, we calculated a test statistic (t value) and then generated
the t-Map by t values versus m/z values. Suppose n; and ny samples are
drawn from the disease group (X) and the control group (Y) respectively. The
samples are independent within and between groups. At each biomarker, m,

the test statistic t(m) is

X(m) —Y(m)
V/St(m) /i + S3(m) /ny

t(m) =

where X (m), Y (m), S?(m) and S2(m) are the sample means and variances of
the training samples. When both samples are large ( n; > 30 andny > 30), by
the central limit theorem the test statistic followed approximately the standard
normal distribution under the null hypothesis. Because the mutiple tests are

performed, there is also a false positive problem. Namely, we need to determine
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a suitable significance level for each test such that at least 95% of all significant
differences identified are real. Traditional methods as Tukey or Bornferroni
tend to be conservative. Thus a less conservative correction method is applied

based on Gaussian random field theory. The threshold t is given by

OOF(UTI) u? o1 K+Vin2) 2 _un
- IS WAL AL S S
« /f rey ) T Ewmn )

where « is the corrected experimentwise error rate, u and v are the degrees
of freedom of F statistic, f is the threshold of the test and FWHM determines
the Gaussian kernal and it is a constant indicating the number of biomarkers
averaged in the smoothing.

(2) Stepwise Discriminant Analysis. It begins like forward selection with
no variables in the model. At each step the model is examined. If the variable
in the model that contributes least to the discriminantory power of the model
as measured by the following rule fails to meet the criterion to stay, then the
variable is removed. Otherwise, the variable not in the model that contributes
most to the discriminantory power of the model is entered. When all variables
in the model meet the criterion to stay and none of the other variables meets
the criterion to enter, the stepwise selection process stops. During the process
of the stepwise selection, only one variable can be entered into the model at
each step. The selection process does not take into account the relationships
between variables that have not yet been selected.

Sequential F Test Based on a Fixed a Level is the rule. Suppose that
individuals belong to one of the two groups, Gy and Ga, and T = (z1,--- ,z,)’

represents a full set of p measurements (variables). Assume that the prior
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probabilities of group membership are equal and that, in Gy, T has a p-variate
normal distribution with mean vector fix, and positive definite covariance ma-
trix 3. The reference samples yield measurements zx; = (Tgit, -+, Thip)'s 0 =
1, ,ng, k = 1,2 with sample means z; and pooled sample covariance ma-
trix S, (ny +ngy—2 > p). Let A%q) be the corresponding g-variate Mahalanobis

distance between the two groups given by

A%y = (ngg) = faw) S (M) — Pa(e)))

And DP)) = (Z1() — Ta(g))"S(pq)(T1(g) — Ta(g))) is the usual estimate of A7 .

Test the sequential hypothesis H,) : A% = A7, 1),¢=0,1,---,(p—1),

(n1 +n2 — g — 2)mna(DY, ) — D))

Fo—
@ (g 4 ng) (4 ng — 2) + miny DY,

where I, is selected as the best subset either the full set or z, for which q
is the first step and Fg) < Fi_o(1,n1 +ny — g —2). The Monte Carlo results
showed that for a fixed « level between .10 and .25, it performs better than
the use of a much larger or a much smaller significance level.

Method 2. Yasui’s peak extraction method.

(1) Peak detection (Yasui, et al 2003). Define peaks by judging, at each
m/z point, whether or not the intensity at that point is the highest among its
nearest +N-point neighborhood set. Select the peaks above the noise level.
Count the total number of peaks at each m/z, in all samples, that are within
the window of potential shift for the m/z point. The m/z point that has the

highest total number of peaks within its window of potential shift is entered in
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the new m/z set as a calibrated m/z value. Construct the calibrated dataset
that consists of intensities of each sample that correspond to the points in
the new m/z set. For each sample i, and for each point in the new m/z
set, j, we take the maximum intensity of the sample i, among the intensities
corresponding to the window of potential shift for the point j, as the intensity
at the calibrated m/z point j.

2)Statgram (t-Map). Same as in method 1. The significant peak max-
imums are the new biomarkers. Classification example SELDI -TOF spec-
trometry ProteinChip system was used to screen for differentially expressed
proteins in serum from 73 patients with HNSCC and 76 normal controls. The
mass spectrometer is QSTAR which has high resolution. The data was prepro-
cessed. We applied the three methods to detect biomarkers on the 149 training
samples. There are 49 serum samples in the validation set, among which 22
are with HNSCC and 27 are normal controls. Support Vector Machines is
applied to do the classification and the sensitivity and specificity are reported.

Method 3. Marker selection via the variance component analysis. A good
biomarker must be in the peak area and related to the disease, which means
it can differentiate the disease group and the control group. We use the total
variance of all subjects and independent t/z test to detect the disease related
markers at peak

The idea behind the variance component method for marker selection is
that disease related biomarkers tend to have larger variance over the pooled
sample of control and diseased subjects than markers unrelated to the disease.
Suppose we have N subjects, among which n; are from the disease group and

ng are from the control group. The intensity for a subject at one specific
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marker is X;;,1=1,...,N,j=1,..., M, where M is the number of markers.

B
For a marker unrelated to the disease, it is sensible to assume that it
follows a common distribution for both the control and the diseased subjects

as follows:

X; ~iid(p, 0%),i =1,..., N(All subjects).

For a marker related to the disease, however, it is logical to assume that its

distribution differs between the two groups as follows:

Xi ~did(py,0%),i=1,...,n4. (Control)

X; ~did(ps,03),i =ny+1,...,N. (Disease)
Subsequently, the expected value of the sample variance is derived as

0%, for a marker unrelated to the disease.

N(ni0} + neo3) + ning(p — p2)?
NN = 1) ’

for a marker related to the disease.

E(S?) =

In the special case of 02 = 03 = 02, the expected variance for a marker related

to the disease is reduced to

2
E _ 42 nﬂh(ﬂl - ,u2)
(S2) =0° + N(N 1)

Thus the disease-related markers have larger variance and the discrepancy
is proportional to the squared mean signal intensity difference between the
groups. It is therefore, reasonable to apply the variance component analysis

to identify disease related biomarkers.
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Figure 3.3: Biomarker comparison.

The biomarkers selected by these three different methods are shown in
Figure 3.3. Method I is Zhu’s approach. Method II is by Yasui and colleagues.
Method III is our newly proposed method. The continuous markers (for Meth-
ods T and III) are not necessarily located at the most prominent peak region.

Yasui’s peak method selects peak apex as potential biomarkers only.

3.3 Classification methods

After selecting biomarker pattern in the previous section, we need to vali-
date the pattern by applying classification methods to distinguish the disease-
related group from disease-unrelated group.

Majority k-nearest neighbor (MKNN). MKNN classifier is a generalization
of the k-nearest neighbor classifier. The kNN classifier uses only one integer

parameter k. Given an input x € R"”, it finds the k nearest neighbors of x
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in the training set and then predicts the label of x as the most frequent one
among the k neighbors. Extended to multi-category case, the principle of KNN
is to use the majority vote of their labels to assign a label to x. MKNN extends
kNN by using the majority vote of a range of k rather than just one k.

Table 3.2/ shows that MKNN has sensitivity of 82% and specificity of 96%

which are much better than the results of original k-NN classifier.

Sensitivity | Specificity | Accuracy
Average KNN 68.18% 88.89% 79.59%
Majority KNN 81.82% 96.30% 89.80%

Table 3.2: Comparison of MKNN and classic kNN.

Multi-layer perceptron neural network (MLPNN). The multi-layer per-
ceptron is a hierarchical structure of several perceptrons, and overcomes the
shortcomings of those single-layer networks. It is an artificial neural network
that learns nonlinear function mappings. The multi-layer perceptron is capa-
ble of learning a rich variety of nonlinear decision surfaces. Nonlinear functions
can be represented by multi-layer perceptrons with units that use nonlinear
activation functions. Multiple layers of cascaded linear units still produce only
linear mappings.

General regression neural network (GRNN). GRNN is Donald Specht’s
term for Nadaraya-Watson kernel regression, also reinvented in the NN litera-
ture by Schioler and Hartmann. (Kernels are also called ”Parzen windows”.)
One can view it as a normalized RBF network in which there is a hidden unit
centered at every training case. These RBF units are called "kernels” and are

usually probability density functions such as the Gaussian. The hidden-to-
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output weights are just the target values, so the output is simply a weighted
average of the target values of training cases close to the given input case. The
only weights that need to be learned are the widths of the RBF units. These
widths (often a single width is used) are called ”smoothing parameters” or
"bandwidths” and are usually chosen by cross-validation or by more esoteric
methods that are not well-known in the neural net literature (Specht, 1991,
Rutkowski, 2004).

Support vector machine(SVM). SVM is a supervised learning method used
for classification and regression. The observed m/z ratio for the ith subject
X; € R". An binary classifier would be to construct a hyperplane separating
cancer subjects from normal subjects in this R™ space. The algorithm we
applied here is described by Chang and Lin(2003).

We calculate a score for each classifier. The score is usually a classification
probability and always bounded between 0 and 1. If the score is greater than
0.5, the subject is often classified as diseased, if a binary decision must be
given. If the score is less than 0.5, the subject is classified as normal. To
combine The decisions from the four classifiers, we take the median of the four
scores. The binary decision is derived following the same threshold of 0.5 using

the median score.

3.4 Results

The training set consists of 73 patients with cancer and 76 normal con-
trols. The training data is randomly split into two equal parts and we train

the classifiers using one part (37 of the cancer cases and 38 of the normal
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cases) and test using the remainder. We repeat this procedure for thousand
times. The average classification sensitivity and specificity are reported in Ta-
ble 1. We then train the classifiers using the entire training set and classify a
blinded data set of 49 subjects. The prediction sensitivity and specificity for

the blinded data are shown in Table 2.

Training Method I Method II Method III
Classifier Sen Spe Sen Spe Sen Spe
MKNN .82 .89 .84 .96 .75 .96
GRNN 91 78 .93 .93 .96 .93
MLPNN 91 .85 .93 .95 .89 94
SVM 91 .89 .93 .93 .93 .93
Score .87 91 .96 .96 .92 .95

Table 3.3: Training classification via cross-validation. Method I is Zhu’s ap-
proach, Method II is Yasui’s and ours is Method III. ”Sen” = ”Sensitivity”
and ”Spe” = ”Specificity”.

Testing Method 1 Method II Method III
Classifier Sen Spe Sen Spe Sen Spe
MKNN .82 .89 .82 .96 .82 .96
GRNN .86 .78 .86 .81 .82 .89
MLPNN .86 .89 .86 .81 .86 .89

SVM .86 .85 .86 .73 .86 .96

Score .86 .85 .86 .81 .86 .96

Table 3.4: Testing classification on blinded data(information disclosed after
analysis). Method I is Zhu’s method, Method II is Yasui’s and ours is Method
I1I.

For the training dataset, our method is better than the other two for

GRNN only. However, for the testing data using blinded subjects with a

sensitivity of 86% and a specificity of 96%.
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3.5 Extension to multiple-group classification

Our approach can be easily extended to the multiple-group classification
problem. For example, if we have two disease stages and one set of normal

control, a marker unrelated to the disease would be
X; ~iid(p,0%),i=1,...,N = nj + ny + nz(All subjects).

If a marker is related to the disease, then we have

X; ~did.(py,02),0 = 1,...,ny. (Disease Stage 1)
X; ~did.(p9,03),i =ny + 1,...,ny +ny. (Disease Stage 2)

X; ~iid.(u3,03),i =ny +ny+ 1,..., N. (Normal Control)

The expected sample variance of a disease-unrelated marker is 2. The ex-

pected sample variance of a disease-related marker is
E[S?] 202+i[*} > o?
" N

where

[*] = m [nz(ul — p2) +na(p — M3)r
+ng [nl(ﬂ2 — 1) + na(pe — M3)} 2
+ng [nl(N?) — 1) + na(ps — M2)} 2
In summary, we propose a novel approach to identify proteomic biomark-
ers using the variance component analysis method. Our approach is suitable to
not only two-group but also multi-group classification. Furthermore, it can be

utilized to examine the consistency between the known data and the blinded
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data by comparing the pooled-variance at each marker between the testing
and the training data sets. This would indicate whether it is reasonable to

classify the training data using the given testing data.
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Chapter 4

Scoring Method for CART and Random

Forest

The tree based classification and regression method is called CART. It
learns to extract the hidden patterns in the training data and can provide
the predictive information for the future data. Random Forest(RF) combines
many classification trees. Conventionally those two classifiers give binary clas-
sification results. In this chapter, we first introduce CART and RF briefly in
Section 4.1/ and Section 4.2. Then the scoring methods to improve those two
classifiers are presented in Section 4.3. In Section 4.3.2, we compare and show

the results.

4.1 Classification and regression trees

Basically CART has two steps: recursive partitioning to grow the tree,

and prune to select the correct size of the tree.
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4.1.1 Tree growing

The the tree growing step of CART is a top-down divide-and-conquer
procedure. A binary decision tree will grow by learning the hidden pattern of

the training samples.

Require node n, dataset D, split selection measure v
Build classification tree T’
1. GrowTree (Node n, dataset D, split selection measure v)

2. If n meets the stop criteria

3. label of n <= the majority class label of D;

4. Else

5. apply v to D to find the “best” split attribute ¢ for node n;

6. partition D into D, D, by ;

7. create children nodes n; with D;; n, with D,;

8. label the edge (n,n;) with predicate g(n,n;) and (n,n;) with
predicative ¢(n,n,) based on split attribute ;

9. GrowTree (ng, Dy, v)

10. GrowTree (n,, D,, v)

11. End If

12. End GrowTree;

Table 4.1: Recursive tree growing schema for CART.

In Table4.1/n is the input root node and D is the training data set. CART
generates a binary tree. This schema shows only two children after each split.
But it can be modified slightly to describe other decision algorithms (CHAID,
ID4.5, FACT) that can generate multiple children at each split.

The split selection method v takes a very important role in tree grow-
ing. There are over ten different methods. The most general used are En-

tropy /Information gain, Gini Index, Gini Ratio and Marshall Correction [Min89].

1. Entropy/Information Gain
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Entropy /Information Gain is used by Quinlan in ID3, IDj.5 decision

tree.

Entropy for a node T is
J
entropy(T) = = Y _{P[j|T] -log(P[j|T])} (4.1)
j=1

Where T is the node. J is the number of response categories. P[j|T] is
the probability of observing an outcome as the j** category in node 7.

(0-log0=0.)

Information Gain (IG) of a split at node 7" is

IG(T, X, Q) = entropy(T) — » {Plan(X)|T] - entropy(Ty)}  (4.2)

I

Where X is the split attribution. @) is the branch set of node T" on the
split attribution X, which will leads the child nodes generated from node
T. K is the child number of node T (e.g. in binary split, it is 2). T
is the k' child node. P[g,(X)|T] is the probability of descending to the
k" branch from T

. Gini Index

Gini Index is also called Gini Diversity Index. It is the main split algo-

rithm used in CART.
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Gini Index for a node T is

gini(T) = 1-Y _ P[j|T] (4.3)

J=1

Gini Index of a split at node T is

K

GI(T, X, Q) = gini(T) = Y {Pla(X)|T]- gini(Ti)}  (4.4)
k=1
In Eq. (4.3) and Eq. (4.4), all legends are same as Eq. (4.1) and Eq.

(4.2).

. Gini Ratio

Gini Ratio is developed and used to counteract the bias caused of un-
balanced data [Qui86].

Gini Ratio of a split at node 7" is based on Information Gain, Eq. (4.2).

IG(T, X, Q)

GR(T, X, Q) = —
— WP pIX = 2 |T) - log PIX = a4|T]}

(4.5)

. Marshall Correction

In comparison to the Gini Ratio, Marshall Correction [Mar86] favors
attributes which split the examples evenly and avoids those that produce
small splits. It multiplies the splitting method by the product of the row

totals, x;.. Thus it will be the maximum when the row totals are equal.
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Marshall Correction

MarshallCorrection = % X % X o x EP (4.6)

Besides above four common split methods, there are several other methods
such as Misclassification rate, x? statistic, F' statistic, G statistic, Twoing
criterion, etc.

The stopping criteria of CART growing are as follows:

1. A certain tree depth is reached
2. The number of samples at a node is less than a predefined threshold
3. The node is pure: all samples in the node are in same category.

4. All potential splits of the node are nonsignificant, a F statistic as measure

is given:
SS/(n—1)
(SS;+ 5S,)/(n—2)

The tree depth, the leaf node size and the threshold for F' statistic are
control parameters to avoid overfitting a tree. The machine learning is the
ideal procedure to find such parameters through the study on the training

data.

4.1.2 Tree pruning

One should not make more assumptions than the minimum needed. Thus

the tree pruning is an important step. It means we require the tree as simple as
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possible. Usually the misclassification rate will decrease when the tree grows
but it will increase again if the tree continues to grow and gets too big.Figure
4.1

Pruning will use the Minimal Cost-Complexity criteria. The key is to
find the weakest-link cutting (WLC'). It generates a decreasing sequence of
subtrees: 17 = 15 = T3 = --- = t; where t; is the tree which contains the root
node only. It has been proved that the results are the minimum cost subtrees

for a given number of terminal nodes [Bre&4].
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Figure 4.1: Tree pruning for head and neck cancer data.

The cost-complexity measure R, (7T) is defined as:

R.(T) = R(T) + o|T| (4.7)

where R(T) is the misclassification rate of tree T, |T| is the number of leaf

nodes. It is also considered as the tree size and « is the complexity cost.
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There are two methods for seeking the minimal cost-complexity.

e Independent testing samples, if an independent data set is given, or the
original training data set is big enough to draw out a independent testing

set.
e The v-fold cross-validation method, if the data set is small.

When the best tree is found by the tree growing and pruning, its mis-
classification rate can be given by resubstitution error rate R™(7T'). A crite-
ria to estimate the variance of the error rate is 1 SE Rule: SE(R“(T)) =
[R*(T)(1 — R*(T))/N5]*/2. This rule can also be used to select the right size
tree. The purpose of the selection is (1) reduce the instability in pruning;
(2) select a simplest but accuracy-comparable tree. [Bre84] gives more detail

decriptions.

4.2 Random forests

A random forest is ”a classifier consisting of a collection of tree-strutured
classifiers” [Bre0Ol]. The random forest algorithm is based on CART and
bagging sampling.

Bagging sampling causes the first randomness of the random forests al-
gorithm. The second randomness is the variables for selecting the best split
in each tree. There are two methods of random forests, Forest-RI, which uses
a random input selection and Forest-RC, which uses linear combination of
inputs. The voting system is used for the multi-classifier system of Random

Forest.
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4.2.1 Bagging sampling

Bagging is the acronym of bootstrap aggregating. It was introduced
by L. Breiman in [Bre96]. In recent years, bagging became quite popu-
lar as the other sampling methods: boosting (including Adaboosting), v-fold
cross-validation, leaf-one cross-validation, randomization, etc. [Die00, HLO3,
HLBRO4, DF03]

It has two steps:

e sampling
Each tree is constructed on the different training data set, £(%). Each
training sample is drawn with replacement from the original training set,
L, about one-third of the samples are left out. The left-out sample will

be the testing data set, called out of bag(OOB) samples.

e voting

Suppose the predictor of the classifier is ¢(Z, £), the vote is

. avpp(F, LP))  y is numerical variable;
pp(T) =
votep(Z, LB)) y is categorical variable.

The Step 1 is the kernel and the first randomness in Random Forests.
In paper [Die00], bagging has been simplified only its first phrase, sampling
phrase. And that is been widely accepted. Accuracy and generalization error
(PE.) estimation are two major advantages of using bagging.

Out-of-bag (OOB) is the most exciting technique developed in Random

Forest, because it can be used for many purposes, such as generalization error
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estimation, outlier detection, variable importance rank, scaling coordinates,
etc. Each bagging sampling result contains only two third of original training
data set, and the left samples are organized together as OOB data set. Since
the error rate decreases as the number of tree predictions increases in combi-
nation, the out-of-bag estimates will tend to overestimate the real error rate
on the testing sample. In [Bre96|, the empirical study on error estimates for
the bagged classifiers shows that OOB is as accurate as using a test set of the
same size as the training set.

After generating hundreds of trees, random forest needs apply them pre-
dicting the new case. Each individual tree will classify the new case indepen-
dently. [Bre01] uses majority vote for gathering these internal predictions and
giving its final classification.

Besides the majority vote, the weighted vote can also be applied. It
applies the out-of-bag estimate on the combination of tree decision. Since
out-of-bag is an unbiased estimator, it is used in research for estimating the
strength of each tree [Bre96, Bre(l1]. In this thesis we take it as the weight

on voting to combine the prediction of the trees vote.

4.2.2 Random forests generation

Random forests is a multi-classifier system consists of numerous trees
as sub-classifiers (or internal classifiers). Each tree is a unpruned CART. The
advantage of using the unpruned tree than using a pruned one is decreasing the
correlation among tress. The unpruned tree has less strength but the reduced

correlation improves the final accuracy after combining all trees. Without
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pruning, each tree generation will be much simpler and quicker.
Tree generation is a partition process of each node. There are two ap-

proaches for split selection in each partition [LS97].

1. For the training data set, all possible splits on each independent variable
will be examined. The most impurity reduction split will be selected as
the best split and used for partition. There are many impurity measures,
such as Entroy/Information gain, Gini (diverse) index, Gini ratio, etc.

as discussed in Section 4.1

2. Split rule: f(X) < ¢, where f is a linear combination function. FACT
and QUEST are based on this split selection. Both of them use ANOVA
F-statistic to find the split variable, which F-statistic is largest. Then
FACT uses linear discriminant analysis (LDA), while QUEST uses mod-

ified quadratic discriminant analysis (m@QDA), to find out the split point.

Both above approaches seek the ”global” best split variable from all input
independent variables (denoted as M). Instead of that, seeking a ”partial”
best split will introduce the the second randomness of Random forests. At
each node, only a partial group of input variables is randomly selected to
find the split rule. They are called random features. There are two types of

Random Forests based on the complexity of random features:

1. Forest-RI is the simplest type of random features. At each node, A
"partial best split” is found by the impurity measure same as CART
from the selected group of variables. It recursively grows the tree until

the tree reaches the maximum size. The number of the variable F' in
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the group is pre-defined, usually log, M + 1. The selection space of

Forest-RI is CM.

. Forest-RC is suitable for the data set consists of a small number of in-
dependent variables M. There are two problems when using Forest-RC.
First, the chance of random feature repeat will be significantly increased
and it will reduce randomness. Second, the variable number in the group
(F) may take big fraction, which leads to much higher correlation. And

such will cause the accuracy reduction.

In Forest-RC, random feature is no longer a variable selected from the
group. It is a linear combination of several variables. Two parameters
are introduced to control the search scope, L and F. From the whole
independent variables M, L variables are selected randomly. Then in-
side these variables, F' coefficients is uniformly randomly picked from
the range of [—1, 1] and be used to compose the combination of the L
variables. Then we use the same idea of impurity reduction as in CART
and Forest-RI to find the best combination as the split rule. In [Bre01],

L is suggested as 3, and F' is suggested as 2 and 8.

4.2.3 Variable importance

Our study is not only limited to the considering of accuracy of predicting

a new case, but also on the importance of variables. Since OOB can be used

on the testing data set, we can derive variable ranking by removing the error

change from classification. That is, we permute randomly all values at variable

m in the OOB after each tree generation. We then classify new OOB on the
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tree to get the error rate. Repeat this procedure for all variable and all trees.
Then the variable ranking is the average of error rate on all tree.

The pseudo code of algorithm is given in Table 4.2l

When viewing the outcome of a variable, the value is the average of the
margin misclassification rate. This rate is raised by permuting the variable,
so it shows the variable role in classification. If the outcome is big, removing
it causes a high misclassification rate, and it plays an important role. On the

contrary, smaller outcome means a lower importance.

4.3 score-CART and score-Random Forest

4.3.1 From s-CART to s-RF

In [Bre84], Gini Diverse Index is used in CART as the splitting method
to construct the tree. However, there are several other splitting methods
[Min89] to grow the tree. Each splitting method has different strength and
will generate different tree. There is no significant advantage that one over
another in general data sets.

We design a new scoring method achieving the benefit from the perfor-
mance variance of different splitting method. It gathers and combines the
decisions from different CART to give the score. Using the same tree genera-
tion technique, it is derived as an internal multi-classifier system.

Some splitting methods are described in Section4.1.1. Similar as [Bre96),
Bre01], usually vote system will produce a more accurate classification than

that from each individual classifier. Also with the vote system, a probability
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Require tree number T'"N > 0, variables M, training sample size X,
category number of dependent variable C'

Ensure Variable Importance array 171), (1..M)

1. Variable Importance (tree number T'N, variable number M)

2. /* initialize: MFE is to save classification result;*/

3. /* times is to count the times of sample x been selected in OOB */
4. ME[X|[TN][M] = 0; times[X] = 0;

5. fori=1to TN

6. T1; < RF tree construction;

7. form=1to M

8. /* OOBJ |[m]: array of all OOB sample value at variable m */
9. OOB,, < randomly permute OOBJ |[m]

10. Classify OOB,,, on T, c[i, z] < predicted category for case x;
11. for allx such that x € OOB,,

12. M E[z][i][m] = c[i, z]; /*count as majority vote™/

13. times[z] = times[x] + 1;

14. end

15. end

16. end

17. form =1to M
18. forr=1to X

19.  /* initialize: cc is category counter to sum classification result */
20. cc[C] = 0;

21. fori =1to T'N

22. cc|[M E[z][i][m]] = cc[M E[z][i][m]] + 1

23. end

24. ct < true category of x

25. cm <+ maximum category in cc

26. Proportion|ct] = cc|ct]/times|x];

27. Proportion[cm| = cclem]/times|x];

28. /* for any m, summary the misclassification rate for all X */
29. VI[m] = VI[m] + (Proportion[cm] — Proportion|ct])
30. end

31.  VI[m]=VI[m]/X; /* average */

32. end

33. End Variable Importance;

Table 4.2: Variable importance schema for RF.
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will be generated from the votes.

Figure 4.2/ shows how the s-CART system works. In this thesis we adopt
Information Gain, Gini index, Gini ratio, and their Marshall Correction algo-
rithms as splitting methods. Six different trees are generated using different
splitting methods. When a new case is input, it will travel down all trees to
get the classification results.

Besides the majority vote to give the final classification of the case, the
probability will be also derived from the vote. it will be regarded as the score

in the scoring system.

Training Data
Split Split

Split
Method 1 Method 2 Method &
Vi { Y
Test Data
CART Tree 1 CART Tree2 |  ——-—-————— CART Tree B

- SR

¥ L
Glassiﬁcaﬁnn D @assiﬁcaﬁon 9 | Classification & }
I I

Majority Yoting of sub-classifiers

Classification with score
chch

Figure 4.2: s-CART mechanism.

The scoring method is more accurate because (1)it may generate different
scores for different cases even if they fall into a same node of a tree. They

may fall into a different node in another tree. (2)it utilizes more information
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from the internal characters of each case when achieving score. The cases
travel through several different CART trees and internal characters have been

checked and utilized for several times.

COB+5nlit COB+5plit
variahles variables

COB+5plit
variahles

Testing Data U {}
‘ 5-CART 1 s-CART 2 | ———————— 3-CARTH

""“-“--“-“---“--“-‘F“-“"“"“"“"“"-""“"“"“-“"“"““'

—.
{ Classification 1 Classification 2 } | Classification N

Score Random Forest I

Figure 4.3: s-RF mechanism.

chch

The score-Random Forest is developed based on score-CART. In the first
step, score-Random Forest applies the same OOB technique as Random Forest
in generating samples. Unlike Random forest, a score-CART is grown instead
of CART. Each s-CART will give a score as the classification result. The score
of the Random Forest is derived by taking the average on scores of all s-CART.
This is a simple idea but it builds on the strength of s-CART so that it has

more power on classification.
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4.3.2 Test results

We use the Head-Neck cancer data as the study object. The data is de-
scribed in Chapter 3. Forty seven biomarkers are selected by proteoExplorer? (See
the Appendix for the software manual).

In Table 4.3, the classification results are shown on the testing samples
of these different CART trees. s-CART takes the proportion of the vote as the
score. If the score is greater than 0.5 the subject has the disease otherwise it is
normal. Three samples are misclassified: the disease subject #38 is classified
as normal and the normal subjects #17 and #49 are classified as disease.
Table 4.4 shows the number of nodes and the classification accuracy of each

splitting method. s-CART combines all methods and gives the best accuracy

of 93.88%.

ID | Truth | entropy | index | ratio | entropy™ | indext | ratiot | s-CART
1 1 1 0 0 1 1 1 0.667
2 1 1 1 1 1 1 1 1
3 1 1 1 1 1 1 1 1
4 1 1 1 1 1 1 1 1
) 0 1 0 0 0 0 1 0.333
6 0 0 0 0 0 0 0 0
7 0 0 0 0 0 0 0 0
8 0 0 0 0 0 0 0 0
9 0 0 0 0 0 0 0 0
10 0 0 0 0 0 0 0 0

Continued on next page
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Table 4.3 — continued from previous page

ID || Truth | entropy | index | ratio | entropy™ | index™ | ratio® | ss-CART
11 0 0 0 0 0 0 0 0
12 0 0 0 0 0 0 0 0
13 1 1 0 0 1 1 1 0.667
14 0 0 0 0 0 1 0 0.167
15 0 0 0 0 0 0 0 0
16 0 0 0 0 0 0 0 0
17 0 1 0 1 1 0 1 0.667
18 0 0 0 0 0 0 0 0
19 0 0 0 0 0 0 0 0
20 0 0 0 0 0 0 0 0
21 0 0 0 0 0 0 0 0
22 0 0 0 0 0 0 0 0
23 0 0 0 0 0 0 0 0
24 1 1 1 1 1 1 1 1
25 0 0 0 0 1 0 0 0.167
26 0 0 0 0 0 0 0 0
27 1 1 0 0 1 1 1 0.667
28 0 0 0 0 0 0 0 0
29 1 1 1 1 1 1 1 1
30 1 1 1 1 1 1 1 1
31 0 0 0 0 0 0 0 0

Continued on next page
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Table 4.3 — continued from previous page

ID || Truth | entropy | index | ratio | entropy™ | index™ | ratio® | ss-CART
32 1 1 1 1 1 1 1 1
33 0 0 0 0 0 0 0 0
34 0 0 0 0 0 0 0 0
35 0 0 0 0 0 0 0 0
36 1 1 1 1 1 1 1 1
37 0 0 0 0 0 0 0 0
38 1 0 0 0 1 1 0 0.333
39 1 1 1 1 1 1 1 1
40 1 1 1 1 1 1 1 1
41 1 1 0 0 1 1 1 0.667
42 1 1 1 1 1 1 1 1
43 1 1 1 1 1 1 1 1
44 1 1 1 1 1 1 1 1
45 1 1 1 1 1 1 1 1
46 1 1 1 1 1 1 1 1
47 1 1 1 1 1 1 1 1
48 1 1 1 1 1 1 1 1
49 0 1 0 0 1 1 1 0.667
Table 4.3:  Classification results on testing samples of

different CART tree constructed by different splitting
method. ID is the testing sample index. entropy is Quin-
lan’s entropy/information gain method. indez is gini di-
versity index.
information gain with Marsﬂall correction. indexr™ is gini

diversity index with Marshall correction. emphratio™ is

ratio is gini ratio.

gini ratio with Marshall correction.

entropy™ is entropy




Splitting method Node Number | Classification Accuracy
Entropy/Information Gain 11 83.67%
+ Marshell Correction 23 87.76%
Gini Index 3 87.76%
+ Marshell Correction 13 91.84%
Gini Ratio 3 89.90%
+ Marshell Correction 13 91.84%
s-CART 64 93.88%

Table 4.4: Splitting method comparison for head and neck cancer study.

The score Random Forest is generated by running 200 score CART trees.
The average scores are reported in Table 4.5. In comparison with sCART, s-
RF misclassified one subject #38 and improved the accuracy. Table 4.6 shows
the comparison of eight classifiers in the head and neck cancer study. s-CART
achieves a better classification than a single CART tree while s-RF is better
than Random Forest. The average score gives s-RF the advantage to achieve

the best classification accuracy among the eight classifiers.

ID || Truth | CART | s-CART s-RF
1 1 1 0.667 0.84
2 1 1 1 0.74
3 1 1 1 0.69
4 1 1 1 0.78
5 0 1 0.333 0.47
6 0 0 0 0.20
Continued on next page
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Table 4.5 — continued from previous page

ID || Truth | CART | s-CART s-RF
7 0 0 0 0.03
8 0 0 0 0.02
9 0 0 0 0.00
10 0 0 0 0.41
11 0 0 0 0.46
12 0 0 0 0.37
13 1 0 0.667 0.74
14 0 0 0.167 0.10
15 0 0 0 0.12
16 0 0 0 0.45
17 0 1 0.667 0.39
18 0 0 0 0.09
19 0 0 0 0.25
20 0 0 0 0.03
21 0 0 0 0.07
22 0 0 0 0.01
23 0 0 0 0.43
24 1 1 1 0.58
25 0 0 0.167 0.31
26 0 0 0 0.17
27 1 1 0.667 0.83

Continued on next page

49




Table 4.5 — continued from previous page

ID || Truth | CART | s-CART s-RF
28 0 0 0 0.34
29 1 1 1 0.86
30 1 1 1 0.50
31 0 0 0 0.11
32 1 1 1 0.95
33 0 0 0 0.12
34 0 0 0 0.22
35 0 0 0 0.17
36 1 1 1 0.83
37 0 0 0 0.13
38 1 0 0.333 0.21
39 1 1 1 0.73
40 1 1 1 0.58
41 1 1 0.667 0.74
42 1 1 1 0.91
43 1 1 1 0.93
44 1 1 1 0.98
45 1 1 1 0.91
46 1 1 1 0.63
47 1 1 1 0.60
48 1 1 1 0.52

Continued on next page

20




Table 4.5 — continued from previous page

ID || Truth | CART | s-CART s-RF

49 0 1 0.667 0.38

Table 4.5: Comparison on head and neck cancer testing
samples by different method. ID is the testing sample ID;
CART is classification result by original CART; s-CART
is the classification result by score-CART; s-RF' is score

Random Forest classification given by this thesis.

Head Neck Data Set

Classifiers || Sensitivity | Specificity | Total Accuracy
MKNN 95.91% 88.89% 91.84%
MLPNN 86.36% 74.07% 79.59%
GRNN 86.36% 88.89% 79.59%
SVM 90.91% 85.19% 87.76%
CART 90.91% 88.89% 89.80%
RF 86.36% 92.59% 89.80%
s-CART 95.45% 92.59% 89.90%
s-RF 95.45% 100.00% 97.96%

Table 4.6: Comparison of sensitivity and specificity head and neck cancer
study on eight classifiers.
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Chapter 5

Correlation of Proteomic and Genomic Data

Only mRNA expression levels were considered for most of the pathway
models analyzed due to the lack of protein expression data [Bay02, Bay04].
Variables representing protein concentrations were either excluded or substi-
tuted with the corresponding mRNA expression levels. With the newly emerg-
ing LC-MS/MS technology, the protein expression data can now be readily ob-
tained [Banfi06], including from plants such as Arabidopsis thaliana [Sch05].
Since the technique is much more sensitive, significantly lower sample amounts
are required for LC-MS/MS than for 2-D protein gel electrophoresis. Our
gene-protein integration software module will enable the automated matching
of mRNA’s and their corresponding protein products. A fundamental and
pressing question is the correspondence of transcriptional responses (mRNA
level) to cellular protein abundance, which are also influenced by translational
and post-translational mechanisms [Gyg99, Cox05]. Quantification of the gene
product (mRNA and protein) correlation/concordance strength and their dif-
ference in abundance would offer a unique insight on how the information

encoded by a myriad of gene products is integrated at the molecular, cel-
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lular and organism levels. However, the few comparison studies published
[Gyg99, (Cox05] yielded inconsistent results.

The integration of gene and protein data would reveal the correspondence
of cellular protein abundance to transcriptional responses and provide insight
into molecular pathways that determine and link gene and protein expression
patterns.

In this chapter, we fist explain how to obtain the proteomic MS data and
gene microarray data (Section 5.1) and build the correspondence between the
gene and protein data using the human platelet example (Section 5.2)). In
Section [5.3 three correlations are calculated in correlation analysis. A codon
adaptation index(CAI) is also introduced as a tool to predict expression level
of a particular protein or a group of proteins(Section 5.4). In Section 5.5, we
propose a new method, use the triptic number to adjust the measurement of
protein abundance which is proved to be a useful method in improving the
correlation. Finally, we applied two techniques to do clustering protein-gene

pairs in Section /5.6.

5.1 Data acquisition

Mass spectrometric analysis. Platelet samples are drawn from four
different donors and then pooled for proteomic studies. They were completed
in duplicate using liquid chromatography coupled to tandem mass spectrom-
etry ( LC-MS/MS), in which the LC steps are interfaced with a fused silica
capillary to maximize peptide resolution and detection sensitivity by tandem

MS/MS.
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The mass spectrometric analysis was completed using a QSTAR Pulsar
i quadrupole-TOF MS (Applied Biosystems, Foster City, CA) equipped with
nano-electrospray source. The loading and elution of the peptides to and from
the cation exchange column, to the reverse phase column, and to the mass
spectrometer were fully automated, and individual sample runs were completed
in 24 - 36 hours. MS/MS acquisition was completed in a data-dependent
manner by operating the ion trap instrument using dynamic-exclusion lists.
Automated protein identifications were obtained using Pro ID Software 1.0
(Applied Biosystems) linked to the SwissProt database (Version XX containing
XXX proteins). Information provided by the MS analysis included: (1) protein
gi accession number, (2) run, indicating if it was found in the 1st or 2nd run,
(3) protein name, (4) confidence in the protein match, which is based on
the "distance to next” metric, and (5) number of spectral (peptide) counts
found which represents the total number of MS/MS spectra corresponding to
a particular protein accession.

Spectral (peptide) counts were used as a simple, semi-quantitative means
of establishing protein abundance among complex MS data sets [Cox05, Sand05].
All peptides with confidence levels greater than 70% were used for integrated
proteomic abundance determinations. To ensure compatibility between both
runs, spectral counts were normalized by global scaling to the average spectral
count detected per protein sample; spectral counts in each experiment were
then scaled to ensure compatibility across data sets. Platelet transcripts.

Gene Microarray analysis. Microarray data were derived from a sub-
set of previously reported mRNA profiles of human platelets [Gna03]. Platelets

were collected from volunteer donors (N = 5) by apheresis to obtain sufficient
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RNA for hybridization to the Affymetrix U133A gene chip (Affymetrix), and
expression data were analyzed using Genespring 7.0 software (Silicon Genet-
ics, Redwood City, CA). A transcript was considered ”platelet-expressed” if
it was "present” or "marginal” in 4 of 5 platelet samples. Using these strict
criteria, 1640 mRNAs were expressed at significant levels by platelets [Gna03].
Relative transcript abundance was established by rank-ordering the unique set
of non-redundant mRNAs by determining the mean normalized signal intensi-

ties across the individual arrays, using computational algorithms as previously

described.

5.2 Integration of gene and protein database

We use a comprehensive bioinformatic approach to integrate the platelet
proteomic and transcriptomic datasets as in Figure [5.1. Here we applied the
BLAST algorithm for sequence comparison. Figure 5.2/ shows it is a heuristic
search method that seeks words of length W that score at least T when aligned
with the query and scored with a substitution matrix. Words in the database
that score T or greater are extended in both directions in an attempt to find
a locally optimal ungapped alignment or HSP (high scoring pair) with a score
of at least S or an E value lower than the specified threshold. HSPs that meet
these criteria will be reported by BLAST, provided they do not exceed the
cutoff value specified for number of descriptions and/or alignments to report.
[Blal

Amino acid sequences for each accession number identified by LC-MS/MS

were downloaded from the NCBI database [Pru05](NCBI accession could be
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Figure 5.1: Platelet study: the process of establishing and integrating the

gene/protien database.
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The BLAST Search Algorithm
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Figure 5.2: BLAST tool.
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assigned to any sequence not for protein only). A total of 2,604 unique NCBI
protein accessions were identified during 2DLC/MS/MS analysis. Each se-
quence was queried against the protein RefSeq database for human using blastp
(protein-protein BLAST, identifying a query amino acid sequence and for find-
ing similar sequences in protein databases)program. The relative RefSeq se-
quences(NP ID) are used to build the protein database. 2416 of these have
RefSeq accessions by using blastp against the human NCBI RefSeq database
and 526 among them are unique.

The target nucleotide sequences for each Affymetrix probe set were down-
loaded from the Affymetrix analysis web database. 1640 of the 22,215 platelets
transcripts were represented on the Affymetrix U133A microarray. These
"non-full length” sequences were then used to download full length platelet
nucleotide sequences from RefSeq, a curated and non-redundant collection of
sequences representing genomic data, transcripts and protein citePru05. Full
length sequences were available for 1,603 of the 1,640 Affymetrix accessions,
of which 1,240 represented unique, non-redundant sequences. Those 1,240
sequences were used for all subsequent platelet transcript analyses.

Finally we derived two databases. The platelet protein database con-
sists of 526 sequences and there are 1240 sequences in the platelet nucleotide
database. Protein sequences were then queried against the platelet nucleotide
sequence database using tBlastN (in BLAST) which allow comparison of platelet
protein amino acid sequences to the six-frame translations of the platelet
nucleotide database. On the other hand, nucleotide sequences were queried
against the plate protein database using blastx which compares the six-frame

conceptual translation products of a nucleotide query sequence (both strands)
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Figure 5.3: Result of integrating platelet proteomic and genomic datasets.

against a protein sequence database.

As a result shown in Figure [5.3, 379 of 526 proteins (73%) have cor-
responding nucleotide reference sequences (E-value<0.001) while 511 of 1240
mRNA (41%) transcripts have corresponding protein reference sequences (E-
value<0.001). There are 143 sequences have the same match results between
nucleotide and protein references sequences as in NCBI RefSeq database for
human. The reported E-values provide an estimate of the statistical signifi-
cance of the match between protein and nucleotide or nucleotide and protein.
An E-value of less than 0.001 was considered statistically significant. Unless
other stated, all relational database analyses are derived using E-values<0.001.

For example, in the query using tblastN program, the sequence with Ref-
Seq accession NP_004479.1 has the same corresponding nucleotide sequence

as the sequence with accession NP_000164.3.(Table 5.1) However, the corre-
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sponding nucleotide accession of NP_004479.1 is NM_004488.1 in the full Ref-
Seq database. The nucleotide sequence with accession NM_004488.1 is not in
our mRNA database with 1240 sequences. Thus NP_000164.3 is one of the
143 sequences that has the same RefSeq match and NP_004479.1 belongs to

the subset with 236 protein sequences.(Table [5.1))

NCBI RefSeq Nucleotide  Actual Protein

Accession  Accession by tblastN  Match Name

gi3183011 NP _004479.1 NM_000173 NM_004488.1 glycoprotein
V precursor

gi1l21531  NP_000164.3 NM_000173 NM_000173  glycoprotein
Ib alpha

Table 5.1: An example of tblastn.

Similarly, Table 5.2 shows that if we start from the nucleotide sequences,
NM_000419 is one of 143 sequences and NM_003637 is among 368 sequences

which have not same match as in RefSeq database.

Affymetrix RefSeq Protein Actual Gene
Probeset No. Accession by blastX Match Name
216956_s_.at ~ NM_000419 NP_000410.1 NP_000410.1 integrin
alpha 2b
206766 _at NM_003637 NP_000410.1 NP_003628  integrin
alpha 10

Table 5.2: An example of blastx.

Both protein and mRNA sequences were transformed to reference se-
quences. If one reference sequence has multiple corresponding protein or
mRNA sequences, we take the average of those abundances. For instance,
four protein sequences with NCBI accessions gil13606, gil13607, gi113608 and

gi113609 have the same reference sequences with accession NP_000025.1. The

60



abundance of this protein sequence is 45 which is the average of four number
of peptide hits. ”1/2” in the column "Run” means peptides are found in both

two runs and the hit in the column 'No. of Peptide’ is the average.

NCBI accession RefSeq accession No. of Peptide Run

g1113606 NP_000025.1 58.5 1/2
gil113607 NP_000025.1 40 1/2
gi113608 NP_000025.1 46.5 1/2
gi113609 NP_000025.1 33 2

Table 5.3: Taking the average to get the final gene and protein abundances.

The protein abundances are denoted by number of peptide which is nor-
malized by the median of the experiment. The mRNA abundances are denoted
by the normalized signal intensities of the microarray gene chips. For the 143
genes, the protein abundances are ranged from 0.29 to 118.36 and the average

gene expressions of 5 platelet chips are ranged from 0.76 to 16.75.

5.3 Correlation analysis

We investigate the gene-protein correlation using three different meth-
ods: Pearson correlation, Spearman rank correlation, and the usual canonical
correlation. Among 143 gene-proteins pairs, there only 120 whose protein
abundances can be detected in both runs of proteomic mass spectrometer. To
calculate the canonical correlation, we will focus on these 120 pairs.

In Figure 5.5, neither protein nor gene data has normal distribution thus

we perform the Box-Cox transformation[Box64]:
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Figure 5.6: Box-Cox transformation of protein abundances.

Select A to maximize the logarithm of the likelihood function:
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where Z(A) = 23" | 2;()) is the mean of the transformed data.

In Figure 5.6/ and Figure 5.7, we notice that the mRNA data is normal
but the protein data is still not normal after the transformation. But we
can still calculate p-values and confidence interval for Pearson correlation and
canonical correlation by applying bootstrap method.

Before we calculate the canonical correlation, it is necessary to check the
reproducibility of the five microarrays and two proteomic runs for the 120

gene-protein pairs. Figure 5.8 shows there is a high correlation(0.9) between
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Figure 5.7: Box-Cox transformation of mRNA abundances.

the 2 runs for proteomic data generation, which means the protein data is
reproducible. In Table 5.4, we notice that the five microarrays correlate very

well. The correlations are all above 0.8 except those between 3rd array and

the others are above 0.7.

Array 1 | Array 2 | Array 3 | Array 4 | Array 5
Array 1 1 0.9154 | 0.732 0.9105 | 0.8076
Array 2 1 0.7636 | 0.9717 | 0.9168
Array 3 1 0.7178 | 0.8775
Array 4 1 0.8654
Array 5 1

Figure 5.9 shows the gene-protein correlation result using three different

methods: Pearson correlation, Spearman rank correlation, and the canoni-

Table 5.4: Correlation of gene data.
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Figure 5.8: Correlation of the protein data.
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cal correlation. It is evident that the Spearman rank correlation is the least
powerful and the canonical correlation is the most powerful. Even for the
same method, its correct and incorrect usage would yield drastically differ-
ent results. Figure 5.10 depicts the Pearson correlation for the platelet study
without the Box-Cox normality transformation Figure5.10a, with the normal-
ity transformation performed on both gene and protein data Figure 5.10b, or
with the normality transformation performed on the gene data only Figure
5.10c. Since both the gene and protein data were found to be non-normal, the
Pearson correlation without the normality transformation indicating that the
correlations are uniformly significant is incorrect Figure 5.10a. The Pearson
correlation with the normality transformation done on both gene and protein
data indicates that the correlations are uniformly insignificant Figure 5.10b.
The Pearson correlation with the normality transformation done on the gene
data only indicates that the correlations are uniformly significant again Figure
5.10c. So which one should we report? Although both Figure/5.10b and Figure
5.10c are correct, Figure 5.10b is too conservative because only one of the two
variables is required to be normal for valid statistical results. Thus the correct
answer is to report the findings in Figure5.10c - the Pearson correlation sorted
by the top genes are uniformly significant.

The canonical correlations aim to gauge the relationship between two
sets of variables directly. Canonical correlation is essentially the Pearson cor-
relation between the linear combination of variables in one set and the linear
combination of variables from another set. The pair of linear combinations
having the largest correlation is determined first. Next, the pair of linear

combinations having the largest correlation among all pairs uncorrelated with
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Figure 5.9: Pearson, Spearman and canonical correlations between gene-
protein expression data for the platelet study.
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Figure 5.10: Pearson correlation between the original gene-protein expression
data (a), the normality transformed data on both gene and protein (b) and
the normality transformed data on gene only (c).
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the initially selected pair is identified, and so on. The pairs of linear com-
binations are called the canonical variables, and their correlations are called
the canonical correlations. The first canonical correlation, which is often the
only significant one as in our case, is usually adopted to describe the inter-
class correlation. Here we will report the first canonical correlation, its test
statistic - Wilks’ Lambda, the equivalent F-statistic and the p-value. In our
study, there are five sets of gene microarray data and one set of protein LC-
tandem MS data. The Pearson correlation and the Spearman correlation can
only gauge the relationship between the protein data and one set of the gene
expression data (e.g. the average of the 5 sets of gene data). Thus they will
be influenced by the quality of all the data sets involved. If one set of gene
data is of poor quality and thus fail to reflect the true nature of the presum-
ably high-correlated mRNA-protein relationship, both Pearson and Spearman
correlation will be less than optimal. On the other hand, the first canonical
correlation (or its nonparametric counterpart based on the ranks) will be larger
than the largest Pearson (or Spearman) correlation between the protein data
and each individual set of gene expression data. Thus, as long as one set of
gene data is of good quality, canonical correlations will preserve and prevail.
In addition, the major Principal Components can be obtained to replace the
original variables to magnify the significance of canonical correlation.

Table 5.5 shows the three correlations for the 120 gene-protein pairs. The
Pearson and Spearman correlations are very small and not significant. The
canonical correlation is 0.53 with a significant p-value less than 0.01. We
will show the adjustment technique using the number of tripsin fragments in

Section 5.5, It improved the Pearson and Spearman correlations a lot.
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120 gene-protein pairs | Correlation | P-value

Pearson 0.02 > 0.2%*
Spearman -0.04 0.68

Canonical* 0.53 < 0.01*

Table 5.5: Correlation of 120 gene-protein pairs before the triptic adjustment.
* p-values are calculated by bootstrapping

5.4 Codon adaptation index

Codon usage could be used as a tool to predict expression level of a par-
ticular protein or a group of proteins. The degeneracy of the genetic code
enables the same amino acid sequence to be encoded and translated in many
different ways. Alternative codon usage is not purely random - systemic bias
of degenerate codon usage appears at different level of genetic organization. It
became accepted that biased codon usage could regulate the expression levels
of individual genes by modulating the rates of polypeptide elongation. His-
torically, the relationship between codon usage and protein/mRNA expression
has been most extensively studied in yeast2. To date, several gene sequence
- based computer algorithms are available to calculate the codon usage for
a particular organism or tissue (EMBOSS, Jcat and etc.) We applied codon
usage analysis to platelets to predict correlation between mRNA and protein
abundances.

Sharp and Li ([Sha87]) proposed to use CAI (codon adaptation index) to
evaluate how well a gene is adapted to the translational machinery. CAl is a
single value measurement that summarizes the codon usage of a gene relative
to the codon usage of a reference set of genes. A higher CAI value usually

suggests that the gene of interest is likely to be highly expressed.

70



50 highest platelet-expressed transcripts were taken as the initial refer-
ence set in our studies. We calculated CAI for 156 highest-expressed platelet
transcripts and for 156 lowest-expressed. [Wu05]

The CAI distribution of 156 highest-expressed platelet transcripts is left
skewed, and the median 0.77 is greater than the mean 0.76. Similarly, the CAI
distribution of the lowest-expressed platelet transcripts is right skewed, and
the median 0.73 is less than the mean 0.74.

The mean CAIs for these two groups of genes were 0.76 and 0.74 respec-
tively. The p-value of the two sample t-test is 0.003, which means the two

means are significantly different.
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Figure 5.11: Box plot of CAI for highest and lowest expressed platelet tran-
scripts.

At the protein level, we detected 22 proteins belonging to the group of
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50 highest-expressed platelet transcripts. For the lowest-expressed transcript
group only 12 proteins have been detected.

It is evident that for individual genes correlation between protein and
mRNA expression is low (number). Since correlation depends on the distri-
butions of both parameters compared, it is possible that different types of
transcript and protein abundances distribution Figure 5.11. It may indicate
also that our method of measurement of protein abundance (number of pep-
tide hits per protein) is not optimal for this type of analysis. In summary, CAI
analysis could be used as a tool to predict or compare protein expression levels
for a group of proteins, but requires extra caution if applied to individual gene

products.

5.5 Triptic adjustment

Trypsin is a serine protease found in the digestive system, where it breaks
down proteins. It is used for numerous biotechnological processes. Figure [5.12
shows the crystal structure of a Trypsin. In Figure 5.13, the tripsin fragments
of the protein Proflin are illustrated.

We use the number of peptide hits per protein to measure the protein
abundance in previous correlation analysis. This may not be optimal and
the tripsin cleavage enlightened us to make an adjustment. The new protein

abundance is the peptide hits divided by the number of tripsin framents.

1. Before triptic adjustment:

protein abundance = peptide hits.
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Figure 5.12: Crystal structure of tripsin.

Frofilin |1

. ! ! )

AT A el e D DT QDS AT VAT S A T TR T AE Y TV LW CRD RS SR M I LTLS (KSR

1 Ao Wl

PR A TR s PR TR T ] e (T D HERLTD AR AN 250

Trypsin cleavags sites

— Detected peptides

Figure 5.13: Example of triptic fragments for proflin.
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2. After triptic adjustment:
peptidehits

rotein abundance = :
P numbero ftripsin fragments

In Table 5.6, the Pearson correlation increases from 0.02 to 0.31 and
the Spearman correlation increases from -0.04 to 0.27. Both correlations are
statistically significant after the triptic adjustment. There is a small change

for the canonical correlation from 0.53 to 0.55 and it is still significant.

Before Triptic Adjustment | After Triptic Adjustment
Correlation P-value Correlation P-value
Pearson 0.02 >0.2% 0.31 <0.05*
Spearman -0.04 0.68 0.27 0.0014
Canonical 0.53 <0.01%* 0.55 < 0.01*

Table 5.6: Triptic adjustment comparison for the correlation of 120 gene-
protein pairs. * p-values are calculated by bootstrapping

A hypothesis testing on the change of the correlations is performed and
both p-values for Pearson and Spearman correlations are smaller than 0.01,

which means there are significant changes.

5.6 (Quadrant analysis and clustering

5.6.1 Quadrant analysis

First, the set of 120 proteins was ranked by the protein abundance and
the correlation was calculated by including the 15 highest-abundant proteins
and then decreasingly including the remaining 105 ones in order of abundance.
In Figure5.14, the top 18 highly abundant proteins have the maximum corre-

lation of 0.44 In the other hand, the set of 120 genes was ranked by the mRNA
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abundance(gene expression). The correlation was calculated by including the

15 highest expressed genes and then decreasingly including the remaining 105

pairs. As shown in Figure [5.15, the most highly expressed 20 genes have the

largest correlation of 0.84 with the proteins.
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Figure 5.14: Effect of highly abundant proteins on Spearman correlation coef-
ficient for mRNA and protein abundance in platelet. Top 18 highly abuandant

proteins has largest correlation of 0.44.

Then we can divide all 120 genes into four groups. It is shown as four

quadrants in Figure 5.16. The 18 most highly abundant proteins are in quad-

rant 1 and 2 and the 20 highest expressed genes are in quadrant 2 and 3.

Table 5.7/ shows that the three groups in Q1 Q3 and Q4 have very significant

correlations(p<0.01).
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Figure 5.15: Effect of highly abundant genes on Spearman correlation coeffi-
cient for mRNA and protein abundance in platelet. Top 20 highly abundant
genes has largest correlation of 0.84.

Quadrant | Number of Genes | Spearman Correlation | P-value
Q1 14 0.36 0.1015
Q2 4 0 0.54
Q3 84 0.33 0.0012
Q4 16 0.91 < 0.0001

Table 5.7: Correlations of the group in four quadrants.
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Figure 5.16: Four quadrants: Q1: highly abundant in protein but low abudant
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5.6.2 Clustering

Co-regulated genes (proteins) are expected to have correlated expression
patterns. Thus when submitted to the cluster analysis with a suitable thresh-
old for the similarity measure, they tend to be clustered together. Figure [5.17
shows the hierarchical clustering result. The distance between subjects is 1-r,
where r is the correlation between the gene and protein. The top nine cluseters
are illustrated in Figure5.18 and Figure5.19. Cluster 4 is the largest one with
92 subjects. The details for clustering is shown in Table 5.9. This is very

useful to biologists and chemists for further discussion.

ST 1T 1 TR e SO DR B 1 T i

Figure 5.17: Hierarchical clustering. average Link, distance = 1-r.
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Cluster | Symbol Name

1 EEF1G eukaryotic translation elongation factor 1 gamma

1 GDI2 GDP dissociation inhibitor 2

1 RAB11A Ras-related protein Rab-11A

1 ARPC3 actin related protein 2/3 complex subunit 3

1 ZNF185 heat shock 90kDa protein 1, beta

1 TUBAG6 myosin regulatory light chain MRCL2

2 CA2 carbonic anhydrase 11

2 UBE2L3 ubiquitin-conjugating enzyme E2L 3 isoform 1

2 ACTRS3 ARP3 actin-related protein 3 homolog

2 OSTF1 ras suppressor protein 1 isoform 1

3 GSTP1 glutathione transferase

3 RGS10 regulator of G-protein signaling 10 isoform a
PPBP pro-platelet basic protein precursor
TIMP1 tissue inhibitor of metalloproteinase 1 precursor

3 DNCL1 dynein light chain 1

3 MYL6 thymosin, beta 4

4 ALDOA aldolase A

4 F13A1 coagulation factor XIII A1l subunit precursor

4 GP1BA platelet glycoprotein Ib alpha polypeptide precursor

4 GSN gelsolin isoform a

4 NP purine nucleoside phosphorylase

4 PGK1 phosphoglycerate kinase 1

Continued on next page
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Table 5.9 — continued from previous page

Cluster | Symbol Name
4 SNCA alpha-synuclein isoform NACP140
4 TPI1 riosephosphate isomerase 1
4 GPX1 glutathione peroxidase 1 isoform 1
4 FKBP1A FK506-binding protein 1A
4 7YX zZyxin
4 SEPT7 cell division cycle 10 isoform 2
4 HSPCA heat shock 90kDa protein 1, alpha isoform 1
4 ACTB beta actin
4 ACTNI1 actinin, alpha 1
4 ARHGDIB | Rho GDP dissociation inhibitor (GDI) beta
4 CLIC1 chloride intracellular channel 1
4 ENO1 enolase 1
4 FHL1 four and a half LIM domains 1
4 FLNA filamin 1 (actin-binding protein-280)
4 GDI1 GDP dissociation inhibitor 1
4 HSPB1 heat shock 27kDa protein 1
4 ACTG1 actin, gamma 1 propeptide isoform 4
4 ARF3 ADP-ribosylation factor 3
4 RHOA ras homolog gene family, member A
4 ENO2 enolase 4
4 EPB49 erythrocyte membrane protein band 49

Continued on next page
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Table 5.9 — continued from previous page

Cluster | Symbol Name
4 FYN protein-tyrosine kinase fyn isoform a
4 GAPDH glyceraldehyde-3-phosphate dehydrogenase
4 LDHB lactate dehydrogenase B
4 MPP1 palmitoylated membrane protein 1
4 MSN moesin
4 MYH9 myosin, heavy polypeptide 9, non-muscle
4 PF4 platelet factor 4
4 PF4V1 platelet factor 4 variant 1
4 PFDN5 prefoldin 5 isoform alpha
4 PGAM1 phosphoglycerate mutase 1(brain)
4 PKM?2 pyruvate kinase 3 isoform 1
4 LEK pleckstrin
4 PRG1 proteoglycan 1
4 CCL5 small inducible cytokine A5 precursor
4 SH3BGRL SH3 domain binding glutamic acid-rich
4 SPARC secreted protein, acidic, cysteine-rich
4 THBS1 thrombospondin 1 precursor
4 TPM4 tropomyosin 4
4 TPT1 tumor protein, translationally-controlled 1
4 VCL vinculin isoform VCL
4 YWHAH tyrosine 3/tryptophan 5-monooxygenase

Continued on next page
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Table 5.9 — continued from previous page

Cluster | Symbol Name
4 TAGLN2 tyrosine 3/tryptophan 5 -monooxygenase
4 SNX3 sorting nexin 3 isoform a
4 SNAP23 synaptosomal-associated protein 23
4 ST13 heat shock 70kD protein binding protein
4 ACP1 acid phosphatase 1 isoform ¢
4 GSTO1 glutathione-S-transferase omega 1
4 PRDX6 peroxiredoxin 6
4 CAPZB F-actin capping protein beta subunit
4 LIMS1 LIM and senescent cell antigen-like domains 1
4 PCBP2 poly(rC)-binding protein 2 isoform a
4 PFN1 profilin 1
4 CTTN cortactin isoform a
4 CFL1 cofilin 1 (non-muscle)
4 ARPCI1B actin related protein 2/3 complex subunit 1B
4 TUBA1 tubulin, alpha 1
4 K-ALPHA-1 | tubulin, alpha, ubiquitous
4 TUBB4 tubulin, beta4
4 TUBB2 tubulin, beta2
4 MYL9 myosin regulatory light polypeptide 9 isoform a
4 CAPZA2 capping protein muscle Z-line, alpha 2
4 PCBP1 poly(rC) binding protein 1

Continued on next page
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Table 5.9 — continued from previous page

Cluster | Symbol Name
4 TLN1 talin 1
4 CAP1 adenylyl cyclase-associated protein
4 MRCL3 myosin regulatory light chain MRCL3
4 TALDOL1 transaldolase 1
4 YWHAE polypeptide
4 YWHAQ polypeptide
4 CALM1 calmodulin 1 (phosphorylase kinase, delta)
4 SUMO3 small ubiquitin-like modifier protein 3
4 STXBP2 syntaxin binding protein 2
4 HSPCB microtubule-associated protein, RP/EB family
4 MAPREL1 osteoclast stimulating factor 1
4 RSU1 coronin, actin binding protein, 1C
4 CORO1C EH-domain containing 3
4 MYH?2 cytochrome c
4 CYCS PDZ and LIM domain 1 (elfin)
4 PDLIM1 ubiquitin C
4 UBC smooth muscle and non-muscle myosin alkali
4 TMSB4 X peptidylprolyl isomerase A isoform 1
4 PPIA coactosin-like 1
4 COTL1 SH3 domain binding glutamic acid-rich
4 SH3BGRL3 | tubulin alpha 6

Continued on next page
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Table 5.9 — continued from previous page

Cluster | Symbol Name
4 MRLC2 ras homolog gene family, member C
4 RHOC tubulin, beta polypeptide
5 NP G-gamma globin
5 HBA1 alpha 2 globin
5 HBB beta globin
5 AKRT7A2 aldo-keto reductase family 7, member A2
) HBE1 actinin, alpha 1
6 LDHA lactate dehydrogenase A
7 TXN thioredoxin
7 PCMT1 protein-L-isoaspartate (D-aspartate)
8 CAPZA1 F-actin capping protein alpha-1 subunit
9 EHD3 myosin, heavy polypeptide 2, skeletal muscle, adult

Table 5.9: The gene symbols and names in nine clusters.
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Chapter 6

Conclusion and Future Work

This thesis has focused on the discovery of genomics and proteomics
knowledge by mining bioinformatics literature. In the last few years, there
has been a lot of interest within the scientific community to help sort through
this ever-growing huge volume of literature and find the information most rele-
vant and useful for specific analysis tasks. We extend and expand the available
knowledge and provide new strategy in device data acquisition, biomarker de-

tection, classifier combination and data integration.

6.1 Original contribution to knowledge

This thesis makes the following original contributions to knowledge:

1. A new data acquisition algorithm for proteomic ProteinChip SELDI
data.

2. F-random field theory to determine the threshold for the reproducibil-
ity test.

3. Majority k-nearest neighbor classification method. It loops over all
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possible values for k. Based on the Mahalanobis distance, it takes the majority
vote and improved the classic k-NN method.

4. Total variance analysis is a novel method to detect biomarker pattern.
In comparison with previous biomarker detection approaches such as stepwise
discriminant analysis and the traditional peak detection strategy, we found
that the new variance component approach can better distinguish cancer from
non-cancer cases with a sensitivity of 86% and a specificity of 96%.

5. Classifier combination to improve the classification result using the
new biomarker pattern.

6. Conventional CART and random forest are extended to s-CART and
s-RF. The scoring system improves the binary classifiers.

7. Integration of Gene and Protein Data in platelet. A significant corre-

lation is found.

6.2 Future works

In our study, the data set only has two groups, disease and normal. The
extension of the analysis to multiple disease categories can be achieved for
cross-sectional classification and longitudinal profiling. We can also correlate
proteomic markers with other covariates such as age and gender etc.

The limitation of the gene/protein database generation and integration
process is that it was done half manually and for one platelet study only. One
would have to repeat the entire time- and labor-intensive process for another
study. Thus our goal is to establish a customized software module automating

this process. For any future gene-protein integration study, the researchers
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Figure 6.1: Automated gene-protein integration system.

would have the freedom to access the module on-line and integrate their own
gene-protein database with ease.

Figure 6.1/ illustrated the flow chart of developing a fully automatic web-
based integration on matching gene-protein data. It will be done by co-
referencing the microarray data and LC-tandem MS (also referred to as LC-

MS/MS) data from the same study to the NCBI reference sequence database.
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Preface

M is a customized software for the analysis and visual-

proteoExplorerT
ization of large-scale proteomic mass spectrum datasets. The combination
of modern mathematical/statistical methodologies and advanced computer
graphical technologies provides the user with a novel environment for an infor-
mative and enjoyable data-mining experience. This user manual is prepared
for both the experienced data analysts as well as novice. Detailed data ex-
amples and screenshots are provided for each functionality. In particular, a
flow-chart of routine analysis and visualization procedures is provided to guide
new users. Behind this demo version, the software is still under development
to add more functionalities, to implement the latest-developed algorithms, and

to be more robust and user-friendly. We thank the State University of New

York at Stony Brook for sponsoring the development of proteoExplorer.

A.1 Introduction

Structure of proteoExplorer™
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Analysis Procedure

Step 1. Data Quality Control by Visualization

Use the visualization tool provided by the software to easily monitor the
mass spectrum individually, by group, among repeated measures or by any
other experimental factors. A simple function, taking the average of multiple
files or an entire directory, is also implemented in this step both for visu-
alization and for creating the desired average spectrum (for example, group
average). In this step, the user can (1) detect any abnormal-looking mass
spectra /outliers; (2) check reproducibility of repeated measures; (3) compare
group average spectra (e.g. the diseased group versus the control group); (4)
examine whether any processing steps such as baseline correction has been

performed.
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Step 2. Data Processing

Data Processing usually goes in the order of smoothing, baseline cor-
rection and normalization. In all cases, smoothing is necessary as the first
processing step to filter out noise. Depending on whether baseline has been
correction during the generation of the mass spectrum, which is implied by the
absence of negative intensity values in mass spectrum, baseline correction is
an optional processing step. Normalization should be performed on smoothed
and baseline corrected mass spectrum and also is necessary for all cases.

Use the Analysis — Preprocessing Window to (1) tune parameters for
each processing step by visualizing the effects of different parameters; (2) save
selected parameters into a profile; (3) apply the saved profile to datasets to be

analyzed and run the preprocessing batches automatically.

Step 3. Select Biomarker Type

The user can choose and generate two types of biomarkers for the ensuing
classification and prediction: Maximum Peak Intensity and Peak Area.

For the choice of Maximum Peak Intensity, one needs to generate the cor-
responding peak data using three sequential steps: peak identification, peak
refinement and peak alignment. The newly generated peak data will have two
measurements: peak center and maximum peak intensity (or peak area). In de-
tail, the steps of peak data generation implemented in proteoExplorer™ include:

(1) Peak detection: Detect all possible peaks by local maximums;

(2) Peak refinement: Refine peaks above the local noise level;
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(3) Peak alignment and generation: Align refined peaks across all spectra
in the data sets to be analyzed, and calculate the corresponding biomarker
value - maximal peak intensity.

If Peak Area is chosen, in addition to repeat all the steps for Maximum
Peak Intensity, one needs to select the area width in peak alignment and
generation.

This step is performed using the Analysis — Biomarker Detection Win-

dow.

Step 4. Classification/Prediction Analysis

Once the biomarkers are determined and/or generated from Step 3, one
can perform the ensuing classification and prediction analysis on the given
training/testing data sets. This is done with the Analysis — Classifica-
tion/Prediction Window.

Methods for choosing significant biomarkers include:

1) Z/T test

2

Total variance test

(1)
(2)
(3) Scoring system
(4) Clustering
(5) Stepwise Discriminant Analysis

Depending on the necessity, select all or part of the above methods to trim
the biomarker pattern. The final model is applied to the classification based

on the training data sets and the subsequent prediction on the testing/blinded

dataset. For the current test version, only option (1) is provided for simplicity.

106



The proteoExplorer™software implemented the following 7 classifiers
and each classifier will provide both binary classification outputs (e.g. 0 for
control and 1 for diseased) as well as scores indicating the disease-risk proba-
bilities for all testing samples.

The proteoExplorer™includes classifiers as following:

1) Marjority K-Nearest Neighbor (MKNN)
2) Linear Discriminant Analysis (LDA)

3) Logistic Regression (LOGIT)

5) Multiple Layer Perceptron Neural Network (MLPNN)
6) Support Vector Machine (SVM)

(
(
(
(
(
(
(7) Spherical Support Vector Machine (SSVM)
(

)
)
)
4) Generalized Regression Neural Network (GRNN)
)
)
)
)

8) Classification and Regression Tree (CART)

Our experience indicated that no single classifier is dominantly superior
to the others in protein proteomic data analysis. The performance of classifiers
depends to a large degree on the characteristics of the specific datasets. This
motivated us to combine the decisions from all classifiers for a unanimous and
more robust decision. Several approaches have been developed by our team.
In this test version, we have included the mean score approach to yield the
combined decision across all classifiers. In the output HTML file, you will
see the combined decision labeled as Averaged in the summary table of the
training data, and Combined for the prediction of the status of each subject

in the testing/blinded data set.

Step 5. Reading the Analysis Output

107



The final analysis output is in an html format for user’s review. It can be
opened by clicking on Analysis — Display Classification/Prediction Results.
There are four parts in the output.

(1) Analysis Profile;

(2) Summary of cross-validation Results based on the Training data;

(3) Classification Results on the Testing/Blinded Set;

(4)

4) Biomarker Pattern C significant biomarkers used for the classifica-

tion /prediction.

Step 6. Visualize Biomarker Pattern

Finally, the user can visually examine the set significant biomarkers used
in the above classification /prediction analysis by clicking on Analysis — Read
Latest Biomarker Pattern. Please note that you must open up some mass
spectra in the main window first. The biomarker pattern used in the latest
classification/prediction analysis will then be superimposed (in red vertical

lines) to the opened spectrum (spectra).

A.2 Visualization

A.2.1 Overview

Start the software by running ” proteoExplorer.bat”. The following is a screen

shot of the main Graphical User Interface with one spectrum loaded:
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The Main Window displays one single spectrum or multiple spectra. In
the Main Window, you can set up a target region and zoom in by clicking the
right mouse button, click the left mouse button to enlarge/move it and the
right mouse to shrink it. You may also click and drag the left mouse button
on the grey axes area to enlarge or shrink the spectrum.

In the Map Window which is linked to the Main Window, the user can
set (use the right mouse button), resize and move (use the left mouse button)
the yellow rectangular selection bar along the horizontal and vertical axes to
reveal details of the selected region in the Main Window.

The File Directory contains the directory of the file(s) opened.

The Display Toolbar (clicking or dragging by the left mouse button) al-

lows the user to look at each spectrum when multiple spectra are displayed.
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The Color Setting allows the user to change the color of a spectrum, click
Change Color and choose the desired color in the color panel.
The Transparency Toolbar is for the multiple spectra display, the trans-

parency is defined from 0 to 1.

A.2.2 Loading files

Open Single/Multiple File(s)
To open a single spectrum, go to File — Read Files, locate the directory,

choose the spectrum and click OK.

Pick files to READ from

1 1 1 ]
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My Documents @HNU%-M @HNSS&M
[E|HND27 b E|HNE57 b
e [E|HND28 b E|HNE60 b4
r‘ E|HN542 b E|HNE61 b
Favarites |
TR D
Filename [HNDO1.bd | e #F
FiIe-T\,rpesl*.{t}d,hin} j Cancel |

To open multiple spectra, press down the 'Ctrl’ button in the keyboard

when choosing the spectra.
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The spectrum is shown in both the Main Window and the Map Window.

prateoExplover

Flle Wisw Analysis Workspace Hep

Changa Coar [ﬂ'.‘pfﬂ'.?.ﬂ:.?:..IﬁfEfJ'ﬂEfl'":dﬁrw..’V:[fﬂ FHMIE0 O

[5T3 I il

Transgarency

Open an Entire Directory
To display all spectra in the same directory, click File — Read Files,
locate the directory and 'Ctrl” + A’ in the keyboard. All files in the directory

will be chosen and opened.
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Pick files to READ from
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The program will promote you to select color for all spectra to be opened.
They will be in the same color but you can change the color of any individual
spectrum later on by selecting that particular spectrum using the Display
Toolbar and then clicking the Change Color to reset its color.

Move the Display Toolbar below the Map Window to see each single

spectrum. The location of each spectrum can bee seen in the File Directory.

Id: fprotecExplorer/demodata/conrol/HNO01 ba

! fl

Alternatively, you can hold the ”Ctr]l” button in the keyboard and click

the left mouse to choose the desired spectrum.

A.2.3 Average files

Display and Output Average Spectrum of Multiple Files
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Choose File — Average Files, the average of all selected spectra will be
calculated and displayed in the Main Window. To take the average of all
spectra in a directory, choose the target directory and press 'Ctrl’ + A’ in the

keyboard. The File Directory will display that this spectrum is an average.

|awerage of same files starting with d.fproteoExplorer/demodatafcontralHMO01 bt

| i

Select File — Save Spec to save this average file.

A.2.4 Display features

Zoom In/Out
Left click to zoom in, right click to zoom out. To select a target region
in Main Window or Map Window, right click the mouse, hold it and drag the

yellow rectangular box to zoom in.

profeoExplorer ﬂ

File Wiew Anatyss Wiorkspace  Hep

Chan@a Coar
{81+
Tranzgarancy
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The target region is resizable in the Map Window by clicking and drag-
ging its edges using the left mouse button. To zoom out, simply right click
mouse continuously or click [R] button in the right down corner of the Main
Window. (The[R] button is also available in the Preprocessing sub-window
and Biomarker Detection sub-window.)

Move Spectrum

By moving the rectangular bar in the Map Window horizontally, the view

of mass spectrum in the Main Window will move simultaneously as well.

File Wisw Analyss  Workspate  Hep

Changa Coéar [ﬂ'."pfﬂ'.EDfi::'.lﬂl’F_‘fJ’l‘lEff’!ﬂﬂmi\’.[.’ﬂfl||-_'.-.ﬂ1 [}

(X I I
Transparency

Bring a Specific Spectrum to the front of Multiple Spectra
While holding "Ctrl” in your keyboard, left click the target spectrum will

bring it to the front among the multiple spectra on display.

Change Color
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The spectrum is displayed in white by default. The color can be changed
by clicking Change Color and choosing the color in the color panel.
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The color of the spectrum will change from yellow to green.

A.2.5 Display options

Single/Multiple - Spectrum Display
View — Multi Spec: Check this option to display multiple spectra in the
same time. The following example has three spectra on display. They are

colored green, yellow and red for distinction.
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The transparency can be tuned from 0 to 1 using the Transparency Tool-
bar. The transparency is 1 in the plot above, which means all three spectra

are shown with the same maximum clarity.

1.00
Transparency

By tuning the Display Toolbar, one can select a particular spectrum of
interest. In the following example, the green spectrum is the chosen spectrum
and its file name appears in the File Directory. By tuning the transparency
down to 0.2, the other unselected spectra (red and yellow) will fade away as

seen in the screen shot below.
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Change Display Order of Opened Spectra
View — Reverse Display Order: Change the display order. In the previ-
ous example, three spectra are opened and the colors are set in the order of

green, yellow and red. Thus the green one is always shown on top.
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Checking the Reverse Display Order will reverse the display order, which
means, the red spectrum will be on top and the green one will be on the

bottom.
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Hide/Show Grid

View — Show Grid: If uncheck this option, the grid will disappear.
Hide/Show Map Window

View — Show Map Window: The user may choose to show the Map
Window or not.
Reset View

View — Reset View: Reset View will set the spectra on display to the

their original scale.

A.2.6 Reset and start over

File — Unload Spectrum: Release one selected spectrum.

File — Reset: Release all spectra and back to the status when you open
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the software (with no spectrum on display).

A.2.7 Workspace

Save all the spectra opened in the Main Window and the display options such
as zoom, color and the transparency. By loading the workspace, it is convenient
to recover the display options without setting them again. The workspace is

in xml format.

A.3 Data analysis

A.3.1 Data preprocessing

To perform preprocessing, click on Analysis — Preprocessing in the manual
bar of main GUI to open the Preprocessing sub-window. The Preprocessing
sub-window has two parts, the top portion is for spectra visualization and the
bottom portion for preprocessing parameter selection. Preprocessing consists
of three sequential steps: smoothing, baseline correction and normalization.
In all cases, smoothing is a required first processing step to filter out noise.
Depending on whether baseline has been corrected during the generation of the
mass spectrum or not, which is indicated by the absence or presence of negative
intensity values in the mass spectrum, baseline correction is an optional step.
Normalization should be performed on smoothed and baseline corrected mass
spectrum and is also necessary for all cases.

Use the Preprocessing Window to (1) Open a single mass spectrum

and tune the parameters for each processing step by visualizing the effects
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of different parameter settings on the given spectrum; (2) Save selected pa-
rameters into a profile for the subsequent batch processing; (3) Choose the
dataset /folder one wish to format using the selected parameter setting; (4)
Apply the saved preprocessing parameter profile to the chosen dataset/folder

and format the entire dataset/folder using the given parameter setting auto-

matically.
- Preprocessing
File  Ludplay Opoons
Spec Display Window
¢ [Paraineler Seleclion—-- KE=lil [uu;:a T}
Description e 3
Tezxtbox *
Display Toolbar i Save Crofilo, . j
) Srnuullien w‘irldun(%)iﬂ.l]l]ﬂl] Srmuulh
Parameter Sett:lng i FImed ienacn [mJZJI;j . Easelne
Starting paint (m/zi[z000.0 Marmalize
i -

For the above 4 steps, the parameter setting steps (1 & 2) are done us-
ing the Parameter Selection sub-page; and the batch processing steps (3 &
4) are done with the Batch Processing sub-page. Details are given below.

First, we introduce the layout of the Preprocessing Window.

Display a single spectrum

File — Open Last Selected: the selected spectrum is highlighted when

122



multiple spectra are displayed in the Main Window, display that highlighted

spectrum in the Preprocessing Window.

I -

R ozl Sobe R Praprocessing
File Wisw Anzhss  Workspace  Heg

{ File  Displary Options

Prep steps; dfprotecExplorerfdemodataiontal HNEES. bt

Save Profia.. I

Smacther window m]E:.n:a Smaath |
Fitted length (miz) |3 Baselne |

Staring/Ending ports (rm‘z,‘lEEEIDD [z0000 Normalze
Changs Cowr | [ /protecExploreridemadaiconticlHNESD bt
| E I 1
Transarenty

File — Open New Spectrum: open a spectrum from the directory dialog
directly.

Display Options — Show All: show all spectra at each preprocessing step.
The current preprocessed spectrum is highlighted. In the following example,
one spectrum is smoothed with the parameter 0.003% and baseline corrected
with the parameter 3. The three spectra: raw, smoothed and smoothed base-
line corrected, are displayed simultaneously in the visualization window. One
can tune the Display Toolbar to highlight the desired spectrum.

The raw spectrum:
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The smoothed spectrum:
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The smoothed and baseline corrected spectrum:
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The preprocessed spectra with different parameters can also be displayed
simultaneously. By comparing those spectra, you can determine the best pa-

rameter profile.

Parameter Selection Page

Description Textbox: identify the spectrum, the preprocessing steps and
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the parameters.

Display Toolbar: select the target spectrum. It is highlighted and its
location will be displayed in the Description Textbox.

Parameter Setting:

Smoothing: input the percentage of all data points. It determines the
width of the Gaussian Smoother Window at each m/z.

Baseline Correction: input the Fitted Length for the convex hull algo-
rithm to fit the baseline.

Normalization: given the Starting/Ending Points of the m/z range, each
spectrum is divided by the average intensity of its range. If the Starting
Point is zero and the Ending Point is larger than the maximum m/z, use
all data points in the entire range to take the average. The default value is
2,000/20,000, which means we use data points with 2,000 < m/z < 20,000
only.

Save Profile...: the preprocessing parameters in the Description Textbox
will be saved in a .prp file. The file will be used later in the Batch Processing

Page to preprocess an entire dataset/folder.

Batch Processing Page
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Preprocessing

File Display Options

Iffar‘a meter Selection—= l{Batch Frocessing i

-\'ﬁ
Frofile Setting | Browse
Disease Dir|
Control Cir |
Blinded Dir|
Cutput Root Dir | Browse

Start Batch
. -

Profile Setting: the location of the .prp file with the preprocessed param-
eters. By default it is the file saved most recently in the Parameter Selection
Page.

Disease Dir: the directory of training data set of subjects with certain
disease or abnormality.

Control Dir: the directory of training data set of normal control subjects.
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Blinded Dir: the directory of blinded/testing data set with a blinded
mixture of diseased and control subjects.

Output Root Dir: by default it has the same parent directory as the
Input Dir. A subdirectory of the Output Root Dir is created according to the
preprocessing steps. The three groups of preprocessed spectra will be output
to this subdirectory.

For Example, there are three groups of spectra A, B and C. The prepro-
cessing step is smoothing with the parameter 0.003%.

Then Disease Dir is 'dirl/A/’, Control Dir is 'dirl/B/’, Blinded Dir is
'dirl/C/” and Output Root Dir: ’dirl/Preprocessed/’.

The preprocessed spectra are output to the subdirectory of the Output
Root Dir:

Disease: ’dirl/Preprocessed/Smoothed(3.e-005)/A/".

Control: 'dirl/Preprocessed/Smoothed(3.e-005)/B/".

Blinded: ’dirl/Preprocessed/Smoothed(3.e-005)/C/".

A.3.2 Biomarker detection

Select Analysis — Biomarker Detection. There are two types of biomarkers:

Maximum Peak Intensity and Peak Area.
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After you choose either Maximum Peak Intensity or Peak Area, the
Biomarker Detection sub-window will pop-up automatically. Similar to the
Preprocessing sub-window, it has two parts, the top portion for spectrum vi-
sualization and the bottom portion for parameter selection.

Peak detection consists of three steps: Identification, Refinement and
Alignment. First, the rise and fall within the neighborhood of each m/z point
is identified as a peak. Then, the noise level is determined within the noise
window. The peak above the noise level is called a refined peak. After per-
forming the peak identification and refinement on each spectrum, the program
will then align the peaks across all spectra in the training and test data sets.

Use the Biomarker Detection Window to (1) Open a single mass spectrum
and tune the parameters for peak detection; (2) Save selected parameters into
a profile for the subsequent batch processing; (3) Choose the dataset/folder
one wishes to format using the selected parameter setting; (4) Apply the
saved parameter profile to the chosen dataset/folder and format the entire

dataset /folder using the given parameter setting automatically.
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For the above 4 steps, the parameter setting steps (1 & 2) are done using
the Parameter Selection sub-page; and the batch processing steps (3 & 4) are

done with the Batch Processing sub-page. Further details are given below.

Biomarker Detection
File

Igjara meter Selection—> J{Batch Processing)

wWindow SZe (#pts) 40

Peak dentification
Marker Display Sze| |

Molse Window (%) ]1.00

;:F"EEIH Refinement
Molse Coef Ib:u [ Ao e P T (e S
Allgnment Winciow (msz) [0
g ak Area (0
Blomarker tyoe [Intensity
mave Profile. .

Parameter Selection Page
Peak Identification: within the neighborhood of each m/z, identify the

local maximum or rise and fall as a peak. Window Size means the number
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of points within the neighborhood. Click Peak Identification button and the
peaks are displayed in green squares, you can tune the Marker Display Size.

Peak Refinement: The noise level is calculated by the points in the Noise
Window. You need to input a percentage. The number of points in the Noise
Window is the input percentage*total number of points. At each m/z:

noise = mean + Noise Coef*standard deviation
where Noise Coeff is proportional to the signal/noise ratio.

Click Peak Refinement and a yellow noise boundary line will appear.
Peaks below the noise level are represented by red squares and discarded for
the ensuing classification/prediction analysis. Peaks above the noise level are
represented by green squares and are termed refined peaks. The refinded peaks
will be used for further classification/prediction.

Peak Alignment: align peaks across all samples within the Alignment
Window. This parameter is the window size and should be a positive number.

Peak Area: if you choose Peak Area in the Biomarker Detection menu,
this item will be activated. Input the width of the interval to calculate the
peak area. If you input zero, it is equivalent to detect the Maximum Peak
Intensity.

Save Profile...: all parameters will be saved in a .pek file. The file will
be used later in the Batch Processing Page to perform peak detection on an

entire dataset/folder.

Batch Processing Page
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Biomarken Detection
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(Parameter Selection-—-> ){Batch Processing])
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Control Dir | Browse
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;

atart Batch

Profile Setting: the location of the .pek file with parameters in peak de-
tection. By default it is the file saved most recently in the Parameter Selection
Page.

Disease Dir: the directory of training data set of subjects with certain
disease or abnormality.

Control Dir: the directory of training data set of normal control subjects.

133



Blinded Dir: the directory of blinded/testing data set with a blinded
mixture of diseased and control subjects.

We recommend the user to use the preprocessed spectra for biomarkers
detection and the ensuing classification/prediction analysis. Thus the above
input directories should be the output directories in Preprocessing. A subdirec-
tory named "PeakAligned(*)’ is created automatically in each input directory,

* are selected parameters. The spectra with detected biomarkers are

where
output to this subdirectory.
Example: following the example in Data Preprocessing.
Disease Dir: 'dirl/Preprocessed/Smoothed(3.e-005)/A/".
Control Dir: ’dirl/Preprocessed /Smoothed(3.e-005)/B/".
Blinded Dir: ’dirl/Preprocessed /Smoothed(3.e-005)/C/".
The output directories are:
Disease: 'dirl/Preprocessed/Smoothed(3.e-005) /A /PeakAligned (*)/’.
Control: “dirl/Preprocessed/Smoothed(3.e-005)/B/PeakAligned(*)/’.

Blinded: ’dirl/Preprocessed/Smoothed(3.e-005)/C/PeakAligned(*)/’.

A.3.3 Classification/Prediction

Select Analysis — Classification / Prediction. We perform the Z/T test to
select significant biomarkers. The Bonferroni’s method is applied for multiple-
test correction to determine the experimentwise critical value. Using the sig-
nificant biomarkers, we train the classifiers with the training sets (e.g. disease
and control) and then predict the identity of those in the blinded/testing data

set (e.g. test).
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Batch Processing Directory

Classification/Prediction

1.1 Batch Processing Direciories

e ~,
REsuIt DIr] Browse
Disease Dlri Brivse
Contral Dlri Browse
Blinded Dir | Broise

k'—

2.1 Biomarker Selection

- ~
# Total Biomarkers |0 Critical Value [1 950
Significance Level |0.050 # Final Biomarkers [10]

Classic|Bonferrani

Start Batch | Cancel |
\L J

Result Dir: the directory of the output results.

Disease Dir: the directory of training data set of subjects with certain
disease or abnormality.

Control Dir: the directory of training data set of normal control subjects.

Blinded Dir: the directory of blinded/testing data set with a blinded
mixture of diseased and control subjects.

Use the output directories from the Biomarker Detection step C i.e. the
PeakAligned directories embedded inside the preprocessed spectra directories.

Example: following the previous example.

135



Disease Dir: 'dirl/Preprocessed/Smoothed(3.e-005)/A /PeakAligned(*)/’.
Control Dir: 'dirl/Preprocessed/Smoothed(3.e-005) /B/PeakAligned(*)/".
Blinded Dir: ’dirl/Preprocessed /Smoothed(3.e-005)/C/PeakAligned(*)/’.
The PeakAligned directories will have a suffix which is the value of the
Peak Area size chosen in the Biomarker Detection step. For example, peak
data generated using the Maximum Peak Intensity method will have output
directories labeled as PeakAligned(0.). Peak data generated using the Peak
Area method with a chosen area size of 10 will have output directories labeled

as PeakAligned(10.).

Biomarker Selection

Set the parameters for the Z/T test to select the significant biomarkers.

Number of Total Biomarkers: the number of biomarkers detected. It is
determined by any input directory. For the Maximum Peak Intensity or Peak
Area method, this is the number of refined peaks identified in the Biomarker
Detection step.

Significant Level: the significant level of the Z/T test. It is 0.05 by
default. This significance level refers to either the level of a single test at each
biomarker selected or the experimentwise significance level for all biomarker
selected depends on whether you click the Classic or Bonferroni button below.

Critical Value: select biomarkers above the critical value of the Z/T tests.
There are two methods to calculate the critical value, Classic for the single
marker test and Bonferroni for the multiple-test correction to ensure the ex-
perimentwise error rate of all biomarkers selected. Click either button will set

the corresponding critical value automatically.
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Number of Final Biomarkers: the number of biomarkers with the top
largest absolute Z/T values. They will be in your final model. (On rare occa-
sions, the number of biomarkers exceeding the critical value threshold might
be less than the number of markers you have entered. This could occur when
you use the Bonferroni threshold. In this case, the minimum of the number
of available markers and your chosen number will be used for the subsequent

classification /prediction.)

Output Description

The output is in the directory Result Dir. The summary is in an html
file entitled ClassificationReport.htm. A suffix of the date and time the re-
port is generated will be attached to the file name to avoid any confusion.
Select Analysis — Display Classification/Prediction Results to open it. The
biomarkers are saved in a file named ’Biomarkers.pat’. Open a spectrum in
the Main Window and then select Analysis — Read Latest Biomarker Pattern

to visualized the pattern. The biomarkers are displayed in red bars.

A.3.4 Visualized biomarker pattern

The user can visualize the selected biomarker pattern with the individual spec-
trum or the average spectrum. Open the spectrum in the Main Window before
reading the biomarker file and then select File — Read Biomarker Pattern.

The biomarkers are displayed in red bars.
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A.4 Example of head and neck data

A.4.1 Data description

Training Training Testing
Status HNSCC (disease) | Normal (control) | Blinded (test)
Number of Subjects 73 76 49

Each spectrum has 34,378 data points. All spectra should be saved in

the same parent directory:

A.4.2 Data preprocessing

Select Analysis — Preprocessing to open the preprocessing sub-window, dis-
play a spectrum by select File — Open New Spectrum. For instance, we open a
spectrum with the sample ID 11 in the disease group. The Description Textbox

displays the location of the file: ’/proteoExplorer /demodata/disease/HNO11.txt’.
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Proprocossing

File Display Options

=] ] 48000 Ba e B Baman F
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J Save Profie. |

Smaother widow [',aJE:- St I
Fitted length .:m-'z:.EFln Haselne |

Starting/Ending points (miz) 20000 | (200000 homalze I

Click Smooth on the bottom to do smoothing, the default parameter is
0.1%, which means the smoothing window contains 34 points (0.1% * 34378
= 34.37). The description of this preprocessing step, '#0: type = Smoothed
param = 0.001’ is displayed in the Description Textbox. Select Display Options
— Show All, one can zoom in to see the change of the preprocessed spectrum.

All the spectra in each preprocessing step will be displayed simultaneously
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and the most recent preprocessed spectrum (smoothed) is highlighted. The

difference can also be seen by tuning the Display Toolbar below the Description

Textbox.
HEC
[ Dispisy Options | Fie Dispiay Options

Parametar Seleci

Frep steps. d/proleoExpiorerdemadataidiseaseHni T i bt E ;:to;eaf(leurﬁtlala-'::l&e:ise'rgln‘.i (7]
xathe

param = 0.001003

| Save prctie | ] saeroe |
Srreaather windaw (%] |0.1 Sinaalh I Smaather windaw (%] |01 Siraath I
Fittedt dength {miz] |2.0 Baseline I Fittest iEnath (mi) =0 Haselne I
Startmg/Ending poings (méz) 20000 | |Z0000.0 Moemalzs Startng/Ending polnks fmz) 2100 0 |20000,0 Mormalze I

Next, we can perform the baseline correction and the normalization by
clicking Baseline and Normalize respectively. In this case, we notice that
the baseline is already corrected and there are some negative values. Thus
we perform normalization only. The m/z range between 2,000 and 20,000 is
selected because there is noise in the range of m/z below 2,000 and almost

zero for m/z above 20,000.

140



Fraprocassing
File  Dasplay Oplions

_MLMJ Wl “ 4"-..].,,,.'-'-. il ol i

1] z £ 2000 15000

(Parameter Selection---> Y Baich Processing )

Prep stegs: d/protecExplorendemadataidiseaseHNOT 1 b
= ype = Smoated Faram = 0.001050
=] tpe = Mormalized param = 2000000000

| | Save Profie.. |

Smaathar wardoey [ﬁ]il_.' =11 i

Fithed f=nith :m-‘a]]&.tl Baseina I
Starting/Ending poinks (miz) 20000 | (200000 rqmnahm]

Click Save Profile..., select the directory and type the name of the file
to save the preprocessing parameters. The file has the extension name prp’.
Should you decide to create and rename a new directory, please press the
ENTER key on your key board after typing the name of the new folder created
to confirm the new folder name. For example, create a new directory ’/para’

and save the parameters to ’/proteoExplorer/para/prepl.prp’. (Note, you only
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need to type prepl, the .prp extension will be added automatically.) Click OK
in the 'Choose a save location’ dialog, the Parameter Selection Page will change
to Batch Processing Page automatically and the most recent saved parameter
filename will appear in the Profile Setting textbox automatically as well.

Freprocessing E”El@

Fia Display Optans

[Par r e PIOCESE NG

Profile Setting | /proteoExplorer’demodata‘paraorep ] prp Browne
Disease Oir | Browse
Control Oir | Browse
Einded Dir | Browse

Output Roock Dir | Erpwse
Start Batch I
-

We will now perform preprocessing on the three groups of spectra. Click

the Browse button to choose the directory for each group.
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Head&Neck Cancer (disease): ’/proteoExplorer/demodata/disease/’.
Normal Control(control): ’/proteoExplorer/demodata/control/’.
Blinded(test): ’/proteoExplorer/demodata/test/ .

The Output Root Dir will be ’/proteoExplorer/demodata/Preprocessed/

automatically. Click Start Batch to start the preprocessing procedure.

File Display Options

—WIMJL ks ’“J L.LJEL,__

i} A0 oo 2000 20000
(Parameter Selection—> ¥ Batch Processing |
faan
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Profile Setting [o: /protzoExplorer/demodataparapren | oo Browss
Disease Dir[lj Jprofeosxplorer/demodataidisease! Browss |
Contral Dirfo /protecExplorerdemodata'contol Browses |

Blinded Dir{d /protecSxplorer/demodatatest/

CEpUE Roat D fd: /proteoExplorer demodataPreprocessedy Browse |

atart Batch I

A subdirectory of ’/proteoExplorer/demodata/Preprocessed/’ is created

and named ’Smoothed(1.e-003)Normalized(2.e4+003,2.e4-004)’. The name con-
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tains the parameters for smoothing and normalization. The preprocessed spec-
tra are saved in this subdirectory as follows:
Head&Neck Cancer (disease):
' /proteoExplorer /demodata/Preprocessed/... /disease/’.
Normal Control (control):
' /proteoExplorer/demodata/Preprocessed/.../control /.
Blinded (test):

' /proteoExplorer /demodata/Preprocessed/... /test/’.

A.4.3 Biomarker selection

Mazximum Peak Intensity

Select Analysis — Biomarker Selection — Maximum Peak Intensity to
open the sub-window to generate the peak data based on the maximum in-
tensity of each peak. First open a (preprocessed) spectrum and tune the
parameters in the Parameter Selection Page to detect, refine and align the
peaks. The spectrum with the sample ID 011 in the disease group is used as
an example. Since we recommend to use the preprocessed spectra, open the
spectrum "HNO11.txt” in the directory:

' /proteoExplorer /demodata/Preprocessed/... /disease/’.
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Click Peak Identification to identify peaks. The green squares indicate

the identified peaks and their display size is tunable.

145



Hiomarker Detection

TT0E Teak B075 B5% E447 BRI ap0g
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Peak Refinement ‘

Alignment Window (mez)|0.00

Biomarker type [intensity

Save Profile... I
E—

Click Peak Refinement to refine peaks. The yellow line indicates the noise
level and the peaks below the noise level are denoted by red squares and are
discarded for the ensuing classification/prediction analysis. The green squares

are refined peaks that are saved for future analysis.
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Biomarker Detection
File
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Set the parameter Alignment Window, it is the peak shift width with 10
m/z. The alignment window for each peak is indicated by two grey vertical

lines.
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Save Profile,

Click Save Profile... to save the parameter settings into a file with the
extension 'pek’. We save this file to ’/proteoExplorer/para/peakl.pek’. Now
the Parameter Selection Page will change to the Batch Processing Page and the
location of this peak parameter file will appear in the Profile Setting textbox

automatically.
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Choose the directory of preprocessed spectra as the input directories.
They are the same as the output directories in the preprocessing step:

Input Dir:

Head&Neck Cancer (disease):

' /proteoExplorer /demodata/Preprocessed/... /disease/’.
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Normal Control (control):

' /proteoExplorer /demodata/Preprocessed /... /control /.

Blinded (test):

' /proteoExplorer /demodata/Preprocessed/... /test/ .

The refined and aligned maximum peak intensity data/spectra are saved
to subdirectories PeakAligned(*), where * represents the parameters in the
Parameter Selection page.

Output Dir:

Head&Neck Cancer (disease): ’.../disease/PeakAligned(40.,10.,4.,10.,0.)/’.

Normal Control (control): '.../control/PeakAligned(40.,10.,4.,10.,0.)/ .

Blinded (test): '.../test/PeakAligned(40.,10.,4.,10.,0.)/ .

Peak Area

Same as Maximum Peak Intensity except there is one more parameter

to choose. Input the interval width to determine the area in the Peak Area

textbox.
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Hiomarker Detection
File
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Save Profile

Save profile to a pek file and the output directories will be as following:
Head & Neck Cancer (disease): '.../disease/PeakAligned(40.,10.,4.,10.,20.) /".
Normal Control (control): .../control/PeakAligned(40.,10.,4.,10.,20.) /"
Blinded (test): '.../test/PeakAligned(40.,10.,4.,10.,20.)/ .
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A.4.4 Classification/Prediction

Select Analysis — Classification/ Prediction. First, choose the Result Dir to

output results. Then choose the the directory of three groups of spectra.

Classification/Frediction

We choose Maximum Peak Intensity as the biomarkers, thus the input di-
rectories are the same as the output directories in the corresponding Biomarker
Detection step:

Disease Dir: ’.../disease/PeakAligned(40.,10.,4.,10.,0.)/’.

Control Dir: ... /control/PeakAligned(40.,10.,4.,10.,0.) /.

Blinded Dir: ... /test/PeakAligned(40.,10.,4.,10.,0.) /"
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No. of Total Biomarkers is 47, which means there are 47 refined and
aligned peaks. Select the Significant Level (alpha) which is 0.05 (2-sided) by
default. Click Classic or Bonferroni to determine the corresponding Critical
Value for the Z/T test. The Critical Value is 3.273 if we choose Bonferroni’s
method to ensure an exprimentwise significance level of 0.05 (2-sided).

The No. of Final Biomarkers entered is 10, which means we wish to use
the top 10 biomarkers with the large absolute Z/T values as our final model.
If we want to select all significant markers, input the maximum number (47
in this example) in No. of Final Biomarkers, and the number of significant
biomarkers can be seen in the output file.

Now we are ready to click Start Batch to perform the classification and
prediction using the given training and testing data sets. An html file entitled
"ClassificationReport™** htm’ will be output to the Result Dir, select Analysis
— Display Classification/ Prediction Results to open it. Please note that ***
is the generation date and time of this html output file to avoid confusion.
In the output file, the summary of training result is listed in the first table
and the detail classification result of each spectrum is in the 2nd table. The

selected biomarkers are also given.
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Na Wer Eody o Beecizsss o s

A file named 'Biomarker.pat’ is generated in Result Dir and save the
biomarker pattern. To look at the positions of selected biomarkers, open any
spectrum first and then select Analysis — Read Latest Biomarker Pattern to
open 'Biomarker.pat’ or select File — Read Biomarker Pattern to locate the
file. In the figure below, the average spectra of the two groups are displayed,
the green one is for disease and the white one for control, the red bars denote

the selected biomarkers.
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