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Different Sensitivities *

Jorge Garcia de la Nava, Sacha van Hijum, and Oswaldo Trelles

Abstract

We present a mathematical model to extend the dynamic range of gene expression data
measured by laser scanners. The strategy is based on the rather simple but novel idea of
producing two images with different scanner sensitivities, obtaining two different sets of
expression values: the first is a low-sensitivity measure to obtain high expression values
which would be saturated in a high-sensitivity measure; the second, by the converse strat-
egy, obtains additional information about the low-expression levels. Two mathematical
models based on linear and gamma curves are presented for relating the two measurements
to each other and producing a coherent and extended range of values. The procedure min-
imizes the quantization relative error and avoids the collateral effects of saturation. Since
most of the current scanner devices are able to adjust the saturation level, the strategy
can be considered as a universal solution, and not dependent on the image processing
software used for reading the DNA chip. Various tests have been performed, on both
proprietary and public domain data sets, showing a reduction of the saturation and quan-
tization effects, not achievable by other methods, with a more complete description of
gene-expression data and with a reasonable computational complexity.
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1.- Introduction

Geneexpression levels are used to determine the response of an orgamsm t
particular environmental condition. The DNA microarray technology (seerta
et al, 1995) has enabled the simultaneous analysis of thousands of genéptranscr
tions in different developmental stages, tissue types, clicmadlitions, organ-
isms, etc. The availability of such expression data affords insightthe func-
tions of genes as well as their interactions.

However, measuring these expression levels, like any other anlalggtaod-
ology, has its propensity to error. Much effort has gone into datprpoessing
research for countering the many sources of systematic and randotiongfa
instance, see Dudaodt al, 2001, Finkelsteiret al, 2002, Yanget al, 2002, and
Idekeret al, 2000). In this work we have centred our attention on two sources of
systematic errors that perturb measurements: saturation and gtiantizvhich
mostly arise from limitations of the data acquisiti@vide.

The saturation and quantization problems observed in the microaaanisg
devices context have been partially addressed by several authors. Budley
(2002) deal with increasing the dynamic range of measures through a tlew me
odology for experiments: “Firstnstead of cohybridizing labeled experimental
and control samples, we hybridize each sample against labeled otiggde-
mentary to every microarray feature”. This means that axgeaits that follow the
standard methodology of Schena et al. (1995) cannot take direct advantage of
their work.

Romualdiet al. (2003)propose multscanning at image level seeking a higher
contrast but not oriented to error reduction. A drawback of this methbd reeed
of aligned images which actually are not easy to produce. &yaig(2004) focus
in the nonlinear aspects of saturation in PMTs and corrections for themrmdbut
on quantization.

Our proposed procedure covers both aspects through a general and robust model
suitable for a broad collection of scanning devices presenting diffea¢uration
behavior. It is suitable to the standard methodology and it is appliediiere
processing, avoiding the disadtages of previous works.

1.1.- Saturation and quantization

Saturation is a consequence of the finite range of the acquisitiace deiich
renders the relation between measured intensity and real ipteosilinear. Sig-
nals whose values lie outside the dynamic range are forced msidievice lim-
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its. Since the dynamic range of the gene expressions is langetism in signals
of greater intensity (bright spots) is a recurringr@menon.

Quantization occurs when dealing with finite precision (i.e. wheitizing).
All the possible and unlimited physicalluas have to be encoded by a reduced
set of discrete values. These discrete values are called syarubthe process of
mapping each interval of continuous values into its corresponding symbol is
called quantization (see Gray and Neuhoff, 1998). For instance, wheteassli
scanned at low sensitivity, the signals of lower intensity (daoks$ may occur in
the interval of the first symbol. Usually, this symbol is zetdach means utterly
black. The information that these dark spots could provide woulecgudastly be
lost when reading them as black.

1.2.- Proposal

We propose a novel idea of producing two different observations (i.e., two im
ages) from a DNA chip using different scanning sensitivities, dfizining two
different sets of readhtiensity values. A scheme of this technique is depicted in
Figurel. The first observation is a low sensitivity measlré ¢seful for obtain-
ing a nonsaturated measure of bright spots. The second one, a high sensitivity
measureHl’) , yields a better definition of the dark spots avoiding quantization to
zero.

An important question arises now regarding the method for producing a single
result from bothmages I’ andH’). To solve this and attain a result val&@ 4s
proportional as possible to the actual light fli)x & robust mathematical model is
presented for relating the two scans to each other and producisg satarated,
less affected by quantization, coherent and extended range of values.

A user friendly implementation of this proposal have been included iRreBr
application (Garcia de la Nawt al, 2003). The 2Scan algorithms here described
were used for processing data from several sources, and résmtedsan in-
crease of quality in these data by a reduction of the saturatmuanization
effects.

http://www.bepress.com/sagmb/vol3/iss1/art11
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2.- System and M ethods

2.1.- Gene-expression basis

DNA microarray slides or chips typically consist of thousands ofsspartain-
ing immoblized DNA molecules. Each spot is placed at a defined location on the
slide or chip surface and has the (or a part of the) DNA seqeenasponding to
a specific gene. The mRNA molecules of a certain experimentalition are
reverse transcribed into cDNA and labeled either directly or indirecttyanituo-
rescent dye (red and green fluorophores). The labeled cDNA is subsgduyentl
bridized to the DNA microarray. The signals of the red and greenoffbore
intensities are scanned by a chip scanner, producing a two changel ixiter
image analysis the measures of the red and green intensitescfoispot in the
array serves as tabulated input for the data processidinpifsee Duggaet al,
1999).
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Figure 1.-The proposed procedure is represented in thghdape diagram. Rounded boxes are processes
squared ones are measures. The downward part ¢othon microarray procedure leading to a lightsat shai
emits plotons in a light flux which is somehow related te tbriginal mMRNA concentrations. The upwanalrt is
the variation proposed. Two images are scannedj udififerent sensitivities in the photodetector deviAfter
digitization and image processing a gieg procedure is applied which gives as result stimated proportion:
value to the input light flux, avoiding saturatiand quantization effects of photodetector and aligétion.
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2.2.- Saturation model

When a device is measuring a signal that is too intense, it becatoestiad and
reports the mamum value it is able, even though the actual signal is higher. This
is the ideal behaviour of saturation which is called ‘clipping’pgilig appears in
some devices such as anatogligital converters (digitizers). Commonly the
transition to saturation is more gradual amgehding on its characteristics and
the mathematical curve it follows, the saturation is said teidpoid, logarith-
mic, gamma, etc.

This proposal focuses on clipping and gamma saturation, thelaitey a good
approxination for the more complex saturation of Photodetector devices (see
Lyng et al., 2004, for a deeper study) and other optoelectrical devices (see Poyn-
ton, 1993). For all the scanner devices we analysed, either clippingnonaga
saturation was found.

The saturation model we propose for developing the merging algorithies is
scribed in the following equations. In themis the light flux intensity of spat
L; stands for the low seittiwity electrical current at photodetector aHdfor the
high sensitivity one. Thesubscript refers to theth spot. No channel distinction
is done since both are to be treated independently.

Saturation is assumed to be negligible in the low sensitivity soahe value of
L; is given in linear terms:
L, =KI, (1)

On the other handy; is described by either a clipped linear curve or a gamma
curve egation.

2.2.1.- Clipping saturation
In the first case, the clipped linear curve is described by:

gel; if I, <H,/p
H; =0 (2
H. otherwise

p being the proportionality constant between read value (high sensitivily) an
spot intensity. The previous equation candukiced to:

_mmL if L <H, /m

H, :
M otherwise

3
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WhereHy, is the saturation level (clipping level) and:
m=p/k (4)

the proportionality constant between the low sensitivity and high setysitivi
scans.

2.2.2.- Gamma saturation
In this second case, the gamma curve is defined by:

H, =cl/ (5)

The relation between bott andL; can be specified by the folldng equation:

Hi = bl_\y (6)
Where:
b=c/k" (7)

2.3.- Quantization model

Classically, quantization introduces an error —termed guantizatiise- to the
original sgnal, as Widrowet al. (1996) and Gray and Neuhoff (1998) explain.
Quantization noise is centred, uniform and highly dependant on the signalto digi
tize but, if that signal has an undanig noise large enough, the quantization noise
for each pixel becomes almost independent of it. This approximati@véoped
by Widrow (1961) and applied by Vanderkooy and Lipshitz (1987) on dithering.
Also, since a high number of pixels per spot is present, it can then be assumed that
the central limit theorem holds (see Walpeteal. 2002 or any other introductory
text in statistics) and that their average intensity followsoamal distribution.
Since the digitizer (i.e. the scanner) is the same in both meagucan be sup-
posed that the quantization noise is identically characterizeidhnaind low sen-
sitivity images too.

Then, if averaging is used in the image processing software, the gtiantiza
noise can be expressed by the followingatiqus:

L'=L +EL (8)

Produced by The Berkeley Electronic Press, 2004
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Hi’:Hi+£Hi 9)
0, =0, =0 (10
'u“:LzugH =0 (11)

Wherece is the quantization noise for each measprés mean andr its stan-
dard deviation. The variables with prime are the digitally read otés values
without prime are takendore quantization. A single scan contains thousands of
spots and the above equations are applied to every spot in both thedidigh
sengtivity scans.

2.4.- Parameter Estimation Method

The model described above is only useful in practical terms ipdn@meters
can be determined or, at least, estimated. This can be achievexidtigtical re-
gression but, in view of the fact that outliers should be discardethuatrregres-
sion is recommended (see Rousseeuw. and Leroy ,1987). For clippingiGaturat
the regression should fit the curve of equa(@nwith m being the parameter to
estimate. In the case of gamma saturation, égeession should fit the curve of
equation(6) with yandb the parameters to be estimated. See Figuoe regres-
sion examples on test data sets. Furthermore, the caienminoise deviation
could also be estimated, but it is not necessary for the desigoeithahs, as will
be shown later.

2.5.- Practical considerations

Commercially available devices are able to provide the uskrawtide range
of configuration ptions e.g. laser power and PMT voltage are easily found. It has
been described that powerful laser light (from some scanner desliesisoys the
fluorescent molecules. This effect is named photabieg (see Songet al,
1995) and it is commonly stronger for the red dye than for the green dge. T
models presented here do not take into account the effects of @actubp.
However, these photobleaching effects can be reduced by first scanniregl the
and then the green channel. Furthermore, the high sensitivity scan shoutd be pe
formed before the low sensitivity scan.

http://www.bepress.com/sagmb/vol3/iss1/art11
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Figure 2.- Regression plots from data of six DNA microarrégtes, measured at two different sensites.
The vertical axis being the legensitivity measure and the horizontal axis thé-signsitivity meaure. The
dependency between both s follows closely a gamma curve in the RL and dEa sets, and a
clipped linear curve in the other data sets. Thegmphs are from the RL data set, green charimele t
different subsets. The bottom graphs are from @ dat (low versus high sensitivities) red and gieean-
nels, the last graph being from the IR data set {lersus high seitsvities).

On the other hand, although the image acquisition time (i.e. scanningargan
depending on the scanner device, the image resolution and the Di¥damay
size, all our experimental partners (Dandfipole; INRAFrance; Molecular
Genetics of the Uwersity of Groningen, the Netherlands; CN8pain; CNB
Spain) have aported us that the acquisition time is not longer than two to five
minutes per channel. This period is short enough for discarding stidedaéon
during it.

2.6.- Estimation

Sincel,; is thought to be proportional tpand it lacks of saturation, it will be the
value to estimate. In this estimation quantization must also bdealorhis way
both saturation and quantization are removed or, at least, minimizeasiima-
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tion of L; will be written asS and it is calculated depending on the saturation type
and the minimization approach.

2.6.1.- Gamma satur ation, threshold approach

Once the model parameters are found, it is possible to estimealt®nt sensitiv-
ity value, represented &, applying equatioii6) on the measured and quantized
high sensitivity signal, symibiaed byn':

H, +¢
S =(H, /b)Y =('T’*‘)“V (12

Which can be developed, assuming that the quantization noise amplitude is
small, in Taylor series up to the first powertgf as shown in the following equa-
tion:

S (H /b)l/y +& ?(H /b)i_lD (13)
(R i H; i
y Q

Which can be rewritten as:
S =L tey F(H)) (14)

The multiplicative factoF(H;) is due to the quantization noise and is dependent
on H;. When this factor is less than one, the effect of the quantizavise inL; is
less than irlj . The method chooses the value with least noise for each spot, us-
ing H; for deciding this.

To find the threshold dff; that will lowerF(H;) under one, the following calcu-
lations are made:

F(H)<1 (19

1

L]
b—ly(Hi by <1 (16)

Becausey lies between 0 and 1 in the saturation zone é‘ﬂdl is a positive

value,H; can be found:

http://www.bepress.com/sagmb/vol3/iss1/art11
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y

H, <b(by)** =T (17)

The thresholdr is obtained as follows. Since the ré&lvalue cannot be used,
we can only compare the threshold agakfist One should consider that this ex-
pression is independent of the noise digom.

The algorithm that this approach suggests consists of theviiofjsteps:

(i) Determine the parameters of equatibh =bL” by robust regression. For

large data ddéections (the normal case) this will result in an accurstienation of
parameters.

Y

(i) Compute the Thréwld valueT = b(by)ﬁ.
(iif) For each measure paid{, L; ), take the value given by

S =(H//b)"" if H/<T
|
B =L otherwise

This value will minimize the quantization noise in the way shown alidger-
ever, choaing between estimates, depending on a threshold, is likely to give a
higher variance which, in turn, leads to a poorer performance, as dernezhsira
section 4.

2.6.2.- Gamma satur ation, maximum likelihood approach

In the previous described model other information that can be usedh tred
algorithm has not been used. Under the assumption that the quantizas@rnsnoi
characterized by a normal distribution, it is possible to find thgimum likeli-
hood estirator.

In order to determine this, the same regression procedure igausaataining
the parametersy andb. However, the expression of the noise will now be de-
scribed by a probability density function. If the noise is seen as aripation of
the real signal, and normal distributions asseuaed, the equation to describe the
probability of the values of both measures given the real values canttes \as:

1 : exp(—d(H"’Li"zH"Li)) 19)
20

p(H{,L'|H,,L)=
210

Whered is the squared distance defined as:

Produced by The Berkeley Electronic Press, 2004
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d(H/,L,H, L<):(Hi'_Hi)2+(|—i'_Li)2 (19)

In seeking the maximum likelihood estimation, the equafi) has to be
maximized. This is equivalent to minimizing equatid®9). If the constraints of
the saturation model of equati¢d) are forced, it reduces to the following equa-
tion:

(H/=bL")*+(L/ -L)° (20

wherel; is the only variable for solving, its solutio)(being the maximum like-
lihood estmation of the real signal. This procedure is also independent of noise
deviation. Equatiorf20) should be minimized by an optimization method. There
are plenty of methods for this at Singiresu (2002).

The appropriate algorithm in case of gamma saturation is composied fufl-
lowing steps:

(1) Determine the parameters of equatibh =bL” by robust regression.

For large data collections (which is the normal case) thigegult in an
accurate estimation obpameters.

(i) For each pair of measuresi{ , L; ) calculate the value &f that mini-
mizes exprssion (H' -bL")? + (L' -L,)*. That value is the solutid.

(i) This algorithm should iterate along the spots of the slide.

If nis the number of spots, the total complexit)(s).

2.6.3.- Clipping saturation, maximum likelihood approach

We follow the steps and arguments in the previous section up toay(24d).
When using the clipping saturation model, this equation becomes:

%Hi,_ml'i)2+(Li,_Li)2 if H <H, (21)
HH/ -H,)?+(L -L)* otherwise

Although both equations must be minimized at the same time, the zétiom
can be adytically performed.

http://www.bepress.com/sagmb/vol3/iss1/art11
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Dataset | Organism Scanner Software Laser Pwr | PMT Gain | Spots | Saturation
RL L.Lactis GeneTac LS IV | ArrayPro 4.5 4862 5760 | Gamma
RC Lucidea caotrols| GeneTac LS IV | ArrayPro 4.5 48-62 7776 | Gamma
D L.Lactis GenePix 4000B | GenePixPro 4.1100 3101000 |4760 | Clipping
IE B.Subtilis Virtek ChipReader ImaGene 5.1 |5-100 6001000 |4352 |Clipping
IR L.Lactis Virtek ChipReader ImaGene 5.1 | 1590 780-850 5760 | Clipping

11

Table 1.- Description of the data sets used in this studhe d@ataset name, source organism or controls and
technical infornation such as scanner model, image processing seftlaser power, PMT gain and number
of spots are listed. The last column describesite of saturation observed in the respective ddsas

Hm+L . Lm-H,Z
| = i m i |f i m M < H i’
0 m? +1 1-Z (22
B =L otherwise
Where Z is a distance constant:
Z=+m’+1 (23)

The proposed algorithm in case of clipping saturation is formed by tlogvfol
ing steps:

(1) Determine the parameters of equatiblh = mL, by robust regression.

For large data collections (the normal case) this will tesw good es-
timation of pararaters.

(i) For each pair of measuresi{, Li ) estimate the value &f from equa-
tion (22).

(i) This algorithm should also iterate along the spots of the slide.

In this case, the complexity is&ar, i.e O(n).
3.- Results

3.1.- Data description

Data sets and variab&ensitivity images are available as supplementary mate-
rial for validation purposes as well as the used data acquaigitaiocol. The pro-
posed algorithms have been applied on several data sets.1Tsalolemarizes the
relevant paraeters of each one of the data sets.

Produced by The Berkeley Electronic Press, 2004
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Since we are applying &geated scanning, two data files will be written by the
image processing dwfare. Plotting this files leads us to MA graphs (see Dudoit
et al, 2001, for a definitionkimilar to those that appear in Figudga) and (b).
Saturation is identified by the wedgbaped at the right which is due to the
maximum values for both channels. Quantization is recognized byethgar
organization of low intensity data and its greater ratio soadtelt is easily seen
that lowsensitivity data suffer from quanéizon and highsensitivity data from
saturation.

3.2.- Analysis

Once the saturation parameters are known by regression techniques 2IFig
algorithms return the results depicted in Fig8réc). In this case, the clipping
saturation algorithm (2.6-3.was used. Comparing these results with the original
data (Figure3 (a) and (b) )aveals that the effects of quantization and saturation
were educed.

The assumptions of gamma and clipping saturation are verifiedalnegres-
sions fit data reasably well and this is also confirmed in other data sets.

Further proofs for quantization reduction are shown by the number oiténfi
valued spots in above MA graphs. These infinites appear due to a zegatvene
(once the background is subtracted) intensity values. Usually tlnisszarconse-
guence of quantization and the lack of precision in the digitieeice not an ac-
tual black spot. In the graphs of Figudethe number infiniteralued spots are
displayed by “Outside”. Comparing again, many spots that wetsdeuin the
low-sensitivity graph (a) areecovered in results (c).

Saturation
Wedge

10.38
11.04

0.00
0.00
0.00

M (Spot ratio)
M (Spot ratio)
M (Spot ratio)

-11.04

Inside:3025 Outside:2735 Inside:3026 Outside:2734

Inside:2921 Outside:2839
0.00 15.03 3.66 15.76 -4.12 15.03
A (Spot intensity) A (Spot intensity) A (Spot intensity)

(@) (b) ()

Figure 3.- MA graphs from D data set. (a) File “d_m” (medisensitivity), (b) File “d_vh” (very high
sensitivity) and (c) Result from clipping saturationaximum likelihood algorithm. The readings “In-
side” and “Ouside” count the number of spots in the graph osidetit due to infinites in ratio (zero or
negative signal values). All axis scales are ldagariof base 2.

http://www.bepress.com/sagmb/vol3/iss1/art11
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3.3.- Differential expression

The aim of DNAchip experiments is identifying genes that behaves differently
between two conditions. Due to the noisy nature of this kind of meastatsti-
cal methods are applied and experimenters have to check the rdsulifly, a
statistical test leads to the probability of the measure beanged by chance,
which is called pvalue. If this pvalue is low enough, it can be said that the meas-
ure is not produced by noise and the gene is differentially expressewire:
value, the higher significance the test has.

What is expected from the 2Seamnproved data is a better detection of differen-
tial expressed genes due to the reduction of quantization noise arddicataf-
fects. Both quantization and saturation tends to blur mentioned genemisto
The former via increasing global noise variance and the layteeducing dy-
namic range.

The RC data set is composed of control spots whose expressiors fatmain.
This allows the construction of ROC curves for comparing the qudilityeodif-
ferential expression test before and after applying the algoritRigsre4 shows
these curves for the RC data set in both a very low quality ifeagthe left) and
a medium quality image (on the right). The area below the RO cueasures
the performance of the test. When the results of the algoritarasad in the dif-

1 e 1
M_,—O“k
Va . " " -
4 . ."‘

[ ¥ = r —=—ow I — = Low
/ < e PR HIGH I I D R e PICCe HIGH
m—— RESULT m—— RESULT
v - - - - :COMMON - - «- - :COMMON H
o T [ ] 0 [ [ [ ]
0 1 0 1

Figure 4.- Two groups of ROC curves from RC data set oncprpoessed. Thin lines with squares are the
low sensitivity scan ROC curves, dotted lines witangles the high sensitivity ones, thick lines vuititles

the results from the gamma maximum likelihood athar and dashed lines with diamonds are the com-
monly used selitdvity.
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ferential expression test, the corresponding curve improves.

Additional information about improvement on data quality for the diffedetda
sets is pesented in supplementary material, including descriptive information on
the effect of adjusting the PMT gain, histogram distribution ongitees values,
before and after algorithm appditon, etc.

4.- Conclusions

Several algorithms were introduced for improving the quality of the DINA
croarray data depending on the saturation produced by the scanning device. These
algorithms are based on obtaining a double scan (with low and high\sg)ifi
a DNA microarray slide. A model for saturation and noise is presented from
which the proposed procedure arises.

The proposed algorithms use a translation curve that relatesathentengies
of the two scans to each other for every spot. A gamma curvdéowas to be
suited for PMT dvices and other similar devices. A clipped linear curve was
found to be suitable for analdg-digital-conversion saturation.

For gamma saturation two adequate solutions were implemented au thst
first algorithm is based on minimizing the error factor oftfimder when expand-
ing in Taylor series, while the second algorithm is based on a maxiikeli-
hood estimation. The former algorithm, although quicker, introduces discontinuity
due to the threshold that is used. The latter algorithm assumetheéhavise is
Gaussian. This assumption is only valid when there are many pixelscin gt
and averaging is used in the image processingvacd, which is the common
case. For a clipped linear curve, the described maximum likelialgmaithm is
proposed.

As result, data become more proportional compared to the origisalls addi-
tion, the nmber of spots with intensity readings is increased, thus maximizing the
amount and definition of data from a DNA microarray. The proposed methodol-
ogy in replicated slides is expected to lead a reduction of thencarireduction
and possibly an improved confidence. It was also shown that the compléaitie
the algorithms ar®(n). Although the threshold algorithm is theoretically valid, it
introduces artefacts and discontinuity close to the threshold. Tkienoma likeli-

hood algorithm provides a smooth transition between the low sensithdtyhe

high sensitivity scan at the cost of being more computationally exgeiBs-
cause in the clipping saturation case, the maximum likelihood methealdgl
supplies an analyticaksult, the corresponding threshold method was discarded
and it is not explained here.
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Exhaustive tests have been performed on various data sets, indtbatinige
abovementioned procedures are not bound to a specific device and are thus uni-
versally applicable, provided that the models are suitable.

5.- Supplementary material
Available athttp://chirimoyo.ac.uma.es/bitlab/sugtdcan/
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