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1. Abstract

Microarray is becoming an important tool for monitoring and analyzing gene expression
profiles from thousands of genes simultaneously. Due to the characteristic of these datasets, where the
dimension of the feature space is far greater than the sample size, we can not use traditional methods
for information retrieval. Researchers are looking for some other tools to solve this problem, such as
supervised machine learning and data mining. Supervised machine learning and data mining tools are
popular for the analysis of gene expression microarray data. The Support Vector Machine (SVM) is
one of these. For the non-separable case, SVM introduces slack variables in mapped space as
measurements of misclassifications, the source of which may be mislabeling, error of data or/and
outliers. Here we investigate a novel way to approach the misclassifications. We account for the
misclassifications in feature space by an errors in data approach, based on the observation of the noisy
characteristic of microarray data. In this internship, we propose a SVM as a classifier, in which the
measurement errors are incorporated in the feature space.

During the training phase, involving huge datasets with large number of features but actual
small sample size, it will cost a lot of time and memory, so we will introduce a CLUSTER platform,
ROCKS, to distribute computations. Meanwhile, an online submission interface will be included to
make this tool easier for access.

The modified SVM algorithm demonstrates the advantages of choosing Support Vectors, doing
the regularization, and handling the errors in the dataset. These advantages make the algorithm suitable
for different kinds of datasets and tolerant to errors within a dataset, which occurs often during
microarray experiments.
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2. Goals of internship

Develop an online tool to analyze microarray data. Implement a modified support vector
machine (MSVM) for classifying microarray data more accurately, and apply CLUSTER system and
online submission for the service.

3. Introduction and overview

3.1.Microarray

DNA microarray is a high-throughput tool for rapidly analyzing the expression of all genes within
a genome[1,2,3].

With thousands or ten of thousands of genes on the microarray chip, we can determine the
expressed genes from a few interesting samples. The most commonly used microarray chip was
developed in the laboratory of Patrick Brown at Stanford University, and then sold commercially by the
company Affymetrix[1]. The chips are constructed by robotic spotting of DNA fragments, derived from
the PCR amplification of entire genes, onto precise points of a glass slide (Figure 1). Consequently, the
DNA on the chip is fixed by UV cross-linking and then denatured to make the DNA single stranded.
The prepared chips are then used as templates for the binding of labeled cDNA fragments. cDNA



fragments are derived from the RNA or mRNA of interesting target cells. Those samples could be
RNA or mRNA which are virtually correlated with all changes in cell state or type. After binding the
fluorescents (for example, sample 1 labeled with Cy3, and sample 2 labeled with Cy5) and then the
reverse transcription, RNA samples turn into cODNA, which can hybridize with the single strand DNA
on the chip (Figure 2). The color appearing on each spot, expresses the ratio of sample 1 and 2 cDNA
binding with the single strand DNA of the chip. After the samples are accurately assessed and the

fluorescent signals are calculated, the expressed genes under different conditions of a genome-wide
scale can be determined.
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Figure 1 Construction of a DNA microarray

Resource:Richard J Reece. Analysis of Genes and Genomes. 2004

Figure 2 Sample preparation and hybridization with microarray

Resource:Richard J Reece. Analysis of Genes and Genomes. 2004

So far, there are lots of biologists using microarrays to do the transcript profiling in many species.
For example, DNA microarray has been used to measure the relative expression of all genes in yeast
during the diauxic shift. Around 50 percent of the differentially expressed genes identified by
microarray analysis had no previously characterized function[1].



Using microarrays is as casting the net in the ocean, you can catch many interesting expressed
genes which have not been found or explored in prior research, and eliminate those genes which are not
relevant to your topic. Microarray technology is also used in cancer research, stem cell research, and
Drug Discovery[1,2,3].

In breast cancer and lung cancer research, microarray analysis has allowed sets of genes to be
identified that maybe involved in the process of cellular proliferation during cancer growth, through the
expression differences between normal and cancerous cells. On the other hand, the use of microarrays
in cancer treatment is for the classification of cancerous cells based upon the genes they express. For
instance, the assignment of previously unidentified subtypes to malignant melanoma cells can be
inferred through their gene expression pattern. These subtypes can be used to predict the clinical
outcome of individual melanomas.

There are some stem cell researchers using microarrays to transcript the profiles of different types
of stem cells[1]. This has revealed the presence of approximately 200 genes that are expressed within
different stem cells that are not expressed within differentiated cells.

Microarray applications include drug Discovery and pharmacogenomics. Identifying drug targets
provided the initial market for the microarray[2]. A good drug target has extraordinary value for
developing pharmaceuticals. By comparing the differentiations in which genes are expressed in normal
and diseased tissue, scientists might be able to identify the genes and hence the associated proteins, or
the proteins with which drugs actually interact -- that are part of the disease process. Researchers could
then use that information to synthesize drugs that interact with these proteins, thus reducing the
disease's effect on the body[2,3]. Microarray analysis can also assist drug companies in choosing the
most appropriate candidates for participation in clinical trials for new drugs, through assisting with
identification of individuals with similar biological patterns. In the future, this emerging technology has
the potential to help medical professionals select the most effective drugs, or those with the fewest side
effects, for individual patients.

3.2.Support Vector Machine (SVM)
3.2.1.The introduction of SVM

Neural Networks are a useful and complex branch of mathematics that have been developing
for many years. However, their major drawback is the huge quantity of data and the huge numbers of
calculations that must be performed on a database of real-world size and significance. These have
placed heavy overloads on many computers.

In the late 1970's, Vapnik and others began to develop a specialized branch of Neural Network
techniques called Support Vector Machines, or SVM [4]. SVM has been applied to many areas,
including pattern recognition of characters, proteomic patterns, etc [4,5,6,7,8]. In the analysis of
microarray data, Brown et al., [9], first introduced the SVM for gene expression classification and
compared it to four standard machine learning algorithms. Their results show SVM performs better
than others. Mukherjee et al, [18], adopted the SVM method for microarray data to generate not only a
classifier but also a confidence interval. Furey et al., [19], used SVM in a slightly different way and
validated it for three datasets, and presented a careful examination of results for an ovarian dataset in
order to show SVM’s ability of detecting mislabeling. We also note other methods for classification,
for example, SVM recursive feature elimination, [13], partial least squares, [16], singular value
decomposition, [11], and the minimum-error distance threshold method, [10].



3.2.2.Standard SVM[5]

To state the problem, we use vector x'=(x},X,,...,x.)’ to represent the processed n
measured gene feature values of sample i, where (x')" isthe i" row of X . The whole dataset of m
samples is denoted by matrix X ex<R™" . The basic linear SVM approach supposes a given
training set |x' t'|", withinputdata x' and output data labels t'e({—1,+1} . The purpose is
to find a decision function (classifier) which separates the data into two classes. The linear SVM
solves the following optimization problem:
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Figure 3 SVM Hyperspace

where g' areslack variables, A is areal positive constant and function ¢ maps data to feature
space, ¢:X—H . In the dual problem a kernel function K (x",x*)=¢(x")¢(x*) is introduced,
which can be viewed as a measurement of similarity between x* and x? , yielding the problem

m m m
min{ Y. > oot K (X, x) =D o,
i=1

« i=1 j=1

subject to

Z(xiti:O, ; =0,
i=1

where o;,i=1,...,m, are Lagrange multipliers.
Solving the equivalent quadratic programming problem yields the classifier



y(x):sign[i o t'K (x,x')+b]. (2)

i=1
3.2.3.Linear SVM for noisy data

The objective function of SVM includes slack variables &', which measure the distances of

f(x') to the margins f(x)=1 and f(x)=—1 for misclassified samples x' . SVM

minimizes the weighted inverse of the margin and the total squared distances of f(x') to the
margins, where x' are misclassified samples.

We are interested in the case when the measured expression data contains large error. Therefore
the misclassifications are mainly due to the errors in original data. To model this problem, we propose
that the distance be measured in the feature space. In other words, instead of introducing slack

variables g, we incorporate the error in data matrix X by an error matrix E . The linear SVM
with errors in data is modeled as follows

. H 2 1 2

minJ (w,E)==|w|,+=|E|;,

min 3w, E)=7 i+ I
subject to (A+E)w+bt>e, (3)
where t=(t',t,...,t")" , A=diag(t)X , e=(1,1,...,1)" and |l./l- represents the Frobenious
norm. Apparently, the rows of E are zero if and only if the corresponding samples are error free.

Positive parameter u  trades off between the margin and estimated errors of the training data. The
Lagrangian for (3) is

1
£(w,e,b ,(x):%||w||§+§||E||2F—(xT[(A+E)W—e+bt]. (&)

The dual problem is given by

max min £(w,e,b,«x).

x>0 w,E,b

The minimum with respectto w,e,b of r£(w,e,b,) isgiven by

V. £=E—aw'=0, (5)
V,L=uw—(A+E) «=0, (6)
oL .
%— x t=0. (7)
. . 1 . :
We introduce new weight parameter sz replacing p , and rewrite the above
- 2

conditions as follows

E=go<o<TA, (8)



W=gATo<, )

o' t=0. (10)
Thus, the dual problem is

min 5| A" e~ X o, (11)

subject to ' t=0, and «>0. (12)

The dual formulation has far fewer variables, especially for the case m>>n , as is the case with
microarray data. After solving for « , we can immediately calculate w from (9). To retrieve b ,
we use the Kuhn-Tucker condition of the primary problem,

o[ (A+E)w+bt-e]=0, i=1,2,...,n.
For each support vector, i.e., «;#0 , we have an estimationof b |,
bY=(o;— o, [(A+E)W]}/t,,i=1,2,...,5,

where E and w are calculated by (8) and (9) resp., and s is the number of support vectors.

The estimate of b is then set to the average of b , b=>_b"/s .
i=1

On the parameter ¢ , we suggest a positive number in [0,1] based on our tests for
microarray data. For the samples satisfying t'(Aw+b)>1 the Lagrangian parameter o is
identically zero, ;=0 . The only support vectors are those with «;>0 . For microarray data,

«; isusually very small, less than 0.001 .

3.3.Computation platform - CLUSTER
3.3.1.The need for CLUSTER

The most time consuming part of the modified SVM algorithm is doing the validation. In data
mining, applying an appropriate N-fold cross validation, e.g. 10-fold cross validation, will not require
too much computation since the feature size is far less than the sample size. In our case, with the
limitations in obtaining microarray datasets, the sample size is less than 105 while the feature space has
size over 7,129[23] (Table 2: the list of dataset used). Therefore, we should choose Leave One Out
Cross Validation to increase the number of training sets. In the lymphoma dataset, to execute a full
Leave One Out Cross Validation needs 31 sets of training and testing, and the time is 280 seconds".
When we introduce the CLUSTER distributed computation into our program, the time reduces
dramatically to only 26 seconds which is 1/10 of the original. Applying the CLUSTER platform will
reduce the time of the whole process and both SVM and the MSVM will be more powerful.

3.3.2.The architecture of CLUSTER platform
The advantage of the CLUSTER platform is to divide a high CPU consuming job into several

identical tasks and distribute these tasks among many computers. By doing so, the time for the
computation will be reduced. Here is the architecture of CLUSTER platform.



A CLUSTER platform contains four parts (Figure 4)[23]:

Frontend

Nodes of this type are exposed to the outside world. Many services (NFS, DHCP, NTP, MySQL,
HTTP, ...) run on these nodes. In general, this requires a competent systems administrator. Frontend
nodes are used for users login, submission of jobs, code compilation etc.. They can also act as a router
for other CLUSTER nodes by using network address translation (NAT).
Frontend nodes generally have the following characteristics:
1. Two Ethernet interfaces - one public, one private.
2. Lots of disk space to store files.

Compute nodes
These are the workhorse nodes. These nodes are not seen on the public Internet. Compute nodes
have the following characteristics:
1. Power Cable
2. Ethernet Connection for administration
3. Disk drive for caching the base operating environment (OS and libraries)
4. Optional high-performance network (e.g., Myrinet)

Ethernet Network
All compute nodes are connected with Ethernet on the private network. This network is used for

administration, monitoring, and basic file sharing.

Application Message Passing Network
All nodes can be connected with Gigabit-class networks and required switches. These are low-
latency, high-bandwidth networks that enable high-performance message passing for parallel programs.
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Figure 4 The architecture of CLUSTER platform(ROCKS)
Resource: http://www.rocksCLUSTERs.org/Rocks/

3.3.3.MATLAB Distributed Computing Toolbox and Engine

In addition to the hardware, we need the application to implement our algorithm. Message
Passing Interface (MPI) is the standard for implementing programs on multiple processors. MPI defines
C and Fortran language functions for doing point-to-point communication in a parallel program. MPI
has proven to be an effective model for implementing parallel programs and is used by many of the
world's most demanding applications (weather modeling, weapons simulation, aircraft design, etc.).



MatlabMPI is set of MATLAB scripts that implement a subset of MPI and allow any MATLAB
program to be run on a parallel computer [22].

Similar to MatlabMPIl, MATLAB Distributed Computing Toolbox and the Distributed
Computing Engine allow users to coordinate and execute independent MATLAB operations
simultaneously on a CLUSTER of computers, speeding up execution of large MATLAB jobs.

Figure 5 shows a basic distributed computing configuration. Table 1 is the description of
MATLAB distributed computing terms. The procedure for using the distributed computing toolbox is
as follows:

1.

Find a Job Manager : Your network may have one or more job managers available. The
function you use to find a job manager creates an object in your current MATLAB session to
represent the job manager that will run your job.

Create a Job : You create a job to hold a collection of tasks. The job exists on the job
manager, but a job object in the local MATLAB session represents that job.

Create Tasks : While your job is in the pending state, you can create tasks to add to the job.
Each task of a job can be represented by a task object in your local MATLAB session.

Submit a Job to the Job Queue for Execution : When your job is completely defined with all
its tasks, you submit it to the queue in the job manager. The job manager distributes your
job’s tasks to its workers for evaluation. When all of the workers are completed with the
job’s tasks, the job manager moves the job to the finished state.

Retrieve the Job’s Results : The resulting data from the evaluation of the job is available as a
property value of each task object.

" Distributed _: | MATLAB Distributed Computing Engine
| Computing | | :
| Toolbox | | |
| | |
| | @ |
| || |
| || |
| b |
| . | o

| Client | : Manager @ :
| | I
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| | |
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Figure 5 Basic Distributed Computing Configuration
Resource: © 1994-2005 The MathWorks, Inc



Name Description

Job The complete large-scale operation to perform in
MATLAB, composed of a set of tasks.

Task One segment of a job to be evaluated by a worker.

Client The MATLABP session that defines a job using the
Distributed Computing Toolbox.

Job manager The part of the MATLAB Distributed Computing
Engine that coordinates job execution, distributing
tasks to individual workers for evaluation. This is
represented in the client session by a job manager
object.

Worker The session of MATLAB in the MATLAB Distributed
Computing Engine that evaluates tasks by executing
the tasks’ functions. This is represented in the client
zession by a worker object.

Table 1 MATLAB Distributed Computing Terms
Resource: © 1994-2005 The MathWorks, Inc.

In this internship, we used a CLUSTER platform with one frontend and 18 compute nodes’.
Within the CLUSTER, we installed both MATLAB Distributed Computing Engine and Toolbox on
the CLUSTER frontend and MATLAB Distributed Computing Engine on 15 compute nodes. For
running the codes in distributed way, we created a job manager on the frontend and 30 workers (2
workers for each node) on the compute nodes.

3.4.LAMP - Linux-Apache-Mysql-Php
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Figure 6 The Structure of The Application

On line applications are the trend in program development, and make it easier for the programmer
to publish the software throughout the world. NEQOS, for example, developed by Hans Mittelmann et
al.[27], is one of the best on line services providing users the ability to solve all kinds of optimization
problems remotely. GIST[28], a web base SVM software, was built by William Stafford Noble and
Paul Pavlidis and it offers several options for users to choose when they analyze their dataset.

With the goal of providing a service like NEOS and GIST, we have to make an environment to
deploy our program. LAMP, which is short for Linux-Apache-MySQL-PHP, is a free package and
allows programmers to develop server-side programs. In this internship, we propose an application



which furnishes a mechanism for users to submit their dataset on line and then execute the program
through the website. Furthermore, users can choose different SVM packages (e.g. MSVM or SVM) and
apply different cross validation (Leave One Out or N-Folds) by clicking the selections provided by our
web page.

The advantages of this application are as follows:

1. Easy to use : users don't have to learn how to use MATLAB. For them, running this
application is as easy as writing an email on the web base mail.

2. Easy to expand : in this application, we can analyze the same dataset with different SVM
algorithms and provide the results for users to compare. These algorithms (packages) can be
implemented and added to this application.

3. Cost effective : for the end users, they don't have to buy MATLAB license to run this
application.

4. No need for updating : the web service mechanism guarantees to provide the latest version of
the application.

5. Cross platform : the interface for this application is the browser, so it allows users to access
it from various platforms.

4. Significance

In this internship, we created a new SVM algorithm to analyze microarray datasets and
implemented it into a web base application along with the CLUSTER system. The significance of each
part is as follows:

1. MSVM : Assumes noise in data measurement (feature space), and provides another way to

extract significant genes (feature selection).

2. CLUSTER : Reduces time during the validation part. Easy to implement.

3. LAMP : Cross-platform and User-Friendly.

5. Datasets
Gene Number Cancer Normal Sample Size
lymphoma Training 7129 11 27 38
lymphoma Testing 7129 14 20 34
ovarian 87558 14 17 31
myeloma 7129 74 31 105

Table 2 The datasets used in this internship

We collected 3 datasets from different public web sites. The gene number, the number of class
level, and the sample size are shown in Table 2. For lymphoma dataset, it had already been divided into
the training set and testing set.

lymphoma : These datasets contain measurements corresponding to ALL and AML samples from Bone
Marrow and Peripheral Blood[12]. There are two datasets containing the initial (training, 38
samples) and independent (test, 34 samples) datasets.

ovarian : The experiments are performed using 97,802 DNA clones, each of which may or may not
correspond to hundred genes, for 31 tissue samples[9]. These samples are either cancerous



ovarian tissue, normal ovarian tissue, or normal non-ovarian tissue. For the purpose of these
experiments, the two types of normal tissue are considered together as a single class.

myeloma : The myeloma dataset is a new, publically-available cancer data set consisting of 105 highly
purified plasma cell samples, from 74 newly diagnosed cancer samples and 31 normal healthy
donors[23]. The cancer being studied is multiple myeloma, an incurable malignancy of
immunoglobulin secreting plasma cells that grow and expand in the bone marrow.

6. Methods and Experiments

In order to show the advantage of our proposed algorithm, MSVM, we compare with the SVM
written by Steve Gunn[29]. Thus in all cases when refering to results using SVM, this implies his
algorithm. All the datasets in this internship will be trained and tested by these two methods.

6.1.Data preprocessing

Before we apply any analysis, we have to do data preprocessing. The reasons to do data
preprocessing in microarray analysis could be following:

1. For some research, you may know that some genes have no relationship with this disease. So
these genes could be removed before the analysis.

2. There maybe exist some outliers within the datasets and these will effect the result.
Sometimes, removing these outliers will increase the accuracy.

3. The range of the gene expression could be different from slide to slide. Choosing the right
normalization could reduce the differences across datasets and eliminate artifacts.

Here, we applied normalization on our dataset by dividing all the values by the array mean.

X
NTX

6.2.Error in the dataset

We incorporate the error in data matrix X by a error matrix E . In order to assess the
impact of error, we perturbed them by different € , to give datasets

X =(1+ex*randn) X.
If we used this formula to generate the perturbed datasets for each analysis, it would lead to

evaluation on nonequal datasets. Thus, we did each perturbation only once and saved these datasets into
different files, e.g. ovarian_0.5.txt means the original dataset perturbed with € =50%.

6.3.Gene selection

In the MSVM, we calculated the weights for each set of genes (features) by (9). The bigger the
weight, the more important its contribution to the target. We called the method in which genes are
selected based on their weights Wsel.



At the same time, we also introduced another method called F-scores[19]. For each gene  X;
we calculated the mean u? (resp. p; ) and standard deviation UJT (resp. o ) using the
sample labeled +1 (resp. -1). Then we can get the F-score for each gene as

+ -
F(x,)=|—— 13
(x;) |aj+a,.*| (13)

The F-score with highest number indicates that the expression levels differ most on average.
Genes selected based on the largest F-score values give the method Fsel.

For the number of significant genes, we set up different numbers, e.g. 50, 100, 1000, and use
these numbers as our significant gene numbers. Thus, for Wsel and Fsel, we sort the weights and F-

scores respectively and choose those with higest values, e.g. 100 of these rank ordered, as the
significant genes. These genes will be the only features in the datasets during the analysis.

6.4.Alld, Wsel, and Fsel

T129 Genes Top 100 genes

Alld use all genes to analyze

Wsel Use Alld to get top 100 genes, then use these for
analysis

Fzel Use F-score to get top 100 genes, then use these
for analysis
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Figure 7 Alld, Wsel, and Fsel

In addition to Wsel and Fsel, we also used all genes during the analysis and we called this
method Alld. The process of applying these methods is shown in Figure 7. For Alld, we used all genes
for analysis and then calculated the error rate. For Wsel, we used Alld method to generate a list of top
genes (with higher weights) and then applied these top genes to do the analysis. For Fsel, we used the
genes with higher F-scores and then only applied this subset of genes for the analysis.

6.5.Regularization

Both of the MSVM and SVM require a term to do the regularization during calculation, but
there is a major difference. In order to prevent problems when the Hessian occuring in the SQP is badly
conditioned, we have to add a small amount of zero order regularization. In the SVM package, a
constant term ( 107° ) is added to the Hessian matrix and it works well in all but one case in our



experiments. On the contrary, the value we add into the Hessian matrix depends on [[H]||, , so it
works in all conditions. The Hessian matrix after regularization is calculated by
T=10"X|/H|l, (13)
H=H+TtXI. (14)

6.6.Choosing Support Vectors

One of the advantages of SVM is that it can choose a proper set of Support Vectors to represent
the whole dataset for the future analysis. How to set a precise threshold to gain the Support Vectors will
influence the accuracy during the testing phase. In our algorithm, we calculated the threshold based on
the distribution of all the candidate Support Vectors, while SVM applies a constant value. Our
threshold can be calculated by

Support Vectorse{ o, |x|< 5],
where §=0.01X max (|«|). (15)

6.7.0utlier and mislabeled data

For the slack variables & which represent distances of f (x) tothe margins f (x)=1
and f(x)=—1 for misclassified samples, we believe that our algorithm could be more reliable
when error exists. One of our original datasets includes one mislabeled and one outlier point. This was
used to generate three datasets: 1. the original dataset, 2. the same as the original one but change the
mislabeled into correct one, and 3. the dataset with the correct label and also remove the outlier. With
these datasets, we can apply our algorithm to see how well it classifies when not contaminated by
outlier and mislabeled samples.

6.8.The application

The flow chart of the whole process is shown in Figure 8. Initially, the microarray samples
were stored separately. One file represents one sample and stored in specific format (e.g. Affymatrix
format). We use Perl to combine them into one single file with class labels in the first column. Each
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Figure 8 Flow Chart of The whole Process



row stands for one dataset, so the row number is the same as the sample size and the column number is
the same as the gene number.

Before the analysis, we applied the normalization on the whole dataset such that the mean of
each sample (slide) is 1. When we do the analysis, we have to decide what kind of cross validation we
want to use. For our case, we chose Leave One Out Cross Validation since our sample size is too small
and we want to get as large a training dataset as possible.

After we generated our training and testing datasets, we used both SVM and MSVM. The error
rate for both algorithms was calculated with the same training and testing dataset. In the end, we output
a table to compare the algorithms with different conditions.

The flow chart of the application is shown in Figure 9. This web base application allows users
to upload their own datasets and setup all the parameters they wish for the analysis and then submit the
job. Before they submit, they can choose to perform this job in foreground or background. If their
dataset is very small, the foreground option provides an interactive mode for users wishing to submit
the job and receive the result through browser. For the larger datasets, we suggest users to choose the
background option which allows them to execute their job without the internet connection and receive
the results through email. During the computation, we introduced the distributed MATLAB engine so it
will save lots of time.
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Figure 9 Flow Chart of The Application
7.Results and Discussion
7.1.Choosing the Support Vectors
Method GenNo ERate SGERate normwW normE
Alld 87558 29.00% 64.50% 3.13E-002 6.28E-005
Fsel 1000 16.10% 16.10% 1.62E-001 1.43E-003
Wsel 1000 32.30% 32.30% 7.68E-002 1.22E-004

Table 3 The error rate of ovarian dataset with ¢ =1and LOO C.V.



In Table 3, we analyze the ovarian dataset with different gene selection methods and both SVM
packages. Here GenNo is the numbers of genes used, ERate is the error rate using MSVM, SGERAate is
the error rate using Steve Gunn's SVM and normW and normE are norms of w and E |,
respectively for MSVM. Both packages get the same error rates except in Alld. If we look at the
proportion of the dataset, where 54.84% belongs to normal, we can find that it is very easy to get an
error rate less than 54.84% when all the predictions belong to one class. Due to the nature of this
dataset, for which the samples can not be linear-separable, the best error rate we can get by using linear
SVM is 26%[19]. This result suggests that both methods MSVM and linear SVM are comparable since
there is only one sample difference between 26% and 29%. But how could SVM vyield an error rate
larger than 54.84%? The reason is in the process of choosing the Support Vectors. The candidate
Support Vectors for both SVM and MSVM are similar but the selected Support Vectors in each case
are totally different. The problem is caused by the threshold for choosing Support Vectors.

The range of candidate Support Vectors is from 0.641x10™* to 0.25x10"° and four of
them are less than 10> . In the MSVM algorithm, the threshold depends on 1% of the max candidate
Support Vector, in this case, all of them will satisfy the criterion since the threshold is  0.641x107°® .

The difference between these two sets of Support Vectors impacts their predictive ability in the testing
phase.

7.2.Regularization

In addition to microarray datasets, we also apply both SVMs on some other datasets in which
the number of features is larger than the sample size. lonosphere dataset[25] is one of them. With 35
features, the dataset includes 225 instances belonging to class | and 126 instances belonging to class II.
The error rates of SVM and MSVM are 33.0% and 31.9% respectively, and the number of instances for
1.1% difference is 4. To determine the reason, we check the difference when both methods apply the
regularization. The diagonal values of the Hessian matrix for this dataset are between 2.99%x10° and
0 while ||H|,=5.70x10° . In order to do the regularization, we have to add a small amount. But
in this case, the Hessian matrix is too big with respect to  10™*° and it will not become regularized
with this value. So, we add a proportion of |[H]l, , whichis 107°x|/H||,=57.04 in this case, and
it works all the time no matter how big the Hessian matrix.

7.3.Error in datasets - ¢

Epsilon GenNo ERate SGERate normw norme

0.00% 7129 2.80% 9.70% 3.93E-002 9.83E-006
5.00% 7129 2.80% 11.10% 3.93E-002  9.79E-006
50.00% 7129 8.30% 22.20% 3.58E-002  7.14E-006

Table 4 The error rate of lymphoma dataset with Alld, ¢=1 and LOO C.V.

Our method yields an acceptable result when error € is introduced in the data, see Table 4,
which shows error rates for the lymphoma dataset with Alld and ¢=1 . Initially, we apply the
original dataset, where €=0 |, the error rates of MSVM and SVM are 2.80% and 9.70% resp.. But
when we increase € to 5%, which could happen during experiments, MSVM keeps the same error
rate while for SVM it is raised to 11.10%, which is 1 more misclassification. Furthermore, raising €
to 50%, which is an abnormal situation, our error rate becomes 8.30%, which is 4 more



misclassifications, while SVM produces 8 more misclassifications and yields the error rate of 22.20%.
This suggests that our algorithm could deal with datasets that are more contaminated by error.

7.4.Outlier and mislabeled data

Sample Wsel
Size Cancer Normal Alld (100 genes)
Correct Mislabeled
+ Remove outlier 30 15 15 9/9 2/9
Correct Mislabeled
(with outlier) 31 15 16 9/9 0/9
Original
(mislabled + outlier) 31 14 17 9/9 1/9

Table 5 The class proportion of ovarian dataset in different cases and
the number of times in which MSVM outperforms SVM

The MSVM outperforms SVM not only when there exists some errors within the datasets but
also when the dataset contains outliers or/and mislabeled data. The & variables account for the
distances from the margin for the samples which are mislabeled and reduces the effect during the
training phase. Table 5 shows the results for the dataset with all the correct labels and the outlier
removed. Half of the class belongs to cancer. MSVM gets better results in all cases in Alld and 2 out of
9 in Wsel with 100 genes. Then we add the sample with the outlier into the dataset and apply both
algorithms again. MSVM still outperforms SVM in all cases in Alld but yields the same error rate in
Wsel. The last case is the original dataset, which includes one mislabeled and one outlier. MSVM is
again better in all cases in Alld, and 1 out of 9 cases in Wsel with 100 genes. This suggests that MSVM
could perform better even if there exists outliers when we apply all genes for analysis. Again this is
because the SVM uses a bad threshold to eliminate the candidate Support Vectors causing a poor
prediction during the testing phase.

7.5.0verall performance

MSVM SVM
outperformance  outperformance
288 103 10 175

Table 6 The overall performance

Total cases Equality

During the experiments, we design 288 different training and testing cases and apply leave one
out cross validation to get the results. Overall MSVM outperforms SVM. In 103 cases where MSVM
performs better, the majority are from the ovarian dataset, and the better performance is due to the
Support Vectors . In 10 cases where SVM performs better, most of the cases are from the lonosphere
dataset, which can not be linear-separable but for which we still use the linear kernel for both SVM. In
over half of the cases, both methods yield the same results.

7.6.Gene selection

Although we propose a way to do the gene selection by adopting the higher weights, it doesn't
work well enough during the experiments. The main reason is not the way we define the significant
genes but how to determine the number. The number of significant genes used for these experiments is
based on the experience rather than theory. By doing so, we may lose some significant genes which



should be included to provide enough information for the analysis. For example, it may be that we need
to closely consider whether the weights decrease gradually, or are there clear points that distinguish a
set of large weights from a set of small weights?

7.7.CLUSTER
Samole  File Size Time without Time with
Dataset np CLUSTER CLUSTER Speedup
Size (MB)
(sec) (sec)

Lymphoma 72 9.9 279.190 25.950 10.76
Ovarian 31 45.1 173.880 84.850 2.05
Myeloma 105 11.7 274.420 43.750 6.27

Table 7 Performance with and without CLUSTER

The final step was to transfer the program into a CLUSTER platform with the MatLab
Distributed Computing Engine and compare the time cost?. Table 7 shows the performance with and
without CLUSTER when we analyze three datasets. In some cases, e.g. lymphoma dataset, the time
difference could be over 10 fold where we don't even try to tune the performance within the codes for
the CLUSTER. The CLUSTER version could reduce the time during the cross validation and make our
application more competitive.

8. Conclusions

The application of microarray technology could be very useful for a variety of medical research
areas. Combining data mining, such as SVM, will improve the accuracy of the analysis and speed up
the whole process. In this internship, our MSVM algorithm demonstrates the advantages of choosing
Support Vectors, doing the regularization, and handling the errors in dataset. These advantages will be
suitable for different kinds of datasets, including those with higher error as occurs often during
microarray experiments.

However, how to determine the significant gene number is very a crucial part during the
analysis and this is also the area in which we should focus more. If the purpose of the analysis is not
prediction of the class but finding the genes, our method may not be a good solution. To solve this
problem, we can combine SVM with other feature selection methods such as FCBF, Fast Correlation-
Based Filter solution, from Huan Liu and Lei Yu[26]. Here, within the sorted weights, a method is used
to filter out the most significant genes by searching the critical weight which separate the weights into
significance and non-significance.

9. Future work

Focus on how to determine the significant gene number and publish the application to make this
service available on the website so that we can get more comments from others and improve our
algorithm.
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11.Note:

11.1.The specification of the CLUSTER : The machine is managed by the computing support group
from the Department of Mathematics and Statistics, Arizona State University.

System Server
Server machine is the gateway between the external network and the internal compute nodes. Server
node has:
+ AMD Opteron(TM) processor model 250 dual CPUs
2.40 Ghz Processor internal clock speed
1MB Internal L2 Cache Size
8 x 1GB DDR-333 PC2700 RT-ECC Memory
Tyan Thunder Server MotherBoard
LSI Logic / Symbios Logic 53c¢1010 Ultra3 SCSI Adapter
3ware Inc 3ware 7000-series ATA-RAID
2 X 250GB 8MB 7200 RPM SATA-150 Hard Disk

L R R R K IR 2R 4

Compute Nodes
Each node has:
+ AMD Opteron(TM) processor model 250 dual CPUs
2.40 Ghz Processor internal clock speed
1MB Internal L2 Cache Size
8 x 1GB DDR-333 PC2700 RT-ECC Memory
AMD 8113 Server MotherBoard
36.4GB 8MB 10000RPM U320 SCSI Hard Disk

* 6 6 o o

Raid Disk

A raid system is used to store user files. It has five 250GB SATA-150 hard disks in an Aries 12-bay
U320 SATA system. This is connected to the System Server using a LSI Logic / Symbios Logic
53¢1010 Ultra3 SCSI Adapter.

11.2.For the CLUSTER, we used 7 codes to do the computation.



11.3.Snapshot of the application
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