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Abstract � Microarray analysis is a powerful tech�

nique for the classi�cation and identi�cation of gene

expressions� Recently signi�cant progress has been

made in the development of microarray instruments�

and as the popularity of the technique is soaring� an

impressive amount of gene expression data is collected

at numerous labs across the world� One of the most

powerful microarray instrument on the market today

can� in the space of twelve hours� extract information

from ����� genes� corresponding to two �� Mb �les�

Often considerable data reduction is used� extracting

information from the microarray images� and forming

a single table of summary statistics for each gene on

the array� However� there is still debate as to what

the informative summary statistics are� The recent ex�

plosion of interest in the technique opens questions

to determination of standards� data sharing and op�

timal exchange of information between researchers in

the �eld� A compression routine that either fully pre�

serves all data features� or nearly so� can enable re�

searchers to modify their method of analysis of gene

expression data at a later stage� as well as simplify

distribution of data� The components that constitute

our e�cient compression routine also provide infor�

mation on data quality� and can be thought of as a

multiscale description of microarray images� We have

constructed a lossless compression scheme with com�

pression ratios of ��	
� Preliminary results of lossy

schemes� that provide near faithful representation of

data features� give compression ratios of ���
�

I� Introduction
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Figure �� Subset of a microarray� and close�up�

As the Human Genome Project is drawing to a conclusion�
the quest for identi�cation of genes move on to identi�cation
of their functions� Microarray analysis is a powerful tool for
this purpose� An array is prepared by automatic printing�

�Bell Laboratories� Lucent Technologies� Murray Hill� NJ

or �spotting	� of thousands of cDNA 
complimentary DNA�
fragments on a glass slide� These spots provide gene speci�c
targets� Samples of mRNA 
messenger� from a cell of interest

e�g� cancerous� � and a baseline cell� can be labeled using �uor
tags that emit light of di
erent wavelengths during excitation�
The mRNA fragments can then be allowed to hybridize onto
the array� Excitation of the �uor�labeled targets are done with
a laser scan of set wavelengths 
dual wavelength scan� or two
separate scans�� and two intensity images 
referred to as Red
and Green 
R�G� � are recorded� The intensity at each spot
location is proportional to the amount of hybridization that
occurred� and therefore related to the gene expression level or
activity� Intensity ratios� R�G� are the quantity of interest�
taken as a measurement of the di
erential gene expression be�
tween the baseline cell and the cell under investigation� Ratios
instead of di
erences are preferred since the overall response
level may vary between experimental settings� Researchers are
especially interested in detecting small di
erential expression
levels 
intensity ratios near ���

The data consists of two �� bpp intensity images� Within
each image are located higher intensity regions correspond�
ing to the array genes 
Figure ��� Due to experimental vari�
ation in the spotting procedure� the mRNA extraction� the
hybridization and post�processing clean�up� the regions of in�
terest 
ROI�s� are often irregular� noisy and corrupted by
smoothly varying background� Some standard analysis tools
use a �xed segmentation of the data into regions of inter�
est and surrounding background� However� for small di
er�
ential gene expressions improper segmentation can seriously
limit the chances of detection� Given a segmentation of the
intensity images� di
erential expression levels are calculated
as follows� Pixels in each image are summed up within an
ROI� Since each scan results in a speci�c background noise
level� that may also vary locally� a background correction is
applied� The di
erential expression level� R�G 
referring to
Red and Green �uor tags�� is then calculated as the ratio of
the summed ROI intensities�

R�G �

P
yi�ROI

Yi �BgX
P

xi�ROI
Xi �BgY

�

where Bg refers to the estimate of the local background and
X and Y refers to the individual intensity images� Simulation
studies show that even slight contamination of the ROI with
pure noise pixels can greatly reduce the power of detection of
small di
erential expressions levels�

II� Lossless and Lossy Compression schemes�

Image compression tools for natural images provide vir�
tually no visual distortion� However� these tools cannot be
expected to be e�cient for compression of microarray images�



Microarray images consist of a fairly regular grid of many
regions of high� and strictly local� variability� Within are fea�
tures we want to preserve with high accuracy� without we are
happy to capture overall trends and smooth variation� In med�
ical imaging preservation of such important features is often
not only desirable� but a condition set by researchers� The rou�
tines used here have the �avor of medical image compression�
though novel tools have to be developed to take advantage of
particularly unique features of microarray images� In general�
wavelet image compression tools are not appropriate for mi�
croarray data due to the highly irregular shapes� and limited
size of the ROI�s�

The schematic description of our compression routine is as
follows�

� Registration� Due to inaccuracy of the automatic
printing procedure� the ROI�s are not placed on a regu�
lar grid� A search for local maxima is performed on the
image to estimate the experimental grid�

� Segmentation� The irregular shapes of the ROI�s ne�
cessitates segmentation of the data near a located grid
point� The shape of the determined ROI is encoded
using chain coding�

� Background Estimation� The distribution of the lo�
cal background needs to be estimated for proper back�
ground correction� The local background� with ROI�s
removed� is encoded with a lossy or lossless procedure�

� Denoising� The local background distribution pro�
vides information about the additive noise 
scanning��
We apply soft thresholding within the ROI in order to
reduce noise while also saving on encoding cost�

� Predictive Coding� There is strong spatial correla�
tion within the ROI�s� such that predictive coding pro�
vides substantial savings for encoding purposes� For
ROI�s with sharp transition from the background a
boundary predictive coder is used�

� Quantization� For ROI�s with substantial signal�to�
noise ratio 
SNR�� and with large estimated di
erential
expression levels� a lossy scheme is employed to further
reduce the coding cost�

Methods used for registration and segmentation will not be
discussed in detail here� The registration is done automati�
cally on the whole microarray using input parameters from
the array design� such as spot distance and spot width 
������

For segmentation� two methods are used in conjunction�
A seeded region growing algorithm provide a coarse initial
segmentation� Seeds for background and ROI are available
from the estimation of the experimental grid� For a fully au�
tomatic procedure to work unsupervised� the segmentation
needs be overly generous initially� This leads to some inclu�
sion of pure noise� i�e� background intensity pixels� among the
signal� high intensity pixels� within the ROI� Improvement
on the segmentation performance is done locally by �tting a
mixture of Gaussians to the coarsely de�ned ROI� If the sep�
aration between the mixtures is signi�cant� we classify the
dominant mixture as signal� and the lower mixture as noise�
We remove pixel points on the boundary of the ROI if they
are classi�ed as noise� and update our de�nition of the ROI
accordingly� Noise pixels may also be located within the ROI

due to improper mixing of the mRNA fragments� and other
experimental factors� The occurrence of noise pixels within
the ROI varies from data set to data set� The Gaussian mix�
ture model seemed very accurate at identifying these pixels�
while also providing a natural signal�noise threshold� When
intensity ratios are calculated these internal noise pixels are
not included� For encoding purposes� the ROI is encoded in
full� including internal noise pixels�

The local background distributions are estimated from the
regions the furthest removed from any ROI 
�valleys between
peaks	� 
������ The median of the identi�ed local background
is used as an estimate of the local noise level� This correction
factor is removed from the corresponding ROI in order to put
signal measurements of both images on the same scale�

The background with ROI�s removed is encoded with a
lossy or lossless scheme� A ��level S�P transform 
���� is used�
keeping only the two lowest levels of the transform for recon�
struction in the lossy case� This approach could obviously be
modi�ed using quantization of higher subbands� or zerotree
encoding� The simplistic approach preserves the large scale
features of the background that experimentalists use for qual�
ity assessment� while removing speckle dust and other noisy
features� We describe the transform in the one dimensional
case� extensions to two dimensions is equivalent to perform�
ing the transform sequentially on rows and columns� The S
transform of data string c�n�� n � �� � � � � N � � is�

l�n� � b
c��n� � c��n� �����c

h�n� � c��n� � c��n� ���

To further reduce �rst order entropy� a prediction of the high�
pass h is obtained 
P transform�� Referring to the predictor
of h as �h we can replace h in the transform by the di
erence

hd�n� � h�n� � b�h�n� � ���c�

The estimate �h�n� is given by

�h�n� � ����l�n� � ����l�n � ���

where �l�n� � l�n���� l�n�� Other prediction �lters may also
be applied 
����� The inverse transform is designed for perfect
reconstruction�

The noise and signal data are well approximated by dis�
cretized and truncated Gaussians� We use this approximation
of the data distribution to design a denoising procedure� We
assume that the observed signal pixels Yi are a noisy version of
the true signal Ti� i � �� �� N�� with mean � and variance ��T �
The additive noise �i� i � �� �� N� has mean � and variance ���
We want to compute the optimal soft threshold � such that
the thresholded estimate �Ti has minimum Bayes risk� i�e� we
want to �nd � such that

ETEY jT 
 �T � T ��

is minimized� where

�Ti � sign
Yi � �Y �max
�� jYi � �Y j � ���

An approximation of the optimal threshold is given by 
����

�� � ����T �



The noise variance� ��� is estimated from the local background
distribution� The discretization of the data is taken into ac�
count by parametrizing bin probabilities to avoid serious bias
of the estimator� The signal variance� ��T � is estimated by
the di
erence between the variance of the signal component
of the �tted Gaussian mixture component in the ROI� minus
the estimated noise variance� Denoising compresses the scale
of the data within the ROI� as well as creating values in a
�zero�zone	� This reduces the entropy of the ROI and enables
more e�cient coding� while also having an intuitive appeal for
removing excess variation in the ROI�

To encode the ROI losslessly we employ a predictive cod�
ing scheme in the signal domain� The causal neighborhood of
each ROI pixel provides us with numerous possible predictors�
A median of predictor values based on context pixels seems
to provide su�cient predictive power for the lossless encoder�
i�e�

�yi � median bpi�jc j � �� � � � � J�

where pi�j refers to the prediction of pixel i using predictor
model j� The models we use are of the type

pi�j �
X

k�Ni

�k�jyk�

where Ni refers to a context neighborhood of pixel i� and ���j
refers to weights allotted to context pixels in predictor model
j� E�g� the mean predictor model would have equal weights
such that �k�j � �k��j � �k� k

� � Ni�
P

�k�j � ��
We also try more re�ned schemes with learning� where the
accuracy of a predictor is traced throughout the ROI� fol�
lowed by re�weighting of the predictors accordingly� However�
though o
ering slight improvements in bit�rate� no one pre�
diction scheme was found to be overall best for compression
performance� Success of a model varies between ROI�s and we
are so far unable to de�ne speci�c markers� or selectors� other
than testing each ROI individually� For pixels on or near the
boundary a weight of the overall ROI mean and background
median is used� greatly reducing encoding cost�
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Figure �� Pro�le of ROI

For ROIs with sharp transitions from the background level
standard context based prediction coding schemes fail� result�
ing in the overall coding cost of the ROI being completely
dominated by its boundary� In order to remedy this behaviour
we design a boundary predictive coder� The predictive
coder traces out the boundary� predicting along the trace�
working in a spiral towards the center of the ROI� When the
inner smooth region of the ROI is reached� as determined by
estimates of the local gradient� the boundary predictive coder

is replaced by a context based scheme 
above� until the en�
tire ROI is encoded� Considerable saving is achieved with this
method� By training on the data we are able to determine a
simple threshold value of the signal�to�noise ratio of the ROI�s�
above which gain is made using a boundary prediction scheme�

For ROI�s with high signal�to�noise ratio and estimates of
the di
erential expression level far from �� further savings can
be achieved if we allow a lossy compression of the ROI�s�
The high signal to noise ratio ROI�s are inherently grainy
and noisy� which makes these costly to encode with a loss�
less scheme� However� a lossy scheme can be designed such
that the overall features of the ROI�s are preserved�

Two approaches are investigated here� The saving in bit�
rate is achieved through quantization� We quantize each im�
age separately� The level of quantization is selected based on
methods as presented in ���� Firstly� we design a quantizer
based on the assumed approximate Gaussian distribution of
the data� The optimal quantizer 
Lloyd�Max� for Gaussian
data with variance �� is known to be a scaled version of
the quantizer for variance equal to �� We compute a rate�
distortion curve for quantization of Gaussian data with vari�
ance � and pick a chosen acceptable distortion level on the
curve� at which the slope is denoted by � and the quantizer
byQ
�� � �B
��� C
���� B denotes the quantizer partition and
C the corresponding centroids� or reconstruction levels� For
each ROI we quantize� we match a point with slope ���� on
the curve to a scaled quantizer Q
�� � ��B� �C�� thus provid�
ing overall the same distortion level for each quantized ROI

��� and references therein�� We refer to this lossy scheme as
quantization in the signal domain� and set the level of dis�
tortion such that the data within the ROI is near faithfully
represented�

A second approach consists of using an S�P transform� as
described above� within the ROI� The transform was actually
performed on the minimum square containing the ROI fully�
Since the shape of the ROI is encoded separately we only need
to encode the transform coe�cients that have an in�uence on
the reconstruction of the pixels within the ROI� The non�LL
subbands were quantized using a similar rate�distortion op�
timal scheme as described above� but now using a Laplacian
distribution for the quantizer design� The Laplacian distribu�
tion more accurately describes the distribution of the non�LL
subbands of the S�P transformed images� The lowest level
was not quantized� We refer to this approach as quantization
in the transform domain� The two methods are compared for
the same bit�rate� which also gives near equal distortion� as
calculated for each image�

III� Results

We here give some compression results for the microar�
ray image shown in Figure �� The test data consisted of
�� � �� spots� A complete microarray can be viewed on
http���www�stat�berkeley�edu��rebecka� The full image
�le usually contains a larger margin of background such that
a smaller proportion of a full array is taken up by ROI�s than
in our test image� One can therefore assume that the re�
sults provided here are fairly conservative estimates of the
�nal compression ratio� The lossless compression ratio we at�
tain is ���� such that a �� Mb �le can be reduced to ���Mb�



Table � shows the compression ratios using predictive cod�
ing� boundary prediction� denoising� and the two methods of
quantization 
SD for quantization in the signal domain� and
TD for quantization in the transform domain�� We provide
a total bit�rate for both images 
�� bpp in original�� and the
two images separately 
�� bpp original�� The total bit�rate
includes the cost of encoding the ROI�s of each image� the
backgrounds and the shapes of the ROI�s� For the individual
images the cost of the ROI�s and the background is included�
The two lossy schemes described in the previous section were
run in order to produce the same distortion as computed by
mean squared error� such that their output is directly com�
parable� In the remainder of this section we will show some
features of each method in �gures�

Method Total R Scan G scan Compr� Ratio

Lossless ���� ���� ���� ����

Boundary ���� ���� ���� ����

Denoising ���� ���� ���� ����

Lossy SD ���� ���� ���� ����

Lossy TD ���� ���� ���� ����

Table �� Bit�rate for di
erent compression schemes�

Method R Scan G scan

Lossless ���� 
���� ���� 
����

Denoising ���� 
���� ���� 
����

Lossy ���� 
����� ���� 
�����

Table �� Bit�rate 
compr� ratio� within the ROI�s

Within the ROI� the compression ratios are of course much
lower than for the whole image� Considerable part of the sav�
ing achieved results from proper segmentation of background
and ROI�s� Table � gives the compression ratios within ROI�s
for the two images� For a lossless scheme we attain average
compression ratios of ���� while a lossy scheme can further in�
crease this to ����� Lossy schemes thus o
er little additional
bit�rate reduction� though improvement of the lossy design is
expected as our investigation continues� The ROI�s constitute
�� � of the microarray image� but roughly �� � of the total
encoding cost� The background bit�rate for the lossy scheme
is about ��� bpp� and preserves all large scale features�
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Figure �� a	 Raw� b	 Denoised�

Denoising has a marked e
ect on lower signal�to�noise ra�
tio ROI�s� In Figure � we see an example of this� Denoising
lifts out the ROI� and the grainy structure is reduced� As can
be seen from table �� denoising also increases the compression
ratio from ���� to ����� This seemingly marginal reduction
corresponds to a saving of �� Mb for these very large images�
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Figure 
� a	 Errors with Predictive coding� b	 Errors
with Boundary prediction�

The boundary predictor also provides a reduction of encod�
ing cost� The sharper the boundary� the more gain a bound�
ary predictor achieves over a context based predictive coder�
as �gure � clearly indicates� For other microarray images 
see
URL�� with higher overall signal intensities� the boundary pre�
dictor becomes an even more important tool� providing sub�
stantial saving in encoding cost�

For lossy compression it was found that the �rst quantiza�
tion method 
SD� works better for lower signal�to�noise ratio
and complex shaped� or small ROI�s� For high signal�to�noise
ratio ROI�s working in the transform domain 
TD� was prefer�
able� but only when the ROI was of considerable size� and
reasonably smooth� For lower bit�rates� downsampling and
quantizing created a blocky e
ect in the ROI�s quantized in
the transform domain� whereas working in the signal domain
emphasized the spread of the signal measurements in the ROI
on a pixel level but created large patches of over smoothed
regions 
see Figure ���
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Figure �� a	 Quantizing� SD� b	 Quantizing� TD� c	 No
quantization�

However� although both methods provide near identical re�
sults in terms of MSE 
mean squared error� and bit�rate� we
are forgetting that the goal of compression here is to preserve
all important features of the data set� When the two quan�
tized images are compared we �nd that separate quantization
leads to a distortion between the images� in the sense that
pixel cross�correlation estimates based on quantized data are
not similar to those based on the full data� It was found that
quantizing in the signal domain preserves the cross�correlation
structure very poorly� Quantizing in the transform domain
performs better� but still tends to seriously over� or under�
estimate this parameter� How we should design an optimal
lossy compression scheme that preserves these cross�image fea�
tures is a question for future work� The goal is to compress the
data such that we are enabling not only data quality assess�
ment on compressed data� but also ensuring that inferences�
statistical modeling and estimation based on compressed data



will not di
er much� or at all� from inferences based on the
full data� This should also uphold for a wide range of possible
analyses�

The lossless and lossy compression routines for microarray
data o
er a form of multiscale description of the data� On the
coarsest scale� we reduce the microarrays to equi�sized ROI�s
with a constant intensity level� This corresponds to the table
output of some software used in the �eld� here displayed as an
image� For data quality assessment the shapes of the ROI�s
can be added� Complex shapes indicate poor quality of data�
Information such as signal�to�noise ratios� local background
levels and variances are also diagnostics that can be provided�
The within ROI variability can be illustrated by adding the
lossy� or losslessly encoded information to the display�

IV� Future Work

This work is only in its preliminary stages and a lot of
highly interesting questions have revealed themselves during
the investigation of microarray images� Lossy quantization of
the data should be developed further� considering both pro�
gressive schemes and �xed bit�rate schemes� The question of
major interest that is facing us is whether compressed data can
still provide us with su�cient information to perform statis�
tical modeling and testing on the data� Quantization is done
separately on the two images in this initial work� yet the �nal
analysis is concerned with combining information from both
images� It is not necessary that a separate scheme� optimal for
compression of each image� is optimal for the purpose of infer�
ence based on the output of the two quantizers together� as we
found concerning estimates of the cross correlation in the pre�
vious section� The cross�correlation between the pixels in the
individual images is of interest to some researchers for data
quality assessment� Alternative estimators of the di
erential
expression levels� such as regression models� mean of ratio in�
tensities 
as opposed to ratio of the mean intensities�� involve
evaluation of this parameter� A �rst order approximation of
V ar
R�G� is given by

V ar
R�G� � 
 V ar
R� � 
�R��G�
�V ar
G�

��
�R��G�	
p
V ar
R�V ar
G� ��
n��G��

where 	 denotes the cross�correlation between the two images�
and n the number of pixels within the ROI� Simulations with
Gaussian distributions show that this estimate of the variance
of the di
erential expression level holds for a wide range of
signal�to�noise ratios and values of expression levels� Con�
struction of con�dence levels for di
erential expression lev�
els� and testing� should ideally provide the same results for
compressed data and the full data� Quantizing the two im�
ages separately� however� may a
ect the estimate of the cross�
correlation and thereby construction of con�dence levels and
testing� thus not preserving one very important data feature�
We need to investigate a range of testing situations� and quan�
tizer designs in order to make an informed judgement on how
inference is a
ected by compression�

We can also perceive wanting to preserve the features of
an image of ratio intensities� The distortion of such an image
under quantization can be approximated as follows�

E

�R
�G
�

R

G
�� �


E
 �R�R�� � 
�R��G�
�E
 �G�G����
V ar
G� � ��G��

This expression has an intuitive appeal� When the mean ratio
�R
�G

is near � the distortion of each image has near equal in�
�uence on the distortion of the ratio image� When the mean
ratio is large� the distortion of the denominator dominates the
distortion of the ratio image� When the mean ratio is small�
the numerator distortion dominates� In order to minimize
overall distortion of the ratio image we should therefore allow
di
erent distortion of the individual images�

Since separate quantization of the images may lead to dis�
tortion of important data features such as cross�correlation�
joint quantization schemes should be de�ned� However�
should separate quantization be performed on the images we
may still investigate how this a
ects the estimates of param�
eters of interest� or inference such as testing of signi�cance
of di
erential expression levels� The Multiterminal data com�

pression framework applies in this setting� Multiterminal data
compression is a new and exciting �eld� in which very few
papers have been published up to date 
��� and references
therein�� Some results exist for testing and estimation in the
case of discrete data distributions� and separate quantization�
although many important questions are still unanswered� We
aim to develop results that reveal loss of estimation e�ciency
of a parameter due to separate quantization� and investigate
optimal design of quantizers in this setting� For the appli�
cation to microarray data� assuming the data is well approx�
imated by discretized Gaussians� we may use parametrized
probabilities to form a discrete distribution� We hope to be
able to extend previous results for discrete distributions to
our current application� The question of continuous data is
still an open problem that we hope to address at a later date�
With results such as these� a simple and separate quantiza�
tion scheme might be adopted� while we could also provide
bounds on loss of estimation e�ciency� and decrease of power
of testing� These bounds can be considered as giving an as�
sessment of how faithfully the compressed data preserves im�
portant data features� Future work will go into investigation
of such e�ciency bounds�

On the practical coding side of the matter� we have seen
that considerable compression is possible while preserving
most� or all data features� If the compressed data had to
be fully reconstructed before researchers could study the na�
ture of a data subset of interest� such as all ROIs with barely
signi�cant di
erential expression levels� this would be unfor�
tunate� We therefore propose to construct a tool that enables
direct access to subsets of data� with reconstruction only on
that subset� This seems a most appealing approach to han�
dling particularly large data sets� such as arrays with thou�
sands of genes� The compression scheme we have designed
separates features of the data such as shape� signal�to�noise
ratio� mean intensity level� and background� A header of the
compressed �le can thus allow us to store features for each
ROI and indicate locations in the bit�stream where they are
located� Compared to the whole compressed �le size such a
header is negligible� Storing the data in this format enables
us to access particular ROI�s on a request basis� We can fetch
ROI�s with complex shapes� with low SNRs� at a speci�c grid
point� with sharp transitions� just to mention a few features
of interest�



To fully take advantage of a signi�cant data reduction� such
as the lossless scheme we have described here� one should
avoid reconstruction whenever possible� We therefore pro�
pose to investigate to what extent features of the data can be
extracted from the compressed data format itself� As work�
ing with orthogonal transforms o
ers alternate descriptions of
data where computations may be performed more e�ciently�
there may be estimation questions that can be answered while
working on compressed data� When we can design compres�
sion routines that are e�cient� preserve features within and

between data sets� and allows computations and estimation
to be performed on compressed data� then we may truly coin
the concept �Comprestimation��

V� Conclusion

We have constructed a highly successful lossless and lossy com�
pression scheme for microarray images� Lossless compression
ratios of ���� were observed� The compression routine also
provides a convenient multiscale description of the data� We
think researchers in the �eld will �nd this very useful and in�
formative�

We hope that further investigation into compression and
estimation of microarray images will prove fruitful on many
levels� Obviously there is a great need for e�cient compression
when data of this quantity is collected daily� and in separate
locations� However� an interesting question on a more the�
oretical level has also been revealed� In many compression
situations� compression is done separately for components of
data� But how can we assure ourselves that separate treat�
ment of components does not seriously a
ect the inferences we
make It is of great interest to be able to quantify the loss of
estimation e�ciency due to compression� and ultimately with
con�dence be able to state that we have an understanding of
the nature of distortion that compression induces�
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