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Abstract—In this paper we demonstrate the feasibility in
disease detection using a pattern recognition technique on
DNA data expressed in microarrays. Specifically, we
employ the Principal Orthogonal Decomposition (POD)
method (also known as the Karhunen-Loéve method) to
extract the characteristics of a disease from a collection of
DNA samples of individuals who suffer the disease. The
resulting primary component captures the dominant features
of the original samples. Such representatives are then
correlated with an arbitrary sample to determine whether the
sample carries the disease. Though the approach can be
applied to other diseases, in our study we showed that the
POD method could be applied to the DNA microarrays to
positively detect liver and bladder cancers.
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1. INTRODUCTION

DNA microarrays store the expressions of thousands of
individual genes on a single surface that is about the size of
a microscope slide. Such image allows one to see genes
that are induced or repressed in an experiment. As a result,
signatures of a disease may be encrypted in DNA
microarrays, and once found, can be used for diagnoses.
Our goal in this study is to apply a pattern recognition
technique, called the principal orthogonal decomposition,
to extract the characteristics of a disease from an ensemble
of samples known to carry the disease and to use the
extracted feature for disease detection.

Our significant achievement is to demonstrate that the POD
technique can be applied to DNA microarray data collected
from cancerous tissue samples to detect liver and bladder
cancers. Namely, we obtain the two sets of DNA microarray
data from the liver cancer [1] and the gastric cancer [2]
studies. Both sets are stored in the Stanford Microarray
Database, genome-www3.stanford.edu. The detail can be
found in the case-studies section. It is noteworthy to
mention that although our study focuses on liver and
bladder cancers, the method is not necessarily restricted to
these types of diseases.
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2. MATHEMATICAL FORMULATION FOR POD

2.1 Principal Orthogonal Decomposition

This section provides a brief summary of the Principal
Orthogonal Decomposition (POD) method. The POD
method has received much attention in recent years as a tool
to reduce the complexity and dimensions of dynamical
models in engineering and science [3]-[5]. In principle, one
begins with an ensemble of data, called snapshots, collected
from an experiment or a numerical procedure characterizing
a physical system. The POD technique is then used to
produce a few principal elements that can be used to
reconstruct the entire snapshot collection.

In the POD method we are given a series of images or
snapshots, {V ()?)}I":I . Our goal is to construct a set of basis

1

functions {(Di ()?)}::1 , whose first few elements can capture

all the dominant features of the entire snapshots collection.
In other words, the primary component @, captures most of

the essential features of the original ensemble, while
subsequent basis elements capture more of the smaller and
finer variability between the snapshots. As a result, we wish
to choose the primary component®, such that the quantity

Sl 0

is as large as possible with (-,-)denotes the inner product.

It is natural to assume @, to be of the linear combination of
the snapshots,

,()=3 w (5): @)

— T . o
where W= [W1 w, an] is the weighting

vector assigned to the snapshots. Thus maximizing the
quantity in (1) is equivalent to maximizing the following

10w =w"o%w, €)
where @ is the covariance matrix of the snapshots with its

(i, j) component, & ST defined by
ei,_j:<V;7Vj>7 i=l,---,ns,j=1,---,ns. (4)
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Note that with distinct snapshots, the covariance matrix @ is

symmetric positive definite and thus the weighting vector
that maximizes (3) will also maximize

)

In this process, the weighting vector for the primary
component is exactly the dominant eigenvector of &

—

w

J(w)=w"aw, (5)

corresponding to the largest eigenvalue. Let us denote the
eigenpairs of 0 by {(ﬂ,j Ju )}"] and sort the eigenvalues in
=

decreasing order 4, >4, > --- > A4 2 0. It follows that

(6)

2.2 Projection and Pattern Recognition

In our study, we seek solely ®, and once the primary

component of a set of images has been determined it can be
used for comparison with other images. Projection forms a
simple way of implementing the comparison. If V' is an
arbitrary image to be tested, then

_(r)
(@)

P,(V)

(®)

measures of the correlation between V' with ®,. The
larger the magnitude of P, (V) the greater the correlation

there is between the image V' and the original set of
images.

3. CASE STUDIES

As an application of the method, we examined DNA
microarray data from references [1] and [2]. The data were
obtained from the Stanford Microarray Database at genome-
www.stanford.edu. This analysis used the log(base 2) of
the R/G normalized ratio (mean). Data for each of these
references contain normal tissue samples in addition to the
samples from tumorous tissue. Genes were only included in
the analysis if good data were present in over 80% of the
samples. For samples, which were missing data for a
particular gene, the missing value was imputed with the
average of the values for that gene from the other samples.
After imputing the missing data, the average value for each
gene was removed.

The principal component was determined using a random
selection of the tumorous tissue samples. Projections onto
this principal component were performed for all the
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tumorous samples, as well as all of the normal tissue
samples. We then compare the projections for the normal
and tumorous samples. If the principal component derived
from the tumorous samples is significantly different from
that for a normal tissue sample, the normal tissue
projections should differ considerably from the tumorous
tissue projections.

3.1 Chen Liver Cancer Data

Reference [1] contained data from 76 normal tissue samples
and 105 primary liver tumor samples. The POD analysis
was performed 100 times, each time using a different set of
85 of the tumor samples selected at random. Thus, in this
case we are finding the principal component of the
tumorous samples.

The projections for all of the samples onto the principal
components for each case are summarized in Figure 1. In
this figure, the horizontal axis is the case number and the
vertical axis represents the projections for the samples onto
the principal component. Samples 1 through 105 were the
tumorous samples whereas samples 106 through 181 were
the normal tissue samples. Figure 1 shows that a very large
percentage of the normal tissue samples (samples 106
through 181) have negative projections onto the principal
component. The tumorous samples (samples 1 through
105) show more variability, but about 75% of them show
positive projections.

We generated statistics for the projections of the tumorous
samples to find the sample mean and standard deviation for
each of the 100 cases. We then averaged these values to
determine an average mean and standard deviation value for
tumorous samples. The projections for the tumorous
samples tend to be normally distributed. To show this, we
‘normalized’ the projections by subtracting the mean and
dividing the result by the standard deviation.  The
projections were then sorted into ascending order, and the
percentile values were plotted against those from a standard
normal distribution. The results are shown in the top plot of
Figure 2. 1If the projections are normally distributed, the
percentile values should fall close to the middle line shown
on the Figure. The top and bottom line on the Figure show
the mean plus and minus three sigma values. The percentile
values for the tumorous sample projections line up fairly
well with those from the standard normal. Thus, it is a
reasonable to assume that these projections are normally
distributed.

Similar statistics were generated for the projections from the
normal tissue samples, with the percentile values plotted
against those from a standard normal distribution in the
bottom plot of Figure 2. From this figure, it also seems
reasonable to consider the projections from the normal
tissue samples as being normally distributed.
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Figure 1 — Projections onto Principal Component — Chen
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Chen Liver Cancer - Tumar Samples

Hormalized projection
-]
T T
-

-
-
-
\
-
-
-
-
-
L

2.5 -2 15 -1 -0.5 0 0.5 1 15 2 25

Standard Normal Percentile
Normal Samples

r . . .

4= 4
: '
i)
2 2} 1] LR
&
EY
Sl ow M mees 4
E
-3
Z 4t 4

% L L L L

-2.5 2 15 1 -0.5 o 05 1 15 2 25

Standard Normal Percentile

Figure 2 — Percentile Limits vs. Standard Normal
Distribution — Chen Liver Cancer Data
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Figure 3 — Normal Density Functions — Chen Liver Cancer

Data

The normal probability density functions for the projections
are shown in Figure 3. This figure shows that if the
projection of a sample is positive, the sample is almost
certainly tumorous. There is about a 25% probability of a
tumorous sample having a negative projection.

3.2 Chen Bladder Cancer Data

A similar analysis was performed using the Chen bladder
cancer data from Reference [2]. The data used in this
analysis consisted of 103 cancerous tissue samples and 21
normal tissue samples. Similar to the analysis in section
3.1, the principal component for the tumorous samples was
performed 100 times, each time using 83 randomly selected
samples for the principal component analysis. The resulting
projections onto the principal components are shown in
Figure 4.

Examination of the figure shows that there is much more
variability for the projections.  About 40% of the
projections from tumorous samples are negative.

We once again generated statistics for the projections of the
mean and tumorous samples, and plotted percentile values
against those for a standard normal distribution (Figure 5).
Once again, we can see that the normal distribution
assumption is not unreasonable. The normal probability
distribution functions are plotted in Figure 6. Once again,
the Figure shows that if a sample has a positive projection,
it is almost certainly tumorous. If the projection is negative,
however, there is about a 40% probability that the sample is
tumorous.
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Figure 4 — Projections onto Principal Component — Chen
Bladder Cancer Data
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Figure 5 - Percentile Limits vs. Standard Normal
Distribution — Chen Bladder Cancer Data
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4. SUMMARY AND CONCLUSIONS

The above study showed an example of how the Proper
Orthogonal Decomposition method can be used for a simple
pattern recognition application. The principal component of
a set of images is found. The magnitude of the projection of
an arbitrary image onto the principal component is a
measure of the correlation of an arbitrary image with the
original set of data.

As a practical application, the process was used to form the
principal components for a set of DNA microarray data for
tumorous samples. Then projections were made for normal
tissue samples, as well as other tumorous samples, against
the principal components.

The analysis was performed using data from two different
studies. In both cases, positive projections indicate
tumorous samples. However, the method is prone to false
negatives; in the liver cancer study 25% of the tumorous
samples had negative projections, while 40% of the
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tumorous samples in the bladder cancer study had negative
projections.

REFERENCES

[1] Chen, X., et. al., “Variation in Gene Expression Patterns
in Human Liver Cancers”, Mol Biol Cell. 2002 Jun; 13(6):
1929-39.

[2] Chen, X., et. al., “Variation in Gene Expression
Patterns in Human Gastric Cancers”, Mol Biol Cell. 2003
Aug; 14(8): 3208-15. Epub 2003 Apr 17.

[3] H.V. Ly and H.T. Tran, “Modeling and Control of
Physical ~ Processes using  Proper  Orthogonal
Decomposition” Computers and Mathematics with
Applications, vol. 33 (2001) pp. 223-236.

[4] HV. Ly and H.T. Tran, “Proper Orthogonal
Decomposition for Flow Calculations and Optimal Control
in a Horizontal CVD Reactor,” Quarterly of Applied
Mathematics, Vol. 60 No. 4 (2002) pp. 631-656

[5] C.H. Lee and H.T. Tran, “Reduced-Order Feedback
Control for Thin Film Flows,” Journal of Computational
and Applied Mathematics (2004), to appear.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveEPSInfo false
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <FEFF005500730065002000740068006500730065002000730065007400740069006e0067007300200074006f0020006300720065006100740065002000500044004600200064006f00630075006d0065006e007400730020007300750069007400610062006c006500200066006f007200200049004500450045002000580070006c006f00720065002e0020004300720065006100740065006400200031003500200044006500630065006d00620065007200200032003000300033002e>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


